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Editorial on the Research Topic
Sustainable cultivated land use and management

Introduction

Cultivated land is an important resource for human survival and development, making
its protection one of the highest global priorities. Healthy, ecological, and highly efficient
cultivated lands form the basis of modern agriculture and thus the foundation of food
security. In recent decades, rapid urbanization and industrialization have promoted
economic development and improved livelihoods worldwide, leading to diversified food
and commodity production and consumption. Notwithstanding, land degradation problems
including abandonment, pollution, and erosion have emerged during the land-use transition,
posing challenges to both the ecosystem service supply and Sustainable Development Goals
(SDGs). In particular, intensive cultivated land use and the overwhelming dependence on
fertilizers and pesticides have led to agricultural non-point source pollution and greenhouse
gas emissions, which further challenge the ecological environment and sustainable
development.

Within this Research Topic, we aimed to present a collection of original articles that
address the theories, practices, and models for sustainable cultivated land use and
management. This Research Topic collected a total of 17 papers, which can be largely
divided into the following three areas.

(1) Land use and ecosystem service—a total of six papers, including land-use transitions and
their influence on spatiotemporal patterns of the ecosystem service and their
contribution to the Sustainable Development Goals.

(2) Cultivated land use—a total of five papers, including spatiotemporal changes and driving
forces, vulnerability, and planting pattern change.
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(3) Cultivated land management—a total of six papers, including
fragmentation identification, productivity, optimization, and
fertilization management.

Land use and ecosystem services

Jian et al. identified the dominant morphology of land-use
change and explored the recessive morphology and driving
mechanisms in Baiyun District, Guangzhou city, China. The
results improved the methods for reconstructing the three-
dimensional space of land and provided paths for solving the
problems of limited land resources and mixed land-use space in
China’s urban suburbs. Wei et al. calculated the evolutionary
process of production–living–ecological space and analyzed the
ecoenvironmental effects on typical industrial bases using the
integrated ecoenvironmental quality index with a land-use
transfer matrix and ecological contribution rate. Ma et al.
studied the multidimensional gradient spatial differentiation
characteristics of rural ecological land and clarified the impact
of natural and human factors on ecological land under different
gradients.

Xiang et al. predicted the land-use pattern and evaluated the
ecosystem services in the Western Sichuan Plateau, China. This
study suggested adjustments of the land-use structure and the
management decisions regarding ecological environment
protection. Wen et al. revealed the supply and demand patterns
of ecosystem services, and they found that population attractiveness,
industrial structure, and the NDVI are the main contributors to the
coordination of the supply of and demand for ecosystem services.
Hu et al. assessed the spatial–temporal changes of ecosystem service
values and the SDGs scores in the Beijing–Tianjin–Hebei region
(BTH). This study suggested that SDG6, SDG11, and SDG12 should
be prioritized to advance the synergistic development of the SDGs in
the BTH.

Cultivated land use

Li et al. revealed that significantly increased cultivated land
area was to be found in underdeveloped areas in China. Complex
interaction between social, economic, agricultural, and natural
factors caused the change in cultivated land area in China
between 1996 and 2019. Ou and Wang investigated the varied
spatiotemporal expansion of greenhouse-led cultivated land in
Shandong province, China, from 1989 to 2018. Internal budget
expenditures for rural development, local retail sales, the average
earnings of local farmers, and external vegetable supply and
consumption were the driving forces of greenhouse-led
cultivated land expansion. Niu et al. assessed the cultivated
land system vulnerability in Sanmenxia city, China. They
concluded that vulnerability was affected by the sensitivity
and adaptive capacity of human social and economic

activities and the capacity of the farmland system to cope
with stress. Feng and Wang detected the spatial mismatch of
water resources and grain planting pattern changes in China.
The depletion of grain production potential in the water-limited
regions was suggested to balance the agricultural development
between the north and south regions. Lastly, Du et al. analyzed
the evolution of cropping patterns based on remote sensing
identification and provided a practical basis for establishing
high-yield and efficient planting models in the “black soil’’
region of China.

Cultivated land management

Su et al. improved a land fragmentation measurement model
based on natural surface elements and road networks. The new
model provides a more reliable and robust measurement of land
fragmentation than the existing indices. Xu et al. created a new
approach for the identification of irregular fragmented cultivated
land with unclear characteristics in sandy areas. The results
suggest that scale transformation can be used to improve the
accurate and efficient identification of fragmented cultivated
land. Lin et al. designed a new method to predict the spatial
layout of citrus production in Sichuan province of China in 2025.
They provided the polices of stabilized citrus areas and optimized
production space for the local government. Liu et al. revealed the
positive effect of agricultural machinery services on cultivated
land productivity based on a case study in north China. The
authors show that increasing smallholders’ access to various
types of agricultural machinery services can improve the
productivity of cultivated land in regions dominated by
smallholders. Zhang et al. constructed an optimal land
allocation method based on soil moisture characteristics and
provided valuable sustainable land optimization solutions for
the efficient, sustainable use and protection of land resources in
semiarid regions. Wang et al. explored the effects of different
fertilizer combinations on the soil organic carbon pool and L.
barbarum yield under drip fertigation in Ningxia, northwestern
China. The results suggest that drip fertigation with 60 mg L−1

nitrogen plus 30 mg L−1 phosphorus is the optimal practice for
carbon sequestration and the sustainable production of L.
barbarum in arid regions.

The 17 papers in this Research Topic use field experiments,
regional investigations, and model simulation and prediction,
and they provide interesting and meaningful results and thought-
provoking discussions on land use and ecosystem services,
cultivated land use, and cultivated land management. We
express our thanks to all the authors and reviewers who
contributed to this Research Topic. Together, these articles
provide a valuable insight into the discussion of sustainable
cultivated land use and management and create an exciting
impetus for future research. More attention should be
dedicated to meet the ever-growing needs of people for a
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better life by cultivated land quantity and quality and ecological
protection. An ecological environmental impact assessment of
cultivated land use is conducive to the coupling of the sustainable
use of cultivated land and the sustainable development of human
society.

Author contributions

More attentions should be addressed to meet the people’s ever-
growing needs for a better life by cultivated land quantity, quality
and ecological protection. Ecological environmental impact
assessment of cultivated land use is conducive to the coupling of
cultivated land sustainable use and human society sustainable
development.
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Application of Spatiotemporal Pattern
Mining Methods for Land Use
Transition Research: A Case Study of
Baiyun District in Guangzhou
Yuqing Jian1, Yuangong Chen2, Jianzhou Gong1*, Chen Wenli 3 and Kanglin Chen1

1Guangzhou University, Guangzhou, China, 2Hong Kong Polytechnic University, Kowloon, Hong Kong SAR, China, 3Guangdong
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The use of spatio-temporal statistical combination method to explore the land use
transition in urban suburbs provides an essential resource for promoting urban-rural
integration and management of further urbanization. A combination of Space Time Cube
and Geodetector methods was used to quantitatively identify the dominant morphology of
land use change, and explore the recessive morphology and driving mechanism in Baiyun
District, a suburb of Guangzhou from 1980 to 2020. Between these years, the land use
changes were dominated by the expansion of built-up land and the shrinkage of cropland.
The expansion took place in southern (1990-2000) to central (2000-2005) areas of the
jurisdiction, followed by large-scale decentralization (2005-2010). Land use activities
showed a downward trend. A continuous cold spot was mainly distributed in the
southeast and remote areas near the urban center, whereas a continuous hot spot
was spatially characterized by a multinuclear pattern, mainly concentrated in the center
and south. Socioeconomic factors significantly affected the spatial pattern of land use
activities. The trend turning in land use morphology of land use change can be divided into
four stages: land primitivation from 1980 to 1990, land fragmentation from 1990 to 2000,
land overflow from 2000 to 2010, and land intensification from 2010 to the present. Baiyun
District is at the forefront of China’s development and has typical “suburban”
characteristics, which can provide a reference for other suburbs in China to develop in
stages. Today, urban suburbs in China face the problems of limited land resources and
mixed land use space. Taking advantage of the new national strategic environment could
effectively solve these land use issues in urban suburbs and achieve sustainable
development. New trends in land use morphology research, also considering land use
effects and land use changemechanisms in an integratedmanner, are conducive to further
deepening the understanding of land use transitions. Moreover, spatiotemporal statistical
methods have innovated the field of mining the spatiotemporal characteristics of land use.
Based on a scientific method for spatiotemporal analysis, we were able to reconstruct the
three-dimensional space of land and improve the methods applied for research into land
use change.

Keywords: land use transition, trend turning, space time cube, geodetector, urban suburb
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1 INTRODUCTION

Transformation refers to the process of fundamental changes in the
structural form of things, their mode of operation and people’s
perceptions (Asquith et al., 2018). In 1995, geographer Grainer,
inspired by the Forest Transformation Hypothesis, extended the
Nation-al Land Use Morphology theory to the National Land Use
Transition process theory, which focuses on forestry. This theory
states that most countries that have forestry as a significant
component of their economy show varying degrees of change in
land use morphology over time. This is caused by a range of
underlying socio-economic factors that are ultimately controlled
through policy measures and lead to a new equilibrium in land use
morphology (Grainger, 1995a; Grainger, 1995b). As human-driven
changes to the Earth’s surface generate dramatic land use change,
global environmental change and socio-economic sustainability
require integrated management (Turner et al., 2007). Several
scholars have developed land use transition theories on the
basis of Grainer’s process theory, focusing on the current land
use change andmajor issues of land usemanagement. For example,
LongHualou proposed the “land usemorphology transition” based
on the theory that land use morphology includes the dominant
morphology of land use type structure and the recessive
morphology, which is dependent on the dominant morphology
and has multiple attributes such as quality and property rights. The
land use morphology transition refers to the transition of regional
land usemorphology caused by each land use type transfer within a
specific period of time (Long and Qu, 2018). DeFries pointed out
that the transition of land use functions has gradually changed
from purely natural ecology to intensive human use (DeFries et al.,
2004). Lambin stated that the mechanism behind land use
transition are mainly endogenous socio-ecological forces and
exogenous socio-economic factors (Lambin and Meyfroid,
2010). During the period, international research on land use
transition came to the following consensus: 1) the loss of
cropland and the expansion of built-up land are the most
typical forms of land use transition; 2) land use transition is
non-linear and evolves in accordance with the socio-economic
development stage of a country or region (DeFries et al., 2004;
Foley et al., 2005; Lambin andMeyfroid, 2010; Long andQu, 2018).
Correspondingly, the concept of land use transition has been
deepened and defined as the trend turning of land use
morphology in a certain region in long-term changes under
socio-economic development. This includes the trend turning of
specific land use types such as cropland, forest, built-up land, rural
land, and also in the overall land use morphology of the region
(Song, 2017). “Trend turning” is often used in climatology, for
example, when long time series are analyzed, two temporally close
periods may show significantly different trends (Zuo et al., 2019).
Land use transition focuses on trend turning in land use
morphology, defined as the development of land use change to
a certain stage, resulting in a land use morphology with a set of
typical stage characteristics corresponding to a certain stage of
socio-economic development (Li, 2021).

Trend turning of land use transition could improve the
explanation of the various stage characteristics of the
transition of dominant morphology and the analysis of the

land use problems indicated by the transition of recessive
morphology. This information can then be used to identify
suitable response strategies for the regulation of the transition
(Yang et al., 2018; Li, 2021). Internationally, scholars have
focused on the trend turning of land use morphology from
different perspectives, such as long time series of area change
(Hailu et al., 2020); spatiotemporal pattern of a certain land type
(Li et al., 2020); spatial expression of landscape features
accompanying land use changes (Asabere et al., 2020), the
“ecological-social-economic” benefits of land use change (Chen
et al., 2021), and the factors of land phase change (Qu et al., 2020),
have been studied in stages. Existing studies generally focus on
the geographic patterns, processes, change rules andmechanisms,
and have researched land use morphological (dominant and
recessive) transition, land use functional transition, land use
transition mechanisms. However, these approaches should be
strengthened with tools and further methodological
improvements to visualize the research findings.

In recent years, the rise of Spatiotemporal statistics has
brought new ideas and methods to geographical research.
Spatiotemporal statistics procedures use computers to visualize
complex and abstract spatiotemporal data interactively. By
reconstructing and analyzing the change process of spatial
position and attribute of the geographical phenomenon over
time, we can identify the specific relationships and detect
anomalies. Furthermore, the mathematical model of
spatiotemporal processes can be established to identify the
driving factors behind geographical phenomena. Spatial
correlation analysis tools such as Kriging, Moran’s I, LISA,
GWR, Bayes have been widely used for these purposes (Spöck
and Pilz, 2015). Therefore, with reference to spatiotemporal
statistical research, this study proposed the combined
application of the Space Time Cube and Geodetector methods
for identifying land use morphology changes. Space Time Cube
measures trends in the values of each spatial location across time,
identifying emerging hot and cold spots and outliers (Esri, 2021).
Geodetector is then used to detect the spatial heterogeneity of
different geographical phenomena and their driving forces
(Wang et al., 2010). The combined application has the
potential to quickly and intuitively obtain the spatiotemporal
characteristics of the dominant land use morphology and analyze
the recessive land use morphology changes under the potential
mechanism.

As a result of urbanization in recent decades, rural
production elements in China have become concentrated
towards cities, leading to considerable transformation of
urban and rural boundaries (Liu and Li, 2017). In this
process, the traditional rural core periphery has gradually
evolved into a transitional space of urban elements based on
a dualistic structure such as the urban suburbs (also known as
urban fringe, edge cities and urban-rural transition zone, etc.)
(Gu, 2020). Similar to the natural ecotone (Hansen et al., 1988),
the suburban territorial space also has the unique heterogeneous
characteristics of adjacent areas, forming a unique land use
transition problem. For example, the dominant morphology of
land use, such as the rapid non-agriculturalization of cropland
and the disorderly expansion of built-up land (Ma et al., 2020);
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There are particular problems associated with land use recessive
morphology, such as “village in city,” and the related issues of
mixed ownership and the pollution of “production-living-
ecology” space(Yao and Tian, 2020); The development
problems associated with land use stage, such as resource
and environmental constraints (Cao et al., 2021; Elahi et al.,
2022a), the conception lag behind of natives (Elahi et al., 2022b),
backward industrial technology and uncontrollable extreme
weather (Elahi et al., 2021; Nath et al., 2022). The dominant
morphology dominated by the land structure and the recessive
morphology have gradually become projected in the suburban
space (Yanbo et al., 2021). Suburbs in China have quietly
undergone an irreversible and difficult land use transition.
However, there has been relatively little research on the
growth and characteristics of these suburban areas. For
example, research is usually based on a comparative analysis
of the dominant morphologies of each period in terms of both
“quantity” and “spatial structure,” and research on the trend
transition of land use morphology in suburban comprehensive
period is currently lacking. These omissions are not conducive
to revealing the transitional and phased spatial characteristics of
suburban land use change and the transitional and periodic
characteristics of associated land use change. Moreover, it is not
easy to excavate the hybridity of its characteristics in the vertical
direction. This study takes Baiyun District, Guangzhou, a
suburb in a developing metropolis in China, as the study
area. A three-module quantitative study of land use
transition paths (Section 3.1), spatiotemporal evolution
morphology (Section 3.2) and master control factors
(Section 3.3) was conducted through the integrated
application of the Space Time Cube and Geodetector
methods. Based on these results, the trending transitional
development of land use morphology in the study area was

analyzed in local development history (Section 3.4). The study’s
contributions are specifically addressed: 1) enrich the theories
related to land use transition in suburbs, 2) couple spatio-
temporal statistics and land system science through
spatiotemporal pattern mining methods, 3)provide a
scientific basis for strategic decisions to promote urban-rural
integration.

2 MATERIALS AND METHODS

2.1 Study Area
Baiyun District is located in the central and western part of
Guangzhou City (Figure 1). It is in the transition zone between
the low mountains of central Guangdong and the plains of the
Pearl River Delta, high topography in the north and northeast and
low in the west and south. It belongs to the southern subtropical
monsoon climate zone, with high precipitation and temperatures
occurring in the same period and an average annual temperature
of 21.8 °C and annual rainfall of 1,694 mm. It contains the Baiyun
Mountain Scenic Area and the Maofeng Mountain Forest Park,
and is thus considered a region of Guangzhou with a good natural
environment (Baiyun District Information Database in
Guangzhou, 2021).

In the 1980s, the study area was officially renamed “Baiyun
District” from its original name of “Suburban District” and was
included in the urban area of Guangzhou. In 2010, Baiyun
District had 14 streets and four towns under its jurisdiction,
making it the largest administrative district in Guangzhou’s
central urban area with the largest external population
(Guangzhou Statistic Bureau, 2021). The complexity and
diversity of diverse administrative jurisdictions and the
frequent mixing of resource flows have resulted in Baiyun

FIGURE 1 | The location of Baiyun, Guangzhou (A,B), boundaries of each township (C) and spatial distribution of land use in 2020 (D).
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District having considerable urban suburban characteristics, and
its land use activities are typical of urban areas.

2.2 Data Sources
This study used eight periods of land use raster data for 1980,
1990, 1995, 2000, 2005, 2010, 2015 and 2020 with a spatial
resolution of 30 m (http://www.resdc.cn/) provided by the
Resource and Environment Science Data Center of the
Chinese Academy of Sciences. With reference to the
Classification of Land Use Status (GB/T21010-2007) and
taking into account the actual situation of the study area, the
land use types in the study area were subdivided into six
categories: cropland, forest and grassland, water body, built-up
land, rural settlement, and other built-up land.

The geographical detector data were obtained from NASA
SRTM3 elevation at a spatial resolution of 90 m. The annual
average precipitation and temperature data were spatially
interpolated datasets with a spatial resolution of 1 km in 2000
and 2015 from the Data Center for Resource and Environmental
Sciences of the Chinese Academy of Sciences (http://www.resdc.
cn/data.aspx?DATAID=264). The road network data were
obtained from Open Street Map for 2000 and 2020 vector data
obtained from Open Street Map (https://www.openstreetmap.
org/). Socioeconomic data were taken from the information
database of Baiyun District, Guangzhou and the website of
Baiyun District People’s Government, Guangzhou. In addition,
the 2010 administrative boundaries were used as the standard to
maintain the integrity of statistical data and the consistency of
administrative divisions.

2.3 Space Time Pattern Mining Methods
This paper visualizes the land-transfer paths at different stages
with the help of the Sankey energy shunt map. The Space Time
Cube and the spatiotemporal hotspot analysis method were
combined to visualize the spatial trends and temporal
characteristics of cold and hot spots of land activities. The
geographical detector method was used to detect the
attribution of land change within each township. Finally, the
historical evolutionary process behind different land use
development stages was considered with local development
history.

2.3.1 Land Transfer Path Analysis
The land use transfer matrix approach obtains a two-dimensional
matrix through the generation of a land use transfer path, and
explains this path concerning the structural characteristics of land
use change and the direction of transfer between types (Li C et al.,
2021). In particular, the different land use types are identified by
codes in a fixed order (1, 2 and 3). For example, the change path of
cropland to “forest and grassland” and “forest and grassland” can
be expressed as 1-2-2. Finally, a Sankey diagram was created to
visualize different land transfer paths from 1980 to 2020.

2.3.2 Trend Analysis of Cold and Hot Spots Based on
Space Time Cube
The Space Time cube is a three-dimensional cube proposed by
Hagerstrand (1968). A two-dimensional plane is used to express

the spatial location and region, and another dimensional time axis
expresses the temporal change in the location of the two-
dimensional plane (Figure 2) (https://desktop.arcgis.com/). The
analysis process includes the identification of land use cold spots
and hot spots in two dimensions, the creation of a Space Time
Cube, and a statistical test for cold and hot spots, as follows:

1) Land Use Hotspot Identification. The accuracy of the land use
data, the size of the study area and the visualization of the data
were all taken into account in this study. After a preliminary
test to identify the most suitable scale (data not presented), a
600 m * 600 m grid was selected as the study unit. The area of
land use change at different times within each unit was first
obtained, and then the Getis-Ord Gi* tool was used to
calculate and compare the local sum of adjacent elements
within each grid with the sum of all elements, thus allowing
the analysis of the local spatial aggregation of area change at
different times.

2) Space Time Cube. The Space Time Cube was constructed as a
NetCDF data structure by calculating point counts and
aggregating specified attributes using stereograms (bars).
All bar location count trends and aggregated field values
were then further evaluated to identify the evolution of a
geographical phenome-non or scalar with a location attribute
over a time series.

3) Statistical analysis. The Mann–Kendall statistical method was
used to analyze the spatiotemporal change trend of land
activity. The change trend of cold and hot spots was
evaluated for each land activity location with data and
presented on the map (Figure 3) (https://desktop.arcgis.
com/). The analysis results of spatiotemporal cold and hot
spots included 17 patterns, such as new hot spots and
continuous hot spots, and the basis for the classification is
shown with reference to the official website.

All trend analysis operations were completed in ArcGis 10.7.

2.3.3 Factor Detector
The Geodetector method (http://www.geodetector.org/) is based
on statistical principles for spatial variance analysis. It represents
a set of statistical methods to detect spatial variance and its
mechanisms. This method is mainly applied to detect the spatial
variance and to what extent factor explains the spatial variance of
attribute.

q � 1 − 1
Nσ2

∑
L

h�1
Nhσ

2
h

Where q is the spatial variance of a factor indicator, which is used
to detect the factor’s influence on land use activities. N is the
sample size of the whole region. σ2 is the variance of land change
in the whole region. h is the identification partition, h = 1, 2, ..., L,
where L denotes the number of partitions. 0 ≤ q≤ 1, the larger the
value of q, the stronger the factor’s influence on land activities.
Conversely, the smaller the value of q, the weaker the influence. A
q of 0 indicates no spatial variance in the study area and the
spatial distribution of land use is random.
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In this paper, 18 townships were used as detection areas. Based
on the existing studies and data accessibility, the accumulated
area of land change in each township between 2000 and 2020 as a
proportion of its administrative area was Y. The socioeconomic
factors (change in GDP X1, change in the agricultural output
value X2, change in the gross industrial output value X3, and
change in the road network density X4) and natural environment
(DEM X5, slope X6, average annual temperature change X7, and
average annual precipitation change X8), for a total of eight
factors. Since the statistical objects of socioeconomic data
changed considerably from 1980 to 2000, this study also took
the local development history into account to provide a context
for the identified land activity mechanisms.

3 RESULTS

3.1 Land Use Change and Transfer Path
As shown in Table 1, from 1980 to 2020, the land use changes in
Baiyun District of Guangzhou were dominated by urbanization.
The built-up land area increased from 26.1 km2 (1980) to
164.3 km2 (2020), an expansion of 138.2 km2. The growth rate
was as high as 529.6%. From 1990 to 2000, the new built-up land
was mainly distributed in the southern part of Baiyun District
(the southern part of Shijing, Jiahe, the western part of Yongping,
the eastern part of Songzhou, the southern part of Tonghe, the
western part of Huangshi and the central part of Jingxi). From
2000 to 2005, it was mainly distributed in the central part of

FIGURE 2 | Space Time cube.

FIGURE 3 | The process of spatiotemporal cold and hot spot analysis.

TABLE 1 | Land-use changes in Baiyun District.

Land
use type

1980 1990 2000 2010 2020

km2 % km2 % km2 % km2 % km2 %

Cropland 340.1 51 326.9 49 272.6 41 200.0 30 187.9 28
Forest&Grassland 185.1 28 185.3 28 183.0 28 174.8 26 173.7 26
Water body 34.5 5 39.8 6 50.2 8 54.5 8 54.7 8
Built-up land 26.1 4 29.3 4 74.4 11 163.3 25 164.3 25
Rural area 71.5 11 75.2 11 74.1 11 46.0 7 46.1 7
Other built-up land 5.3 1 5.9 1 8.1 1 23.7 4 35.7 6
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Baiyun District (the western parts of Taihe, Junhe and Yong-
ping). From 2005–2010, it showed a large-scale scattered
expansion in the study area (Taihe, Jinsha, bordering Shijing,
Junhe and Jianggao, and the central part of Renhe) (Figure 4).

Table 1 shows that the cropland area decreased from 340.1 km2

(1980) to 193.3 km2 (2020), a reduction of 146.8 km2 (43.2%).
During this process, the percentage change in the area of forest
and grassland, water body, rural settlement and other built-up

FIGURE 4 | Spatial distribution of new land in each township at different times (A–G).

FIGURE 5 | Land-transfer paths within different time periods, 1980-2020.
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land relative to built-up and cropland was only a maximum of
4%, and the overall land activity was stable. This indicates that the
new built-up land was mainly transferred from cropland.

There were 936 land transfer paths from 1980 to 2020, so this
paper only considers the land transfer paths with the amount of
2 km2 (Figure 5). In terms of transfer amount, land use change in
Baiyun District was dominated by the invariance of each land
type. The largest areas were 159.2 km2 of cropland and 154.4 km2

of forest and grassland (Table 2). The Sankey diagram shows that
the period of 1990–2010 was the most diverse and active in land
transfer paths, mainly in the form of transfers out of cropland into
built-up land. Among these, the land transfer paths involving
land between cropland and built-up land were cropland
(1980–1990) to built-up land (1995–2020), cropland
(1980–2005) to built-up land (2010–2020), cropland
(1980–2000) to built-up land (2005–2020) and cropland
(1980) to built-up land (1990–2020), with a transfer amount
of 61.4 km2. The amount of land transfer of rural settlement was
also significant and was mainly converted to built-up land and
cropland. The total amount of rural settlements transferred to
built-up land in different periods was 26.9 km2. The transfer of
built-up land to cropland was the most notable, with all of it being
transferred from cropland first and then back to cropland.

In general, during 1980–2020, the main trend in land use
change in Baiyun District was a large-scale decrease in cropland,
which was mainly transformed into built-up land. Built-up land
expanded massively by transforming large amounts of cropland
and rural settlements. Although this land use change was
dramatic, land transfer paths were dominated by the
invariance of each land use type.

3.2 Spatiotemporal Cold and Hot Spots
Distribution of Land Activity
The temporal distribution trend analysis of land activities in the
cell grid was analyzed, and the Z-score was −2.44 with a p-value of

0.01. The land activity showed a decreasing trend throughout the
study period. As shown in Figure 6, land activity in Baiyun
District was dominated by continuous cold spots from 1980 to
2020, covering an area of up to 190.6 km2, accounting for 29% of
the entire study area. It was mainly concentrated in the southeast
near the urban center (Sanyuanli, Huangshi, Xinshi, Tangjing and
Jingtai), and widely distributed in remote areas (Zhongluotan and
the forest-dominated eastern part of Taihe). The second most
prominent pattern was the Oscillating Cold Spot pattern, adjacent
to or interconnected with the Consecutive Cold Spot and New
Cold Spot areas. Amultinuclear pattern spatially characterizes the
Consecutive Hot Spot pattern. The most prominent areas
showing this pattern were those bordering Jianggao, Shijing
and Junhe, followed by the central part of Jinsha, the north-
central part of Renhe and the local area of Taihe township
(Figure 6).

The number and location of hot and cold hotspots of land
activity in Baiyun District from 1980–2020 varied over time. The
non-statistically significant cold or hot spots pattern was
dominant in each period, but there were still obvious stable
hot spots (Figure 7). During 1980–2010, a multinuclear
pattern of land activity hotspots was very prominent and was
mainly concentrated in the central and southern parts of the
study area. Since 2010, however, the pattern of hotspots has
rapidly weakened. It is noteworthy that the cold spot pattern,
relative to land activity by period, only appeared for 1990–1995
and 1995–2000. Its main distribution is consistent with the
spatiotemporal trends described above.

3.3 Mechanisms Driving Spatial
Heterogeneity of Land Activities
Based on a combination of expert experience and the Natural
Breaks (Jenks) method, the classification method uniformly
discretizes numerical quantities into type quantities. Natural
environmental and socioeconomic factors were classified into

TABLE 2 | Quantities of different land-transfer paths in 1980–2020.

Land-transfer paths Area(km2) Land-transfer paths Area(km2)

C-Unchange 159.2 C(80-90)-F&G(95)-C(00-20) 5.1
F&G-Unchange 154.4 F&G(80-90)-C(95)-F&G(00-20) 4.6
R-Unchange 21.4 R(80-00)-B(05-20) 4.5
B-Unchange 20.6 C(80-10)-O(15-20) 4.5
W-Unchange 20.4 R(80-90)-C(95)-R(00-20) 4.5
O-Unchange 1.4 W(80-90)-C(95)-W(00-20) 4.5
C(80-90)-B(95-20) 20.2 C(80-00)-R(05-20) 4.1
C(80-05)-B(10-20) 19.1 C(80-05)-W(10-20) 3.9
C(80-05)-B(10-20) 12.9 R(80-90)-C(95)-R(00-05)-B(10-20) 3.7
C(80-00)-B(05-20) 12.0 C(80-90)-R(95-20) 3.2
C(80-90)-B(95-20) 9.4 C(80)-B(90-20) 3.2
C(80-90)-W(95-20) 8.2 C(80-05)-O(10-20) 3.0
C(80-95)-B(00-20) 7.1 F&G(80-05)-B(10-20) 2.9
C(80-90)-R(95)-C(00-20) 7.0 C(80-90)-B(95)-C(00)-B(05-20) 2.4
C(80-90)-W(95)-C(00-20) 6.3 C(80)-W(90-20) 2.4
C(80-00)-R(05)-C(10-20) 5.9 C(80-90)-R(95)-C(00-05)-B(10-20) 2.4
C(80-00)-O(05-20) 5.2 C(80-05)-R(10-20) 2.4

Note: C represents cropland, F&G represents forest and grassland, R represents rural area, W represents water body, B represents built-up land and O represents other built-up land. C
(80–90)–B (95–20), indicates a land transfer path in which land use is converted from cropland in 1980–1990 to built-up land in 1995–2020. The other pathways are expressed similarly.
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2 and 5 categories, respectively, using the Natural Breaks (Jenks)
method (Table 3). The results show that over the past 20 years,
socioeconomic factors significantly impacted the spatial pattern
of land activities in Baiyun District, whereas the influence of
natural environmental factors was relatively insignificant. In

descending order of intensity, the main influencing factors (all
having passed the significance test) were as follows: X1 (0.47) for
change in GDP, X3 (0.44) for change in the gross industrial output
value, X7 (0.35) for change in the average annual temperature, X5

(0.27) for DEM, X6 (0.27) for slope, X2 (0.26) for change in the

FIGURE 6 | Distribution of spatiotemporal cold and hot spot trend and the quantity of each pattern in Baiyun District, 1980-2020.

FIGURE 7 | Analysis on hot spots of land activities in different periods from 1980 to 2020 (A–G).
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agricultural output value, X4 (0.21) for change in the road
network density and X8 (0.07) for change in average annual
precipitation.

The interactions of different factors on the impact of land
activity positively reinforce a single factor’s influence. The
interaction detection results show that a two-factor
enhancement dominated the interaction type. Compared with
the single factor, the q-values of each factor increased to
different degrees (Table 4). The changes in the average annual
precipitation X7 had the most substantial influence on the
interaction of socio-economic factors. The next most prominent
performance was the interaction of road network density change
X4 on GDP change X1 and agricultural output value change X2,
which increased several times compared with its individual effects.
The socioeconomic factors were bi-factorially enhanced in terms of
the type of interaction. The exception was road network density
change X4, which was non-linearly enhanced with GDP change X1

and agricultural output value change X2. It is worth noting that the
interaction type between the change of road network density X4

and the natural environment factors was a nonlinear enhancement.

3.4 The Trend Turning of Land Use
Morphology Process in Baiyun District
Guangzhou From 1980 to 2020
The trend turning of land use morphology is the core of land use
transition re-search, since regional land use morphology often
changes in accordance with changes in the economic and social
development stage. During the studied period, the land

conversion caused conflicts in land use morphology, which
were subsequently alleviated through corresponding policy
measures. This process of land use conflict mitigation is
known as land use transition. By combining the characteristics
of the spatial heterogeneity mechanisms described in the previous
section and local development history, we considered the changes
in land use morphology, the conflicts, and alleviation methods in
the development process of land use transition in Baiyun District.
The land use transition process was divided into the following
three stages and then applied to explore further the mechanism of
the long-term land use transition (Figure 8).

3.4.1 Land Primitivation in 1980–1990
Baiyun District is located in the transition zone between the low
mountains of central Guangdong Province and the Pearl River Delta
Plain. The north and northeast of BaiyunDistrict are characterized by
large hills and mountains, preserving large areas of pristine ecological
forest. In the west and south, there are flat, broad alluvial plains with
fertile soil and various soil types and genera, providing favorable
conditions for a number of plantations (rice, vegetables, drought-
tolerant cereals, peanuts, forestry). Therefore, since the reform and
opening up, industrialization and urbanizationwere delayed inBaiyun
District compared with the main urban area of Guangzhou.
Traditional agricultural activities still dominate the study area,
forming a stable spatial pattern of natural spaces and large-scale
agricultural production. In the early stage, under the premise of not
changing land use, the farmer families contracted the land to the
collective and enjoyed full management autonomy as the primary
production unit. As a result, the rural economy grew rapidly and
provided sufficient labor and land for subsequent industrialization
(Baiyun District Information Database in Guangzhou, China, 2021).

3.4.2 Land Fragmentation in 1990–2000
Since 1990, with the second wave of global industrial transfer and
the promotion of the second round of the contract management
responsibility system, low-end industries have become the target of
foreign investment, and a large amount of rural collective land has
been expropriated or illegally occupied (Long, 2012; Gong et al.,
2019). At the same time, industrial production has also created a
large number of employment opportunities. Local farmers have
entered the workforce, and migrants from the surrounding cities
and counties around Guangzhou have moved in to work (Yang,
2019). This has led to a boom in the informal expansion of self-
housing and external leasing in remote areas. The real estate

TABLE 3 | The influencing factors and detection results of land-use change in Baiyun District, 2000-2020.

Factors Class 1 Class 2 Class 3 Class 4 Class 5 q statistic

X1(million) <2868 2868–7005 7005–11,189 11,189–14,910 >14,910 0.47**
X2(million) <−488 −488–1744 1744–4994 4994–13,256 >13,256 0.44**
X3(million) <−235 −235~-37 −37–14 14–204 >204 0.26**
X4(km/km2) <4.35 4.35–7.44 7.44–10.21 10.21–12.06 >12.06 0.21**
X5(m) <13.12 13.12–105.7 0.27**
X6(°) <6.17 6.17–11.59 0.27**
X7(mm) <177.9 177.9–259.6 0.35**
X8(°C) <-0.27 −0.27–0 0.07**

Note: **indicates significant at the 5% level.

TABLE 4 | Interactive detection results of regional differentiation of land-use
change in Baiyun District, 2000-2020.

q X1 X2 X3 X4 X5 X6 X7 X8

X1 0.47
X2 0.59 0.44
X3 0.62 0.55 0.26
X4 0.74 0.77 0.39 0.21
X5 0.55 0.55 0.31 0.56 0.27
X6 0.55 0.55 0.31 0.56 0.27 0.27
X7 0.77 0.82 0.67 0.68 0.35 0.35 0.35
X8 0.49 0.44 0.40 0.43 0.28 0.28 0.37 0.07

Note: Interact result-Gray fill (factor detector); Light orange (Enhance,bi-); Light blue
(Enhace,nonlinear).
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planned economy (1990-1995) and the real estate market economy
(1996-2000) directly contributed to the large-scale construction of
commercial housing in the southern part of Baiyun District (Su
et al., 2005). Therefore, the 1990-2000 presented in Figure 4 also
verifies the construction development in the north and south of
Baiyun District. In addition, The “rural land capitalization” of
Baiyun District has led to the rapid shrinkage of cropland area.
However, the shortage of cropland in the urban area of Guangzhou
and the timely open policy of purchasing and selling agricultural
products caused Baiyun District to become the main grain supply
source area for urban Guangzhou. At the same time, Baiyun
District also became prominent in the northern transportation
and export of agricultural products. As a result, the agricultural
production space gradually shifted from the suburbs to the middle
and outer suburban agricultural areas (BaiyunDistrict Information
Database in Guangzhou, China, 2021). The land space dominated
by traditional agriculture in Baiyun District reduced rapidly, and
the fragmentation of land development intensified. Spatially, there
was a large area of built-up land in the south and fragmentation of
land in the center and north.

3.4.3 Land Overflow in 2000–2010
Since the turn of the 21st century, the global economy has been
developing in an integrated way, with industrial adjustment and

upgrading and international transfer occurring in parallel (Yang
et al., 2020). Baiyun District, which used to rely on traditional
agriculture and low-end industries, was facing unprecedented
challenges. Under the government’s leadership, there was a
massive transfer of agricultural production space to urban
residential and public built-up land in 2000–2010 relative to
previous periods. The built-up land expanded from the south to
the center of the district, and the urban villages formed in a low-
cost way, outside of the modern urban management, and the land
uses were highly mixed (Yang, 2019; Yao and Tian, 2020). Driven
by the “Strong Industrial Zone,” “Modern Logistics Development
Plan” and “Optimized Northern Development” polices, a large
number of professional markets, logistics parks or industrial
agglomeration areas were built the central and western regions
and the northern part of remote areas. Thus, as shown in
Figure 4, the expansion of other construction land (industrial
land) from 2000 to 2010 was particularly significant relative to
other periods. This also validates the significant role of gross
industrial output as the second influencing factor on land use
change. This construction was reliant on the transfer of rural
collective land, which had the advantage of cheaper prices than
urban areas (Baiyun District Information Database in
Guangzhou, China, 2021). As a result, a large number of
laborers from the surrounding inland provinces of Guangdong

FIGURE 8 | Suburban development patterns in different period of Baiyun District. Note: “Three old reform” refers to the transformation mode unique to Guangdong
Province: old town, old factory, and old village transformation. “HCRS” refers to the Household contract responsibility system, a form of agricultural production
responsibility system in which farmers contract land and other means of production and production tasks from collective economic organizations (mainly villages and
groups) on a household basis. “GBA” refers to Guangdong-Hong Kong-Macao Greater Bay Area.
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Province were absorbed. Since 2000, in response to the
requirements of the tenth Five-Year Plan for developing the
national economy, the north of Renhe Town in Baiyun
District developed large-scale infrastructure land to construct
the new Baiyun International Airport (Yang et al., 2020). In
general, under the government’s coordination, the land activities
during this period showed a significant trend of spatially pushed
development from the middle to the north.

3.4.4 Land Intensification in 2010 to Present
The rapid population growth and urban expansion in the first
decade of the 21st century led to the shortage of new built-up land
and reserve land for further development (Gong et al., 2018a). In
2009, Baiyun District government mapped idle land, low-utility
land, old factories and hillsides to supplement cropland (Baiyun
District Information Database in Guangzhou, China, 2021). Under
the premise of maintaining the current land use, the southern part
of Baiyun District carried out the reconstruction of urban villages,
evacuation of villages to build houses or revitalization of the stock
of built-up land (Li et al., 2019). Thanks to better transport facilities
and lower land rents, the central and northern parts took over the
urban capital from the south (Gong et al., 2018b). In central Baiyun
District, the old factories and historical sites were rebuilt into a fine
chemical industrial zone, innovation industrial zone or science and
technology park in the process of the “Exit the secondary industry
and enter the tertiary industry” policy, and develop an “industrial
clustering” regional model (Lin et al., 2019). The northern part
focused on implementation as a land reserve planning region. Since
2010, Baiyun District has seen a decrease in the overall land-use
changes under the land-intensive approach of limiting incremental
land and excavating stock land. However, under the guidance of
local and national planning divisions, the land functions have
diversified, leading to a spatial pattern of ecological tourism in the
east, Baiyun New City in the south, a creative industry gathering
area in the middle, an industrial logistics area in the west, and an
airport economic zone in the north of the district (People’s
Government of Baiyun District, Guangzhou City, 2022a;
People’s Government of Baiyun District, Guangzhou City, 2022b).

3.5 Discussion
3.5.1 The Trend Turning of Land Use Morphology in
Urban Suburb
Our research results confirm that the trend turning of land use
morphology can integrate land use morphology, use function,
land use effect and the mechanism of land use change, and
systematically sort out land use transition. Meanwhile, this
study innovatively combines the history, policy measures and
socio-economic development of the study area for a time-phased
refinement analysis, which further confirms that land use
transition in urban suburbs is a spatiotemporal evolution
process of a complex man-land relationship. It is also the
most direct result of multiple forces such as physical
geography and socioeconomic conditions on land use
morphology (Gong et al., 2019; Yao and Tian, 2020; Cao
et al., 2021). The unique natural environment has shaped the
original farming style, and the continuous improvement of the
agricultural business system after the founding of New China has

injected continuous momentum into agricultural production (Li
H et al., 2021; Zhou et al., 2021). Since the reform and opening up,
the original dual/dualistic structure has collapsed/subsequently
disintegrated, and the urban suburbs have gradually developed on
the periphery of the traditional rural core (Yang, 2019). The
combination of foreign capital and local resource liberalization
has contributed to the conversion of land use morphology from
hybridization to large-scale development. The limited land
resources are gradually formed into the regional space of
specific function positioning types under the rational
allocation planning (Gong et al., 2018a). However, urban
suburbs continue to be faced with the problem of limited land
resources. Even under the multiple constraints of the
“Controlling growth and forcing storage” policy, the problems
of mixed tenure, spatial fragmentation, poor living environment
and industrial inefficiency continue to persist (Gong et al., 2019;
Yang, 2019; Yao and Tian, 2020; Cao et al., 2021). The recent
construction of the Guangdong-Hong Kong-Macao Bay Area and
the national strategy of rural revitalization have brought new
opportunities and challenges to the urban suburbs of the Pearl
River Delta (Gong, et al., 2019). However, it remains unclear how
the new circumstances could help to solve the problem of land use
transition and stimulate the vitality of land use development in
the urban suburbs. In addition, the reshaping of the position of
urban suburbs in the urban-rural relationship and consideration
of how the urban suburbs should act as a bridge between urban
and rural area need to be topics of further research.

3.5.2 Reliability of Land Use Transition Method
With the accumulation of spatiotemporal data and the advent of
the big data era, feature mining of spatiotemporal data with
geology as the object of analysis with statistical methodology has
brought a new opportunity for land use research. For example, it
can solve the problems of massive data analysis and visualization
on different spatial units and in different periods (Wang et al.,
2014). Moreover, it can also meet the needs of attribute
diversification, function differentiation and mechanism
diversification, and realize long time series of evolutionary
laws, interactive dynamics and prediction research. The
spatiotemporal feature mining method selected in the current
study is an effective coupling of spatiotemporal statistics and land
system science. The method focuses on the breakthrough of land
use research from traditional two-dimensional plane space to the
realization of three-dimensional spatial visualization, which is a
fundamental attempt to study the mono-temporal land use
morphology to long-temporal land use transition (Esri, 2021;
Wang et al., 2010). As in this study, the cold hotspot analysis of
land activities breaks through the traditional two-dimensional
land transfer, effectively visualizing the multidimensional land
use morphology and revealing the dominant land use
morphology. Based on this approach, we deeply explored the
changes of recessive land use morphology, for example, to reveal
the process of land substitution caused by the changes of
socioeconomic development stages (such as industrial transfer,
infrastructure projects) and the real problems derived from it.
However, this study considered a combination of existing
spatiotemporal data analysis methods, which continue to have
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associated problems such as the scale disunity of the source data,
the lack of data attributes and the required improvement to the
detection factor system. In addition, the uneven distribution of
data acquisition at large spatial scales leads to a lack of
spatiotemporal slice information, and the type data generation
is biased (Wang et al., 2014; Zhou et al., 2020). Therefore, it
remains necessary to conduct considerable spatiotemporal data
analysis practice alongside the further innovation and
development of spatiotemporal statistical methods and
theoretical systems.

CONCLUSION

This study explores the land use transition path of a typical
suburb using a spatio-temporal statistical combination approach.
The combination of Space Time Cube and Geodetector methods
revealed that land use in Baiyun District, a suburb of Guangzhou,
has been dominated by the expansion of built-up land and the
shrinking of cropland since 1980. Over the same period of land
activity showed a continuous cold spot pattern, followed by an
oscillating cold spot pattern. The overall land activity showed a
downward trend. In the context of local history, we found that
socioeconomic factors significantly affected the conversion of
land use types in different development periods, leading to
different conflict patterns. The land use transition in the urban
suburb was transformed from morphology to quality, mainly
through policy measures and continuous spatial transfer.
Combined with the variability of spatiotemporal characteristics
of land use, the study region was divided into four stages of land
development: Land Primitivation from 1980 to 1990, Land

Fragmentation from 1990 to 2000, Land Overflow from 2000
to 2010 and Land Intensification from 2010 to the present. The
study region is at the forefront of China’s development, and its
“urban suburb” identity is typical. So the results of this paper can
provide a reference for the development of other urban suburbs in
China. In addition, this study confirms that the introduced
spatio-temporal statistical methods can be used to assist
further research on land use transition. However, the factors
influencing this paper still need to be further refined, especially
those closely related to those areas with intensive land use
activities.
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Spatiotemporal Evolution and
Simulation Prediction of Ecosystem
Service Function in the Western
Sichuan Plateau Based on Land Use
Changes
Mingshun Xiang1,2†, Jin Yang1,2*, Wenheng Li1, Yueting Song3, Chunjian Wang1,2, Yan Liu1,2,
Mengli Liu1 and Yuxiang Tan1

1College of Tourism and Urban-Rural Planning, Chengdu University of Technology, Chengdu, China, 2Research Center for
Human Geography of Tibetan Plateau and its Eastern Slope, Chengdu University of Technology, Chengdu, China, 3School of
Earth Sciences, China University of Geosciences, Wuhan, China

Being closely related to ecosystem services, land use changes can affect ecosystem
service functions by acting on ecosystem patterns and its processes, thus having impact
on regional sustainable development. Taking the Western Sichuan Plateau as the study
area based on land use data from 1990 to 2020, the CA-Markov model was employed to
predict the land use pattern under natural change scenarios, and the improved InVEST
model and equivalent method were used to evaluate the ecosystem services in the study
area from two different perspectives, as to analyze the evolution trend. The results show
that: 1) From 1990 to 2020, the carbon storage in the Western Sichuan Plateau showed a
fluctuating increase, with an average annual increase of 3.17 × 107 t, of which the total
contribution rate of woodland and grassland to the total carbon storage exceeded 95%. In
recent 30 years, the carbon storage of the Western Sichuan Plateau has little spatial
variation, with the increase and decrease regions accounting for less than 5% with overall
sporadically dots-like distribution. 2) Ecosystem Service Value (ESV) increased by 1.36 ×
1010 yuan in the past 30 years, which was similar to carbon storage and showed a wave-
like increase; the contribution rate of woodland to the total ESV of the study area was more
than 68%, occupying the dominant position. ESVwas generally stable in the past 30 years,
and the area with significant changes accounted for less than 9%, mainly located in the
northeast and southwest of the study area. 3) In the next 10 years, under the current
ecological protection measures, the carbon storage and ESV of the Western Sichuan
Plateau will increase by 5.3980 × 107 t and 2.4087 × 109 yuan compared with that of 2020,
indicating a positive development of ecosystem service function. This study results
provides a scientific basis for the adjustment of land use structure and the
management decision of ecological environment protection in the Western Sichuan
Plateau.
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1 INTRODUCTION

Land is the material foundation of human production and life,
and is the closest part between human and nature (Ye and Zhang,
2008; Zhang et al., 2021). As an important component and
driving factor of global ecological environment change (Zhang
et al., 2021), land use change comprehensively reflects the
interaction process of various factors within the terrestrial
ecosystem, has great significance in regional ecosystem service
function, and is one of the important factors affecting human
survival and development. With the continuous change of land
use pattern, regional ecosystem service function will also change
accordingly.

Ecosystem service function, which refers to the benefits that
people get from the ecosystem through material flow and energy
flow, is an important function of the ecosystem on the external
environment (Costanza et al., 2014). Costanza et al. (1997) are the
first to identify the theory and method of calculating ESV
globally. In recent years, Xie et al. (2015) modified the
estimation method proposed by Costanza based on the reality
of China, put forward the ESV evaluation equivalence system,
and constructed a dynamic evaluation method of terrestrial
ecosystem value in China based on the equivalent factor
approach of unit area value. The equivalent factor approach of
unit area value has been greatly applied in the dynamic
monitoring and evaluation of ecosystems such as urban
ecosystem (Dai et al., 2021), wetland ecosystem (Zhou et al.,
2020), watershed ecosystem (Temesgen et al., 2018), and
farmland ecosystem (Fang et al., 2017).

At the same time, the carbon sink capacity of terrestrial
ecosystems plays a leading role in the global carbon cycle,
atmospheric CO2 absorption and global climate change
(Houghton, 2003). There is a response relationship between
carbon storage and land use change, and land use change is
usually accompanied by a large amount of carbon exchange
(Vizaino-Brawvo et al., 2020). Therefore, studying ecosystem
service function from carbon storage has become a new
perspective. Until now, the research method of ecosystem
service carbon storage based on InVEST model and the
ecosystem service function evaluation method combined with
the CA-Markov model have also been widely used (He et al.,
2016; Jiang et al., 2017; Li et al., 2021). Its research fields mainly
include the relationship between land use change and carbon
density in watershed (Zhao et al., 2019), carbon storage change
caused by urban expansion and simulation prediction (Firozjaei
et al., 2019), ESV change and ecological function improvement
model in mountainous areas (He et al., 2021), and spatiotemporal
change characteristics of ecological restoration projects and
carbon storage in plateau areas (Li et al., 2021). According to
relevant research results, the InVEST model requires little data
and runs fast. It can master the spatial distribution and dynamic
change of carbon storage from spatiotemporal scale, reflect the
relationship between land use change and carbon storage, and
realize the dynamic evaluation of ecological service function (Hou
et al., 2018).

As early studies on ecosystem service function are mostly
focused on the present and the past, there are fewer simulation

predictions for the future (Liu et al., 2021), which provided
insufficient support for ecological environmental protection
and management. The artificial neural network (Li and Yeh,
2005; Lei et al., 2012), CLUE-S (Zhang et al., 2014; Tian and Ren,
2012), SLEUTH (Nigussie and Altunkaynak, 2016; Nigussie and
Altunkaynak, 2019), CA-Markov (Liu et al., 2019; Wang et al.,
2020; Matlhodi et al., 2021) and other prediction models is
applied in the study of land use evolution, especially CA-
Markov model that predicts the change trend of land use in
the future based on land use transfer matrix and land use data.
The CA-Markov model can not only effectively simulate spatial
change in land use, but also improve the prediction accuracy of
land use type transformation, which overcomes the shortcomings
of traditional land evolution simulation models (Zhang et al.,
2017) and greatly promotes the prediction study of ecosystem
service function evolution. Gaglio et al. (2019) evaluated the
ecosystem service function of Paul do Boquilobo in 1967, 1990
and 2015, and further simulated and evaluated the ecosystem
service function under two different situations of “high
productivity agriculture” and “complete natural vegetation
coverage” in 2050. Liu et al. (2021) used InVEST model and
CA-Markov model to predict and analyze the spatiotemporal
change and evolution trends of carbon storage in Shule River
Basin, and considered that the growth of grassland, cropland and
woodland area was the main reason for the increase of regional
carbon storage. Gao et al. (2021) estimated the change of ESV
based on the land use data of Shijiazhuang City in 1988, 1998,
2008 and 2018, and simulated the change of ESV in 2030 under
three different situations by using CA-Markov, so as to provide
scientific guidance for the construction of urban network.
Gashaw et al. (2018) estimated land use land cover (LULC)
change and its impact on ESV of Andassa Watershed of the
Upper Blue Nile Basin, and predicted ESV change from 2018 to
2045, which provides a basis for the decision-making of regional
ecological protection.

In recent years, great importance was attached to ecosystem
service researches which yielded solid outcomes. However, a
majority of researches was only evaluated from ESV, lacking
effective comparison of multiple methods, resulting in relatively
single outcomes, and significantly fewer researches on the
ecological service function of alpine plateau area. The Western
Sichuan Plateau is Located at the southeastern edge of Qinghai-
Tibet Plateau, which is a typically eco-environment fragile and
climatically sensitive area in China. It is also an important
ecological barrier and water conservation area in the upper
reaches of Yangtze River and Yellow River, and has a
significant ecological status (Wu et al., 2021; Zhong et al.,
2021). Facing the combined impact of climate change, natural
disasters and human activities, ecosystem service function in the
Western Sichuan Plateau have changed significantly, but the
temporal and spatial differences are still unclear. In this
context, this paper chooses the Western Sichuan Plateau as the
study area and introduces CA-Markov model to predict the land
use types in 2030. Based on the improvement of the unit area
value equivalent factor method and InVEST model, the temporal
and spatial evolution characteristics of the ecological service
function in the study area were compared and analyzed from
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the perspectives of ESV and carbon storage, as to analyze the
possible future ecological environment issues and find the key
prevention and control area. The research results are conducive to
understand the evolution characteristics and future development
trend of the ecosystem in the Western Sichuan Plateau, provide
theoretical basis for the rational utilization of land resources and
the protection of ecological environment, and promote ecological
protection and regional high-quality development in ecologically
fragile areas.

2 OVERVIEW AND RESEARCH METHODS
OF THE STUDY AREA

2.1 Overview of the Study Area
With an area of about 2.59 × 105 km2, the Western Sichuan
Plateau (27.11°–34.31°N and 97.36°–104.62°E) is located in the
transition zone between Qinghai-Tibet Plateau and Sichuan
Basin, including 31 counties under the jurisdiction of Garze
Tibetan Autonomous Prefecture and Aba Tibetan and Qiang
Autonomous Prefecture, andMuli County, Yanyuan County, and
part of Mianning County of Liangshan Yi Autonomous
Prefecture. As a part of the ecological barrier of the Qinghai-
Tibet Plateau, the Western Sichuan Plateau has outstanding
ecological functions such as water conservation, soil and water
conservation, biodiversity maintenance and climate regulation, so
it is also one of the hotspots of biodiversity protection in the
world. With the elevation ranging from 780 to 7556 m and large
topographic fluctuations, the study area is dominated by high
mountain valleys and high mountain plateaus. With annual

precipitation about 556.8–730 mm and temperature about
9.01–10.5°C, the climate in the study area is subtropical
plateau monsoon climate with obvious geographical
differences. The study area is rich in water resources,
including the Yalong River, Dadu River, Min River, and other
important river systems in the upper reaches of the Yangtze River,
and the Baihe River, Heihe river and other river systems of the
Yellow River (Figure 1). The main vegetation types are alpine
meadow, shrub, coniferous forest, broad-leaved forest, etc., which
makes the study area the most coniferous forest types in China.
The main types of soil are plateau meadow soil, dark brown soil,
brown soil, cold frozen soil, and cinnamon soil, and these five
types account for more than 85% of the total area of the
study area.

2.2 Data Sources and Processing
The land use remote sensing monitoring data, administrative
boundary data and geological disaster vector data were obtained
fromResources and Environmental Science andData Center (http://
www.resdc.cn/). The spatial resolution of land use remote sensing
monitoring data is 30 m× 30m, including six first-level classification
and 26 second-level classification. The first-level classification
includes cropland, woodland, grassland, water body, built-up
land, and unused land. The accuracy of remote sensing
classification is not less than 95% for cropland and built-up land,
not less than 90% for grassland, woodland, and water body, and not
less than 85% for unused land, which meets the need of the research.
After pre-processing such as merging, cropping and reclassification,
the land use classification maps for seven periods of 1990, 1995,
2000, 2005, 2010, 2015 and 2020 were obtained. The geological

FIGURE 1 | Location of the study area.
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disaster data with 12,192 geological disasters in number covered the
period from 1990 to 2020. By making combined analysis with both
ESV and carbon storage layers, the impact of geological disasters on
ecosystem service function was estimated.

The DEM data were obtained from the Geospatial Data Cloud
(http://www.gscloud.cn/) with a spatial resolution of 30m × 30m.
The Qinghai-Tibetan Plateau boundary data were collected from the
Global Change Research Data Publishing and Repository (http://
www.geodoi.ac.cn/WebCn/Default.aspx). Data of carbon density of
different land types were obtained fromChinese EcosystemResearch
Network Data Center (http://www.nesdc.org.cn/). Meteorological
data such as rainfall and temperature came from China Climate
Bulletin (http://zwgk.cma.gov.cn/). Social and economic data such as
grain output per unit area and sown area of crops mainly came from
China Statistical Yearbook and Sichuan Statistical Yearbook, while
grain price came from Sichuan Grain Network (http://www.scgrain.
com/). All the data were entered into GIS geodatabase after
preprocessing.

2.3 Research Method
2.3.1 Evaluation of Ecosystem Service
Costanza et al. (1997) clarified the principles and methods of
evaluating the value of ecosystem service, and then Xie et al.
(2003) proposed the Chinese Ecological Service Value Equivalent
Factor Approach based on the research of Costanza. This study is
based on the ESV equivalent table per unit area proposed by Xie
et al. (2015). China’s average grain output per unit area in 2020
was kg·hm−2, while the average grain output in the Western
Sichuan Plateau was 3,422.53 kg·hm−2, and the average price of
grain crops was 2,670 yuan·hm−2. Since the economic value
provided by the natural ecosystem is one seventh of the
economic value of food output service provided by the existing
cropland per unit area, the economic value of the ESV equivalent
factor of the Western Sichuan Plateau after modified is
determined as 1,305.45 yuan·hm−2, and then the ESV per unit
area of the Western Sichuan Plateau was obtained (Table 1).

The formula for calculating the value of ecosystem services in
the study area is:

ESV � ∑
n

i�1
Si × VCj (i � 1, 2, ...n), (1)

Where ESV represents the ESV (yuan); S represents the area
(hectares) of land use type i in the study area, and VC represents
the ESV coefficient (yuan·hm−2) per unit area of the ecosystem type i.

2.3.2 Carbon Storage Evaluation Based on INVEST
Model
The carbon storage model of the InVEST model divides the
carbon storage of the ecosystem into four basic carbon pools,
namely above-ground carbon, underground carbon, soil carbon,
dead organic matter carbon. The carbon exchange between
different carbon pools in terrestrial ecosystems and the
atmosphere is shown in Figure 2 (InVEST 3.2.0 User’s guide).

The calculation formula of total carbon storage in theWestern
Sichuan Plateau is as follows:

Ctotal � Cabove + Cbelow + Csoil + Cdead, (2)
Where Ctotal is the total carbon storage; Cabove is the above-
ground carbon storage; Cbelow is the underground carbon storage;
Csoil is the soil carbon storage, and Cdead is the dead organic
matter carbon storage.

Based on the carbon density and land use data of different land
use type, the carbon storage of each land use type in the Western
Sichuan Plateau is calculated by the formula:

Ctotali � (Cabove + Cbelow + Csoil + Cdead) × Ai, (3)
Where i is the average carbon density of each land use, and Ai is
the area of this land used.

The carbon density data of different land use types in this
study were obtained from the shared date of the National
Ecological Science Data Center and some documents (Chen
et al., 2002; Li et al., 2003; Xie et al., 2004; Chuai et al., 2013;
Zhang et al., 2018). Since the carbon density data were collected
from the results of studies in different parts of China, the selected
documents should be close to or be similar to the study area as far
as possible to avoid excessive data gap. At the same time, the
carbon density varies with climate, soil properties and land use
(Fu et al., 2019), so the carbon density should be modified
according to the climate characteristics and land use types of
the Western Sichuan Plateau. Existing research results show that
the carbon density is positively correlated with annual
precipitation and weakly correlated with annual average

TABLE 1 | Average ESV of per—hectare of land in the Western Sichuan plateau (yuan·hm−2).

First category Second category Cropland Woodland Grassland Water body Built-up land Unused land

Provisioning service Food production 1,109.63 404.69 130.55 1,044.36 0.00 0.00
Raw materials 522.18 926.87 182.76 300.25 0.00 0.00
Water supply 26.11 483.02 104.44 10,822.18 0.00 104.85

Regulating service Gas regulation 874.65 3,067.81 665.78 1,005.20 0.00 33.88
Climate regulation 469.96 9,177.31 1749.30 2,989.48 0.00 26.21
Waste treatment 130.55 2,597.85 574.40 7,245.25 0.00 133.46
Hydrological regulation 352.47 4,582.13 1,279.34 133,,469.21 0.00 383.80

Supporting service Soil conservation 1,344.61 3,733.59 809.38 1,214.07 0.00 25.14
Maintain nutrient cycle 156.65 287.20 65.27 91.38 0.00 0.00
Biodiversity conservation 169.71 3,394.17 731.05 3,328.90 0.00 25.62

Cultural service Entertainment 78.33 1,488.21 326.36 2,467.30 0.00 16.94
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temperature. The quantitative expression of the relationship
between carbon density and temperature and precipitation is
as follows (Raich and Nadelhoffer, 1989; Giardina and Ryan.,
2000; Chen et al., 2007; Alam et al., 2013).

CSP � 3.3968 × P + 3996.1 (R2� 0.11), (4)
CBP � 6.7981e0.00541P (R2� 0.70), (5)

CBT � 28 × T + 398 (R2� 0.47,P< 0.01), (6)
Where CSP is the soil carbon density (kg.m

−2) based on the annual
precipitation; CBP is the biomass carbon density (kg.m−2) based
on the annual precipitation; CBT is the biomass carbon density
(kg.m−2) based on annual average temperature; P is the average
annual precipitation (mm), and T is the annual average
temperature (°C). In the past 30 years, the average annual
temperature of China and the Western Sichuan Plateau was
9.0 and 6.3 °C, and the average annual precipitation was
643.50 and 812.65 mm respectively. The product of the carbon
density data of the reference documents and the modified indices
is the carbon density data of the Western Sichuan Plateau.

The modified formula of carbon density in the Western
Sichuan Plateau is as follows:

KBP � CBP
′

CBP
″,
, (7)

KBT � CBT
′

CBT
″, (8)

KB � KBT × KBP, (9)
KS � CSP

′

CSP
″, (10)

Where KBP is the modified indices of precipitation factor in biomass
carbon density; KBT is the modified indices of temperature factor;
C′BP and C″BP are the biomass carbon density obtained from annual
precipitation in the Western Sichuan Plateau and the whole country
respectively. C′BT and C″BT are the biomass carbon density obtained
from annual average temperature; C′SP and C″SP are the soil carbon
density data obtained from annual average temperature; KB and KS

are the biomass carbon density modified indices and soil carbon
density modified indices respectively. The carbon density values of
each land use type after modified in theWestern Sichuan Plateau are
shown in Table 2.

2.3.3 CA-Markov Model
CA-Markov model, the main tool to simulate Land-Use and
Land-Cover Change (LUCC) (Sang et al., 2010), combines
Cellular Automata (CA) and Markov model and uses
transition probability matrix to simulate the change of land
use over time. Markov model simulates the matrix of land use
change over time by calculating the probability of land use
transfer in the first and second phases for predicting the
subsequent changes on this basis (Zhao et al., 2019). The
calculation formula is as follows (Nasehi et al., 2019):

Pij �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

P11 P12 ... P1n

P21 P22 ... P2n

... ... ... ...
Pn1 Pn2 ... Pnn

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦, and ∑
n

j�1
Pij � 1(i, j � 1, 2, ..., n),

(11)
St + 1 � PijpS, (12)

Where St, and St + 1 is the land use state during t and t + 1
respectively; Pij is the transition probability matrix, and n is the
land use type.

CA model can simulate the spatiotemporal evolution of land
use, can reflect the local interaction of system evolutionary

FIGURE 2 | Carbon exchange between carbon pool and the atmosphere.

TABLE 2 | Carbon density values of different land use types in the Western
Sichuan plateau (t·hm−2).

Land use type Cabove Cbelow Csoil Cdead

Cropland 1.241 17.574 11.847 2.138
Woodland 9.233 33.670 17.355 3.073
Grassland 7.687 25.130 10.918 1.585
Water body 0.653 0.000 0.000 0.000
Built-up land 0.544 7.990 0.000 0.000
Unused land 0.283 0.000 2.361 0.000
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dynamics (Wang et al., 2021) and simulate random, nonlinear, and
spatial change trends. This makes up for the failure of Markov
model to identify the spatial variability of land use
(Wickramasuriya et al., 2009). CA model is represented as follows:

S(t, t + 1) � f[S(t), N], (13)
Where s is the set of finite and discrete states of the cell; f is the
conversion rule function of the cell state;N is the neighborhood of
each cell; t and t + 1 are two different moments.

The year 2010 was taken as the starting timefor prediction to
simulate the land use situation in the study area in 2030, and Kappa
coefficients were used to test the simulation results. UsingCROSSTAB
model IDRISR 17.0, the Kappa coefficients of 2010 are 0.929,
indicating good simulation effect (Liu et al., 2021; Yang et al.,
2021) and the verified CA-Markov can be used to predict land use
in 2030.

Combined with The Regional Ecological Construction and
Environmental Protection Plan of The Qinghai-Tibet Plateau
(2011–2030), we took the year 2010 as the starting time for
prediction, thus the data to land use in 2020 was calculated. By
comparison the prediction results and the actual data to land use
in 2020, we concluded that the Kappa coefficients were 0.929,
indicating that the simulation result was working well (Liu et al.,
2021; Yang et al., 2021). On this basis, the data to land use in 2030
was worked out with taking the year 2020 as the starting time for
prediction. All predictions conducted are based on natural
variation scenarios, without limiting factors.

2.3.4 Analysis Method for Changes in Ecological
Service Functions
This study uses exploratory spatial analysis to reveal the spatial
agglomeration types and autocorrelation of ecosystem service
function changes in the Western Sichuan Plateau. The global
Moran’s I is used for global autocorrelation measurement and
examination, and its calculation formula is as follows (Lei et al., 2020):

Moran’I �
n∑

n

i�1
∑
n

j�1
wij(xi − x)(xj − x)

∑
n

i�1
(xi − x)∑

n

i�1
∑
n

j�1
wij

, (14)

Where n is the number of grids; xi and xj are the attribute values of
grid i and j respectively; x is the average value of attributes; wij is
the spatial weight matrix. If Moran’s I is significantly positive, it
indicates that there is a spatial positive correlation of ESV;
otherwise, there is a spatial negative correlation; when Moran’s
I is 0, it indicates random distribution.

Kernel density was used to estimate the spatial clustering of
ecological service change in different periods. The higher the kernel
density value, the greater the intensity of regional changes and the
more obvious the clustering characteristics (Liu et al., 2015).

fn(x) � 1
nh

∑
n

i�1
k(

x −Xi

h
), (15)

Where f (x,y) is the density estimation at the location (x, y); n is
the number of ecological service function change points; x−Xi is

the distance between the location and the i-th observation
location, and h is the bandwidth.

3 RESULTS AND ANALYSIS

3.1 Change Characteristics of Land Use in
the Study Area From 1990 to 2020
The data to land use in western Sichuan Plateau from 1990 to
2020 was shown in Figure 3.

From 1990 to 2020, grassland occupied more than 55% of
the study area. While woodland area followed, accounting for
about 44%. The coverage rate of unused land, cropland, water
body and built-up land was relatively low, accounting for less
than 10% of the study area. Throughout the past three decades
years, the area of each region changed to varying degrees, with
the biggest change in the area of the built-up land which
increased by 141.38%. Then, the water body area continued
to rise, with a cumulative increase of 44.11%. Woodland and
unused land reflected a fluctuating rise, with the largest
increase occurring from 2005 to 2010. The area of cropland
and grassland decreased by 1.17 and 2.06%, respectively.
Cropland area dropped significantly from 1990 to 1995, and
grassland area from 2005 to 2010. In general, the continuous
increase area of built-up land and water body was witnessed as
the result of population growth and extensive human activities.
By implementing policy of returning farmland to forest and
protecting natural forest, the area of woodland continued to
rise. At the same time, geological disasters and human
activities led to some grassland degradation, and increased
area of unused land.

3.2 Spatiotemporal Change Characteristics
of Carbon Storage in the Study Area From
1990 to 2020
3.2.1 Overall Change Characteristics of Carbon
Storage
The carbon storage of the Western Sichuan Plateau from 1990 to
2020 were calculated respectively, and the carbon storage of
different land use types and total carbon storage of the study
area in each year are shown in Table 3.

As shown in Table 3, the carbon storage of the Western
Sichuan Plateau from 1990 to 2020 is 1.2445 × 1010 t, 1.2453 ×
1010 t, 1.2438 × 1010 t, 1.2438 × 1010 t, 1.2465 × 1010 t, 1.2461 ×
1010 t, 1.2455 × 1010 t respectively, increased 3.1666 × 107 t per
year on average. Among them, the carbon storage slowly
increased from 1990 to 1995, slightly decreased from 1995 to
2005, increased relatively more from 2005 to 2010, and slowly
decreased from 2010 to 2020, showing a fluctuating increasing
trend of “increase-decrease-increase-decrease”.

From the perspective of land use types, the carbon storage
of different land use types in different periods of the Western
Sichuan Plateau has little change. In general, the carbon
storage of woodland, water body, built-up land and unused
land increased, among which the carbon storage of water body
and built-up land increased significantly; the carbon storage of
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cropland and grassland decreased by 1.17 and 2.06%
respectively in 2020 compared with 1990. In terms of the
contribution of different land use types to the total carbon
storage, the contribution rate is grassland, woodland,
cropland, unused land, built-up land and water in a
descending order. Woodland and grassland account for 34
and 56% of the total area of the study area respectively, and
their carbon storage accounts for 45 and 53% of the total
carbon storage, which are the main carbon pools in the
study area.

From Table 3, it can be seen that the correlation between the
total carbon storage and above-ground biological carbon
storage is not significant in the Western Sichuan plateau.

The main reason is that this area is dominated by grassland
and woodland, and the high altitude, cold climate and
relatively low precipitation prevent crops and forest grasses
from fixing carbon on the ground for a long time due to
withering and dying, resulting in insignificant correlation
between above-ground carbon storage and total carbon due
to depletion. The underground biological carbon storage, soil
carbon storage and dead organic matter carbon are all
significant positive correlation with total carbon stock. In
conclusion, woodland and grassland represent the main
carbon pools. That to say, the increase and decrease in the
coverage of the two types of land serve as the main reason for
the changes of regional carbon storage.

FIGURE 3 | Land use of the Western Sichuan Plateau from 1990 to 2020.

TABLE 3 | Carbon storage of the Western Sichuan Plateau from 1990 to 2020.

Types Year Cropland Woodland Grassland Water
body

Built-
up
land

Unused
land

Total

Carbon storage/
(106 t)

1990 197.71 5,592.72 6,607.43 0.78 1.14 45.67 12,445.45
1995 194.63 5,618.66 6,592.33 0.78 1.18 45.73 12,453.3
2000 197.27 5,569.24 6,623.99 0.79 1.19 45.66 12,438.15
2005 197.4 5,569.63 6,623.25 0.79 1.2 45.67 12,437.95
2010 196.81 5,741.26 6,478.07 1.01 1.95 45.91 12,465.02
2015 195.9 5,738.58 6,476.89 1.05 2.33 45.89 12,460.64
2020 195.39 5,738.8 6,471.07 1.13 2.75 45.82 12,454.95

Changing rate/(%) 1990–1995 −1.56 0.46 −0.23 0.00 3.51 0.13 0.06
1995–2000 1.36 −0.88 0.48 1.28 0.85 −0.15 −0.12
2000–2005 0.07 0.01 −0.01 0.00 0.84 0.02 0.00
2005–2010 −0.30 3.08 −2.19 27.85 62.50 0.53 0.22
2010–2015 −0.46 −0.05 −0.02 3.96 19.49 −0.04 −0.04
2015–2020 −0.26 0.00 −0.09 7.62 18.03 −0.15 −0.05
1990–2020 −1.17 2.61 −2.06 44.87 141.23 0.33 0.08
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3.2.2 Spatiotemporal Change Characteristics of
Carbon Storage
From the perspective of the spatial pattern of carbon storage in
the Western Sichuan Plateau (Figure 4), there is no obvious
difference in the spatial distribution of carbon storage from 1990

to 2020, and high carbon storage is distributed throughout the
whole area. The carbon storage of the Yalong River, Dadu River
and Min River is obviously high, which is closely related to the
rich water resources and high forest coverage in this area. Areas
with low carbon storage are sporadically distributed in the

FIGURE 4 | Temporal and spatial distribution of carbon storage during 1990–2020.

FIGURE 5 | Spatial distribution changes of carbon storage during 1990–2020.
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middle, west and north of the study area in the shape of dot and
strip, mainly because water body and unused land occupy a
relatively high proportion.

In order to further reflect the spatial change of carbon storage
in the Western Sichuan Plateau from 1990 to 2020, the two
periods of carbon storage distribution map in 2020 and 1990
were raster processed, with a raster size of 30 × 30 m. The Map
Algebra tool of Arcgis was used to calculate the change of each
raster. The carbon storage change value greater than 5% is
defined as the increase region, the carbon storage change value
less than −5% is defined as the decrease region, and the carbon
storage change value between −5 and 5% is defined as no change
region.

From Figure 5, it can be seen that the carbon storage in most
areas of the Western Sichuan Plateau remained basically
unchanged from 1990 to 2020. Statistics showed that the no
change region is 2.3617 × 107 hm2, accounting for 91.28% of the
total area; the decrease region is 1.0439 × 106 hm2, accounting for
4.03% of the total area; the increased area is 1.2131 × 106 hm2,
accounting for 4.69% of the total area. From the perspective of
spatial distribution, the decrease and increase regions are
scattered. The decrease regions are relatively concentrated in
10 counties such as Zoige County, Hongyuan County, Songpan
County, Wenchuan County and Xiangcheng County, mainly
because the carbon storage is reduced due to grassland
degradation caused by climate change, mountain disasters and
human activities (Liu et al., 2020). Areas with relatively
concentrated increase of carbon storage are mainly located in
Litang County, Daofu County, Sertar County and other counties,
which are closely related to the benefits generated by the natural
forest protection project.

3.3 Spatiotemporal Change Characteristics
of ESV in the Study Area From 1990 to 2020
3.3.1 Overall Change Characteristics of Ecological
Service Value
Combining the land use data of the Western Sichuan Plateau, the
ESV was calculated, and the ESV of different land use types from
1990 to 2020 were obtained (Table 4).

From Table 4, it can be seen that the ESV of the Western
Sichuan Plateau from 1990 to 2020 is 3,867.8356 × 108 yuan,
3,875.9691 × 108 yuan, 3,861.5667 × 108 yuan, 3,862.0352 × 108

yuan, 3,976.9597 × 108 yuan, 3,985.0731 × 108 yuan, 4,003.7864 ×
108 yuan.With an increase of 135.9509 × 108 yuan (3.29%) and an
average annual increase of 4.5317 × 108 yuan, the overall change
of carbon storage in the Western Sichuan Plateau during the
30 years is not significant. From the trend of ESV changes, ESV
increased slowly from 1990 to 1995, decreased slowly from 1995
to 2005, increased significantly from 2005 to 2010, and slowed
down the increase trend from 2010 to 2020, presenting a
fluctuation of “increase-decrease-increase” fluctuation state on
the whole.

In terms of land use types, the ESV of different land use types
in theWestern Sichuan Plateau changed little in different periods.
In general, the ESV of woodland, water body and unused land
increased, and the increase trend of water body was the most
obvious. The ESV of water body increased by 44.11% during the
30 years, which is partly related to the hydropower plant
construction activities carried out in the Min River, Yalong
River and Dadu River during the period. The ESV of cropland
and grassland decreased slightly, decreasing by 1.15 and 2.06%

TABLE 4 | ESV change of the Western Sichuan Plateau during 1990–2020.

Types Year Cropland Woodland Grassland Water body Unused land Total

ESV/(108 yuan) 1990 31.5534 2,661.8907 964.9541 196.4838 12.9536 3,867.8356
1995 31.0625 2,674.2378 962.7486 194.9501 12.9701 3,875.9691
2000 31.4845 2,650.7155 967.3723 199.0429 12.9515 3,861.5667
2005 31.5051 2,650.8996 967.2645 199.4129 12.9531 3,862.0352
2010 31.4112 2,732.5903 946.0621 253.8747 13.0214 3,976.9597
2015 31.2653 2,731.3146 945.8894 263.5875 13.0162 3,985.0731
2020 31.1835 2,731.4168 945.0399 283.1463 12.9943 4,003.7864

Changing rate/(%) 1990–1995 −1.56 0.46 −0.23 −0.78 0.13 0.21
1995–2000 1.36 −0.88 0.48 2.10 −0.14 −0.37
2000–2005 0.07 0.01 −0.01 0.19 0.01 0.01
2005–2010 −0.30 3.08 −2.19 27.31 0.53 2.98
2010–2015 −0.46 −0.05 −0.02 3.83 −0.04 0.20
2015–2020 −0.24 0.00 −0.09 7.42 −0.17 0.47
1990–2020 −1.15 2.61 −2.06 44.11 0.31 3.51

FIGURE 6 | Structure comparison of secondary types of ESV during
1990–2020.
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respectively, which is related to the continuous expansion of
built-up land during the period. From the perspective of the
contribution of different land use types to regional ESV, the
contribution rate of different land use types is woodland,
grassland, water body, cropland and unused land in
descending order, of which the woodland with a contribution
rate of more than 68% is the main component of ESV in the study
area. In summary, the service structure of the Western Sichuan
Plateau remained generally stable. The varying coverage of water
body and woodland is the most important cause for the change of
regional ESV and spatial difference.

Among the second-level ecological service function value, the
ecological service function value per unit area from low to high is
nutrient cycle maintenance, raw material production, food
production, aesthetic landscape, gas regulation, soil
conservation, biodiversity, environmental purification, water
supply, climate regulation and hydrological regulation, and the
value of the following function from low to high is: nutrient cycle
maintenance, food production, water supply, raw material
production, aesthetic landscape, environmental purification,
gas regulation, biodiversity, soil conservation, hydrological
regulation and climate regulation. The structure of various
service functions is basically stable from 1990 to 2020
(Figure 6). Among the first-level ecological service function
value, the value of provisioning service is 16,161.8836 yuan/
hm2; the value of regulating service is 170,808.0298 yuan/hm2;
the value of supporting service is 15,376.7448 yuan/hm2, and the
value of cultural service is 4,377.1408 yuan/hm2. The total value
ratio of the four first-level ecological service functions was
basically maintained at 6: 65: 23: 5, and the regulation service

took an obvious advantage, indicating that ecological protection
is the focus of the study area.

3.3.2 Spatial Change Characteristics of Ecological
Service Value
From the perspective of spatial pattern of ESV (Figure 7), the
spatial distribution characteristics of ESV are similar to carbon
storage, showing the characteristics of “high in the south and low
in the north” and “high in the east and low in the west”. The main
reasons for the overall low ESV are the high altitude and cold
climate in the north, and the main land use types are grassland
and unused land. While in the east and south, the climate is
relatively warm and humid and the main land use types are
woodland and cropland. At the same time, the Min River, Dadu
River, Yalong River and Jinshajiang River are the main rivers
within the territory, which flow from north to south or southeast,
so the ESV in the south and east is relatively high. From the
perspective of time dimension, there is no significant difference in
ESV between 1990 and 2020. The ecological advantages in the
south and east still persist, and the regulating capacity of the
ecosystem continues to be enhanced, indicating that the
conservation and management of public welfare forests,
natural forests and grassland resources implemented over the
years show good ecological effects. In order to further identify the
spatial differentiation characteristics of ESV in the Western
Sichuan Plateau from 1990 to 2020, the distribution maps of
ESV in 2020 and 1990 were raster processed and the raster size
was 30 × 30 m to calculate the changes of ESV in each raster. The
ESV change value greater than 5% is defined as the increase
region, less than −5% is defined as the decrease region, and the

FIGURE 7 | The spatial distribution of ESV during 2006–2020.
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ESV change value between −5 and 5% is defined as no change
region.

From Figure 8, it can be seen that there is no change of ESV in
most areas of the Western Sichuan Plateau from 1990 to 2020,
indicating that the Western Sichuan Plateau ecosystem is
generally stable.

Statistics show that the no change region is 2.3617 × 107 hm2,
accounting for 91.28% of the total area; the decrease region is
9.9269 × 105 hm2, accounting for 3.84% of the total area; and the
increase region is 1.2644 × 106 hm2, accounting for 4.89% of the
total area. Areas in decrease region are sporadically distributed
like dots, and the relatively concentrated areas are mainly located
in the northeast and southwest of the study area. The main reason
for the decrease of ESV in the northeast is that the over-loading
rate of grassland was high before 2016, and the ecological
function of some wetland and plateau lakes was degraded due
to overgrazing. At the same time, the Min River Basin is densely
covered with deep-cut alpine landforms, ravines and frequent
natural disasters, especially theWenchuan earthquake has caused
serious damage to the regional ecological environment. The main
reason for the decrease in the southwest is the early woodland
degradation. Although major ecological projects such as
returning farmland to forest and natural forest protection were
actively implemented in the early stage, the problems such as low

quality of forest system and low efficiency of forest ecological
function were still prominent. Other sporadic reduction areas are
mainly caused by the expansion of built-up land and human
activities. The areas where ESV increases are mainly located in
Litang County in the East and Daofu County in the middle, which
is closely related to the increasing woodland area in these areas.

3.4 Simulation and Prediction of Ecosystem
Service Function in the Western Sichuan
Plateau in 2030
3.4.1 Land Use Changes of the Western Sichuan
Plateau in 2030
Using the CA-Markov model in IDRISSI 17.0 to predict the land
use of the western Sichuan plateau in 2030 under natural change
scenario, and conclude the changes of different land use from
2020 to 2030. The result was displayed in Table 5.

From Table 5, under the natural change scenario, the area of
woodland and built-up land will be further increased from 2020
to 2030, by 2.68 and 0.26% respectively. However, area of
cropland, grassland, water body and unused land decreased to
varying degrees, particularly the area of grassland and unused
land, all of which covered more than 1% of the study area. In
terms of transformation, the increased area of built-up land

FIGURE 8 | Spatial distribution changes of ESV during 1990–2020.

TABLE 5 | Land use of the western Sichuan plateau from 2020 to 2030.

Types Cropland Woodland Grassland Water body Built-up land Unused land

Area/(104 hm2) 59.1137 930.4460 1,406.2724 17.1306 3.2258 171.1685
Changing rate/(%) −0.76 2.68 −1.51 −0.79 0.26 −1.23
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mainly came from cropland, while grassland, water body and
unused land were mainly transformed into woodland.

3.4.2 Carbon Storage Changes of theWestern Sichuan
Plateau in 2030
The carbon storage of the Western Sichuan Plateau in 2030 was
calculated respectively. Different land use types, the total carbon
storage of the study area and the change rate of carbon storage
from 2020 to 2030 are shown in Table 6.

From Table 6, it can be seen that the carbon storage of the
Western Sichuan Plateau in 2030 is 1.2509 × 1010 t, and the
carbon storage increases by 5.2895 × 107 t in 10 years, with an
average increase of 5.2895 × 106 t per year, indicating that the
carbon storage of the Western Sichuan Plateau is increasing
under the background of natural change. In terms of land use
types, the carbon storage of cropland, grassland, water body and
unused land decreased slightly, while the carbon storage change
of built-up land was not obvious, and the carbon storage of
woodland increased significantly, which is themain reason for the
increase of total carbon storage in the study area from 2020
to 2030.

From the carbon storage spatial distribution of the Western
Sichuan Plateau (Figure 9), the spatial pattern of carbon storage
in 2030 does not change much compared with the period from
1990 to 2020. The high carbon storage areas are still distributed
throughout the whole area, while the low carbon storage areas are

distributed in the central, western and northern parts of the study
area in a dotted and banded pattern.

The carbon storage distribution map in 2030 was raster
processed to calculate the change of each raster from 2020 to
2030. The carbon storage change value greater than 5% is
defined as the increase region, less than −5% is defined as
the decrease region, and the carbon storage change value
between −5 and 5% is defined as no change region. From
2020 to 2030, the decrease region of carbon storage in the
Western Sichuan Plateau will be 291.19 ha; the increase region
will be 21,518.12 ha and no region will be 25,851,760.68 ha. The
Moran’s I for calculating the spatial change of carbon storage in
the Western Sichuan Plateau at the grid scale is 0.3423 and the
value of p < 0.001, indicating that there is a positive correlation
in the spatial change of carbon storage and a certain regional
distribution in space.

From the perspective of the spatial pattern of carbon
storage change (Figure 10), the increase region of carbon
storage is concentrated in Ruoergai County and Hongyuan
County in the northeast, and a small amount distributed in
Seda County and Shiqu County in the northwest. The
decrease region is relatively few and the agglomeration
characteristic is not obvious. The main reason lies in that
with the conducted desertification control project and the
implementation of ecological conservation policy in the

TABLE 6 | Carbon storage of the western Sichuan plateau from 2020 to 2030.

Types Cropland Woodland Grassland Water body Built-up land Unused land Total

Carbon storage/(106 t) 193.90 5,892.62 6,373.29 1.12 2.75 45.25 12,508.93
Changing rate/(%) −0.76 2.68 −1.51 −0.88 0.00 −1.24 0.43

FIGURE 9 | Temporal and spatial distribution of carbon storage in 2030. FIGURE 10 | Density distribution changes of carbon storage during
2020–2030.
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study area, the desertification issue in Ruoergai County,
Hongyuan County, Shiqu County and other key control
areas has been significantly addressed. Going forward, the
carbon storage capacity of the study area will continue to
be enhanced in the future because of the current policies
and treatment measures.

3.4.3 ESV Change of the Western Sichuan Plateau in
2030
The ESV of the Western Sichuan Plateau in 2030 was calculated
respectively. For different land use types, the total ESV of the
study area and the change rate of ESV from 2020 to 2030 are
shown in Table 7.

From Table 7, it can be seen that the ESV of the Western
Sichuan Plateau in 2030 is 4,027.8733 × 108 yuan, and the ESV
increased by 24.0869 × 108 yuan during the period from 2020 to
2030, with an increase of 0.43% and an average annual increase of
2.4087 × 108 yuan, indicating that the ESV in the Western
Sichuan Plateau shows an increasing trend under the natural
change situation.

From the perspective of the spatial distribution of ESV in the
Western Sichuan Plateau (Figure 11), the spatial pattern of ESV in
2030 has little change compared with the period from 1990 to 2020.
Areas with high ESV is still distributed in the whole region, while
areas with low ESV are distributed in the central, western and
northeastern part of the study area in a pattern of block and band.

The ESV distribution map in 2030 was raster processed to
calculate the change of each raster from 2020 to 2030. The ESV
change value greater than 5% is defined as the increase region,
less than −5% is defined as the decrease region, and the ESV
change value between −5 and 5% is defined as the no change
region. From 2020 to 2030, the decrease region of ESV in the
Western Sichuan Plateau will be 293.56 ha, while the increase
region will be 263,085.13 ha, and no change region will be
25,610,191.3 ha. The Moran’s I for calculating the spatial
change of ESV in the Western Sichuan Plateau at the grid
scale is 0.3779, the value of p < 0.001, indicating that there is a
positive correlation in the spatial change of ESV and a certain
regional distribution in space. From the perspective of the
spatial pattern of ESV change (Figure 12), the increase region
of ESV is concentrated in Ruoergai County and Jiuzhaigou
County in the northeast, Shiqu County in the in the northwest
and Mianning County, Muli County and Yanyuan County in
the south. The decrease area is relatively low, with a point
distribution and not obvious agglomeration characteristics.
From 2020 to 2030, the increased area of woodland in
Jiuzhaigou County, Ruoergai County, Shiqu County and
other regions is relatively large. While the contribution
from woodland to ESV is much greater than that to carbon
storage, which serves as the main reason for the slight
difference between the regional spatial pattern of ESV and
carbon storage.

TABLE 7 | Ecological service value and changes of the Western Sichuan Plateau in 2030.

Types Cropland Woodland Grassland Water body Built-up land Unused land Total

ESV/(108 yuan) 31.0004 2,735.7332 943.2192 304.9363 0.0000 12.9841 4,027.8733
Changing rate/(%) −0.59 0.16 −0.19 7.70 0.00 −0.08 0.60

FIGURE 11 | The spatial distribution of ESV in 2030. FIGURE 12 | Density distribution changes of ESV during 2020–2030.
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4 DISCUSSION

Unlike previous works, this study is based on the improved
InVEST model and the ESV equivalent factor model of Xie
Gaodi to study the ecosystem service function of the Western
Sichuan Plateau from carbon storage and ESV and predict their
change trends, which will be helpful to improve the accuracy of
evaluation results and the practicality of the research results.

From 1990 to 2020, the carbon storage of theWestern Sichuan
Plateau showed a fluctuating trend of “slow increase-rapid
decrease-rapid increase-slow decrease”, including two periods
of dramatic changes from 1995 to 2000 and from 2005 to
2010. From 1995 to 2000, the carbon storage decreased by
3.0315 × 106 t annually, which was related to the decrease of
forest area and the continuous increase of bare land area caused
by long-term logging activities. According to relevant studies,
more than 3.5 × 107 m of timber was cut in the Dadu River and
Yalong River basins of the study area between 1958 and the end of
the 20th century (Zhou, 2000). From 2005 to 2010, the average
annual increase of carbon storage was 5.4150 × 106 t. Thanks to
the implementation of Natural Forest Protection Regulations of
Sichuan Province and the Natural Forest Protection Project in
2000, the interference and destruction of ecological system caused
by human activities were reduced and forest resources were
protected (Lai and Yang, 2018), so that the period from 2005
to 2010 has shown good ecological benefits. It shows that the
ecological environmental protection measures, such as close
hillsides to facilitate afforestation and return the grain plots to
forestry and grass, can effectively promote the restoration and
rehabilitation of the regional ecological environment by reducing
the disturbance of human activities to the study area.

From 1990 to 2020, the overall trend of ESV is increasing,
which can be divided into four stages: “slow increase—slow
decrease—rapid increase—slow increase”. Similar to the trend
of carbon storage change, the two time periods with large
changes are 1995–2000 and 2005–2010, but the trend is
different after 2010. The overall increase of ESV in the study
area from 1990 to 2020 is consistent with the conclusion of
relevant studies. Jiang et al. (2020) found that ESV of the
Qinghai-Tibet Plateau increased by 2.26% in the past
25 years, mainly due to the large expansion of rivers and
lakes and the reduction of bare land and glacier snow cover.
The increase of rivers and plateau lakes contributes greatly to
the increase of regional ESV, but the carbon storage capacity of
water body is very weak, which is one of the reasons for the
inconsistent development trend of carbon storage and ESV
after 2010.

From 1990 to 2020, the spatial change of carbon storage and
ESV in the study area is consistent. The increase region is
mainly located in the middle and east of the study area, while
the decrease region is mainly located in the northeast and
southwest, which are mainly affected by land cover change.
Relevant studies have shown that the land use type and degree
in the Western Sichuan Plateau have a great impact on carbon
storage and ESV (Gascogine et al., 2011; Yang et al., 2014).
Over the past few decades, cover changes in Ruoergai County,
Jiuzhaigou County and Maoxian County in the northeast and

Litang County in the southwest of the Western Sichuan
Plateau have shown an overall decreasing trend (Zheng
et al., 2020). At the same time, from 1990 to 2020, the
population of the study area increased by 714,600 human
settlements continued to expand, and production activities
such as grazing intensified. As a result, the area of built-up land
and water body (mainly the increase in water storage area
caused by power stations) increased by 141.38 and 44.11%
respectively. Centralized grazing near the settlement
intensifies grassland degradation, while the West Sichuan
Plateau has a low temperature, low accumulated
temperature and long recovery cycle after the destruction of
grassland and woodland (Zhang et al., 2020).

The CA-Markov model was used to predict the land use of the
Western Sichuan Plateau in 2030. In line with the current
development trend, the carbon storage and ESV in the study
area will increase by 2.4807 × 106 t and 5.3980 × 109 yuan
respectively in the next decade, indicating an overall positive
development of ecological environment. The main reason for the
enhancement of ecosystem services was that land was developed
to woodland. It indicates that strengthening the construction of
key ecological function areas and biodiversity protection in the
Western Sichuan Plateau, enhancing the protection and
management of public welfare forests, natural forests and
grassland resources, promoting the rehabilitation of sandy
land, degraded alpine wetlands and river wetlands and the
restoration degraded grasslands will consolidate and enhance
the functional benefits of the ecosystem in the Western
Sichuan Plateau.

5 CONCLUSION

In this study, the CA-Markov model was employed to predict the
land use pattern under natural change scenarios, and the
improved InVEST model and equivalent method were used to
evaluate the ecosystem services in the study area from two
different perspectives. From 1990 to 2020, the carbon stock of
the western Sichuan Plateau showed an overall fluctuating
increase. While it reflected relatively dramatic during
1995–2000 and 2005–2010. The contribution rate to total
carbon storage in the study area arranged from high to low:
grassland, woodland, cropland, unused land, built-up land and
water body. The spatial carbon storage change in the past three
decades hasn’t changed much in Western Sichuan Plateau. The
changed areas are scattered and dotted in general, and relatively
concentrated in the east and southwest.

In the past three decades, the ESV increases are similar to
carbon stocks, showing an overall wave-like increase trend. The
ESV in 2005–2010 and 2015–2020 showed relatively dramatic
changes due to water body, and was slightly different from the
change trend of carbon storage. The contribution to regional ESV
arranges from high to low: woodland, grassland, water body,
cropland, unused land and built-up land. Woodland is the land
with the highest contribution rate. From the spatial distribution
of ESV, the overall spatial characteristics are “high in the south
and the east but low in the north and the west”. Areas with
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relatively obvious changes, mainly located in the northeast and
southwest of the study area, are caused by human activities and
natural disasters.

Ecosystem services in the western Sichuan plateau present
positive growth under current ecological conservation measures.
To pursue a high-standard regional development, efforts must be
intensified to stay regional ecological conservation above the red
line, reasonably control the coverage area of built-up land and
keep ecosystem stable.

This paper discussed the changing characteristics of ecosystem
services in the Western Sichuan Plateau from two perspectives,
further investigation is necessary. The simulation accuracy of
LUCC needs to be further enhanced in light of the actual
conditions and limiting factors in the study area. The carbon
density value should also be verified with measured data to
provide data basis for accurate estimation of carbon storage.
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Integrating Ecosystem Services Into
Assessments of Sustainable
Development Goals: A Case Study of
the Beijing-Tianjin-Hebei Region,
China
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Trade-offs between eco-environment protection and socioeconomic development hinder
the success of sustainable development goals (SDGs). Solutions based on ecosystem
services (ESs) provide the co-benefits and pathways for fulfilling the SDGs. However,
assessing the progress towards SDGs based on the contribution of ESs to SDGs is
lacking. Here we assessed the spatial-temporal changes of ecosystem service values
(ESV) and the SDG scores in the Beijing-Tianjin-Hebei region (BTH) over the past 20 years
using “ES-SDG linkages.” The total ESV and ES-SDG Index score in the BTH showed a
spatial pattern of high values in the northern plateau and low values in the southern plain.
The total ESV increased from 25,335 yuan ha−1 in 2000 to 27,344 yuan ha−1 in 2020,
mainly attributed to water provision and water regulation. The decrease of cropland,
grassland, and wetland in the BTH between 2000 and 2010 caused a decrease in the
value of nine ESs, whereas the increase of forestland, waterbodies and wetland between
2010 and 2020 contributed to an increase in the value of seven ESs. The ES-SDG Index
score decreased slightly from 36.8 in 2000 to 35.5 in 2010, and then increased to 36.0 in
2020 due to the control of rapid urbanization and strengthen of ecological restoration. Our
study indicates that the changes of ES-SDG Index score mainly depended on food
provision, water provision, climate regulation, nutrient cycling, habitat & biodiversity, and
cultural services. The assessment of SDGs suggests that SDG6, SDG11, and SDG12
should be prioritized to advance the synergistic development of SDGs in the BTH, which
will also enhance the understanding of stakeholders about the progress of
achieving SDGs.

Keywords: ecosystem service values, sustainable development goals, urbanization, ecological restoration, land-use
management
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1 INTRODUCTION

Ecosystem services (ESs) are the foundation of human well-being
and sustainable development (Costanza et al., 2016;
Geijzendorffer et al., 2017; Wood et al., 2018). The
interactions among ESs, human well-being, and sustainable
development have become one of the core issues in
sustainability science (Wu, 2013; Guerry et al., 2015; Fu,
2020). Since 17 sustainable development goals (SDGs) and 169
targets incorporating economic, social, and environmental
dimensions of sustainability were proposed by the United
Nations in 2015, most countries have made considerable
progress towards achieving those SDGs, especially in terms of
the elements of socioeconomic development (Sachs et al., 2021).
However, much progress made in socioeconomic development
was based on the unsustainable exploitation of nature.
Approximately 60% of ESs have been degraded globally (MA,
2005). Fourteen of the 18 categories of nature’s contributions to
people (NCP) have declined (IPBES, 2019). Biodiversity loss and
ecosystem fragmentation have threatened the realization of 80%
of the SDG targets (UNEP, 2021). Despite human activities
having created substantial wealth by exploiting ecosystems
intensively, it is difficult to compensate for the lost benefits
caused by eco-environment deterioration (Wood et al., 2018;
Yin et al., 2021). Achieving the SDGs was hindered by trade-offs
between eco-environmental protection and human well-being
(Yang et al., 2020).

Numerous studies have quantitatively evaluated the
performance of SDGs through environmental and
socioeconomic indicators (Schmidt-Traub et al., 2017; Xu
et al., 2020; Huan et al., 2021; Zhang et al., 2022b). However,
ES indicators were rarely considered in SDG assessment
(Cochran et al., 2020; Pires et al., 2021). ES-based solutions
with comprehensive consideration of land management,
ecological restoration, and human well-being can offer co-
benefits and pathways for the fulfillment of the SDGs
(Keesstra et al., 2018; Johnson et al., 2019; Yang et al., 2020;
Liu et al., 2022). Existing studies have linked ESs with SDGs
systematically mainly through expert survey and network
analysis. A science-policy tool using a Delphi process was
developed to prioritize NCP-SDG bundles (Anderson et al.,
2019). Online surveys that gather expert views on the
importance of ESs to achieving the SDGs were conducted to
evaluate the strengths of the SDG-ES relations (Wood et al., 2018;
Yang et al., 2020). Network analysis was used to unravel the
relationship between cryosphere services and SDGs based on the
chain of causal effects and cascading effects (Zhang et al., 2022a).
Additionally, bibliometric network analysis was also applied to
explore the connections between ESs and SDGs (Hawken et al.,
2021).

Twelve SDGs and 41 targets were identified to be closely
related to 16 ESs (Wood et al., 2018). Food provision, water
provision, carbon storage, and habitat & biodiversity were
recognized as critical services contributing to >14 SDG targets,
especially in SDG6 (Clean Water and Sanitation), SDG13
(Climate Action), SDG14 (Life Below Water), and SDG15
(Life on Land) (Wood et al., 2018; Yang et al., 2020). Water

provision, water regulation, climate regulation and research &
education among the cryosphere services were found to have
strong contributions to SDG1 (No Poverty), SDG 2 (Zero
Hunger), SDG 6 (Clean Water), SDG11 (Sustainable Cities
and Communities), SDG12 (Responsible Production and
Consumption) and SDG15 (Life on Land) (Zhang et al.,
2022a). Different types of ESs contribute different amounts to
SDGs. Even a single ES may benefit multiple SDGs, e.g. soil
conservation is perceived to benefit SDG6 (Clean Water and
Sanitation), SDG13 (Climate Action), and SDG15 (Life on Land)
(Yin et al., 2022). Improved food provision contributed to SDG1
(No Poverty), SDG2 (Zero Hunger), and SDG13 (Climate
Action), whereas, under scenarios tested in the Volta basin,
losses in other ESs such as erosion control had negative
consequences toward SDG15 (Life on Land), SDG6 (Clean
Water), and SDG3 (Good Health) (Johnson et al., 2019).
These all showed strong linkages between ESs and SDGs.
However, few studies have assessed the progress of SDGs
through the ES-SDG linkages. Therefore, it is vital to integrate
ESs into the assessment of SDGs in order to identify critical ESs
and SDGs for decision-making.

The Beijing-Tianjin-Hebei region (BTH) is one of the most
developed areas in Northern China (Zhou et al., 2018).
Socioeconomic development progressed considerably in the
BTH over recent decades. The proportion of urban population
has grown from 39% to 69%, the area of construction land has
grown 57%, and GDP has grown 8-fold between 2000 and 2020
(National Bureau of Statistics of China, 2001; National Bureau of
Statistics of China, 2021). However, environmental problems
such as sandstorms, air pollution, water pollution, and soil
erosion have also placed considerable pressure on the BTH
(Yang et al., 2019b). Eco-environment protection has been
strengthened since 2010. The rate of land urbanization has
been controlled (Tian et al., 2020). Previous studies found that
some important ESs such as sandstorm prevention and water
retention have been improved in the BTH, and the SDG Index
score continuously increased over this period (Ouyang et al.,
2016; Wang et al., 2019; Xu et al., 2020). However, how the
changes in ESV affect the achievement of SDGs in the BTH is still
unclear. Here we analyzed the spatial-temporal changes of the
value of 11 ESs and the ESV in the BTH at the county level from
2000 to 2020. Twelve SDG and ES-SDG Index scores were
assessed based on the “ES-SDG linkages” (Wood et al., 2018).
Critical ESs and SDGs were identified to inform land-use
management and sustainable development in the BTH and
other regions.

2 MATERIALS AND METHODS

2.1 Study Area
BTH is located in northeastern China between 36°05′–42°40′N
and 113°27′–119°50′E (Figure 1). It comprises 13 cities and
covers an area of about 218,000 km2. BTH has a population of
110.37 million and a gross domestic product (GDP) of
8,639.32 billion yuan, accounting for 7.8% and 8.5% of the
total Chinese population and GDP, respectively, in 2020. The
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geographical elevation descends from the northwest to the
southeast. A variety of ecosystem types can be found in the
BTH. Forestland and grassland, accounting for 21% and 16%
of the total land area of BTH, respectively, are mainly
distributed in the north and west where there is the
Bashang Plateau, and the Yanshan and Taihang Mountains.
The southeast is a wide plain where cropland (46%)
predominates, whereas water areas and wetlands (4%) are
mainly distributed in the alluvial coastal plain near the Bohai
Sea. The study area was determined to be 153 counties
(districts) excluding municipal district in the BTH.

2.2 Quantifying and Mapping ESV
Many studies have been performed on the evaluation of ESV
(Costanza et al., 1997; de Groot et al., 2012; Gashaw et al.,
2018). The equivalent factor method (Xie et al., 2003; Xie
et al., 2017), based on a survey of 500 Chinese ecological
experts, is widely used in ESV evaluations in China (Jiang
et al., 2021). The method classifies ESs into 11 types: food
provision (FP), raw material (RM), water provision (WP), air
quality regulation (AQR), climate regulation (CR), waste
treatment (WT), water regulation (WR), erosion prevention
(EP), nutrient cycling (NC), habitat & biodiversity (HB), and
cultural services (CS). The economic value of the standard
equivalent factor for ESV is equal to 1/7th of the market value
of national average food crops output per unit area (Hu et al.,
2021). The area, yield, and price of the crops in 2020 were
selected to calculate the economic value of the standard
equivalent factor. The equation is as follows:

VC0 � 1
7
∑n

i�1
piqi
m

(n � 1, 2, 3) (1)

where VC0 is the economic value of the standard equivalent factor
for ESV per unit area, n is the different crops (rice, wheat, and
corn), pi is the yield of different crops, qi is the price of different
crops, and m is the total area of all crops.

The calculation result of VC0 in the BTH was 2406.5 yuan
ha−1. The value of individual ESs and the total ESV were
calculated based on the following equation and mapped using
ArcGIS10.7.

AESVf � ∑(Ak × VC0 × ECfk)
S

(2)
AESV � ∑n

f�1AESVf(n � 1, 2, . . . , 11) (3)

where AESVf and AESV refer to the value of ES type “f” and the
total ESV per unit area, Ak is the area for the land-use “k,” ECfk is
the equivalent coefficient for land-use “k” and ES type “f,” and S is
the total land-use area. Given the different land-use types in the
BTH, the equivalent coefficients for each ESV per unit area were
listed in Table 1 (Xie et al., 2017).

2.3 Scoring ES-SDG Index
The ESV were standardized on a scale of 0–100 using min-max
normalization.

AESV′
f � AESVf −min(AESVf)

max(AESVf) −min(AESVf)
× 100 (4)

FIGURE 1 | Location of the Beijing-Tianjin-Hebei region. (A) Administrative boundary and elevation. (B) Land use type in 2020.
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Referring to the results of an expert survey on the
contributions of 16 ESs to 44 targets across 12 SDGs
conducted by Wood et al., 2018, we revised the
contribution of 11 ESs to 12 SDGs: SDG1 (No Poverty),
SDG2 (Zero Hunger), SDG3 (Good Health and Well-
Being), SDG6 (Clean Water and Sanitation), SDG7

(Affordable and Clean Energy), SDG8 (Decent Work and
Economic Growth), SDG9 (Industry, Innovation and
Infrastructure), SDG11 (Sustainable Cities and
Communities), SDG12 (Responsible Production and
Consumption), SDG13 (Climate Action), SDG14 (Life
Below Water), SDG15 (Life on Land) (Figure 2). SDG4

TABLE 1 | The equivalent coefficients for ecosystem service value per unit area in the Beijing-Tianjin-Hebei region.

Ecosystem
classification

Farmland Forest Grassland Wetland Barren land Water
area

Dry land Paddy
field

Broad-
leaved

Bush Prairie Meadow Wetland Desert Barren Water

Food provision 0.85 1.36 0.29 0.19 0.10 0.22 0.51 0.01 0.00 0.80
Raw material 0.40 0.09 0.66 0.43 0.14 0.33 0.50 0.03 0.00 0.23
Water provision 0.02 −2.63 0.34 0.22 0.08 0.18 2.59 0.02 0.00 8.29
Air quality regulation 0.67 1.11 2.17 1.41 0.51 1.14 1.90 0.11 0.02 0.77
Climate regulation 0.36 0.57 6.50 4.23 1.34 3.02 3.60 0.10 0.00 2.29
Waste treatment 0.10 0.17 1.93 1.28 0.44 1.00 3.60 0.31 0.10 5.55
Water regulation 0.27 2.72 4.74 3.35 0.98 2.21 24.23 0.21 0.03 102.24
Erosion prevention 1.03 0.01 2.65 1.72 0.62 1.39 2.31 0.13 0.02 0.93
Nutrient cycling 0.12 0.19 0.20 0.13 0.05 0.11 0.18 0.01 0.00 0.07
Habitat and biodiversity 0.13 0.21 2.41 1.57 0.56 1.27 7.87 0.12 0.02 2.55
Cultural services 0.06 0.09 1.06 0.69 0.25 0.56 4.73 0.05 0.01 1.89

FIGURE 2 | ES-SDG linkages (modified from Wood et al., 2018).
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(Quality Education), SDG5 (Gender Equity), SDG10
(Reduced inequalities), SDG16 (Peace, justice and strong
institution), SDG17 (Partnerships for the goals) and the
other 125 targets were excluded since there was no clear
environmental connection. Based on the “ES-SDG
linkages”, the SDG score was calculated as follows (Chen
et al., 2022):

SDGj �
∑n

f�1(AESV′
f × xf × Tf,j × yj)

∑n
f�1(Tf,j)

(5)

where SDGj is the SDG j score, Tf, j is the number of ES-SDG
target linkages under the SDG j, and xf and yj are the weights
of ESj and targets within the SDG j, respectively. In assuming
that every ES and target has the same priority within each
SDG, x and y were set to 1. For example, there were three
targets (1.1, 1.2, and 1.5) under SDG1, which were strongly
supported by the five ESs (food provision, raw materials, water
provision, habitat & biodiversity, and cultural services)
(Figure 2). Consequently, the SDG1 score could be
expressed as [(ESfood provision × 3) + (ESraw materials × 3) +
(ESwater provision × 3) + (EShabitat & biodiversity × 3) + (EScultural
services × 3)]/(3 + 3 + 3 + 3 + 3).

The integrated ES-SDG Index score was calculated as follows:

ES − SDG Index � ∑m
j�1SDGj

m
(6)

where m is the number of all evaluated SDGs.

2.4 Data Resources
Land-use data in 2000, 2010, and 2020 with a resolution of
30 m were obtained from the Resource and Environmental
Science and Data Center of the Chinese Academy of Sciences
(https://www.resdc.cn/). It was generated by manual visual
interpretation from Landsat TM remote sensing images. The
crop areas and crop yields were collected from the China
Statistical Yearbook. The crop prices were collected from the
Ministry of Agriculture and Rural Affairs of China (http://
www.moa.gov.cn/).

3 RESULTS

3.1 Changes of Land Use
The land use of the BTH changed dramatically in terms of the
cropland and construction land from 2000 to 2020 (Figure 3).
Cropland decreased the most (7,775 km2), followed by grassland
(1,323 km2) and wetland (1,143 km2). Construction land increased
the most (8,058 km2), followed by water (1,927 km2) and forestland
(765 km2). However, the construction land increasedmuch less in the
2010s than 2000s. The decrease of cropland and grassland also slowed
in the 2010s. The wetland increased from 2010 to 2020.

3.2 Spatial-Temporal Changes of ESV
3.2.1 Spatial-Temporal Changes of Individual ESV
The value of 11 ESs in the BTH showed different spatial variation
(Figure 4).WR had the largest ESV in the BTH among the 11 ESs,
followed by CR and EP, whereas the WP and NC had low ESV.
The high-value areas of FP were concentrated in the southeastern
BTH and the northwest of Zhangjiakou with dense cropland. The
high-value areas of WP and WR were distributed in the eastern
and northern BTH with large waters and wetlands. The high-
value areas of the other eight ESs such as CR, EP, and HB were
gathered in the north and western BTHwith abundant forestland.

The value of four ESs increased, whereas the value of seven ESs
decreased from 2000 to 2020 (Figure 5). The value of WP, WR,
WT, and CR increased by 56.86%, 24.59%, 4.94%, and 0.55%,
respectively. The value of FP, RM, AQR, and NC have
continuously declined between 2000 and 2020, with decreased
rates of 6.51%, 2.23%, 3.00%, and 4.56%, respectively. During
2000–2020, the Bohai Rim of the eastern BTH and Yanshan
Mountain of the northern BTH improved the value of WT and
WR significantly, whereas the southeastern BTH, especially the
suburbs of Baoding, Shijiazhuang, and Handan decreased the
value of FP, RM, and NC significantly. Additionally, the value of
AQR in the suburbs of Beijing and Tianjin decreased (Figure 4).

3.2.2 Spatial-Temporal Changes of the Total ESV
The high-value areas of the total ESV in the BTH were mainly
found in Yanshan Mountain, Bashang Plateau, and Bohai Rim

FIGURE 3 | Land use changes between 2000 and 2020 in the Beijing-Tianjin-Hebei region.
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plain, where there were rich forests or wetlands, whereas low-
value areas were distributed in the southern plain where most
areas were cropland (Figure 6). 53% of counties increased the
ESV notably from 2000 to 2020, especially counties in the Bohai
Rim region. In contrast, some counties in the northwestern

mountains such as Zhangjiakou and on the southern plain
such as Hengshui experienced a decreased ESV. The Shenze
county of Shijiazhuang had the maximum decline, of 37%. The
ESV in different areas showed different changes between the
2 decades. The ESV in most areas of the BTH decreased from

FIGURE 4 | Spatial patterns of the individual ecosystem service values in the Beijing-Tianjin-Hebei region.
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2000 to 2010, especially the southern plain and suburbs of big
cities, whereas the ESV in the southern plain and central BTH
increased from 2010 to 2020. However, the northern plateau
experienced a decreased ESV between 2010 and 2020. Overall,
the total ESV of the BTH increased from 25,335 yuan ha−1 in
2000 to 27,344 yuan ha−1 in 2020, representing a growth
of 7.93%.

3.3 Spatial-Temporal Changes of ES-SDG
Index Scores
3.3.1 Spatial-Temporal Changes of Individual SDG
Scores
The scores of 11 SDGs (excluding SDG12) in the BTH showed a
similar spatial pattern of high in the north and western

FIGURE 5 | Temporal changes in individual ecosystem service values in the Beijing-Tianjin-Hebei region.

FIGURE 6 | Spatial-temporal changes in total ecosystem service values in the Beijing-Tianjin-Hebei region.
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mountains and low in the south (Figure 7). SDG1, SDG12, and
SDG15 had the best performance in the BTH, whereas SDG6 and
SDG11 performed poorly. The individual SDG scores in most of
the counties in the southern BTH decreased from 2000 to 2010,
whereas 30 counties, mainly located in Beijing, Shijiazhuang,

Xingtai and Baoding increased all individual SDG scores from
2010 to 2020.

SDG7, SDG9, and SDG11 scores increased, whereas the
other eight SDG scores, especially SDG12, SDG8, and SDG14,
decreased between 2000 and 2020 (Figure 8). The SDG7 score

FIGURE 7 | Spatial patterns of individual SDG scores in the Beijing-Tianjin-Hebei region.
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increased steadily and SDG12 score decreased continuously
from 2000 to 2020. Ten SDG scores showed a trend of decline
between 2000 and 2010 and a rise between 2010 and 2020 in
the BTH.

3.3.2 Spatial-Temporal Changes of ES-SDG Index
Scores
The ES-SDG Index score of counties in the northern plateau were
high and the counties in the southern plain were low (Figure 9). The

ES-SDG Index score of the entire BTHdecreased slightly from 36.8 in
2000 to 35.5 in 2010, and then increased to 36.0 in 2020. 84% of
counties exhibited a decrease in the ES-SDG Index score between
2000 and 2020. The areas that declined most notably were mainly
found in the suburbs of big cities, of which Daxing District of Beijing
declined the most (48.7%). Conversely, the counties near the Bohai
Sea increased their ES-SDG Index scores substantially, with
Caofeidian District increasing the most (86.7%). ES-SDG Index
scores in most of the BTH decreased from 2000 to 2010, whereas

FIGURE 8 | Temporal changes in individual SDG scores in the Beijing-Tianjin-Hebei region.

FIGURE 9 | Spatial-temporal changes in ES-SDG Index scores in the Beijing-Tianjin-Hebei region.
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50% of counties, especially counties in Beijing, Baoding, Shijiazhuang,
and Tangshan increased from 2010 to 2020.

4 DISCUSSION

4.1 Impacts of Land UseChange on ESV and
ES-SDG Index Scores
Land use change alters the ESV and ES-SDG Index scores
through the cascade process of “structure-process-function-
service-sustainability” (Chen et al., 2022). The decrease of
cropland, grassland, and wetland in the BTH between 2000
and 2010 caused a decrease in the value of nine ESs, such as
food provision, air quality regulation and nutrient cycling,
whereas the increase of forestland, waterbodies and wetland
between 2010 and 2020 contributed to an increase in the value
of seven ESs, such as water provision, water regulation, waste
treatment, and climate regulation. Although the value of seven
ESs declined between 2000 and 2020, the total ESV of the BTH
increased by 7.93% due to the increase in waterbodies and
forestland that have very high equivalent coefficients (Zhang
et al., 2015; Xie et al., 2017).

The ES-SDG Index score in the BTH showed a downward
trend between 2000 and 2010 and an upward trend between
2010 and 2020, attributed to the urbanization and eco-
environment protection policies. Rapid urbanization led to
a large amount of cropland being converted to construction
land, which resulted in the continuous decline of the value of
food provision (Zhou et al., 2018; Wang et al., 2019).
Expansion of construction land was controlled from 2010
for “New-Type Urbanization” (Zhao et al., 2018). Forestland
and waterbodies were continuously expanded as a result of the
implementation of the “Grain to Green Program” and
“Beijing-Tianjin Sandstorm Source Control Project” since
2000 in the BTH (Bryan et al., 2018; Yang et al., 2019b).
Increase of climate regulation, waste treatment, and erosion
prevention were also found in another study in the BTH for
growth of forestland (Tian et al., 2020). Water provision,
waste treatment, and water regulation increased notably in the
coastal areas due to wetland conservation and conversion of
paddy fields to dry land (Ma et al., 2019; Zhang et al., 2019).
Meanwhile, the restoration of forestland and waterbodies in
rural areas has rapidly increased the ESV, offsetting the
reduction of ESV caused by the expansion of urban
construction land (Zhou et al., 2018).

Except for the improvement of SDG7, SDG9, and SDG11
scores between 2000 and 2020, the remaining 9 SDG scores
declined, of which SDG8, SDG12, and SDG14 declined the
most. According to “ES-SDG linkages,” water provision and
climate regulation made strong contributions to SDG7, SDG9,
and SDG11. Therefore, the increasing value of water provision
and climate regulation in the BTH contributed to the
improvement of SDG7, SDG9, and SDG11. Food provision,
nutrient cycling, habitat & biodiversity, and cultural services
made strong contributions to SDG8, SDG12, and SDG14.
Therefore, the decrease of food provision, nutrient cycling,
habitat & biodiversity, and cultural services caused the

decrease of SDG8, SDG12 and SDG14. Overall, the changes
of individual SDG and ES-SDG Index scores in the BTH was
mainly due to food provision, water provision, climate
regulation, nutrient cycling, habitat & biodiversity, and
cultural services. The study in the Yangtze River Economic
Belt also showed that the increase of SDG Index score was
mainly attributed to the improvement of food and water
provision (Chen et al., 2022).

4.2 Implications for Sustainable
Development Management
ESs directly affected the performance of SDGs in the BTH. The
trade-offs between provisioning services and regulating services,
and the synergies between regulating services and supporting
services, indicated that sound land-use management is required
to enhance the synergies among multiple ESs (Yang et al., 2019a;
Shen et al., 2020). Although the total ESV in the BTH increased
from 2000 to 2020, seven of 11 ESs still decreased and 47% of
areas experienced a decline in their ESV, especially the value of
food provision and nutrient cycling in the southern plain and
suburbs of big cities. Urbanization provides a driving force for
socioeconomic development. However, it may have negative
impacts on the realization of SDGs by occupying prime
cropland and destroying ecological land (Zhang D. et al., 2017;
Qiu et al., 2021). It is necessary to control the disorderly
expansion of construction land. Land consolidation can release
cropland for large-scale farming and promote food production in
the southern BTH (Duan et al., 2021; Wang et al., 2021). The
northern plateau and westernmountains are important ecological
barriers in the BTH which also achieved high scores in SDGs.
However, the ESV of the north and west decreased from 2010 to
2020. Ecosystem conservation and restoration in the Yanshan-
Taihang Mountains and Bashang Plateau should be strengthened
through gross ecosystem product (GEP) accounting and
transregional compensation payment for ecosystem services
(Zhang L. et al., 2017; Ouyang et al., 2020). Additionally,
lessons can learned from the “Paddy Land-to-Dry Land”
program successfully conducted in Miyun Reservoir
Watershed, Beijing to protect water quantity and quality in the
BTH (Zheng et al., 2013).

The big cities such as Beijing have boosted its economy at
the overuse of ESs and greatly increased demand for food,
water and energy (Cumming et al., 2014). Advanced
technologies and cleaner production facilities need to be
deployed to improve water and nutrient use efficiency for
SDG6 implementation (Wang et al., 2022). It is suggested to
raise investment in ecological infrastructure, such as
rehabilitating wetlands, to resist natural disasters and
reduce environmental pollution for SDG11
implementation (Cumming et al., 2017). The score of
SDG7 has increased steadily whereas the score of SDG12
has decreased continuously over the past 20 years, which was
consistent with the findings at the provincial level in China
(Zhang et al., 2022b). SDG6, SDG11, and SDG12 should be
prioritized to advance the synergistic development of SDGs
in the BTH.
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4.3 Limitations
This study attempts to integrate ESs into SDGs assessment.
However, the equivalent factor method based on land-use
structure to quantify ESs has certain limitations due to the
dynamic and complex nature of ecosystems (Zhang et al.,
2020). Furthermore, the ES-SDG Index score based on the
environmental indicators cannot fully reflect the progress of
SDGs, especially in terms of socioeconomics.

5 CONCLUSIONS

Progress towards the SDGs was evaluated based on the “ES-SDG
linkages” to detect the impact of ES change on SDGs in the BTH
between 2000 and 2020. The total ESV and ES-SDG Index score
in the BTH showed a spatial pattern of high in the north and
western mountains, and low in the south. The total ESV increased
from 25,335 yuan ha−1 in 2000 to 27,344 yuan ha−1 in 2020, and
the improvement of ESVwasmainly attributed to water provision
and water regulation. However, the ES-SDG Index score
decreased slightly from 36.8 in 2000 to 35.5 in 2010, and
increased to 36.0 in 2020. Both ESV and ES-SDG Index scores
showed obvious stage differences. In most counties, the ESV and
ES-SDG Index scores decreased in the first 10 years and increased
in the latter 10 years due to the phased differences in BTH’s
urbanization and environmental protection policies. SDG1,
SDG12, and SDG15 had the best performance, whereas SDG6
and SDG11 performed poorly. Ten SDG scores showed a trend of
decline between 2000 and 2010 and a rise between 2000 and 2020
in the BTH. SDG7 scores increased steadily, attributed to the
increase of water provision and climate regulation, whereas the
SDG12 score declined continuously, attributed to the decrease of

food provision and nutrient cycling. Our study indicated that
regulating services are the core function of ESs in the BTH, and
the changes of SDG and ES-SDG Index scores mainly depended
on food provision, water provision, climate regulation, nutrient
cycling, habitat & biodiversity, and cultural services. The
assessment of SDGs suggests that SDG6, SDG11, and SDG12
should be prioritized to advance the synergistic development of
SDGs in the BTH.
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Spatial Pattern of Rural Ecological
Land and Its Multidimensional
Gradient Differentiation in a Loess
Hilly Region: A Case Study of Longxi
County, Gansu Province, China
Libang Ma1,2,3*, Yao Yao1, Tianmin Tao1 and Yanling Zong1

1College of Geography and Environmental Science, Northwest Normal University, Lanzhou, China, 2Key Laboratory of Resource
Environment and Sustainable Development of Oasis, Lanzhou, China, 3Institute of Urban and Rural Development and
Collaborative Governance of Northwest, Lanzhou, China

Studying the gradient differentiation of rural ecological land (REL) from a microscopic
perspective is conducive to the pattern optimization, scientific control, and protection of
REL. This has far-reaching significance for the improvement of village appearance and the
delineation of an ecological safety network. Taking Longxi County as an example, this
research studied the spatial pattern of REL based on the landscape pattern index and
analyzed the multi-dimensional gradient spatial differentiation characteristics of REL.
Therefore, we can clarify the impact of natural and human factors on EL under
different gradients. The results show 1) the rural ecological background conditions of
Longxi County are good, and the area of ecological land (EL) accounts for 90.45% of the
total area of the county; 2) there are significant differences between the spatial feature
index and spatial pattern of REL in Longxi County. Its diversity, dominance, and shape
index were mainly at low and medium levels. The degrees of fragmentation were mainly at
low and high levels; and 3) the REL in Longxi County has different evolution laws in different
gradients.

Keywords: rural ecological land, spatial pattern, gradient differentiation, loess hilly area in China, Longxi County

1 INTRODUCTION

Ecological land (EL) has ecological functions such as water conservation, soil protection, climate
regulation, environmental purification, and biodiversity protection. As a “barometer” (Yu et al.,
2015) for measuring ecological quality, EL plays an important role in balancing regional and global
ecosystems (Colding, 2007; Feng et al., 2021a), ensuring national land ecological security, coping
with global climate change, and improving the quality of human life (Guan et al., 2018). However,
with the global environmental change and the disturbance of human activities (Song et al., 2015), EL
is facing more serious problems of loss and degradation than ever before (Puskás et al., 2021). These
problems not only destroy the balance of the ecosystem but also have a serious impact on the quality
of life of future generations (Folke et al., 2004). These issues have attracted widespread attention from
academia and governments. To solve this problem, the United Nations has implemented a series of
initiatives such as the 2030 Agenda for Sustainable Development and the Convention on Biological
Diversity [Tóth et al., 2018; UNCCD (United Nations Convention to Combat Desertification), 2017].
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As an important part of ecological space, rural ecological land
(REL) not only provides ecological support for various
production and living activities in rural areas but also plays an
important role in guaranteeing the comprehensive and
sustainable development of the social economy in rural areas
(Yao et al., 2021). The quantity and spatial distribution of REL
will have an important impact on rural livability. REL is used as a
“buffer zone” for slowing down the destruction of EL in the loess
hilly area (Li et al., 2020a). Studying the multi-dimensional
gradient differentiation of EL and its influence mechanism has
far-reaching significance for the pattern optimization, scientific
control and protection of REL, and the maintenance of the
ecosystem in arid areas.

In recent years, the spatial pattern of REL has been affected by
various factors. In the period of low social productivity, it is
mainly affected by the natural environment, such as topography
and climate (Sevenant and Antrop, 2007). Since the 20th century,
with the acceleration of global industrialization, urbanization,
and informatization, both developed and developing countries
have faced significant improvements in rural production and
living standards, increasing land use intensity, and increasing
demand for construction land. Socio-economic factors have
gradually become the main factors affecting the spatial pattern
of EL use (Li et al., 2020b). EL in developed countries such as
Europe and North America is first affected by socio-economic
aspects such as traffic conditions and geographic location
(Gonzalez-Abraham et al., 2007; Peng et al., 2016; Gong et al.,
2018). In China, there is a strong “land grab” phenomenon
between ecological protection and economic development (Fei
et al., 2020), which seriously affects the regional ecological
security and the sustainable development of the rural
ecological environment. How to avoid a series of problems
such as the encroachment of rural ecological space, ecological
destruction, environmental pollution, and disorderly
development of land space has become a practical problem
that needs to be solved urgently today. Therefore, it is of great
significance to study the spatial pattern of EL and analyze the
distribution type, fragmentation degree, concentration, and shape
complexity of REL under different natural geographical
environments and socio-economic backgrounds for guiding
future EL protection and promoting the optimization of REL
use pattern.

In recent years, with the in-depth study of rural land ecosystems
and the concept of EL, the classification system of EL has been
further developed. The classification of EL types from the
perspective of land use/land cover has become a method
recognized by the academic community. Foreign countries pay
more attention to ecological attributes in land use classification and
land use management (Deng et al., 2009). Most of the classification
of EL is carried out according to the natural characteristics and
ecological significance of the land (Frondoni et al., 2011; Qu et al.,
2019), and the classification results of EL are used in various
research. Pickett et al. (2001)applied the EL classification system to
the assessment of environmental conditions. Wassmann et al.
(2011)used it to estimate ecological functions, and Capotorti
et al. (2012)used it to protect regional biodiversity. In 1898, E.
Howard et al. put forward the theory of “garden city,” changing the

structure of urban and suburban land and alleviating the
environmental damage, thereby beginning to study the
ecological landscape pattern (Zube, 1986). Hietala-Koivu (1999)
studied the evolution of agricultural landscape patterns in
southwestern Finland by landscape index analysis. Seppelt and
Voinov (2002) optimized the spatial structure of watershed land
use by constructing an ecological security pattern . L. Pamela used
remote sensing technology and ground observation data to study
the dynamic changes in the ecological landscape (Nngler et al.,
2008). Joppa assessed the effectiveness of nature reserves to protect
species diversity (Joppa and Pfaff, 2011). The research on El by
early Chinese scholars mostly focused on the definition of EL
(Deng et al., 2009; Yu et al., 2015), the identification of EL (Zhou
et al., 2015; Fei et al., 2020; Liu et al., 2021), the construction of the
classification system (Yu et al., 2015), the analysis based on
landscape security pattern (Yu et al., 2009; Li et al., 2011), the
identification and protection of ecological space (Li et al., 2016),
and the relationship between EL and cities (Wang and Li, 2006; Su
et al., 2007). In 2017, after the implementation of China’s “Land
Use Status Classification System” (GB/T 21010–2017), there was a
renewed upsurge in the study of EL. In recent years, the research
focus has mainly been on ecosystem service function and value
assessment (Guan et al., 2018; Qu et al., 2019), pattern change and
differentiation trend (Wei et al., 2021), and protection effectiveness
assessment (Gao et al., 2021). Existing research shows that the
research on EL has gradually evolved from qualitative to
quantitative and specific, and more emphasis has been placed
on the optimization and management of EL patterns.

However, there are still some urgent problems to be solved in
the current research. For example, the research on REL started
late, and the research content mostly focuses on the identification,
classification, and protection of EL. The research areas are mostly
concentrated in typical key ecological function areas and
suburban areas, ignoring the importance of REL as a powerful
reserve for the ecological resource in China. In addition, there is
currently a lack of research on the differentiation characteristics
of the spatial pattern of REL from a gradient perspective. The
existing research on the spatial gradient of land is mainly
analyzed from the perspective of a single gradient such as
topography and economy. With the rapid development of
society and economy and the need to revitalize the world’s
rural areas, the scientific protection and rational utilization of
REL are increasingly important (Li et al., 2020b). This is an
essential foundation for the comprehensive and sustainable
development of rural society and economy and an essential
means to supplement and improve urban functions. Therefore,
there is an urgent need to carry out research on the differential
mechanism of REL and the impact of different gradients on the
spatial distribution of REL.

Longxi County is located in the hilly loess area of Longzhong,
with complex and fragmented topography and a fragile ecological
environment. Ecological space protection and utilization are
crucial in northwest China, considering the significant
differences in topographic conditions, per capita income, and
town development levels in different regions of Longxi County.
Based on the topographical, economic, and administrative
gradient differences of “ecological land-dimensional space,”
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this study comprehensively studied the gradient differences in the
spatial structure of REL from multiple dimensions, thereby
strengthening the comprehensiveness of geographical gradient
research. Themain purpose of this study is to explore the gradient
differentiation characteristics and laws of REL under different
gradients, analyze the impact of different terrains, township
development levels, and economic income on the spatial
differentiation of REL, and explain its impact mechanism. It is
expected to provide a scientific basis for the rational layout,
scientific management and control, optimal protection, and
sustainable utilization of REL in the loess hilly area of
Longzhong. This provides a case reference for the construction
of an ecological safety network in the inland areas of northwest
China and other places.

The topographic, economic, and administrative gradient
differences of “ecological land-dimensional space,” take the
administrative village as the evaluation unit to reveal the REL
structure. The main purpose is to explore the gradient
differentiation characteristics and laws of REL under
different gradients, analyze the impact of different terrains,
township development levels, and economic income on the
spatial differentiation of REL, and explain its impact
mechanism on EL (Li et al., 2020b). It is expected to provide
a scientific basis for the rational layout (Wei et al., 2021),
optimal protection, and intensive utilization of REL in the
hilly loess area of Longzhong, and provide new ideas and
methods for timely adjustment of REL management and
improvement of REL management policies, and provide
technical support for constructing an ecological safety
network in the northwest inland area.

2 STUDY AREAS AND DATA

2.1 Overview of the Study Areas
Longxi County is located in the southeast of Gansu Province,
China, in the middle of Dingxi City (34°50′-35°23′N, 104°18′-
104°54′E), with a total area of 2,408 km2 (Figure 1). The elevation
of Longxi County is between 1, 612–2, 762 m. Since Longxi
County is located between the edge of the northwest Loess
Plateau and the hilly area of the Qinling Mountain and
accompanied by the Wei River flowing from west to east. The
loess hills and valleys are high in the northwest and low in the
southeast. The northern part of Longxi County is in the loess hills
and gully area, the middle part is in the valley plain landform, the
south part is in the middle and low hills, the middle and north
part is in the temperate arid area, and the south part is in the
warm and cold semi-humid area. The geographical environment
has significant spatial differences. Longxi County has a temperate
continental monsoon climate with four seasons, abundant
sunshine, and a mild climate. The average annual temperature
is 8.1°C. The annual sunshine hours are 2, 210 h. The annual
rainfall is 415 mm, and the annual frost-free period is 160 days.

The superior geographical location and suitable natural
environment of Longxi County not only laid a material
foundation for early agricultural production but also provided
an ideal settlement for the ancestors to thrive. Longxi County
governs 12 towns, 5 townships, 213 administrative villages, 11
communities, and 1, 287 villager groups. The total population is
52.48 × 104, of which the agricultural population is 43.3 × 104,
accounting for 82.51% of the total population (Longxi County
Statistical Bulletin 2020). Longxi County has 11.06 × 104 km2 of

FIGURE 1 | Location of Longxi County.
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arable land, and the per capita arable land is only 0.25 km2

(Longxi County People’s Government, 2020). In recent years,
with the acceleration of urbanization and rapid socio-economic
development, the flow of population, land, and other elements
between urban and rural areas has accelerated, resulting in
significant changes in the quantity and structure of rural EL.
Longxi County is a typical ecologically sensitive area in the inland
northwest China. The fragile ecological environment and unique
loess plateau landforms have created a series of ecological and
environmental problems such as drought and fragmentation of
the surface, ecological severe land loss, and decline in soil quality.
This has a significant impact on the quality of the ecological
environment and the service functions of the ecosystem.
Therefore, it is of great significance to study the spatial
distribution and multi-dimensional gradient differentiation
characteristics of EL in Longxi County for ecological
environment protection and the maintenance of ecosystem
stability in the northwest inland region.

2.2 Data Source
This study took 213 administrative villages outside the built-up
area of Longxi County as the evaluation unit. The data mainly
comes from four aspects: 1) basic map: Longxi County Vector
Administrative Boundary (1: 250,000), from the National
Geomatics Center of China (National Geomatics Center of
China, 2021). 2) DEM data: DEM data was from the
Geospatial Data Cloud. We obtained elevation and slope data
of Longxi County through ArcGIS image correction. 3) Socio-
economic statistics: basic data such as the population and
economic income of 213 administrative villages in Longxi
County were derived from field survey data and the “Statistical
Bulletin of National Economic and Social Development of Longxi
County in 2020” (Longxi County People’s Government, 2020). 4)
Land use data: the land use data of Longxi County comes from the
2020 Longxi County Land Use Change Database. The research
team conducted a 26-day field survey in Longxi County in May,
August, and September 2020. Among them, August-September
was a supplementary survey. The survey area is mainly
distributed in Quanjiawan Town, Tong’anyi Town, Kezhai
Town, Yongji Township, Weiyang Township, and Gongchang
Town. The research team learned about the general situation and
future development trends of the EL of each township by holding
meetings and communicating with the leaders of the township.
We cooperated with the Longxi County Land Planning Project
Department to know the problematic region of the townships’
land rectification and ecological restoration.

In addition, the village profiles, demographic characteristics,
basic information on social security, public service facilities,
infrastructure, economic conditions, population mobility and
employment, industrial conditions, homestead usage, rural
development types, and village development intentions or
existing problems of 213 administrative villages were obtained
through a questionnaire survey. The information related to this
research mainly includes village profile, demographic
characteristics, economic situation, industrial situation, and
type of village development. We collected income data for the
division of county economic gradients. The survey showed that

the ecological background conditions of Longxi County are
relatively good, and the EL area accounts for 90.45% of the
total area of the county. However, there are great differences
in the distribution and utilization of EL in different regions,
closely related to the local terrain, township level, and income.

2.3 Research Methods
2.3.1 The Classification of Rural Ecological Land
At present, the “classification of ecological land” is a hot topic in
academic research and debate. Scholars have different views and
can be roughly classified into two categories. One is to classify
land use types on a national scale and according to different
theoretical systems. The other is to classify land use types on a
local and regional scale and according to specific ecological
functions required. Land use status classification is a widely
used land use classification system. Different EL types have
different ecological functions, and the performance of their
ecological functions will be affected by location, physical
geography, social economy, and other aspects. Analyzing the
gradient differentiation of EL will help the sustainable use of EL
and the construction of livable villages in rural revitalization.

In this study, we referred to Li et al. (2020b) classification of EL
and follow the national standard for land use classification in the
“Land Use Status Classification System” (GB/T 21010–2017)
from the government of China (GB/T 21010-2017, 2017). We
defined seven types of land use with ecological attributes,
including cultivated land, garden land, forest land, grassland,
water area, water conservancy facility land, and other lands, as EL.
We used the spatial extraction tool of ArcGIS 10.4 to extract EL
from the data of the third land use survey in Longxi County in
2020. Since there are few secondary land use types in Longxi
County, we divided the extracted EL cover patches into four
types: cultivated land, forest land, grassland, and water body
(Table 1).

2.3.2 Gradient Division of Rural Ecological Land
REL is not only a process of natural selection (or adaptation) but
also the crystallization of humans’ long-term social and economic
activities, which contains dual attributes of nature and social
economy. The development and transformation of REL run
through the whole process of economic and social
development of the urban-rural regional system. It is a process
of multi-scale, multi-dimensional, multi-level, multi-agent, and
multi-factor evolution and reorganization in the evolution of
rural human—land relationship regional system (Yang and Luo,
2020). The differentiation of geographical space will inevitably
lead to the “gradient” differentiation of nature, society, and
economy. It is the existence of this “gradient” that has led to
the spatial differences of REL in different gradient areas. In this
study, we drew on the previous research on the division of
gradients and chose the most classic gradient division method
from the three aspects of nature, society, and economy that can
mostly affect the spatial layout of REL, that is, from the three
aspects of terrain, township level, and economic income. This is
the most basic and representative perspective to analyze the
gradient differences of EL. The terrain is an important factor
affecting landscape patterns and land use. Terrain gradients
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reflect the spatial differentiation of regional, physical, and
geographical conditions. The township level reflects the
differences in regional and local policies, fiscal revenue,
industrial investment, and social and administrative levels.
This will have an impact on the spatial distribution of EL. The
township gradient is a specific reflection of the township level.
Economic income affects the consumption level, construction
scale, industrial investment, and employment status of a region to
a certain extent, and the economic gradient reflects the spatial
differentiation of regional economic levels.

Based on this, this study analyzes the gradient differences of EL
in natural, social, and economic aspects from the three most basic
and representative perspectives of terrain, township level, and
economic income. The topographic gradient shows the spatial
differentiation of the regional natural geographic conditions
(Pignatti, 1993; Shi et al., 2021). The township gradient shows
the spatial differentiation of regional social administrative levels
(Ma et al., 2021a). The economic gradient shows the spatial
differentiation of regional economic levels (Qu et al., 2017).

2.3.2.1 The Division of Topographic Gradient
The topographic gradient is divided by the topographic position
index (Zhou and Chen, 2013; Gong et al., 2014), which
comprehensively analyzes the elevation and slope attribute
information of any spatial grid. It can integrate the elevation
and slope information to reflect the terrain distribution of a
certain area. Therefore, we used the topographic position index to
quantitatively describe the correlation between the spatial pattern
characteristics of EL use and topographic gradients (Zhou et al.,
2021). The calculation formula is as follows:

T � ln[(
E

E0
+ 1)p(

S

S0
+ 1)], (1)

where T is the topographic position index; E and E0 are the
elevations and average elevation of any grid in the space,
respectively; S and S0 are the slope and the average slope of
any grid in the space, respectively. Generally, a grid with a low
elevation and a small slope has a small topographic position
index. On the contrary, the larger the topographic position index
is, the position with a higher elevation but a small slope or a small
elevation with a higher slope will have a middle topographic
position index (Xu et al., 2020).

2.3.2.2 The Division of Township Gradient
The township gradient dominated the differences in local policies,
fiscal economy, and industrial investment. It dramatically impacts

rural ecological land’s spatial layout, protection, and use. According to
the “Longxi County Urban Overall Planning (2011–2030)”, the
“Longxi County Urban and Rural Overall Planning (2015–2030)”,
and the “Notice of the Ministry of Housing and Urban-Rural
Development on Announcement of the List of National Key
Towns” issued by the Ministry of Housing and Urban-Rural
Development of the People’s Republic of China in 2014 (Ministry
of Housing andUrban-Rural Development of the People’s Republic of
China, 2014), we divided the 17 townships in Longxi County into
three gradients: key towns, central towns, and general towns. The key
towns include Gongchang Town, Wenfeng Town, and Shouyang
Town, located in the Weihe River Valley. The central towns include
Caizi Town and Tonganyi Town, located at the north and south ends
of Longxi County.General towns includeYuntianTown,MaheTown,
Fuxing Town, Biyan Town, Heping Township, Weiyang Township,
Quanjiawan Township, Hongwei Township, Shuangquan Township,
Kezhai Township, Dexing Township, and Yongji Township.

2.3.2.3 The Division of Economic Gradient
The economic gradient reflects the differences in the financial
economy, industrial input, and consumption levels to some
extent (错误!未定义书签。), which in turn affects the number of
types, fragmentation, concentration, and complex shapes of REL
patches. Referring to relevant research, we took the per capita
GDP of each administrative region as the basis for dividing the
economic gradient (Qiao and Li, 2008; Liu et al., 2010). Due to the
limited availability of data, we took the per capita annual net
income of farmers in each administrative village in Longxi
County in 2020 as an indicator to measure the rural economic
gradient based on raster data and statistical survey data.

2.3.3 Spatial Pattern of Rural Ecological Land
The quantity, shape, size, quality, and spatial structure of REL
play critical roles in regulating the village’s functional structure,
ecological balance, suitability of life, and local climate (Zhou and
Guo, 2003). In this study, diversity index, fragmentation index,
dominance index, and shape index are selected to analyze the
spatial differentiation characteristics of EL (Figure 2). At the
same time, the hot and cold spot analysis method is used to
analyze the clustering areas of similar values of different spatial
characteristic indices.

2.3.3.1 Spatial Characteristic Index of Ecological Land
2.3.3.1.1 Diversity Index.Using the Gibbs-Martin diversity index
(Zhang et al., 2018) to analyze the spatial diversity of EL, the
formula is

TABLE 1 | Classification and definition of EL types.

Type Content Definition

Cultivated
land

Dryland, irrigated land The land where crops (including vegetables) are grown

Woodland Shrubland, other woodlands, arbor woodland, orchard Land for woody plants such as natural forests, secondary forests, artificial
forests, shrubs, and fruit trees in the village

Grassland Artificial pasture, natural pasture, other grasslands Herbaceous land
Waterbody Reservoir water surface, river water surface, pond water surface, inland tidal

flats, main canals, gully, breeding ponds
Land waters, beaches, gully, swamps, and other waters that cover the land
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GMi � 1 − ∑4
j�1A

2
ij

(∑4
j�1Aij)

2 (i � 1, 2, . . . , n; j � 1, 2, 3, 4), (2)

whereGMi is the diversity index of the ecological space land use type
of the ith village. Aij is the area of the jth EL in the ith village. The value
range of GMi is 0–1. The higher the value ofGMi, the higher the
degree of diversity. WhenGMi � 0, there is only one land use type.

2.3.3.1.2 Fragmentation Iindex. The fragmentation index (Chen
and Fu, 1996) is often interpreted as the fragmentation degree of
the landscape segmentation in landscape ecology. In this study,
the total number of EL patches per unit area is used to reflect the
fragmentation degree of REL patches. The formula is as follows:

C � ∑Ni

A
, (3)

where C is the fragmentation degree of EL.∑Ni is the total number
of pitches of all EL types in the ith village. A is the total area of REL.
The higher the C value, the greater the degree of fragmentation.

2.3.3.1.3 Dominance Index. The dominance index (Zhou and
Guo, 2003) is the degree of centralization of the dominant land
use in REL. The formula is

D � Hmax +∑m

i�1Pijp ln(Pij), (4)
where D is the ecological dominance degree. Pij is the proportion
of the area occupied by the jth type of EL in the ith village.m is the
total number of EL types;Hmax � lnm.

2.3.3.1.4 Shape Index. The landscape shape index (Chen et al.,
2017; Li et al., 2021) is often used to reflect the regularity of
patches. We calculated the degree of deviation between the shape
of REL and the circle (square) of the same area to show the
complexity of the spatial form of REL. The formula is

LSI � e

4
��
a

√ , (5)

where LSI is the landscape shape index. e is the perimeter of the
EL patch. a is the area of the EL patch. The greater the LSI value,
the more complicated the shape and the more irregular the
distribution of EL patches.

2.3.3.2 Analysis of Hot and Cold Spots
The hot spot method was used to identify the spatial distribution
position of the similar value aggregation area of the EL spatial
characteristic index in Longxi County to make up for the lack of the
global spatial autocorrelation andArcGIS natural breakpointmethod in
the analysis of the spatial distribution relationship characteristics.

3 RESULT ANALYSIS

3.1 Overall Characteristics of Rural
Ecological Land
In 2020, the total area of REL in Longxi County will be
2,177.24 km2, accounting for 90.45% of the total area. Among

them, the cultivated land area is the largest, reaching
1,497.62 km2, accounting for 68.79% of the REL. The
grassland area is 363.24 km2, accounting for 16.68% of the
REL. The woodland area is 309.61 km2, accounting for 14.22%
of the REL. The water body area is the smallest, 6.76 km2, only
accounting for 0.31% of the REL. The EL in Longxi County is
mainly cultivated land and forest land. The cultivated land is
evenly distributed in the county area (except the central urban
area). The forest, grassland, and water bodies are mostly
distributed along the Weihe River and in the valley.

In the township distribution of REL, there are significant
differences in the distribution of different EL types in each
township (Figure 3). Cultivated land is the EL type that
accounts for the largest proportion of each township. The
cultivated land of Wenfeng Town, Caizi Town, and Tonganyi
Town accounted for more than 40% cultivated land of the county.
The cultivated land of Gongchang Town, where the county
government is located, accounts for a relatively small
proportion of the county’s cultivated land, accounting for only
4.14%. The proportion of forest land is second, Tong’anyi Town’s
forest land accounts for the highest proportion of the county’s
forest land, accounting for 10.23%, and Shuangquan Town’s
forest land accounts for the lowest proportion of the county’s
forest land, only 2.74%. The proportion of grassland is relatively
low. The proportion of grassland in Fuxing Town is the highest in
the county, accounting for 17.81%. The proportion of grassland
in Biyan Town is the lowest, only 1.54%. The proportion of water
bodies in the county is the smallest. The water body in Tong’anyi
Town accounts for the most significant proportion of water
bodies in the county, accounting for 16.57%. The water bodies
of Shouyang Town and Wenfeng Town along the Weihe River
account for the following highest proportion of the county’s water
body, accounting for 15.09% and 14.94%, respectively. In general,
Tong’anyi Town takes significant advantages in cultivated land
and forest land. Grassland and water resources are poor. Fuxing
Town has the largest grassland area. Water bodies are less
distributed in the county.

3.2 Spatial Characteristics of Rural
Ecological Land
3.2.1 Spatial Pattern Characteristics of Rural
Ecological Land
We calculated the diversity index, fragmentation index,
dominance index, and shape index of REL in 213
administrative villages and divided them into five categories,
lowest, low, medium, high, and highest through the natural
breakpoint method in ArcGIS. (Figure 4).

The REL diversity index is between 0.33–0.96 (Figure 4A),
with an average value of 0.57. The REL diversity indexes of 97
administrative villages are greater than the average value,
accounting for 45.54% of the total administrative villages. The
diversity of REL is mainly low and medium, including 54 and 67
administrative villages, accounting for 25.35 and 31.46% of the
total administrative villages, respectively. Only 15 administrative
villages have the highest diversity index, accounting for 7.04% of
the total administrative villages. This shows that there are fewer
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FIGURE 2 | The research framework of REL.

FIGURE 3 | Spatial distribution map of REL.

FIGURE 4 | landscape index distribution map of REL.
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types of EL in the administrative villages of Longxi County, and
the degree of diversity is low. The areas with high and highest
values of diversity index are mainly distributed in the south of the
Weihe River. The lowest value areas are mainly distributed along
theWeihe River and the arid mountainous areas in the north. The
low and median areas show a continuous staggered distribution.
The central region belongs to the valley terrain, with a high
density of population settlements and more diverse types of EL
use. Therefore, the high-value area of the diversity index is mainly
distributed in the central region.

The REL fragmentation index is between 3.00 and 382.01
(Figure 4B), with an average value of 72.15. There are 101
administrative villages with a REL fragmentation index greater
than the average value, accounting for 43.72% of the total
administrative villages. The fragmentation degree of REL is
mainly low and high, including 67 and 60 administrative
villages, accounting for 31.46 and 28.17% of the total number
of administrative villages, respectively. The number of
administrative villages with the highest value is relatively
small, only 11, accounting for 5.16% of the total number of
administrative villages. There are significant differences in the
spatial distribution of REL fragmentation, showing an outward
expansion centered on the seat of the county government. The
county seat and the east of G30 Lianhuo Expressway are mainly
high level, with a relatively high degree of fragmentation. The
northwest of the county to the west of the G30 Lianhuo
Expressway and the northwest of the Weihe River is
dominated by low values, and the degree of fragmentation is
relatively low. The inlet of the Weihe River is dominated by the
lowest value, and the south is dominated by medium value. The
central area is a river valley with a good ecological environment,
and the western area is less disturbed by traffic. Therefore, the
fragmentation index of EL in the central and western areas is
relatively low.

The REL dominance index is between 0.28 and 1.27
(Figure 4C), with an average of 0.62. The dominance index of
REL for 100 administrative villages is greater than the average
value, accounting for 46.95% of the total administrative villages.
The dominance index of REL for 126 administrative villages is
mainly low and medium value, accounting for 59.15% of the total
number of administrative villages. The highest value is only 12,
accounting for 5.63% of the total number of administrative
villages. The dominance index of the central river valleys and
the southern hills andmountains is high. The dominance index of
the northern mountainous areas is mainly at the lowest and
middle levels. This indicates that the concentration of REL in the
central and southern regions is greater than that in the northern
mountains. The central part is the river valley, the terrain is
relatively flat, and the utilization rate of EL is high.

The REL shape index is between 0.36 and 793.25 (Figure 4D),
with an average value of 261.92. The shape indexes of REL of 93
administrative villages are greater than the average value,
accounting for 43.66% of the total administrative villages. The
shape index of REL is mainly of low and medium value, including
63 and 68 administrative villages, accounting for 29.58 and
31.92% of the total number of administrative villages,
respectively. There are only 36 administrative villages at a high

level, accounting for 16.90% of the total number of administrative
villages. The shape indexes of most of the northern and central
regions are significantly greater than that of the southern region.
The highest value areas are mainly concentrated in Dexing
Township, Fuxing Town, Tonganyi Town, Quanjiawan Town,
and Caizi Town. This indicates that the spatial shape of EL
patches in the northern and central regions is complex. The
northern and central regions belong to the loess hilly and gully
region, and the shape of the EL with the ravines vertical and
horizontal is more complex and diverse than the topography of
the southern river valleys. The northern and central areas belong
to the loess hilly and gully area, with the vertical and horizontal
gully. The shape of EL is more complex and diverse than that of
the southern river valley.

3.2.2 Analysis of Hot (Cold) Spots of Rural Ecological
Land
We further analyzed hot spots and cold spots in different spaces
of REL through the spatial hot spot detection method. In
addition, we tested whether there are statistically significant
higher- and lower-value areas. The red area in Figure 5 is the
hot spot area, which represents the high-value clusters of the REL
diversity index, fragmentation index, dominance index, and
shape index. The blue area is cold spots, representing the
lower-value areas of the REL diversity index, fragmentation
index, dominance index, and shape index. The hot spots and
cold spots of different characteristics of REL have significant
regional differentiation. The diversity index showed a “hot spot”
area in Shouyang Town and Biyan Town at the entrance of the
Weihe River, and the “cold spot” area was scattered. On the
contrary, the fragmentation index has formed a larger cold spot in
Kezhai Town, Shouyang Town, Biyan Town, and Shuangquan
Town, where the Wei River flows. Some towns in the north and
east of the county have formed four small hot spots. The
distribution of hot spots and cold spots in the dominance
index is similar to the diversity index, and the area has
increased. The shape index forms a large-scale of hot spots in
Dexing Township, Fuxing Town, Yuntian Town, Quanjiawan
Town, and Tonganyi Town in the central part of the county. Two
larger cold spots are formed in Shouyang Town, Biyan Town,
Wenfeng Town, and the periphery of the county where the Wei
River flows.

3.3 Multi-Dimensional Gradient
Differentiation of Rural Ecological Land
3.3.1 Topographic Gradient Differentiation of Rural
Ecological Land
The spatial pattern index of rural ecological land use in different
topographic gradients is quite different (Figure 6). As the
topographic gradient rises, the diversity index and dominance
index first decrease and then increase, and the fragmentation
index and shape index constantly increase. The average values of
the diversity index in low, medium, and high topographic
gradients are 0.66, 0.55, and 0.56, respectively. The average
values of the fragmentation index are 78.04, 79.73, and 61.23,
respectively. The average values of the dominance index are 0.76,
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0.59, and 0.62, respectively. The average values of the shape index
are 108.67, 260.04, and 309.27, respectively. In the lower-value
area of the topographic gradient, the diversity index,
fragmentation index, and dominance index fluctuate more
significantly with the increase of the topographic level index.
In addition, the fluctuation range is large, and the shape index
shows a steady rise. The fluctuation trends of the diversity index
and the dominance index are similar, and the fragmentation
index is the opposite—the greater the diversity index and
dominance index, the smaller the fragmentation index. In
addition, when the topographic index is between 41 and 50,
the diversity and dominance indexes show a sharply downward
trend. The shape index and fragmentation index increase slowly.
In the median area of the topographic gradient, the diversity
index, fragmentation index, and dominance index show a slow
rise in fluctuation with the increase of the topographic level index,
but it was not significant. The shape index increases rapidly when
the topographic position index is between 81 and 130 and then
decreases. The fluctuation trends of the diversity index and the
dominance index are also similar, and the fragmentation index is
the opposite. In the higher-value area of the topographic gradient,
the diversity index, fragmentation index, dominance index, and
shape index generally show a trend of fluctuation and decline as
the topographic level index increases. The diversity index and
dominance index increased slightly when the topographic index
was between 133 and 150 as well as 171–190 and then decreased
rapidly.

3.3.2 Township Gradient Differences in Rural
Ecological Land
The spatial differentiation characteristics of REL differ significantly
in different township gradients (Figure 7). As the township level
rises, the diversity index and dominance index increase accordingly.
The fragmentation index and shape index present a normal
distribution, which is relatively high in the central town. The
average values of the diversity index in the general town, central
town, and key town are 0.55, 0.56, and 0.60, respectively. The
average values of the fragmentation index in them are 72.42, 88.69,
and 64.65, respectively. The average values of the dominance index
in them are 0.59, 0.61, and 0.68, respectively. The average values of
the shape index in them are 308.79, 348.59, and 140.64, respectively.

For the general town, the diversity index, fragmentation index, and
dominance index show regular fluctuations as the distance from the
township government increases. Both the diversity index and the
dominance index decrease first and then increase, while the change
of the fragmentation index is just the opposite. The shape index
shows a steady rise. At a distance of 6–7 km, the diversity index,
fragmentation index, dominance index, and shape index all show
an increasing trend. In the central town, the diversity index and
dominance index show a clear upward trend with increasing
distance from the township government. However, the law of
change is opposite to that of general town, all of which increase
rapidly and then decrease. The change in the fragmentation index is
the opposite. The shape index is still showing a steady upward
trend. Taking 3–4 km as the boundary, the fluctuation range of the
diversity index, fragmentation index, and dominance index show a
trend of “large first and then small.” The growth rate of the shape
index starts to slow down at 4–5 km. In the key town, the diversity
index and dominance index show a significant fluctuation and
decreasing trend as the distance from the township government
increases. The fragmentation index and shape index show an
increasing trend, and the shape index increases significantly.

3.3.3 Economic Gradient Differences in Rural
Ecological Land
The spatial pattern index of REL under different economic
gradients is quite different (Figure 8). Overall, as the
economic gradient increases, the diversity index and
dominance index show a slow increase in the average value
of the index. The fragmentation index and shape index show a
trend of rapid decline at first and then gradually flattening. The
average values of the diversity index in low, medium, and high
economic gradients are 0.54, 0.56, and 0.59, respectively. The
average values of the fragmentation index in them are 79.15,
73.09, and 63.18, respectively. The average values of the
dominance index in them are 0.59, 0.61, and 0.66,
respectively. The average values of the shape index in them
are 307.26, 290.02, and 180.20, respectively. On low economic
gradients, although the four types of indexes fluctuate, their
amplitudes are relatively small. The diversity index and
dominance index rose slowly, while the fragmentation index
and shape index declined slowly. In the middle economic

FIGURE 5 | analysis of hot spots and cold spots of the landscape index of REL.
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gradient, the fluctuation range of the four types of indexes
increased significantly. The turning point is when the per
capita annual net income of farmers reaches 7,000–7,500
yuan. The diversity index and dominance index showed a
trend of first decreasing and then increasing. The
fragmentation index and shape index showed a trend of first
increasing and then decreasing. With respect to high economic
gradients, the four types of indexes have smaller fluctuations
amplitude than the medium economic gradients, and the
fluctuation trend is the same as that of the low economic
gradients. The diversity index and dominance index
maintained a relatively high level of fluctuation. At the same
time, the fragmentation index and the shape index are the

opposite. In general, with the increase of the economic
gradient, the types of EL used for human development and
utilization are more abundant, and the shape of EL is more
regular and orderly. Therefore, the diversity index and shape
index generally show an increasing trend. In low economic
gradient areas, EL is less affected by external factors, and the
spatial characteristics do not change significantly. When the
economic gradient reaches a certain level, the fragmentation of
EL gradually decreases under certain development and
planning. However, the dominant type is weakened.
However, when developed to a certain extent, the drawbacks
of ecological land development and utilization gradually
appeared because of the instability of the rural economy. The

FIGURE 6 | Topographic gradient differentiation map of the landscape index of REL.
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degree of fragmentation and concentration increased and
stabilized.

4 DISCUSSION

4.1 Gradient Differentiation Mechanism of
Rural Ecological Land
With the industrialization and urbanization of China, the
spatial distribution of rural land use has undergone
tremendous changes and reconstruction. Accurately
grasping the spatial differentiation characteristics of EL in
different dimensions is the key to ecological, environmental
protection, and the base of governance and optimization of
land space (Han et al., 2021). The spatial distribution of REL

results from the combined effects of multiple factors. It is
closely related to the geographical topography, climatic
conditions, economic development level, customs, culture,
policy control, and other factors (Li et al., 2020b). It has a
vital impact on all aspects of the rural ecosystem. Topography
is the fundamental driving factor that affects the structure of
REL, which will impact the type, scale, and form of the land.
The location of towns and their resource endowments
determines the rank of towns, and it is an accelerating
factor for changes in the structure of REL. Different levels
of cities and towns have different effects on REL. As a driving
factor of the internal rural land use structure, the level of rural
economic development is closely related to the rural industrial
structure and land use types. There is a complex interaction
mechanism between the two.

FIGURE 7 | Township gradient differentiation of the landscape index of REL.
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(1) The EL characteristic index varies significantly by changing
the topographic gradient level. With the rise of the
topographic gradient, the diversity index and
fragmentation index of EL decreased overall, while the
dominance index and shape complexity increased
significantly. In the river valley areas with little difference
in altitude and slope, and a small topographic index, there are
no prominent regular characteristics in the type of REL, the
degree of fragmentation of patches, the degree of land
concentration, and the complexity of spatial forms. Its
spatial difference depends more on its location and the
concentration of human activities. In hilly and
mountainous areas where the altitude and slope have
increased to a certain extent, and the topographic index is
relatively large, the types of REL have increased

significantly—the degree of fragmentation of patches and
the degree of centralization of land use increase accordingly.
The complexity of the spatial form has also significantly
increased. In mountainous areas with high altitudes and
slopes and greater topographic index, the topography
conditions become relatively complex. The availability of
REL has been significantly reduced. The type of land used
tends to be single, mostly grassland and woodland, and the
patches are well concentrated and contiguous, and the plots
are relatively regular.

(2) The EL characteristic index varies significantly by the
changes in the township gradient level. With the rise of
the township gradient, ecological land’s diversity index
and dominance index generally increased, while the
fragmentation and shape complexity first increased and

FIGURE 8 | Economic gradient differentiation of the landscape index of REL.
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then decreased. Due to various factors such as poor soil and a
backward economy, the overall geographical environment of
general towns is poor. Except for the government seat, most
are located in mountainous and hilly areas as the distance
from the township government increases, the type of REL,
the degree of fragmentation of patches, the degree of
concentration of land use, and the degree of complexity of
spatial form have no significant change characteristics (Ma
et al., 2021a). The overall change range is small, and the
influence of the township government is not significant. The
township government significantly affects the EL within 3 km
outside the central town. The topography in this area is
relatively flat, the cultivated land is relatively concentrated,
and the degree of concentration is good. As the distance from
the township government increases, the types of REL tend to
be diversified. However, due to the division of rivers, roads,
settlements, and other elements, the land is relatively
irregular, and the impact of the township government is
not significant beyond 3 km of EL. The key towns are mainly
distributed in the river valley areas along the Weihe River.
Gongchang Town, Wenfeng Town, and Shouyang Town are
arranged along the river, and the layout of EL is greatly
affected by the river. The types of EL within 1 km of the
periphery of the river are relatively diverse, and the degree of
concentration is good. The land patches are concentrated and
contiguous, and the degree of fragmentation is low and
relatively regular. As the distance from the township
government station and the river increases, the types of
REL, the degree of centralization of patches were
significantly reduced, the degree of fragmentation of
patches was increased, and the degree of shape complexity
was significantly enhanced.

(3) The EL characteristic index of Longxi County varies greatly
due to the changes in economic gradient levels. With the rise
of the economic gradient, the diversity index and dominance
index of EL generally increased, and the fragmentation and
shape complexity showed a downward trend. Villages with
low economic gradients are mostly located in mountainous
areas, strongly restricted by topography, with poor
agricultural production conditions and fragile ecological
environments. In addition, they are far away from urban
areas and townships, making industrial development
difficult, and the number of migrant workers is enormous.
The type of land used tends to be single and fragmented. The
degree of fragmentation is small, and the patches are
relatively regular. The distribution of villages in the
middle economic gradient is relatively concentrated,
mostly located in hilly areas, with relatively good
agricultural production conditions, and are4 close to
towns and villages. The types of EL have increased
significantly. The land used for agriculture, forestry, water,
and the grass is staggered, and the patches of EL tend to be
fragmented, centralized, and complex in shape. Most of the
villages in the high economic gradient area are located along
the Weihe River and the main roads, which are close to the
urban area and township area, and the transportation is
convenient. The more diverse the use types of EL, the

higher the concentration of the dominant EL, and the
simpler the shape accordingly.

4.2 Suggestions on the Guarantee Policy of
Rural Ecological Land
REL directly provides the ecological service guarantee for various
production and living activities in rural areas. It is an essential
ecological source for absorbing urban life pollution and industrial
pollution (Fei et al., 2020). Therefore, scientifically protecting and
making good use of REL is an essential foundation for the overall
sustainable development of rural society and economy and an
essential means to supplement and improve urban functions
(Zhou et al., 2016; An, 2018). REL should be classified,
optimized, protected, and used based on full consideration of
its topographic gradient, township gradient, and economic
gradient. First, correctly handle the relationship between man
and nature, the relationship between production and ecology, and
the relationship between ecology and people’s livelihood,
scientifically plan the spatial layout of bare, auxiliary, and
preservation EL and non-ecological land, and combine the
gradient differences of EL in each village. Formulate EL layout
and ecological protection goals in different regions, effectively
protect the ecological environment and ecological space on which
human beings depend, and promote sustainable economic and
social development (Qiu et al., 2022). Second, it is necessary to
build a county-level ecological security pattern, optimize the
county-level grain production and land use pattern, and
coordinate the contradiction between regional product
development and ecological protection. At the same time, it is
actively carrying out the consolidation of agricultural land,
tapping the potential of unused land, cultivating or restoring
green according to local conditions, increasing the rural
ecological space, and improving the rural living environment
(Gao, 2017; Yang et al., 2017). Finally, from the perspective of the
gradient heterogeneity of EL, we insist on implementing policies
based on local conditions and implementing differentiated REL
optimization and protection paths (Zhang and Ren, 2016; Zhao
et al., 2020).

4.3 Prospects for the Future Research on
Rural Ecological Land
REL is an important part of territorial space, and it is of great
significance for maintaining regional ecological balance and
promoting sustainable urban–rural relations. At present, REL
has become a hot field of academic research. Existing studies have
analyzed the changes and differentiation trends of EL patterns on
a long-term scale. Also, they have studied the effectiveness of
different ecological spaces on a time scale. Based on the gradient
of “important ecological space-surrounding area space,” the
gradient difference of the protection effect is analyzed. It is
concluded that the protective effect of EL in important
ecological spaces is better than that of surrounding external
areas (Gao et al., 2021). With the development of
urbanization, the relationship between urban and rural areas
has entered a critical period of strategic transformation. The
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development and evolution of regional humanities, nature,
society, and other factors will inevitably drive the evolution of
the spatial pattern of REL. However, at present, there are few
studies on the spatial differentiation and impact mechanism of
REL under different gradients from the multi-dimensional
gradient of nature, society, and economy. Therefore, this study
used the landscape index to explore the differentiation
characteristics of the spatial pattern of REL in different
dimensions. This not only reflects the spatial pattern
characteristics of REL but also reveals the differentiation law
of REL under multi-dimensional gradient. This study is of great
scientific significance for the adjustment of rural land use
structure, the promotion of urban–rural integration
construction, the delimitation of regional ecological protection
red line (Guan et al., 2018), and the improvement of the
ecosystem service function. However, due to the availability of
data and the constraints of research perspectives, this study has
many uncertainties and limitations. First, according to the
traditional land use classification system, this study classifies
EL into four categories: woodland, grassland, water body, and
cultivated land, without considering the ecological attributes and
ecological functions of each land use (Li et al., 2020b). Second,
this study attempts to study the spatial differentiation
characteristics of REL from a multi-dimensional gradient. This
study considers the impacts and differences of multiple factors
such as topographical conditions, township development level,
and socio-economic conditions on the spatial distribution of REL.
However, the interaction of multiple factors on the spatial
distribution of EL is not considered (Feng et al., 2021b). In
addition, the spatial distribution of REL under different
gradients obtained in this study does not mean that the
distribution of REL in other areas follows this result. Research
on EL in different regions should consider its regional
characteristics, local conditions, and socio-economic situations
(Ma et al., 2021a).

Ecological civilization has become a national strategy for the
construction of a socialist society with Chinese characteristics (Fei
et al., 2020). The new situation requires us to accurately identify
the spatial differentiation characteristics of REL so as to optimize
the reconstruction of rural ecological space, improve the scientific
control of rural ecological space, and promote the construction of
an ecological safety network (Long et al., 2015; Wen et al., 2017).
In the follow-up EL research, we will strengthen the planning and
control strategy analysis of EL and the evaluation and analysis of
the implementation of institutional mechanisms so that the
research results of EL will help to play better a guiding role
(Chen et al., 2008; Qi et al., 2016).

5 CONCLUSION

The number of REL in Longxi County is relatively large, and the
spatial pattern is significantly different. The area of EL accounts
for 90.45% of the county’s total area. It has an excellent ecological
background and is dominated by cultivated land, accounting for
68.79% of the REL. Grassland is second, accounting for 16.68% of
REL. The area of water bodies is the least, accounting for only

0.31% of the REL. EL is one of the important types of land use.
Accurately grasping the spatial distribution and scale of different
types of EL is of great significance for accurately protecting EL
and using EL according to local conditions. In the future, Longxi
County should focus on protecting the main ecological resource
of Cultivated land while taking into account the protection of
grassland, forest land, and water bodies.

Second, the spatial characteristic index and spatial pattern of
REL in Longxi County are significantly different. The diversity,
dominance, and shape index are mainly at low and medium
levels, while the fragmentation degree is mainly at low and high
levels. In the protection and utilization of EL, we should increase
the protection of different types of EL and improve the
effectiveness of protection measures according to the spatial
characteristics of different types of EL.

The diversity, dominance, fragmentation, and shape index
gradients of REL in Longxi County were significantly different.
With the increase of the topographic position index, the types of
REL increased significantly, the fragmentation degree of patches
and the degree of concentration of land use increased, and the
complexity of the spatial form also increased significantly. After
the local topographic position index reaches a certain level, the
availability of REL is significantly reduced. The type of land use
tends to be single, the concentration of patches is poor, and the
shape of the plot is relatively complex. In addition, REL is also
affected by the township level. The higher the level, the more
significant the impact, but smaller the impact range. REL of the
general township is not significantly affected by the township
government, but the township government within 3 km outside
the central town is affected significantly. Within 1 km of the key
township are significantly affected by the township government.
The impact of the economic gradient on REL is closely related to
the geographical environment where the village is located. With
the rise of the economic gradient, the geographical environment
becomes better, the types of land use gradually increase, and the
degree of concentration increases, but the fragmentation and
morphology show the trend of rising and then falling. Under the
division of different gradients, the characteristic indices of EL
have different evolution laws. Studying the spatial
characteristics of EL from multiple dimensions is conducive
to a comprehensive understanding of the internal trends and
mechanisms of EL distribution and plays a vital role in national
land spatial planning and national land ecological security
protection. The protection of REL in Longxi County should
fully consider the topography, townships, and economic
gradients where it is located, integrate the spatial
differentiation characteristics of the diversity, fragmentation,
dominance, and shape indexes, and take protection measures
according to local conditions. From the aspects of formulating
ecological protection goals in different regions, constructing
county ecological security patterns, and coordinating the
contradiction between regional product development and
ecological protection, it proposes differentiated paths for REL
optimization and protection to optimize the spatial
development pattern of the country and promote the
construction of a rural living environment that is livable and
suitable for business.
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Sustainable Research of Land
Optimization in a Semiarid Sandy Area
Based on Soil Moisture
Characteristics
Hongfei Zhang1,2, Zhaoyang Cai1, Jingyuan Chen1, Yan Xu1* and Fengrong Zhang1

1Land Use and Management Center, China Agricultural University, Beijing, China, 2Inner Mongolia Autonomous Region Natural
Resources Protection and Utilization Research Center, Hohhot, China

Land optimization is a necessary means to improve the land use efficiency and promote
the sustainable use of land resources. How to fully consider the regional background
conditions and scientifically and comprehensively achieve the sustainable and optimal
utilization of land resources is a necessary means to promote the sustainable utilization of
land resources, especially in semiarid sandy areas with fragile ecological environments.
Therefore, based on the characteristics of a semiarid sandy area and by using existing
research, with important water resources as the core, this study constructed an optimal
land allocation method in a semiarid sandy area based on the soil moisture characteristics.
By taking the Horqin Zuoyihou Banner in the semiarid sandy area of China as a typical
case, we explored its soil moisture characteristics and influencing factors and put forward
the distribution patterns and suggestions for optimal land use. The results show that it is
effective to optimize the land space allocation in semiarid sandy areas based on the soil
moisture characteristics, and the corresponding land use activities should be arranged
according to the moisture conditions of each region, which is beneficial to achieve
sustainable semiarid sandy land use. We hope that this study can provide valuable
sustainable land optimization solutions for the efficient, sustainable use and protection
of land resources in semiarid regions.

Keywords: semiarid sandy regions, land resources, soil moisture, land optimization, sustainable land

1 INTRODUCTION

Sustainable land optimization is a necessary means to improve land use efficiency and promote the
sustainable use of land resources (Cao et al., 2012; Song and Chen, 2018). However, the effectiveness
of land optimization is affected by many factors, including the development levels of social,
economic, ecological, and environmental systems (Li et al., 2020; Gao et al., 2021). Therefore,
there are many unreasonable land use schemes in land optimization research, which cause our
research on land optimization to lack a certain degree of systematic organization and this work
cannot propose practical and effective development schemes for decision-makers (Goldstein et al.,
2012; Luo et al., 2019). At present, with the rapid development of industrialization and urbanization,
land resources are facing the dual tasks of development and protection, dual contradictions between
supply and demand, and the dual pressures of resource utilization and ecological protection are
present, especially in semiarid areas with fragile ecological environments (Cui and Shi, 2012; Jiang
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et al., 2020; Deng, 2021). Therefore, how to scientifically achieve
sustainable optimal utilization of land is not only an important
topic in the land science field but is also a necessary means to
improve the land use efficiency and promote the sustainable use
of land resources (Cotter et al., 2014; Wang et al., 2021).

China’s arable land resources are insufficient, and the per
capita arable land area is less than 0.1 hm2, which is less than 40%
of the world (Lai et al., 2020). Cultivated land for the purpose of
ensuring food safety and protecting the red line of cultivated land
occupies a supplementary balance, and drought and semiarid
areas have become an important replenish area for cultivated land
in China (Ghabour et al., 2019). It is difficult to develop only
without protection, and the use of land use is difficult to sustain;
only the reality of protecting and non-development, the reality of
the contradiction between human and land, and the growth of
grain demand are not allowed (Song and Chen, 2018; Fan et al.,
2020a). Meanwhile, groundwater resources are very valuable
resources in drought and semiarid areas, which can determine
the scope, scale, and form of land protection and utilization, and
it is a necessary factor to meet the growth of non-ground
vegetation growth in the semiarid area (Liu et al., 2022).
Groundwater has a large impact on surface vegetation, and is
also a quantitative relationship between groundwater levels, soil
water content and plant ecological types (Maihemuti et al., 2021).
Therefore, water resources have become an important condition
for sustainable optimization and utilization of land resources in
dry and semiarid areas (Jiang et al., 2020).

Fortunately, the existing research has conducted a wealth of
research on land optimization, which can be roughly divided
into three categories. The first group of methods consider the
impacts of natural, economic, social and ecological factors on
land space utilization from the perspective of the quantitative
structure of land use and uses linear programming models,
nonlinear programming, dynamic programming and other
methods to calculate the allocation of cultivated land use,
and an optimal solution for the macroscopic arable land use
quantities and structures is obtained (Verhoeye and Wulf, 2002;
Li et al., 2020). The second type of method begins with the
spatial land use structure, comprehensively considers the
natural conditions, quality conditions, spatial forms, and
location conditions of the land, and uses multiple
optimization models, cellular automata models, genetic
algorithms, multiagent particle swarm optimizations, and
water footprints to define constraints (such as the total water
resources) and optimization goals (such as the maximum
economic benefits) in combination with relevant policies to
calculate an optimal allocation scheme for land space utilization
in terms of the economic, social, and ecological benefits (Liu
et al., 2015; Wang et al., 2020; Rahman and Szabó, 2021; Liao
et al., 2022). The third type of method predicts the spatial
optimization of different land use types, such as cultivated land,
forestland, grassland, garden land, and construction land, under
multiple future scenarios from the perspective of land use times,
which provides a reasonable and effective sustainable
development direction for land use in terms of quantitative
structures and spatial distributions (Chakir and Gallo, 2013; Qiu
et al., 2022; Rong et al., 2022).

The above analysis shows that the existing land optimization
plan achieves the unification of land quantitative structures and
spatial structure optimization patterns, can effectively coordinate
the contradictions among the individual goals of land use and
social goals, and has formed the optimization path of “objective
function—numerical constraints - space transformation rules -
optimization solution”. The research methods and technologies
have been improved, which effectively ensure the rational,
effective and comprehensive development of the optimal
allocation of land space. However, most of the existing
research scales are macroscopic, and few scholars have
conducted research from the microscopic perspective of the
background attribute characteristics of land and have rarely
considered the influences of soil moisture characteristics and
landform characteristics on the optimal allocation of land,
especially in semiarid areas with fragile ecological
environments with water shortages and obvious landform
differentiation characteristics. Thus, our research on land
optimization lacks a certain degree of systematic
comprehensiveness and cannot propose practical and effective
sustainable land use development measures for decision-makers.

Therefore, to propose a suitable sustainable land optimization
scheme for semiarid areas, this study selects the sandy area of the
Horqin Zuoyihou Banner, Inner Mongolia Autonomous Region,
as the study area. First, we determined the typical year based on
the precipitation of the research zone from 1980 to 2019 by using
Pearson-III curve. Second, we observe the water dynamics in
different soil layers in the soil profile located in the dune
depression interphase area in typical years in the study area
and clarify the soil water status and its influencing factors in
different topographical parts of the growing season by using the
time-domain reflectometry method and equidistant layering
method. Finally, based on the soil moisture characteristics in
the study area, the land use space in the study area is optimally
allocated, and corresponding sustainable land optimization
suggestions are proposed. We hope that this study can provide
valuable sustainable land optimization solutions for the efficient,
sustainable use and protection of land resources in semiarid
regions.

2 MATERIALS AND METHODS

2.1 Study Area
The Horqin Zuoyihou Banner is located southeast of Tongliao
city, Inner Mongolia Autonomous Region in the central and
southern part of the Horqin Sandy Land, between 121°30′-
123°42′ E and 42°40′-43°42′N, and the total area is 11,500 km2,
which includes 12 towns (Figure 1). The elevations in this region
gradually decrease from southwest to northeast, and then to the
southeast, most of the sandy meadows are interlaced, the dunes
are rolling, and the depressions are distributed vertically and
horizontally. The annual average temperature in this region is
5.6°C, the annual average precipitation is 428 mm, which is
mainly concentrated from June to August. The annual average
sunshine amount is 2,837–2,982 h, and the annual average wind
speed is 4.6 m/s (Zhou et al., 2019). The eastern plain is a key
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grain-producing area, and most of the central and western areas
are key animal husbandry areas, which mainly involve planting
corn, rice, wheat, and soybeans, with grain outputs sufficient for
approximately 2.2 billion heads of cattle and 1.68 million
livestock pens (Zhou et al., 2017). In 2020, the regional GDP
was 12.3 billion yuan, the registered population reached 395741,
and the per capita disposable income reached 19681 yuan
(Statistics Bureau of Inner Mongolia Autonomous Region, 2021).

Because the Horqin Zuoyihou Banner is located in the
hinterland of the Horqin Sandy Land (the largest sandy land
in China), which belongs to the transition zone between arid and
semiarid zones, the ecological environment is fragile, and the
contradiction between water supply and demand is sharp, which
is typical and representative, so the Horqin Left Front Banner in
Inner Mongolia is selected as a typical case for empirical research
(Li et al., 2012; Ge et al., 2015). The experimental area selected
was the Wudantala Natural Village in Bulagacha, Ganqika Town,
which is located in the central part of Kezuohou Banner, which is
a typical dune depression area. The relatively flat land near the
settlements has been mostly reclaimed as arable land surrounded
by dune depressions. Themanagement level of agricultural land is
relatively extensive, and field management by farmers is sparse.
The experimental area selected was the Wudantala Natural
Village in Bulagacha, Ganqika Town, located in the central

part of Kezuohou Banner, which is a typical area with dune
depressions. The relatively flat land near the settlements has been
reclaimed as arable land surrounded by dune depressions. The
management level of agricultural land is relatively extensive, and
field management by farmers is sparse. The current land use
status in the experimental area is shown in Figure 1C.

2.2 Data Sources
The topographic data in this study are derived from the surveying
and mapping data of the land consolidation project in the pilot
area, 1:50,000 contour topographic map of the Horqin Zuoyihou
Banner, 30-metre-precision DEM data of the Kezuohou Banner,
and wetland GPS positioning data, which are combined with
UAV aerial photography images. The geological landform and
soil hydrology data are obtained from the land consolidation plan
of Tongliao city, soil data of the Horqin Zuoyihou Banner, water
resource sustainable development and utilization plan of the
Kezuohou Banner, hydrological station data from 1980 to
2019, grid sampling data of the experimental area, and sample
point profile sampling data. The meteorological data are obtained
from the public meteorological data provided by the national
stations. In addition, a small, automated weather station is set up
in the test area, which automatically records and counts data such
as temperature, wind speed, rainfall, and solar radiation at 30-

FIGURE 1 | Study area location.
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minute intervals. The land use data are obtained from the land
remediation plan of the Tongliao Municipal Bureau of Land and
Resources and are obtained by visual interpretations combined
with remote sensing images and UAV aerial images. The
economic and social data are obtained from the 2020
Statistical Yearbook of the Inner Mongolia Bureau of Statistics.

2.3 Research Framework
After reviewing the main literature and theories, we divided the
research ideas of this article into the following three parts: 1) This
study uses Horqin Zuoyihou Banner as a typical case area for
semiarid sand, investigating the precipitation of the area from
1980 to 2019, and using Pearson-III curve to determine the
typical year for research. 2) Observations of the characteristics and
causes of soil moisture differentiation in the dune depression
interphase area: The basic landform of the semiarid area-dune
depression interphase area was observed to determine the water
dynamics of different soil layers in the soil profile and to understand
the soil water statuses and their causes in different topographical areas
in the growing season. 3) Propose a sustainable land use optimization
model: Based on the above two research results, by referring to
previous experience and lessons of land use in the region and
combined with the regional economic and social development
plan, a regional land use optimization plan based on the
principles of conservation and sustainability is proposed. The
research framework is shown in Figure 2.

2.4 Research Methods
2.4.1 Determination of Typical Research Years
Since the precipitation amounts vary greatly among different
years, it is necessary to consider the influence of different
hydrological years when analysing the supply and demand
characteristics of water resources and water consumption for
crop irrigation. In this study, the Pearson-III curve was used to
analyse the 30-year hydrological years of the Horqin Zuoyihou
Banner from 1980 to 2019, and the representative year of the
flat-water year (p = 50%) was determined to be 2015 (Ji et al.,
1984).

2.4.2 Observation Methods to Determine the Soil
Moisture Characteristics
2.4.2.1 Moisture Observation Period
The observation period for this research experiment extended
from July 7 to October 21, which is divided into a hot and dry
period, high temperature and rainy period, and low temperature
and low rain period, which not only considers the typical climate
in the region but also maintains continuity in time. At the same
time, the arithmetic mean values of the data that are measured by
most probes are used as the soil water content values of each
section and layer, and the water status trends in areas with
differing topography in the project area during this period are
then summarized.

FIGURE 2 | Research framework for sustainable research of land optimization in a semiarid sandy area based on soil moisture characteristics.
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TABLE 1 | Summary table of water observation sampling points.

Section number Type Terrain Groundwater impact Cover Develop and
use

Situation

1–1 A Hilltop No Very sparse shrub grass No

1–2 A Hill middle No Sparse shrub grass No

1–3 A Hill down No Very sparse grass No

2–1 A Hilltop No Sparse shrub grass No

2–2 B Hill middle Deep Sparse corn, grass Fields of corn

2–3 B Hill down Deep Good corn Fields of corn

1–4 C Dune land All Meadow Grazing

3–1 A Hill middle No Poplar tree Shelter forest, woodcutter

Frontiers in Environmental Science | www.frontiersin.org June 2022 | Volume 10 | Article 9213455

Zhang et al. Sustainable Research of Land Optimization

71

https://www.frontiersin.org/journals/environmental-science
www.frontiersin.org
https://www.frontiersin.org/journals/environmental-science#articles


2.4.2.2 Layout of Moisture Observation Points
Due to the significant differences in the soil moisture conditions in
the parts with differing topography in the dune depression
interphase area, the distributions and growth of natural
vegetation and crops are significantly different. To explore the
crop site conditions in areas with differing topography and to
then determine a reasonable design, two observational cross-
section transects were selected, which are located on an
undeveloped natural dune depression slope and on an adjacent
slope that has been developed as a farmland dune depression slope.
In addition, we extend from the greatest heights of the dune
depressions in the two cross-section belts down to the
depressions and select sampling points in different parts as the
representatives of various dune depression landforms in the project
area to measure the soil properties and monitor the water dynamics.
See Table 1 below for a comparison of the sampling points.

According to the results of the initial measurements when the
probe is set, the profile sampling points are roughly divided into
three categories: “Type A” (the entire body is dry, profiles 1–1,
1–2, 1–3, 2–1, and 3–1); “Type B” (the deep layer is relatively wet,
profiles 2–2 and 2–3); and “Type C” (the entire body is wet,
profile 1–4).

2.4.2.3 Soil Moisture Measurement Method
To correctly evaluate the water supply capacity of the land, the soil
water contents were measured in this experiment by using the time-
domain reflectometry method to understand the dynamic change
processes of the soil water contents over a long time period. The
TDR100 time domain reflectometer host, manufactured by
Campbell Scientific, was selected for the experiment, which can
obtain automatic continuous measurements based on Datalogger. A
specially customized CS630 three-pin probe sensor is used to act as a
wave guide. The probe length is 15.0 cm, the probe diameter is
0.318 cm, and the probe dimensions are 5.75*4.0*1.25 cm. The SDI-
12 sensor bus communication protocol is used between the probe

and host, and the connection ismade with RG-58 coaxial cable and a
corresponding standard connector. The water measurement
accuracy of the sensor is ±2.5% when measuring dry soils and
±0.6%whenmeasuring saturated soils, whichmeet the requirements
for themeasurement accuracy of this experiment. Before burying the
probe, the actual probe length is corrected by using the water
immersion method to correct the errors that are caused by
deformation of the needle. The test adopts a method that
involves moving the host computer to obtain point-by-point
readings at regular intervals and uses a COM2USB cable to
connect a notebook computer with a host computer to form a
portable field measurement device. The measurement results are
manually read by the PC-TDR program, the waveform diagrams are
checked at the same time, and the arithmetic means of the corrected
readings of the three waveforms are taken as the results.

2.4.2.4 Dynamic Monitoring Method for Soil Moisture
After selecting the sample points, the section is excavated at each
sample point, the equidistant layering method is used to take soil
samples at 10, 30, 50, 70, 90, and 110 cm, and TDR probes are
embedded to more accurately evaluate the overall conditions
along the profile. Dynamic monitoring of the soil moisture in
each profile was conducted over a 4-month period, which covered
the most important precipitation period and main growing
period of crops. The measurements are mainly conducted
from approximately 9:00 to 10:00 in the morning, and in the
case of rainfall, these are postponed until the next day to obtain a
relatively stable moisture distribution trend.

2.4.3 Land Use Space Optimization Method
2.4.3.1 Optimization Principle
The sandy area in the Horqin Zuoyihou Banner is vast and
sparsely populated, with low production and operation
intensity, and the natural ecology of the region is relatively
fragile. Large-scale, high-intensity land development can easily

FIGURE 3 | Water condition division of the test area.
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lead to ecological deterioration (Xu et al., 2018). Therefore, it is
necessary to avoid damaging the self-regulating function of the
ecosystem, protect and restore the ecological environment and

fully guarantee the production, living and development needs
of local residents. This study plans the land use space based on
the four principles of adapting measures to local conditions,

FIGURE 4 |Horizontal comparisons of the water content of each section in different periods. (A) is the hot, dry period, (B) is the high temperature, rainy season, and
(C) is the low temperature, rainy season.
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setting land with water, minimal disturbance and
diversification.

2.4.3.2 Selection of Representative Crops
Based on a literature review and field visits and investigations, this
study summarizes themain local land use types, determines themain
vegetation types that are involved in each land use type, the habitat
habits of crops, and the inputs and outputs of various management
methods to analyse the needs and adaptations of each land use to the
environmental and socioeconomic conditions (Alados et al., 2011;
Fan et al., 2020b). The main representative crops that were selected
include corn, rice, alfalfa, Leymus chinensis, Cinnamon japonica,
Sadawang, reed, and Caragana.

2.4.3.3 Zoning by Land use Type
Based on the water condition characteristics mentioned above,
the land in the experimental area is divided into the following
types (Figure 3). The “insufficient flooded areas” with poor
moisture conditions consist mainly of those areas with deep
groundwater depths (e.g., over 235 m above sea level).

“Suitable flooded areas” with better water conditions consist
mainly of those areas with slightly higher terrain, such as low-
lying land, that is, distributed in areas with high groundwater
levels, and the altitudes are between 233 and 235 m. The “excess
flooded area” with good water conditions and low-lying terrain is
located mainly at the transition stage between seasonal flooded
areas and suitable water areas and is not prone to flooding but
does not require year-round irrigation. The “seasonal flooded
areas” that are prone to water accumulation during the rainy
season include wetlands with year-round water, lakes, seasonal
wetlands, and seasonal lakes. The terrain mainly consists of
depressions and deserts.

3 RESULTS

3.1 Analysis of Observation Results of
Moisture Status
During the hot, dry period from July to early August, the test area
continued to be hot and less rainy, with only a few rainfall events

FIGURE 5 | Land use planning, ecological land and farmland planning.
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that were less than 10 mm. The water contents of the A, B, and C
profiles were 9%–11%, 9%–20%, and 20–45%, respectively
(Figure 4A). During the high temperature, rainy period from
mid to late August, the rainfall in the experimental area was
relatively concentrated, with a cumulative rainfall amount of
195.32 mm. During this period, the soil water contents
fluctuated greatly, and the water contents of the A, B, and C
profiles were approximately 14%, 15%–40%, and 40%,
respectively (Figure 4B). In the period with low temperatures
and little rainfall occurring after September, the test area entered
autumn, with scarce rainfall and rapid temperature decreases.
The measured soil moisture contents fluctuated only slightly, and
their standard deviation was less than 1%. The water contents of
the A, B, and C profiles were approximately 12%, 13%–30%, and
40%, respectively (Figure 4C).

3.2 Analysis of the Influencing Factors of
Moisture Status
Based on the above test results, this study further analysed the
influencing factors of soil water contents in the study area under
different times and spaces from four aspects, including
meteorological conditions, surface morphology, groundwater
and soil burial depth. First, in the three stages with hot and
dry conditions, high temperature and rainy conditions, and low
temperature and little rain with different meteorological
conditions, temperature and precipitation have different
degrees of influence on the soil water content through water
infiltration and water evapotranspiration, respectively. Second,
different slope aspects and positive and negative topographies
features (e.g., dunes and depressions) affect the soil water content
by redistributing solar radiation and surface runoff. Third,
groundwater, as a variable with a certain regional consistency,
is a direct influencing factor for the water content variations
observed in different sections. Finally, the soil in the study area
consists mostly of unstructured sandy soil with a uniform top and
bottom. The closer it is to the surface, the easier it is for water to
evaporate into the atmosphere or be absorbed by the roots of
vegetation, which thereby affects the soil water content.

3.3 LandUseOptimization Results Based on
Soil Moisture Conditions
Based on the observation results and influencing factors of the
above-mentioned soil moisture conditions, this study follows the
principle of least disturbance and diversification and uses water to
determine the land types associated with different soil moisture
contents. According to the actual situation of the pilot area types
according to local conditions, a corresponding land space
utilization planning scheme is formulated. During the
planning process, all existing roads, forestland and residential
construction land remain unchanged, as shown in Figure 5A.

The current patches of arable land in the experimental area are
relatively messy, and this distribution is not conducive to large-
scale operations. Therefore, it is recommended to carry out land
consolidation, rezone the plots, and adjust the planting types
according to the water conditions during the land consolidation

process. Specifically (Figure 5B), for seasonally flooded areas,
their areas, shapes and locations should be adjusted accordingly,
and appropriate engineering measures should be adopted to
reclaim them as paddy fields or reserve them as wetland
reserves. The water-excess area is the main area for grain crop
production. In drought years, no irrigation is required to grow
corn. Intensive management steps should be carried out to
increase the yield per unit of crops. The area, that is, suitable
for water is large, but in years with less rain, the cooperation of
irrigation measures is needed to ensure the corn output.
Therefore, those areas that are far from residential areas are
defined as artificial pastures, and relatively drought-tolerant
alfalfa, Leymus chinensis, and other crops are planted, while
the areas closer to the settlements are still used as dry land, and
water-saving irrigation measures such as drip irrigation or
sprinkler irrigation are used. All of the cultivated land in the
water-deficient area should be converted into artificial pastures,
and these could also be enclosed for natural recovery if the
conditions are suitable. The sporadic unused land in the
settlements can be transformed into village greening, but
outside of the settlements, if there is no need for
transformation, the status quo can be retained. For road land,
it is recommended to build ecological roads in the pilot area; that
is, instead of building hardened pavements, shrubs with
developed lateral roots and drought resistance should be used
to stabilize both sides of the road, and the roads should be fixed
through the action of root systems to bind the soil herbs.

4 DISCUSSION

4.1 Effectiveness of Land Optimization
Methods Based on Soil Moisture
Characteristics
As a valuable resource type in arid and semiarid areas, groundwater
resources determine the scope, scale and form of land protection
and utilization to a certain extent (Mitter and Schmid, 2021). The
vast, deep, sandy sedimentary layers of the Horqin Sandy Land
have good connectivity, and the water infiltrating from various
places gathers underground as a whole; even when there is no
rainfall, the low-lying desert can still obtain a sufficient water
supply. Therefore, groundwater provides a large reservoir in the
Horqin Sandy Land. Groundwater is not only the main water
source for natural vegetation and field crops but is also the
domestic water source for the rural residents in this region
(who live in a large number of scattered villages without
centralized water supply conditions). However, due to the
severe soil desertification in the Horqin Sandy Land, the water
retention capacity is extremely poor, and the leakage of natural
precipitation is extremely rapid (Zhao et al., 2018). The
groundwater depths in this area are very shallow, and the direct
supply of groundwater and indirect recharge of water vapour
condensation constitute the main and most stable sources of
soil moisture. Therefore, it is reasonable and necessary to
optimize the land space allocation in semiarid sandy areas
based on the soil moisture characteristics.
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4.2 Limitations of Traditional Optimal Land
Utilization
Due to the high population pressure, the pursuit of “the best use of
the land” in land use, through highly intensive investments in capital,
labour, water and fertilizer, to build a large area of high-yield
farmland, that is, concentrated and contiguous, the traditional
optimal allocation of land is mainly used in the relatively humid
plains area. The core elements of this land optimization method are
as follows: large-scale flat farmland constructed through land
levelling, filling ditches and ravines, and land rezoning; moisture
control bymeans of well-established irrigation and drainage systems;
and high-input artificial methods such as fertilizers and pesticides
being used to maintain farmland outputs.

In the Horqin Sandy Land, there are many limitations to this
method of utilization (Zhu et al., 2020). 1) The Horqin area is vast
and sparsely populated, and the contradiction between man and
land is relatively lower. What is more important is the quality of the
land rather than the quantity. 2) Large-scale land levelling will be a
major blow to the already fragile ecological environment and will
also lead to the loss of the only nutrients in the topsoil. 3) Since flood
irrigation is difficult to carry out, the significance of land levelling is
not great. It is only necessary to meet the requirements of
mechanized farming by using simple engineering measures. 4)
Since the average precipitation amount over many years is only
450mmand the sand infiltration intensity is high, the water resource
pressure from large-scale farming is very high. 5) The capital and
labour inputs are relatively high and do not meet the actual local
needs. These special natural characteristics mean that large-scale
land levelling should not be carried out in this area, which will
further aggravate land desertification (Bao et al., 2019; Duan et al.,
2019).

4.3 Land Use Optimization Based on Soil
Moisture Characteristics
For moisture-deficient areas, due to the harsh conditions, the
yields in these areas are low after reclamation and there are even
no harvests in drought years, which are the main locations where
reclamation-abandonment cycles occur. Therefore, reclamation
and planting should be avoided in moisture-deficient areas, and
protection should be given priority, or drought-tolerant pastures
and shrubs should be planted. For moisture-friendly areas, these
areas are usually large, and the deeper layers can be recharged by
groundwater, but the water content at the soil surface is slightly
lower and the aeration is good. These areas can still support the
growth of deep-rooted crops in dry years and will not see
decreased crop yields due to stagnant water in wet years.

The suitable water area is the land with the best conditions and
is most suitable for agricultural use. It can be used for field
farming or for artificial pastures. The excess water area is also the
area with low terrain and shallow groundwater depths. In dry
years, the region can ensure the water supply of crops, and good
harvests can be obtained without irrigation; in rainy years, the
groundwater level in the region rises, the soil moisture content is
high, the permeability decreases, and deep-rooted crops are
susceptible to damage and yield reductions. Therefore,
Mesophytes such as corn that are not tolerant to waterlogging

can be planted in dry years, and moisture-loving crops such as
rice can be planted in normal years and rainy years. The
distribution of seasonally flooded areas is random, and these
areas have uneven topography. Most of these areas are occupied
by reeds because when these areas are not flooded, the
groundwater depths are relatively shallow, and the soil water
contents are high. After receiving long-term deposition, the soil is
relatively fertile, with strong water and fertilizer retention
capabilities. By taking advantage of the seasonal flooding in
this area, paddy fields can be reclaimed, and rice can be grown.

4.3 Suggestions for Optimal Sustainable
Land Use
First, water is the most important limiting factor in the Horqin
Sandy Land. By studying the spatial differentiation of the soil
moisture conditions and “determining land with water”, the
corresponding land use activities are arranged according to the
moisture conditions of each region, which are the basis for
sustainable land use. Specifically, 1) for clumps with poor water
conditions, cycles of random reclamation and abandonment will
accelerate the degradation of land in the Horqin area, which requires
long-term stable management (such as construction land and
rotational pastures) to avoid cultivated land becoming the source
of desertification. 2) For wetlands that have year-round water, it is
necessary to increase the protection efforts to develop seasonally
flooded areas to grow rice and to develop dry land with good water
conditions to grow corn and other field crops. 3) In view of the two
completely different environments that coexist in the small dune and
depression areas, the land use activities should be arranged according
to the characteristics of the two environments to reduce the damage
to the natural landscape, protect biodiversity, and achieve an
environmentally friendly and sustainable environment. 4) Based
on the soil moisture conditions, the inputs into land use activities
according to local conditions are conducive to long-term stable
operation and less disturbance to the environment, which are
conducive to ecological restoration and sustainable land use.

Second, under the condition that the total amount of water
resources is constant and the ecology cannot be destroyed, the
limited water resources can be used in those places with higher
efficiency (that is, less water can be used to meet the needs of local
residents for survival and development) to decrease the impact on
the environment. pressure is necessary (Fraser et al., 2013; Dessu
et al., 2019). This study believes that adjusting the industrial
structure is an important method to develop the semiarid sandy
land. If the industrial structure, that is, dominated by agriculture
and animal husbandry is to meet the needs of local residents, it
will exceed the carrying capacity of the water resources. Non-
agricultural land use has a higher level of economic output per
unit of water consumption and can meet the survival and
development needs of local residents with less land pressure.
At present, the primary industry, namely, agriculture and animal
husbandry, accounts for a very high proportion of the industrial
structure in the study area. Therefore, decreasing the proportion
of agriculture in the local economy, increasing the degree of
industrialization, creating more non-agricultural employment
opportunities, encouraging non-agricultural employment and
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urbanization of the agricultural population, and reducing the
pressure of agriculture on land are options. development way out.

Finally, in the land use process, care should be taken to protect the
groundwater (Mitter and Schmid, 2021). The good connectivity of
groundwater bodies will rapidly expand the areas that are affected by
pollution, which will cause harm via the absorption of natural
vegetation, crops, and domestic water intake. More importantly,
groundwater is a vital water source in the Horqin area, and
groundwater pollution will lead to serious consequences.
Therefore, in agricultural production, water-saving irrigation
methods should be used to avoid overexploitation while reducing
the use of chemical fertilizers and pesticides to avoid pollution
(because pollutants are difficult to completely remove once they
enter water bodies). For industrial andmining activities, the pressure
on groundwater should also be reduced through the selection of
water-saving processes and reuse of reclaimed water, and sewage
discharges should be strictly controlled.

5 CONCLUSION

This study took the sandy area of the Horqin Zuoyihou Banner as
the study area, which was combined with the background
conditions of the study area, determined the typical years of
the study through the Pearson-III curve, observed the soil
moisture dynamics, and analysed the influencing factors.
Then, we divided the study area into four water characteristic
areas and formulated different sustainable land use optimization
schemes based on the principle of determining land by water and
adapting measures to local conditions. The study found that the C
profile has the most water content (45%), and the A profile has
the least water content (9%); when the precipitation is relatively
concentrated, the soil moisture fluctuation is larger; when the
rainfall is less, the soil moisture fluctuation is small. The results
show that the topography of the Horqin sandy area has a very
high correlation with the spatial differentiation of soil moisture,
which will lead to differences in plant community distributions
and crop growth conditions in areas with different topographies.

Therefore, this study believes that sustainable land use should
be based on the soil moisture conditions, and the corresponding
land use activities should be arranged according to the moisture
conditions of each region. It is also important to protect wetlands

that have water all year round, develop seasonally flooded areas to
grow rice, develop dry land with good water conditions to grow
corn and other field crops, use water-deficient lands as
construction land and rotational pastures, and take measures
to enclose tall sand tusks to assist natural recovery. We hope that
this research can provide practical sustainable land optimization
methods for China and other parts of the world and can provide
policy recommendations for the sustainable utilization of the
cultivated land resources in arid sandy areas and regional
sustainable development.
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Detecting the Spatial Mismatch of
Water Resources and Grain Planting
Pattern Changes in China Based on
Satellite Data
Yinan Feng and Jieyong Wang*

Institute of Geographic Sciences and Natural Resources Research, Chinese Academy Sciences, Beijing, China

China has achieved sustained growth in grain production and significant changes in grain
patterns since the early 21st century. Meanwhile, the contradiction between the shortage
of water resources and the development of agriculture is becoming more andmore severe.
This study introduced Gravity Recovery and Climate Experiment (GRACE) gravity satellite
Total Water Storage (TWS) Product to indicate total water storage and calculated the
Cumulated Normalized Difference Vegetation Index (CNDVI) of cropland as an indicator for
grain growth. Based on the continuous satellite data, this paper revealed the spatial
mismatch between water resources supply and grain growth pattern in China. The center
of gravity of the CNDVI tends to move northwest, while the GRACE TWS data’s center of
gravity is in the opposite direction. There were different relationships between GRACE-
TWS and CNDVI changes in different zones. We calculated the pixel-wise spatial Pearson
Correlation coefficients of TWS and CNDVI. The TWS data and CNDVI data show negative
correlation trends in the water-limited areas such as the northern arid-semiarid region and
northern China plain, while they show a positive correlation in relatively sufficient water
resources in southeast China. According to the results, the changing pattern of grain
production in China is likely to cause the depletion of grain production potential in the
water-limited regions, while the southeastern regions with higher potential still have more
capacity for agricultural production.

Keywords: grain production pattern, spatial mismatch, water resource, satellite data, China

1 INTRODUCTION

In parallel to the importance of other energy resources for production systems (Elahi et al., 2022a;
Elahi et al., 2022b), water is also one of the imperative resources for plant production.Water, which is
one of the most fundamental inputs for agricultural production. Irrigation, fertilizer applications or
pesticide, water takes part in almost every section of agricultural activities (Elahi et al., 2021a; Elahi
et al., 2021b). Accompanied by the rapidly increasing demands on water, the development of China’s
agriculture leads to severe water stress in some regions where water is the limiting factor in the local
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ecosystem. Nationwide, agriculture accounts for 62% of water
consumption, industry consumes 22%, domestic water takes 14%,
and other use 2% (National Bureau of Statistics of China, 2020).
With the demand for water resources continuing to grow, the
drought afterward brings about serious damages to agricultural
production. In China, the average annual crop area affected by
drought was 62 million acres at the turn of the century, compared
to 28.7 million acres in the 1950’s (Ministry of Water Resources,
2010). From January 2009 to April 2010, China endured three
severe droughts. The intensity of meteorological droughts in all
three disasters reached the level of a 100-years event. Millions of
people and livestock had difficulty accessing potable water, the
survival of tens of millions of hectares of crops was threatened,
and there were far-reaching long-term economic, social and
ecological impacts. Subsequently, from 2010 to 2011, drought
struck the North China and Huang-Huai-Hai regions again (Ye
et al., 2012).

Water resources have a significant impact on whole
ecosystems and socioeconomic systems. Many scientists have
begun to look across traditional disciplines to explore the
interactions between water, vegetation, and nutrients using an
ecohydrology perspective (Bonell, 2009). Researchers have
emphasized the importance of tracking the movement of water
in those water-limited areas. However, cost and logistics impede
the availability of monitoring the water resource on a large scale
(Rodell and Famiglietti, 2001). In China, hydrological monitoring
sites and satellite observations were widely used to monitor water
track in a large area. Although researchers can estimate water
resources by these methods, the shortcomings of these methods
are also evident. These drawbacks include, the monitoring of
hydrological condition at a large scale needs a lot of ground
observation sites; the integration and preprocessing of such a
large amount of data are time-consuming and labor-intensive.
When building hydrological models, the total amount of water
resources in an area is determined by point sources such as
ground-based observations, introducing huge errors. Gravity
Recovery and Climate Experiment project, launched on 17
March 2002 by NASA and German Aerospace Center (GLR),
is able to measure the changes of Earth’s gravity field (Adam,
2002). Scientists are subsequently capable of interpreting these
changes in gravity as water movement, whether on the surface or
under the ground. Many studies have used representative regions
as study areas (northern India, Australia, northern China, etc.)
and compared the output of traditional hydrological models to
conclude that GRACE data are reliable indicators of local water
storage changes (Landerer and Swenson, 2012; Feng et al., 2013;
Yang et al., 2014; Cao et al., 2015; Iqbal et al., 2016). Famiglietti
et al. (2011) took the central California valley as the study area,
finding that GRACE data precisely captured the water storage
changes in this area. Wahr et al. (2004) find that both on land and
ocean TotalWater Storage changes fromGRACE data displayed a
high consistency with outputs from the hydrological model.

In recent decades, China’s grain yield has continued to grow
and the pattern of grain production has changed significantly.
The center of grain production in China is gradually shifting to
the north. Wang et al. (2005) observed that during the entire
period of 1990–2005, the grain output center-of-gravity moved

remarkably from the south and east to the north and west of
China, and the moving speed was increasing (Zhang et al., 2018).
Alone with the water scarcity in northern China in recent years,
the shift of grain production centers to the northwest may put
more pressure on the water supply in northern China. Exhausting
the agricultural potential of northern China too quickly could also
bring agricultural products decreasing when the water resource
reaches their critical point.

The objectives of this study are to 1) observe the trends of
changes in grain production and local water storage at the raster
scale using satellite data, and 2) reveal the contradiction between
water demand and water supply due to the changing grain
production pattern in China. We first introduced the center-
of-gravity analysis to explore the trend of CNDVI and TWS at the
national scale. Then we discuss the trends of the time series of the
two data sets in nine agricultural regions. Finally, we mapped the
spatial correlation of these two datasets pixelwise.

2 MATERIALS AND METHODS

2.1 Study Area
This research focused on mainland China. Mainland China exhibits
strong monsoonal and continental climatic characteristics. The
topography of China is diverse, with higher elevations in the west
and lower elevations in the east. A temperate continental climate
dominates the northwest, while a temperate monsoon climate
dominates the Northeast. A subtropical monsoon climate is
prevalent in southern China, except for the southernmost part of
southern China, where a tropical monsoon climate dominates. A
highland alpine climate dominates the Qinghai-Tibet Plateau. Most
of mainland China is located in the East Asian monsoon region, and
there are significant monthly and annual variations in temperature
and precipitation.

According to the Comprehensive Agricultural Zoning of
China (National Agricultural Zoning Committee, 1981), this
study divided mainland China into nine agricultural regions
for discussion. These regions have different climatic
conditions, soil conditions and farming systems. They are A:
Northeast China Plain, B: Northern arid and semi-arid region, C:
Huang-Huai-Hai Plain, D: Loess Plateau, E: Qinghai Tibet
Plateau, F: Middle-lower Yangtze Plain, G: Sichuan Basin and
surrounding regions, H: Southern China, I: Yunnan-Guizhou
Plateau. Figure 1 shows the study area and zoning area. More
importantly, these regions face different pressures on water
resources. Northwestern China is a relatively water-scarce area
compared to the southeast. In these regions, water is a limiting
factor in the ecosystem. These areas are classified as water-
limited areas.

2.2 Data and Preprocessing
2.2.1 Gravity Recovery and Climate Experiment Data
In this study, we used the GRCTellus Land grids Level-3 GRACE
data product processed by the Jet Propulsion Laboratory
(Landerer and Swenson, 2012) to provide estimates of changes
in total water storage. The units of Level-3 data are centimeters of
equivalent water thickness.
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Before calculating the center of gravity for the GRACE data,
we applied the following equation to convert the equivalent water
thickness provided by the GRACE data to total water storage, for
each pixel in the raster of the GRACE data:

QTWS � tEWT × A, (1)
where tEWT is the equivalent water thickness of the pixel and A is
the area represented by the same pixel.

Since the spatial resolution of GRACE data is in degree, the
area represented by each cell is different at different latitudes, we
applied some formulas to simply estimate the area represented by
each grid. There is a relatively simple and exact formula for the
area of any spherical quadrilateral defined by parallels (latitude)
and meridians (longitude). The ellipse can be derived directly by
using the basic properties of the ellipse (long axis a and short axis
b) rotated about its short axis to produce the ellipsoid.

The formula can be simplified by breaking down the
calculation into basic steps. First, the distance between the
east-west boundary (meridians l0 and l1) is part of the whole
circle and is equal to q = (l1−l0)/360 (when the meridian is in
degrees). Find the area of the entire slice located between the
parallel lines f0 and f1 and multiply it by q. Next, we will apply
a formula for an elliptical horizontal slice defined by the
equator (at f0 = 0) and an ellipse parallel to it at latitude f
= f1. The area of the slice between any two latitudes f0 and f1
(located on the same hemisphere) will be the difference
between the larger area and the smaller area. Finally,
assuming that the model is a true ellipsoid (and not a
sphere), the area of such a slice between the equator and a
parallel of latitude f is:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

A � π × b2 × ⎛⎝
log(

zp

zm
)

2e
⎞⎠ + sin(f)

(zp × zm)

zm � 1 − e × sin(f); zp � 1 + e × sin(f)

e �
�����������
(1 − (b/a))2

√

, (2)

where a and b are the lengths of the major and minor axes of the
generating ellipse, respectively (in WGS84, a = 6,378,137 m and
b = 6,356,752.3142 m); f is the center of latitude.

Due to instrument issues and calibration campaigns, and the
GRACE program’s implementation of GRACE satellite battery
management starting in 2011, part of GRACE data from data
centers were missing during the observation period (Rodell et al.,
2004; Cooley and Landerer, 2019). Table 1 shows the index of the
month with missing GRACE data during the whole observation
period.

FIGURE 1 | Mainland China with Agricultural Zoning [(A): Northeast China Plain, (B): Northern arid and semi-arid region, (C): Huang-Huai-Hai Plain, (D): Loess
Plateau, (E): Qinghai Tibet Plateau, (F): Middle-lower Yangtze Plain, (G): Sichuan Basin and surrounding regions, (H): Southern China, (I): Yunnan-Guizhou Plateau].

TABLE 1 | Date with missing GRACE data.

Year Months
with missing data

2003 6
2011 1, 6
2012 5, 10
2013 3, 8, 12
2014 2, 7, 12
2015 6, 10, 11
2016 4, 9, 10
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As shown in Table 1, the dates of missing data do not follow a
specific pattern. GRACE data are monthly data and possess
significant seasonality. We grouped the data by month and
calculate the mean value in each group. We inserted the
averages according to months with missing data. After
forming a complete set of Monthly GRACE data from June
2003 to December 2016, we calculated the annual average of
GRACE data.

2.2.2 Normalized Difference Vegetation Index Data
and Calculation of Cumulated NDVI
The Normalized Difference Vegetation Index (NDVI) is a
normalized index for highlighting vegetation features in
images. Many studies have shown that the NDVI can be a
helpful tool in measuring the fraction of absorbed
photosynthetically active radiation, extracting vegetation
classes, or estimating green biomass (Colwell, 1974; Baret and
Guyot, 1991; Goward and Huemmrich, 1992; Thenkabail et al.,
2000; Ahmed and Akter, 2017). Plant leaf tissue strongly absorbs
blue and red light, while it strongly reflects it in the green and
infrared bands. From red light to infrared light, the reflection of
bare ground is higher, but the increase is slight. The higher the
vegetation cover, the smaller the reflection of red light and the
greater the reflection in the near-infrared band (NIR). Therefore,
NDVI was introduced as a mathematical transformation to
enhance the difference between the RED and NIR bands. As a
result, researchers can separate land covered by vegetation from
other types of land cover. Furthermore, NDVI was defined as:

NDVI � [(NIR − Red)/(NIR + Red)], (3)
where NIR indicate the spectral reflectance at the near-infrared
and red band separately. Although many studies have found and
established the relationship between NDVI and grain yield, these
studies have also found that the relationship between NDVI and
grain yield varies with different study areas, and therefore the use
of time-integrated NDVI values to directly refer to grain yield
may be subject to large errors in different regions. Such errors
may be caused by local climatic conditions or changes in the type
of crops. However, the purpose of this study is to reveal the
contradiction between agricultural water use and water
availability under the changing grain pattern in China,
Responding to crop growth and biomass accumulation
through cumulative NDVI. The use of NDVI has some
advantages. For example, although the use of NDVI to predict
grain yield is not stable, some studies have found that the
relationship between NDVI and biomass accumulation in
crops is more apparently stable and pronounced (Wang et al.,
2005; leMaire et al., 2011). Therefore, crop biomass accumulation
is a more appropriate indicator of water consumption in
agriculture than yield when revealing water crises under
changing food production patterns. CNDVI is also more
suitable for this study relative to the crop yield indicator based
on field surveys or statistics.

NASA’S Moderate Resolution Imaging Spectroradiometer
Vegetation Indices (MODIS VIs) provided consistent spatial
time-series information about global vegetation conditions.

The rasterized vegetation index map depicts the temporal and
spatial changes of vegetation activity, once every 16 days and
every month. To be consistent with the GRACE data, we
resampled the NDVI data to 1° × 1°.

Normalized Difference Vegetation Index is widely used to
monitor vegetation stress, measuring NDVI throughout a
growing season helps to evaluate the effect of continuous
phenological and morphological changes on grain yield. To
quantify the biomass accumulation by the growth of crops, we
introduced the Cumulated Normalized difference vegetation
index to this study as an indicator of water consumption for
grain production.

Directly predicting grain yields from satellite data has proven
to be more difficult. However, some studies have achieved some
results using NDVI data (Prasad et al., 2006; Ren et al., 2008;
Panek and Gozdowski, 2020). A study by Ren et al. (2008) found
that it is more reasonable and accurate to calculate the
accumulation of NDVI and use it to predict yields (Lopresti
et al., 2015). Based on the assumption that plants grow at
temperatures above 10°C, we applied the cumulative
temperatures method to the NDVI data. Thus, we found the
longest period of the year when the temperature is above 10°C and
sum up the NDVI values for that period. This sum calculated by
this method was used to characterize the cumulative increase in
NDVI of the plant during its growing period. Finally, we extract
the cumulated NDVI in cropland by using Land Cover data as
masks. NDVI data was provided by NASA’s MODIS Satellites.
Cropland masks were collected from the EOS CCI land cover
datasets. Also, for the correlation test, we subtracted the multiyear
average of the same period of TWS data as the baseline for
CNDVI to ensure that the two variables were taken the same
treatment.

2.2.3 Landcover Data
The cropland data were extracted from the land cover maps of
The European Space Agency (ESA) CCI projects. The data
version is 2.0.7, contains global land cover maps 1992–2015,
and 2016 at 300 m spatial resolution (ESA, 2017). CCI-LC
maps use the United Nations (UN) Land Cover Classification
System (LCCS) to describe the Landcover state with 24
different classes. Bontemps et al. evaluated the accuracy of
the 2010 ESA CCI LC product. Using all points interpreted by
experts as “definite,” either as a single land cover or consisting
of multiple mosaics, an overall accuracy of 71.5% was found.
Referring to the homogeneous points, the overall accuracy
increased to 75.4% (Bontemps et al., 2011). The highest user
accuracy values were found in the categories of rainfed
farmland, irrigated farmland, broadleaf evergreen forest,
urban areas, bare ground, water bodies, and permanent
snow and ice. In contrast, the mosaic category of natural
vegetation was associated with the lowest user accuracy values
as well as the three categories of lichens and mosses, sparse
vegetation, and swamp forests. In calculating the center of
gravity shift, we used a continuous Land Cover map to extract
cropland. In the TWS-CNDVI spatial correlation analysis, the
land cover map at the beginning of the observation was used.
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2.3 Statistical Analysis
2.3.1 Center-of-Gravity Method
The concept of center of gravity originated in physics. It is an imagery
point in which the force of gravity appears to act. In the Geographic
information system, a method of calculating the ideal location for
warehousing facilities by calculating the transport costs to each of the
outlets to be served by the facility (Chen et al., 2011). The center of
gravity model is an essential analytical tool to study the spatial
changes of factors in regional development (Wang et al., 2018).
As an important tool in spatial analysis, center of gravity method is
widely used in population barycenter, economic barycenter and
energy barycenter model (Smith and Dicken, 2000; Zhang et al.,
2012; Bigot and Klein, 2018). The movement of the center of gravity
of factors reflects the spatial trajectory of regional development. The
analytical model of the center of gravity constructed in this study is
expressed as:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

X � ∑n

i�1GiXi

∑
n

i�1Gi

Y � ∑
n

i�1GiYi

∑n

i�1Gi

, (4)

where n is the total number of cells in each raster; Point P (X, Y)
represents the coordinate of the center of gravity; Gi is the ith sample
values; Xi and Yi are the coordinates of the geographic center of the
evaluation unit. Next, we calculated the coordinate of the center of
gravity for each year. Finally, we plotted the center points’ trajectory
map to visualize the pattern of changes in GRACE data and
Cumulated NDVI data.

2.3.2 Pearson Correlation
In statistics, the Pearson product-moment correlation coefficient is
used to measure the degree of linear correlation between two sets of
variablesX andY, with a value between −1 indicates a totally negative
linear correlation and 1 represents a totally positive linear correlation.

If X and Y are stationary, the Pearson correlation coefficient is
built as follows:

r � n(∑xy) − (∑x)(∑y)�����������������������������
[n∑x2 − (∑x)

2
][n∑y2 − (∑y)

2
]

√ ,
(5)

where r is the Pearson correlation coefficient; x and y represent
the values in the first and second sets of data separately; n is the
total number of data sets.

3 RESULTS

3.1 The Changes in Water Resources (Total
Water Storage) and Cumulated Normalized
Difference Vegetation Index Pattern in
China
The trajectory of the center of gravity can indicate the tendency of
the variable to move in space. Figure 2A shows that the center of

gravity of water resources generally moves to the south and east
during the observation period. The other side of this occurrence is
that TWS data in western and northern China are decreasing. The
movement of the center of gravity in the GRACE TWS can be
broadly divided into several phases. First, 2004–2008 saw a
continuous movement of gravity to the south, followed by a
shift to the west from 2009 to 2011. Then, immediately after 2011,
the center of gravity began to move significantly to the east, and
this trend continued until 2013. After that, from 2013 to 2016, the
center of gravity of GRACE data started to move southward.

Figure 2B shows the movement of CNDVI’s center of gravity
from 2003 to 2016. Throughout the observation interval, CNDVI
shows the opposite motion trajectory to TWS, from southeast to
northwest. However, at each stage, the trajectory of the center of
gravity movement of CNDVI does not overlap with that of TWS.
In order to make the trajectory of the center of gravity more
prominent, we divided the whole interval into several phases.
2003–2006 was the first phase, and 2007–2009 was the second
phase when the center of gravity moved more to the west and
slightly to the south. After that, the center of gravity continues to
move northward from 2009 until 2012. And after that, it
continues until the end of the observation period, the center
of gravity continues to move sharply to the west and slightly to
the south.

Although the interannual trend of the CNDVI center of
gravity is not the same as that of TWS’s, this fact that the two
do not overlap may be due to a variety of reasons, which may
include: a delay between changes in grain production and changes
in water resources, the cyclic flow characteristics of water that
cause agricultural development to affect water resources
regionally rather than point-to-point, and changes in water
resources that also incorporate the effects of other natural and
human activities. Figure 4 shows the correlation coefficients of
GRACE and CNDVI in space. Each pixel contains two sets of
data, one set of GRACE data from 2003 to 2016, and CNDVI data
for the corresponding period. We matched the two sets of data
and calculated the correlation coefficients. For each pixel, the
correlation coefficients have large uncertainties. However, when
the target is the whole region, the overall trend obtained from the
analysis of the correlation coefficients is still credible. The
correlation analysis between GRACE data and NDVI data at
the spatial scale corroborates the previous analysis more
intuitively. The TWS data and CNDVI show the exact
opposite relationship in water-limited areas (Northern arid
and semi-arid region, Huang-Huai-Hai Plain, Loess Plateau)
and other areas where water resources are not a limiting factor.

3.2 Total Water Storage and Cumulated
Normalized Difference Vegetation Index
Trends Within the Nine Agricultural Regions
From January 2002 to December 2016, GRACE satellites observed
the changes in water resources all over mainland China. As shown in
Figure 3, in the Northern arid and semi-arid region of China (Inner
Mongolia, Xinjiang, Gansu, andNingxia province), the Huang-Huai-
Hai Plain (Northern China plain), and the Loess Plateau, TWS show
a clear trend of annual decline. In Northeast China, GRACE satellites
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monitored fluctuations in TWS with three peaks and three troughs
throughout the observation period. TWS value of this area reaches a
maximum value in 2005, 2010, and 2013, respectively, followed by a
rapid decline, reaching its valley in 2008, 2011, and 2015. In the
water-limited area, the annual yearly TWS value showed a
continuous decline. The data increase in these areas during the
first 2 to 3 years of the observation period, and then show an
almost continuous decrease during the subsequent observation
period. Specifically, the TWS in the northern arid and semi-arid
region starts to show a steep decline in 2005, fluctuates between −500
and 0m3 × 1,000m3 between 2009 and 2013, and then starts to show
a continuous decline again. In other water-limited regions, TWS was
stable from 2008 to 2012 and declined continuously during the rest of
the period. The overall trend of TWS for the Qinghai-Tibet Plateau is
decreasing. Because GRACE TWS Data contains ice, the melting of
snow and ice and its inflow into the immediate area will also cause a
reduction in TWS. In the southern region, the overall trend of TWS is
quite different from that in the north. In and around the Sichuan
basin, monthly TWS shows significant interannual variation, but the
trend is stable throughout the period. In contrast, in the middle and
lower reaches of the Yangtze River plain, southern China, and the
Yunnan-Guizhou plateau, TWS remains stable in the early part of the
observation period and starts to show a continuous increase around
2010. The annual TWS in the non-water-limited area generally shows
an increasing trend. In the south, TWS showed a different trend from
the north. TWS showed a growing trend in themiddle-lower Yangtze
Plain, Sichuan Basin and surrounding regions, Southern China, and
Yunnan-Guizhou Plateau. In the middle and lower reaches of the

Yangtze River, TWS increased from −161m3 × 1,000m3 at the
beginning of the observation to 374m3 × 1,000m3 at the end of the
observation. The trend line of TWS in the Sichuan basin region shows
that the value does not vary much during the observation period,
slowly increasing from slightly below the zero line at the beginning to
slightly above the zero line at the end. The trends of TWS are similar
in South China and the Yunnan-Guizhou plateau, where the value
remains relatively small from2003 to 2010, while showing an increase
after this period. The annual TWS value in South China increased
from near the zero line to near 270m3 × 1,000m3, while the value in
the Yunnan-Guizhou plateau was about 512m3 × 1,000m3.

Figure 4 shows the annual trend of CNDVI data with an
increasing trend in most agricultural zones of China, except in the
Qinghai-Tibet Plateau. During the observation interval, the CNDVI
of the Qinghai-Tibet Plateau region showed an increasing yearly
trend from 2003 to 2010 and decreased after reaching the peak in
2010. The decreasing trend continued until the end of the
observation. Northeast China is an important center of grain
production in China. In terms of CNDVI, the value of CNDVI in
Northeast China is relatively high. Compared to other regions,
although the growth trend in the Northeast is stable, the absolute
value of the growth is smaller compared to the Northeast. At the end
of the observation period, the growth trend of the CNDVI value in
Northeast China was stopped, and its value floated around 7.65/
million. The CNDVI of theHuang-Huai-Hai Plain and Loess Plateau
showed similar trends and increased steadily throughout the
observation period. However, the base values of the two regions
were different, with the CNDVI in the Huang-Huai-Hai Plain

FIGURE 2 | (A) The Trajectory Plot of TWS’s center of gravity from 2003 to 2016 and (B) The Trajectory Plot of Cumulated NDVI’s center of gravity from 2003
to 2016.
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increasing from 7.8 million at the beginning to about 8.3 million at
the end of the observation period, while the CNDVI in the Loess
Plateau increased from 2.3million to 2.7million. In the southern part
of China, CNDVI generally tends to level off gradually in the early
part of the observation and rises in the late part of the observation. For
the middle and lower reaches of the Yangtze River, the Sichuan Basin
and the Yunnan-Guizhou Plateau, this plateau period occurred
between 2008 and 2012. For southern China, CNDVI only
stagnated between 2003 and 2008 and then showed the same
steady increase until the end of the observation period.

3.3 Spaatial Changes of Gravity Recovery
and Climate Experiment in Response to
Cumulated Normalized Difference
Vegetation Index Dynamics
Figure 5 shows the correlation coefficients of TWS and GRACE.
In the Northeast Plain, the correlation coefficients generally
fluctuate around 0. In the northern arid and semi-arid region,
the part near the Loess Plateau and the northwest border, TWS
and CNDVI show a negative correlation, and the correlation

coefficients in the rest of the region are near zero. The central area
of the Yellow-Huai-Hai Plain and all parts of the Loess Plateau
also show negative correlations between TWS and CNDVI. In the
center of the Qinghai-Tibet Plateau region, there is no significant
trend in the correlation coefficients. However, on the edges of the
region, positive correlations were mainly distributed. In the
Sichuan Basin and surrounding area and the middle and lower
reaches of the Yangtze River region, the correlation between
CNDVI and TWS is not obvious in the north of these two regions,
and the correlation coefficients begin to move toward positive
correlation as it advances to the south. By the south of China and
the Yunnan-Guizhou plateau, these regions have been dominated
by positive correlations.

The correlations between TWS and CNDVI showed a clear
regional trend. In the water-limited area, the correlations were
mainly negative. These areas form a band shape from the central
part of the Huang-Huai-Hai Plain in the east to the western
boundary of the northern semi-arid region in the west. The
negative correlations are mainly spread in this belt area.
Another distinct regional trend appears in the south, starting
from the southern part of the Sichuan basin and the middle and

FIGURE 3 | GRACE time series plot of yearly sum with Trend Line from 2003 to 2016 in nine agricultural regions. [(A) Northeast China Plain, (B) Northern arid and
semi-arid region, (C) Huang-Huai-Hai Plain, (D) Loess Plateau, (E) Qinghai Tibet Plateau, (F) Middle-lower Yangtze Plain, (G) Sichuan Basin and surrounding regions,
(H). Southern China, (I) Yunnan-Guizhou Plateau].
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lower reaches of the Yangtze River region, and covering the whole
of southern China and the Yunnan-Guizhou plateau, where
positive correlations dominate. Positive correlations also
appear in the northern part of the Tibetan Plateau, but the
TWS data include the influence of melting snow and ice, and
it is unclear whether the trend is due to the influx of melting snow
and ice into the region. As can be seen in Figure 5, the results of
the correlation analysis are consistent with statistical significance
in the two regions with significant positive and negative
correlations. In the other regions, the correlation analysis
could not pass the test. NA values indicate that there is no
cropland in the area.

4 DISCUSSION

4.1 Satellite Data Reveal Spatial and
Temporal Variation in Water Resources and
Grain Production
The shift in the center of gravity of CNDVI provides evidence of a
shift in China’s grain production pattern. The absolute value of
CNDVI cannot accurately predict grain production, but the
direction of change can indicate relative changes in production

patterns. Wang et al. (2018) collected grain production data from
the China Statistical Yearbook and field research data, found a
similar pattern. From 1996 to 2005, the center of gravity of grain
production showed a “northward and westward” trend. The
center of gravity moved faster and faster, and according to
Wang et al. (2018) estimate, the center of gravity moved from
7.6 km/a in the early period to 41.2 km/a at the end of the
observation period (Jieyong and Yansui, 2009). They explain
this phenomenon from several aspects. In terms of water
resources, drilling of wells to develop groundwater resources
has been vigorously developed in the north since the 1980’s
(Wang et al., 2018). On the other hand, the promotion of
agricultural films has caused a much higher replanting index
in many northern areas, and many 1-year maturity areas can
reach 2-year maturity and 2-year maturity (Ye et al., 2012).

4.2 Trends in Cumulated Normalized
Difference Vegetation Index and Total
Water Storage by Region
The TWS extracted from the GRACE program provided results
consistent with Common sense. The GRACE satellite data shows
a situation that coincides with the distribution of China’s water
resources, that is, the total amount of water resources, although

FIGURE 4 | Yearly CNDVI data Times Series plot with trendline from 2004 to 2016 in nine agricultural subdivisions of China in nine agricultural area [(A) Northeast
China Plain, (B) Northern arid and semi-arid region, (C) Huang-Huai-Hai Plain, (D) Loess Plateau, (E)Qinghai Tibet Plateau, (F)Middle-lower Yangtze Plain, (G) Sichuan
Basin and surrounding regions, (H) Southern China, (I) Yunnan-Guizhou Plateau].
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significant, is unevenly distributed in the south and north part of
this country. The three regions where the GRACE data shows a
significant decline: The North China Plain, the Loess Plateau, and
the desert-strewn northwest are precisely the regions where water
resources face a considerable shortage. In these regions, where
water resources are less distributed, the continuous decline of
water resources releases a danger signal. In the water-rich
southern and northeastern regions, which are also
experiencing rapid socioeconomic development, water
resources are not significantly affected. Unlike water resources,
all nine agricultural regions showed steady growth in food
production, except for the Qinghai-Tibet Plateau region.

Although water resources show large fluctuations during the
observation period in the Northeast Plain, there is no significant
decrease in CNDVI during the whole period. Combined with the
CNDVI data, agricultural activities on water resources are
relatively small in the northeastern region in the short term,
and it is still a stable grain production center in China. Although
there was no significant decrease in TWS data before and after the
observation period, Zhang et al. (2018) used the Weather
Research and Forecasting (WRF) model to simulate the water
balance and assess the impact of agriculture on water resources
for each decade from 1910 to 2010 based on a series of
interdecadal land use datasets. They found no significant trend
in precipitation in the Northeast Plain. However, canopy
transpiration and interception evaporation increased and
runoff and infiltration decreased. This suggests that
agricultural expansion in the region may put
significant pressure on this vital food production base in the
long term.

The Loess Plateau is the most eroded area in China (Liu and
Diamond, 2005). There are four leading causes of soil erosion on
the Loess Plateau: topography, soil type, climate, and vegetation.
The concentrated rainfall in July, August, and September and the
erosion-prone loess have caused severe soil erosion on the Loess
Plateau. Soil erosion takes away local water resources not only
directly but also indirectly leads to the rapid loss of water
resources in this region due to the lack of soil as a carrier.
Furthermore, the expansion of agriculture will undoubtedly
exacerbate this trend. As more and more land is cleared for
agriculture, irrigation water and crop evapotranspiration will
increase the water shortage in the region.

The Huang-Huai-Hai Plain is also facing severe water
shortages. Groundwater Funnel has been used to describe the
increasing water shortage in northern China (Chen et al., 2011).
Many researchers have conducted studies on this phenomenon,
and the over-exploitation of groundwater is the likely culprit
(Changming et al., 2001; Yuan et al., 2004; Zhang et al., 2004). In
the Beijing-Tianjin-Hebei region, agriculture accounts for over
70% of total water use (National Bureau of Statistics of China,
2020). The primary cropping system in the region is the winter
wheat-summer corn annual rotation (double cropping). The
production of winter wheat in the region is increasing year by
year. However, in terms of climatic factors, the annual
precipitation only meets about 65% of the region’s agricultural
water needs (Yuan et al., 2004). Further, during the growing
period of winter wheat, precipitation is even more scarce and the
deficit is mainly supplemented by groundwater. Over-
dependence on groundwater water resources and uncontrolled
exploitation of groundwater, in turn, destabilize the local water

FIGURE 5 | Spatial Correlation between TWS and CNDVI with p-value under 0.05 [(A) Northeast China Plain, (B) Northern arid and semi-arid region, (C) Huang-
Huai-Hai Plain, (D) Loess Plateau, (E)Qinghai Tibet Plateau, (F)Middle-lower Yangtze Plain, (G) Sichuan Basin and surrounding regions, (H) Southern China, (I) Yunnan-
Guizhou Plateau].
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cycle and accelerate the loss of water resources. Taken together,
water resource management in these water-limited areas is
unsustainable. Consequently, the growth dynamics of grain
production are also unsustainable in the long run.

The Northern arid and semi-arid region, as the name of the
region describes, has less annual precipitation than potential
evaporation. In the western part of the region, the average
annual rainfall in the arid region was between 70 and 100 mm
between 1990 and 2010, while in the semi-arid region in the
eastern part, the average annual rainfall during the same period
was between 300 and 440 mm (National Bureau of Statistics of
China, 2020). Grasslands and deserts cover the entire region, and
rainfall decreases from east to west (John et al., 2009). Water
resources here are also increasingly challenged by GRACE data.
In these areas, water resources are clearly a limiting factor for
ecosystem development. The average annual available water
resource in the region is only 1,275.8 km2, or 4.6% of the
national total, with an average annual deficit of at least
36.53 km2 (Xia et al., 2017).

Due to abundant rainfall and rich water reserves, the overall
trend of water resources in the south is stable, and even some
areas show growth at the end of the observation period compared
to the beginning. Natural conditions indicate that these areas still
have an enormous potential for grain production.

4.3 Potential Risks and Countermeasures
Arising From the Changing Pattern of Grain
Prodcution
Water, an essential input in agricultural production, can also
eventually lead to the suspension of the entire grain production
process after it is continuously outflowed from the region. The
correlation between TWS and CNDVI releases a potential danger
signal. Due to a variety of factors such as cost and uneven economic
development, the northern region is beginning to assume a larger
share of food production. Such a production pattern is not in line
with the water distribution pattern of China. The region,
represented by the Huang-Huai-Hai plain, suffers from perennial
water shortages and over-exploits groundwater to irrigate farmland.
Other water-scarce northern regions are facing similar dilemmas.
This situation may eventually lead to the depletion of the
agricultural production potential of these regions and, at a
certain point, to a significant decrease in grain production in
these regions. Kang et al. (2009) found that although crop yield
increases with expanded or intensified irrigation, this may increase
the rate of environmental degradation. Also they found through
modeling that crop yields are more sensitive to precipitation than
temperature. Shu et al. (2021) observed a similar water dilemma by
analyzing the water footprint of all Chinese provinces. Green water
scarcity poses a challenge to agricultural water management inmost
regions, with important areas for crop export in the north such as
the North China Plain, and the Northeast Plain showing high
growth in blue, green and gray water footprints. In contrast, in the
southwest and southeast, relatively abundant water resources meet
the water requirements for crop growth, but green water scarcity
limits the long-term development of agriculture (Shu et al., 2021;
Zhai et al., 2021).

5 CONCLUSION

From the results, GRACE data and CNDVI data exhibit linear
correlation in some areas, and this correlation has a clear spatial
distribution. In general, TWS and CNDVI are negatively
correlated in the western and northern parts of China. In the
east and south of China, where water resources are more
abundant compared to the North, TWS and CNDVI
simultaneously increase steadily and show a positive
correlation over the observation period.

The trajectory of center-of-gravity and spatial correlation
analysis detected the coupling between changes in grain
production patterns and changes in water resources in China
at the overall and regional levels, respectively. However, behind
the continuous years of grain production increase, there is also a
possible crisis. Due to the rapid progressing of urbanization and
economic development in the south, agriculture has not
developed as fast as in the north. This development reversal
and the spatial distribution of water resources have created a
contradiction. Compared to the southeast, where rainfall is
plentiful, water resources become increasingly scarce as the
perspective shifts to the west and north inland. This
contradiction lays the groundwork for China’s future
agricultural development. Whether it is a shift in center of
gravity or spatial correlation, the satellite data may reveal the
internal-logic changes in China’s agricultural development
behind the scenes. On the one hand, the uneven distribution
of water resources in China has been a nuisance for many years.
The pattern of China’s food production under the influence of
various factors such as climate shows a worrying change.

The endless demand for water from natural bodies of water,
including groundwater, to irrigate farmland will sooner or later
trigger a water shortage at some point in the future. This will not
only force agricultural development in these areas to stagnate but also
affect water for domestic and industrial use, ultimately hindering the
development of society as a whole. Therefore, policy makers must
balance the agricultural development between the north and the
south, give full play to the advantages of abundant water resources in
the south, and reasonably arrange the spatial pattern of agricultural
development. Potential measures include: 1) limiting land
reclamation in northern regions; 2) promoting water conservation
systems to slow down the exploitation of groundwater resources; 3)
promoting agricultural technology innovation, introducing drought-
tolerant varieties; appropriately encouraging agricultural reclamation
in southern regions.

This study examines the use of satellite data for large scale
water resources (including groundwater) and its possible
applications. At this stage, satellite data still have some
limitations, taking GRACE satellite data as an example, the
twin satellite has only collected 18 years of data since it was
first launched in 2004, and only up to 18 matched pairs can be
generated when performing interannual analysis. Also, due to the
low spatial resolution of GRACE’s data, only 1° and 0.5°

resolutions are available. Two characteristics of GRACE
satellite products cause limitations in using this data for use at
small scales. Therefore, future research could focus on using data
fusion techniques to provide time series of sufficient density to

Frontiers in Environmental Science | www.frontiersin.org June 2022 | Volume 10 | Article 90477910

Feng and Wang Spatial Mismatch of Water and Grain Production

88

https://www.frontiersin.org/journals/environmental-science
www.frontiersin.org
https://www.frontiersin.org/journals/environmental-science#articles


provide more refined and reliable statistical analysis support for
water resources management in an agricultural context.
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Tracking Spatio-Temporal Dynamics
of Greenhouse-Led Cultivated Land
and its Drivers in Shandong Province,
China
Cong Ou and Yongsheng Wang*

Institute of Geographic Sciences and Natural Resources Research, Chinese Academy of Sciences (CAS), Beijing, China

Rapid urbanization and economic development have led the diversified food production
and consumption. In this context, as a highly efficient and intensive cultivated land use
form, Greenhouse-led cultivated land (GCL) has continuously increased in recent decades
worldwide. Previously works have documented the irrational expansion of GCL in
challenging the ecological environment and sustainable agricultural development.
However, these studies either have been short-term and point-based studies or have
not revealed the long-term causes, process and patterns in a large-scale. In this study,
long-term annual remote sensing-based and statistical data were used to investigate the
spatiotemporal dynamics of GCL and its drivers in Shandong province, China from 1989 to
2018. The results showed that: 1) GCL in Shandong was toward continuous clustering
dominated bymedium-low andmedium densities, showing the same trend as the increase
of its total area; 2) GCL with a cumulative duration of more than 15 years and a demolition
frequency of less than 0.2 were mainly distributed in the industrial clustering regions and
roughly formed a circular expansion pattern around the central mountainous area with the
most expansion period appeared in the mid-2010’s; 3) Budget expenditure for rural
development, local retail sales and average earnings of local farmers were the most
important local driving factors of the GCL expansion in Shandong. 4) The competition of
external vegetable supply and the consumption demand from Beijing were the main
external driving forces of the expansion of GCL in Shandong. These findings can enhance
the comprehensive understanding of typical component of “Human-Nature” interaction
and support the sustainable development of regional agriculture.

Keywords: greenhouse-led cultivated land, spatiotemporal dynamics, driving factors, long-term period, provincial
scale

1 INTRODUCTION

With rising need for a balanced food supply within a year and the advancement of agricultural
technology in recent decades, the total area of protected agriculture has continuously increased at a
rate of close to 20% per year around the world (Jiménez-Lao et al., 2020). In this context, greenhouse-
led cultivated land (GCL) has been widely utilized worldwide, with an estimated area of 3.02 million
hectares in 2016 (Briassoulis et al., 2016), offering a micro-scale environment to counteract
unfavorable natural conditions for agricultural output. Although GCL has revolutionized
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extensive farming to intensive farming, changed the form of
seasonal food supply, and improved the socio-economic well-
being of small-scale farmers (Baudoin and Von Zabeltitz, 2002;
González-Yebra et al., 2018; Shi et al., 2022), its rapid global
expansion has also posed a number of ecological threats to the
local environment, such as soil continuous crop obstacle (Wen-
shou, 2004), soil biodiversity degradation (Zhang et al., 2015),
irrational fertilizer use (Min et al., 2012) or plastic waste (Sica and
Picuno, 2007). However, as a typical agricultural component that
people interact with natural systems (Liu et al., 2007; Zou et al.,
2022), the long-term causes, processes and patterns of GCL still
unclear. It is critical to investigate the spatiotemporal dynamics of
GCL and its drivers over a long-term period to comprehend the
complexity of the typical component of “Human-Nature”
interaction and support the sustainable development of
agriculture and ecosystem.

According to the results of the Seventh National Census,
China’s urban population reached 930 million in 2021, up
729 million since the “reform and opening-up” policy was
implemented in 1978. In this context, due to government
policy support and urban food-consumption demand, GCL in
China have rapidly increased from mid-1980, and reached the
world’s greatest coverage of 1.32 million hectares in 2016. The
rapid expansion of GCL in China not only brought some of the
above-mentioned environmental issues, but also posed a threat to
China’s strictest policy of protecting cultivated land and ensuring
food security (Liu et al., 2020), as the GCL are always disorderly
developed by the autonomous behavior of local farmers in the
early stages (Ge et al., 2019), reducing the possibility of restoring
grain-planting and the rational rural land use (He and Ma, 2007;
Su et al., 2019). Shandong province began to promote GCL for the
growing of vegetables in the early 1990s, particularly in
Shouguang (a county in Shandong), which is known as
“China’s cradle of ‘Winter-Warm’ greenhouse” (Ma et al.,
2021). Exploring the spatiotemporal dynamics of GCL and its
drivers in Shandong can provide a clear historical picture of the
China’s remarkable GCL expansion as well as a scientific
reference for other protected agriculture developing areas.

Remote sensing technology has been proved its advantages in
spatio-temporal explicit monitoring for GCL on different scales
when compared to traditional statistics (Jiménez-Lao et al., 2020).
Multiple sources of satellite imagery have introduced for GCL
mapping, including Landsat TM/ETM+/OLI (Levin et al., 2007;
Chaofan et al., 2016), Sentinel-2 MSI (Novelli et al., 2016; Balcik
et al., 2019), GF-1/2 (Gao et al., 2018; Li et al., 2020), QuickBird
(Agüera et al., 2008; Agüera and Liu, 2009; Carvajal et al., 2010) or
WorldView-2 (Koc-San, 2013; Aguilar et al., 2014), etc.
Meanwhile, a number of unsupervised methods based on the
novel AG-extraction indices, such as the vegetable land extraction
index (VI) (Zhao et al., 2004), moment distance index (MDI)
(Aguilar et al., 2016), plastic-mulched landcover index (PMLI)
(Lu et al., 2014), plastic greenhouses index (PGI) (Yang et al.,
2017) and greenhouses detection index (GDI) (González-Yebra
et al., 2018), have been proposed to distinguish GCL from other
land use types. In order to improve the robustness of such
unsupervised methods, previous studies also have adopted the
supervised approaches, such as support vector machine (SVM)

(Bektas Balcik et al., 2020), random forest (RF) (Lin et al., 2021),
artificial neural network (ANN) (Carvajal et al., 2006) and
convolutional neural network (CNN) (Sun et al., 2021), to
extract the spatial distribution of GCL. Despite the fact that all
of these researches performed well and produced a number of
accurate GCL maps in various locations and years, only a few
studies used the resulting GCL maps to detect spatio-temporal
dynamics and driving forces of GCL (Arcidiacono and Porto,
2010; Picuno et al., 2011; Yu et al., 2017; Ou et al., 2020). To our
knowledge, a few of these studies have revealed the annual
spatiotemporal dynamics of GCL and its drivers over a large-
scale and long-term period, which failed to provide a
comprehensive and macroscale description of GCL for
policymakers.

In this paper, in order to address the aforementioned research
gaps, a comprehensive analysis framework that integrated spatial
information entropy, kernel density estimation, time-series
segmentation sliding algorithm, annual expansion index,
geographic detector and granger causality test, was proposed
to investigate the spatiotemporal dynamics of GCL and its
drivers in Shandong from 1989 to 2018 using long-term
annual remote sensing-based and statistical data. The main
contributions of this paper were as follows:

• The spatio-temporal dynamics of GCL, including spatial
clustering, temporal continuity and expansion trajectory in
Shandong were quantified;

• The local driving mechanism between GCL expansion and
the change of local economic scale, population growth,
transportation conditions, rural infrastructure,
consumption demand, farmers’ willingness as well as
government support in Shandong were detected;

• The external driving mechanism between GCL expansion
and the change of the supply and demand of vegetables in
external markets in Shandong were clarified.

2 MATERIALS AND METHODS

2.1 Study Area
Shandong province is located in the eastern coastal region of
China (34°22’~38°24’N, 114°47’~122°42’E), with a total area of
approximate 157,900 km2 (Figure 1). The inland area of
Shandong borders the provinces of Tianjin, Hebei, Henan,
Anhui, and Jiangsu from north to south and the coastal area
of Shandong is surrounded by the Yellow Sea and the Bohai Sea.
Its landform can be characterized as a mountain area dominating
the south-central part, a plain area dominating the southwest and
northwest, and a hill area dominating the east. The study area
belongs to a warm temperate monsoon climate zone, with the
annual average temperature, ranging from 11 to 14°C and the
annual average precipitation, ranging from 550 to 950 mm. Due
to such geographical conditions, Shandong has become a major
agricultural production province in China, with a cultivated land
area of about 7.59 million hectares. In 2019, the total agricultural
output value of the province was 547.65 billion yuan and the grain
output was 53.57 million tons, ranking second in the country.
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Furthermore, Shandong province is not only a major grain
producing province, but also an important cash crop
producing province in China, with a highest export volume of
agricultural products for decades. Particularly in the vegetable-
producing industry, Shandong ranked first in the national
vegetable supply provinces, with an output of 81.92 million
tons, and the planting area of protected vegetables accounting
for approximately one-fourth of the planting area of protected
vegetables in China.

2.2 Data Sources and Processing
A sequential and fine-resolution GCL mapping dataset is the
fundamental information for exploring annual spatiotemporal
dynamics of GCL and its driving forces. In this study, we used a
series of Landsat-derived maps of GCL in Shandong province,
China during 1989–2018 with annual temporal resolution and
30 m spatial resolution (Ou et al., 2021). This dataset was
developed based on 8,450 Landsat images on the Google Earth
Engine (GEE) and an annual remote sensing mapping method of
GCL oriented to the provincial area and long-term period, which
was the first dataset with accurate and long-term GCL dynamic
maps in China. The average User’s Accuracy, Producer’s
Accuracy and F1-score of GCL over 30 years were 96.56%,
86.64%, and 0.911, respectively. This dataset was consistent
and comparable over time, which benefits from the same
mapping window, feature optimization as well as temporal

consistency correction, could serve as a suitable dataset for
more comprehensive characterization of GCL expansion.

In addition, a number of variables were selected for the driven
mechanism analysis (for details, Supplementary Material S1).
The physical aspect included 7 driving variables: elevation (AVE),
slope (SLP), soil type (ST), distance to rivers (DRV), distance to
rural settlements (DR), distance to town centers (DT) and
distance to urban centers (DU), which were used to analyze
their driving effect on GCL expansion in terms of three relatively
stable aspect over a long time period: topography, soil and
location. The socioeconomic aspect included 16 driving
variables: primary industry added value (VP), secondary
industry added value (VS), tertiary industry added value (VT),
rural population (RPOP), urban population (UPOP), road
mileage (RO), motorway mileage (MO), effective irrigation
area (EI), agricultural machinery (AM), rural electricity
consumption (REC), local retail sales (LRS), average earning of
local famers (AE), budget expenditure for rural development
(BER), vegetable production in other provinces (VPO), total
value of agricultural exports (VAE) and consumption demand
of vegetable in adjacent metropolises (CDM), which were used to
analyze their driving effect on GCL expansion in terms of seven
relatively dynamic aspect over a long time period: economic scale,
population growth, transportation conditions, rural
infrastructure, consumer demand, farmers’ willingness and
government support.

FIGURE 1 | Study area (modified it from Ou et al., 2021).
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2.3 Spatiotemporal Dynamics Analysis
2.3.1 Spatial Information Entropy
The spatial information entropy has been widely used in studies
such as geography, ecology and life sciences to describe or explain
the heterogeneity of data or the distribution of “things” in space
due to its ability to characterize the amount of information,
uncertainty, heterogeneity and other concepts, in this study we
applied it to quantify the global change of GCL clustering in
Shandong over the past 30 years, which can be defined as
(Leibovici et al., 2014):

H(X) � ∑
I

i�1
p(xi)log 1

p(xi)
where X is the discrete variable containing the corresponding
value xi (in this study is divided into x0 and x1, representing other
land use types and GCL, respectively); p(xi) is the probability
mass function (PMF) of X, and its result is based on PMF
quantifying the average information of X. The lower Shannon
information entropy value indicates that the spatial distribution
of GCL is more clustered, and the higher Shannon information
entropy value indicates that the spatial distribution of GCL is
more discrete.

2.3.2 Kernel Density Estimation
In order to further reflect the spatial heterogeneity of GCL
clustering, the density of GCL in each year was classified
based on the kernel density estimation (KDE). KDE is a non-
parametric test method used to estimate unknown density
functions, which has been widely used in natural disasters,
public health, industrial spatial layout hotspot analysis and
detection, etc. Its calculation formula is as follows (Cai et al.,
2013):

f̂ (x, y) � 3

nh2π
∑
n

i�1
(1 − (x − xi)2 + (y − yi)

2

h2 )
2

where f̂(x, y) is the kernel density of GCL in the grid to be
estimated, h is the kernel density estimation bandwidth (set to a
30-year average bandwidth of 42,926 m that guaranted the
comparability of each KDE result over the past 30 years), xi,
yi are the coordinates of the grid centroids to be estimated, n is
the number of all sample points within the bandwidth, and x, y
are the coordinates of the central sample points within the
bandwidth.

2.3.3 Time-Series Segmentation and Sliding Algorithm
One of the significant advantages of remote sensing-based data is
the ability to continuously observe the same area and thus obtain
continuous information (Maus et al., 2016). Therefore, we
proposed a time-series segmentation and sliding algorithm
(TSS) based on the annual remote sensing mapping products
of GCL, aiming to analyze the spatiotemporal dynamics of GCL
in cumulative duration, demolition frequency and expansion
trajectory.

As shown in Figure 2, the annual GCL maps were stacked to
obtain the classification labels of each pixel from 1989 to 2018,
and the temporal label sequences that need to be analyzed were
extracted based on the temporal segmentation window N. For the
cumulative duration analysis, the cumulative duration of GCL for
each pixel at that period can be obtained by accumulating all
labels of the segmented sequence. For the demolition frequency
analysis, the time sliding window n was further set to 2, and the
frequency of “01” or “10” combinations at that period can be
obtained by sliding backward from the starting year in steps of 1.
For the expansion trajectory analysis, we set the time sliding
window n to 1, slide backward from the starting year in steps of 1,
and assign the year information to each pixel when “1” appears
for the first time.

2.3.4 Annual Expansion Index
Regarding the expansion intensity, previous studies have focused
on urban expansion as represented by built-up or impervious

FIGURE 2 | The Time-series segmentation and sliding algorithm (TSS).
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areas. However, the major difference between GCL and urban is
that urban expansion is generally considered to be irreversible (Li
et al., 2015). In terms of GCL, due to the fluctuation of demolition
and construction, the information between each year would be
lost if the urban expansion intensity calculation rule is followed.
Therefore, we proposed an annual expansion index (AEI) based
on annual growth to reflect the true expansion intensity over a
certain period, which was calculated as follows:

AEI � ∑n
i�1GCLi

n

whereGCLi represents the annual GCL growth from year i to year
i + 1 in the specific grid, and n is the study period.

2.4 Driven Mechanism Analysis
2.4.1 Geodetector
Spatially stratified heterogeneity is a universal characteristic of
geographic data, and for geographic data in different layers, if
each layer of independent variables has an influence on the
dependent variable, its spatial distribution should be similar
(Wang et al., 2010). Geodetector is such a statistical method
for detecting the spatial heterogeneity and revealing the driving
factors behind it based on this assumption (Wang et al., 2016). In
this study, we applied the factor detection in Geodetector to
explain the local driven mechanism between GCL expansion and
the selected variables, which is calculated as follows:

q � 1 − ∑L
h�1Nhσ2

h

Nσ2

where L is the total number of stratifications of the dependent
variable Y or the independent variables X, Nh and N are the
number of units in stratum h and the whole region, respectively,
σ2h and σ

2 are the variance of the dependent variable Y in stratum
h and the whole region, respectively. q ∈ [0, 1], and the closer the
value of q is to 1, the stronger explanatory power of this
independent variable for the spatial heterogeneity of the
dependent variable (Zhang et al., 2019).

2.4.2 Granger Causality Test
Granger causality test is to determine whether a time-series
change in one variable is caused by a time-series change in
another variable (Freeman, 1983). In this study, we first used
the Augmented Dickey-Fuller test (ADF) to test whether the
time-series variables were stationary, which is based on the
following unit root tests (Krämer, 1998):

ΔXt � α + βt + δXt−1 +∑
m

i�1
βiΔXt−i + ϵt

where the ADF tests whether the series xt rejects the original
hypothesis by judging the estimated value of δ. When δ is less
than the critical value of the correlation test, the series Xt is a
stationary series, otherwise, the series Xt is a non-stationary
series, and a further differential process is required to judge
the stationarity of the differenced series.

For variables that are still non-stationary and belong to the same-
order of single integer after differencing, further cointegration test

based on the Engle-Granger method is required to determine
whether there is a long-term stable relationship between the
variables, which is conduct by establishing the least squares
regression equation as following (Lee and Lee, 2015):

Yt � b0 + b1Xt + εt

when ε is less than the critical value of the correlation test, the
residual series εt remains a cointegration relationship between
variables, otherwise, there is no cointegration relationship
between variables in the residual series εt.

After testing the stationarity of the variables and the
cointegration relationship between the variables, Granger
causality tests were carried out on the time-series variables
that were stationary and had cointegration relationships, and
the following two regression models were estimated:

Yt � β0 +∑
m

i�1
βiΔYt−i +∑

l

i�1
αiXt−i + μt

Xt � δ0 +∑
m

i�1
δiΔXt−i +∑

l

i�1
λiY t−i + νt

where the original hypothesis is that Yt is not the Granger cause
ofXt andXt is not the Granger cause of Yt, and the F-test statistic
is performed with the sum of squares of residual μt and the sum of
squares of residual ]t, and if the F statistic is higher than the
critical value corresponding to the significance level, the original
hypothesis is rejected, which means that there is Granger
causality.

3 RESULTS

3.1 Spatiotemporal Dynamics of
Greenhouse-Led Cultivated Land
3.1.1 Spatial Clustering
The spatial information entropy was calculated for all years using
the annual maps of GCL in Shandong (Figure 3A). The unit area
entropy value of GCL exhibited a decreasing trend in general,
with the maximum value appearing in 1990 and the minimum
value appearing in 2017, which can be divided into three stages: 1)
from 1989 to 1996, the average unit area entropy value was 0.044;
2) from 1996 to 2005, the average unit area entropy value was
0.036; 3) from 2005 to 2018, the average unit area entropy value
was 0.031. It indicated that the spatial clustering of GCL in
Shandong over past 30 years was gradually increasing in
general, where the highest level of spatial clustering was in
2017 and the lowest was in 1990. Combined with the changes
in its total area, it can be seen that entropy value per unit area
decreased continuously with the expansion of greenhouses in
general, which means that the spatial clustering has a positive
synergistic relationship with the change of total area of GCL.

We further explored the spatial heterogeneity of GCL
clustering over 30 years by using the KDE method to partition
the spatial distribution density (Figure 3B). The percentage of
low density zones decreased from 96.82% in 1989 to 66.38% in
2018, with a decrease of 30.44% and an average annual decrease of
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1.05%; the medium-low density zones increased from 0.54% in
1989 to 23.51% in 2018, with an increase of 22.97% and an
average annual increase of 0.79%; the medium density zones
increased from 0.13% in 1995 to 7.80% in 2018, with an increase
of 7.67% and an average annual increase of 0.33%; the medium-
high density zones increased from 0.30% in 1998 to 1.36% in
2018, with an increase of 1.06% and an average annual increase of
0.05%; and the high density zones increased from 0.43% in
2001 to 0.95% in 2018, with an increase of 0.47% and an
average annual increase of 0.03%. It indicated that despite the
GCL expansion in Shandong was toward continuous clustering,
but mainly dominated by the medium-low andmedium densities.

3.1.2 Temporal Continuity
Based on the TSS algorithm, we calculated the cumulative
duration of GCL over the past 30 years. As shown in Figure 4,
GCL with the cumulative duration of 1 year accounted for 55.32%
and showed a scattered distribution pattern mainly around the
central mountainous area, and when the cumulative duration
reachedmore than 2 years, its percentage rapidly decreased to less
than 18.03%. And it can be found that the areas where the
cumulative duration of GCL was more than 15 years were
mainly distributed in northwestern Weifang, southwestern
Linyi and western of Liaocheng, showing a triangular
distribution pattern, which is similar to the pattern of the

FIGURE 3 | The spatial clustering patterns of GCL: (A) the spatial information entropy, (B) the spatial distribution density.

FIGURE 4 | The cumulative duration patterns of GCL: (A) enlarge area A, (B) enlarge area B, and (C) enlarge area C.
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spatial clustering, indicating that the higher level of spatial
clustering can extend the cumulative duration of GCL. In
addition, it can be seen from the detail enlargements in
Figures 4A–C that there was a certain spatial continuity in
the extension of the cumulative duration.

Then the demolition frequency of GCL over the past 30 years
was also calculated based on the TSS algorithm. As shown in
Figure 5, the demolition frequencies of GCL in the range of
0.8~1.0 accounted for 60.65% during the 30-year period, and
showed a scattered distribution pattern mainly around the central
mountainous area. The demolition frequencies in the range of
0.6~0.8–0.4~0.6 accounted for about 13%, and when the
demolition frequency dropped to 0.4, its percentage decreased
rapidly to below 12.33%. At the same time, it can be found that
the areas with demolition frequency below 0.2 were mainly
distributed in northwestern Weifang, southwestern Linyi and
western Liaocheng, which is similar to the patterns of the spatial
clustering as well as the cumulative duration, indicating that the
higher level of spatial clustering can not only ensure the duration
but also the continuity of GCL. In addition, from the detailed
enlarged Figures 5A–C, it can be seen that there is a certain
continuity in the change of demolition frequency, in which the
area with low demolition frequency tends to form the area with
relatively low demolition frequency around it.

3.1.3 Expansion Trajectory
Based on the TSS algorithm, we also identified the year in which
GCL first appeared in Shandong province over the past 30 years.

As shown in Figure 6, the expansion trajectory of GCL roughly
formed a circular expansion pattern around the central
mountainous area, among which the expansion trajectories
were more disorderly in Dezhou, Jinan, Binzhou and
Dongying, and more orderly in Weifang, Liaocheng, Linyi,
Zaozhuang and Jining. Combined with its spatial clustering
pattern, it can be seen that the expansion trajectories were
more orderly in the GCL concentration areas. In terms of each
period, in period 2004~2008 and period 2014~2018 accounted
for the most percentage of GCL expansion with 25.18% and
20.62%, respectively, followed by period 1999~2003 (18.92%) and
period 2009~2013 (18.40%), and the least was period 1989~1993
(7.22%) and period 1994~1998 (9.67%). In addition, from the
detail enlarged Figures 6A–C, in northwestern Weifang,
southwestern Linyi and western Liaocheng showed an obvious
pattern of circle outward expansion trajectories.

We further calculated the GCL expansion intensity in the
above-mentioned periods at the 1 km grid scale, and classified it
into five types: slow expansion, low-speed expansion, medium-
speed expansion, high-speed expansion, and rapid expansion
based on the natural break method (De Smith et al., 2007). As
shown in Figure 7, the areas with rapid expansion intensity were
mainly located in the northwestern plains represented by
Weifang in period 1989~1999 and continued to expand in
period 1999~2004, the southern plains represented by Linyi
began to appear in the rapid expansion intensity in period
1999~2004 as well. In period 2004~2014, the areas with rapid
expansion intensity shrank to the plain areas of northwestern and

FIGURE 5 | The demolition frequency patterns of GCL: (A) enlarge area A, (B) enlarge area B, and (C) enlarge area C.
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FIGURE 6 | The expansion trajectory patterns of GCL: (A) enlarge area A, (B) enlarge area B, and (C) enlarge area C.

FIGURE 7 | The expansion intensity patterns of GCL at different periods: (A) period 1989–1994, (B) period 1994–1999, (C) period 1999–2004, (D) period
2004–2009, (E) period 2009–2014, (F) period 2014–2018.
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southern Shandong, and appeared in the plain areas represented
by Liaocheng in the west. After that, the new areas with rapid
expansion intensity appeared in the southeastern of Weifang and
the junction of Jining and Heze from 2014 to 2018.

3.2 Driven Mechanisms of Greenhouse-Led
Cultivated Land
3.2.1 Local Driven Mechanism
In order to reveal the differences in the local driven mechanism of
GCL at different periods, we first divided the past 30 years into
three different periods based on the annual change rate (ACR) of
the total area of GCL, which were the stable period (1989~1996,
with an ACR of −2.28 kha/year), the growth period (1997~2005,
with an ACR of 23.09 kha/year) and the fluctuating period
(2006~2018, with an ACR of 14.03 kha/year), respectively.
Meanwhile, the ACR of the selected local dynamic variables
were calculated and identified as “ACR_XX” within each
period. For those local stable variables that vary little over
time, were also quantified based on factor detection at
different periods.

Regarding the results of factor detection for the local
dynamic variables in each period (Figure 8A), the top three
q-values were ACR_BER (0.1164), ACR_EI (0.1153) and
ACR_AE (0.1055) in the stable period, ACR_LRS (0.0389),
ACR_RO (0.0386) and ACR_AM (0.0354) in the growth
period, and ACR_AE (0.0365), ACR_AM (0.0328) as well as
ACR_BER (0.0316) in the fluctuating period. It indicated that
1) budget expenditure for rural development reflecting
government support and average earning of local famers
reflecting farmers’ willingness were both the major driving
factors for farmers to promote GCL in the stable as well as the
fluctuating period, 2) effective irrigated area reflecting
agricultural production conditions only played a major
driving role in the stable period, 3) local retail sales
reflecting local consumer demand and road mileage
reflecting transportation conditions played a key driving
role in the growth period.

Regarding the results of factor detection for the local stable
variables in each period (Figure 8B), the top three q-values

were ST (0.0410), AVE (0.0258) and RIV (0.0073) in the stable
period, AVE (0.0147), ST (0.0093) and DU (0.0040) in the
growth period, and AVE (0.0108), RIV (0.0069) as well as ST
(0.0410) in the fluctuating period. It indicated that 1) elevation
and soil type were always the main driving force for GCL
expansion in all local stable variables over time, 2) the driving
force of the distance to rivers exhibited a significant
performance in both the stable and fluctuating periods
among the location aspect, 3) compared with elevation, the
driving force of slope showed an insignificant performance in
all periods.

3.2.2 External Driven Mechanism
In order to reveal the driven mechanism of the supply and
demand of vegetables in external markets on GCL expansion
in Shandong, the following target and explanatory time-series
were selected: total area of GCL in Shandong province (Y);
vegetable production in Guangxi province (X1), Hainan
province (X2), Sichuan province (X3), Hunan province (X4),
Hubei province (X5), Guangdong province (X6), Jiangsu
province (X7); Total value of agricultural exports in Shandong
province (X8); consumption demand of vegetable in Beijing (X9)
and Shanghai (X10). To eliminate the effects caused by
heteroskedasticity of each time-series, which have been treated
with logarithm and denoted as “lnXn”.

As shown in Supplementary Material S2, the ADF values of
Y, X3, X4, and X7 in the original series were greater than all
critical values, indicating that these four original series were
non-stationary. The ADF values of X1, X2, X5, and X6 in the
original series were less than the critical values at 1% or 5%
significance level, indicating that these four original series were
stationary. The results of further differencing of each series
showed that series X2 was stationary after the second-order
differencing and the rest series were stationary after the first-
order differencing, which means that the target series Y and
the explanatory series X1, X3, X4, X5, X6, and X7 belong to the
first-order of single integer after differencing, which satisfied
the premise of the cointegration test, while the target series Y
and the explanatory series X2 belong to the second-order of
single integer after differencing, which also satisfied the

FIGURE 8 | The local driven mechanism of GCL at different periods: (A) factor detection for the local dynamic variables, (B) factor detection for the local stable
variables.
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premise of the cointegration test. Further based on the Engle-
Granger method, the target series was modeled with each
explanatory series to determine whether there was a
cointegration relationship between them. As shown in
Supplementary Material S3, the ADF test statistics between
the target series and each explanatory series were all less than
the critical values at all significance levels, indicating that there
was a cointegration relationship between the target series and
each explanatory series, and the Granger causality test between
them can be further analyzed.

Therefore, the target series after differencing was selected
for Granger causality tests with each explanatory series after
the same-order differencing at lag 1, lag 3, and lag 5
(Supplementary Material S4). From the perspective of the
supply of vegetables in the external markets, vegetable
production change in Guangxi, Hainan, Hunan, and Hubei
province were a one-way Granger causality of the development
of GCL in Shandong province, vegetable production change in
Sichuan province was a two-way Granger causality of the
development of GCL in Shandong province, and no
Granger causality between vegetable production change in
Guangdong province and the development of GCL in
Shandong. From the perspective of the consumption
demand of vegetable in the external markets, vegetable
consumption in Beijing was a one-way Granger causality of
the development of GCL in Shandong, and no Granger
causality between both vegetable consumption in Shanghai
as well as abroad and the development of GCL in Shandong.

4 DISCUSSION

4.1 Significance of Greenhouse-Led
Cultivated Land Dynamics in Shandong
Over the Past 30 years
Our study revealed that GCL in Shandong was widespread over the
past 30 years from 1989 to 2018, involving a total expanded area of
353 kha. In terms of spatial clustering of GCL, the entropy value per
unit area of GCL decreased from 0.043 to 0.029 and the spatial
distribution of GCL clustering was mainly medium-low and
medium densities, which means that despite the GCL expansion
in Shandong over the past 30 years was toward continuous
clustering, the industrial clustering effect was not evident from
the macro level. In terms of temporal continuity of GCL, more
than half of GCL with a cumulative duration was 1 year only and
more than 60% of GCL with a demolition frequency in range of
0.8~1.0, which means that GCL in most region of Shandong lacked
stability except a few industrial clustering regions. In terms of
expansion trajectory of GCL, the expansion trajectory of GCL
roughly formed a circular expansion pattern around the central
mountainous area over the past 30 years and the most expansion
period appeared in the mid-2010’s, which means that the
development of GCL has shown an obvious spatiotemporal
heterogeneity in Shandong over the past 30 years. These findings
provided a deeper understanding in spatiotemporal dynamics of
GCL over a large-scale and long-term period.

4.2 Drivers of Greenhouse-Led Cultivated
Land Expansion in Shandong Over the Past
30 years
By combining a number of variables involving physical and
socioeconomic aspects with the ACR of the total area of GCL,
we further explored the local and external driven mechanisms
behind rapid GCL expansion in Shandong over the past
30 years. In terms of local driven mechanism, the change of
government support and farmers’ willingness showed the
significant drive forces in both stable and fluctuating period
of GCL, the change of agricultural production conditions
played a major driving role in the stable period of GCL,
and the change of local consumer demand as well as
transportation conditions were the dominate driven
variables in the growth period of GCL, which means the
local driven mechanism behind GCL expansion varied in
each period and an effective regulation of its expansion
needs to consider the differences of each period. In terms of
external driven mechanism, vegetable production change in
four provinces showed a great influence on the expansion of
GCL in Shandong, the consumption demand of vegetable in
Beijing and the expansion of GCL in Shandong were mutually
driven, and the consumption demand of vegetable in Shanghai
as well as aboard had no significant impact on the expansion of
GCL in Shandong, which indicated that the competition of
external vegetable supply and the consumption demand from
nearby metropolises were the main external driving factor of
the expansion of GCL in Shandong over the past 30 years.

4.3 Limitations and Future Works
Our results provided a comprehensive and macroscale
description of GCL expansion in Shandong province, China
over the past 30 years and indicated that the long-term causes,
processes and patterns of GCL varied in each period as well as
different regions. However, some limitations are worth noting.
For instance, we mainly analyzed the spatiotemporal dynamics
and driven mechanisms in Shandong province, which is the
earliest and largest province in China to promote GCL,
considering that GCL has been widely popularized in China
and there are differences in the pattern of GCL expansion
between in other provinces and Shandong, we will expand the
quantitative analysis of the spatiotemporal dynamics and driven
mechanisms of GCL at national scale in the follow-up study. In
addition, the analysis of driven mechanisms in this study was
partially limited by the availability of data, and the micro level
information such as farmers’ decision-making, terms of trade of
GCL products and government subsidy policies were not taken
into account. In the future, field research can be carried out to
obtain more detailed micro data, so as to realize a more in-depth
analysis.

5 CONCLUSION

In this study, we proposed a comprehensive analysis
framework which oriented to investigate the spatiotemporal
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dynamics and driven mechanisms of GCL over a long-term
period in a large-scale area. The results showed the following:
1) The spatial clustering of GCL in the area of research during
1989~2018 was gradually increasing in general, which was
mainly dominated by medium-low and medium densities. 2)
GCL in most region of the area of research lacked stability
except a few industrial clustering regions, and the expansion
trajectory of GCL roughly formed a circular expansion pattern
around the central mountainous area with the most expansion
period appeared in the mid-2010’s. 3) Local driven
mechanism behind GCL expansion varied in each period,
and budget expenditure for rural development, local retail
sales and average earnings of local farmers were the most
important local driving factors of the GCL expansion in
Shandong. 4) From the external perspective, the
competition of external vegetable supply in Guangxi,
Hainan, Hunan as well as Hubei province and the
consumption demand from Beijing were the main external
driving forces of the expansion of GCL in Shandong. In
general, our study quantified a range of spatiotemporal
dynamics of GCL and its drivers over a large-scale and
long-term period, which puts forwards the potential of
earth observations to evaluate the impacts of cultivated
land use and management.
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Soil Organic Carbon Pool and the
Production of Goji Berry (Lycium
barbarum L.) as Affected by Different
Fertilizer Combinations Under Drip
Fertigation
Fang Wang1,2, Wenhui Li 1,2, Yanmin Lin1,2, Xiongxiong Nan3*† and Jingjing Yuan4*†
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Goji berries (Lycium barbarum L.), widely planted in arid to semi-arid regions, are a
functional resource characterized by a homology of medicine and food. Changing
extensive water and fertilizer management practices to drip fertigation is one of the
most cost-effective ways to achieve the sustainable development of the Goji berry
industry. This study explores the effects of different fertilizer combinations on the soil
organic carbon pool and L. barbarum yield under drip fertigation in Ningxia, northwestern
China. A two-year field experiment (2017–2019) was conducted using different levels of
drip nitrogen (40, 60, and 80mg L−1) and phosphorus (10, 20, and 30mg L−1) fertigation.
Compared with traditional manual fertilization (control), soil organic carbon contents in the
0–20, 20–40, and 40–60 cm layers increased by 33.6–144.4, 39.6–136.8, and
14.0–73.6%, respectively, across all fertigation treatments. With increasing levels of
fertigation, the easily oxidizable organic carbon content increased most prominently in
the 0–20 cm soil layer and reached the highest value (538mg kg−1) under treatment with
60 mg L−1 nitrogen plus 10 mg L−1 phosphorus. The microbial biomass carbon contents in
the 20–60 cm soil layer was markedly higher under treatment with 60mg L−1 nitrogen plus
30 mg L−1 phosphorus compared with other treatments. Fertigation increased the soil
carbon pool management index and L. barbarum yield. The highest two-year average yield
(13,890 kg ha−1) was obtained under treatment with 60 mg L−1 nitrogen plus 30mg L−1

phosphorus. These findings suggest that drip fertigation with 60mg L−1 nitrogen plus
30 mg L−1 phosphorus is the optimal practice for carbon sequestration and sustainable
production of L. barbarum in arid regions.
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INTRODUCTION

Soil organic carbon (SOC) is one of themost important carbon pools
in the global carbon cycle. The use of rational management practices,
such as irrigation, can increase the carbon pool in global agricultural
soil by approximately 0.4–0.9 Pg C year−1, with a cumulative
increase of 24–43 Pg C over a 50-year period (IPCC, 2007; Qi
et al., 2014; Danso et al., 2015). According to its function,
turnover time, and chemical attributes, the SOC pool can be
divided into labile, slow, and inert fractions. Of these, labile
organic carbon (LOC), including dissolved organic carbon
(DOC), microbial biomass carbon (MBC), and easily oxidizable
organic carbon (EOC), results inmost of the dynamic changes in the
SOC pool (Demessie et al., 2011; Wang et al., 2014). Although LOC
accounts for only a small portion of SOC, it can reflect subtle changes
in soil quality before responses of SOC to changes in agricultural
management (Wang et al., 2017). As a sensitive indicator, LOC not
only responds quickly to cultivation practices, but also plays a vital
role in regulating the transformation of soil nutrients (Weil and
Magdoff, 2004; Wang et al., 2017). Therefore, it is pivotal to closely
monitor the dynamics of soil LOC fractions under agricultural
management practices.

Goji berries in the genus Lycium (family Solanaceae) are a
superior characteristic crop planted widely in the arid to semi-
arid regions of Eurasia, Africa, and North and South America (Ili
et al., 2020). In Ningxia (an arid region of northwestern China), Goji
berry cultivation has become one of the major sources of income.
Lycium barbarum L. is a unique green woody vegetable commonly
found in Ningxia, with a homology of medicine and food. It is
distinctly different from traditional Goji berries (Lycium chinense
Mill.) in terms of cultivation techniques and nutrient requirements
(Huang et al., 2003; Lai et al., 2010). Ningxia Province has the least
water resources in all of China, with limited amounts of rainfall,
surface water, and groundwater. During the L. barbarum growing
season, irrigation is therefore essential, although it is often excessive,
resulting in the unnecessary waste of water resources. Additionally,
extensive fertilizer management practices are adopted in most areas
of Ningxia, although neither the timing or rate of fertilization nor the
type of fertilizer matches the nutrient requirements of L. barbarum.
These irrational management practices not only cause a serious
waste of resources, but also increase the risk of environmental
pollution (Li X. H. et al., 2016; Wang, 2016; Wang et al., 2016).
In order to achieve sustainable production in the Goji berry industry,
cost-effective management practices therefore need to be applied,
with the goal of improving soil quality, increasing crop productivity,
and enhancing agricultural economic benefits.

Realizing the efficient utilization and protection of water
resources is the common key foundation for China to promote
the development of low-carbon technologies and environmental
protection, cope with global climate change, and achieve the strategic
goals of “carbon neutrality.” Drip fertigation is a new agricultural
technology that integrates irrigation and fertilization to enhance
water and fertilizer use efficiency, improve crop yield and quality,
and increase economic profits. Drip fertigation has been found to
reduce water usage by 40% compared with traditional flood
irrigation and by 30% compared with spray irrigation (Danso
et al., 2015; EI-Metwally et al., 2021). Furthermore, compared

with traditional fertilization, drip fertigation has been found to
increase both the yield and nitrogen use efficiency in tomatoes
(Xing et al., 2015), while a positive role in terms of soil LOC content
was also revealed, resulting in overall effects on soil water
distribution and the carbon cycle (Singh and Singh, 1993; Qi
et al., 2014). Given its advantages, drip fertigation has therefore
become an important agricultural management practice with
widespread applications, especially in semi-arid and arid regions
(Zhang et al., 2009).

At present, drip fertigation is being gradually introduced into
Goji berry cultivation in Ningxia. However, responses of the soil
LOC pool to major changes in the fertilization approach in L.
barbarum fields remain unknown. Additionally, a prerequisite to
improving the fertilizer use efficiency and crop yield is the
selection of an appropriate rate of fertilization based on the
local soil characteristics and specific fertilizer demands. Many
studies have document different fertilization rates based on the
cultivation of traditional Goji berries or other herbaceous leafy
vegetables (Kang et al., 2018), whereas few reports have
documented the optimal water and fertilizer management
practices for L. barbarum cultivation. In particular, the
optimal rates of fertilization for drip fertigation in L.
barbarum fields are unclear.

From the perspective of soil–crop systems, this study
investigates the effects of different fertilizer combinations on
the SOC pool (especially LOC fractions) and L. barbarum
yield under drip fertigation. The fertilizer demands of L.
barbarum grown in the arid region of Ningxia are also
clarified during a two-year field experiment. The objectives of
this study are to 1) evaluate the effects of different fertigation
treatments on SOC sequestration and determine the responses of
soil LOC fractions to major changes in the fertilization approach
in L. barbarum fields and 2) explore the effects of different
fertilizer combinations on Goji berry yield and identify the
optimal fertilization rate for L. barbarum cultivation under
drip fertigation. The results could be useful for rational
agricultural management and sustainable production of L.
barbarum in Ningxia and other arid regions.

MATERIALS AND METHODS

Field Site Description
This study was conducted at the Goji Berry Demonstration
Base (35°25′ N, 106°10′ E) of the Research Center of
Engineering Technology for Goji Berry, State Forestry
Administration of China. The study area is located in an
inland arid region located in northwestern China. It has a
warm temperate continental monsoon climate with large
diurnal temperature variation. The mean annual
temperature, precipitation, and evaporation are 8.5°C,
~180 mm, and ~1883 mm, respectively. The relative
humidity is between 45 and 60%, the frost-free period lasts
for 160–170 days, and the average annual sunshine duration
ranges from 2,800 to 3,000 h. The soil in the study area is
classified as aeolian sandy soil according to the US
Department of Agriculture Textural Classification System.
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The basic properties of the 0–60 cm soil profile before the
experiment are summarized in Table 1.

Experimental Design
The field experiment was commenced in March 2017 and lasted for
2 years. Six-year-old Goji berry plants (L. barbarum cv. Ningqi-9)
showing consistent growth were selected from an area planted with
spacing of 70 × 20 cm and density of 70,000 plants ha−1. Based on the
growth requirements of L. barbarum and the nutrient status of local
soil (rich in potassium, Table 1), the experiment used a 3 × 3 full
factorial design with three levels of drip nitrogen fertigation (40, 60,
and 80mg L−1; N1–N3, respectively) and three levels of drip
phosphorus fertigation (10, 20, and 30mg L−1; P1–P3,
respectively). Traditional manual fertilization with nitrogen,
phosphorus, and potassium (1,402.5, 292.5, and 132 kg ha−1,
respectively) was used as a control (CK). The fertilization rates
used in the experiment were based on those previously reported for
Solanacae crops, fruit, and vegetables in developed countries (e.g.,
Israel) (Hagin and Sneh, 2003; Wang et al., 2011) in combination
with the soil characteristics in the study area. A total of 10 treatments
were arranged in a randomized complete design, with three
replicates per treatment. The plants of each treatment were
grown in 20 × 5m plots with five rows each. In the control
treatment, Urea (N 46%), KH2PO4 (K2O 34%, P2O5 52%), and
KNO3 (K2O 46%, N 14%) were divided evenly into five portions
based on the annual fertilization rates and applied by broadcasting.
One portion was applied in late March 2017 and the other four
portions were applied as top-dressing once in mid-May, June, July,
and August during the harvest stage, respectively. Annual
fertilization rates of nitrogen, phosphorus, and potassium were
1,402.5, 292.5, and 132 kg ha−1, respectively. The same
fertilization procedure was followed throughout the experiment.

Drip irrigation was carried out in each plot in consistent time
periods and using a consistent volume of water. Irrigation was
started after the soil thawed in late March and ended before the
soil froze in November. In the control treatment, chemical fertilizers
were applied by broadcasting. In the fertigation treatment, fertilizer
solutions were formulated based on the designed nitrogen and
phosphorus concentrations, with a potassium concentration of
40 mg L−1. The fertigation device consisted of a water source, a
water meter, a hydraulic proportional fertilization pump, a drip
irrigation pipe, and a water transmission and distribution pipeline.
The proportional fertilization pump had an inlet and outlet diameter
of 25 mm, a flow rate of 20–2500 L h−1, and a water pressure of
0.02–0.3MPa. The built-in drip irrigation pipes had a diameter of
16 mm and wall thickness of 0.20 mm with a working pressure of
50–100 kPa, dripper spacing of 0.30m, and rated flow of 2.0 L h−1.

The fertilizer solutions were applied with water through the
proportional fertilizer applicator throughout the growing season.
Fertigationwas initiatedwhen the soil water content dropped to 80%
of the field water-holding capacity, with average daily irrigation of
6 mm. Field management practices, such as weeding and pruning,
were consistent across treatments.

Soil Sampling and Analysis
Soil sampling was conducted in all plots after harvest in September
2019. In each plot, soil samples (five each) were taken randomly from
depths of 0–20, 20–40, and 40–60 cm. The samples from each depth
weremixed thoroughly as composite samples and then transported in
an ice box to the laboratory. Each sample was divided into two parts:
one part was passed through 1-mm and 0.15-mm sieves after air-
drying and manual removal of gravel and plant root residues for
analysis of SOC and LOC contents, respectively; the other was passed
through a 2-mmsieve and refrigerated for analysis ofDOC,MBC, and
EOC contents. The basic physicochemical properties of the soil
samples were determined following standard testing methods (Bao,
2000). The SOC content was determined using the K2Cr2O7

oxidation–external heating method (Xiong et al., 2016) Soil DOC
was extracted by mixing the soil sample with distilled water (1:5, w/v)
and then shaking for 1 h on a shaker (25°C, 250 rpm) (Li et al., 2017).
The carbon concentration in the extract was measured using a total
organic carbon analyzer (Vario TOC; Elementar, Langenselbold,
Germany). Furthermore, the MBC and EOC contents were
determined using the chloroform fumigation–extraction method
(Wang et al., 2010) and KMnO4 oxidation method (Li et al.,
2019), respectively.

After stumping in spring, new shoots germinated at the base of
the L. barbarum plants. Leaf buds were collected when these new
shoots reached 15–20 cm long. The sampling region was free of
lignification and the sample length was 8–10 cm. Sampling was
conducted once every 5 to 7 days on average at fixed points (three
points per plot). The area from which all plants were sampled was
10 m long. After collection, the samples were mixed and weighed to
estimate the yield of L. barbarum.

Data Analyses
Carbon efficiency, as a sensitive indicator of carbon quality, was
used to estimate carbon availability, which was then used to
evaluate soil organic matter and soil fertility (Singh and Singh,
1993) as follows:

DOC efficiency(%) � DOC content/SOC content × 100 (1)
MBC efficiency(%) � MBC content/SOC content ×100 (2)

EOC efficiency C (%) � EOC content/SOC content × 100 (3)

TABLE 1 | The basic properties of aeolian sandy soil in the experiment site.

Soil
depth
(cm)

Bulk
density
(g cm−3)

ECe
(µs/cm)

pH Sand
(g

kg−1)

Silt
(g

kg−1)

Clay
(g

kg−1)

Organic
matter
(g kg−1)

Total
nitrogen
(g kg−1)

Total
phosphorus

(g kg−1)

Available
nitrogen
(mg kg−1)

Available
phosphorus
(mg kg−1)

Available
potassium
(mg kg−1)

0–20 1.41 481 8.81 825 105 70 4.83 0.41 0.56 45 13.2 66
20–40 1.53 394 8.63 818 107 75 3.76 0.34 0.60 31 9.2 61
40–60 1.59 287 8.67 766 120 114 3.61 0.15 0.63 20 7.9 59
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The carbon pool index (CPI) was used to indicate changes
in SOC content caused by each experimental treatment, while
the carbon pool activity (CPA) was used to indicate soil
carbon instability. The carbon pool activity index (CPAI)
was used to indicate carbon loss and its impact on carbon
stability, while the carbon pool management index (CPMI)
was used to evaluate changes in soil LOC fractions (Shen and
Cao, 2000):

CPI � SOC content of the fertigated soil/SOC content of the control soil

(4)
CPA � LOC content/non − labile SOC content (5)

CPAI � CPA of the fertigated soil/CPA of the control soil (6)

CPMI � CPI×CPAI×100 (7)
The sensitivity index (SI) was then used to indicate the

sensitivity of soil LOC fractions in response to changes in soil
management practices (Liang et al., 2012):

SI � LOC content of the fertigated soil − LOC content of the control soil/LOC content of the control soil

(8)

Statistical analyses were performed using SPSS 22.0 (IBM
Corp., Armonk, NY, United States). Two-way analysis of
variance, followed by the least significant difference test,
was used to compare means between different treatments,
and Pearson’s correlation coefficients were used to evaluate
the relationship between Goji berry yield and soil LOC

TABLE 2 | Soil organic carbon contents and labile fractions under different treatments.

Soil depth
(cm)

Treatments SOC(g kg−1) EOC (mg
kg−1)

DOC (mg
kg−1)

MBC (mg
kg−1)

0–20 CK 2.77 ± 0.04c 267 ± 9.80bc 45 ± 7.42d 21 ± 1.92e
N1P1 3.70 ± 0.34bc 452 ± 4.54ab 69 ± 0.75a 22 ± 4.83e
N1P2 3.71 ± 0.23bc 436 ± 22.50b 57 ± 1.70bc 44 ± 3.24d
N1P3 4.56 ± 0.06bc 189 ± 5.17c 55 ± 0.81c 56 ± 7.23d
N2P1 4.63 ± 0.61bc 538 ± 6.25a 55 ± 1.84c 70 ± 9.73c
N2P2 6.31 ± 0.22a 315 ± 9.44bc 64 ± 4.90ab 71 ± 6.24c
N2P3 5.01 ± 0.57ab 398 ± 8.31b 64 ± 7.71ab 113 ± 6.43a
N3P1 5.11 ± 0.27ab 455 ± 23.49ab 69 ± 3.01a 98 ± 5.04b
N3P2 5.37 ± 0.28ab 380 ± 14.74b 62 ± 1.41abc 85 ± 13.11b
N3P3 6.77 ± 0.91a 491 ± 12.95ab 56 ± 3.31c 88 ± 10.96b
N NS NS NS **
P NS NS * **
N × P * NS ** **

20–40 CK 2.12 ± 0.04c 203 ± 3.00d 46 ± 4.47d 17 ± 1.36e
N1P1 3.91 ± 0.76ab 329 ± 11.82c 64 ± 3.86a 16 ± 0.50e
N1P2 3.07 ± 0.08bc 226 ± 4.75d 58 ± 1.51bc 42 ± 7.50cd
N1P3 3.20 ± 0.06bc 283 ± 18.34cd 55 ± 1.71c 34 ± 5.35d
N2P1 3.08 ± 0.37bc 276 ± 8.27cd 46 ± 0.91d 53 ± 15.14bc
N2P2 2.96 ± 0.44bc 203 ± 11.60d 61 ± 3.33ab 49 ± 11.87bc
N2P3 3.90 ± 0.31ab 319 ± 17.13c 50 ± 3.16d 76 ± 6.93a
N3P1 3.73 ± 0.33ab 500 ± 37.74a 56 ± 0.72bc 60 ± 4.78b
N3P2 5.02 ± 11.25a 398 ± 18.52b 45 ± 1.09d 57 ± 10.51b
N3P3 3.79 ± 0.51ab 420 ± 21.85ab 40 ± 0.56e 40 ± 0.97cd
N NS ** ** **
P NS NS ** NS
N × P * NS ** **

40–60 CK 1.78 ± 0.20c 219 ± 2.07d 49 ± 4.78bc 11 ± 0.38d
N1P1 2.22 ± 0.09bc 311 ± 4.40c 48 ± 3.45bc 15 ± 0.76cd
N1P2 2.03 ± 0.16bc 352 ± 1.74c 36 ± 1.12e 31 ± 7.82ab
N1P3 2.48 ± 0.01ab 424 ± 5.49bc 46 ± 0.54bc 32 ± 5.41a
N2P1 2.49 ± 0.52ab 431 ± 7.32bc 48 ± 2.61bc 21 ± 5.13c
N2P2 2.15 ± 0.13bc 385 ± 14.60bc 50 ± 1.79b 30 ± 10.21ab
N2P3 2.23 ± 0.15bc 527 ± 1.61a 57 ± 0.49a 33 ± 1.94a
N3P1 2.06 ± 0.06bc 422 ± 6.51b 47 ± 0.28bc 23 ± 9.22bc
N3P2 3.09 ± 0.32a 446 ± 2.60b 40 ± 0.67d 32 ± 3.07a
N3P3 2.11 ± 0.06bc 377 ± 25.40c 45 ± 1.95c 19 ± 2.98cd
N NS NS ** NS
P NS NS ** **
N × P NS NS ** *

The soil organic carbon contents and labile fractions under different fertigation treatments (N1–N3: 40, 60, and 80 mg L−1, respectively; P1–P3: 10, 20, and 30 mg L−1, respectively). SOC,
soil organic carbon; EOC, easily oxidized organic carbon; DOC, dissolved organic carbon; MBC, microbial biomass carbon. The values are the means ± SE (standard error) of three
replicates, and the different lowercase letters in a row are significantly different at the 0.05 significance level. NS: not significant.

Frontiers in Environmental Science | www.frontiersin.org July 2022 | Volume 10 | Article 9331244

Wang et al. Sustainable Agriculture

106

https://www.frontiersin.org/journals/environmental-science
www.frontiersin.org
https://www.frontiersin.org/journals/environmental-science#articles


fractions. A p-value of less than 0.05 was considered
statistically significant.

RESULTS

Changes in Soil Organic Carbon Content
Under Drip Fertigation
Drip fertigationwith differing fertilizer combinations had differential
effects on the SOC contents of each soil layer (Table 2). In the
0–60 cm soil profile, the SOC content tended to decrease with
increasing soil depth; meanwhile, compared with the control
(1.78–2.77 g kg−1), the SOC content in each layer increased under
fertigation treatment (2.32–5.02 g kg−1). In the 10–20, 20–40, and
40–60 cm soil layers, the SOC contents under fertigation treatment
increased by 33.6–144.4, 39.6–136.8, and 14.0–73.6%, respectively.

In the 0–20 cm soil layer, when a medium level (60 mg L−1) of
nitrogen was applied, the SOC content showed an overall upward
trend with increasing phosphorus application, and significant
differences were detected between treatments (p < 0.05). When
medium and high levels (10 and 20 mg L−1) of phosphorus were
applied, a significant increase in SOC content was observed with
increasing nitrogen application. The highest SOC content was
observed under N3P3 treatment (6.77 g kg−1), with a considerable
increase of 144.4% compared with the control. In the 20–60 cm
soil layers, there was an evident plow pan effect on SOC across
treatments compared with the 0–20 cm soil layer, with an overall
downward trend with increasing soil depth. No significant
differences were detected between treatments in terms of SOC
content under increasing phosphorus application at the same
nitrogen level and vice versa. However, the interaction between
nitrogen and phosphorus had a significant effect on SOC content
in the 0–40 cm soil layers (p < 0.05).

Contents of Soil Labile Organic Carbon
Fractions Under Drip Fertigation
Overall, the EOC content decreased first and then increased
with increasing soil depth, while the DOC and MBC contents
gradually decreased toward deeper soil depths across all
treatments (Table 2). In the 0–20 cm soil layer, when the
same level of nitrogen was applied, the EOC contents
gradually decreased with increasing phosphorus application,
although values remained higher than the control except under
N1P3 treatment. Under medium and low levels of phosphorus
fertigation, no significant differences in soil EOC content were
observed between different nitrogen levels. However, under
high phosphorus fertigation, significant increases in the EOC
content were observed with increasing nitrogen application
(p < 0.05). Under a medium level of nitrogen fertigation, soil
DOC contents increased significantly with increasing
phosphorus application, while under high nitrogen
fertigation, DOC contents decreased significantly with
increasing phosphorus application, although the values
under all three treatments were considerably higher than
those of the control (p < 0.05). Under medium and low
levels of nitrogen fertigation, the MBC contents increased

significantly with increasing phosphorus application (p <
0.05), and was highest under N2P3 treatment, with a
substantial increase of 428.6% compared with the control
(p < 0.05).

Compared with the control, an increase in EOC, DOC, and
MBC contents was observed in each soil layer under fertigation
treatment (Table 2). In the 0–60 cm soil profile, the mean EOC
content under fertigation treatment ranged from 328 to
406 mg kg−1, while the mean value of the control ranged from
203 to 219 mg kg−1. In general, the EOC content in each soil layer
showed an overall upward trend with increasing levels of nitrogen
and phosphorus, and this was most evident in the 0–20 cm soil
layer. The EOC content was significantly higher under N2P1
treatment (538 mg kg−1) than all the remaining treatments, with
an increase of 101.74% compared with the control (p < 0.05). The
increase in DOC content in the 0–20 cm soil layer was most
pronounced under N1P1 treatment, with an increase of 53.35%
compared with the control. In the 40–60 cm soil layer, except
under N2P2 and N2P3 treatments, the DOC content decreased
compared with the control. The MBC content also decreased
significantly with increasing soil depth under each treatment. In
the 20–40 and 40–60 cm soil layers, the MBC contents under
N2P3 treatment (76 and 33 mg kg−1, respectively) were
significantly higher than those under the remaining
treatments, with increases of 349.2 and 199.1% compared with
the control, respectively (p < 0.05). The interaction between
nitrogen and phosphorus had a significant effect on the DOC
and MBC contents (p < 0.05), but not on the EOC content in the
0–60 cm soil profile.

Efficiency of Soil Labile Organic Carbon
Fractions Under Drip Fertigation
The effects of each fertilizer combination on the efficiency of soil
LOC under drip fertigation are shown in Figure 1. Overall, the
efficiencies of soil EOC and DOC gradually increased with
increasing soil depth, while the efficiency of soil MBC tended
to decrease with deepening soil depth across all treatments. In the
0–20 cm soil layer, under high levels of nitrogen and phosphorus
fertigation, the efficiency of soil EOC did not differ significantly
between treatments compared with the control (Figure 1A).
However, under medium and high levels of fertigation, the
efficiency of soil DOC decreased remarkably under fertigation
treatment compared with the control (p < 0.05, Figure 1B).
Except under N2P3 and N3P1 treatment, the efficiency of soil
MBC did not change significantly under fertigation treatment
compared with the control (Figure 1C).

In the 20–40 cm soil layer, except under N3P1 treatment, there
were no significant differences in the efficiency of soil EOC
between the fertigation treatment and control. However, a
significant difference in the efficiency of soil DOC was
observed (p < 0.05). Under a medium level of fertigation, the
efficiency of soil MBC increased significantly compared with the
control, and the highest value was observed under N2P3
treatment. In the 40–60 cm soil layer, the efficiency of soil
EOC generally increased under fertigation treatment compared
with the control. The highest efficiency of soil EOC was achieved
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under N2P3 treatment, followed by N3P1 treatment, with
increases of 91.0 and 65.7%, respectively, compared with the
control. Under low levels of fertigation, the efficiency of soil DOC
significantly differed from the control, while the efficiency of soil
MBC increased by 11.7–132.3%. Overall, N2P3 and N1P2
treatment resulted in notable increases in the efficiency of soil
LOC compared with the control.

Stability of Soil Labile Organic Carbon (LOC)
Fractions Under Drip Fertigation
Compared with the control, the CPI values of total carbon in each
soil layer were all greater than 1 under fertigation treatment
(Table 3). In the 0–20 cm soil layer, CPI was highest under N3P3
treatment (2.44), while in the 20–60 cm soil layers, the highest
CPIs were obtained under N3P2 treatment (2.37 and 1.74).

Similarly, the CPMI values of soil LOC tended to increase under
fertigation treatment compared with the control. In the 0–20 cm soil
layer, the CPMI was highest under N2P1 treatment (206), while in the
20–40 cm soil layer, CPMI values were in the order of N3P1 >N3P3 >
N3P2 > N1P1 > N2P3 > N1P3 > N2P1 > N1P2 > N2P2 > control, with
highest values under N3P1 treatment (257). In the 40–60 cm soil
layer, the CPMI values tended to increase first and then decrease with
increasing nitrogen and phosphorus levels under all treatments, but
values remained significantly higher than those of the control, and the
highest CPMI was observed under N2P3 treatment (276).

Sensitivity of Soil Labile Organic Carbon
Fractions Under Drip Fertigation
The SI values of the soil LOC fractions (EOC, DOC, and MBC)
under each treatment are presented in Figure 2. In general, the SI
values of soil DOC and MBC tended to decrease gradually with
increasing soil depth, while those of soil EOC showed no clear trend
in the soil profile. The SI values of EOC were higher than those of
DOC in the 20–40 cm and 40–60 cm soil layers, and except under

N1P1 treatment, the SI values ofMBCwere higher than those of EOC
and DOC in the entire 0–60 cm soil profile, with the highest value
obtained under N2P3 treatment (348).

Crop Yield and Economic Profit Under Drip
Fertigation
The effects of drip fertigation on L. barbarum yield differed between
fertilizer treatments (Table 4). In 2018, neither the nitrogen level nor
the phosphorus level had any significant effect on yield, and the
highest yield was obtained under N2P3 treatment (14,326 kg ha−1).
After the two-year field experiment, both the nitrogen and
phosphorus levels exhibited significant effects on L. barbarum
yield (p < 0.01). Under medium and low levels of nitrogen
fertigation, the yield differed significantly between treatments
with a high level of phosphorus (P3). Similarly, under medium
and low levels of phosphorus fertigation, the yield differed
significantly between treatments with a high level of nitrogen
(N3). Of the 10 treatments, yield was highest under N2P3
followed by N3P3 treatment, with increases of 43.0 and 35.9%,
respectively, compared with the control. The two-year average
yield of L. barbarum from 2018 to 2019 increased under
fertigation treatment compared with the control, and was highest
under N2P3 treatment (14,110 kg ha−1) followed by N3P1 treatment
(13,577 kg ha−1), with increases of 33.2 and 28.2%, respectively.
Furthermore, Pearson’s correlation analysis revealed that L.
barbarum yield was significantly correlated with the SOC (r =
0.73, p < 0.01) and EOC (r = 0.88, p < 0.05) contents.

Compared with the control, fertilizer input was largely
reduced under fertigation treatment by 27.4–53.0% (Table 5).
The output values of L. barbarum also increased substantially
under fertigation treatment, especially with a high level of
phosphorus application combined with low, medium, or high
levels of nitrogen (N1P3, N2P3, and N3P3; 32.9, 42.9 and 35.8%
increases, respectively). Overall, the output efficiency of L.
barbarum was highest under N2P3 treatment.

FIGURE 1 | The efficiency of soil labile organic carbon under different fertigation treatments (N1–N3: 40, 60, and 80 mg L−1, respectively; P1–P3: 10, 20, and
30 mg L−1, respectively). (A) Efficiency of easily oxidized organic carbon; (B) Efficiency of dissolved organic carbon; (C) Efficiency of microbial organic carbon. Data are
the mean ± standard error (n = 3). Different lowercase letters above the column indicate significant difference among treatments at the 0.05 significance level.
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DISCUSSION

Effects of Different Fertilizer Combinations
on Soil Organic Carbon Under Drip
Fertigation
As an important component of the soil, SOC plays an essential
role in soil fertility and agricultural productivity (Su et al., 2006).
Meanwhile, as a vital carbon pool of terrestrial ecosystems, SOC
plays a crucial role in balancing the global carbon cycle (Preethi
et al., 2013; Qi et al., 2014; Kov et al., 2018). Some studies in the
past have explored the effects of irrigation on SOC content and
crop yield. Gillabel et al. (2007) found that irrigation can increase
SOC content in the 0–20 cm soil layer by about 25% in semi-arid
farmland. In addition, Qian et al. (2010) showed that irrigation

has been identified as the management practice with the greatest
potential for carbon sequestration, which can increase crop yields
by increasing soil carbon input. A previous study revealed a
positive correlation between the SOC content and carbon storage
under fertigation (Hu et al., 2010). However, due to differing
experimental conditions, no unified conclusion has yet been
reached with regards to the effects of nitrogen fertilization on
the soil carbon pool, especially the LOC fractions, in farmland.

Mockeviciene and Respsiene. (2021) suggested that long-term
application of single chemical fertilizers was disadvantageous in
maintaining and improving SOC. Furthermore, although nitrogen
fertilization can promote the growth of plant roots, it also reduces the
soil carbon/nitrogen ratio, thereby increasing the degradation of
original organic carbon and fresh organic carbon, causing a
reduction in the SOC content. In the present study, compared

TABLE 3 | Carbon pool management index (CPMI) under different fertigation treatments.

Soil depth (cm) Treatment LOC (mg kg−1) SOC (mg kg−1) CPA CPAI CPI CPMI

0–20 Control 267 2,771 0.11 1.00 1.00 100
N1P1 452 3,699 0.14 1.31 1.34 175
N1P2 436 3,712 0.13 1.25 1.34 167
N1P3 189 4,556 0.04 0.41 1.64 67
N2P1 538 4,630 0.13 1.23 1.67 206
N2P2 315 6,311 0.05 0.49 2.28 112
N2P3 398 5,013 0.09 0.81 1.81 147
N3P1 455 5,114 0.10 0.92 1.85 169
N3P2 381 5,367 0.08 0.72 1.94 139
N3P3 491 6,767 0.08 0.74 2.44 180
N NS NS
P NS NS
N × P NS NS

20–40 Control 203 2,116 0.11 1.00 1.00 100
N1P1 329 3,910 0.09 0.86 1.85 160
N1P2 226 3,069 0.08 0.75 1.45 108
N1P3 283 3,198 0.10 0.91 1.51 138
N2P1 276 3,080 0.10 0.92 1.46 135
N2P2 203 2,957 0.07 0.69 1.40 97
N2P3 319 3,895 0.09 0.84 1.84 154
N3P1 500 3,730 0.15 1.46 1.76 257
N3P2 398 5,023 0.09 0.81 2.37 192
N3P3 420 3,789 0.12 1.17 1.79 210
N ** NS
P NS NS
N × P NS NS

40–60 Control 219 1,776 0.14 1.00 1.00 100
N1P1 311 2,217 0.16 1.16 1.25 145
N1P2 352 2,031 0.21 1.49 1.14 170
N1P3 424 2,477 0.21 1.47 1.40 204
N2P1 431 2,489 0.21 1.49 1.40 208
N2P2 385 2,147 0.22 1.55 1.21 188
N2P3 527 2,233 0.31 2.20 1.26 276
N3P1 422 2,064 0.26 1.83 1.16 212
N3P2 446 3,093 0.17 1.20 1.74 209
N3P3 377 2,113 0.22 1.54 1.19 184
N NS NS
P NS NS
N × P NS NS

The carbon pool management index under different fertigation treatments N1–N3: 40, 60, and 80 mg L−1, respectively; P1–P3: 10, 20, and 30 mg L−1, respectively. LOC, labile organic
carbon; SOC, soil organic carbon; CPA, carbon pool activity; CPAI, carbon pool activity index; CPI, carbon pool index. The values are the means ± SE (standard error) of three replicates,
and the different lowercase letters in a row are significantly different at 0.05 level. NS: not significant.
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with traditional fertilization (control), drip fertigation caused an
increase in the SOC content of the L. barbarum plots, while the
degree of increase was dependent on the levels of nitrogen and
phosphorus applied. A similar finding was reported by Lin (2019).
The cumulative biological carbon sequestration was 7.36–22.41%
higher than that of other irrigationmodes. Therefore, open-field drip
irrigation was considered to be an appropriate water-saving
irrigation method to enhance carbon sequestration and emission
reduction for farmland (Qiu et al., 2010). Our result also indicates
that drip fertigation with nitrogen and phosphorus is more effective
than traditional fertilization in increasing the SOC pool in the
potassium-rich soil planted with L. barbarum.

Because the SOC content tended to decrease with increasing
soil depth, the effects of different fertilizer combinations were

more pronounced in the 0–20 and 20–40 cm soil layers in the L.
barbarum plots. The increase in SOC under drip fertigation is
thought to be the result of the following mechanisms.

During fertigation, the fertilizer solution, which contains
relatively low nutrient concentrations, irrigates the roots in
small amounts multiple times, thereby improving nutrient
utilization by the plants, reducing nutrient losses, and
substantially increasing the fertilizer use efficiency. Accordingly,
these factors help optimize the water, air, and heat conditions for
soil rhizosphere microorganisms and crop root activity, to some
extent facilitating microbial proliferation and organic matter
decomposition, thus contributing to the accumulation of SOC.

Effects of Different Fertilizer Combinations
on Soil Labile Organic Carbon Under Drip
Fertigation
Soil LOC is composed of EOC, DOC, andMBC (Zhang et al., 2009).
Melero et al. (2009) previously reported that EOC is the most
sensitive and reliable indicator of the effects of short- and long-
term agricultural management practices on soil quality. In the
present study, compared with the control, drip fertigation caused
an increase in the EOC contents of different soil layers in the L.
barbarum plots. Meanwhile, under different levels of nitrogen and
phosphorus fertigation, the changes in soil EOC content varied with
soil depth, similar to previous findings in wheat and corn fields
(Aiziguli·Mulati et al., 2012). One plausible reason for this
phenomenon is that soil microbial and enzymatic activities were
enhanced by drip nitrogen and phosphorus fertigation, in turn
accelerating the decomposition of EOC; however, the
decomposition rate decreased with increasing soil depth. DOC,
on the other hand, is easily affected by soil pH, microbial
biomass and activity, and humidity (Zhang et al., 2016). Here,
the soil DOC content was also remarkably higher under drip
fertigation compared with the control. Overall, therefore,

FIGURE 2 | The sensitivity index of soil labile organic carbon under different fertigation treatments (N1–N3: 40, 60, and 80 mg L−1, respectively; P1–P3: 10, 20, and
30 mg L−1, respectively). EOC, easily oxidized organic carbon; DOC, dissolved organic carbon; MBC, microbial biomass carbon.

TABLE 4 | The yields of L. barbarum under different fertigation treatments.

Treatment Yield (kg hm−2) Average yield

2018 2019

Control 11,465b 9,720c 10,593
N1P1 12,789ab 9,930c 11,360
N1P2 14,008a 10,320bc 12,164
N1P3 12,586ab 12,915a 12,751
N2P1 12,817ab 10,635bc 11,726
N2P2 12,630ab 12,090ab 12,360
N2P3 14,326a 13,890a 14,110
N3P1 13,969a 13,185a 13,577
N3P2 13,145ab 12,615a 12,880
N3P3 12,674ab 13,200a 12,940
N NS **
P NS **
N × P NS NS

The yields of L. barbarum under different fertigation treatments (N1–N3: 40, 60, and
80 mg L−1, respectively; P1–P3: 10, 20, and 30 mg L−1, respectively). The values are
themeans ± SE (standard error) of three replicates, and the different lowercase letters in a
row are significantly different at the 0.05 significance level. NS: not significant.
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fertigation caused a considerable increase in the photosynthetic rate,
promoting plant growth and increasing the input of plant litter and
root exudates into the soil, thereby increasing the soil DOC content
(Wu, 2012; Kennedy et al., 2013).

Soil MBC content is indicative of soil microbial activity and is
closely related to soil fertility (Yan et al., 2007); however, the response
of soil MBC content to nitrogen fertilization is inconsistent. For
example, Yang et al. (2018) revealed a considerable increase in the soil
MBC content under fertigation in sugar cane fields. In the present
study, theMBC contents in each soil layer tended to increase first and
then decrease with increasing levels of nitrogen and phosphorus
fertigation, with highest values obtained under N2P3 treatment. This
result suggests that rational application of nitrogen combined with
phosphorus fertigation could increase the soil MBC content in the L.
barbarum field. The application of chemical fertilizers increases the
decomposition rate of SOC, reducing the carbon/nitrogen ratio of the
soil and improving the soil environment, thereby enhancing soil
microbial activity. However, with increasing soil depth, the positive
effects of different fertigation treatments on soil MBC content were
diminished, with differential changes in the three soil layers.

The CPMI of soil LOC can be used to indicate changes in, and the
renewal of, soil quality, reflecting the effects of environmental
conditions on SOC and LOC fractions. The level of CPMI
sensitively reflects the effects of different fertilization approaches
on the dynamics of the soil carbon pool (Xu et al., 2006). In the
present study, different levels of nitrogen and phosphorus fertigation
increased the CPI and CPMI of soil LOC in all three soil layers,
although the effects varied with depth. Yue et al. (2014) also found an
increase in the CPMI of the topsoil (0–20 cm) of cotton fields under
drip fertigation. This increase suggests that fertigation practice plays a
role in improving soil fertility. The increases in the SOC content and
LOC fractions are beneficial in terms of the CPMI of organic carbon,
thereby increasing the SOC pool. However, after the application of a
certain proportion of fertilizers, the CPMI of soil LOC showed no
further increases, and instead began to decrease. The optimal
fertilization rates under drip fertigation therefore require further
investigation in terms of local soil characteristics and the fertilizer
demands of specific crops.

The efficiency of soil LOC refers to the ratio of soil LOC to soil
SOC. A previous study revealed that the higher the efficiency of

soil LOC fractions, the higher the availability of soil carbon (Li X.
Y. et al., 2016). In the present study, compared with the control,
both N2P3 and N1P2 treatments effectively increased the
efficiencies of soil EOC, DOC, and MBC in the L. barbarum
field. This effect may be attributed to the input of chemical
fertilizers, which facilitate microbial activity and thereby
accelerate the accumulation of LOC in the soil (Wu, 2012).
Moreover, our results also revealed a general decrease in the
SI values of soil DOC and MBC with increasing soil depth under
all treatments. This suggests that soil DOC and MBC contents
reflect the effects of nitrogen and phosphorus fertigation on the
LOC fractions in the surface soil. The SI values of MBC were
generally higher than those of EOC and DOC in all three soil
layers, suggesting that the soil MBC content effectively reflects the
effects of fertigation on SOC in the study area.

Effects of Different Fertilizer Combinations
on Goji Berry Yield Under Drip Fertigation
Most farmers use excessive fertilization and irrigation, showing high
soil moisture fluctuations and eutrophication (Wang et al., 2021).
Drip fertigation not only enables reducing total irrigation water
supply and fertilizer application rates, but also decreases nitrogen
leaching and CO2 emission (Zhao et al., 2021). It is an
environmentally friendly, effective modern agricultural technique
that achieves high-quality, high-yielding crop production and
efficient resource utilization (Yang et al., 2014). In Ningxia,
farmers tend to apply excessive water and fertilizers (mainly
nitrogen and phosphorus) during the production and
management of L. barbarum. The average annual fertilization
rates of nitrogen and phosphorus applied by broadcasting are
1,402.5 and 292.5 kg ha−1, both of which are much higher than
the levels used in fertigation. The excessive use of fertilizers may lead
to an unbalanced soil nutrient status, which, in turn, results in
relatively low nutrient use efficiency and crop productivity (Zhang
et al., 2021; Zhong et al., 2022). Indeed, compared with traditional
manual fertilization, the two-year average yield of L. barbarum
increased under drip fertigation, and the input-output ratio
increased by an average of 108.8% in 2019. These results suggest
that drip fertigation is a useful practice in Goji berry cultivation,

TABLE 5 | Economic profits of L. barbarum under different fertigation treatments.

Treatment Yield
(kg hm−2)

Output
value
(yuan)

N (kg
hm−2)

P (kg
hm−2)

K (kg
hm−2)

Cost
input
(yuan)

Reduction
of fertilizer

input
(%)

Growth
of output
value
(%)

Control 9,720 155,520 93.50 19.5 8.8 13,722 0.00 0.00
N1P1 9,930 158,880 26.13 4.37 26.2 6,443 53.04 2.16
N1P2 10,320 165,120 26.13 8.73 26.2 7,360 46.36 6.17
N1P3 12,915 206,640 26.13 13.10 26.2 8,280 39.66 32.87
N2P1 10,635 170,160 39.20 4.37 26.2 7,285 46.91 9.41
N2P2 12,090 193,440 39.20 8.73 26.2 8,202 40.23 24.38
N2P3 13,890 222,240 39.20 13.10 26.2 9,121 33.53 42.90
N3P1 13,185 210,960 52.27 4.37 26.2 8,126 40.78 35.65
N3P2 12,615 201,840 52.27 8.73 26.2 9,043 34.09 29.78
N3P3 13,200 211,200 52.27 13.10 26.2 9,963 27.40 35.80

The economic profits of L. barbarum under different fertigation treatments (N1–N3: 40, 60, and 80 mg L−1, respectively; P1–P3: 10, 20, and 30 mg L−1, respectively).
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increasing water and fertilizer use efficiency, as well as the yield and
overall income.

The two-year average yield of L. barbarum reached its highest
value under medium-to-high levels of nitrogen and phosphorus
fertigation. Given the significant positive correlations of L.
barbarum yield and SOC, EOC, and MBC contents, nitrogen and
phosphorus fertigation improved the yield of L. barbarum by
increasing the SOC pool in the study area. Overall, N2P3
treatment resulted in the highest yield, and this could be attributed
to the higher SOC content, LOC fractions, and SI values compared
with the remaining treatments. The experimental results suggest that
drip fertigation with 60mg L−1 nitrogen fertilizer plus 30 phosphorus
fertilizer is the optimal management practice for cultivation of L.
barbarum in the study area in terms of improving yield and reducing
fertilizer costs.

CONCLUSION

There has been very little, if any, field investigations on the
SOC distribution and sequestration potential or optimal water
and fertilizer management practices for L. barbarum
cultivation under drip fertigation with different fertilizer
combinations. Based on the two-year experimental study,
our data indicate that, compared with traditional manual
fertilization, drip fertigation with different fertilizer
combinations of nitrogen and phosphorus improved the
SOC contents and altered their distribution in the surface
and deep soil layers treatments. Especially for the LOC
fractions, drip fertigation tended to increase the EOC, DOC,
and MBC contents in each soil layer. Additionally, different
fertigation treatments increased the changes in soil LOC and
the overall yield of L. barbarum. On the whole, drip fertigation

with 60 mg L−1 nitrogen fertilizer plus 30 mg L−1 phosphorus
fertilizer is deemed optimal for improving organic carbon
sequestration and increasing L. barbarum yield in the study
area. Long-term comprehensive evaluation is now needed to
verify the applicability of this sustainable management
practice in the production of L. barbarum on arid land in
northwestern China and other similar settings.
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Ecosystem services in Jiangsu
province: Changes in the supply
and demand patterns and its
influencing factors
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Revealing the spatial and temporal changing characteristics and key factors

driving the relationship between the supply of and demand for ecosystem

services (SDES) is paramount for the effective management of regional

ecosystems and the rational allocation of natural resources. This study

calculated the supply of ecosystem services (ESS) in Jiangsu Province, China,

in 2000, 2010, and 2020, and quantitatively evaluated the ecosystem service

demand (ESD) in those years by considering land development intensity,

population density, and economic conditions. The ‘coupling coordination

degree and relative development degree’ (CDRD) model is introduced to

explore the degree of coordination and change in the relationship of supply

versus demand of ecosystem services, and then to reveal the impact of various

factors on the spatial differentiation characteristics of the SDES. The results

show that: 1) the ESS is high in the Taihu Lake Plain, the southwest of Huaihai

area and the eastern coastal zone of Jiangsu Province, yet low in the northwest

and middle of Huaihai area, and along the Yangtze River Plain. The overall

distribution pattern of ESD and the coordinating degree of the SDES is high in

the south and north of Jiangsu Province but low in the province’s middle. 2) The

degree of coordination for the SDES increased from 0.371 to 0.415, and the

relationship between supply and demand changed from one of moderate

imbalance to one of basic coordination. The imbalance of supply and

demand is mainly concentrated in the Lixiahe area, coastal plain area, and

middle of the Huaihe River Basin, for which the predominant type is a moderate

imbalance–demand lag. Meanwhile, the analysis of influencing factors shows

that there is an obvious synergistic effect between different factors. The results

of this research could contribute to sustainable ecosystem management and

decision-making for the construction of ecological civilization in Jiangsu

Province.

KEYWORDS

ecosystem services, relationship between supply and demand, coupling coordination
degree, geographic analysis, Jiangsu Province
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1 Introduction

Ecosystem services (ES) refer to the environmental

conditions and utility for human survival and

development as formed and maintained by ecosystems

(Daily, 1997). They constitute all the benefits obtained by

human beings, directly or indirectly, from an ecosystem

(Costanza et al., 1997). Ecosystem service supply (ESS)

refers to the ability of an ecosystem to provide specific

ecological products and services in a specific time and

space (Li et al., 2013). Conversely, ecosystem service

demand (ESD) represents the quantity and quality of

services required by human society; that is, the quantity

and quality of ES consumed or wanted by humans (Wang

and Zhou, 2019). The 2005 United Nations Millennium

Ecosystem Assessment Report clearly pointed out that

human well-being is closely related to changes in natural

ES. Therefore, when researching ES, scholars should consider

the benefits of “people” from the perspective of human

demand while considering its supply capacity (Xie et al.,

2008; Ecosystem Assessment, 2005). The research shows

that, to a certain extent, the supply–demand relationship

of ES can reflect the sustainability of regional social and

economic development. The decline in the supply of

ecosystem services and the rise in demand in a given

region brought about by economic development and urban

expansion will exacerbate the conflict between humanity and

land in that region (Simonit and Perrings, 2011; Wei et al.,

2017). Therefore, using actual human demand and

quantitative evaluations of supply capacity and degree of

demand for ES, research on the spatio-temporal variability

characteristics and driving factors of the supply and demand

patterning of ES should be the foundation for formulating a

regional sustainable development strategy, which has

important academic value and practical significance (Li

et al., 2014; Ma et al., 2017; Zhao et al., 2021).

Many scholars have conducted much research

investigating the supply and demand of ecosystem services

(SDES), involving a variety of ecosystem service types,

research perspectives, and scientific methodologies

(Burkhard et al., 2012; Geijzendorffer et al., 2015). In the

early stage, some studies mostly focused on calculating the

quantitative relationship of and differences in temporal and

spatial patterns of a single functional demand placed upon

the ecosystem; hence, there was little in-depth research on

the spatiotemporal distribution of the supply–demand

relationship of the overall ES and modeling of that

relationship. In recent years, there has been an increasing

trend in the literature of paying more attention to the SDES,

in which the research content has expanded tremendously

and diversified research perspectives and methods are

employed (Kroll et al., 2012; Serna-Chavez et al., 2014;

Bukvareva et al., 2017; Kramer et al., 2022). When they

study the SDES, some scholars usually select one or more

ecosystem services to explore the coupling relationship

between their supply and demand characteristics. The

research methods used for this mainly include index

construction and evaluation, index statistics and analysis,

scenario formulation and simulation, and spatial mapping

and analysis, among others (Shen et al., 2021; Liu et al.,

2019; Zhai et al., 2019; Wu et al., 2020). However, now

facing the actual needs of economic and social

transformation and eco-environmental protection,

scholars in China have begun to shift their attention to

the geographical research of ecosystem services and their

supply and demand dynamics, which entails the spatial

mapping of ESS and ESD and the hot-spot analysis of

supply and demand patterns based on GIS data (Li, 2014;

Zhang and Fu, 2014; Ou et al., 2018; Li and Zhao, 2022; Liu

et al., 2022). In summary, scholars have carried out multi-

faceted and multi-scale studies of ecosystem services and

their supply–demand relationship. Yet, although research

on the SDES has made some progress, some limitations

persist in the selection of robust indicators and data

acquisition, and the quantitative methodology applies to

the SDES needs to be optimized further (Wang et al., 2021).

As one of the most economically developed provinces in

China, Jiangsu occupies an important national and

international strategic position. With the firm promotion

of new urbanization and construction and strengthening of

its urban–rural integration and development, Jiangsu

Province is now facing mounting pressure on its

ecological environment. A series of ecological and

environmental problems caused by rapid urbanization,

such as the overexploitation of land resources, reduction

in area of natural and semi-natural ecological land, and

declines in ecosystem service capacity, have become

serious obstacles to realizing a new era, one that achieves

ecological civilization and sustainable development in

Jiangsu Province. In this context, and taking the SDES

perspective, the current study analyzes the spatial patterns

and changing characteristics of ecosystem service supply,

demand, and supply–demand coordination in Jiangsu

Province since 2000. Going further, it clarifies the

differences in ES supply–demand balances in different

research units, and reveals the chief factors influencing

spatial heterogeneity in ES. The primary objectives of our

study were threefold: 1) to distinguish the changing

characteristics of the temporal and spatial pattern of the

SDES; 2) to reveal the degree of coupling and coordination of

the SDES; and 3) to assess the influencing factors most

relevant to the spatial differentiation of the SDES. Our

research provides a timely reference for promoting

effective ecosystem management and the rational

allocation of natural resources, as well as crucial support

for policy development related to ecosystem services.
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2 Materials and methods

2.1 Study area

Jiangsu Province is located in the eastern coastal zone of

China (30° 45′N~ 35° 20′N, 116° 18′E ~ 121° 57′E) and has a total
area of 107 200 km2. The administrative scope of Jiangsu

Province includes 13 prefecture level cities, including those of

Nanjing, Wuxi, Xuzhou, Changzhou, Suzhou, Nantong, and

Lianyungang. It lies in the transition zone between a

subtropical zone and warm temperate zone, and has four

distinct seasons and moderate rainfall, with an average annual

precipitation of ca. 1000 mm. Plains are the predominant terrain

in the study area, but low-elevation mountains and hills are

found in the southwest and north of Jiangsu Province. The river

water system in the territory is well developed, featuring a dense

network of rivers and lakes. Further, the Yangtze River crosses

the southern part of the study area, and the Beijing-Hangzhou

Grand Canal runs through the south and north of Jiangsu

Province, whose entire coastline spans is 954 km. By the end

of 2020, the resident population of Jiangsu Province stood at

84.7726 million, and its regional gross domestic product (GDP)

was 10271.9 billion yuan. Its per capita regional GDP is above the

national level, and Jiangsu’s comprehensive economic

competitiveness puts it ahead of other provinces in China.

Based on the administrative divisions published in the

2020 Jiangsu Statistical Yearbook, we used county-level

administrative regions of Jiangsu Province as the basic

research unit. Jiangsu Province has 95 county-level

administrative units, consisting of 21 county-level cities,

19 counties, and 55 municipal districts. Because the socio-

economic data of some municipal districts could not be

obtained, some district level administrative units under the

jurisdiction of local cities were merged and integrated,

reducing the number of basic research units to 68 (Figure 1).

In the face of rapid socio-economic development and an

increasing intensity of territorial space development, the

ecological background of Jiangsu Province has been

continuously damaged, resulting in the reduction of its ESS.

Meanwhile, given the concentration of its population in urban

areas, the demand for a good-quality living environment by its

residents is increasing daily. Consequently, the supply–demand

relationship has become tenser, leading to a series of problems

such as supply–demand imbalances in different regions of

Jiangsu Province, which seriously affects regional sustainable

development and human well-being.

2.2 Data sources and preprocessing

Table 1 shows the sources and descriptions of the land use

data as well as the pertinent natural and socioeconomic data.

Further, by referring to the land use/land cover classification

system of the Chinese Academy of Sciences, we divide land use

types into six categories: farmland, forest land, grassland, water

area, construction land, and unused land (Xiao et al., 2003; Yang

and Huang, 2021).

2.3 Research methodology

To reveal the spatial and temporal changing characteristics

and key factors driving the relationship between the SDES, we

performed the following data analysis, for which the main

research contents and framework were illustrated in Figure 2.

2.3.1 Calculation of ecosystem service supply
Following the work of Costanza et al. (1997) and Xie et al.

(2015), this study divided the supply of ecosystem services into

four types: supply services, regulation services, support services,

FIGURE 1
Geographical location and land use/land cover map of Jiangsu Province, China.
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and cultural services. The supply services include food

production, raw material production, and water resources

supply; regulation services include gas regulation, climate

regulation, environmental purification, and hydrological

regulation; support services include soil conservation,

nutrient cycling, and biodiversity; cultural services refer to

the provision of aesthetic landscape services. Ecosystem

service value (ESV) conveys the supply capacity of

ecosystem services (Xiao et al., 2016). Based on the revised

ESV equivalence factor table of Jiangsu Province, this paper

calculated the ESV per unit area of each research unit to

express its ecosystem service supply capacity (Peng et al.,

2017; Wang et al., 2019).

Regarding the calculation process for the equivalent factor

table of ESV in Jiangsu Province, it went as follows: the equivalent

coefficient in the equivalent table of ESV per unit area in China

was corrected by applying the grain yield correction method (Xu

et al., 2012). Firstly, according to the data, the average grain

output per unit area of Jiangsu Province and the whole country

from 2000 to 2020 were 6219.10 kg/hm2 and 5721.88 kg/hm2

respectively; hence, the revised coefficient of equivalence factor

for Jiangsu Province is 1.09. Secondly, without human input, the

TABLE 1 The data requirements, sources, and descriptions.

Data type Data formats Sources and descriptions

1. Land cover Digital grids at a 30-m × 30-
m resolution

Land use data in 2000, 2010 and 2020 were downloaded from the
Zenodo website (https://zenodo.org/)

2. Digital Elevation Model (DEM) Digital grids at a 90-m × 90-
m resolution

Downloaded from the geospatial data cloud website (https://www.
gscloud.cn/)

3. Data for net primary productivity (NPP), precipitation, soil
conservation, and the Normalized Difference Vegetation Index
(NDVI)

Digital grids at a 1000-m ×
1000-m resolution

Downloaded from the resource and environment data center of the
Chinese Academy of Sciences (http://www.resdc.cn/)

4. Administrative boundary data Vector data Taken from Jiangsu geographic information public service platform
(http://jiangsu.tianditu.gov.cn/)

5. Data on grain price and grain output per unit area Excel format Extracted from the Jiangsu Statistical Yearbook, the China Statistical
Yearbook, and Jiangsu Grain andMaterial Reserve Bureau (http://lswz.
jiangxi.gov.cn/)

6. Population data Excel format Derived from the fifth, sixth and seventh national censuses

7. Socio-economic data Excel format Extracted from the Jiangsu Statistical Yearbook, the China Statistical
Yearbook, and Jiangsu County Statistical Yearbook

FIGURE 2
The analytical framework of this study.
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economic value provided by natural ecosystems is one-seventh

the economic value of food production services provided by the

existing farmland per unit area. Thirdly, given the output and

sown area of principal grain crops cultivated in Jiangsu Province

from 2000 to 2020, and their purchase price in 2020, the

economic value of one equivalent factor is 2238.87 yuan/hm2.

Then total ESV and single ecosystem service value (ESVf) were

calculated this way:

ESV � ∑
n

i�1
(Ai × VCi) (1)

ESVf � ∑
n

i�1
(Ai × VCfi) (2)

where ESV is the ecosystem service value (yuan); i is the land use

type (i = 1,2,3,..., n), Ai is the area of land type i (hm2); VCi is the

value coefficient of an ecosystem service function of land type i

(yuan/hm2); ESVf is the value of an ecosystem service function f

(yuan); VCfi is the value coefficient of ecosystem service function

f of land class i (yuan/hm2).

In addition, we selected NPP data, precipitation data, and soil

conservation data to further revise the value equivalence factors

of ecosystem services (Liu et al., 2020). The calculation formula

inorporating NPP, precipitation and soil conservation regulation

factors was as follows:

Aij � Bij/�B (3)

where Bij denotes the average annual NPP, average annual

precipitation, or average annual soil per unit area of an

ecosystem in Jiangsu Province, and �B is the average annual

NPP, average annual precipitation, or average annual soil

conservation simulation of an ecosystem in China. The

farmland, forest land, grassland, water area, and unused land

as land use types respectively corresponded to the five

ecosystems of farmland, forest, grassland, water body, and

unused land, according to which the table of ESV coefficient

per unit area of Jiangsu Province was finally obtained (Table 2).

2.3.2 Calculation of ecosystem service demand
In this study, ecosystem services demand (ESD) is defined as

the human consumption of and preference demand for

ecosystem services, that is, the number of ecosystem services

consumed or wanted by human society (Villamagna et al., 2013).

Therefore, to build the ESD model, we selected three indicators:

land development intensity, population density, and economic

density. Land development intensity represents the percentage of

total area of regional land covered with construction, which

directly reflects the degree of human activity and interference;

the higher its value, the higher the inferred ESD. Population

density can directly reflect the ESD. The greater the population

density, the greater is the total ESD. Economic density conveys

the degree of development of the region and it can indirectly

express the level of human preference for enjoying ecosystem

services. The stronger the regional economic strength, the higher

are the expected ecosystem services. The indicators of population

density and economic density vary greatly among some regions.

Therefore, here we used the natural logarithm approach in

statistics to mitigate the impact of severe fluctuations for the

analysis (Han et al., 2021). The calculation formula was as

follows:

X � Qi × lgPi × lgEi (4)

where X is the ESD, Qi is land development intensity, and Pi and

Ei respectively denote population density (person/km2) and

economic density (10,000 yuan/km2).

TABLE 2 Values for coefficients of various land ecosystem services in Jiangsu Province, China (yuan/hm2).

Primary
ecosystem classification

Secondary
ecosystem classification

Types of land use

Farmland Forest Grassland Waters Unused land

Provisioning Services Food production 4422.44 1093.94 1200.66 3201.77 0.00

Raw material production 980.54 2521.39 1780.98 920.51 0.00

Water supply −9108.20 2279.96 1709.97 57859.78 0.00

Regulating Services Gas regulation 3561.97 8297.92 6223.44 3081.70 80.04

Climate regulation 1861.03 24813.71 16469.10 9165.06 0.00

Environmental purification 540.30 7217.32 5443.01 22212.27 400.22

Hydrological regulation 10434.30 26964.01 21043.09 713580.68 209.38

Supporting Services Soil conservation 1268.99 6157.87 4624.51 2269.55 48.81

Maintenance of nutrient cycle 620.34 773.76 580.32 280.15 0.00

Biodiversity 680.38 9191.75 6903.82 10205.64 80.04

Cultural Services Aesthetic landscape 300.17 4028.89 3041.68 7564.18 40.02

Total1 15562.26 93340.52 69020.58 830341.30 858.52

Frontiers in Environmental Science frontiersin.org05

Wen et al. 10.3389/fenvs.2022.931735

119

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.931735


2.3.3 Coupling coordination and relative
development model

The ‘coupling coordination degree’ model can characterize

the degree of coordinated development between the actual supply

of ecosystem services and human demand, and help to gauge

whether that relationship is harmonious and consistent (Wang

and Tang, 2018). In order to eliminate the dimensional impact of

supply and demand, a range standardization was first applied to

the original supply and demand data, after which we analyze the

coupling and coordination of the SDES. The calculations went as

follows:

X � xi − xmin

xmax − xmin
(5)

C � 2 ×

����������
XS × XD

(XS +XD)2
√

(6)

T � α × XS + β × XD (7)
D � ������

C × T
√

(8)

where X is the supply of or demand for ecosystem services

after the range standardization; xi is the supply or demand of

the ith research unit; xmax is the maximum value of the whole

province and xmin is the minimum value of the whole

province; C is the coupling degree; XS denotes the supply;

XD denotes the demand; T is the comprehensive coordination

index of supply and demand; α and β are undetermined

coefficients. Because the supply and demand of ecosystem

services are equally important, we set α = β = 0.5. The D

indicates the degree of supply–demand coupling

coordination; where D ∈ [0,1], with a larger D value

indicating better coordination between supply and demand.

Using the equal division method, the coupling coordination

degree of the SDES is divided into five intervals (Table 3).

Although the coupling coordination model can reliably

capture the internal relationship of the SDES, it cannot reflect

the actual gap between supply and demand for a given ES.

Therefore, according to Han et al. (2020), this paper

introduces the relative development model to measure

whether the supply level of ecosystem services is ahead or

behind their demand level (Eq. (9)).

M � S1
S2

(9)

where M is the relative development degree; S1 and S2 are

respectively the supply and demand of ecosystem services

after their range standardization. In the case of M < 0.5, the

supply–demand relationship is of the supply lag type; when 0.5 ≤
M ≤ 1.5, this indicates a net balance in supply and demand; when

M > 1.5, the supply–demand relationship is of the demand

lag type.

2.3.4 Geodetector analysis
Geodetector is a statistical analytical method to diagnose the

spatial heterogeneity of geographic elements and reveal the

driving forces behind it. It can effectively and independently

detect the spatial distribution consistency and causality of two

variables, and it includes four components: risk detection, factor

detection, ecology detection, and interactive detection (Wang

et al., 2010; Wang and Xu, 2017). Its core idea is this: the relevant

characteristic factors affecting the supply and demand pattern of

ecosystem services are heterogeneous in their spatial distribution.

If the intensity of a factor is significantly consistent or similar

TABLE 3 Types and division criteria of coordinated development of supply and demand coupling of ecosystem services.

Coupling coordination degree Coupling coordination type Relative development degree Types of coupled
and coordinated development

0 ≤ D ≤ 0.2 Severe imbalance M < 0.5 Severe imbalance–supply lag

0.5 ≤ M ≤ 1.5 Severe imbalance

M > 1.5 Severe imbalance–demand lag

0.2 < D ≤ 0.4 Moderate imbalance M < 0.5 Moderate imbalance–supply lag

0.5 ≤ M ≤ 1.5 Moderate imbalance

M > 1.5 Moderate imbalance–demand lag

0.4 < D ≤ 0.6 Basic coordination M < 0.5 Basic coordination–supply lag

0.5 ≤ M ≤ 1.5 Basic coordination

M > 1.5 Basic coordination–demand lag

0.6 < D ≤ 0.8 Moderate coordination M < 0.5 Moderate coordination–supply lag

0.5 ≤ M ≤ 1.5 Moderate coordination

M > 1.5 Moderate coordination–demand lag

0.8 < D ≤ 1 High coordination M < 0.5 High coordination–supply lag

0.5 ≤ M ≤ 1.5 High coordination

M > 1.5 High coordination–demand lag
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with the spatial distribution of a particular supply and demand

pattern, it may be inferred this characteristic factor plays a certain

impact on it. The detailed formula is as follows (Eq. (10)):

q � 1 − 1
nσ2

∑
L

h�1
nhσ

2
h (10)

where n is the number of geographical units in the study area; σ2

is the discrete variance of Y value of the whole region; h is the

partitioning of variable Y or factor X, with h = 1,2,3 . . . L; L

representing the number of partitions; q is the spatial

heterogeneity of an index, whose value range is [0,1]. The

larger the value of q, the stronger the explanatory power of

independent variable X for attribute Y, and vice versa (Lv et al.,

2017).

2.3.5 Selection of driving factors
Ecosystem services are under the comprehensive influence of

internal and external conditions, including the effects of other

ecosystem changes (Fang et al., 2021). According to the relevant

literature and actual social-ecological environment background

of the study area, we found that the ESS and SDES in Jiangsu

Province are primarily affected by natural environment and

socio-economic factors, while ESD was mainly impacted by

socio-economic factors (Li and Zhang, 2017; Geng et al., 2020;

Jing et al., 2022; Zhang et al., 2022). Accordingly, six natural

environmental factors—average annual temperature, annual

rainfall, elevation, slope, NDVI, and water network

density—as well as seven socio-economic factors—economic

strength, industrial structure, openness to the outside world,

population attractiveness, facility supply, consumption level, and

road density—were selected in this paper to simultaneously

detect their effects on the spatial differentiation of the ESS

and SDES (Dai et al., 2020; Dai et al., 2021). In terms of

natural environmental factors, they are related to climate,

topography, vegetation and water systems, which directly

determine the ESS and indirectly determine the SDES. From

the perspective of socio-economic factors, economic strength,

industrial structure and openness to the outside world may be

used to assess regional economic development. Population

attractiveness, facility supply and consumption level can

convey the status of human demand for ES. Road density can

reliably characterize the intensity of human exploitation of land:

the higher the road density, the greater the demand by people for

ecosystem services in the surrounding environment (Dai et al.,

2022). Further details can be found in Table 4.

3 Results and analysis

3.1 Ecosystem service supply: Pattern and
change

From the provincial level (Table 5), the ESV of Jiangsu

Province in 2000, 2010, and 2020 was respectively

1213.008 billion yuan, 1270.742 billion yuan, and

1150.365 billion yuan, showing a trend of first rising and then

falling, with a net negative change of 5.16% from 2000 to 2020.

The change of ESV per unit area is consistent with the total ESV,

suggesting that among the 3 years, the supply capacity of

ecosystem services was strongest in 2010 and weakest in 2020.

According to the natural breakpoint method (Wang et al.,

2021; Huang et al., 2018), we divided the ESV per unit area into

five levels (Figure 3). Evidently, the high value of ESS over the

years is mainly concentrated in the Taihu Plain, in the

southwestern of the Huaihai area, and in the eastern coastal

zone. Among them, the ESS in Suzhou is the highest, exceeding

46.27 million yuan/km2 over the years; this was followed by

TABLE 4 Evaluation index of influencing factors and their definitions.

Factor Index for the factor Description of factor Numbered ID

Natural environmental factors Average annual temperature °C X1

Annual rainfall mm X2

Elevation m X3

Slope Vertical height of slope surface/distance in the horizontal direction (%) X4

NDVI Vegetation coverage (%) X5

Water network density Total length of water system in the area/total area of the area (km/km2) X6

Socio-economic factors Economic strength Regional GDP/permanent resident population (104 yuan/person) X7

Industrial structure Output value of secondary and tertiary industries/regional GDP (%) X8

Openness to the outside world Total import and export volume/regional GDP (%) X9

Population attractiveness Resident population/registered residence population (%) X10

Facility supply Total investment in fixed assets/resident population (104 yuan/person) X11

Consumption level Total retail sales of social consumer goods/resident population (104 yuan/person) X12

Road density Area of roads in the region/total area (%) X13
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Hongze District, where the ESS has reached more than

38.02 million yuan/km2 over the years. The low value of ESS

is mainly distributed in the northwest andmiddle of Huaihai area

and the plain area along the Yangtze River. Among these, the ESS

of Fengxian County is the lowest, not exceeding 1.93 million

yuan/km2 over the years; likewise, the ESS is also low in Peixian

County, Lianshui County, and Hai’an City, at less than

2.24 million yuan/km2.

By calculating the change index of ESS in Jiangsu Province

from 2000 to 2020, we could analyze the spatial distribution

characteristics of their increases and decreases in ESS. The results

show that the ESS in most areas is weakening, and the proportion

of research units with reduced supply is 66.18%, these being

mainly located in the eastern coastal zone of Jiangsu Province,

Southern Jiangsu, and the surrounding areas of Hongze Lake as

well as the urban area of Xuzhou. At the same time, there are

TABLE 5 Changes to the ecosystem service value and demand index in Jiangsu Province, from 2000 to 2020.

2000 2010 2020 Change range from
2000 to 2020 (%)

ESV (108 yuan) 12130.08 12707.42 11503.65 −5.16%

ESV per unit area (104 yuan/km2) 1169.92 1225.61 1109.51 −5.16%

ES demand index 0.82 1.44 2.12 158.54%

FIGURE 3
Distribution pattern of and changes to the ecosystem service supply in Jiangsu Province from 2000 to 2020.

Frontiers in Environmental Science frontiersin.org08

Wen et al. 10.3389/fenvs.2022.931735

122

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.931735


23 research units in which the ESS has increased over time, and

these are mainly concentrated in the Xuhuai Plain in the north of

Jiangsu Province, Lixiahe Plain in the province’s middle, and in

the southern part of the Ningzhen mountainous and hilly area.

3.2 Ecosystem service demand: Pattern
and change

The demand indexes of ecosystem services in Jiangsu

Province in 2000, 2010, and 2020 were 0.82, 1.44, and 2.12,

respectively, indicating that the ESD in Jiangsu Province rose

from 2000 to 2020 (Table 5). Spatially, the overall ESD over time

shows a distribution pattern of being high in the north and south

whereas it was low in the middle of the province, with obvious

signs of clustering (Figure 4). That is, high-value areas for the

ESD index are mainly distributed in southern Jiangsu, along the

Yangtze River and Xuhuai Plain in Northern Jiangsu. Over time,

Xuzhou had the highest level of ESD, followed by Changzhou,

Nantong, Jiangyin, Kunshan, Wuxi, Zhenjiang, Taizhou,

Zhangjiagang, and Nanjing. The low-value areas for the ESD

index in Jiangsu Province are mainly concentrated in the Huaihe

River Basin area, the Lixiahe Plain and coastal plain area,

southern part of the Ningzhen mountainous and hilly area,

and the eastern part of the Yangtze River Plain. Of them,

Hongze District and Jinhu County are distinguished as having

the lowest levels of ESD.

According to the change index of ESD, the ESD in different

regions has increased by differing magnitudes in the recent

20 years, and the overall growth pattern is best described as a

gradient weakening from south to north. Those areas with the

most pronounced increase in ESD are Kunshan City, Wujiang

District, and Taicang City in southern Jiangsu, where the

corresponding change indexes are 5.16, 4.63 and

4.29 respectively. The areas with small increases in ESD are

mainly distributed in Northern Jiangsu, among which Guanyun

County, Donghai County, and Sihong County have the lowest

value for the demand change index, implying that the ESD in

FIGURE 4
Distribution pattern and changes in ecosystem service demand in Jiangsu Province from 2000 to 2020.
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these areas has been relatively stable over the recent 20 years with

a slight growth trend discernible.

3.3 Analysis of the coupling and
coordination between the supply and
demand of ecosystem services

From 2000 to 2020, the degree of coupling and coordination

of the SDES in Jiangsu Province increased from 0.371 to 0.415,

and the overall relationship of the SDES changed from one of

moderate imbalance to one of basic coordination. Among the

68 research units (Figure 5), the regions withmoderate imbalance

and/or basic coordination in the coupling and coordination

relationship between supply and demand accounted for the

majority. Of these, in 2000, five research units had a serious

imbalance between supply and demand, 35 units had a moderate

imbalance, 24 units had a basic coordination, and another four

had a moderate coordination. By 2020, the number of research

units with a severe imbalance decreased to 4, the number having

a moderate imbalance decreased to 33, the number featuring a

basic coordination decreased to 19, the number distinguished by

a moderate coordination increased to 11, and 1 research unit

showed high coordination. Considered spatially, the degree of

coupling and coordination of the SDES over time is generally

high in the north and south of Jiangsu Province and low in its

middle. The areas with an imbalance between supply and

demand are mainly concentrated and distributed in Lixiahe

and the coastal plain area, the middle of Huaihe River Basin

area, in the west of the Xuhuai Plain area, and scattered along the

borders of the Yangtze River, Taihu Plain area, and Ningzhen

hilly area. The areas of supply–demand coordination is

interspersed in the north of Jiangsu Province but concentrated

in the plain area of Taihu Lake. The degree of supply–demand

coordination in the surrounding areas of Taihu Lake and some

areas along the Yangtze River is high, best characterized by

moderate coordination.

Based on the above analysis of coupling coordination degree,

we then conducted an analysis that also considered the relative

development degree (Figure 6). These results uncovered those

areas with a serious imbalance of the SDES over the years being

mainly located in Feng County, Lianshui County, Hongze

District, and Hai’an City. Among them, serious

imbalance–supply lag characterized Feng County, Lianshui

County, and Hai’an city. Their terrain is flat, the land use

type is mainly cultivated land, and certain land use types are

lacking, such as water area and forest land that have a high

ecosystem service capacity, which renders the supply of

ecosystem services far lower than their demand. In contrast,

Hongze District is of a different type, the serious

imbalance–demand lag. Situated adjacent to Hongze Lake in

the West and Baima Lake in the province’s east, its ecological

base is quite good, the level of economic development is low, and

there is little interference from human activities; hence, the

demand for ecosystem services is far lower than their supply.

In the moderate imbalance category, over the years, the moderate

imbalance–supply lag area is found mainly distributed in the

middle of the Huaihe River Basin, the west of Xuhuai Plain and in

areas along the river. The level of ecological resources in such

places is at a disadvantage vis-à-vis the interference level from

human activities, so the supply of ecosystem services lags behind

their demand. Meanwhile, having a moderate

imbalance–demand lag areas are chiefly concentrated in

Lixiahe and coastal plain areas, where one finds a dense river

network, many lakes, and an excellent ecological background, in

addition to prominent ecological functions and a national

ecological reserve. Therefore, the value of ecosystem services

provided by Xuyi County, Jinhu County, Gaoyou City, Sheyang

County, and Dafeng District is high, and the supply level of their

ecosystem services surpasses their level of demand. In the basic

FIGURE 5
Distribution patterns in the degree of supply–demand coupling coordination of ecosystem services in Jiangsu Province from 2000 to 2020.
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coordination category, those belonging to the basic

coordination–supply lag type are mainly the municipal

districts of various prefecture level cities. The supply and

demand levels of ecosystem services in such areas are high,

but supply lags behind demand due to the influence of

regional economic development and urban expansion. The

supply–demand relationship of ecosystem services in Suzhou-

Wuxi-Changzhou area has changed from one of basic

coordination in 2000 to one of moderate coordination in

2020, and the coordination relationship is gradually

improving. This harbors many rivers and lakes, good

hydrothermal conditions and is rich in ecological resources,

and therefore the supply of ecosystem services is sufficient. In

parallel, the rapid economic development and high population

density in this area has led to a very high demand for ecosystem

services under the strong interference of human activities. But

because of the strong carrying capacity of resources and

environment there, a good coordinated relationship between

supply and demand still prevails. The supply–demand

relationship of ES in the Nantong urban area has changed

from medium coordination to high coordination. Over time,

the supply and demand levels of ES there have ranked first in the

province, though the supply capacity and demand intensity are

both increasing, and their degree of coordination is continually

improving.

3.4 Analysis of factors driving the supply
and demand pattern of ecosystem
services

To the 68 research units, we applied the ‘factor detector’ and

‘interaction detector’ functions of the geodetector model to

quantitatively analyze the contribution of driving factors and

their interactions, and thereby explore the factors responsible for

the spatial differentiation in ecosystem service supply, demand

and supply–demand coordination in Jiangsu Province.

3.4.1 Factor detection analysis
From the perspective of supply capacity (Table 6), the factors

can be sorted according to their q statistic as follows: X5

(NDVI) > X6 (water network density) > X1 (average annual

temperature) > X13 (road density) > X9 (openness to the outside

world) > X2 (annual rainfall) > X3 (elevation) > X12

(consumption level) > X7 (economic strength) > X8

(industrial structure) > X10 (population attractiveness) > X11

(facility supply) > X4 (slope). Among them, we find that NDVI,

water network density, average annual temperature, and annual

rainfall are each significant at the alpha level of 10%, suggesting

that these four factors have the highest explanatory contribution.

This shows that the driving effect of natural environmental

factors upon the supply capacity of ecosystem services is

significantly greater than that of socio-economic factors.

Therefore, in terms of future ecosystem service management

aims and practices, we should strengthen both ecosystem

protection and restoration, and implement projects such as

forest quality improvement and watershed water ecological

health protection, to ensure that ecosystems retain their ability

to provide long-term sustainable services.

Regarding the demand intensity, the factors ranked by their q

statistic are as follows: X8 (industrial structure) > X10

(population attractiveness) > X9 (openness to the outside

world) > X7 (economic strength) > X12 (consumption

level) > X11 (facility supply) > X13 (road density). Of these,

the explanatory power of industrial structure, population

attractiveness, and openness to the outside world for the

demand intensity of ES are each more 50%, with all passing

the significance test at p < 0.001. Therefore, to avoid the excessive

consumption of ecosystem services, it is necessary to properly

adjust the economic and industrial structure of some regions and

FIGURE 6
Types of coordinated development in the supply and demand coupling of ecosystem services in Jiangsu Province.
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TABLE 6 Detection results of driving factors of ecosystem service supply and demand in Jiangsu Province.

Driving factors Ecosystem services supply Ecosystem services
demand

The coordination degree
of supply and demand

q value p value q value p value q value p value

X1 0.258* 0.041 -- 0.371* 0.006

X2 0.201* 0.083 -- 0.313* 0.008

X3 0.191 0.259 -- 0.126 0.515

X4 0.109 0.545 -- 0.142 0.283

X5 0.551* <0.001 -- 0.564* <0.001
X6 0.280* 0.024 -- 0.197 0.386

X7 0.167 0.151 0.365* 0.004 0.403* 0.002

X8 0.145 0.187 0.697* <0.001 0.568* <0.001
X9 0.217 0.155 0.504* <0.001 0.468* 0.003

X10 0.144 0.324 0.663* <0.001 0.576* <0.001
X11 0.111 0.503 0.082 0.697 0.174 0.403

X12 0.180 0.112 0.222* 0.096 0.236 0.176

X13 0.251 0.308 0.075 0.752 0.142 0.871

*significant at p < 0.1.

FIGURE 7
Interactions between the driving factors of the supply–demand relationship of ecosystem services.
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guide the rational distribution and flows of their populations, so

as to achieve a balance between the supply and demand of

ecosystem services.

For the coordination degree of the SDES, evidently it was

most impacted by X10 (population attractiveness), with a q value

of 0.576. It was followed by X8 (industrial structure) > X5

(NDVI) > X9 (openness to the outside world) > X7

(economic strength) > X1 (annual average temperature) > X2

(annual rainfall). These indicators all passed the significance test

at p < 0.01, which further shows that the spatial differentiation of

the coordination degree of the SDES is affected by both natural

and socio-economic factors; in general, the latter’s explanatory

power is greater than the former’s. Looking ahead, we should

strengthen ecosystem management and the optimal allocation of

resources, and strive to alleviate the imbalance between the

supply and demand of ecosystem services, to ensure both

regional ecological security and sustainable socio-economic

development.

3.4.2 Interactive detection analysis
The results of interaction detection analysis (Figure 7)

revealed that the explanatory power of the interaction between

the drivers of the spatial differentiation in the supply, demand,

and supply–demand coordination of ES exceeds that of any

single factor. Hence, the interaction between any two driving

factors will always increase the explanatory power of the spatial

differentiation in the supply–demand relationship. The

interaction types among the driving factors consist of a

nonlinear enhancement type and two-factor enhancement

type, of which the former predominates in Jiangsu Province.

Among the interactive detection results for supply capacity,

the interactions between NDVI and other factors had the

strongest impact on its spatial differentiation. Among them,

the explanatory power of NDVI interacting with elevation,

slope, annual rainfall, or annual average temperature is

highest, whose q values are 0.846, 0.841, 0.827, and 0.811,

respectively. Next, we found strong effects of interactions on

the spatial differentiation of supply capacity came from annual

temperature∩slope (q value = 0.754), annual rainfall∩elevation (q
value = 0.773), water network density∩population attractiveness

(q value = 0.797), and water network density∩economic strength

(q value = 0.794).

From the perspective of demand intensity, the

interactions between population attractiveness, industrial

structure, openness to the outside world and other factors

all strongly impacted the spatial differentiation in demand

intensity. Among them, population attractiveness∩facility
supply has the greatest impact on the spatial

differentiation in demand intensity, given its q value of

0.863. It is followed by industrial structure∩road density

(q value = 0.841), industrial structure∩economic strength

(q value = 0.810), and industrial structure∩openness to the

outside world (q value = 0.791).

For the spatial differentiation in the degree of

supply–demand coordination, it was most impact by the

interactions between NDVI and other factors. Among these,

the explanatory power of NDVI’s interaction with elevation,

annual rainfall, and industrial structure are each high, with

respective q values = 0.873, 0.861, and 0.830. The interaction

values between industrial structure and other factors are also

large and noteworthy: the q value of industrial structure∩facility
supply is 0.785 while that of industrial structure∩water network
density is 0.774. The interaction intensity between openness to

the outside world, population attractiveness, and other factors are

also considerable, in that their explanatory power reaches more

than 60%.

Overall, the NDVI and water network density exert a strong

influence on the spatial differentiation in ecosystem service

supply capacity. The interaction between population

attractiveness and facility supply greatly impacts the spatial

differentiation in demand intensity. The degree of

supply–demand coordination is most significantly affected by

the interaction between NDVI, industrial structure, openness to

the outside world, population attractiveness, and other factors.

Altogether then, the above results show that regional differences

in the intensity of human activities underpin spatial

heterogeneity in the relationship between supply and demand

of ecosystem services. Population aggregation and the expansion

of artificial surfaces not only occupy and destroy ecological land,

but also lead to an imbalance between supply and demand,

namely in the form of high demand for and low supply of ES.

Therefore, in the future, we should consider the action

characteristics of different driving factors and their interactive

enhancement effects, and find reasonable way to develop and

utilize precious water and soil resources. We should avoid undue

interference from human activities and the joint adverse action of

natural and socio-economic factors, to lessen the pressure on

balancing the supply and demand of regional ecosystems.

4 Discussion

4.1 Comparison with other scholarship on
supply of and demand for ecosystem
services

As both theoretical and methodological research into ESS

and ESD continues to expand and deepen, related practical and

applied investigations are also being gradually carried out more

often. Burkhard et al. (2012) took central Germany as an

example, and based on the ecological integrity of biophysical

landscape units and the matrix coupling of ecosystem service

supply and demand, they used land cover data and socio-

economic data assessment and assignment method to unify

the ecosystem service supply and demand values into a single

unit for quantitative expression. The supply and demand
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capacities of ecosystem services for different land types were

tabulated, and the spatial distribution of the supply and demand

balance was also mapped. Kroll et al. (2012) analyzed the supply

and demand characteristics of energy supply, food supply, and

water supply services and their spatial distribution patterns along

an urban-rural gradient in eastern Germany and proposed a

quantitative calculation and spatial visualization method, which

is of great significance for coordinating a sustainable regional

balance. Based on the spatial differences in ESS and ESD and

their balance, some scholars have distinguished different types

and levels of control areas and proposed differentiated control

strategies, in order to provide practical guidance for regional

ecosystem management and territorial space optimization (Li

et al., 2020; Sun et al., 2022). In addition, other scholars have also

applied the relationship between ESS and ESD to identify source

sites or corridors for construction for use in an ecological

network, so as to achieve the latter’s spatial optimization

(Zhang et al., 2019; Rong et al., 2020). Our study assesses the

ESS based on the equivalent factor method, measures the ESD

using a comprehensive multi-indicator model, reveals the

changes in the coordination degree of the SDES, and analyzes

the factors influencing their spatial differentiation characteristics.

The relationship between supply and demand of ESS in Jiangsu

Province is similar to that of the Yangtze River Delta region,

Beijing–Tianjin–Hebei region, and Xiamen–Zhangzhou–Quan

region (Wu et al., 2018; Li et al., 2020; Hu and Chen, 2021). On

the one hand, the ESD is robust in areas with a high level of

economic development and high population density; on the other

hand, the ESS is weakening in those areas with an increasing

intensity of disturbance from human activities. The geodetector-

based analysis of drivers showed that natural environmental

factors have the greatest influence on ESS, while socio-

economic factors most influence ESD and the coordination of

SDES, consistent with the findings of Zhao et al. (2021).

4.2 Factors influencing the ecosystem
services, ecosystem service demand and
coordination of supply of and demand for
ecosystem services

As a bridge between natural ecosystems and human society,

the SDES reflects the complex dynamic linkages between

ecosystems and human society (Sun et al., 2019). Changes in

ESS, ESD, and the coordination of SDES are jointly influenced by

many factors, such as the natural environment, social economy,

and so on (Tang et al., 2020). In this respect, we used the

analytical method of geodetector to reveal the reasons behind

the spatial variation of ESS, ESD and the coordination of SDES in

the study area in 2020. We explored correlations between the

three aspects of ESS, ESD and the coordination of SDES as well as

their influencing factors, which to some extent reflected the

internal mechanisms and driving mechanisms of the

supply–demand balance of ecosystem services. For the natural

environmental factors, we found that their variability over

20 years was not significant. For example, the variability of

factors including average annual temperature, elevation, and

water network density is small over time. Therefore, our study

did not consider the temporal variability characteristics of the

factors influencing ecosystem services, but used the driving

factors of 2020 to analyze the spatial variability of ESS, ESD,

and the coordination of SDES in 2020 (Zhang et al., 2021). Nor

did we consider policy factors due to restrictions in accessing the

required data. Further, it is imperative to determine the

combined mechanisms of various types of influencing factors

in different regions and the levels of differing factors, this

represent an important research avenue in the future.

4.3 Limitation and further research

This paper only used three indicators, namely population

density, economic density, and land development intensity, to

characterize the ESD, which may not be able to comprehensively

measure the true demand level. In the next research stage, we will

consider using scenario formulation and simulation to build a

more comprehensive measurement model of ESD. From the

spatial scale of this study, we should strengthen research on the

supply–demand relationship of ES assessed at different spatial

scales. We need to gradually establish a regional and hierarchical

governance mechanism for the SDES, and coordinate the supply

and demand relationship at different levels in different regions,

so as to alleviate the supply/demand imbalances. In tandem, we

should seek to ensure the scientificity, continuity, and

consistency of supply and demand governance policies of ES

at different levels, to thereby maximize the benefits of ES for

human society.

5 Conclusion

Based on the county-level administrative divisions of Jiangsu

Province, and taking its 68 geographical units as the study object,

this paper used the revised equivalent factor table to calculate the

ESS in 2000, 2010, and 2020. In parallel, the ESD was

quantitatively evaluated in combination with the intensity of

land development, population density, and economic density.

Supported by the coupling coordination degree and relative

development degree model, we explored the coordination

degree of and change in the supply–demand relationship of

ecosystem services, and analyzed the driving factors of the

spatial differentiation of that relationship by using

geodetector. The main conclusions drawn are as follows:

1) Since 2000, the overall ESS in Jiangsu Province has shown

a spatial distribution pattern of being high in the Taihu
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Lake Plain area, the southwest of Huaihai area, and the

eastern coastal zone of Jiangsu Province, yet low in the

northwest and middle of Huaihai area, and along the

Yangtze River Plain. 2) The ESD is generally high in

the north and south of Jiangsu Province and low in its

middle. Furthermore, The ESD in each research unit is

increasing albeit not equally so (differing range of values),

and overall, the key feature of this trend is that it gradually

weakens going from the south to north of Jiangsu

Province. 3) The degree of supply–demand coupling

and coordination of ES is generally high in both the

north and south, but low in the middle of the province.

In the recent 20 years, the relationship between supply

and demand has improved, and the type of

supply–demand coupling and coordination has changed

from one of moderate imbalance to one of basic

coordination. 4) Through the factor detection and

interactive detection analysis of geodetector, we find

that the impact of various factors on the supply,

demand and coordination of supply and demand of ES

are not independent, but rather arise from the synergy of

multiple factors. The main factors influencing the ESS

capacity are the NDVI and water network density, while

those affecting the ESD are industrial structure,

population attractiveness, and openness to the outside

world. Meanwhile, the main contributing factors to the

coordination of the SDES are population attractiveness,

industrial structure, and the NDVI.
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Identification of fragmented
cropland in arid and semiarid
sandy areas: a case study of
horqin left rear banner

Zhiting Sang1, Jie Liang1, Huihui Zheng1, Kaige Wang1,
Yan Xu1,2* and Yibin Liu1

1College of Land Science and Technology, China Agricultural University, Beijing, China, 2Key
Laboratory of Land Quality Ministry of Land and Resources, China Center, Hohhot, China

The sustainable development and utilization of sandy areas in arid and semiarid

regions is of strategic importance to ensure both food and ecological security.

The unique geographical environment of these areas and uncontrolled

exploitation by farmers lead to large amounts of fragmented cropland.

Despite government management, the quantity and distribution of these

fragmented croplands is unknown, and accurate identification of the

region’s fragmented croplands can provide data to support the sustainable

use of sandy areas. We propose a method for identifying fragmented cropland

based on scale transformation. Small-scale fragmented cropland is

approximately represented at larger scales, so we apply small-scale high-

resolution remote sensing images to identify features and obtain information

at a large scale, i.e., the ratio of fragmented cropland area. By correcting the

cropland areas identified from low-resolution remote sensing images and using

them as the basis for the resulting calculation, more accurate identification can

be 1 at a large scale. In this study, this method was applied based on remote

sensing images with 0.54 and 30m resolutions that were acquired during the

same period, using Horqin Zuoyihou Banner as the study area. The results

showed that (1) there was 13,637.08 hm2 of fragmented cropland in Horqin

Zuoyihou Banner due to precipitation and terrain topography, mainly in the

central and western regions and 2) identification at the sample point scale and

plot scale were positively correlated in area and showed a consistent

distribution. Therefore, accurate and efficient identification of fragmented

cropland can be achieved through scale transformation.

KEYWORDS

fragmented cropland, arid and semiarid areas, sandy land, scale transformation,
identification method
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1 Introduction

A large amount of fragmented cropland exists in arid and

semiarid sandy regions. In addition to natural land

fragmentation due to the sandy terrain, the lack of effective

regulation and planning has created a large amount of

fragmented cropland due to disorderly development and

replenishment of cropland (Tan et al., 2006; Zhao, 2011; Jia

and Petrick, 2014). Arid and semiarid areas are not only

important food production bases in China (Li et al., 2021),

but also ecologically fragile areas (Huang et al., 2019; Xu

et al., 2021). Facing the dual needs of food security and

ecological safety, mapping the amount and distribution of

fragmented cropland is the basis for making decisions on the

consolidation and removal of cropland (Xiong et al., 2020; Vijay

and Armsworth, 2021), and it will also support the sustainable

use of sandy areas (Lyu et al., 2020; Wang et al., 2021). The

identification of fragmented cropland, which covers a small

area but is very common, is limited in many ways, and the

quantity and spatial distribution of fragmented cropland are

not yet known. Therefore, the efficient and accurate

acquisition of information about the quantity and

distribution of fragmented cropland on a large scale, as the

basis of sustainable use studies and site-specific studies (Wan

and Ceng, 2001; Ye et al., 2004; Matton et al., 2015; Lu et al.,

2018), is a key issue in land cover identification and is one of

the important research directions for research on land cover

identification.

Current identification methods for land cover types fall into

three broad categories. The first identificationmethod is based on

manual mapping and user experience (Zhang et al., 2014; Qu

et al., 2021): objects are discriminated based on experience

combined with field calibration. This method relies on the

empirical knowledge of the researcher, and the identification

results have relatively high accuracy but limited applicability and

suitability for larger study areas.

The second method is based on existing data processing,

which means that results are obtained by processing remote

sensing images or existing datasets (Chen Yuanyuan et al.,

2012; Ren Yang et al., 2020; Feng et al., 2017; Li et al., 2017;

Xiong et al., 2017; Feng et al., 2018). For example, Milbrandt

analyzed and summarized data from the USGS 2006 National

Land Cover Database to obtain information on the amount

and distribution of marginal lands in the United State

(Milbrandt et al., 2014). Similarly, Xue used the summary

statistics (analysis) tool in ArcGIS 10.1 to calculate the total

area of each land type based on the 2000 1 km × 1 km gridded

dataset from the Earth System Science Data Sharing

Infrastructure (http://www.geodata.cn/) (Xue et al., 2016).

Compared with the first method, this approach is not limited

in its scope of application. However, the spatial resolution of

the images used in large-scale datasets is too low to obtain

accurate results when identifying small objects.

The third method uses layer-by-layer screening, that is, in a

study area, screening is carried out sequentially one layer at a

time by selecting indicators to exclude areas that do not meet

search requirements to identify research objects (Du et al., 2020).

Fang et al. adopted satellite images with a 30 m resolution to

identify marginal land by selecting indicators such as land use

type and land cover type and considering environmental impact

(Wang and Shi, 2015). Alternatively, Ben et al. used ZY-3 3D

land-cover products and the Chinese soil database to exclude

land unsuitable for cultivation, conduct screening based on

relevant indicators of land quality and crop environment, and

finally identify urban marginal land (Zhang et al., 2021). This

approach reduces the limitations of the second method, with

which results with relatively low accuracy are produced.

However, there are still shortcomings when identifying objects

with unclear characteristics, which may result in objects being

screened out mistakenly.

These findings indicate that results based on manual

empirical identification are the most accurate when

compared to other identification methods, but this method

is limited by the size of the study area that can be addressed.

The results achieved by processing existing data address the

study area size limitation, but they are still limited by the

classification and spatial resolution of the original dataset.

For example, when identifying fragmented cropland, original

datasets may not contain this land cover type, and the

relatively low spatial resolution of the data does not allow

the identification of fragmented cropland. Although the

layer-by-layer screening method improves on the first two

methods, identification of objects with this approach relies on

restrictive conditions. Generally, this approach is suitable for

identifying relatively obvious characteristics. For example,

when identifying an object that is easily confused with other

features, such as fragmented cropland, it is difficult to choose

a suitable index and establish screening rules for

identification.

At present, the identification of fragmented cropland is

mainly restricted by the size of the study area, spatial

resolution of remote sensing images and feature interpretation

characteristics. Methods that provide accurate identification are

used in small areas but the remote sensing images used in the

methods applied to large areas have low resolution, resulting in

less accurate results. Identification based on high-resolution

remote sensing images over large scales also faces challenges

when identifying features with nonspecific characteristics, such

as fragmented cropland.

The main purpose of this study is to explore how to identify

fragmented cropland with nonspecific characteristics over a large

scale by combining remote sensing images with two resolutions.

Specifically, we first select samples in the identification area,

which is divided into several sample areas and sample points.

Then, we identified areas of fragmented cultivated land by

integrating the interpretation of the remote sensing images
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with different resolutions at different scales. This study can

provide an effective measurement method for the

identification of fine-grained cropland in arid and semiarid

areas, and provide a valuable reference for other regions and

countries in the world.

2 Materials and methods

2.1 Study area

Horqin Left Rear Banner, Tongliao city, Inner Mongolia

Autonomous Region, was selected as the study area. It is

located between 121°30′-123°42′E and 42°40′-43°42′N. This

area is found at the intersection of the Horqin Sandy and

Songliao Plains and the intersection of the East and West Liao

Rivers, where there is an alluvial plain accounting for less than

3% of the total area. Except for the alluvial plain at the

intersection of the East and West Liao Rivers, the rest of

the landform is composed of sand dunes and meadows.

Horqin Left Rear Banner is located on the border of the

mid-temperate and subhumid areas, with a temperate

continental monsoon climate. The spatial distribution of

precipitation in the area varies greatly. The average annual

precipitation is 414.9 mm, and precipitation amounts large

enough to support rain-fed agriculture is usually concentrated

from May to September, accounting for approximately 85% of

the total annual precipitation. In 2019, the GDP of this region

was 12.2×109 RMB, the per capita income of urban residents

was 29,025 RMB, the per capita income of rural pastoral areas

was 13,671 RMB, and the permanent population amounted to

401,100 people.

In general, the area of Horqin Zuoyihou Banner is large, and

the landforms and precipitation in the eastern and western

regions of the banner vary greatly. During the research

process, it was found that the typical topography and

precipitation conditions of Horqin Zuoyihou Banner led to a

fine-grained distribution of some cropland in the banner and that

there is a large amount of fragmented cropland, making it an

ideal study area for this study.

2.2 Data

The data used in this study are mainly two contemporaneous

remote sensing images of Horqin Left Rear Banner with different

resolutions acquired by MapQuest: an image with a 0.54 m

resolution acquired in 2021 and a remote sensing image with

a 30 m resolution acquired in 2021. The 30 m resolution image

was used for supervised classification in ENVI 5.3 to identify the

cropland within the sample points and areas, and the 0.54 m

resolution image was used for visual interpretation to identify the

cropland within the sample points.

2.3 Methods

2.3.1 Methodological framework
The method described in this paper is the identification of

fragmented cropland based on scale transformation (IBST), that

is, the distribution of cropland and fragmented cropland at a

small scale is used to determine the distribution at a large scale,

and the result is calculated based on cropland area weighting by

obtaining the total cropland area in a large sample area. The key

step is to identify all the cropland (including fragmented

cropland) at the large scale and use it as a database for

calculation. Therefore, we used the large-scale low-resolution

identification data as the basis and adjusted the results according

to the difference in the cropland area identified in the images with

different resolutions to obtain an estimate of the total cropland at

the large scale. We divided this method into three steps: 1) the

construction of scale relationships and the establishment of

sample points and sample areas, 2) the identification of

cropland and fragmented cropland and 3) the calculation of

fragmented cropland based on cropland area weighting

(Figure 1).

2.3.2 Scale relationship construction and sample
layout
2.3.2.1 Scale relationship construction

There is some connection between the identification results at

large and small scales within a given region (Tobler, 1970;

Woodcock and Strahler, 1987; Xu et al., 2011; Wang and Shi,

2015; Wang et al., 2018; Ain and He, 2019), but the conversion

between scales needs to be corrected according to the setting (Li

et al., 2000; Zhu et al., 2018). We were able to extend patterns

observed at smaller scales to larger scales, so the parameter ratio of

fragmented cropland (RFC) was introduced to visualize the link

between large and small scales, replacing the large scale with the ratio

of fragmented cropland obtained from the small scale. Additionally,

the parameter area correction coefficient λwas introduced to control
the accuracy of the identification according to the setting.

2.3.2.2 Sample layout

To improve the accuracy of identification results over large

areas, it is necessary to account for the scale conversion of

subregions by establishing sample areas (unit level) and

sample points (plot level) (Figure 2A). To reflect the

differences and patterns in the distribution and number of

recognition results, this method uses a uniform distribution of

points to establish samples. The specific steps for establishing

sample points and sample areas are as follows (Figure 2B).

After creating a 9 km × 9 km grid for uniform distribution,

144 sample areas covering the grid were selected in the Horqin

Left Rear Banner, and a 1 km × 1 km sample point was selected in

the center of each sample area. The distribution of identification

targets within the sample points represents the distribution

within the sample areas where they are located.
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2.3.3 Identification of cropland and
fragmented cropland

The main target of identification in this study was

fragmented cropland, namely, cropland in woodland,

grassland or intermountain zones that is sporadically

cultivated. These areas are small (not identifiable in low- and

moderate-resolution images but identifiable in high-resolution

images; absolute area <2 ha) and varied in shape (mostly narrow

or curved, multilateral, irregular plots). We found that most of

the fragmented cropland is located next to large areas of cropland

(cropland identified by low- and moderate-resolution images

with absolute area ≥2 ha), and the area and distribution of large

cropland can be used as a reference for determining the area and

distribution of fragmented cropland. Thus, the identification of

cropland based on low- and moderate-resolution remote sensing

FIGURE 1
Research method framework.

FIGURE 2
Diagram of the sample layout. (A) Scale construction; (B) sample layout.
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images at large scales can be used as the basis for scale

transformation calculations.

Identification was performed in two steps. The first step

was the identification of cropland and fragmented cropland

within the sample points using high-resolution imagery.

Based on the remote sensing images with a 0.54 m

resolution, the areas of cropland and fragmented cropland

within the sample points were obtained by visual

interpretation. Through this process, we were able to

accurately identify the cropland and fragmented cropland

within the sample points, and these data were then used to

calculate the RFC.

The second step was to identify cropland within the sample

points and sample areas using moderate-resolution imagery.

Based on the 30 m resolution images, the supervised

classification tool in ENVI 5.3 was used to identify the

cropland within each sample point and sample area. Through

this process, we were able to identify the area of cropland in each

sample point and sample area. The area of cropland within each

sample point was used to calculate the area correction coefficient

λ for the sample area in which it was located, and the area of

cropland within the sample area was the basis for the scale

transformation.

2.3.4 Calculation of fragmented cropland based
on cropland area weighting

The calculation of the area of fragmented cropland was

divided into three main steps. The first step was to calculate

the RFC within each sample point. The RFC is the proportion of

fragmented cropland to all the cropland within the sample point.

Based on the assumptions of the scale transformation, the RFC

within a sample point could be replaced with the RFC within the

sample area, thus obtaining the actual RFC within the sample

area. The RFC was calculated as

RFL � Ai

Ah
(1)

where Ai is the area of fragmented cropland within the ith

sample point identified using the image with a 0.54 m

resolution and Ah is the area of all the cropland within the

ith sample point identified using the image with a 0.54 m

resolution.

The second step is the cropland area correction in each

sample area. To correct the cropland area within a sample

area, the area correction coefficient λ for that sample area was

first obtained. We assume that the difference in image

recognition results between the two accuracies at the sample

point scale can still be reflected at the sample area scale. Based on

this assumption, we constructed the area correction coefficient λi
for the ith sample area based on the proportion of the area of

large cropland plots (excluding fragmented cropland) identified

from the images with two resolutions within the sample points. λi
is calculated as

λi � Ah − Ai

Am
(2)

where Am is the area of cropland within the ith sample point

identified using remote sensing images with a 30 m resolution.

After obtaining the area correction coefficient of the sample

area, wemultiplied by the area of cropland within the sample area

(Bm) to obtain the approximate total cropland area within the

sample area (B). B is calculated as

B � Bm × λi (3)

The third step is to calculate the area of fragmented cropland

in each sample area and in the study area. By multiplying the

approximate total cropland in the sample area by the RFC of the

sample area, we obtained the fragmented cropland area of the

sample area (Bi). Bi is calculated as

Bi � B ×
Ai

Ah
(4)

The total area of fragmented cropland in the study area can

be obtained by summing the area of fragmented cropland in all

the sample areas. C is calculated as

C � ∑n

i�1Bi (5)

where C is the total area of fragmented cropland in the study area.

3 Results

3.1 Spatial distribution of fragmented
cropland in the sample points

Among the 144 sample points selected, 73 did not contain

fragmented cropland and these points were mostly distributed in

the eastern part of Horqin Left Rear Banner, within a large area of

farmland. A total of 71 sample points contained fragmented

cropland, and the total area of fragmented cropland in the sample

points fluctuated from 0.3056 hm2 to 24.3425 h m2; the total area

of fragmented cropland in each sample point was 195.9035 hm2.

Among the sample points, the largest total area of fragmented

cropland within the sample points was found in central Horqin

Zuoyihou Banner, while the minimum was found in western

Horqin Zuoyihou Banner (Figure 3A). Among the sample points

containing fragmented cropland, the range of cropland area

within a 100 hm2 sample point was between 1.83 hm2 and

95.75 h m2, with the maximum value occurring in south-

central Horqin Zuoyihou Banner and the minimum value

being found in western Horqin Zuoyihou Banner (Figure 3B).

The quantitative distribution of the cropland within the sample

points tended to coincide with that of the fragmented cropland.

RFC reflects the degree of fragmentation of cropland in the

sample points, and the larger the value is, the more fragmented the

cropland in the sample points. RFC was divided into four cases: 1)
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there was no fragmented cropland, RFC was zero, and the

percentage of finely fragmented cropland in a total of 73 sample

points in Horqin Zuoyihou Banner was zero. 2) Only fragmented

cropland was present, and RFC was equal to one; a total of two

sample sites had an RFC of 1, and these sites were distributed in

western and central Horqin Zuoyihou Banner. 3) In the case of small

cropland area, the closer the RFC was to 1, the higher the degree of

cropland fragmentation in the sample point; conversely, the closer

the RFCwas to 0, the lower the degree of cropland fragmentation. 4)

In the case of larger cropland areas, the value of RFC was low;

nevertheless, the closer the RFC was to 1, the higher the degree of

cropland fragmentation in the sample points. Similarly, the closer

the RFC was to 0, the lower the degree of cropland fragmentation in

the sample points, which mostly occurred in southwestern Horqin

Zuoyihou Banner.

Within the sample points where fragmented cropland exists,

the RFC ranges between 0.004 and 1, with the highest value

occurring in central and western Horqin Zuoyihou Banner and

the smallest value occurring in eastern Horqin Zuoyihou Banner

(Figure 3C). The RFC ranges from 0.005 to 0.036 in the eastern

sample points, from 0.016 to one in the central sample points,

and from 0.004 to one in the western sample points in Horqin

Zuoyihou Banner. Overall, the degree of fine cropland

fragmentation is low in the eastern part of Horqin Zuoyihou

Banner and high in the central and western parts of Horqin

Zuoyihou Banner.

3.2 Distribution of fragmented cropland
and its causes

The total area of fragmented cropland in Horqin Zuoyihou

Banner is 13,637.08 h m2, the area of cropland is

293,145.54 h m2, and the fragmented cropland accounts for

FIGURE 3
Identification results. (A) Area of fragmented cropland in the sample points; (B) area of cropland in the sample points; (C) RFC for each sample
point; (D) area of fragmented cropland in the sample areas.
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4.65% of the cropland area. Currently, most of the fragmented

cropland is not in the local governmental and national

databases. In this study, a considerable amount of

fragmented cropland was identified, and the compiled

information on the distribution and quantity of these

fragmented croplands provides support for cropland

remediation and planning. In the sample area where the

sample points with fragmented cropland exist, the total

area of fragmented cropland ranges from 11.89 hm2 to

1108.80 h m2, and the maximum and minimum values are

distributed in the western part of Horqin Zuoyihou Banner

(Figure 3D). A comparison of the data revealed that the area of

fragmented cropland at the sample points obtained based on

the IBST method had a consistent distribution with the sample

areas and that there was a positive correlation in quantity.

From east to west, the area and degree of fragmented

cropland showed increasing trends, which is mainly caused

by the topography of the area and distribution of water

resources. The study area is characterized by high terrain

in the west and low terrain in the east, and the topography

redistributes water and heat so that less fragmented cropland

exists in the flatter eastern region and more fragmented

cropland exists in the central and western regions, which

are interspersed with sand dunes and meadows. In addition,

the eastern region is rich in water resources, and there are two

rivers used for transit in the region (the Dongliao River and

the Xiliao River), so the water resources required for

cultivation are sufficient. Therefore, concentrated and

continuous cropland is distributed in most of the eastern

region, and the amount of fragmented cropland is very

limited.

4 Discussion

4.1 Significance of the identification
results

The fragmented cropland in Horqin Zuoyihou Banner

accounts for 4.65% of the total cropland. Thus, the

fragmented cropland occupies a large part of the cropland

resources. The identification results obtained using the IBST

method enabled us to determine the distribution and quantity of

fragmented croplands, which provides a basis for estimating the

carrying capacity of the land, availability of water resources and

carrying out land remediation. Currently, arable land resources

are limited, and fragmented cropland has become increasingly

important in the integration and planning of cropland resources.

Information on its quantity and distribution can also support the

sustainable development of cropland in arid and semiarid areas

with sandy land cover. In these situations, it is extremely

important to perform highly precise identification over large

areas.

4.2 Features and contributions of IBST

The findings of this study show that IBST can efficiently and

accurately identify fragmented cropland from a larger study area.

To better understand this method, IBST was analyzed from two

perspectives: the characteristics of the IBST method and the

contribution of the IBST method to the existing identification

methods.

4.2.1 Features of the IBST method
One of the important features of the IBST method is that it

introduces the concept of scale transformation, which enhances

recognition efficiency. The accurate identification of the RFC at

small scales is upscaled to large scales, simplifying identification

at large scales. The second feature is that the IBST method

corrects and controls results to improve the accuracy of the

identification results. The IBST method introduces the area

correction factor λ, which is an important parameter that

corrects and controls the results according to the observed

situation and improves the accuracy of the identification results.

4.2.2 Contributions of the IBST method
The main contribution of this study is to introduce a new

identification method using the idea of scale transformation so

that the new method can complement existing identification

methods. Existing identification methods seldom select

identification targets with small areas, large quantities and

unclear characteristics over large areas, and IBST provides a

new approach to identifying such targets that takes into account

efficiency and accuracy. The results of this study showed that this

new approach is feasible and that IBST can effectively identify

fragmented cropland over a large study area.

5 Conclusion

In this study, we applied the IBST method over a large

scale and effectively used remote sensing images with two

resolutions to create a new approach for the identification of

irregular fragmented cropland with unclear characteristics.

This article is mainly based on the idea that the patterns

observed at small scales can be extended to large scales, and

the IBST approach was proposed. We applied this method to

Horqin Zuoyihou Banner. First, the study area was divided

into 9 km × 9 km sample areas, and a 1 km × 1 km sample

point was selected at the center of each sample area. Then, the

high-resolution images were used to obtain the area of

cropland and fragmented cropland within each sample

point, from which the RFC was calculated. The area

correction coefficient λ for each sample area was obtained

using the difference between the two identification accuracies

within the sample point for the results of large areas of

cropland (excluding fine cropland). Finally, we corrected
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the area of cropland in each sample area obtained from the

low-resolution images, calculated the area of fragmented

cropland in each sample area by combining the

corresponding RFCs, and summed the results to obtain the

area of fragmented cropland in the whole study area. We

found that the total area of fragmented cropland in Horqin

Zuoyihou Banner is 13,637.08 h m2, the area of cropland is

293,145.54 h m2, and the fragmented cropland accounts for

4.65% of the cropland area.

In contrast to existing identification methods, the IBST

method is a complement to existing identification methods.

IBST is complementary to manual experience-based

recognition, enabling the application of visual interpretation

to a large study area. It can also improve the accuracy and

efficiency of identification by combining existing data processing

and layer-by-layer screening recognition methods.
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Production–living–ecological
space transition and its
eco-environmental effects based
on an improved area-weighted
method: A case study of
Gangcheng District, a typical
industrial base in China
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In the context of rapid social and economic development, it is important to

clarify the evolution process of production–living–ecological space (PLES) and

its eco-environmental effects on the sustainable utilization of land resources on

industrial bases. Based on existing research, it is difficult to accurately measure

the differences in eco-environment quality caused by conversions between

land-use types in different years. This paper puts forward an improved area-

weighted calculation method of the eco-environmental quality index (EQI),

combining the land-use transfer matrix and ecological contribution rate to

analyze eco-environmental effects on typical industrial bases. The results show

that PLES transitions in Gangcheng District from 2009 to 2020 have been

mainly from agricultural production and grassland ecology to forest ecology

space, from urban living to industrial production space, and from grassland

ecology to agricultural production space. This improved method can capture

the environmental changes caused by conversions between land-use types in

different years. The EQI of agricultural production space increased from

0.373 to 0.388, while the EQI of forest ecology space decreased from

0.810 to 0.739, and the comprehensive EQI increased from 0.441 to 0.470,

showing that the eco-environment quality of the study area was improved

overall. The conversions of agricultural production and grassland ecology space

to forest ecology space were the main factors in improving eco-environment

quality, and the conversions of grassland and forest ecology to agricultural

production and of agricultural production to industrial production space were

the main reasons for the deterioration of eco-environment quality. This paper

may contribute to the scientific planning of land-use direction, support the

coordination of regional economic and ecological development, and provide

case references for similar regions.

OPEN ACCESS

EDITED BY

Jinlong Gao,
Nanjing Institute of Geography and
Limnology (CAS), China

REVIEWED BY

Xiaowei Chuai,
Nanjing University, China
Xue Zhou,
University of Florida, United States
Hui Zhang,
Northeast Agricultural University, China

*CORRESPONDENCE

Hongyan Chen,
chenhy@sdau.edu.cn

SPECIALTY SECTION

This article was submitted to Land Use
Dynamics,
a section of the journal
Frontiers in Environmental Science

RECEIVED 19 June 2022
ACCEPTED 12 July 2022
PUBLISHED 08 September 2022

CITATION

Wei Y, Zhang Y, Chen L, ChenH, Zhang X
and Liu P (2022),
Production–living–ecological space
transition and its eco-environmental
effects based on an improved area-
weighted method: A case study of
Gangcheng District, a typical industrial
base in China.
Front. Environ. Sci. 10:972786.
doi: 10.3389/fenvs.2022.972786

COPYRIGHT

© 2022 Wei, Zhang, Chen, Chen, Zhang
and Liu. This is an open-access article
distributed under the terms of the
Creative Commons Attribution License
(CC BY). The use, distribution or
reproduction in other forums is
permitted, provided the original
author(s) and the copyright owner(s) are
credited and that the original
publication in this journal is cited, in
accordance with accepted academic
practice. No use, distribution or
reproduction is permitted which does
not comply with these terms.

Frontiers in Environmental Science frontiersin.org01

TYPE Original Research
PUBLISHED 08 September 2022
DOI 10.3389/fenvs.2022.972786

140

https://www.frontiersin.org/articles/10.3389/fenvs.2022.972786/full
https://www.frontiersin.org/articles/10.3389/fenvs.2022.972786/full
https://www.frontiersin.org/articles/10.3389/fenvs.2022.972786/full
https://www.frontiersin.org/articles/10.3389/fenvs.2022.972786/full
https://www.frontiersin.org/articles/10.3389/fenvs.2022.972786/full
https://www.frontiersin.org/articles/10.3389/fenvs.2022.972786/full
https://www.frontiersin.org/articles/10.3389/fenvs.2022.972786/full
https://crossmark.crossref.org/dialog/?doi=10.3389/fenvs.2022.972786&domain=pdf&date_stamp=2022-09-08
mailto:chenhy@sdau.edu.cn
https://doi.org/10.3389/fenvs.2022.972786
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org/journals/environmental-science#editorial-board
https://www.frontiersin.org/journals/environmental-science#editorial-board
https://doi.org/10.3389/fenvs.2022.972786


KEYWORDS

production–living–ecological space, land-use transition, eco-environmental effect,
eco-environmental quality index, area-weighted method, industrial base

1 Introduction

During rapid urbanization and industrialization, land-use

transitions may directly or indirectly impact regional eco-

environments, leading to derived eco-environmental effects (Foley

et al., 2005; Lambin andMeyfroidt, 2011; Zhang et al., 2011;Haas and

Ban, 2014; Hu et al., 2016; Quintas-Soriano et al., 2016; Allington

et al., 2017; Hanaõcek and Rodríguez-Labajos, 2018; Li et al., 2020;

Long et al., 2020; Tian et al., 2020). The concept of

production–living–ecological space (PLES) was first proposed in

the report of the 18th National Congress of the Communist Party

of China in 2012 (Hu, 2012), which stressed that “the production

space should be intensive and highly efficient, the living space should

bemoderate and livable, and the ecological space should be unspoiled

and beautiful” (Sun et al., 2020; Wang et al., 2020; Fu and Zhang,

2021). Research on land-use transitions and eco-environmental

effects from the perspective of PLES is an important basis for

optimizing the rational allocation of land resources and for

constructing an ecological civilization, which has become a major

topic in current research (Li et al., 2016; Liu et al., 2017; Asadolahi

et al., 2018; Luo et al., 2018; HuM. et al., 2019; Hu S. et al., 2019; Lou

et al., 2019; Asabere et al., 2020; Tan et al., 2020; Xie et al., 2021;Wang

et al., 2022). Eco-environmental quality index (EQI) can

quantitatively describe the characteristics of eco-environmental

quality and its spatial-temporal evolution, and it has been widely

used since its proposal (Dong et al., 2021; Han et al., 2021; Wang Y.

et al., 2021).

Research methods for quantitatively describing the

relationship between land-use transitions and eco-

environmental quality using EQI can be roughly divided into

three types. The first method assigns each secondary land-use

space a different weight as a unit. Li et al. assigned the secondary

space to analyze the characteristics of land-use transitions and

their impacts on the eco-environment in the central Guizhou

region (Li et al., 2021). Wang et al. assigned the secondary space

to explore the characteristics of land-use transitions and their

impacts on eco-environmental quality in Yingtan City (Wang R.

et al., 2021). This method is easy to assign and simple to

construct, but it cannot capture the impacts of various land-

use types on eco-environment quality. For example, the forest

ecology space consists of woodland, shrubbery and other

woodland, which have different impacts on the eco-

environment. Therefore, this method cannot accurately

quantify the impacts of different land-use types on eco-

environment quality.

In the second method, each land-use type is assigned a

different ecological weight according to its characteristics and

their influence on the eco-environment. The EQI of secondary

space is then calculated by the area-weighted method. For

example, Hao et al. assigned different weights to each land-

use type to explore the response characteristics of land-use

change and eco-environment in the farming-pastoral ecotone

of China (Hao and Ren, 2009). Gao et al. evaluated the

relationship between land-use transition and eco-environment

quality in Xining City, Qinghai Province by assigning a different

weight to each land-use type and combining it with the transfer

matrix (Gao et al., 2019). In contrast to the first method, the

second can capture the relationship between land-use type and

environmental quality and can meet the needs of a single-year

environmental quality assessment. However, this eco-

environment effect analysis requires a certain sequence of

land use and environmental quality data from different years.

The change in land-use area during a certain time series is usually

large, and the impact on environmental quality in different years

must be reflected.

The third method takes land-use types as assignment units

and adopts the area-weighted method in different years to

construct the index system. Each land-use type is given a

different weight as a unit; taking the area of land-use types in

each year into account, the EQI is calculated by an area-weighted

method. For example, Kong et al. assigned different land-use

types, calculated the average area in 1990, 2000, 2010, and 2018,

and then calculated the EQI to measure PLES changes and their

eco-environmental effects in China (Kong et al., 2021). To

explore the eco-environmental effects of land-use transition in

the Beijing–Tianjin–Hebei urban agglomeration, Yang et al.

assigned different land-use types, calculated the EQIs for

1985, 1995, 2005, and 2018, and then calculated the average

EQI to obtain the final index system (Yang et al., 2020a). Such

methods not only reflect the relationships between different land-

use types and environmental quality but also reflect the eco-

environmental effect caused by land-use change in different

years. However, in existing studies, the EQI of the secondary

land-use space has been mostly determined by averaging the

areas of land-use types in different years. This method can only

represent the average impact degree of secondary land-use space

on eco-environmental quality over a long time series and cannot

accurately describe differences in secondary space in different

years.

As the above analysis shows, the first method is simple and

convenient but cannot describe the relationship between land-

use types and eco-environment quality. The second considers

eco-environment quality differences in different land-use types

but cannot describe eco-environment quality differences caused

by conversions between land-use types in different years. The

third method considers eco-environment quality differences of

land-use types in different years, combined with the area-

weighted method, to meet the requirements of eco-
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environmental quality assessment in different years. However, in

most existing studies, land-use types have been weighted

according to the average area in different years, and the

conversion of land-use types between different years has led

to a change in the area proportion of land-use types in the

secondary space. In the same secondary space, the area

proportion of land-use types with high EQIs decreases, and

the proportion with low EQIs increases, leading the EQI of

the secondary space to decrease. Therefore, conversions of

land-use types lead the EQI of the secondary space to change

in different years. To more accurately and concretely reflect the

impact of secondary space on eco-environmental quality in

different years, it is necessary to calculate the EQIs of

different years, taking the area of land-use types in different

years into account.

As an area transforming from old to new, Gangcheng District

has prioritized industrial transformation in recent years. The eco-

environment effects caused by land-use transitions remain

unexplored. Taking the Gangcheng District, a typical

industrial base, as an example, this paper proposes an

improved area-weighted method according to actual

conversions between land-use types in different years and

calculates the EQIs of 2009, 2015, and 2020, respectively, by

taking land-use types as assignment units. Then, the land-use

transfer matrix and ecological contribution rate are combined to

quantitatively analyze the eco-environmental effects from

2009 to 2020. This analysis can provide data and decision-

making support for the territorial space optimization of

industrial bases and for regional sustainable development.

2 Materials and methods

2.1 Study area

Gangcheng District (117°40′56″-117°58′07″ E, 35°59′32″-
36°17′16″ N) is located in the hinterland of Shandong

Province, at the eastern foot of Mount Tai, and is under the

jurisdiction of Jinan City (Figure 1). It has a total population of

330,000 and a total area of 507 km2. The study area is hilly,

surrounded by mountains on three sides—east, west, and

south—and is open in the middle and the north. The overall

terrain from the east, west, and south is tilted toward the center.

The area is rich in good-quality mineral resources. Its metal

minerals are mainly iron, copper, zinc, aluminum, cobalt, and

gold. Its non-metallic minerals are mainly coal, limestone,

marble, quartz, and clay. Gangcheng District is an important

steel and energy base in Shandong Province. As the only new

industrial base named for steel, it is known as the “steel and coal

capital.” Its steel output accounts for 15% of the province’s

economy, and the proportion of medium and high quality

steel reaches more than 70%.

In recent years, according to its belief in prioritizing

industrial transformation and upgrades, Gangcheng District

has accelerated its transformation by focusing on the creation

of high-quality steel, prefabricated green buildings, new

materials, and auto parts, and on other industries. The district

has been transformed from a heavy industrial base into a “green

steel base.” With the important historical opportunity of the

Yellow River basin’s ecological protection and high-quality

FIGURE 1
Location of the study area.
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development, Gangcheng District has strived to build a beautiful

and modern high-quality steel base.

2.2 Data sources and preprocessing

The land-use status data in 2009, 2015, and 2020 comes from the

investigation of land-use change. The image data used in the

investigation has a resolution of greater than 2.5 m. According to

the dominant function principle, referring to the existing commonly

used classification criteria (Yu et al., 2017; Zhang et al., 2017), the

PLES classification system was constructed by merging land-use

types. The land-use types are divided into three main functions:

production, living, and ecological spaces. Production space refers to

land that provides material products for human beings, including the

agricultural, industrial, and service production spaces. Ecological

space refers to land that provides ecological services, including

forest and grassland ecology space. Living space refers to land for

people’s living, consumption, leisure, and entertainment, including

urban and rural living spaces (Table 1). Referring to the existing

research results (Yang et al., 2020b; Hu et al., 2021) and in

combination with the actual situation of the study area, weights

were assigned to each land-use type in the secondary space to

establish the relationship between land-use type and eco-

environment quality.

2.3 Analysis of land-use characteristics

Based on the PLES classification system, the spatial

distribution map of primary land-use space was obtained by

merging land-use types in ArcGIS 10.2 software, and the PLES

distribution characteristics for 2009, 2015, and 2020 were

analyzed. Then, the quantitative changes in PLES were

explored from 2009 to 2020.

2.4 Analysis of land-use transition mode

Overlay analyses were conducted on the spatial distribution

map using ArcGIS 8 software to make land-use transfer matrixes,

which were used to analyze the quantity and direction of land-use

spatial transfer and to explore the transition characteristics of the

land-use function (Wang and Bao, 1999). The formula is as

follows:

Sij �

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

S11 S12 / S1n
S21 S22 / S2n
/ / / /
Sn1 Sn2 / Snn

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣
,

where S is land-use area; n is the number of land-use types; and i

and j represent land-use types at the beginning and end,

respectively.

2.5 Analysis of the spatial-temporal
pattern of land-use transition

To analyze the dynamic change characteristics of land-use space,

based on the primary land-use spatial distribution maps, the change

map of PLES distributions for 2009–2015, 2015–2020, and

2009–2020 was generated using the Erasing Tool in ArcGIS 10.2.

Then, the spatial-temporal variation characteristics for different years

were analyzed. The spatial distribution change maps were divided

TABLE 1 Production–living–ecological space classification and ecological weight assignment.

Production–living–ecological space Land-use type

Primary land-use
space

Secondary land-use
space

Production space Agricultural production space Paddy land (0.30), irrigable land (0.30), dry land (0.30), facilities for agricultural land (0.30), raised path
through fields (0.30), orchard (0.65), other garden (0.40)

Industrial production space Mining lease (0.15), railway land (0.15), highway land (0.15), port land (0.15), country road (0.15), hydraulic
construction land (0.15), urban and village road land (0.15), transportation service station land (0.15),
industrial land (0.15)

Services and other production
space

Scenic spots and special sites (0.15), logistics and warehouse land (0.15), commercial and business facilities
land (0.15)

Ecological space Forest ecology space Woodland (0.95), shrubbery (0.65), other woodland (0.50)

Water ecology space watershed (0.53), river (0.53), reservoir pond (0.53), ditches (0.53), inland tidal flats (0.53)

Grassland ecology space Other grass (0.55)

Other ecology space Naked land (0.05), sandy land (0.05)

Living space Urban living space Urban land (0.20), organic town (0.20)

Rural living space Rural residential land (0.20)
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into three parts—constant area, increasing area, and decreasing

area—based on the primary land-use space. Finally, the spatial-

temporal patterns of land-use transition were obtained.

2.6 EQI calculation based on the improved
area-weighted method

EQI was used to quantitatively describe the eco-environment

quality of different land-use spaces in different years and to

portray the overall situation according to the ecological quality

and structure proportion in the study area. According to the

ecological weight assignment of each land-use type, the EQIs for

2009, 2015, and 2020 were calculated by year using the area-

weighted method with the following formula:

EQIt � ∑
n

i�1
LUx × Ci/TA,

where EQI is the eco-environmental quality index of the period t

in the region; LU and C are the area and ecological weight of the i

land-use space in the region during the t period, respectively; TA

is the total land area of the study region; and N is the amount of

land-use space in the region.

The traditional average area-weighted formula is as follows:

EQIaverage � ∑
n

i�1
LUx × Caverage/TA,

where EQIaverage is the average eco-environmental quality index

in the region; LU and C are the area and average ecological

weights of the i land-use space in the region, respectively; TA is

the total land area of the study region; and N is the amount of

land-use space in the region.

In the average area-weighted formula, C is the average weight

of several years, and this weight value can only represent the

average impact of land-use type on the eco-environment in this

period. In the improved area-weighted formula, C is the weight of

a particular year, and this weight can specifically reflect the

impact of a certain land-use type on eco-environmental

quality in a particular year.

2.7 Analysis of spatial-temporal
characteristics of eco-environmental
quality

To analyze spatial-temporal quality characteristics, the EQI of

each ecological unit was calculated by the grid method. Different

research scales were selected due to the scale dependence of

geospatial data, resulting in different conclusions. To obtain the

optimal size, land patches were regarded for sampling points. After

several tests, referring to the empirical formula (Sudhira et al.,

2004), a 150 m × 150 m grid was selected for isometry sampling in

the study area, and 24,700 sample areas were generated. The EQI

was quantitatively analyzed by considering the land-use area and

eco-environment status of each unit comprehensively. Its

expression is:

EV(X) � ∑
n

i�1
Sxi × Ri/Sx,

where EV(x) is the eco-environmental quality index of the X

ecological unit; Ri is the ecological weight of the ith land-use

space; Sxi is the area of the ith land-use space in the x ecological

unit; Sx is the area of the X ecological unit; and N is the amount of

land-use space in the region.

Then, the results were divided into five levels (Yang et al., 2018)

according to the actual situation of the study area: low-quality areas

(0<EV ≤ 0.2), medium-low-quality areas (0.2<EV ≤ 0.35), medium-

quality areas (0.35<EV ≤ 0.5), medium-high-quality areas (0.5<EV ≤
0.65), and high-quality areas (0.65 < EV < 1).

2.8 Analysis of eco-environmental effects
of land-use transition

The ecological contribution rate was used to analyze eco-

environmental effects and to measure the impact of each land-

use transition on the eco-environment. The ecological

contribution rate of land-use transition refers to the change of

regional eco-environment quality caused by the change of a

certain land-use space. It quantifies the impact of each land-

use space conversion on the regional eco-environment. Its

calculation formula is as follows:

LEI � (LE1 − LE0)LA/TA,

where LEI is the ecological contribution rate of land-use transitions;

LE0 and LE1 are the EQIs of a certain land-use type in 2009 and 2020,

respectively; LA is the area of the changed land-use type; and TA is

the total land area of the study region.

3 Results

3.1 Land-use characteristics from the
perspective of PLES

The distribution map of primary land-use space is shown in

Figure 2. Production space accounted for the largest proportion and

was widely distributed in the whole region. Ecological space was

concentrated in the northeast and southwest of the study area. Living

space was the least concentrated in the central and southern urban

areas. In terms of the overall change from 2009 to 2020, ecological

space increased significantly, from 35 to 41%; living space decreased

significantly, from 16 to 8%; and production space remained stable at

about 50%.
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3.2 Land-use transition mode

3.2.1 Land-use transition characteristics and
causes from 2009 to 2015

Based on the transfer matrix of primary land-use space

(Table 2), from 2009 to 2015, the area conversion from

production space to living space was the largest, at

534.63 hm2, followed by the area conversion from ecological

space to production space, at 489.09 hm2. The area of other

land-use space transitions, such as living space to production

space and ecological space to living space, was relatively small.

Therefore, the land-use transitions from 2009 to 2015 were

mainly from production space to living space and from

ecological space to production space.

Based on the transfer matrix of secondary land-use space

(Table 3), grassland ecology space was transformed into

agricultural production space and agricultural production

space into urban living space, which was the main transition

FIGURE 2
Distribution map of the primary land-use space.

TABLE 2 Transfer matrix of the primary land-use space from 2009 to 2020 (hm2).

Final year

Production space Ecological space Living space

Initial year Production space 24,407.42 7.54 534.63

18,318.80 6,261.32 395.44

18,390.68 6,082.30 476.42

Ecological space 489.09 17,163.80 83.54

3,352.55 13,736.42 82.04

3,705.50 13,922.25 108.36

Living space 79.26 0.00 7,884.23

4,067.87 703.74 3,730.79

3,643.06 696.93 3,623.49

Note: Area counts of persistence on the main diagonal (in bold) and change off the main diagonal from 2009 to 2015 (in italics), 2015–2020 and 2009–2020 (underlined).
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TABLE 3 Transfer matrix of the secondary land-use space from 2009 to 2020 (hm2).

Final year

Agricultural
production
space

Industrial
production
space

Services
and other
production
space

Forest
ecology
space

Water
ecology
space

Grassland
ecology
space

Other
ecology
space

Urban
living
space

Rural
living
space

Initial
year

Agricultural production space 23,183.27 21.44 7.54 211.63 320.86

16,202.19 972.63 158.34 5,545.20 388.47 105.13 2.83 62.92 300.05

15,937.23 1,316.87 178.17 5,383.33 377.22 104.78 2.83 95.11 349.01

Industrial production space 0.01 1,185.52 2.14

63.94 876.78 35.18 171.32 14.22 25.43 1.52 17.87 14.36

61.28 852.46 34.92 167.00 13.04 25.38 1.52 17.55 14.52

Services and other production
space

17.19

1.50 0.61 7.64 6.08 0.18 0.94 0.23

1.50 0.61 7.64 6.08 0.18 0.94 0.23

Forest ecology space 25.71 12.61 8384.73 15.06 14.01

779.09 171.16 13.95 7,210.72 67.17 117.47 1.29 4.22 27.01

797.17 200.96 15.99 7,214.47 68.50 117.53 1.29 7.13 28.88

Water ecology space 1.02 0.36 1,693.39 2.70 3.64

45.70 78.73 3.43 122.03 1,436.89 2.48 1.27 2.85

45.76 83.97 3.55 122.50 1,437.63 3.15 1.61 2.92

Grassland ecology space 447.76 0.26 6,646.27 30.65 11.37

1839.54 233.65 24.05 2,777.35 51.59 1,673.11 5.26 5.95 35.65

2,105.61 258.63 25.17 2,940.18 62.11 1,677.17 5.26 21.44 40.63

Other ecology space 1.37 439.41 5.55 0.56

119.14 39.12 4.99 201.78 3.36 32.98 32.95 0.12 4.97

119.75 43.95 4.99 203.15 3.36 32.98 32.95 0.12 5.62

Urban living space 3,941.11

95.71 2,477.80 275.78 229.42 17.77 28.23 519.20 565.06

70.42 2,301.14 264.34 213.69 17.12 24.10 5.84 487.32 557.16

Rural living space 78.82 0.44 8.12 3,935.00

269.79 809.97 138.82 383.54 19.74 14.33 4.85 133.22 2,513.30

277.90 601.86 127.41 397.02 20.24 14.08 4.86 114.50 2,464.52

Note: Area counts of persistence on the main diagonal (in bold) and change off the main diagonal from 2009 to 2015 (in italics), 2015–2020 and 2009–2020(underlined).
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from 2009 to 2015. Among them, grassland ecology space

transferred to agricultural production space was the largest,

with an area of 447.76 hm2. Grassland was developed and

utilized for agricultural production space. In addition,

agricultural production space was transformed into urban and

rural living spaces, with areas of 211.63 hm2 and 320.86 hm2,

respectively. This was mainly due to urban expansion and to the

large-scale mining of mineral resources that occupy a large

amount of space. Therefore, the direction of land-use

transitions from 2009 to 2015 was mainly from grassland

ecology space to agricultural production space and from

agricultural production to urban and rural living space.

3.2.2 Land-use transition characteristics and
causes from 2015 to 2020

Based on the transfer matrix of primary land-use space

(Table 2), from 2015 to 2020, the area conversion from

production space to ecological space was the largest, at

6,261.32 hm2, followed by the conversion from living and

ecological space to production space, at 4,067.87 hm2 and

3,352.55 hm2, respectively. In other land-use spaces, the

conversion area from living to ecological space, from

production to living space, and from ecological space to living

space was relatively small. Therefore, land-use transitions

from 2015 to 2020 were mainly from production to

ecological space and from living and ecological space to

production space.

The transfer matrix of secondary land-use space (Table 3)

revealed many obvious changes. Agricultural production space

and grassland ecology space transformed into forest ecology space

had the largest areas, at 5,545.20 hm2, and 2,777.35 hm2,

respectively. During this period, grassland was developed and

utilized as forest land. The adjustment of agricultural structure

turned the large area of agricultural production space into forest

ecology space. The conversion area between urban living space and

industrial production space was also large (2,477.80 hm2) because

the land of the Laiwu Iron and Steel Group Co., Ltd. was

reclassified from the original urban construction land to

industrial land (that is, from living space to production space)

in the third National Land Resource Survey. The areas of grassland

and forest ecology space transformed into agricultural production

space were 1839.54 hm2 and 779.09 hm2, respectively, while the

areas of rural living and agricultural production space transformed

into industrial production space were 809.97 hm2 and 972.63 hm2,

respectively. The transitions from grassland and forest ecology

space to agricultural production space, and from rural living and

agricultural production to industrial production space, were also

important directions. Therefore, the transitions from 2015 to

2020 were mainly from agricultural production and grassland

ecology to forest ecology space, from urban living to industrial

production space, and from grassland ecology to agricultural

production space.

3.2.3 Land-use transition characteristics and
causes from 2009 to 2020

Based on the transfer matrix of primary land-use space

(Table 2), from 2009 to 2020, the area conversion from

production space to ecological space was the largest, at

6,082.30 hm2, followed by the conversion from living and

ecological space to production space, which was 3,643.06 hm2

and 3,705.50 hm2, respectively. In other land-use spaces, the

conversion area from living to ecological space, from

production to living space, and from ecological space to living

space was relatively small. Therefore, land-use transitions from

2015 to 2020 were mainly from production to ecological space

and from living and ecological space to production space.

Based on the transfer matrix of secondary land-use space

(Table 3), the characteristics of land-use conversion between

2009 and 2020 were similar to those between 2015 and 2020.

Agricultural production space and grassland ecology space

transformed into forest ecology space had the largest area,

5,383.33 hm2, and 2,940.18 hm2, respectively. The conversion

area between urban living space and industrial production

space was also large, 2,301.14 hm2. The areas of grassland and

forest ecology space transformed into agricultural production

space were 2,105.61 hm2 and 797.17 hm2, while the areas of rural

living and agricultural production space transformed into

industrial production space were 601.86 hm2 and

1,316.87 hm2, respectively. The reasons for the transformation

are analyzed in Section 3.2.2. Therefore, the direction of land-use

transitions from 2009 to 2020 was mainly from agricultural

production and grassland ecology to forest ecology space,

from urban living to industrial production space, and from

grassland ecology to agricultural production space.

3.3 Spatial-temporal patterns of land-use
transition from 2009 to 2020

According to the land-use transition mode in Section 3.2, the

land-use changes in 2009–2015 were not significant compared to

2015–2020. Therefore, this study mainly analyzed the spatial-

temporal patterns of land-use transition in 2009–2020. Figure 3

shows the changes in the distribution of PLES in the study area

from 2009 to 2020. Overall, living space decreased while

production and ecological space increased.

The increasing area of production space was mainly

distributed in Xinzhuang Town, on Lixin Street and Aishan

Street, which were as follows. 1) West of Lixin Street and east

of Aishan Street were the transitions from living space to

production space. The reason was that the above-mentioned

third National Land Resource Survey reclassified Laiwu Iron and

Steel Group Co., Ltd. as industrial land rather than the original

urban construction land, that is, from the original living space to

production space. 2) Northeast of Xinzhuang Town and
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southeast of Wenyuan Street, the ecological space was

transformed into production space. This was a transition from

grassland and forest ecology space to agricultural production

space, as defined by the transition characteristics and cause

analysis of secondary space in Section 3.2.3.

The increasing area of ecological space was widely distributed

in all streets and towns of Gangcheng District, especially in

Xinzhuang Town, and was mainly a transition from production

to ecological space. As the previous analysis shows, it was a

transition from agricultural production to forest ecology space.

3.4 EQI

Table 4 shows the EQI calculated by the improved area-

weighted method based on the actual conversions between land-

use types in different years. The EQI of forest ecology space was

the highest, above 0.7. This was followed by watershed ecology

space, grassland ecology space, and agricultural production

space, with EQIs ranging from 0.3 to 0.6. The lowest were

industrial and mining production space, service and other

production spaces, other ecology spaces, urban living space,

and rural living space, with EQIs of less than 0.2.

In 2009, 2015, and 2020, the EQI of secondary land-use space

changed little, and only the agricultural production space and

forest ecology space changed. From 2009 to 2020, the EQI of

agricultural production space increased slightly from 0.373 to

0.388, while the forest ecology space decreased from 0.810 to

0.739, a relatively large decrease. Taking agricultural production

space as an example, the reasons for the change of EQI were

analyzed. Agricultural production space included irrigated land,

dry land, orchards, and other gardens. The change in land-use

area led to a change in area proportion. From 2009 to 2020, the

decrease in the cultivated land area caused the area proportion of

orchards and other gardens in agricultural production space to

increase. In other words, the proportion of cultivated land with

relatively low EQI (0.3) decreased, and the proportion of

orchards (0.65) and other gardens (0.40) with high EQIs

increased. Finally, the EQI of the agricultural production

space increased.

Based on the annual comprehensive EQI, the variation trend

was obtained (Figure 4). The results show that the comprehensive

EQI of the study area decreased from 0.441 in 2009 to 0.436 in

2015 and then increased to 0.470 in 2020, showing an initial

slight decline and then a sharp rise. The improvement was

especially significant from 2015 to 2020. The analysis of land-

use transition from 2009 to 2015, in Section 3.2 and Section 3.3,

shows that the land-use transition direction was mainly from

grassland ecology space into agricultural production and from

agricultural production into urban and rural living space.

Additionally, the EQI of grassland ecology space was higher

than that of agricultural production space and higher than that of

urban and rural living space. Although the development and

utilization of grassland supplement cultivated land, they had a

slight impact on the eco-environment. Although the occupation

of cultivated land for construction promoted the development of

economy, it had a drastic impact on the eco-environment. The

rapid improvement of the comprehensive EQI from 2015 to

FIGURE 3
Change map of production–living–ecological space in distribution.
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2020 was attributed to the main land-use transition direction

during this period, which was agricultural production and

grassland ecology space transformed into forest ecology space,

with a large increase in woodlands and improved eco-

environment quality.

The weight only represents the contribution degree of land-

use space to the eco-environment. Comprehensive EQI is related

not only to the weight of secondary ecological space but also to its

area. The EQI of agricultural production space increased slightly,

from 0.373 to 0.388, from 2009 to 2020, and the area of

agricultural production space decreased. Similarly, the EQI of

forest ecology space decreased from 0.810 to 0.739, and the area

of forest ecology space increased greatly. Therefore, according to

the formula in Section 2.6, the comprehensive EQI increased

from 0.441 to 0.470.

Overall, the EQI increased significantly from 2009 to 2020,

indicating that the study area had the strength to drive

breakthroughs in ecological protection, environmental quality

improvement, and the adjustment of land-use patterns. But this

process also involved the problems of “non-food” and “non-

agriculture.”

3.5 Spatial-temporal characteristics of
eco-environment comprehensive quality

The grade tables in 2009 and 2020 (Table 5) show that the

overall eco-environment quality of the two periods was relatively

consistent, with the medium-quality area taking the highest

proportion, about 40%, followed by the high-quality area,

about 20%, and the medium-high-quality area and low-quality

areas, both about 15%. The medium-low-quality area took the

lowest proportion, at 7.52%. However, the proportion of each

grade in the two years was different. The spatial distribution map

of eco-environment quality levels (Figure 5) shows that the

overall distribution was relatively consistent. The medium-

high-quality and high-quality areas were mainly distributed

east of Xinzhuang Town, Lixin Street, and Wenyuan Street, as

well as southwest of Yanzhuang Town. The medium-quality area

TABLE 4 Eco-environment quality index.

Production–living–ecological land classification Eco-environment quality index

The primary
land-use space

The secondary
land-use space

2009 2015 2020 Average

Production space Agricultural production space 0.373 0.371 0.388 0.377

Industrial production space 0.150 0.150 0.150 0.150

Services and other production space 0.150 0.150 0.150 0.150

Ecological space Forest ecology space 0.810 0.811 0.739 0.775

Water ecology space 0.530 0.530 0.530 0.530

Grassland ecology space 0.550 0.550 0.550 0.550

Other ecology space 0.050 0.050 0.050 0.050

Living space Urban living space 0.200 0.200 0.200 0.200

Rural living space 0.200 0.200 0.200 0.200

FIGURE 4
Changing trend of comprehensive eco-environment quality
index.

TABLE 5 Eco-environment quality grades (%).

Type\ratio 2009 2020 Change

Low-quality area 16.93 15.31 −1.62

Medium-low-quality area 7.52 7.52 0

Medium-quality area 44.31 36.42 −7.89

Medium-high-quality area 14.79 16.97 +2.18

High-quality area 16.45 23.78 +7.33
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was mainly distributed in west of Xinzhuang Town, Lixin Street,

Aishan Street, and Wenyuan Street, as well as north of

Yanzhuang Town. The low-quality and medium-low-quality

areas were mainly distributed west of Lixin Street, northeast

of Aishan Street, and north of Yanzhuang Town. The spatial

distribution was as follows: the eco-environmental quality of

Gangcheng District had significant spatial differentiation,

presenting an overall distribution pattern that was high in the

periphery and low in the middle.

Comparing the quantity changes in two periods, the

proportions of low-quality area, medium-low-quality area, and

high-quality area from 2009 to 2020 were essentially the same.

The proportion of medium-quality area and high-quality area

changed greatly, with the medium-quality area decreasing by

7.89% and the high-quality area increasing by 7.33%. In general,

the changes in eco-environmental quality grades from 2009 to

2020 were mainly the decrease in middle-quality area and the

increase in high-quality area.

3.6 Eco-environmental effects of land-use
transition

Based on the ecological contribution rate from 2009 to 2020

(Table 6), the land-use transitions that affected eco-environment

improvement included agricultural production, grassland ecology,

rural living, other ecology, urban living, and industrial production,

which were all transformed into forest ecology space. Among these,

the transitions from agricultural production and grassland ecology

into forest ecology space were the main factors, and their ecological

contribution proportions were 58.30 and 16.35%, respectively.

Therefore, the adjustment of agricultural structure, the

development and utilization of grassland, and the conversion

from cultivated land and grassland into woodland can greatly

improve the eco-environment quality.

From 2009 to 2020, the land-use transitions affecting eco-

environment deterioration included the transitions of grassland

ecology space and forest ecology space into agricultural

production space, and the transitions of agricultural

production space, grassland ecology space, forest ecology

space and urban living space into industrial production space.

Among these, the transitions from grassland and forest ecology

space to agricultural production space, and from agricultural

production to industrial production space were the main factors,

with the ecological contribution proportion of the three at about

20% each, totaling 58.64%. In addition, the transitions from the

forest ecology, urban living, and grassland ecology spaces to

industrial production space were secondary factors, with the

ecological contribution proportions of the three at about 7%

each, or 21.42% in total. Therefore, Gangcheng District should

FIGURE 5
Spatial distribution of the eco-environment quality levels. Note: EV is the eco-environmental quality index of each ecological unit.
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take this as a reference and avoid the occupation of ecological and

living space by production space while guaranteeing production.

In general, the changes in ecological quality from 2009 to

2020 were mainly due to transitions from agricultural and

industrial production to grassland and forest ecology space. In

addition, the positive contribution rate of agricultural production

and grassland ecology space to forest ecology space was greater

than was the negative contribution rate of forest and grassland

ecology space to agricultural production and agricultural

production to industrial production space. Overall, the eco-

environment improved from 2009 to 2020. In strengthening

its ecological civilization concept under the guidance of a new

round of national space planning, Gangcheng District should

continue strengthening territorial space control and adjusting

land use structure in order to realize the harmonious

development of eco-environment protection and social economy.

4 Discussion

4.1 Effectiveness of the improved method

To verify the effectiveness, the improved area-weighted

method was compared with the average area-weighted

method, with forest ecology space as an example. The relevant

results are shown in Table 8.

Forest ecology space consists of woodland, shrubbery, and

other woodland. From 2009 to 2020, the dramatic increase of

forest ecology space was due to transitions from agricultural

production and grassland ecology space in 2009 into

undeveloped forest land in 2020, which belongs to the other

woodland category. To assess the actual conversions between

land-use types in different years, the improved method was

adopted to calculate the EQI. When the area of other

woodland increased, the area proportion of other woodland

increased while that of woodland and shrubbery decreased in

forest ecology space. In other words, the area proportion of other

woodland (EQI of 0.50) with relatively low EQI increased, while

the area proportions of woodland (EQI of 0.95) and shrubbery

(EQI of 0.65) with high EQI decreased. Therefore, the EQI of

forest ecology space decreased from 0.81 to 0.77, which indicates

that the EQI of forest ecology space in 2020 was lower than in

2009 and 2015.

The average area-weighted method was used to calculate the

EQI by taking the mean area of land-use type in different years.

The results show that the mean EQI of forest ecology space from

2009 to 2020 was 0.77, indicating that the EQI of forest ecology

space was unchanged during this period. Therefore, the

average area-weighted method cannot reflect the impact of

land-use type conversion on environmental quality in

different years, but the improved area-weighted method can

describe this difference.

TABLE 6 Main land-use transitions and their eco-environmental contribution rate (hm2, %).

Contribution type Transition type Transfer area Contribution rate Contribution ratio

Improvement Agricultural production space—Forest ecology space 5383.33 0.03933 58.30

Grassland ecology space—Forest ecology space 2940.18 0.01103 16.35

Rural living space—Forest ecology space 397.02 0.00423 6.28

Other ecology space—Forest ecology space 203.15 0.00277 4.10

Urban living space—Forest ecology space 213.69 0.00228 3.38

Industrial production space—Forest ecology space 167.00 0.00195 2.88

Agricultural production space—Water ecology space 377.22 0.00119 1.77

Rural living space—Agricultural production space 104.78 0.00104 1.55

Total 9786.38 0.06382 94.61

Deterioration Grassland ecology space—Agricultural production space 2105.61 0.00665 20.55

Forest ecology space—Agricultural production space 797.17 0.00661 20.42

Agricultural production space—Industrial production space 1316.87 0.00572 17.67

Forest ecology space—Industrial production space 200.96 0.00262 8.09

Urban living space—Industrial production space 2301.14 0.00227 7.02

Grassland ecology space—Industrial production space 258.63 0.00204 6.31

Agricultural production space—Rural living space 349.01 0.00117 3.62

Agricultural production space—Services and other production space 178.17 0.00077 2.39

Water ecology space—Industrial production space 83.97 0.00063 1.95

Forest ecology space—Grassland ecology space 117.53 0.00060 1.86

Rural living space—Industrial production space 601.86 0.00059 1.84

Total 8310.90 0.02967 91.72
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4.2 Accuracy of EQI in the study area

According to the actual situation of typical industrial bases

and by consulting local experts, this study assigned weights to

each land-use type and constructed an index system that

conforms to the characteristics of the study area. At the same

time, the area-weighted method was improved to calculate the

comprehensive EQI of Gangcheng District according to the

actual land-use type conversion. The comprehensive EQI

decreased from 0.441 in 2009 to 0.436 in 2015, and then

increased to 0.470 in 2020, which is consistent with the actual

development of the Gangcheng District in the past 10 years.

Before 2015, Gangcheng District had vigorously developed steel

and other heavy industries to comprehensively promote

economic development, but the environment suffered to a

certain extent. Since the Central Committee of the

Communist Party of China and the State Council issued the

Overall Plan for Ecological Civilization System Reform in

September 2015, Gangcheng District has actively implemented

ecological protection policies and promoted ecological

civilization construction. In 2018, a greening campaign was

launched to protect and restore mountains, rivers, forests,

farmland, lakes, and grasses; focus on industrial

transformation; accelerate the shift from old to new drivers of

growth; and actively improve the eco-environment. Therefore,

the results obtained using the improved area-weighted method

proposed in this paper align with the actual situation of the study

area. The paper provides specific data references for future land-

use structure change and industrial transformation in Gangcheng

District and provide technical and case references for exploring

the eco-environmental effects of future land-use transformation

in other industrial bases.

4.3 Applicability of the study

Eco-environmental effect analysis involves complicated

factors, and the distribution of ecological resources varies

considerably in different regions (Chen et al., 2020; Hu et al.,

2021). Different regions are assigned different values, so their

comprehensive EQIs are also different from each other. For

example, Dong et al. assessed the environmental condition of

Gansu Province and found that its comprehensive EQI decreased

from 0.2662 in 1980 to 0.2653 in 2000 and then rose to 0.2682 in

2018. The eco-environment of Gansu Province is fragile, and soil

erosion and desertification are serious. The final calculated index

was relatively low, which reflects the actual situation (Dong et al.,

2021). Xiang et al. assessed the environmental quality of

Pingshan County in Shijiazhuang City and found that the

regional comprehensive EQIs in 2005, 2010, and 2015 were

0.4504, 0.5719, and 0.5800, respectively. Pingshan County is

an important water conservation base and an important

region for environmental protection and construction.

Consequently, the index was relatively high and consistent

with reality (Xiang et al., 2021). As a typical industrial base,

the comprehensive EQI in Gangcheng District is higher than that

of a typical ecologically fragile area and lower than that of a water

conservation base, which is consistent with its macro-regional

distribution characteristics and its actual situation. Thus, the

comprehensive EQI determined from the analysis well reflects

the regional eco-environment level according to the actual

situation of the study area.

4.4 Shortcomings of the study

Referring to the existing literature and the dominant function

principle, this paper constructed the PLES classification system

and analyzed land-use transition and its eco-environmental

effects from 2009 to 2020. The results were consistent with

the actual situation. This classification system is simple,

convenient, clear, and easy to understand. A particular land-

use type may have multifunctional properties, including both its

main and additional functions. For example, arable land has both

productive and ecological functions; however, the production

function is its main function, and its ecological function is only

incidental. Considering themultifunctional properties of the land

can be more complicated and may produce slightly different

results. With future research, the multi-functionality of land will

be considered for classification.

5 Conclusion

Based on the spatial-temporal pattern analysis of land-use

transition in the study area, this paper put forward an improved

area-weighted calculation method for EQI to analyze eco-

environmental effects. The results show that the improved

method can more specifically describe the impact of

conversion between land-use types on environmental quality

in different years.

1) From 2009 to 2020, the comprehensive EQI first decreased

from 0.441 to 0.436 and then increased significantly to 0.470.

2) On the whole, the eco-environment quality of the study area was

improved, mainly because the positive ecological contribution

rate of land-use transition was greater than the negative ecological

contribution rate. The positive ecological contribution rate was

mainly caused by transitions from agricultural production and

grassland ecology into forest ecology space; the negative ecological

contribution rate was caused by transitions from forest and

grassland ecology space into agricultural production space and

from agricultural production into industrial production space.

3) Therefore, it is suggested to continue implementing ecological

protection policies; protecting the arable land; controlling

effectively the expansion of residential, industrial, and mining
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land area; and expanding the ecological land area to ensure

food security.

The study not only enriches the case of industrial city eco-

environmental effect analysis but also provides a reference for

future territorial spatial planning and for the high-quality

development of industrial bases.
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The farmland social-ecological system is an integral part of a regional

ecological system, and uses its unique perspective to trace the evolution of

vulnerability of the whole ecosystem. Based on the theory of ecosystem

vulnerability, the Vulnerability Scoping Diagram (VSD) assessment framework

and index system of farmland system vulnerability were constructed by using

multi-factor comprehensive analysis, ArcGIS spatial analysis and a factor

contribution model. We evaluate the dynamic changes and influencing

factors of farmland system vulnerability in Sanmenxia City, aiming to

demonstrate the ways in which this vulnerability changes. The results

showed a downward trend in the vulnerability of the farmland system in the

city over a period of 17 years, from 0.60 in 2000 to 0.36 in 2016. From a spatial

perspective, the distribution of vulnerability is uneven in each district and

county. The pattern of vulnerability changed from “high in the Middle East-

low in the southwest” in 2000 to “high in the Middle East-low in the southeast”

in 2016. Population growth, high-speed urbanization, intensity of farmland use,

factor input intensity and other human social and economic activities, together

with the implementation of regional agricultural policies, have reduced the

natural risk impact on the farmland social-ecological system. This is highly

significant in revealing the overall evolution process and regional ecosystem

mechanisms and informs the discussion on farmland social-ecosystem

vulnerability in these representative areas.

KEYWORDS

social-ecological system (SES), farmland system, vulnerability, exposure, sensitivity,
adaptive capacity
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1 Introduction

Farmland is a composite social-ecological system (SES)

with the highest degree of human dependence (Neset et al.,

2019) and a part of the regional ecosystem (Hagenlocher et al.,

2018; Lazzari et al., 2020). The study of farmland SES reveals

the evolutionary rules of the overall vulnerability of

ecosystems from a particular perspective (Wiréhn et al.,

2017; Neset et al., 2019). In recent years, the farmland

system has shown two kinds of mutually repelling,

ecological service functions. One is that of significantly

increasing risk to the farmland system due to disasters,

extreme weather and excessive human disturbance (O´

Brien et al., 2004; Bindi and Olesen, 2011), and the other is

excessive food, fiber and energy production, which is

continuously provided by farmland systems addressing

human needs (Fischer et al., 2002; Berry et al., 2006;

Kovács et al., 2017; Wiréhn, 2018), showing strong

stability. In 2020, as a result of global environmental

change, many regions in China suffered natural disasters in

the form of floods, geological disasters, hail and typhoons. A

total of 138 million people were affected throughout the year,

with the affected area of crops reaching 19, 957, 700 hm2;

however, the total national grain output in 2020 was

669.49 million tons, an increase of 5.65 million tons on

2019, or 0.9%, reflecting the coexistence of both the

vulnerability and stability of the farmland system.

Farmland system stability relates to strategies for both food

security and people’s livelihoods. To demonstrate the rules for

change of farmland system vulnerability, this research

addresses the following questions: What is the impact on

the regional farmland system and what changes have taken

place? What are the factors driving the continuous

development of the farmland system? What measures do

humans need to take to cope with these changes? From the

perspective of regional farmland system vulnerability, using

Sanmenxia (Henan Province, China) City as a typical example,

this research constructed a Vulnerability Scoping Diagram

(VSD) model and established an assessment indicator

system for farmland system vulnerability. The research

analyzed this vulnerability in three ways, in terms of

exposure, sensitivity and adaptive capacity. This research is

important for maintaining farmland functions and structure,

promoting the sustainable development of agriculture, and

maintaining the stability of the ecosystem (Walker and Salt,

2006). Meanwhile, the social-ecological system operates a

cascade mechanism, and cross-scale interaction is

considered to be the basis of this cascading regime

transformation (Pulver et al., 2018; Rocha et al., 2018),

therefore, research on the micro-scale ecosystem process

provides a valuable reference for the ecosystem over a wider

spatial range or a long time period and determines the dynamic

process of the system (Peters et al., 2007; Ting et al., 2020).

2 Theoretical background and
analytical framework

2.1 Review of studies of farmland system
vulnerability

Social-ecological vulnerability is when individuals or

groups in the system cannot cope with pressure

interference, which affects the cascade effect of the system

and the independent feedback between social and ecological

components (Adger, 2000; Adger, 2006; Cinner et al., 2012;

Lazzari et al., 2021). The farmland system is part of the

composite SES (Wang et al., 2021). In this system, humans,

land resources and the environment interact on multiple

spatial and temporal scales (Liu et al., 2007; Wilson et al.,

2018; Wiréhn, 2018), leading to a system with a dynamic,

complex, adaptive nested structure and multiple functional

characteristics, which are constantly reshaped by external

factors (such as environmental, social, economic, and

political changes) and internal factors (e.g., social,

economic, political changes, labor availability, production

inputs, and other changes in livelihood needs) (Adger,

2006; Rockenbauch and Sakdapolrak, 2017). Such

interaction of internal and external factors may

unexpectedly disturb the farmland SES (Li and Zander,

2019) and produce feedback effects on social and natural

systems (Chen et al., 2019). Therefore, there is some

urgency to solve the complexity of the various services of

social-ecological, farmland systems and to understand

how social and economic services respond to system

interventions and the vulnerability challenges this causes,

and the need for sustainable management of farmland

resources (Wang, 2021).

The farmland system has the dual attributes of agricultural

and land resources. The FAO (2021) and the

Intergovernmental Panel on Climate Change (IPCC, 2001)

pointed out that vulnerability relates to the various risks of

food insecurity or malnutrition, including factors that affect

people’s ability to cope with stress or change, and the degree to

which natural or social systems are vulnerable or incapable of

coping with the adverse effects of climate change. Existing

studies have mainly focused on vulnerability in the fields of

climate change and ecosystem services (Cinner et al., 2013;

Thiault et al., 2017; Siegel et al., 2019). These studies were

mainly concerned with the causes of farming vulnerability due

to changes in land use arising from climate change (Jamir,

2013; Bennett et al., 2016) and disaster intrusion (Jinno, 1995;

Brugere, 2003; Huang et al., 2012); the dimensions of analysis

mainly included system exposure (Pereira, 2012), government

and farmer input (Jamir, 2013), infrastructure and industrial

sensitivity and other dimensions affecting ecosystem

vulnerability (Speranza, 2014; Rogers, 2020), the

vulnerability of farmers’ production and livelihoods
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(Ashley, 2000; Brugere, 2003; Tebbotha, 2019), and the

vulnerability of food security and the agricultural industry

(Ashley, 2000.; Xie, 2014).

Many theoretical frameworks for vulnerability research have

been developed in the past decade, among which Value Sensitive

Design (VSD) and Agent Differential Vulnerability (ADV)

integrated vulnerability assessment frameworks are widely

applied. Acosta-Michlik and Rounsevell (2012) established an

ADV framework to elaborate on the complexity and dynamics of

human-environmental interactions to predict the degree of

ecological vulnerability in different regions. Using the VSD

vulnerability framework, Jamir et al. (2013) selected evaluation

indicators from exposure, sensitivity and vulnerability to evaluate

the vulnerability of farmers in Nagaland, India, and classified the

driving factors of this.

In summary, previous studies have been limited to large-

scale land and agricultural systems, however, few studies took

the farmland system (that intersects the land and agricultural

systems) as the object of research. In particular, there was a

lack of evaluation and analysis of farmland system

vulnerability in typical regions and few studies have

focused on the factors that cause this. Therefore, we aimed

to reveal the disturbance mechanism of the farmland system

in the face of both natural and consequent social disasters,

revealing the key factors influencing the development of a

more stable and improved farmland system (Salvati et al.,

2011), to cultivate and maintain its adaptive capacity and to

allow it to be quickly updated and reshaped after any

disturbance (Armitage, 2008).

2.2 Theoretical framework

With the increase of the degree of risk and uncertainty of

the farmland system, the vulnerability framework has become a

useful tool for assessing SES vulnerability (Adger, 2006). VSD

can address SES problems that are difficult to solve using

traditional methods, such as space and time complexity,

nonlinearity, feedback loops and uncertainty (Mumby et al.,

2014; Pham et al., 2017), and therefore, it is widely applied in

system vulnerability assessment. The ADV model focuses on

predicting the future, while the VSDmodel is better at assessing

the current situation. Based on the VSD framework proposed

by Kienberger (2013), farmland system vulnerability is assessed

by its exposure, sensitivity and adaptive capacity. In this

section, the literature on the theoretical framework is

presented, followed by an introduction to the data sources

and research methods. The assessment results of typical

cases are then described before the analysis of these results

and final conclusions.

2.2.1 The conceptual framework of vulnerability
As shown in Figure 1, the basic framework of the VSD

model consists of three dimensions: exposure, sensitivity and

adaptive capacity. Exposure refers to the degree to which the

system may be susceptible to damage and is generally related

to the “risk” faced by the system; the degree of exposure

depends on the probability of exposure to potential threats

to the system and determines the degree of potential loss it

faces (Turner et al., 2003; Smit and Wandel, 2006; Perry et al.,

FIGURE 1
Vulnerability elements and interrelations of the farmland system.
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2011). Sensitivity refers to the degree of difficulty for the

system to maintain normal operations when it is subjected to

external disturbances (Watts and Bohle, 1993), mainly

reflecting the system’s ability to resist threat; the level of

sensitivity depends on the system’s stability. Systems with

lower sensitivity are less likely to be affected by disturbances

and are more likely to maintain normal operations (O’Brien

and Leichenko, 2000; O’Brien et al., 2004). Adaptive capacity

is the ability of the system to adjust its productive activities

and resource management strategies in response to

disturbances. It determines the actual loss of the system

when it suffers damage, therefore, the lower the adaptive

capacity, the lower the actual damage to the system. The

system changes, adjusting its state and parameters through

its own adaptive capacity and human adaptive behavior,

which affects its actual state under exposure pressure and

its ability to recover after damage (Folke et al., 2003; Cinner

et al., 2009; Bussey et al., 2012; Bennett et al., 2014). The VSD

model classifies and displays the vulnerability elements,

clearly explaining the relationship between these, and

builds a complete assessment framework (Adger, 2006) that

provides a theoretical basis for constructing an indicator

assessment system and selecting assessment indicators.

2.2.2 Relationship between the three dimensions
of vulnerability

The vulnerability of the farmland system is the result of the dual

impact of the natural environment and human activities due to the

intervention of various policies such as farmland utilization,

protection and restoration (Walker et al., 2004; Berkes and Ross,

2016). The impact on the natural environment mainly comes from

meteorological and geological disasters such as extreme low

temperature, frost, drought, and floods (Copeland et al., 2020), in

terms of interference to human activity, with the feedback effect of

human production and plundering of crops. Increasing crop

plundering reduces the return of farmland system production,

destroys farmers’ intention to retain farmland for planting, and

leads to abandonment, pollution and loss of farmland system

functions (Cutter, 2016; Siegel et al., 2019). If the dual impact of

natural and human activities is positive, it will weaken the

vulnerability of the farmland system; if it is negative, it will

strengthen its vulnerability and undermine the stable operation

of the system (Saja et al., 2019). The sensitivity of the farmland

system is its response to exposure; the magnitude and rate of this

response reflect the sensitivity degree of the farmland system to

disaster intrusion (Copeland et al., 2020). Adaptive capacity captures

the ability to respond to and address social and ecological changes by

FIGURE 2
Location map of Sanmenxia City. (source from: National Earth System Science Data Center of the Chinese Academy, http:www.geodata.cn).
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mitigating, coping with and recovering from the potential impact

caused by a particular pressure (Thiault et al., 2019). The adaptive

capacity of the farmland system can adjust and change the

parameters of the potential state and determine the actual loss;

the self-organization and adjustment capacity of the farmland

system, policy protection and technology upgrades have

improved the antagonistic ability of farmland to cope with risks

(Lorenz, 2013).

3 Materials and methods

3.1 Characteristics of the study area

Covering an area of 10,496 km2, Sanmenxia City is

located in the western part of Henan Province on the

south bank of the Yellow River Delta and is the

intersection of the eastern extension of the Qinling

Mountains with Funiu Mountain, Xiong’er Mountain and

Xiao Mountain. Sanmenxia City has the obvious

characteristics of a transition zone. First, located at the

intersection of the eastern edge of the Loess Plateau and

the Yellow River Delta, it is the transition zone from the Loess

Plateau to the alluvial plain. Second, located in the

Qinling Mountains (Huai River transition zone), it is a

transitional zone from a semi-humid to a semi-arid

climate. In terms of the administrative location,

Sanmenxia City borders Luoyang City to the east,

Weinan to the west, Yuncheng of Shanxi Province to the

north across the Yellow River and Nanyang to the south. It is

the junction area of Henan, Shaanxi and Shanxi provinces. It

is not only the central city of the Yellow River Golden

Triangle region but is also a node city along the Belt and

Road, so it has an important strategic location. Under the

FIGURE 3
Changes in the farmland area of Sanmenxia City. (source from: Sanmenxia Natural Resources Bureau and the Statistical Yearbook of Sanmentxia
City from 2000-2017).
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jurisdiction of Sanmenxia City, there are two districts and

four counties, namely, Hubin District, Shanzhou

District, Lingbao City, Yima City, Mianchi County, and

Lushi County. In 2017, the city’s total population was

2,305,500 and regional GDP was 146.081 billion yuan,

representing an increase of almost ten times that of 2000.

GDP grew steadily in 2000–2018 with an annual growth rate

of 13.81%.

3.2 Data source

3.2.1 Land use data
The remote sensing images of Landsat TM/ETM/OLI

30*30 m provided by the National Earth System Science Data

Center of the Institute of Geographical Sciences and Resources of

the Chinese Academy of Sciences were the main data source of

the study. After image fusion processing, geometric correction,

image enhancement and splicing, the remote sensing data of

farmland in the years 2000 (Figure 3A), 2005 (Figure 3B), 2010

(Figure 3C), and 2015 (Figure 3D) were obtained using the

human-computer interaction visual interpretation method. In

combination with the land change survey data provided by

Sanmenxia Natural Resources Bureau and the Statistical

Yearbook of Sanmenxia City from 2000 to 2017, the farmland

utilization data of each county and district were obtained, as

shown in Table 1 and Figure 4. The number and transfer

direction of farmland change in the periods 2000–2005

(Figure 4A), 2005–2010 (Figure 4B), 2010–2015 (Figure 4C),

and 2000–2015 (Figure 4D) were calculated using the transfer

matrix, as shown in Figure 5. Due to changes in the quantity of

farmland, the per capita farmland area in Sanmenxia City in

TABLE 1 Farmland area in Sanmenxia City from 2000 to
2015 Unit: hm2.

District 2000 2005 2010 2015

Hubin County 99.53 100.89 100.19 99.98

Mianchi County 730.97 717.09 715.47 713.77

Lushi County 682.47 681.81 681.11 681.02

Yima City 64.61 63.36 58.99 58.99

Lingbao City 979.59 1,011.86 1,011.85 1,010.36

Shanxian County 781.62 781.74 779.44 775.41

Sanmenxia City 3,338.79 3,356.75 3,349.82 3,339.53

FIGURE 4
Direction of farmland transfer in Sanmenxia City.
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2018 was 0.0762 ha, which was lower than the per capita quantity

of 0.0853 ha in Henan Province at the end of 2016 and lower than

the per capita farmland area of 0.9667 ha in the whole country.

3.2.2 Data collected in the field
Wewent to Sanmenxia City and the districts and counties under

its jurisdiction to collect data and conduct interviews. Sanmenxia

Meteorological Bureau provided meteorological observation data

and agricultural meteorological disaster data from various

meteorological stations for the years 2000–2017. The Agriculture

Bureau of Sanmenxia City and its districts and counties provided

data on agricultural production, agricultural disasters and disaster

prevention for this period. Farmland protection experts from the

Sanmenxia Municipal Bureau of Land and Resources and the

Agriculture Bureau scored each of the selected indicators.

3.2.3 Statistical data
Statistical data was obtained from the Henan Statistical

Yearbook, Sanmenxia Statistical Yearbook, Sanmenxia

Almanac, and statistical yearbooks of districts and counties of

Sanmenxia City, the Land and Resources Bulletin, the Bulletin of

Soil and Water Conservation of Henan Province, statistical

bulletins, and government work reports of districts and

counties of Sanmenxia City in 2000–2017.

3.3 Methods

3.3.1 Construction of the vulnerability
assessment indicator system

The complexity of the farmland system itself makes it

difficult to select and construct a farmland system

vulnerability assessment system. Since system vulnerability is

unobservable and cannot be directly measured (Carpenter,

2005), we used a combination of multiple indicators to

characterize three dimensions of system vulnerability, as

indicated in Table 2.

3.3.1.1 Exposure

The risks faced by the farmland system mainly come from

changes in the natural environment and the interference of

human social activities. Mean annual temperature and annual

rainfall can indicate water and thermal conditions throughout

the year, and changes in temperature and precipitation have a

crucial impact on crop growth. Annual drought days and

torrential rain days reflect the risk probability of agro-

meteorological disasters, with the former determined by the

soil entropy measurement report, and the latter according to

the standard of 30 mm of rainfall within 12 h and 50 mm of

rainfall within 24 h. Per capita farmland reflects the change in

the amount of farmland; a decrease in the amount of farmland

resources threatens food security. Changes in highway

density, population density and urbanization reflect the

degree of stress on the farmland system caused by social

and economic development. Discharge of industrial

wastewater may pollute the farmland and affect

environmental conditions and crop growth. In addition to

the pollution of industrial wastewater, we should also pay

attention to the agricultural non-point source pollution

caused by the use of pesticides, fertilizers and mulching

films. The more of this is used, the greater the threat of

pollution to the farmland.

3.3.1.2 Sensitivity

Grain yield is an important indicator of measuring the

operational status of the farmland system. The more stable the

farmland system, the higher the grain yield. The

multiple cropping index and reclamation rate reflect the

intensity of farmland use. Insufficient use of farmland

resources leads to wasted resources, while overdevelopment

also leads to problems such as farmland and environmental

degradation. The water-soil coordination reflects the

irrigation level of the farmland, and an improvement in

irrigation capacity can ensure the growth of crops. The

forest coverage rate and sewage treatment rate are

responses to the ecological environment and pollution

threats. The expansion of vegetation coverage can preserve

water and soil and improve the quality of the ecological

environment. Farmland ecosystem resilience characterizes

its ability to maintain the structure and pattern of the

ecological environment, namely, the ability of farmland to

gradually rebound and recover after disturbance (Lizhen et al.,

2010).

3.3.1.3 Adaptive capacity

Financial investment in agriculture by government can

reflect their efforts to improve agricultural technological

innovation and progress. The proportion of financial

expenditure on environmental protection reflects the degree of

investment in environmental governance. The higher the degree,

the better the quality of the ecological environment. Rural

FIGURE 5
Changes in the vulnerability of the farmland system in
Sanmenxia City.
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income per capita reflects the changes in farmers’ income, and

increases can promote an improvement in farming levels. The

employment level in primary industry reflects the flow of

agricultural labor and changes in the industrial structure.

Generally, the lower the employment level in primary

industry, the less development and use of farmland resources.

The number of motor-pumped wells and the general level of

agricultural mechanization reflect the degree of agricultural

infrastructure and mechanization. The better the farming

conditions, the higher the adaptive capacity of the farmland

system.

3.3.2 Assessment and classification of farmland
system vulnerability

In this study, we used the composite index method to assess

farmland system vulnerability. The core of this method lies in

the construction of the indicator system and the determination

of the weight of each indicator. The calculation model is as

follows:

VI � ∑
n

i�1
PijWi (1)

where VI denotes the farmland system vulnerability index, Pij
is the standardized value of each vulnerability indicator

factor, Wi is the weight of the ith indicator, n is the

number of vulnerability indicators; the indicator

value of each dimension is calculated by the value of each

indicator.

With reference to previous research results and the results of

Formula 1, we classified the vulnerability index of the farmland

system into five levels from high to low: extreme, severe,

moderate, mild and slight, as shown in Table 3. The greater

TABLE 2 Assessment indicator system for farmland system vulnerability.

Target hierarchy Criterion
hierarchy

Indicator hierarchy Indicator
weight

Indicator
nature

Farmland system
vulnerability

Exposure X1 Mean annual temperature (°C) 0.021 −

X2 Mean annual rainfall (mm) 0.031 −

X3 Annual drought days 0.063 +

X4 Annual torrential rain days 0.041 +

X5 Per capita farmland (hm2) 0.041 −

X6 Highway density (km/km2) 0.050 −

X7 Population density (people/km2) 0.024 +

X8 Urbanization rate (%) 0.022 +

X9 Pesticide load per unit of farmland (kg/hm2) 0.022 +

X10 Fertilizer load per unit of farmland (kg/hm2) 0.013 +

X11 Mulching film load per unit of farmland (kg/hm2) 0.022 +

X12 Wastewater load per unit of farmland (kg/hm2) 0.035 +

Sensitivity X13 Grain yield (kg/hm2) 0.027 −

X14 Multiple cropping index 0.023 +

X15 Reclamation rate (%) 0.044 −

X16 Water-soil coordination 0.088 −

X17 Forest coverage rate (%) 0.056 −

X18 Sewage treatment rate (%) 0.045 −

X19 Farmland ecosystem resilience 0.065 −

Adaptive capacity X20 Agricultural financial expenditure per unit of farmland (104

yuan/hm2)
0.064 −

X21 Ratio of environmental protection expenditure (%) 0.019 −

X22 Total rural income per capita (yuan) 0.038 −

X23 Employment level in primary industry 0.020 −

X24 Agricultural output value per unit of farmland (104 yuan/hm2) 0.018 −

X25 Number of motor-pumped wells (unit) 0.055 −

X26 Agricultural mechanization level 0.053 −

Note: + means the indicator has a positive impact on farmland system vulnerability, and − means the indicator has a negative impact on farmland system vulnerability.
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the vulnerability index of the farmland system, the higher the

vulnerability level.

3.3.3 Data processing and determination of
indicator weight
3.3.3.1 Data processing

Since the factors influencing farmland system vulnerability

are of different units, it is necessary to standardize the data and

unify the dimensions. We used the maximum and minimum

method to nondimensionalize the original data. The calculation

formula is as follows:

Positive indicator:

Pij � Xij −Xmin

X max −Xmin
(2)

Negative indicator:

Pij � Xmax−Xij

Xmax −Xmin
(3)

where Pij is the standardized value of the indicator, Xij is the

original data of the jth indicator in the ith year, and Xmax

and Xmin are the maximum and minimum values of the jth

indicator.

3.3.3.2 Determination of indicator weight

In this study, we used the subjective and objective combined

weighting method to determine the weight of each indicator. For

objective weighting, we used the entropy method, and for

subjective weighting, we used the analytic hierarchy

process (AHP).

3.3.3.2.1 Entropy method. We constructed a judgment

matrix and determined the weight based on the amount of

information contained in the indicator data and its effect on

system changes. First, if there arem indicators and n objects to be

evaluated, the information entropy of the jth indicator is

calculated:

fij � Pij

∑n
j�1Pij

(4)

where k = 1/ln m, k > 0; Pij is the standardized indicator value;

when fij = 0, let fij ln fij = 0.

Next, the effect value hj of the jth indicator is calculated:

hj � 1 − ej (5)

The weight Wi of the jth indicator is calculated:

wi � 1 −Hi

1 −∑m
i�1Hi

(6)

where n = 1,2,3 . . . . . . ;0<wi<1∑m
j�1wi, = 1.

According to the above calculations, we can obtain the

entropy weight of each indicator, and then determine the

weight value wq of the objective weighting method.

3.3.3.2.2 Determination of factor weight value. According

to the expert scoring, by calculating the maximum eigenvalue

λmax of the judgment matrix and the corresponding eigenvector

W, we can obtain the ranking weight of the relative importance

of the factors of the same hierarchical level relative to a factor of

the previous hierarchical level. The calculation steps are as

follows:

Multiply the values in the matrix by rows and calculate the

nth power of the product, get Wi, normalize Wi, and obtain wi;

λi �
∑n

j�1aijwj

wi
(7)

λ max � ∑n
i�1λi
n

(8)

TABLE 3 Classification of farmland system vulnerability.

Vulnerability
level

Definition References

Extreme The structure of the farmland system is greatly damaged, ecological functions are lost, environment is
polluted, and disasters occur frequently and are harmful

Bennett et al., 2016; Barros et al.
(2014)

Severe The structural damage of the farmland system is relatively serious, farmland degradation and ecological
damage are relatively serious, and disasters occur frequently and have a greater impact on social and
economic development

O’Brien et al. (2000); Marull et al.
(2007)

Moderate The structure of the farmland system is damaged, the ecological environment is deteriorated, the service
functions are destroyed, disasters occur from time to time, and the production activities of farmland are
greatly disturbed

Adger, (2006); Speranza et al. (2014)

Mild The structure of the farmland system is relatively complete, the operation is good, and the ecological
environment is basically stable. The farmland is slightly disturbed and destroyed, but it has little impact on
the production activities of the farmland

Tuler et al. (2008); Wilson et al.
(2013)

Slight The structure of the farmland system is complete, the operational status is healthy, the ecological
environment is stable, the flow ofmaterial and energy is smooth, and the input and output effect of farmland
is good

Brklacich et al. (2009); Xutong,
(2020)
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On the basis of single level ranking, calculate the weight

value of the previous level factors for the next level to finally

obtain the total level of ranking. After calculating all weight

vectors, test the consistency of the comparison matrix. Only the

determination of the weight passing the consistency test is valid.

The consistency coefficient CR < 0.1 means that the judgment

matrix passes the consistency test. If it fails, the judgment

matrix needs to be readjusted until it reaches the satisfactory

consistency standard:

CI � λmax −n
n − 1

(9)

CR � CI
RI

(10)

where CI denotes the consistency coefficient of the judgment

matrix and RI is the average random consistency coefficient.

According to the above calculations, on the basis of passing

the consistency test, we can obtain the subjective weight valueWp

of each indicator.

3.3.3.2.3 Combined weighting method. The combined

weighting method comprehensively considers the subjective

and objective factors and integrates the indicator weights

obtained by the objective and subjective weighting methods to

obtain the combined weight. In this study, we took the average of

the two as the combined weight as follows:

Wi � Wq+Wp

2
(11)

where Wq is the weight coefficient obtained by the entropy

method, and Wp the weight coefficient obtained by the AHP.

3.4 Factor contribution degree model

Identifying the contribution factors influencing

vulnerability can assist in further diagnosing the

vulnerability mechanism. The stability of the farmland

system has an inverse relationship to its vulnerability, in

other words, the lower the vulnerability value, the better the

operational state of the farmland system. Therefore, using the

principle of contribution degree, we improved the obstacle

degree model to be a factor contribution degree model, to

calculate the contribution value that affects the negative state

as follows:

Di � SiVi

∑n
i�1SiVi

× 100% (12)

Ur � ∑Di (13)
Si � Wr × Wi (14)

whereDi is the contribution degree indicating the degree of effect

of the ith indicator on the vulnerability of the farmland system; Si
is the weight of the ith indicator to the overall target; Vi is the

indicator membership degree, namely, the evaluation value of the

ith indicator; Ur is the contribution degree of the rth criterion to

the vulnerability; Wr is the weight of the rth criterion; and Wi is

the weight of the ith indicator.

4 Evaluation results of the
vulnerability of the Sanmenxia City
farmland system

4.1 Indicator weight results and
vulnerability classification

According to the calculation results of the above Formulas

2ormulas –Formulas 12, the weights of the entropy method of

Sanmenxia City and its districts and counties are shown in

Table 4.

According to the classification criteria for farmland system

vulnerability assessment, we divided the vulnerability of the

Sanmenxia City farmland system into five levels, as shown in

Table 5.

4.2 Temporal changes in vulnerability

Using the farmland system vulnerability assessment method,

we standardized the original data to obtain standardized values of

the vulnerability assessment indicators of the farmland system in

Sanmenxia City and its districts and counties. Then, using the

vulnerability calculation formula, we calculated its vulnerability

in 2000–2017, as shown in Figure 5.

From Figure 4, we can see that in 2000–2017, the overall

vulnerability of the farmland system in Sanmenxia City showed a

declining trend, decreasing from 0.60 to 0.36, a decrease of 39.7%,

with overall vulnerability significantly declining. In 2000–2010,

farmland system vulnerability showed a fluctuating downward

trend as it was relatively high, and the fluctuations were large.

After 2010, vulnerability gradually saw small fluctuations; during

this period, the operation of the farmland system was stable, and

development occurred. During the past 18 years, the

vulnerability level declined from extreme to mild, indicating

that the environment has improved greatly, with increases in

both its sustainability and resilience.

4.2.1 Changes in exposure
Farmland system exposure characterizes the degree to which

farmland is disturbed by external factors. It is not only related to

the intensity and frequency of disasters faced by the system, but

also is affected by the characteristics of the system and its ability

to withstand these disasters. From the perspective of risk stress,

the exposure of the farmland system is influenced by the

interaction of natural factors such as climate change,

meteorological disasters, and human, social and economic
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activities. To a certain extent, human activities can intensify or

slow these influences.

From Figure 6, we can see that the overall exposure of the

farmland system showed an upward trend, although these

changes were not large, increasing from 0.16 in 2000 to

0.21 in 2017, an increase of 31%. The increase in the

exposure index of the farmland system indicates that the

farmland was more affected by natural and human

disturbances, as the environment deteriorated, the risk to it

was increased, and its stability was undermined. In 2000–2005,

the exposure index declined slightly, although there were small

fluctuations; in 2006–2012, the exposure index fluctuated

greatly from 0.21 in 2007 to 0.14 in 2010, reaching a peak of

0.23 in 2012; after 2013, the exposure index showed a small

declining trend and the farmland system remained at a high

exposure level.

4.2.2 Changes in sensitivity
Changes in the sensitivity of the farmland system can reflect

the damage caused by disasters. Sensitivity is the response to

exposure and is mainly influenced by the frequency and

amplitude of system interference factors, manifesting in

phenomena such as changes in farmland yield and ecological

degradation. The level of sensitivity can indicate the stability of

the farmland system, as systems with lower sensitivity generally

have higher stability.

TABLE 4 Weights of indicators of farmland system vulnerability obtained by the combined weighting method.

Area\indicator Sanmenxia city Hubin district Shanzhou district Lingbao city Yima city Mianchi county Lushi county

X1 0.021 0.012 0.022 0.012 0.017 0.016 0.015

X2 0.031 0.046 0.032 0.035 0.032 0.031 0.033

X3 0.063 0.069 0.065 0.060 0.064 0.062 0.063

X4 0.041 0.049 0.046 0.052 0.039 0.038 0.041

X5 0.041 0.029 0.052 0.030 0.042 0.038 0.045

X6 0.050 0.038 0.037 0.050 0.074 0.051 0.042

X7 0.024 0.027 0.027 0.027 0.042 0.032 0.019

X8 0.022 0.021 0.031 0.024 0.017 0.020 0.023

X9 0.022 0.025 0.013 0.033 0.029 0.014 0.017

X10 0.013 0.017 0.016 0.020 0.027 0.014 0.016

X11 0.022 0.054 0.018 0.021 0.024 0.014 0.018

X12 0.035 0.053 0.013 0.032 0.038 0.051 0.032

X13 0.027 0.029 0.037 0.029 0.019 0.044 0.026

X14 0.023 0.024 0.020 0.032 0.039 0.036 0.045

X15 0.044 0.015 0.042 0.016 0.032 0.047 0.061

X16 0.088 0.077 0.087 0.079 0.070 0.078 0.071

X17 0.056 0.054 0.049 0.062 0.025 0.041 0.052

X18 0.045 0.038 0.038 0.060 0.046 0.041 0.049

X19 0.065 0.036 0.063 0.037 0.052 0.067 0.082

X20 0.064 0.062 0.064 0.064 0.063 0.065 0.058

X21 0.019 0.033 0.018 0.020 0.027 0.022 0.020

X22 0.038 0.045 0.038 0.042 0.039 0.034 0.035

X23 0.020 0.033 0.019 0.029 0.027 0.015 0.015

X24 0.018 0.016 0.025 0.018 0.024 0.021 0.017

X25 0.055 0.058 0.058 0.057 0.051 0.054 0.055

X26 0.053 0.040 0.074 0.060 0.040 0.056 0.050

TABLE 5 Classification of the farmland system vulnerability of Sanmenxia City.

Index\classification Extreme Severe Moderate Mild Slight

Index range >0.6 0.5–06 0.4–0.5 0.3–0.4 <0.3

Frontiers in Environmental Science frontiersin.org11

Niu et al. 10.3389/fenvs.2022.887570

165

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.887570


In Figure 7, the sensitivity index generally shows a

declining trend. In 2000–2017, the sensitivity index

declined from 0.22 to 0.06, a decrease of 71%. In

2000–2006, the sensitivity index showed a temporary

fluctuation. In 2001 and 2003, it experienced a low growth,

but these changes were not large, and it still remained at a high

level. In 2007–2012, the sensitivity index dropped sharply,

with this decline slowing down after 2013. The changing trend

in sensitivity of the farmland system reflects the significant

improvements in its stability, with the anti-interference ability

also improving.

4.2.3 Changes in adaptive capacity
The adaptive capacity characterizes the state and resilience of

the farmland system after being disturbed. Changes in adaptive

capacity determine the actual loss of farmland in the face of

various risks and are mainly affected by the resilience of the

farmland itself and human investment in farmland protection.

Although sensitivity can describe the state of the system, it

focuses on the system stability, while adaptive capacity focuses

on the description of the system’s resilience and indicates

sustainable development.

Figure 8 shows that in 2000–2017, the adaptive capacity

index of the farmland system showed a declining trend

from 0.29 to 0.1, a decrease of 66%, which suggests that its

capacity to withstand pressure to cope with risks was greatly

improved. Specifically, in 2000–2010, the adaptive capacity

index declined from 0.27 to 0.2, but the decline rate was

small, showing that the adaptive capacity of the

farmland system during this period improved rapidly; in

2010–2014, the adaptive capacity index rapidly declined;

after 2015, it increased, with a large fluctuation that

reflected the instability of the adaptive capacity. The

lower the adaptive capacity index, the lower the

vulnerability index of the farmland system, with a decline

in the adaptive capacity index indicating a corresponding

increase in resilience.

4.3 Analysis of the degree of vulnerability
changes

To reveal the regional differences in the vulnerability of the

farmland system in the districts and counties of Sanmenxia City,

the average value, standard deviation, coefficient of variation and

slope of change based on the vulnerability index of the farmland

system in each county and district in 2000–2017 were calculated.

The average value indicates the average level of farmland system

vulnerability during these years. The standard deviation and

coefficient of variation reveal the variation of the vulnerability

index of the farmland system in the time series of each district

and county. The trend slope fits the vulnerability index of the

farmland system against time and reflects the degree of

vulnerability changes in the time dimension as shown in

Figure 9. During this period, Mianchi County had the highest

coefficient of variation in the farmland system vulnerability index

at 0.251, followed by Lushi County at 0.198, with the lowest being

Yima City at only 0.106. Mianchi County and Lushi County had

the most significant changes in vulnerability of the farmland

system.

4.4 Spatial changes in vulnerability

To further explore the changes in vulnerability, we analyzed

the spatial differentiation characteristics of the vulnerability of

the farmland system in Sanmenxia City’s districts and counties.

We selected the four time periods of 2000, 2006, 2010 and 2016,

and used ArcGIS 10.3 for technical processing. Through data

visualization, it is possible to show the spatial changes in

vulnerability at the county scale.

From Figure 10, we can see that in 2000, the overall

vulnerability of the farmland system was relatively high, and

the level of vulnerability was severe. Specifically, the vulnerability

of the farmland system in Hubin and Shanzhou Districts in the

central region of Sanmenxia City was at an extreme level,

Mianchi County in the east was also at an extreme level, with

the extreme vulnerability area showing a concentrated and

contiguous trend. Lingbao City in the west, Lushi County in

the south and Yima City in the east were areas of severe

vulnerability.

In 2006, the overall vulnerability level declined. The

vulnerability index of the eastern and southern districts and

counties was relatively low, with most of themmoderate and only

Hubin District and Lingbao City being severe. The vulnerability

of Shanzhou District and Mianchi County declined from severe

to moderate in 2000, representing a significant decline. The

vulnerability of Yima City and Lushi County declined from

severe to moderate, and Lingbao City remained unchanged at

severe.

In 2010, the vulnerability of the farmland system was mostly

at a mild level. Apart from Hubin District and Yima City, the

FIGURE 6
Changes in the exposure of the farmland system in
Sanmenxia City.
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vulnerability of other districts and counties declined. Lingbao

City declined from severe in 2006 to mild, and Shanzhou District,

Mianchi County and Lushi County declined from moderate to

mild. The vulnerability of the farmland system in Sanmenxia City

experienced significant changes to the spatial pattern, forming

wide ranging low-value vulnerable areas.

In 2016, the spatial difference in vulnerability was more

obvious than in 2010, with some areas significantly improved.

The western and central regions had relatively high vulnerability

levels. Shanzhou District, Lingbao City and Yima City increased

from mild to moderate, while Hubin District declined from

moderate to mild, and Lushi County in the south changed

from mild to slight vulnerability.

4.5 Spatial distribution of dominant types -
District and county levels

There are two districts and four counties under the

jurisdiction of Sanmenxia City. The natural conditions and

the level of social and economic development vary greatly

between districts and counties; the spatial characteristics of

farmland system vulnerability are also different in the various

districts and counties. To further explain the factors that cause

these changes in vulnerability, we used the contribution degree

model. Using its formula, we calculated the contribution degree

of the contribution factors to farmland system vulnerability in

each district and county; the sum of the contribution rate of the

three dimensions of exposure, sensitivity and adaptive capacity

was 100%. Through comparing the contribution degree of the

three dimensions of each district and county with that of the

Sanmenxia City area, the dimension with the largest difference

was found to be the dominant level causing farmland system

vulnerability in each district and county to be significantly

different from that of the Sanmenxia City area. On the basis

of this, it can be judged that there are three main types of the

farmland system vulnerability at the county level: exposure

dominant (E), sensitivity dominant (S) and adaptive capacity

dominant (A). The changes in types of farmland system

vulnerability in districts and counties of Sanmenxia City in

2000–2016 are shown in Table 6.

We selected 4 years (2000, 2006, 2010, and 2016) in which to

compare the vulnerability dominant types. The results show that

Hubin District evolved from type E in 2000 into type A in

2006 and 2010, and then to type S in 2016. This indicates that

farmland system vulnerability in Hubin District first evolved

from exposure dominant into adaptive capacity dominant, and in

recent years, has been significantly influenced by sensitivity.

Shanzhou District was type A in 2000, evolving into type E in

2006, 2010, and 2016, indicating that the farmland system in

Shanzhou District has been greatly influenced by exposure

factors since 2000. The dominant types in Lingbao City were

all type E, indicating that exposure had the most significant

impact on the vulnerability of the farmland system in Lingbao

City. Yima City was type E in 2000, evolving into type A in 2006,

and then to type S in 2016, indicating that sensitivity was the

dominant factor leading to these changes in vulnerability during

this period. Mianchi County was type A in 2000 and type E in

2006, 2010 and 2016, indicating that vulnerability was

significantly influenced by exposure factors. Lushi County was

type A in 2000 changing to type E in 2010, and to type S in 2016,

indicating that changes in sensitivity exerted a major influence on

the vulnerability of the farmland system here.

5 Discussion

5.1 Influencing factors in the vulnerability
of the farmland system based on
correlation analysis

A bivariate correlation analysis of the vulnerability of the

farmland system in Sanmenxia City can reveal its key influencing

factors. Using SPSS bivariate correlation analysis, we analyzed

the correlation between the 26 indicators in the vulnerability

assessment system and the farmland system vulnerability index

FIGURE 7
Changes in the sensitivity of the farmland system in
Sanmenxia City.

FIGURE 8
Changes in the adaptive capacity of the farmland system in
Sanmenxia City.
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FIGURE 9
Degree of vulnerability changes in the farmland system in Sanmenxia City.

FIGURE 10
Spatial changes in vulnerability of the farmland system in Sanmenxia City.
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of Sanmenxia City to obtain the correlation coefficients of

26 vulnerability variables.

As indicated in Table 7, the changes in the vulnerability of the

farmland system were significantly correlated with 16 factors,

including X5 (per capita farmland), X6 (highway density), X7

(population density), X8 (urbanization rate), X9 (pesticide load

per unit of farmland), and X11 (mulching film load per unit of

farmland); the changes in the vulnerability of the farmland

system in Sanmenxia City were generally correlated with three

factors, namely, X10 (fertilizer load per unit of farmland), X18

(sewage treatment rate), and X26 (agricultural mechanization

level). Changes in vulnerability had little correlation with five

factors, including X1 (mean annual temperature), X2 (mean

annual rainfall), and X3 (annual drought days). These indicate

that in the Sanmenxia City area, many factors have a high

correlation with farmland system vulnerability.

Urbanization, land use intensity and agricultural pollution

are major factors influencing farmland system vulnerability.

In 2000–2017, Sanmenxia City’s farmland system remained in

a high exposure state and was subject to relatively high risks,

which were mainly due to human interference. According to

the correlation coefficient, climatic factors had little

correlation with the changes in the vulnerability of the

farmland system, while the correlation between population

density, urbanization rate, highway density and changes in

farmland system vulnerability was relatively high. With the

increase in population and the development of the social

economy, the demand for food is also increasing. In order

to ensure food production, farmers constantly increase the use

of pesticides, fertilizers and mulching films, which make

farmland pollution worse. The urbanization rate of

Sanmenxia City rose from 26.36% to 53.11% during these

TABLE 6 Changes in dominant types of farmland system vulnerability in districts and counties of Sanmenxia City.

Area\year Hubin district Shanzhou district Lingbao city Yima city Mianchi county Lushi county

2000 E A E E A A

2001 S E A E E S

2002 S A E S A A

2003 S E A A S A

2004 S E A A E A

2005 S E E A E A

2006 A E E A E S

2007 S E S A A E

2008 A E E E E E

2009 A S E S E S

2010 A A E S E E

2011 E E S S S S

2012 E S S S E E

2013 E E E S S E

2014 E E S S S E

2015 E S E E S E

2016 S E E S E S

TABLE 7 Correlation coefficients of vulnerability of the farmland system in Sanmenxia City.

Correlation
factor

Correlation
coefficient

Correlation
factor

Correlation
coefficient

Correlation
factor

Correlation
coefficient

Correlation
factor

Correlation
coefficient

X1 −0.134 X8 −0.901** X15 0.923** X22 0.904**

X2 0.280 X9 −0.898** X16 −0.649** X23 −0.923**

X3 0.101 X10 −0.554* X17 0.953** X24 0.899**

X4 −0.386 X11 −0.902** X18 0.524* X25 0.621**

X5 0.850** X12 −0.700** X19 0.923** X26 0.529*

X6 0.824** X13 0.608** X20 0.888**

X7 −0.893** X14 0.807** X21 −0.047

Note: * denotes that the variable is significantly correlated at the 0.05 level (2-tailed); ** indicates that the variable is significantly correlated at the 0.01 level (2-tailed).
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18 years. The continuous advancement of urbanization and

the increase in urban population led to the rapid expansion of

urban construction. Some high-quality farmland around the

city is occupied, and the development of road traffic also

results in the expansion of construction land on both sides of

the road, in turn resulting in an increase in the intensive use of

farmland. Therefore, for the farmland system of Sanmenxia

City, high exposure is due to the stress of social factors on the

farmland, with natural factors having little correlation

with this.

The optimization of the farmland use structure and

improvements to the ecological environment can reduce the

sensitivity of the farmland system. The multiple cropping

index, forest coverage rate, and farmland ecosystem resilience

are highly correlated with changes in farmland system

vulnerability. The multiple cropping index of the farmland in

Sanmenxia City has declined over these 18 years from 1.58 to

1.38. The decline in the multiple cropping index shows that the

intensity of farmland use in the Sanmenxia area is falling and the

quality of farmland is poor. Proper fallowing is conducive to

improving the nutrient restoration of farmland and promoting

its sustainable use. The reduction in the intensity of farmland use

and the improvement in water-soil coordination ensure its

sustainable production capacity. The forest coverage rate of

Sanmenxia City rose from 36% to 51% during this period.

This increase not only improves the ecological environment,

but also plays a key role in maintaining water and soil and

conserving water resources, which is of utmost importance to the

stability of the ecosystem of the city, where there are large

mountainous and loess areas.

In 2000–2017, the adaptive capacity of the farmland

system gradually fell, which means that actual losses

suffered when faced with various risks are decreased. The

above analysis indicates that agricultural financial

expenditure, rural income per capita, employment levels in

primary industries, and agricultural output value have a

high correlation with the vulnerability of the farmland

system in the Sanmenxia City area. The increase in

expenditure by government on agriculture provides

advanced equipment and technology for agricultural

production and optimizes the use of farmland. From the

perspective of farmers, an increase in income from

farmland leads to improvements in farming technology,

more capital investment in the farmland system, and

increases in productivity. The decline in the employment

level in primary industries is mainly due to the decline in

the rural population, with most young and middle-aged

people going out to work. Most of those left behind are

elderly and unable to work. The loss of rural labor has

caused part of the farmland to be abandoned or left

unattended, leading to a waste of farmland resources. The

decrease in the number of people engaged in agriculture has

impacted on the adaptive capacity of the farmland system.

5.2 Influencing factors of farmland system
vulnerability

The development of vulnerability theory is already

advanced, but there are still few studies on farmland

system vulnerability. As a complex SES, the farmland

system faces the dual interferences of human activity and

natural elements. Since research on these issues is

comprehensive, the construction of farmland system

vulnerability indicators is inevitably limited. However, this

research has the following limitation: when assessing the

vulnerability of the farmland system in Sanmenxia City,

constructing the indicator system is problematic due to the

incompleteness and inaccessibility of some data. For example,

it is difficult to obtain continuous data on soil quality and soil

erosion conditions that can characterize the transitional

characteristics of the Loess Plateau. Consequently, this

research does not cover all the variables reflecting the level

of ecological vulnerability, and the evaluation results caused

by the vulnerability of the farmland system might be different

from the actual results.

The dimensions in the social-ecological framework are

often spatial or temporal; it is also recognized that supralocal

and current events may influence the outcomes of social-

economic status (Pulver et al., 2018). In the cross-scale

interaction model, the fine-scale process can affect a wide

spatial range or a long time period, or the large-scale drivers

can interact with the fine-scale to determine the system

dynamic process (Peters et al., 2007). Cross-scale

interactions are considered to be the basis for the

transformation of cascade mechanisms (Rocha et al., 2018)

and are increasingly seen to have important implications for

ecosystem processes, although the complexity of SES poses

significant challenges to understanding these interactions

(Ting et al., 2020). This research on the vulnerability of the

farmland system in Sanmenxia City area has wider significance

for the study of other large-scale farmland systems. Our

research has shown that the regional farmland system has

the same characteristics of significant vulnerability as the

large-scale SES. Although regional small-scale research has

particularities and limitations, natural factors with large-scale

characteristics, such as temperature, precipitation, drought and

floods, have little effect on the vulnerability of the farmland

system, indicating that a local balance can be achieved through

an adaptive mechanism in the long-term evolution process;

human factors are a key process driving these system changes.

This result is also consistent with the fact that there have been

frequent extreme weather disasters in China in recent years,

although food production has not decreased. It should be noted

that this paper studies the vulnerability of farmland ecosystems

in the study area in a short time span and pays little attention to

the interaction between regions and elements. Future studies

could feasibly focus on the vulnerability of farmland systems at
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different scales and in different regions, in order to explore the

cascading regime of cross-scale farmland system interaction. In

this case, a dynamic protection mechanism for the farmland

SES could provide countermeasures for solving and preventing

the issues of sustainable utilization of farmland.

From the above analysis, it is seen that as a complex

system, SES has many factors that affect its stability. It is

not enough to evaluate the vulnerability of SES. It is clear that

the main risks faced by the farmland system in the Sanmenxia

City area are due to the pressure caused by rapid social and

economic development, while the influence of natural

factors is not significant. Avoiding these risks is an effective

means of controlling the vulnerability of the farmland

system. Thus, when formulating farmland policies, the

Sanmenxia municipal government and functional

departments should control them from the macro level,

ensuring overall awareness, and providing guidance for the

formulation of policies in all districts and counties under their

jurisdiction.

The results show the feasibility of the evaluation of

farmland vulnerability in a fine scale system. First, the index

system is constructed. In addition to referring to the relevant

research results, our research group also visited Sanmenxia City

and the functional departments of counties and districts in July

2016 and March 2017 to collect data and conduct interviews.

Experts from Sanmenxia Land Bureau, Agriculture Bureau and

the Farmland Protection Bureau were invited to mark the index

comparison matrix constructed by AHP. Based on these data

and expert interviews, combined with the specific situation of

farmland use in Sanmenxia City, the evaluation index system is

set. Although this may deviate from existing research results, it

is closer to the local situation. Second, the entropy weight

method used in this paper is relatively weak in correlation

compared with the set pair analysis and pairwise analysis.

However, it solves the overall problem of the system. Due to

limited space, this paper does not explore further the

correlation between indicators. Third, the consistency of

land use data is mainly due to the large difference between

image interpretation data and annual change data. The

indicators in the paper are calculated based on the data

integrated in each year, and the calculation results are closer

to the actual situation in the study area.

6 Conclusion

In this paper, the vulnerability theory and evaluation method

are applied to the study of the farmland system, and the VSD

research framework of the farmland system is constructed. The

results show that:

(1) In 2000–2016, the vulnerability index of the farmland system

in Sanmenxia City showed an overall downward trend,

declining from extreme to mild vulnerability. In terms of

the three dimensions of farmland system vulnerability,

exposure showed an increasing trend, reflecting the fact

that both interferences and risks for the farmland system

were greater. However, the sensitivity index fluctuated,

indicating that the actual loss of the farmland system in

dealing with various risks was reduced. The adaptive capacity

index showed a declining trend as well, indicating that the

ability of the farmland system to withstand stress and deal

with risks was greatly improved. Data analysis showed that

the increase in the exposure index of the farmland system is

much lower than the decrease in the sensitivity and adaptive

capacity indexes. Therefore, despite the increase in risks and

disturbances, the overall vulnerability of the farmland system

still decreases.

(2) In terms of the spatial distribution, the vulnerability of the

farmland system in the districts and counties of Sanmenxia

City is unevenly distributed as it is higher in the central and

western regions and lower in the south. Overall vulnerability

shows a declining trend from “high in the central and eastern

regions and low in the southwest” in 2000 to “high in the

central and western regions and low in the southeast”

in 2016.

(3) The main factors influencing the vulnerability of the

farmland system in Sanmenxia City are the sensitivity and

adaptive capacity of human social and economic activities

and the capacity of the farmland system to cope with stress.

Population growth and rapid urbanization are the main risk

factors for the farmland system in Sanmenxia City, as they

place great pressure on the intensity of farmland use.

However, the increase in agricultural financial investment

and farmers’ incomes results in higher agricultural

production, farming technology and factor input intensity,

so the farmland system becomes less sensitive to the threat of

risks. The implementation of regional agricultural policies,

changes in agricultural production factors, farming

technology inputs, and farming intensity provide support

for the stable operation of the farmland system, enabling

farmland to be more resilient to risk stress.
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The spatio-temporal changes of
cropping patterns in the black
soil area of China: Lessons from
Wangkui County

Guoming Du*, Longcheng Yao and Dawei Hou

School of Public Administration and Law, Northeast Agricultural University, Harbin, China

A reasonable planting crop pattern can effectively contribute to maintaining soil

fertility and ensuring stable crop growth in the black soil regions of China. This study

aimed to analyze the evolution of cropping patterns in Wangkui County between

2002 and 2021. By using ArcGIS and ENVI software, during which visual

interpretation was applied, we interpreted three crop rotation cycles based on

the classification data of remote-sensing inversion crops for 2002–2005,

2010–2013, and 2018–2021. Our results indicated that maize, rice, and soybean

were the three major crops which accounted for a total of 87.02% of the farmland

during our study period, while the cropping pattern was dominated by continuous

maize cultivation (31.25%), mixed cultivation (29.01%), and continuous

maize–soybean cultivation (24.48%). Specifically, the continuous maize

cultivation was mainly distributed in the south-central and west-central parts,

whereas continuous rice cultivation spread from the northwest to the

southwest. In addition, the rice–soybean rotation tended to gather in the

southwest and north and spread to the central part, and the rice–maize rotation

presented a tendency of radiation diffusion from the county’s northwest region to

the surrounding areas. This study could provide a practical basis for establishing

high-yield and efficient planting models in the black soil areas of China.

KEYWORDS

remote sensing, cropping patterns, black soil areas, geographical information
mapping, China

Introduction

China’s black soil region is considered one of the most important crop production

bases to meet the increasing food demands (Xu et al., 2010). As one of the four

predominantly black soil areas in the world, several studies highlighted that the total

grain production accounted for one-quarter of China’s total crop production (Sinica,

2018). The quantity of commodity grain transferred from the northeast black soil area

accounted for one-third of the country. Accordingly, the black soil region in China is the

“ballast stone” to maintaining national food security. As the “giant panda in arable land,”

black soil is the most suitable land for cultivation. The rational use and conservation of

black soil is a matter of food security for present and future generations. However, the
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high level of exploitation and use over a long period has resulted

in soil erosion, water consolidation, salinization, and sandy soil,

which has reduced the fertility of black soil in China (Cai, 2019).

This situation may threaten the country’s food security,

ecological environment, and sustainable development. Hence,

proper cropping patterns can play crucial roles in improving

black soils’ physical and chemical properties and increasing their

fertility. Crop rotation is a good cropping pattern that coexists

with land use and maintenance and coordinates the cultivated

land’s protection and utilization. Few studies have shown that

crop rotation can improve the soil’s physical and chemical

properties, thus increasing crop yield and economic benefits

(Huang et al., 2003). In addition, crop rotation can improve

the water-use efficiency of crops (An, 2016; Yang, 2019),

conducive to the growth and development of crops. In the

strategic context of vigorously advocating the good use and

protection of black soil (Wang, 2021) and the implementation

of crop rotation and fallow systems (Zhao, 2017), it is of far-

reaching significance to explore the types, spatial patterns,

distribution patterns, and evolutionary trends of cropping

patterns in the black soil areas of Northeast China.

Cropping pattern refers to a standardized way of using arable

land or crop cultivation under certain natural and socioeconomic

conditions and is a combination of crops in time, space, and plane

(Dong, 1999), divided into two patterns of continuous crop and crop

rotation (Wu, 2002). As cropping patterns are complex and diverse,

scholars have mostly used remote-sensing images to extract spatial

information on crops and planting structures (Wang, 2022). For

instance, Zhang (2022) constructed a time-series weathering feature

set based on the GEE platform and Sentinel-NDVI data to finely

identify and map six cropping patterns of five crop types in the

Jianghan Plain. In the same context, Su (2013) used the time-series

Landsat 8-NDVI to extract the planted area of maize in the fields of

Baoding City, Hebei Province. In another research, Foerster et al.

(2012) proposed a hierarchical classification method based on

spectral–temporal profiles based on each crop type’s distinct

seasonal, spectral behavior to classify and validate the accuracy of

12 crop types over several consecutive years in a 14,000 km

catchment area in Northeastern Germany. El-Magd and Tanton

(2003) used multi-stage maximum likelihood supervised

classification for satellite sensor data improvement to improve the

accuracy of crop identification in irrigated areas. Research on the

identification and extraction of cropping patterns is becoming more

sophisticated, but there is less research on cropping pattern changes,

while research on land-use change is relatively mature.

Regarding the land-use change phenomena, Svoboda et al. (2022)

used Sentinel-2 data to analyze the land-use change in the Czech

region. Buya et al. (2022) alsomeasured the rate of change of land-use

types in Krabi City, Thailand, based on a logistic regression model of

built-up land. They had a grid-digitized data structure. Hohensinner

et al. (2021) applied a “regressive–iterative GIS reconstruction

method” combining historical maps and optical remote-sensing

data to explore the long-term evolution of land cover in the

Alpine valley. In terms of land-use change prediction and

evolutionary analysis, Truong et al. (2022) constructed the

MEKOLUC (Mekong Delta Land Use Change) land-use change

model to simulate land-use change under the influence of

socioeconomic and environmental factors as a means of predicting

the resilience of crops to climate impacts and soil salinity in 2030.

Jiang et al. (2019) created an integrated LULCCmodel by integrating

a simple global socioeconomic model, a terrestrial ecosystem

simulator (TESim), and a land-use allocation model, combining

land use, socioeconomic impacts, and ecosystem processes as a

means to explore the future land-use dynamics of China under

two scenarios. Girma et al. (2022) modeled the land-use cover

change in the Gidabo River Basin of the Ethiopian Rift Valley

based on a neural network with a cellular automata-Markov chain

model to simulate and predict the land change from 1985 to 2050.

Overall, land-use change studies have been conducted mainly in

terms of the phenomenon of land-use change, the prediction of land-

use change, and the analysis of its evolution, providing a rich source of

ideas for the analysis of the evolution of cropping pattern types.

However, the irreversible character of land-use change is absent in

crop conversion, moreover, crop change is reversible and diverse so

mapping studies of cropping patterns need a higher temporal

resolution to analyze inter-annual or inter-seasonal crop

conversion characteristics. It is, therefore, fundamentally feasible to

apply the research ideas of land-use change typology to the analysis of

the evolution of cropping patterns. Still, it is also necessary to pioneer

and innovate practically, given the importance of cropping patterns,

to ensure food security and soil health.

Wangkui is one of the typical counties in the black soil region of

the Northeast China. TakingWangkui County as the study area is to

provide a scientific basis for the promotion of crop rotation fallow

systems in the black soil areas of Northeast China. The data in this

study were based on crop classification data from Landsat of

Wangkui County for three time periods, 2002–2005, 2010–2013,

and 2018–2021. Based on research data, we used geo-information

Tupu, information remapping rules, and kernel density estimation to

reveal the evolution of cropping patterns in Wangkui County. Our

specific objectives were to: 1) explore the change in land area for each

cropping pattern within each rotation cycle in Wangkui County, 2)

analyze the changes in the spatial layout of the pattern, and 3)

describe the influences, potential factors, and regulatory measures for

the evolution of cropping patterns.

Study area

Wangkui County is located in the transition zone between the

Songnun Plain and the southwestern edge of the Xiao Hinggan

Mountains in the Central Heilongjiang Province, between

126°10′–126°59′E and 46°32′–47°28′N (Zhang, 2022). It is part of

Suihua City, Heilongjiang Province, which is one of the typical

counties in the black soil region of the Northeast China, as

shown in Figure 1. Wangkui County consists of 10 towns, three
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townships, and two ethnic townships. The county’s topography is

high in the east and low in the west. There are rolling hills, gently

sloping rambling hills, and low-lying plains in the county, with an

average altitude of 167 m. The climate ofWangkui County belongs to

the north temperate continental semi-humid monsoon climate with

an average annual temperature of 2.8°C. The average yearly

precipitation is 475 mm/year. The county’s total area is 2,318 km2,

of which 1,413.33 km2 is arable land with a cultivation rate of 60.97%.

The soil types distributed in the district are mainly black soil, black

calcium soil, and meadow soil, of which black soil is the main one,

accounting for 52.62% of the total arable land area, which is widely

distributed in the district. Wangkui County is located in the

hinterland of the typical black soil area of Northeast China, with

fertile soil suitable for agricultural cultivation (Liu, 2022). The main

body of the agricultural operation is mainly farmers, and the crop

maturity system is annual, mainly growing soybeans and corn.

Wangkui County has a more developed plantation industry.

According to the data of the government of Wangkui collected

on June 2022 (WWW.HLWANGKUI.GOV.CN), the county sowed

168,000 hm2 of grain crops, with a total grain output of 1,081,500 t,

accounting for one-seventh of the province’s grain output in 2020.

Materials and methods

Data sources

Based on the remote-sensing identification methods of crop

types and existing studies (Yanjun and Yuhong, 2021),

Landsat7 ETM+ for 2002, 2003, and 2010–2012, Landsat5 TM

for 2004 and 2005, and Landsat8 OLI remote-sensing images for

2013 and 2017–2021 in July, August, and September were selected as

the main data sources (https://glovis.usgs.gov) (as shown in Table 1).

The annual update database of the Third Land Survey with the

resolution of 30 m, the vector data of administrative divisions of

Wangkui County, and the 30 m resolution DEM data of the county

area were used as auxiliary data. The process of data pre-processing

mainly refers to image pre-processing of remote-sensing inversion

crop classification data using ENVI. The process was as follows: first,

the geometric correction of the remote-sensing images was carried

out based on the 30 m resolution DEM data of the county, in which

the erroneous bands need to be removed before the geometric

correction of the landsat7 ETM+ remote sensing images of

2003 and 2010–2012 (Ji Fuhua, 2020). Based on pre-processing

methods such as radiometric calibration, atmospheric correction,

image fusion, and image mosaic, a mask was created using the

county’s arable land vector data to crop the remotely sensed images.

The key to the visual interpretation method lies in establishing

the interpretation elements, also known as interpretation markers,

which can directly reflect the image features with obvious

discriminative differences in feature information and are the basis

for human–computer interactive interpretation and translation of

remote-sensing images. Based on the analysis of the band

combination characteristics of Landsat5 TM, Landsat7 ETM+,

and Landsat8 OLI, we selected the band combination method

that is sensitive to different crops and established a crop

classification system for the study area by applying RGB pseudo-

color synthesis to different bands of remote-sensing images, mainly

FIGURE 1
The geographical localization of the study area.
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including rice, maize, soybean, and other crops. The remote-sensing

images were then interpreted and deciphered according to the

information in the Appendix.

The sample points were selected according to the principle of

uniform distribution, and the sample points were mapped according

to the cultivation area and spatial distribution on remote-sensing

images of different crops to build a crop classification training sample

point set. Among them,maize and soybean were themain food crops

in the study area, with a wide distribution and a large planting area.

One hundred sample points were selected for each crop, randomly

divided into 70 training samples and 30 validation samples. Rice and

other crops had a smaller area, and each of the 80 sample points was

randomly divided into 56 training samples and 24 validation samples.

The overall accuracy was 0.91–0.97, with a kappa coefficient of

0.93–0.95, which met the accuracy requirements for general

operations. Finally, the “Support Vector Machine Classification”

function was used in ENVI to supervise the classification of

various crops in Wangkui County from 2002 to 2005, 2010 to

2013, and 2018 to 2021.

Methodology

Geo-information Tupu
In land-use change research, geographic information Tupu

theory is one of the mainstream research methods which

combines the characteristics of the temporal and spatial

distribution of features and can clearly express the characteristics

of spatial and temporal land-use change. It is conducive to deepening

the expression of the inner evolution of land-use change andmultiple

dimensions. A map has the dual nature of a “graph” and a

“spectrum” of elements, with the “graph” visually expressing the

spatial distribution characteristics of the elements and the “spectrum”

reflecting the process of the elements. “The combination of map and

genealogy can show the spatial and temporal evolution of the

elements in a comprehensive manner. Drawing on existing

research, the formula for calculating the elemental raster cells in

geo-information mapping can be expressed as

C � 10A + B,

where C is the unit attribute value for the change in element type

during the study period. A is the element unit attribute value for

the previous period, and B is the element unit attribute value for

the latter period.

In this article, based on the 12-crop classification raster data

from 2002 to 2005, 2010 to 2013, and 2018 to 2021, we first

reclassified them in ArcGIS, coding the attribute values of raster

cells characterizing rice, maize, soybean, and other features as 1,

2, 3, and 4 respectively, and then used the “map algebra” function

in the ArcGIS spatial analysis module to spatially overlay them.

The raster data of the three-crop rotation cycles in Wangkui

County from 2002 to 2005, 2010 to 2013, and 2018 to 2021 can be

obtained by spatial overlaying using the “map algebra” function

in the ArcGIS spatial analysis module. The specific calculation

formula is as follows:

G1 � 1000Y2002 + 100Y2003 + 10Y2004 + Y2005,

G2 � 1000Y2010 + 100Y2011 + 10Y2012 + Y2013,

G3 � 1000Y2018 + 100Y2019 + 10Y2020 + Y2021,

whereG1,G2, andG3 are the coding values of the mapping units that

characterize the changes in crop information during the study period.

Y2002, Y2003, Y2004, Y2005, Y2010, Y2011, Y2012, Y2013, Y2018, Y2019, Y2020,

andY2021 are the coding values of themapping units that characterize

the crop information for the 12 years: 2002, 2003, 2004, 2005, 2010,

2011, 2012, 2013, 2018, 2019, 2020, and 2021, respectively.

Information remapping rules
Based on the methodology of geo-information Tupu used by

Guo-ming (Guo-ming and Yu, 2022), we used the map algebra

TABLE 1 Remote-sensing image information.

Landsat images Year Imaging time Resolution ratio/m Proportion of cloud/%

Landsat7 ETM+ 2002 07–06 30 5.21

Landsat7 ETM+ 2003 08–26 30 7.63

Landsat5 TM 2004 09–21 30 4.33

Landsat5 TM 2005 08–07 30 5.35

Landsat7 ETM+ 2010 09–14 30 6.16

Landsat7 ETM+ 2011 09–01 30 0.99

Landsat7 ETM+ 2012 09–19 30 2.67

Landsat8 OLI 2013 09–30 30 1.82

Landsat8 OLI 2017 09–09 30 2.93

Landsat8 OLI 2018 07–10 30 0.7

Landsat8 OLI 2019 09–15 30 1.13

Landsat8 OLI 2020 07–15 30 2.69

Landsat8 OLI 2021 09–04 30 3.79
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tool in ArcGIS 10.4 to spatially overlay crop classification raster

data during the periods stemming from 2002 to 2005, 2010 to

2013, and 2018 to 2021 to obtain crop-change information maps

with 255, 256, and 249 class codes for the three-crop rotation

cycles, respectively. However, cropping patterns cannot simply

be equated with crop change information. They are a further

classification and synthesis of the latter. Therefore, both

information-mapping units and information-remapping rules

were established based on the cropping patterns and the

crop’s coding characteristics of the crop change (Figure 2).

Under these rules, the mapping was reconstructed using the

reclassification tool in ArcGIS and can be broadly grouped into

seven categories of cropping patterns. Of these, 204, 205, and

198 codes were generated by the overlay of only three crop units,

rice, maize, and soybean, within each rotation cycle, and the

following can be found:

(1) The coding of a plot with seven crop rotations for at least

three consecutive years of rice cultivation in a 4-year period,

which was uniformly named “rice continuous cropping

pattern,” implied that the plot had a significant rice-crop

problem.

(2) Codes indicating that a plot had been planted for maize for at

least three consecutive years in 4 years, with all three rotation

cycles being seven, were unified under the name “maize

continuous cropping pattern,” which indicated that the plot

had a more pronounced barrier to continuous maize crop.

(3) Codes indicating that a plot had been planted for soybeans

for at least three consecutive years in 4 years with seven crop

rotations, which were uniformly named “soybean

continuous cropping pattern,” which implied that the plot

had amore pronounced problem of soybean crop succession.

(4) A code indicating that a plot was planted to rice and maize in

rotation for 4 years, with all three rotation cycles being 10,

would be uniformly named “rice–maize rotation,” which

indicated a form of planting in which rice was dominant and

maize was supplementary or maize was dominant. Rice was

supplementary in any three consecutive years of a rotation.

(5) A code indicating that a plot had 10 rotations of rice and

soybeans over 4 years, all three rotations being unified under

the name “rice–soybean rotation pattern,” which indicated a

form of cultivation in which rice was dominant and soybeans

were supplemented or soybeans were dominant. Rice was

supplemented in any three consecutive years within a

rotation.

(6) The coding of three rotation cycles of maize and soybeans in

a plot of land in a 4-year rotation was 10 types, which were

uniformly named “maize–soybean rotation pattern.” Such

patterns indicated that in any three consecutive years of a

rotation cycle, maize was the main crop, soybeans were

supplemented, and soybeans were the main crop, and

maize was supplemented, which was the most widespread

traditional crop rotation pattern in Northeast China.

(7) The three crop rotation codes, 204, 205, and 198, which

indicated that a plot was planted with other crops for at least

one of the 4 years, were named “mixed cropping pattern,”

which included several cropping patterns such as Chinese

hemp crop, water, dry crop, mixed crop rotation, etc. These

patterns achieved a certain degree of alternation of the crops.

Kernel density estimation
The kernel density estimation (KDE) method is to fit the

distribution pattern of known data points by estimating the

probability density of a randomly distributed point data

distribution and obtaining the probability distribution curve of

the data without any parameter evaluation model assumptions

and has now become one of the mainstream methods for

studying the spatial elemental aggregation characteristics of

regions. In this article, the kernel density of various cropping

pattern plots is calculated to demonstrate the spatial

agglomeration characteristics of cropping patterns.

f(x) � 1
nh

∑
n

i�1
k(

x − xi

h
),

where f(x) is the kernel density value; n is the number of known

points; h is the bandwidth; k is the kernel function; x is the

estimated point coordinate value; and xi is the sample point

coordinate value. This article used the kernel density estimation

method to measure the spatial clustering characteristics of

various types of cultivation pattern plots in Wangkui County.

First, the raster of cropping patterns was converted into point

elements using the “raster to point” function in ArcGIS. Then,

the kernel density values were measured based on these point

elements.

Results

Analysis of the types of cropping patterns

As can be seen from Figure 3, the cropping pattern in Wangkui

County was dominated by maize, soybeans, and rice. Specifically, the

sum of the planted areas of rice, maize, and soybeans in Wangkui

County accounted for 87.31% of the total during the study period; the

inter-year results showed several variations. For instance, in 2002, the

land area of soybean represented 67.13%. This result immediately

decreased in 2003 and represented 9.43%. This situation seemed the

opposite of maize, which recorded 13.84% in 2002 and increased by

70.38% in 2003. The land area of rice was not significant. It gained

12.5% in 2021. This result was the highest for the rice land area

during this period.

The areas planted by cash crops such as mixed grains, yams, and

hansa were relatively low and stable and thus were uniformly

categorized as other crops. The change in acreage for maize and

soybeans showed a complementary relationship: when maize
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increases, soybeans will decrease. Conversely when maize decreases,

soybeans will increase. A decrease characterized the change in the

acreage of other crops to increase and then decrease over the crop

rotation cycles. As the spatial distribution in adjacent years was

similar, we visualized them in turning and extreme years (2018, 2019,

2020, and 2021) (Figure 4). Specifically, soybean andmaize plots were

widely distributed in the county. Their distribution areas were

constantly changing and in a “reciprocal advance and retreat”

relationship during the 4 years. Rice was concentrated in the

western part of the county and was characterized by a banded

distribution along the river valleys, whereas other crops were

scattered in the county.

Spatial patterns of crop rotation at
different stages

According to the information remapping rules of the cropping

patterns, plots characterizing seven types of cropping patterns in each

rotation cycle-crop classification system, including rice continuous-

FIGURE 2
Information remapping rules. (A) Crop classification data during 2017–2021; (B) information remapping rules between crop-change
information Tupu units and cropping pattern classification system. RCC, rice continuous cropping; MCC, maize continuous cropping; SCC, soybean
continuous cropping; RMR, rice–maize rotation; RSR, rice–soybean rotation; MSR, maize–soybean rotation; MP, mixed cropping pattern.

FIGURE 3
Change in proportion of crop acreage in Wangkui County, 2002–2005, 2010–2013, and 2018–2021.
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cropping pattern, soybean continuous-cropping pattern, maize

continuous-cropping pattern, rice–soybean rotation, rice–maize

rotation pattern, maize–soybean rotation pattern, and mixed

cropping pattern, were mapped (Figure 5).

Based on the evolution of the cropping patterns and the

classification results, the percentage of acreage planted in various

cropping rotation cycles in Wangkui County was calculated, as

shown in Figure 6.

The main cropping patterns in the black soil area of Wangkui

County included maize continuous-cropping pattern, mixed-

cropping pattern, maize–soybean rotation pattern, and soybean

continuous-cropping pattern, with the total area of the four

patterns accounting for 95.28%, 94.66%, and 81.69% in each

rotation cycle, respectively. Among them, the maize continuous-

cropping pattern was themain one with 39.89%, 29.30%, and 24.56%

of the planting area in each rotation cycle. In contrast, the main

cropping pattern of rotation was themaize–soybean rotation pattern,

with 25.79%, 32.42%, and 15.22% of the planting area in each

rotation cycle, respectively. As the crop rotation cycle progressed,

the planted area of the maize–soybean rotation pattern and the

soybean continuous-cropping pattern showed a trend of “increasing

before decreasing” the planted area of themaize continuous-cropping

pattern showed a trend of decrease period by period. The planted

land area of the mixed-cropping pattern showed a trend of

“decreasing before increasing.” The area planted in the rice

continuous-cropping pattern, the rice–maize rotation pattern, and

the rice–soybean rotation was relatively low and stable.

Spatial distribution characteristics and
evolution of main cropping patterns

This article used the kernel density estimation method to

measure the spatial distribution and evolution of the plots of

FIGURE 4
Spatial distribution of the crops: rice, maize, soybean and other crops in Wangkui County from 2018 to 2021.

FIGURE 5
Evolution of the spatial distribution of the plots of various cropping patterns.
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various cropping patterns in Wangkui County. The spatial and

temporal variations of the various cropping patterns were

significant (Figures 7–13).

Among them, the maize continuous-cropping pattern was

mainly distributed in the south-central and west-central parts of

the county, including Huojian Town, Xianfeng Town, and Housan

Township, with a tendency to gather in the east and spread to the

northeast. The plots of the mixed-cropping pattern were distributed

in the western and northeastern parts of the county in a concentrated

and continuous manner, with the characteristics of “local

concentration and dispersion” in the county, evolving from the

northeast to the southwest; the maize–soybean rotation pattern

was widely distributed in the central, eastern, and northern parts

of the county, with a trend of spreading from the northeast to the

southwest; the soybean continuous cropping pattern was mainly

distributed in the northern part of the county, with Huiqi Manchu

Town and Lianhua Town being the most concentrated and evolving

in a “north first, then south” trend; the rice continuous-cropping

pattern was mainly distributed in Xianfeng Town, with a trend of

spreading from the northwest to the southwest of the county; the

rice–soybean rotation pattern was mainly distributed in the western,

central, and northern parts of the county, with a trend of gathering in

the southwest and north and spreading to the center. The rice–maize

rotation pattern spread from Xianfeng Town in the northwestern

part of the county to the surrounding area. If we compare the spatial

distributionwith them, it could be seen that therewas a certain spatial

complementarity between the soybean, maize, and rice continuous-

cropping patterns in the evolutionary process; the evolutionary trends

of the rice–soybean, rice–maize, and maize–soybean rotation

patterns also had the same relationship.

FIGURE 6
The proportion of cropping patterns in different crop rotation cycles.

FIGURE 7
Spatial distribution characteristics and evolution of soybean continuous-cropping pattern.
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Discussion

Factors influencing the evolution of
cropping patterns

Various factors influence the formation and evolution of

crop cultivation structures. They result from national

policies, scientific and technological progress, social

demand, economic efficiency, and natural conditions. With

the rapid development of social and economic development

and the continuous improvement of people’s living

standards, people’s consumption structure of crops and

their ancillary products has changed and they are no

longer satisfied with subsistence. Still, they seek not only

to live well but also to eat well. The most obvious feature of

the marked improvement in the structure and quality of

consumption is the continuous decline in the proportion

of expenditure on food.

Over the past 30 years, the Engel coefficient of per capita food

consumption expenditure of urban households in China has

generally shown a declining trend (Gao Jinzhe, 2019). In terms of

food consumption trends, as the quality of living standards

improves, people’s demand for food rations decrease, while

the demand for processed foods such as meat, eggs, and milk

FIGURE 8
Spatial distribution characteristics and evolution of maize continuous-cropping pattern.

FIGURE 9
Spatial distribution characteristics and evolution of rice continuous-cropping pattern.
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increase, and households in rural China tend to consume higher-

quality food as their income increases (Yu and Abler, 2009).

Thus, changes in the structure of people’s consumption and

demand are important factors influencing the cultivation of food

crops. In terms of production management practices, the rapid

economic growth and rising consumption levels have made it

difficult for families to sustain a single farming operation, so the

trend is for most migrant workers tomove to the cities and for the

economy to shift away from a focus on farming (Li, 2019).

The choice of a management-friendly, high-yield, short-cycle

cropping pattern is particularly important, and two food crops,

maize and soybeans, stood out for their high yields, drought

tolerance, and short maturity periods, leading to maize and

soybeans becoming the main food crops in the black soil

areas of Northeast China. With the deepening of global

integration, the trend of international prices of agricultural

products significantly impacts the evolution of the crop

rotation model. China’s soybeans are highly dependent on

imports. High prices curbed the global soybean consumption

demand in 2022. Export demand was slowing, with the

possibility of a downward revision of export volumes in the

future, which in turn will slow the decline in global soybean

ending stocks, which will lead to a significant projected increase

in the area sown and production of domestically produced

soybeans in China. In addition to this, an increase in the yield

of a grain crop due to technological progress or increased

FIGURE 11
Spatial distribution characteristics and evolution of rice–maize rotation pattern.

FIGURE 10
Spatial distribution characteristics and evolution of rice–soybean rotation pattern.
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fertilizer application, for example, will lead to a corresponding

increase in the share of that grain crop if the planted area remains

unchanged (Liu, 2019), which in turn will affect the cropping

configuration of the crop rotation pattern.

Potential impact of the evolution of crop
rotation patterns

Crop rotation as a combination of land use and land

nourishment has a profound impact on land ecology, food

security, and the development of social production. The crop

rotation model is based on an organic fit between the phenomena

to be studied under the crop rotation system and the laws governing

the cultivation of food crops. Since ancient times, China has had a

traditional practice of rotating crops on arable land, which helps

improve the soil’s physical and chemical properties. The successive

cultivation of the same crop on the same plot formany years can have

a serious impact on the nutrient structure and the physical properties

of the soil, which can be remedied to a large extent by replacing crop

rotation patterns. At the same time, crop rotation is an important

safeguard for the growth and development of crops, as it not only

effectively promotes the attenuation of weeds in the field and reduces

unnecessary soil nutrient loss but also provides significant protection

against plant pathogens and pests (Jalli et al., 2021). The replacement

of crop rotation patterns play a significant role in crop yield,

FIGURE 12
Spatial distribution characteristics and evolution of maize–soybean rotation pattern.

FIGURE 13
Spatial distribution characteristics and evolution of mixed-cropping pattern.
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particularly with legumes, increasing soil nitrogen and organicmatter

content and improving crop yields and the average yield per acre

(Huynh et al., 2019). The contradiction between grain storage and

supply and demand in China remains acute. Since the 1990s, the

cultivation structure of Heilongjiang Province has undergone

tremendous changes. The imbalance in the cultivation structure is

particularly evident, and there is still an imbalance and failure in

allocating cultivated land-use factors. In the context of policies such

as the Guiding Opinions on the Structural Adjustment of Maize in

the “sickle-curved” areas (The Ministry of Agriculture and Rural

Affairs of the People’s Republic of China, 2022) and the Pilot

Programme for Exploring the Implementation of a Cropland

Fallow Crop Rotation System (Exploring the implementation of a

pilot program for arable land rotation fallow system, 2016), farmers

had responded positively to the crop rotation policy, and the change

in crop rotation patterns, to some extent, alleviated the imbalance in

the structure of the cropland.

Directions and measures for the
regulation of crop rotation patterns

Shifts in crop cultivation systems and improvements in farm

management have led to trends in the diversification of total crop

yields, acreage, and yields, as well as to different spatial

distribution patterns. This study took the cropping patterns of

the black soil region of Northeast China as the research object

and took the county as the research scale. It described the

distribution characteristics and evolution of various cropping

patterns in different crop rotation cycles in terms of the evolution

of the spatial distribution pattern of cropping patterns in three

crop rotation cycles, the spatial evolution of the ratio of the area

and quantity of cropping patterns, and the changes in the types of

cropping patterns. It then examined the spatial and temporal

evolution of the structure of food production in typical counties

of the black soil region of Northeast China in recent years.

Compared with the first crop rotation cycle (2002–2005), the

second cycle (2010–2013) in Wangkui County saw a decrease in

the area planted in the maize continuous-cropping pattern and

an increase in the area planted in the maize–soybean rotation

pattern, probably due to the increase in the price of maize since

the national policy of maize storage, which led to the “flooding”

of maize in the reclamation area, and the high climatic risk of the

cooler areas in northeast China, which produced poor-quality

maize and a serious backlog, causing a series of ecological and

economic problems in the area due to maize crop rotation. In

response, the government has repeatedly advocated the

resumption of grain–soybean crop rotation in the northeast

China and the development of “one main (maize–soybean

rotation-based) and four supplementary” crop rotation and

“three-zone crop rotation” models in pilot areas to protect the

black soil land (Qiqi, 2021)In the third crop rotation cycle

(2018–2021) in Wangkui County, the cropping pattern of the

maize continuous-cropping pattern decreased. The planting area

of the rice–soybean rotation increased, probably due to the

request to reduce the area of maize and expand the scale of

grain–bean rotation in response to the Guiding Opinions on the

Structural Adjustment of Maize in the “sickle-curved” areas

issued by the Ministry of Agriculture and Rural Affairs in

2015 (The Ministry of Agriculture and Rural Affairs of the

People’s Republic of China, 2022). During the same period,

the cropping patterns of the maize–soybean rotation pattern

and the soybean continuous-cropping pattern both showed a

decreasing trend, and the planting area accounted for the lowest

proportion in each rotation period.

On one hand, this may be because the market price of soybeans

has remained low since 2013, and farmers are not willing to plant

soybeans. On the other hand, it might be due to the implementation

of the national policy ofmaize storage and various policies to support

and subsidize farmers, which, driven by the market, has led to the

spatial and temporal evolution of the grain production structure in

the black soil areas of Northeast China, with the traditional

“soybean–corn” crop rotation pattern being seriously damaged. It

can be seen that the configuration and trend of the evolution of

cropping patterns are regulated and influenced by policies. A well

thought-out, reasonable national agricultural policy has an important

influence on the optimization of the industrial structure of the

cropping industry and the sustainable use of black land and is

also an important regulatory tool for the optimization of the

cropping structure of crops. As a typical county in the black soil

region of Northeast China, Wangkui County’s cropping pattern

regulation directions and measures are synchronised with the

entire Northeast China black soil region in a broad sense. The

regulatory direction and measures for the evolution of its

cropping pattern reflect, to a certain extent, the future regulatory

direction of the cropping pattern in the black soil area of Northeast

China, and are of positive importance for the study of the cropping

pattern in the black soil area of Northeast China. However, the

shortcoming of this article lies in the long interval between crop

rotation cycles, which has a certain impact on the accuracy of the

discrimination of the evolution of cropping patterns. In future

research, attempts can be made to expand the breadth and depth

of research and explore the characteristics of spatial and temporal

variations in cropland use at a larger scale.

Conclusion

During the study period, the sumof the rice,maize, and soybeans

acreage in Wangkui County accounted for 87.31% of the total land

area. The change in the acreage of corn and soybeans shows a

complementary relationship. In another work, corn increased while

soybeans decreased, and vice versa. The share of rice-planted area was

relatively low, and the planted area was more disorderly. Changes in

the acreage of other crops showed the characteristics of “decreased,

increased, and decreased” in each crop rotation cycle.
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The cropping patterns in Wangkui were various. Maize’s

continuous cropping pattern was the most important and

represented 31.25% of the total. This cropping pattern was

followed by maize–soybean rotation with 24.48%. In the same

context, mixed cropping represented 29.01%. As the crop rotation

cycle progressed, the acreage of the maize–soybean rotation pattern

and soybean continuous cropping pattern showed an “increasing

then decreasing” trend, the acreage of themaize continuous-cropping

pattern showed a decreasing trend period by period, and the acreage

of themixed-cropping pattern showed a “decreasing then increasing”

trend. The acreage of mixed cropping patterns showed a “decreasing

then increasing” trend. The area planted in the rice continuous-

cropping pattern, the rice–maize rotation pattern, and the

rice–soybean rotation pattern was relatively low and stable.

The spatial and temporal variations of the various cropping

patterns were significant. Among them, the maize continuous-

cropping pattern evolved with a tendency to gather in the east

and spread to the northeast. The mixed-cropping pattern evolved

with a tendency to evolve from the northeast to the southwest. The

maize–soybean rotation pattern evolved with a trend of spreading

from the northeast to the southwest. The soybean continuous-

cropping pattern evolved in a “northward and then southward”

direction; the rice continuous-cropping pattern spread from the

northwestern part of the county to the southwestern part. There

was a certain spatial complementarity between the soybean, maize,

and rice continuous–cropping patterns in the evolutionary process;

the evolutionary trends of the rice–soybean, rice–maize, and

maize–soybean rotation patterns also had the same relationship.
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APPENDIX Crop classification
systems in the study area.

Serial
number

Crop
type

Swing
portfolio

Reading
characteristics

Example Sensors

1 Rice R: Band_nir They are concentrated near river waters, greenish-blue in color during the flooding
period, with distinctive field texture characteristics

Landsat5 TM

G: Band_red Landsat7 ETM+

B: Band_blue

2 Maize R: Band_nir Regular geometric patches with a bright green color at the podding stage, with some
tillage texture characteristicsG: Band_red

B: Band_blue

3 Soybeans R: Band_nir Regular geometric patches with a purplish-red color at the podding stage, with
certain tillage texture characteristics LevyG: Band_red

B: Band_blue

4 Other
crops

R: Band_nir Burgundy in color, with a distinctive tillage texture at sowing, showing basic soil
characteristics in AugustG: Band_red

B: Band_blue

1 Rice R: Band_swir1 It is concentrated near river waters and has a bright green color during flooding,
with distinctive field texture characteristics

Landsat8 OLI

G: Band_nir

B: Band_blue

2 Maize R: Band_swir1 Regular geometric patches, mostly lime green in creamy maturity, with some tillage
texture characteristicsG: Band_nir

B: Band_blue

3 Soybeans R: Band_swir1 Regular geometric patches with a yellow colour at the podding stage, with some
tillage texture characteristicsG: Band_nir

B: Band_blue

4 Other
crops

R: Band_swir1 Burgundy and reddish-brown with a distinct tillage texture during the sowing
period, showing bare soil characteristics in AugustG: Band_nir

B: Band_blue
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Improvement of a land
fragmentation measurement
model based on natural surface
elements and road network

Lanlan Su1, Yuluan Zhao1*, Mingshun Long1 and Xiubin Li2

1College of Geography and Environmental Science, Guizhou Normal University, Guiyang, China,
2Institute of Geographic Sciences and Natural Resources Research, CAS, Beijing, China

Land fragmentation is one of the most important factors hindering the

mechanization and scale of agriculture. To further alleviate the negative

impact of arable land fragmentation, a more accurate model for measuring

arable land fragmentation is needed. Using 0.1 resolution UAV images and farm

survey data, we obtained spatial and tenure data of farming land in Baidu Village

through ArcGis and other software, and analyzed the results and correlations of

farming plot area, plot shape and plot dispersion indicators in the study area. A

road accessibility index that integrates terrain slope and road network is

proposed to characterize the dispersion of land parcels for the first time,

and is compared with two road accessibility models that do not take into

account terrain slope and road network. The results show that the dispersion

index of farm plots is themost influential indicator on the fragmentation of farm

plots, followed by the area index of farm plots, and finally the shape index of

farm plots; the new model of measuring the fragmentation of farm plots based

on natural surface elements and road networks is closer to the real situation and

more accurate in portraying the degree of fragmentation of farm plots.

KEYWORDS

land fragmentation, terrain slope, walking speed, road network, GIS, measurement
models

Introduction

With the advancement of economic globalization, the process of world urbanization is

accelerating. Currently, about 54% of the world’s population lives in urban areas, and this

proportion is expected to reach 66% by 2050 (UNDESA, 2014; Masini et al., 2018). The

large-scale transfer of agricultural labor to nonagricultural industries increases the

opportunity cost of agricultural labor (Kawasaki, 2011). The United Nations predicts

that by 2050, the world population is expected to reach 9.3 billion, and the global

population will reach 10.1 billion in 2100 (United Nations Population Division, 2011).

The continuously growing population, limited arable land resources, and dwindling

agricultural population have placed enormous pressure on world food security (Nair,

2014). To provide a maximum guarantee to meet the growing food demand of mankind, it

is necessary to improve the intensive utilization of cultivated land. The ability to achieve a
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certain scale benefit has become the key to promoting

agricultural development and ensuring food security. Land

fragmentation (LF) is a prominent feature of cropland use in

agricultural production in developing countries, and the supply

of cropland for food production is increasingly limited (Niroula

and Thapa, 2007; Di Falco et al., 2010). Under the influence of

many factors, such as natural environment and social economy,

LF in China is serious problem (Tan et al., 2006). LF refers to the

phenomenon that a farmer’s land resources are scattered and not

concentrated (Latruffe and Piet, 2014; Lu et al., 2018). Related

studies have focused on the basic plots of farming operations,

exploring the essential attributes of the plots and studying the

causes of LF (Janus et al., 2016). Also, basic characteristics of LF

are included, including the distribution of plots cultivated by

farmers, their proximity to households (Niroula and Thapa,

2005), the size of plots cultivated (Lu et al., 2018), the number

of plots (Wan and Cheng, 2001), and plot shape (Demetriou

et al., 2013).

LF is a pattern of arable land resource utilization that is

contrary to the scale of arable land management. This pattern

enriches the diversity of agricultural production in China and

reduces the risk of agricultural cultivation (Nguyen et al., 1996;

Van Hung et al., 2007; Tan et al., 2021). However, there are

certain negative effects, and affects the efficient use of land

resources and national food security. Disorganized,

interspersed, and scattered plot distribution is an important

aspect of cultivated plot distribution in China (Qi and Dang,

2018). This distribution can increase commuting costs (Latruffe

and Piet, 2014; Wang and Wang, 2010). When the number of

plots owned by farmers is large and scattered, the cost of

transportation and traveling time from the homestead to each

plot will increase (de Garis De Lisle, 2010; del Corral et al., 2011;

Niroula and Thapa, 2005). Farmers’ traveling time will increase

under the influence of terrain slope and distance traveled, which

not only causes invariance to material transportation and plot

irrigation management but also increases labor input, thus

reducing farmers’ economic returns (Niroula and Thapa,

2007; Kawasaki, 2010). Considering these conditions, farmers

will pay less attention to remote and low-quality plots, and this

type of plot often has much higher input costs than net benefits,

and farmers will abandon these plots (Carter and Yao, 2002; de

Garis De Lisle, 2010; Lu et al., 2018). In addition, LF has a

hindering effect on agricultural mechanization and productivity

(Blarel et al., 1992; Wan and Cheng, 2001; Ali and Deininger,

2015). In the case of growing maize, late rice, and wheat, the

production efficiency decreases by 4%, 15%, and 17% when the

degree of cultivated land fineness increases by one unit,

respectively (Wan and Cheng, 2001). With the small size of

arable plots, farmers need to invest in more labor to increase

production value (Lu et al., 2018), and the increase in the number

of plots increases the amount of labor invested by farmers. In

addition, when plots are small and irregularly shaped, farmers

often will not develop advanced agricultural technologies and

may even abandon this land (Van Hung et al., 2007; Gónzalez et

al., 2007), which further limits productivity and hinders

agricultural modernization.

To mitigate these negative impacts of LF, the Chinese

government conducts policy control, and to fully manage the

impacts of LF, policy-makers and planners need scientific

indicators to measure the extent of LF (Igozurike, 1974;

Januszewski, 1968; Simmons, 1964). Based on the definition of

land fractionation above, we know that the plot dispersion, plot

size, and plot shape indicators ideally should be incorporated into

a comprehensive measurement model to accurately measure the

degree of LF. Currently there are more accepted ways of

evaluating parcel size and parcel shape, among these

indicators, plot area uses the Simpson index to combine the

number of plots and plot area, which accurately reflects the area

characteristics of plots. The plot shape index uses the standard

squares and circles as standard measure, which reflects the shape

characteristics of the plot to a certain extent. However, there are

no accurate indicators for the dispersion of plots in the academic

community, the current indicators characterizing the dispersion

of farmers’ plots include distances, such as the distance from

farmers’ homesteads to each of their plots as well as the distance

between plots. These distances are Euclidean distances or road

network distances. Other studies have used farmer’s commuting

time to reflect the fragmentation of plots (Ge and Zhao, 2019).

And calculating the shortest cumulative time from farmers’

homesteads to each of their plots through iteration, which is

the road accessibility of farmers. It uses commuting time to

combine two factors, namely distance and walking speed, to

more comprehensively and accurately reflect the dispersion of

parcels. Road accessibility refers to the ease of getting from the

starting point to the end point (Páez et al., 2012), the two main

factors in measuring road accessibility index are walking speed or

distance (Hess and Almeida, 2007; Higgins, 2019). Some studies

have used Euclidean distance, which ignores the distance of the

road networks formed by complex topographic environments

(Zhao, 2011; Ge and Zhao, 2019). Alternatively, walking speed

was set to the normal human walking speed (5 km/h) and was a

constant value (Ge and Zhao, 2019), which was determined

under the assumption of a flat walking plane and a constant

walking speed of 5 km/h. Although this planar approach is not

problematic in a two-dimensional and topographically flat study

area, this approach can overestimate (or underestimate)

walkability in a topographically diverse environment (Higgins,

2019). Because walking speed and terrain are not constant, in

addition to personal ability, time pressure, and other factors,

walking speed varies with the slope of the walking environment

(Lee et al., 2015; Aghabayk et al., 2021). Figure 1 shows the terrain

affects the road accessibility, and road accessibility is much lower

in areas with more undulating terrain (Figure 1A) than in areas

with flat terrain (Figure 1B). This is especially true in

mountainous areas, where the terrain is undulating and the

surface is rugged and broken. The slope of the pedestrian
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road has a significant impact on the walking speed of farmers,

thus affecting the commuting costs of farmers from their

homesteads to their plots. Therefore, use of the LF

measurement model without considering the terrain factor is

not suitable for mountainous areas.

To address the shortcomings of the LF measurement model,

and based on the previous research, we integrated the

topographic slope into the measurement model and integrated

natural surface elements and road networks to build an LF

measurement model that is more realistic and applicable to

plain or mountainous areas. We accurately portrayed the

degree of fragmentation of cultivated land and provided a

basic reference for academic research and policy formulation.

Materials and methods

General situation of the research area

The existing measurement model is applicable to the plain

areas, which are less spatially heterogeneous. To consider the

extent to which the fine fragmentation of mountainous cultivated

land is affected by topography, we selected a typical mountainous

cultivated area. Baidu Village, Jianhe County, Qiandongnan

Prefecture, Guizhou Province, is a typical mountainous village

(108°47′9 ″E–108°47′30 ″E, 26°4011 ″N–26°40′23 ″N) (Figure 2)
located on the banks of the Qingshui River. It is 30 km from

Nanzhai Town and has two natural villages: the Upper Baidu

Village and Lower Baidu Village. Under the jurisdiction of

27 village groups, the village is dominated by the Miao ethnic

group. In 2020, the total resident population had reached 1,655.

The economy of Baidu Village is mainly agricultural. The village

land area is 1241.216 hm2, the total arable land area is

113.407 hm2, the average arable land area is 0.067 hm2, the

forestland area is 186.667 hm2, and the per capita forestland

area is 0.112 hm2. It is a typical example of the fragmentation of

arable land in mountainous areas.

Research method

Village and farmer model construction
Rural farmland in China is generally dominated by farm

households’ contracting and management, and is also affected by

village contracting rights, land adjustment, and intra-village

transfer, which affect LF to some extent. For this reason, we

constructed LF models for farming land at the farm household

and village levels, respectively.

The main structure of the farm households model is as

follows: we selected the attribute indicators characterizing the

FIGURE 1
Schematic diagram of the distribution of homesteads and plots. Figure 1A shows that the road network is affected by the topography in the
mountainous areas. Figure 1B shows the road network in a flat terrain.
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fine fragmentation of farming land for inclusion in the model,

calculated the values of each characterizing attribute indicator,

and summed the values of each characterizing attribute indicator

to obtain the farmer’s land fragmentation index (FLFI),

according to the following equation:

FLFI � ∑
n

i�1Fi (1)

where Fi represents each indicator of cultivated land fine

fragmentation; and n is the number of selected indicators. The

range of FLFI is (0, 3), and the larger the value is, the higher the

degree of fragmentation of farmers’ cultivated land.

The village model is calculated based on the cultivated FLFI

of each farming household. The village farmland fragmentation

index (VLFI) is the average value of each farming household’s

FLFI. The formula is as follows:

VLFI � ∑m
j�1FLFIj
m

(2)

where FLFIj is the cultivated land fragmentation index of farming

household j; and m is the number of farming households in the

village. The range of values of VLFI is (0, 3), and the larger the

value is, the higher the degree of cultivated land fragmentation in

the village.

Selection of evaluation indicators
The connotation of LF is reflected in the following four

aspects: fragmented distribution of arable land plots operated

by farmers, relatively large number of plots, relatively small

area of individual plots, and irregular shape of plots.

Therefore, we constructed a model to determine the

degree of fragmentation of cropland according to these four

aspects.

1. The plot accessibility index (F1) describes the degree of plot

dispersion, labor, and machinery accessibility. Plot dispersion

uses commuting time to combine two major factors: network

distance and walking speed. Thus, so plot dispersion is measured

by the cumulative walking time from the farmer’s home base to

the shortest network distance from each plot. Farm plot road

accessibility index (F1) is the ratio of the plot road accessibility

score to the maximum value of the village farm road accessibility

score.

F1 of farm plots is calculated as follows:

F1 � f1
f1max

(3)

where f1 is the road accessibility score of the plot; and f1max is the

maximum road accessibility score in the village.

The plot road accessibility score (f1) is calculated as follows:

f1 � ∑
q

k�1

Sk
V

(4)

where q is the number of plots owned by the farmer; Sk is the

distance of the road network from the farmer’s home base to each

of his farming plots k; and V is the walking speed. The larger

values of f1 indicate higher commuting costs when the farmer

FIGURE 2
The study area.
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operates his farming plots, more dispersed plots, and higher

fragmentation of farming land.

V is calculated as follows:

By extracting the slope value α between the farmhouse and its

plot (Eq. 5), we calculate the walking speed V (km/h) under the

influence of slope α (%) (Eq. 6) (Tobler, 1993; Higgins, 2019).

α � (h1 − h2) ∕ l × 100% (5)
where h1 and h2 are the maximum elevation difference between

the farmer’s homestead and the plot; and l is the closest distance

from the homestead to the plot.

V � 6e−3.5|∝+0.05| (6)

2. The farmer’s plot area index (F2) is the number of plots and

plot area that directly affect the farming efficiency andmachinery

running cost (Lu et al., 2018). We used SI and calculated this

index by combining the number of plots and plot area. The

farmer’s plot area index (F2) is the ratio of the farmer’s SI score to

the maximum value of the farmer’s SI score in the village.

The farm plot area index (F2) is calculated as follows:

F2 � f2
f2max

(7)

where f2 is the farm household SI score; and f2max is the

maximum value of SI score in the village.

The plot area index (f2) is calculated as follows:

f 2 � 1 − ∑q
k�1A

2
k

(∑q
k�1Ak)

2 (8)

where Ak is the area of plot k. The larger the value of f2, the lower

the farming efficiency and the higher the degree of fragmentation

of cultivated land.

3. The farmers’ plot shape index (F3) influences the efficiency

of machinery operations (Bettinger et al., 1996). The farmer’s plot

shape index (F3) is the ratio of the parcel shape score to the

maximum village parcel shape score.

The farmer’s plot shape index (F3) is calculated as follows:

F3 � f3
f3max

(9)

where f3 is the parcel shape score; and f3max is the maximum

value of the village parcel shape score.

The plot shape index (f3) is calculated as follows:

f 3 �
∑q

k�1
Ck���
2πAk

√
q

(10)

where Ck is the perimeter of plot k; and Ak is the area of plot k.

The larger the value of f3 is, the lower the efficiency of machinery

operation and the higher the degree of fragmentation of the

farmer’s land.

4. The geographic detector model (Wang and Xu, 2017) was

used to analyze the degree of influence of the main influencing

factors on the FLFI. Where the q-value is used to represent the

degree of factor influence and the q-value is calculated as follows:

q � 1 − ∑L
h�1Nhδ

2
h

nδ2
(11)

where h = 1,2. . ., L is the stratification of variable y or factor x, which

is categorical or partition;Nh andN are the number of cells in layer h

and the whole area, respectively; and δ2h and δ2 denote the variance
of subregion h and thewhole regionA, respectively. The range of q is

[0,1]. The larger the value of q is, the more pronounced the spatial

divergence of the FLFI and the stronger the spatial determination of

the independent variable Fi on the FLFI.

Data source and processing
The data included sample farmer research data and unmanned

aerial vehicle (UAV) image data. First, we collected the high-

resolution remote sensing image map of Baidu Village with a

spatial resolution of 0.1 m by aerial photography with UAV, and

the image was pre-processed by ArcGIS10.2 and ENVI5.3 for

stitching and correction. Second, Figure 3 shows we extracted the

spatial information of house bases, cultivated land, and roads in

Baidu Village through visual interpretation: we obtained

171 households, 1,487 plots of cultivated land and 17,442 roads

such as main roads and field roads. The extracted homestead and

cultivated land plots are numbered separately. We used the Spatial

Analysis and Network Analysis tools of ArcGIS to build the road

network between the homestead and the cultivated plots in Baidu

Village. We performed topology checking and error handling on

the road network to realize the spatial connection from the

homestead to the cultivated plots and measured the distance of

the road network from the farmer’s homestead to his cultivated

plots. In addition, we calculated the straight-line distance from a

farmer’s homestead to the farmer’s plot using the ArcGIS analysis

tool point distance. We obtained the homestead and plot elevation

data of Baidu Village using 91 Satellite Map Assistant Software.

Through the above work we constructed a spatial information

database of cultivated land in Baidu Village.

In 2020, a participatory survey was conducted among village

officials and farmers in Baidu Village. Based on a basic

understanding of the village situation through interviews with

village chiefs and group leaders, a stratified random sample of

farmers in different village groups was interviewed, and 171 valid

questionnaires were obtained. Through the on-site identification of

farmers and questionnaire interviews, we obtained information on

the ownership of the completed numbered residential and farmland

plots, the composition of the farmers, the current status of farmland

utilization, and the input of production materials and labor. We

compared the acquired information on the ownership of farmers’

residential bases with the corresponding arable land plots and

evaluated the utilization of the plots one by one. Combined with

the aforementioned spatial information database of cultivated land,

we constructed a database of residential bases and cultivated land

use tenure and spatial information of farmers in Baidu Village.
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Results

Descriptive statistics of farm household
survey data

According to the basic characteristics of the plots of the sample

farmers in Baidu Village (Table 1), the scale of farmers’ operations

is relatively small, the area of plots is small, and the LF is serious.

Table 1 shows the average value of the total arable land of farmers

was 0.356 hm2 and the smallest farmland area was only 0.019 hm2;

the average value of farming plot area was 0.041 hm2 and the

smallest plot area was 0.001 hm2; and the average value of farming

plot was 8.72, the largest plot was 23, and the smallest plot was 2. In

addition, the spatial distribution of arable land varied greatly. The

mean value of elevation difference between farmers’ homesteads

and plots was −48.282 m; the minimum value was −462.297 m,

and themaximum value was 341.27 m. Themean value of the road

network distance from farmers’ homesteads to their plots was

1831.696 m, and the minimum value reached 46.233 m. It was

evident that the village did not have a concentrated distribution of

home sites and plots, with long distances for farming and high

commuting costs.

According to the Tobler function, we know that the walking

speed was not directly proportional to the slope (Figure 4); when

TABLE 1 Descriptive statistics of farming household survey data.

Survey item Minimum value Maximum value Mean value Standard deviation

Plot level/1487 plots

Plot size/hm2 0.001 0.363 0.041 0.035

Plot perimeter/m 10.336 883.515 132.860 89.649

Farmer level/171 households

Farmers farming distance/m 46.233 6004.930 1831.696 1119.222

Number of farming plots/piece 2.000 23.000 8.720 4.414

Total arable land of farming households/hm2 0.019 1.131 0.356 0.184

Farmers’ walking speed/km/h 0.039 5.990 3.7098 1.529

Farmers cultivate height difference/m −462.297 341.270 −48.282 137.332

FIGURE 3
The digitalization process of cultivated land space. (A–C) are homesteads, cultivated land, and roads, respectively, and human visual
interpretation corresponds to (A9), (B9), and (C9), respectively.
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the slope value was less than 0, it is downhill. When the slope

was −5%, the walking speed reached a maximum value of

5.999 km/h. When the slope was 0 (i.e., flat), the walking

speed was 5 km/h. This result showed that either uphill or

downhill slope had an effect on walking speed. Taking the

most normal human walking speed, which is 5 km/h on level

ground, as the node, walking speed became faster

when −10.136% < α < 0, slowed down when α > 0, and

hindered walking speed when α < −10.136%. Thus, slope

directly affected walking speed and had a significant impact

on travel time to work. Considering the slope of the terrain

and network distance, the one-way traveling time of commuting

from the farmer’s homestead to the farming plot (Figure 5)

showed that the traveling time of 0.12 h was mostly near the

homestead with a comparable slope and closer distance; however,

the traveling time increased as the slope between the homestead

and the farming plot increased and the distance was longer.

Land fragmentation of farmer

To quantitatively analyze the relationship between the status

quo values of each index and the index of fine fragmentation of

farmland, we selected the index of fine fragmentation of farmland

in Baidu Village as the dependent variable (y), and selected the

accessibility of farm plots (x1), the index of farm plot area (x2),

and the index of farm plot shape (x3) as independent variables.

We conducted the regression analysis one by one (Figure 6). Each

indicator (x1, x2, x3) was linearly and positively correlated with

FLFI (y), and the regression coefficients were 1.344, 1.736, and

0.8274. The coefficients of determination R were 0.748, 0.653,

and 0.055, the correlation coefficients r were 0.865, 0.808, and

0.236. The two-sided significance test probability p values were

less than 0.05. The best fit and the highest correlation were found

between the road accessibility index of farm plots and the index

of cultivated LF; the correlation between the index of farm plot

shape and the index of cultivated LF was lower. The fitted

regression equations were as follows:

FIGURE 4
Walking speed and pace by gradient per Tobler (1993) hiking
function.

FIGURE 5
Homestead to plot walking time.
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y � 1.344x1 + 1.292 (12)
y � 1.736x2 + 0.2276 (13)
y � 0.8274x3 + 1.217 (14)

We identified the relationship between each evaluation index and

FLFI using geographic probes, and the impact measures q of F1, F2,

and F3 on FLFI were 0.692, 0.617, and 0.085, respectively. Thus, the

road accessibility index of farm plots was the most influential

indicator on FLFI, followed by the area index of farm plots, and

finally the shape index of farm plots. The results of the correlation

analysis and the geographic detector showed no significant differences

in the effects of each indicator on FLFI, which indicated that the

results of the analysis have good reliability and objectivity.

Land fragmentation of village

Based on Eq. 2, the VLFI of Baidu Village was 1.678.

Equation 1 was used to calculate FLFI (Figure 7) of each farm

household in Baidu Village in 2020. With the increase in FLFI,

the number of farm households showed an olive shape,

increasing first and then decreasing. The cultivated FLFI of

farm households was concentrated between 1 and 2, with total

150 households accounting for 87.72% of all farm households,

among which 20 households were larger than 2, and only

1 household had FLFI of less than 1.

Comparative analysis of different plot road
accessibility index models

From the correlation analysis and geographic detector

synthesis, we concluded that the farm road accessibility index

was the dominant factor. To compare the accuracy of the

existing F1 index model, we compared the measurement model

that considers the natural features of the ground and the road

network with the model that does not consider the influence of the

terrain and the road network. To make the road accessibility index

FIGURE 6
Correlation analysis on FLFI.

FIGURE 7
Correlation analysis on FLFI.
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more intuitive to better reflect the convenience of road commuting

for farmers, we instead of applying the farmer road accessibility

index (F1) normalized by themaximum value, the road accessibility

value (f1), which directly reflects commuting time, was used. Three

major models were compared and analyzed: Model A refers to the

traveling time under the consideration of the terrain and road

network distance—that is, the new measurement model proposed

in this paper. Model B refers to the traveling time under the

consideration of the terrain influence but not the road network

distance using the straight-line distance. Model C refers to the

traveling time under the consideration of the road network distance

but not the terrain influence (Ge and Zhao, 2019).

The results obtained from these three farm-road-accessibility-

evaluationmodels followed a similar trend (Figure 8). Table 2 shows

the difference between these three indices was thatmodel A obtained

a higher value of 902.790, with a minimum value of 33.38 and a

mean value of 258.498.Model B obtained a lower value of 21.83, and

its maximum value was also the smaller of the three major models at

612.63, with a mean value of 163.015. The minimum value of model

C was greater than models A and B at 41.32, and the maximum

value was greater thanmodel B but less thanmodel A at 750.48, with

a mean value of 218.479. Therefore, the accuracy of model B for

measuring the road accessibility index in mountainous areas was

much lower than that of models A and C. In contrast, the lowest

values of bothmodel A andmodel C were found in the same farmer,

and model C was 7.94 smaller than model A. The maximum slope

between the cultivated land and the homestead of this farmer

was −6.441%, which was located in the downhill direction of the

homestead, and the slope was equivalent to a slightly downhill walk,

where the speed was slightly higher compared to the flat land

(Figure 4). The speed of model A was 95 m/min (Figure 2), and the

speed of model C was 83.330 m/min. The speed of model A was

greater than that of model C. Model A considered the walking speed

under the influence of terrain, whereas the speed of model C was a

constant value without considering the influence of terrain. In

addition, the difference between the two maximum values of

152.31 appeared in the same farmer (Table 3). This farmer has

21 plots of land, and plot 4 has a large difference between the two

models’ results. The plot and the farmer’s home base slope had a

difference of 31.264%, the speed of model A was 1.696 km/h

(28.267m/min), and the speed of model C was a constant value of

83.33m/min. Model C did not take into account that uphill would

slowed down the walking speed and the speed was constant, which

was not consistent with the actual situation. Model A was take into

account the resistance of road slope to walking, which slowed down

the walking speed and greatly increased the traveling time of the

farmer. This resistance was enhanced when the distance was larger.

The road accessibility index that considered the slope of the terrain and

the distance of the road network provided a more accurate portrayal.

According to these results, we found that the road accessibility

indicators of models B and C both underestimated the degree of

road accessibility. First, the distance of model B was Euclidean

distance, which underestimated the distance from the homestead

to the plot. Second, the walking speed of model C did not consider

the influence of topography, which was limited by the topography

in mountainous areas with large topographic relief and directly

affected the commuting time of farmers. Therefore, when

measuring the degree of LF, the Model A that integrated

terrain slope and road network better portrayed the real situation.

Discussion

In this study, we constructed a new LF measurement

model based on topographic slope and road network. This

model can more accurately determine the LF of farmers so

that decision-makers can accurately implement land

management policies. Currently, there are two major

perspectives for determining the degree of LF, one is based

FIGURE 8
Comparison of the values of the three plot road accessibility
indices.

TABLE 2 Results of three road accessibility scenarios.

Different road accessibility
scenario indices

Minimum value Maximum value Average value Standard deviation

Model A 33.380 902.790 258.498 168.675

Model B 21.830 612.630 163.015 102.991

Model C 41.320 750.480 218.479 129.290

Frontiers in Environmental Science frontiersin.org09

Su et al. 10.3389/fenvs.2022.1017599

197

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.1017599


on the mesoscale regional landscape perspective (Liu et al.,

2019), which expands the concept of fractionalization to the

scale of landscape ecology and focuses on the degree of

fragmentation of land use types in surface patches. It

ignores the presence of multiple farmer operators in a

landscape patch. Another one is based on the micro-scale

farmer’s perspective and takes the basic unit plot of the

farmer’s farming operation as the object of study. Since the

main agricultural operators in China are farmers and the land

is mainly contracted and operated by farmers, the LF

measurement model is more relevant to the actual

situation based on the micro-scale farmers’ perspective.

The current micro-level indicators mainly include the

number of parcels, parcel area, shape, and the influence of

FIGURE 9
Road accessibility index for three different scenarios. (A) indicates a scenario where road network distances and terrain slope are considered, (B)
indicates a scenario where straight-line distances and terrain slope are considered, and (C) indicates a scenario where road network distances are
considered but terrain slope is not considered.

TABLE 3 Farmer sample data.

Farmers’
plot
serial
number

Road
network
distance
(m)

Straight
line
distance
(m)

Tillage
height
difference
(m)

Slope
(%)

Speed
(km/
h)a

Model
A

Model
B

Model
C

1 3635.000 2588.734 184.059 7.128 3.925 55.572 39.576 46.622

2 1282.760 787.446 −290.213 −39.646 1.785 43.129 26.476 18.394

3 4010.950 2850.686 134.457 4.722 4.269 56.367 40.061 51.133

4 1303.250 600.950 179.320 31.264 1.686 46.371 21.382 18.640

5 135.189 62.141 2.911 4.690 4.274 1.898 0.872 4.622

6 3644.710 2474.213 172.535 6.990 3.944 55.452 37.644 46.738

7 3953.600 2821.119 138.372 4.911 4.241 55.929 39.909 50.445

8 4158.290 2990.590 120.954 4.048 4.371 57.075 41.047 52.901

9 4172.940 3006.103 116.005 3.862 4.400 56.904 40.993 53.077

10 3653.450 2489.743 168.712 6.792 3.971 55.201 37.618 46.843

11 1954.850 1393.415 −107.800 −7.760 5.448 21.531 15.347 26.459

12 3079.600 2159.681 235.046 10.948 3.433 53.816 37.741 39.957

13 1299.220 770.802 −287.779 −40.245 1.747 44.609 26.465 18.591

14 1963.740 1395.690 −107.020 −7.691 5.461 21.576 15.335 26.566

15 1213.030 740.013 −292.381 −43.010 1.586 45.881 27.990 17.557

16 3880.240 2804.874 151.240 5.400 4.169 55.839 40.364 49.565

17 4209.610 3021.857 119.732 3.965 4.384 57.613 41.357 53.517

18 4042.930 2867.322 133.568 4.663 4.278 56.700 40.213 51.517

19 2082.730 1393.610 −79.444 −5.710 5.853 21.351 14.287 27.994

20 2056.220 1401.673 −87.571 −6.260 5.741 21.489 14.649 27.676

21 1555.020 1119.350 −110.675 7.128 5.048 18.483 13.304 21.661

aSpeed is the walking speed considering the effect of terrain slope and is also the speed of models A and B. The speed of model C is the normal walking speed of human and is a constant value

of 5 km/h.
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the degree of dispersion (Niroula and Thapa, 2005;

Demetriou et al., 2013; Lu et al., 2018), through correlation

analysis, the results indicate that the indicator of plot

dispersion carved using road accessibility is the dominant

factor, i.e., the commuting time of the farmer to the

homestead, scholars considered the road network distance

to break through the error generated by previous studies using

straight-line distance (Ge and Zhao, 2019), but did not consider the

impact of terrain slope on speed, walking speed of 5 km/h and a

constant value, which is not consistent with the actual situation. This

study integrates surface natural elements and road network distances

to consider walking speed under the influence of topography. Figure 9

shows three different scenarios of road accessibility are compared,

Figure 9A shows the scenario considering the terrain slope and the

road network, i.e., the scenario presented in this paper. Figure 9B is the

scenario considering terrain slope without road network. Figure 9C is

the scenario proposed by scholars considering the distance of road

network but not the slope of the terrain. The final result indicates that

the newmeasure proposed in this paper further portrays the degree of

dispersion of farmers’ plots.

To mitigate the effects of LF, in the context of China’s

strong advocacy of agricultural modernization, mountainous

areas have focused on improving agricultural infrastructure,

including the construction of farming road networks, such as

machine roads. As a result, the costs of farm commuting,

material transportation, and machinery running time have

decreased and agricultural mechanization and production

efficiency have increased. At the same time, when the slope

between the homestead and the plot is large and the distance

is far away, the input and income costs are integrated, and

land transfer and engineering management measures are

comprehensively used for plots that have better quality,

promoting the moderate-scale operation of agriculture. In

this study, to accurately extract the spatial information of

farmers’ homesteads, plots, and road networks, remote

sensing data must have high accuracy, which requires UAV

remote sensing images and high-precision satellite images.

Thus, understanding how to obtain high-resolution images of

large areas must be further explored.

Conclusions

Decision-makers need an accurate and comprehensive model

to quantify LF. We selected three indicators for inclusion in the

model: the road accessibility index of farm plots, the area index of

farm plots, and the shape index of farm plots. We used resolution

of 0.1 m remote sensing images and farm household survey data

to build a village road network and constructed a database of farm

household residential bases and farmland use tenure and spatial

information in Baidu Village. The topography was incorporated

into the metrological model, including the calculation of slope and

pedestrian walking speed. By obtaining the elevation of the

homestead and the plot, the shortest distance from the farmer’s

homestead to the corresponding plot, we determined the slope of

the homestead and the corresponding plot. By portraying the

farmer’s walking speed under the slope image, we obtained

accurate geospatial data for the model and measured the degree

of arable LF in Baidu Village. The results showed that it is necessary

to create a road network of house bases and cultivated land in

Baidu Village and to calculate the slope perception of pedestrian

accessibility. By measuring the degree of cultivated LF while

considering the walking speed of farmers with slope, we

obtained an effective model to measure cultivated LF.

The LF model generated by the model integrating speed

under the influence of road network distance and terrain slope

had the following characteristics: it integrated the three core LF

factors and was comprehensive; and it was flexible and context-

specific, as the model was applicable in both mountainous and

plain areas. Applying the model in an empirical study and

comparing the results with two existing indicators, the results

showed that the existing indicators underestimated (or

overestimated) the degree of LF because they ignored the

important variable of topographic slope. Therefore, the

existing indicators may provide misleading results for decision

making. In contrast, we verified that the present model provides a

more reliable and robust measure of LF, performing significantly

better than existing indices.
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Cultivated land is an important prerequisite and guarantee for food production

and security, and the change of cultivated land resources in China has always

been concerned. National land survey is an effective way to accurately grasp the

area and distribution of cultivated land resources. However, due to the

differences in technical means and statistical standards at different stages,

there are obvious breakpoints among the cultivated land area data of the

three land surveys in China, which hinders the in-depth study of the spatio-

temporal distribution of cultivated land resources in long-time series. The

Autoregressive Integrated Moving Average model is used to reconstruct and

mine the cultivated land area data from 1996 to 2019 based on the data of the

third land survey in China. The spatio-temporal variation characteristics of

cultivated land area are explored by using Geographic Information System

spatial analysis, and the driving factors of cultivated land change are analyzed

based on Geographical Detector (GeoDetector) from the perspective of social,

economic, agricultural and natural. The results show that the area of cultivated

land in China decreased continuously from 1996 to 2019, with a sharp decrease

from 1996 to 2004 and a slow decrease from 2005 to 2019. From 1996 to 2019,

there were obvious spatial differences in the change of cultivated land area in

31 provincial units. From 1996 to 2008, the cultivated land area in 29 provinces

showed a downward trend, especially in the central and northern regions such

as Shaanxi, Sichuan and Inner Mongolia. From 2008 to 2019, the cultivated land

area in the underdeveloped areas of Heilongjiang, Jilin, Liaoning, Xinjiang,

Gansu and Tibet increased significantly, while the rest showed a downward

trend. Factor detection found that the q values of population, regional gross

domestic product grain output, the proportion of the added value of the primary

industry and average slope were all more than 0.5, which had an important

impact on the change of cultivated land area. The explanatory power of the

interaction between factors on the change of cultivated land area is enhanced in

different degrees compared with the single factor effect, which is manifested in

the enhancement of bilinear or nonlinear enhancement, and the interaction of
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different factors promotes the change of cultivated land area. The change of

cultivated land area is the result of complex interaction between factors, and is

closely related to the land policy in the same period.

KEYWORDS

cultivated land, spatio-temporal change, driving force, ARIMA model, geodetector

Introduction

Cultivated land is an important prerequisite and guarantee for

food production, and food security is an important part of national

security (Liu et al., 2018; Wang et al., 2020; Yang et al., 2021).

Cultivated land provides the main living guarantee for the rural

population and is the main source of living materials for urban

residents (Zou et al., 2020). China is a large agricultural country, and

cultivated land is the main carrier to maintain population growth

(Xu et al., 2021). However, China only has about 0.2 acres of

cultivated land per citizen, accounting for less than 40% of cultivated

land per citizen in the world (Cui and Shoemaker, 2018). With the

development of social economy, the process of urbanization and

industrialization in China is constantly advancing, the construction

land is expanding rapidly, the cultivated land resources are

constantly changing, and the protection of cultivated land is

facing great challenges (Zhao et al., 2006; Kong, 2014; Wang

et al., 2020). Therefore, much attention has been paid to the

change of cultivated land resources in China (Anderson and

Strutt, 2014; Liu et al., 2017; Tan et al., 2017). The change of

cultivated land is the result of the comprehensive action of multiple

factors, which is closely related to economic, social, ecological,

political and other factors (Lin and Ho, 2003; Song et al., 2012;

Cao Y. et al., 2013). Studying the spatio-temporal change law and

influencing factors of cultivated land resources is conducive to

comprehensively grasping the current situation of cultivated land

use, revealing the driving mechanism of cultivated land change, and

providing a scientific basis for rational use of land resources, policy

formulation and trend prediction.

Since the 1990s, scholars have begun to study and discuss the

changes of cultivated land resources from different perspectives

(Deng et al., 2006; Ge et al., 2018; Ramankutty et al., 2018).

Relevant research involves cultivated land change (Valbuena

et al., 2010), influencing factor (Chen and Wang, 2021),

influencing factor model and driving mechanism (He et al.,

2005), etc. There are two main sources of cultivated land

resources data: the data obtained by remote sensing image

interpretation or model classification and the official land

survey data. The rapid development of remote sensing

technology provides long-time dynamic data for the study of

cultivated land change. Currently, the widely used remote

sensing land use datasets include Global Land Cover

Characterization Database (GLCC) (Loveland et al., 2000)、

Global Land Cover 2000 project data (GLC 2000)

(Bartholome and Belward, 2005)、University of Maryland

land cover product (UMd) (Hansen et al., 2000)、Global

Land Cover Product (GlobCover) (Arino et al., 2007) and

GlobeLand30 (Jun et al., 2014). Scholars have studied the

spatio-temporal change of cultivated land in China by using

remote sensing data (Liu et al., 2003; Xu et al., 2017; Wang et al.,

2020). Xu et al. found that from 1990 to 2010, the net increase of

cultivated land in China was 1.30 × 106 ha (Xu et al., 2017). The

research results of Wang et al. show that from 1990 to 2000, the

area of cultivated land increased by 1.62%, and then continuously

decreased during 2000–2015, resulting in a national total growth

rate of 0.80% from 1990 to 2015 (Wang et al., 2020). Due to the

influence of the spatial-temporal resolution of remote sensing

images, the phenomenon of different spectrum of the same object

and the same spectrum of foreign objects, as well as the

limitations of the algorithm, the accuracy of remote sensing

classification in large-scale is generally not high, and there is

still a certain gap with the accuracy of the official land survey data

(Liu and Xia, 2010; Shao and Lunetta, 2012; Gómez-Chova et al.,

2015; Cheng et al., 2020). Since 1996, China has completed three

national land surveys. Based on the land survey data, the natural

resources bureaus of each province will organize the land change

survey every year, and the final summary will be released by the

National Bureau of Statistics (NBS). In August 2021, the NBS of

China released the data of the third national land survey, which is

mainly based on remote sensing images or Unmanned Aerial

Vehicle (UAV) images with a resolution better than 1m,

combined with professional manual interpretation and field

sampling verification to obtain high-precision land use data

(Jiang et al., 2022). After statistical analysis, the difference

between the cultivated land area of China in the commonly

used remote sensing datasets and the data published in the third

land survey is more than 10%. Therefore, the official land survey

data can more accurately and truly reflect the status of cultivated

land resources. However, there are obvious breakpoints in

China’s cultivated land area data in 2008 and 2018 due to

differences in technical means and statistical standards

adopted in different stages of the national land survey. Most

scholars avoid the transition years with obvious changes in data,

and focus on the changes of cultivated land area from 1996 to

2008 and 2009–2018 (Jin, 2014; Tan et al., 2017). At present,

there are few studies on the spatio-temporal changes and driving

forces of cultivated land area in the whole cycle of three land

surveys. The ARIMA model does not depend on external

variables and can effectively overcome the problem of

insufficient model accuracy caused by external parameters.
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The performance of the model has been better than that of the

complex structure model in short-term prediction, and has been

widely used in the prediction of crop yield, climate change,

economic trend and so on (Fattah et al., 2018; Singh and

Mohapatra, 2019; Zheng et al., 2020).

Based on the data of the third land survey in China, the

ARIMA model is used in this study to reconstruct and mine the

cultivated land area data from 1996 to 2019 in order to

scientifically grasp the current situation of cultivated land use

in different periods. The spatio-temporal change characteristics

of cultivated land in China are studied by using GIS spatial

analysis. The driving factors of cultivated land change are

explored from the social, economic, agricultural and natural

dimensions based on GeoDetector to provide scientific

support for the intelligent management and precise protection

of cultivated land.

Materials and methods

Study area

China (Figure 1) is located in eastern Asia, on the west coast

of the Pacific Ocean. It starts from the center of the Heilongjiang

River near Mohe River in the north and the Zengmu Reef in the

Nansha Islands in the south. The land area is 9.6 million km2, and

the land boundary is more than 20,000 km (Wang et al., 2021). In

this study, 31 provinces, cities and autonomous regions except

Taiwan Province, Hong Kong and Macao Special Administrative

region were selected as the study area.

Data

Comprehensively considering the development status of

China and the availability of data, and referring to previous

literature (Wang et al., 2015; Arowolo and Deng, 2018),

12 indicators related to the change of cultivated land area are

selected: 1) social factors: population (Ⅰ1, unit: ×104 people); 2)
Economic factors: regional GDP (Ⅱ1, unit: ×108 yuan), per capita
GDP (Ⅱ2, unit: yuan/person), proportion of added value of

primary industry (Ⅱ3, unit: %), proportion of added value of

secondary industry (Ⅱ4, unit: %), proportion of added value of

tertiary industry (Ⅱ5, unit: %), added value of agriculture,

forestry, animal husbandry and fishery (Ⅱ6, unit: ×108 yuan);

3) Agricultural factors: grain output (Ⅲ1, unit: ×10
4 tons), total

power of agricultural machinery (Ⅲ2, unit: ×10
4 kW); 4) Natural

factors: average altitude (Ⅳ1, unit: m), terrain relief (Ⅳ2, unit: m);

average slope (Ⅳ3, unit: degrees). The cultivated land resources

data come from the website of the Ministry of Natural Resources

(http://www.mnr.gov.cn)), and the data related to population

and socio-economic development come from the website of the

NBS of China (http://www.stats.gov.cn). Table 1 shows the

official statistics of China’s cultivated land area from 1996 to

2019. Table 2 shows the descriptive statistical characteristics of

social, economic and agricultural factors from 1996 to 2019.

FIGURE 1
Location of study area.
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Based on the 30-m resolution SRTM DEM data (http://gdex.cr.

usgs.gov/gdex), the average elevation, terrain relief and average

slope of each province are calculated by Google Earth Engine

cloud computing platform (Gorelick et al., 2017).

ARIMA model

ARIMA is a time series data analysis and prediction model

proposed by Box and Jenkins (Gilbert, 2005). Its main principle is

to establish a corresponding model to describe or simulate its

past behavior from the time series itself, so as to predict and infer

the future value. The model can combine the dynamic and

persistent characteristics of time series to reveal the

relationship between past and present, future and present of

time series (Lai and Dzombak, 2020).

The ARIMA(p, d, q) model consists of three parts: AR(p)

represents the autoregressive process, that is, the current value of

a time series can be expressed as a linear combination of delayed

p-period observations; I(d) represents the difference, d is the

number of differences required when the time series becomes

stationary; MA(q) represents the moving average process, that is,

TABLE 1 Official statistics of cultivated land area in China from 1996 to 2019.

Year Area/×104 hm2 Year Area/×104 hm2 Year Area/×104 hm2

1996 13,003.92 2004 12,244.43 2012 13,515.85

1997 12,990.31 2005 12,208.27 2013 13,516.34

1998 12,964.21 2006 12,177.59 2014 13,505.73

1999 12,920.55 2007 12,173.52 2015 13,499.87

2000 12,824.31 2008 12,177.68 2016 13,492.10

2001 12,761.58 2009 13,538.46 2017 13,488.12

2002 12,593.00 2010 13,526.83 2018 13,480.00

2003 12,339.22 2011 13,523.86 2019 12,786.19

TABLE 2 Descriptive statistical characteristics of social, economic and agricultural factors from 1996 to 2019.

Factor Minimum Maximum Mean Standard deviation

Ⅰ1 (×104) 122,389.00 141,212.00 132,752.64 5,748.05

Ⅱ1 (×108 yuan) 71,813.60 1,015,986.20 406,730.43 315,650.85

Ⅱ2 (yuan/person) 5,898.00 72,000.00 29,833.60 22,231.92

Ⅱ3 (%) 7.00 19.30 11.23 3.57

Ⅱ4 (%) 37.80 47.60 44.33 3.04

Ⅱ5 (%) 33.60 54.50 44.44 5.92

Ⅱ6 (×108 yuan) 14,014.70 81,103.90 37,792.23 22,005.20

Ⅲ1 (×104 tons) 43,069.53 66,949.15 55,420.84 8,156.62

Ⅲ2 (×104 kW) 38,546.92 111,728.07 78,943.96 23,853.29

TABLE 3 Judgment basis of the interaction detector.

Comparison Interaction

q(X1 ∩ X2)<Min[q(X1), q(X2)] Nonlinear weakening

Min[q(X1), q(X2)]< q(X1 ∩ X2)<Max[q(X1), q(X2)] Single factor nonlinear weakening

q(X1 ∩ X2)>Max[q(X1), q(X2)] Bilinear enhancement

q(X1 ∩ X2) � q(X1) + q(X2) Independent

q(X1 ∩ X2)> q(X1) + q(X2) Nonlinear enhancement
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the model value can be expressed as a linear function of the

q-order residual term. The expression of the model is as follows:

xt � ϕ0 + ϕ1xt−1 + . . . + ϕpxt−p + εt − θ1εt−1 − . . .

− θqεt−q, (ϕp ≠ 0, θq ≠ 0) (1)

Where, xt is the actual value, ϕi and θj are coefficients, p is the

order of the autoregressive model, q is the moving average order,

εt represents the random error at t.

Figure 2 shows the modeling process of ARIMAmodel. Firstly,

the stationarity of the time series data is tested. If it is a non-

stationary time series, the d-order difference operation is required to

convert it into a stationary time series. Then, white noise test is

carried out on the data. If it is non-white noise, the best level p and

order q are determined by autocorrelation function (ACF) and

partial autocorrelation function (PACF) analysis. Finally, the white

noise test is performed on the residual. Through the test, the

modeling can be established to predict the future trend.

GeoDetector

GeoDetector is a group of statistical methods to detect spatial

differentiation and explain its driving force, including the factor

detector, the interaction detector, the risk detector and the

ecological detector (Wang et al., 2010). The main principle of

the GeoDetector is to assume that the study is divided into several

sub-regions. If the sum of the variance of the sub-region is less

than the total variance of the region, there is a spatial difference; if

the spatial distribution of the two variables tends to be consistent,

there is a statistical correlation between the two variables.

Geographic detector can evaluate spatial differentiation, detect

explanatory factors and analyze the interaction between

variables, and have been widely used in nature, environmental

science, human health and other fields (Wang et al., 2010; Cao F.

et al., 2013; Liu et al., 2020).

The factor detector is used to detect the spatial differentiation

of the dependent variableY and the explanatory power of a factor

X to the dependent variable Y, which is measured by the q value.

The formula of q is:

q � 1 − ∑L
h�1Nhσ2h
Nσ2

� 1 − SSW

SST
(h � 1, 2 . . .) (2)

Where: L is the stratification of variable Y or factor X, i.e.

classification or partition; Nh and N are the number of units

in layer h and the whole area respectively; σ2h and σ2 are the

variances of the Y values of the layer h and the whole region

respectively, and SSW and SST are the sum of the intra layer

variance and the sum of the whole region variance respectively.

The interaction detector is used to evaluate the interaction

between factors Xi and Xj, reflecting that the explanatory power

of the two factors on variable Y is enhanced, weakened or

independent. The interaction detector usually first calculates

the interpretation force q(X1) and q(X2) of the two influence

factors Xi and Xj on attribute Y, then calculates the value

q(X1 ∩ X2) when they interact, and finally compares q(X1),
q(X2) and q(X1 ∩ X2). There are five cases (Table 3).

Results

Reconstruction of cultivated land data
based on ARIMA model

Figure 3A shows the change trend of cultivated land area in

China according to official data. It can be seen from the figure

FIGURE 2
Modeling process of ARIMA.
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that there are obvious breakpoints in China’s cultivated land area

data in 2008 and 2018, which is mainly due to the differences in

the technical means adopted in different stages of the national

land survey. 2008 is the dividing point between the first national

land survey and the second national land survey, and 2018 is the

dividing point between the second national land survey and the

third national land survey. The technical means adopted in the

first survey are backward, rely on manual operation, and the

result data are stored in paper form, which is not conducive to

land change investigation. However, the second survey is

completed based on 3S (GIS, RS, GPS) technology, which

greatly improves the accuracy and efficiency of land survey,

and replenishes the previously uncounted cultivated land area

due to underreporting or omission. Therefore, there was a sharp

increase in the area of cultivated land in 2009. Compared with the

second survey, the third survey is based on satellite images or

UAV images with a resolution better than 1m, combined with

professional manual interpretation and machine learning, big

data and cloud computing technology to further improve the

accuracy of the data. The sharp decline in the area of cultivated

land in 2019 is mainly due to the elimination of the false positives

in the second survey. The two obvious breakpoints make the

original cultivated land data lack of coherence and accuracy.

To study the dynamic characteristics of cultivated land area

in China from 1996 to 2019, it is necessary to correct the data to

improve the rationality and comparability. The cultivated land

area data published in the third survey in 2019 were used as the

basis for sectional correction based on the ARIMAmodel. Firstly,

the 2009–2018 data were used to predict the 2019 data. After the

augmented Dickey–Fuller (ADF) test, it is determined that the

data remains stable after the second-order difference. The model

was determined to be ARIMA (1,2,0) (R2 = 0.922) after ACF and

PACF analysis. The ratio of predicted data to actual data was

determined to be 0.9488, and then the data from 2009 to

2018 were corrected. Secondly, the 1996–2008 data were used

to predict the 2009 data. After analysis, ARIMA (1, 2, 0) (R2 =

0.908) was selected as the model, and the ratio between the

predicted data and the corrected data was determined to be

1.0543, and then the data from 1996 to 2008 were corrected.

Figure 3B shows the change trend of cultivated land area after

correction. It can be seen from the figure that the corrected

cultivated land data has stronger continuity and integrity, which

is conducive to the dynamic analysis of long-time series.

Characteristics of spatio-temporal
variation of cultivated land area in long-
time series

As can be seen from Figure 3B, China’s cultivated land area

showed a continuous decrease from 1996 to 2019. From 1996 to

2004, the cultivated land area showed a sharp decrease trend,

with a total decrease of 8.01 × 106 hm2 and a reduction rate of

5.84%. From 2005 to 2019, the cultivated land area decreased

slowly by 8.50 × 105 hm2, with a reduction rate of 0.66%.

To further analyze the spatial distribution differences of

cultivated land from the perspective of provincial units, the

ARIMA model was used to reconstruct the cultivated land data of

31 provinces, cities and autonomous regions. Figure 4 shows the

amount and rate of change in cultivated land in China from 1996 to

2008 and 2008 to 2019. The change rate is the ratio of the difference

between the cultivated land area at the end of the study and the initial

stage of the study to the cultivated land area at the initial stage of the

study. It can be seen from the figure that there are obvious spatial

differences in the change of cultivated land area in 31 provincial units

from 1996 to 2019. From 1996 to 2008, the cultivated land area of

29 provincial units showed a downward trend, accounting for more

than 90%, especially in Shaanxi, Sichuan, Inner Mongolia and other

central and northern regions, with a reduction of more than 1 ×

107 hm2, with a reduction rate of more than 10%. The change rate of

FIGURE 3
(A) is the change trend of the original cultivated land area. (B) is the change trend of cultivated land area after correction by ARIMA model.
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Beijing is the highest, reaching -33%, and the change rate in most

areas is maintained at -10–0%. Only Heilongjiang and Xinjiang have

seen a small increase in cultivated land area. It can be seen that the

rapid progress of industrialization and urbanization has undoubtedly

led to the occupation of a large amount of cultivated land. From

2008 to 2019, there are significant differences in cultivated land area

changes in different regions. The cultivated land area in

underdeveloped areas such as Heilongjiang, Jilin, Liaoning, Inner

Mongolia, Xinjiang, Gansu and Tibet has increased significantly,

especially in Xinjiang and InnerMongolia, where the growth rate has

exceeded 50%. The other regions showed a downward trend, and the

decrease in central and southern provinces exceeded 1 × 107 hm2. In

developed regions such as Beijing, Shanghai, Guangdong and

Zhejiang, the decline rate exceeded 30%. During this period,

China began to implement the cultivated land occupation-

compensation balance and cultivated land protection system.

Although the decline rate of cultivated land area slowed down

compared with 1996–2008, some provinces still face a severe

situation of cultivated land reduction.

Driving force analysis of cultivated land
area change

The factor detector results reflect the explanatory power of

each factor on the change of cultivated land area in China, and

the results are shown in Figure 5A According to the analysis, the

order of explanatory power of each factor on the change of

cultivated land area in China is as follows: population (Ⅰ1) >
regional GDP (Ⅱ1) > grain output (Ⅲ1) > proportion of added

value of the primary industry (Ⅱ3) > average slope (Ⅳ3) > added

value of agriculture, forestry, animal husbandry and fishery

FIGURE 4
(A) and (C) are the amount of changes of cultivated land area in 1996–2008 and 2008–2019, respectively. (B) and (D) are the change rates of
cultivated land area in 1996–2008 and 2008–2019, respectively.
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(Ⅱ6) > per capita GDP (Ⅱ2) > proportion of added value of the

tertiary industry (Ⅱ5) > proportion of added value of the

secondary industry (Ⅱ4) > average altitude (Ⅳ1) > total power

of agricultural machinery (Ⅲ2) > terrain relief (Ⅳ2). The q values

of the five factors, namely population, regional GDP, grain

output, the proportion of the added value of the primary

industry and average slope, exceeded 0.5, which had an

important impact on the change of cultivated land area. With

the continuous increase of population and the rapid rise of

urbanization rate in China since 1996, the demand for

residential land, living land and other construction land has

increased sharply, resulting in the pressure of cultivated land

being occupied to a certain extent. The regional GDP reflects the

level of economic development of the region, and the increase in

demand for construction land brought about by economic

development is an important reason for the non-

agriculturalization of cultivated land. Cultivated land is the

most basic material condition of agricultural production, and

the change of its quantity and quality will directly affect the grain

yield. The qualitative and quantitative changes in the process of

economic development are both characterized by the evolution

and advancement of the industrial structure, which are mainly

manifested in the continuous decline of the proportion of the

primary industry and the increase in the proportion of the

secondary and tertiary industries. The primary industry

generally includes agriculture, forestry, fishing, animal

husbandry and gathering. When the economic development

enters the industrialization stage, the dominant factors of land

use change are the market supply and demand of land products

or services and the comparative benefits of land use. The land

flows to the more efficient secondary and tertiary industries, and

the agricultural land is rapidly non-agricultural. Slope is an

important factor affecting the quality of cultivated land and

the safety of cultivation. There is a positive correlation

between slope and soil and water loss. With the increase of

the slope, the runoff and scouring amount will increase

accordingly. In order to control soil erosion and improve the

ecological environment, China has implemented the conversion

of cultivated land with large slopes to forests. Therefore, the slope

has strong explanatory power to the change of cultivated

land area.

The interaction detector can reflect the interaction between

different types of factors, which is helpful to further study the

driving mechanism of cultivated land area change. Figure 5B

shows the results of the interaction detector. It can be seen from

the figure that the interaction detecor results between factors are

both bilinear enhancement or nonlinear enhancement, and there

is no independence or weakening. The q value of interaction

between different types of factors are significantly larger than that

of single factor. The q values of most of the interactions between

factors are more than 0.8, accounting for more than 84%. The

interaction q value of the average altitude and the total power of

agricultural machinery is the smallest, which is close to the

maximum value of the single factor q value. The interaction

between regional GDP and other factors has a strong explanatory

power to the change of cultivated land area, with an average value

of more than 0.97. The experimental results show that the

explanatory power of the interaction between factors on the

change of cultivated land area is enhanced to varying degrees

compared with the single factor effect, and the interaction

between different factors will have varying degrees of impact

on the change of cultivated land area. At the same time, it

confirms that the change of cultivated land area is the result

of complex interaction between factors.

FIGURE 5
(A) is the result of factor detector. (B) is the result of the interaction detector.
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Discussion

Analysis of driving forces in different
geographical regions

China is generally divided into seven geographical regions:

North China (Beijing, Tianjin, Hebei, Shanxi, Inner Mongolia),

Northeast China (Liaoning, Jilin, Heilongjiang), East China

(Shanghai, Jiangsu, Zhejiang, Anhui, Fujian, Jiangxi, Shandong),

South China (Guangdong, Guangxi, Hainan), Central China

(Henan, Hubei, Hunan), Southwest China (Chongqing, Sichuan,

Guizhou, Yunnan, Tibet) and Northwest China (Shaanxi, Gansu,

Qinghai, Ningxia, Xinjiang) (He et al., 2008). Figure 6 shows the

amount and rate of change in cultivated land in seven geographical

regions of China from 1996 to 2019. As can be seen from the figure,

the area of cultivated land decreased in all areas except Northeast

and North China from 1996 to 2009. The area of cultivated land in

East China and Southwest China decreased greatly, both exceeding

FIGURE 6
(A) is the amount of changes of cultivated land area in seven geographical regions of China from 1996 to 2019. (B) is the change rates of
cultivated land area in seven geographical regions of China from 1996 to 2019.

FIGURE 7
(A) is the factor detector results of cultivated land area change in seven geographical regions of China. (B) is the interaction detector results of
cultivated land area change in seven geographical regions of China.
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5×107 hm2. The decline rate of cultivated land area in South China is

the largest, exceeding 30%. On the other hand, there has been a

substantial increase in the Northeast China, with an increase rate of

more than 30%.

Figure 7A shows the factor detector results of cultivated land

area change in seven geographical regions of China. It can be seen

from the figure that the order of the explanatory power of each factor

on the change of cultivated land area in the seven geographical

regions of China is: proportion of added value of the primary

industry (Ⅱ3) > population (Ⅰ1) > regional GDP (Ⅱ1) > per capita

GDP (Ⅱ2) > grain output (Ⅲ1) > average slope (Ⅳ3) > proportion of

added value of the secondary industry (Ⅱ4) > added value of

agriculture, forestry, animal husbandry and fishery (Ⅱ6) > terrain

relief (Ⅳ2) > average altitude (Ⅳ1) > proportion of added value of

the tertiary industry (Ⅱ5) > total power of agricultural machinery

(Ⅲ2). Except for terrain relief, average altitude, the proportion of

added value of the tertiary industry and the total power of

agricultural machinery, the q value of other factors exceeded 0.7,

which have an important impact on the change of cultivated land

area in seven geographical regions of China. The q value of the

proportion of added value of the primary industry and the

population are both more than 0.9, which has a strong

explanatory power to the change of cultivated land area in the

seven geographical areas. The q value of the total power of

agricultural machinery is the lowest, only 0.289. The total power

of agricultural machinery reflects the level of agricultural

modernization. The progress of agricultural science and

technology has improved the total power of agricultural

machinery, promoted the increase of grain yield per unit area

and the output rate of cultivated land, thus alleviating the

pressure of cultivated land production and food security, but did

not directly affect the change of cultivated land area.

Figure 7B shows the interaction detector results of cultivated

land area change in seven geographical regions of China. It can be

seen from the figure that the interaction detecor results between

factors are both bilinear enhancement or nonlinear

enhancement, and there is no independence or weakening,

which is consistent with the results of provincial cultivated

land area. The q values of most of the interactions between

factors are 1, accounting for more than 85%. The interaction q

value between the proportion of added value of the tertiary

industry and the terrain relief is the smallest, which is 0.6935.

The average q value of interactive detection of all factors is

0.9839. The results show that the interaction between different

factors has a strong explanatory power for the change of

cultivated land area in seven geographical regions of China.

Policy factors of cultivated land area
change

Land not only has natural attribute, but also has social-

economic attribute (Verburg et al., 2015). For a long time, due to

the influence of social, economic, policy and technical means, it is

difficult to carry out long-time series analysis of cultivated land

resource changes from the perspective of land survey statistics.

The existing studies on cultivated land change based on land

survey statistics are mainly concentrated in the two periods of

1996–2008 and 2009–2018 (Jin, 2014; Tan et al., 2017). However,

there is an obvious gap in accuracy between large-scale cultivated

land area data obtained by remote sensing data and land survey

data (Manandhar et al., 2009; Liu et al., 2015). In this study, the

ARIMA model is used to reconstruct and mine the cultivated

land area data from 1996 to 2019, which eliminates the problem

of time series data fracture caused by differences in technical

means, and improves the rationality and integrity of the data. GIS

spatial analysis is used to explore the spatio-temporal change

characteristics of cultivated land area based on the corrected data,

and the GeoDetector is used to analyze the driving mechanism of

cultivated land change from the perspective of single factor and

factor interaction. GeoDetector has obvious advantages in

explaining the spatial heterogeneity of geographical

phenomena, and can make up for the weakness that

conventional methods cannot explain the interaction

mechanism (Hu et al., 2020; Li et al., 2021; Xiang et al., 2021).

The cultivated land area is not only affected by social, economic,

agricultural and natural factors, but also closely related to national

policies in the same period (Wang et al., 2012; Wang et al., 2018).

Since the 1990s, China has entered a stage of rapid urbanization and

industrialization (Liu et al., 2010). Driven by the national macro

policy, the demand for construction land increases sharply, which

leads to the occupation of a large number of cultivated land

resources. Since 1999, in order to control soil erosion and

improve the ecological environment, China has implemented the

policy of returning farmland to forests, grasslands and lakes,

resulting in a further rapid reduction in the area of cultivated

land (Bi et al., 2021). In 2004, the government revised the land

management law, emphasizing the need to strengthen the protection

of cultivated land and implement the balance policy of occupation

and compensation, which has played a positive role in the change of

cultivated land area (Liu et al., 2014). Under the condition that the

balance between occupation and compensation has been strictly

implemented for the cultivated land occupied by non-agricultural

construction, the main reasons for the reduction of cultivated land

area are the adjustment of agricultural structure and land greening.

In 2008, China promoted rural reform, improved the strict and

standardized rural land management system, and adhered to the

strictest cultivated land protection system (Liu et al., 2017). In the

new urbanization and Rural Revitalization stage after 2014, China

implemented the strictest cultivated land protection system and

intensive and economical land use system to optimize the land use

structure and improve the land use efficiency (Liu et al., 2017). The

implementation of these policies has effectively slowed down the

decline of cultivated land.

At present, China is in the “three peaks” period of

population, industrialization and urbanization. Social
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development is faced with major problems, such as maintaining

high-quality green economic development, ensuring ecological

construction, protecting cultivated land resources and food

security, and achieving the goal of carbon peak and carbon

neutralization. At the same time, the international situation is

complex and changeable, the epidemic situation of COVID-19 is

intertwined with the war, and the food crisis in many countries

has intensified. Therefore, the protection of cultivated land

resources is facing unprecedented pressure. Looking forward

to the future, the protection of cultivated land resources in

China should turn to quantity, quality and ecology. On the

basis of ensuring the red line of 0.3 billion acres of cultivated

land, we should ensure the safety of China’s cultivated land

resources and food production by increasing land use control and

balanced management of cultivated land, improving the

incentive mechanism for cultivated land use, adjusting

agricultural production methods, increasing investment in

agricultural production, optimizing agricultural policies

according to local conditions, changing land use patterns and

reserving flexible cultivated land.

Conclusion

Based on the data of three land surveys in China, this

study deeply analyzes the reasons for the obvious fracture of

cultivated land area data in 2008 and 2018, and uses ARIMA

model to reconstruct the cultivated land area data from

1996 to 2019. Combined with GIS spatial analysis and

GeoDetector, the spatio-temporal change characteristics

and driving factors of cultivated land area are analyzed.

The results show that the area of cultivated land in China

decreased continuously from 1996 to 2019, with a sharp

decrease from 1996 to 2004 and a slow decrease from

2005 to 2019. From 1996 to 2019, there were obvious

spatial differences in the change of cultivated land area of

31 provincial units. From 1996 to 2008, the cultivated land

area of 29 provincial units showed a downward trend,

accounting for more than 90%, especially in the central

and northern regions such as Shaanxi, Sichuan and Inner

Mongolia. From 2008 to 2019, the cultivated land area in the

underdeveloped areas of Heilongjiang, Jilin, Liaoning,

Xinjiang, Gansu and Tibet increased significantly, while

the rest showed a downward trend. The factor detector

found that the q value of the five factors, namely

population, regional GDP, grain output, the proportion of

the added value of the primary industry and average slope,

exceeded 0.5, which had an important impact on the change

of cultivated land area. The explanatory power of the

interaction between factors to the change of cultivated

land area is enhanced in varying degrees compared with

that of single factor, which is characterized by bilinear

enhancement or nonlinear enhancement. The proportion

of interaction q greater than 0.8 is more than 84%, and the

interaction of various factors promotes the change of

cultivated land area. It can be inferred from the results

that the change of cultivated land area is the result of

complex interaction between factors, and is closely related

to the land policy in the same period.
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The impact of agricultural
machinery services on cultivated
land productivity and its
mechanisms: A case study of
Handan city in the North China
plain

Yan Liu, Xiaoping Shi and Fugang Gao*

China Academy of Resources, Environment and Development & College of Public Administration,
Nanjing Agricultural University, Nanjing, China

Studying the impact of agricultural machinery services (AMS) on cultivated land

productivity is conducive to scientifically improving agricultural production and

has far-reaching significance for ensuring food security. Taking Handan City in

the North China Plain as the research context and using a surveyed sample of

1918 farming households, this paper examines the effect of AMS on the

productivity of cultivated land using OLS estimation and estimates the

average treatment effect on the treated (ATT) using the propensity score

matching (PSM) method. The research findings are as follows. 1) AMS has a

significantly positive impact on cultivated land productivity, and a heterogeneity

analysis finds that the effects are larger for farmers with relatively less cultivated

land and the marginal effects decrease as the adoption of AMS increases. 2) In

various planting activities, AMS adoption in basic activities (e.g., ploughing,

seeding, and harvesting) has positive effects on cultivated land productivity,

while AMS adoption in management activities (e.g., fertilizing, irrigation, and

pesticide spraying), has no obvious effect on cultivated land productivity. 3)

According to the results of ATT, the conversion of non-adopting farmers to

adopting AMS would increase cultivated land productivity by 7.6%–12.1%. 4) A

mechanism analysis reveals that AMS adoption relieves financial constraints,

improves technical efficiency, and increases smallholders’ crop yields. These

results suggest that AMS has a positive effect on cultivated land productivity and

therefore have valuable policy implications for increasing smallholders’ access

to various types of AMS to improve the productivity of cultivated land in regions

dominated by smallholders.
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1 Introduction

Cultivated land productivity is an important indicator for

facilitating agricultural production, ensuring food security, and

alleviating poverty as well as improving the welfare of farmers

(Desiere and Jolliffe 2018; Khan et al., 2019; Zhou andMa, 2022).

In developing countries that have undergone the green

revolution and structural transformation (such as China,

Thailand, and Myanmar), the rural population has been

attracted by increasing wage rates in the urban sector (Belton

et al., 2021). A trend towards a gradual shortage of agricultural

labor has emerged. Mechanization is an effective labor-saving

method, although smallholders have only a limited capacity to

acquire and apply machinery as it carries a heavy financial

burden and their farms are both small in scale and

fragmented (Benin 2015; Adekunle et al., 2016; Qiao 2020;

Wang et al., 2020; Mahasuweerachai and Suksawat 2022). In

this context, increasing the availability of agricultural machinery

may contribute to the viability of smallholder farming and

therefore boost cultivated land productivity (Rigg et al., 2016;

Takeshima, 2017; Zhang et al., 2017).

China, with 232.1 million farms occupying less than 10 mu

(0.67 ha) of cultivated land, has experienced rapid agricultural

mechanization during the last few decades (Yu and Zhao, 2009).

This trend toward mechanization has relied on the growth of

agricultural machinery services (AMS) (Yang et al., 2013; Wang

et al., 2020; Qiu et al., 2021; Liu et al., 2022). Some of

smallholders’ planting activities can be undertaken by

mechanized service providers on a much larger scale. For

example, Zhang et al. (2017) described harvesting services, a

typical AMS offering that utilizes the time lag between regional

crop harvesting in China, which can last up to 8 months per year.

By tapping into the national machinery services market, AMS

may be able to overcome the constraints facing mechanization

stemming from the small scale of farms and the fragmentation of

cultivated land. This dynamic is not unique to China. Similar

services have existed, for example, in Myanmar, Bangladesh, and

Thailand in Southeast Asia (Mottaleb et al., 2017; Chaya et al.,

2019; Belton et al., 2021), and in Ghana and South Africa in

Africa (Benin, 2015; Emmanuel et al., 2016; Lyne et al., 2018).

The contemporary context of AMS gives rise to two major

themes in the mechanization literature. First, the role of AMS in

enhancing machine availability for smallholders and the

determinants of AMS adoption (Yang et al., 2013; Lyne et al.,

2018; Justice and Biggs 2020; Belton et al., 2021). Second, the

impact of AMS on overcoming the shortage of family labor in

agricultural production (Zhang et al., 2017), reducing the cost of

agricultural production (Tang et al., 2018), and increasing crop

income and household welfare (Wang et al., 2016; Mi et al.,

2020). AMS adoption is also associated with the farm size

adjustment and off-farm employment decisions of rural

households (Ji et al., 2012; Qiu et al., 2021; Qian et al., 2022).

Considering the effects of AMS on agricultural inputs and

outputs, it follows that it may also affect cultivated land

productivity. To date, although the potential impact of AMS

adoption on cultivated land productivity has been mentioned in

some studies (e.g., Justice S and Biggs S; Qiu et al., 2022), few

studies examined how AMS may affect cultivated land

productivity.

The objective of this paper is therefore to understand whether

AMS improves cultivated land productivity and to examine its

potential impact mechanisms, which have broader implications

for farmers’welfare and national food security. The results of this

study will help to reveal the impacts and obstacles to increasing

cultivated land productivity in the presence of AMS. China is a

new frontier for AMS research and the results may be of general

relevance to other developing countries where AMS has emerged

and agricultural systems are dominated by smallholders. The

North China Plain is used as the research context in this paper

considering that it is dominated by smallholders and its plain

terrain is suitable for mechanization. In fact, AMS has been

developed for decades in this area. This paper estimates the

impact of AMS adoption on agricultural production in general

and in different planting activities (e.g., ploughing, seeding,

fertilizing, pesticide spraying, irrigation, and harvesting) in

particular on arable land productivity, and estimates the

average treatment effect on the treated (ATT). We collected

our data through face-to-face interviews. The potential

mechanisms of the impact of AMS on cultivated land

productivity, such as the inputs of labor, capital, and

technology, are further examined.

Our study extends the findings of previous studies and

contributes to the literature on several fronts. First, our

research focuses on the effect of AMS on cultivated land

productivity at the micro-level by taking smallholders as the

research sample. Despite evidence that mechanization affects

cultivated land productivity (e.g., Ito, 2010; Zhou and Ma, 2022),

the potential effects of AMS have been neglected in the existing

literature. The adoption of AMS, as a market service purchase

decision, represents neither an agricultural investment nor the

acquisition of a household asset, but may allow smallholders to

access mechanization that may have previously been held out of

reach by financial constraints or small farm size. In addition, this

paper provides implications for ensuring food security and

promoting agricultural production, both of which remain

serious challenges in many developing counties.

Second, this paper provides insights into AMS, including its

adoption rate in general as well as that in various planting

activities. Basic services include ploughing, seeding, and

harvesting, and management services include fertilizing,

spraying, and irrigation. As such, we follow the existing

studies in measuring the overall adoption of AMS and adopt

other, more detailed measures based on this. Meanwhile, this

paper analyzes the heterogeneous impact of different types of

AMS and estimates the ATT, which can provide a more targeted

reference for policy-makers.
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Finally, this study develops a conceptual framework for

understanding the underlying mechanisms between AMS

adoption and cultivated land productivity that includes factors

such as agricultural labor substitution, financial constraints,

technological improvements, and output quality and quantity

enhancement and empirically tests these mechanisms. This

extends upon the existing research and provides more detailed

information with which to explain the pathways of the effects of

AMS on agricultural production.

The rest of this paper proceeds as follows. Section 2 illustrates

the conceptual framework. Section 3 introduces the data sources

and describes the identification strategy. The results are

presented and analyzed in Section 4. Section 5 concludes and

suggests policy implications.

2 Conceptual framework

The essential elements of farming are land, labor, capital, and

technology. For developing countries, the contributions of AMS

are mainly reflected by its capacity to relieve the input constraints

of agricultural labor, capital, and technology (Yang et al., 2013;

Benin, 2015; Tang et al., 2018). In this study, we analyze the effect

of AMS on cultivated land productivity through these

mechanisms. Figure 1 depicts a simplified framework of

potential mechanisms and illustrates how AMS adoption

affects cultivated land productivity.

The first mechanism highlights the impact of AMS on cultivated

land productivity by alleviating the constraints caused by

agricultural labor shortages. The rising wage rate and the wage

gap between rural and urban sectors have attracted increasingly rural

labor migration, which has resulted in the agricultural labor pool

shrinking and aging over time (Ji et al., 2012; Yamauchi, 2016; Min

et al., 2017; Yu et al., 2021). Input constraints on the quantity and

quality of agricultural labor may lead to extensive farming

operations and lagging technology adoption, and ultimately

reduce cultivated land productivity. AMS, as an available source

of mechanization for smallholders, can reduce labor drudgery and

alleviate agricultural labor shortages at a relatively lower cost than

hired labor and/or purchased machinery (Tang et al., 2018; Daum

and Birner, 2020; Qiao, 2020). As such, the adoption of AMS can

reduce or compensate for the loss of cultivated land productivity due

to agricultural labor shortages.

The second mechanism focuses on the impact of AMS on the

application of agricultural technology. The adoption of

specialized agricultural techniques, such as deep soil

ploughing, straw returning, and soil formula fertilization,

often requires specific types of machinery (Shikuku, 2019;

Zhou et al., 2020; Yu et al., 2021). Smallholders are

constrained by factors such as access to information and

capital as well as the limited size of cultivated land, and their

adoption of new technologies is often slow and/or limited as a

result (Tan et al., 2006; Zhang et al., 2017). AMS provides

mechanized operations and acts as a transmitter of

agricultural technology (Mi et al., 2020; Yu et al., 2021). As

such, AMS may lead to technological improvement via the

substitution of agricultural labor by mechanization as well as

through the use of specialized machinery. In this way, AMS can

facilitate the adoption of agricultural technologies and improve

the technical efficiency of smallholders and thus potentially

increase cultivated land productivity (Pfeiffer et al., 2009;

Kousar and Abdulai, 2016).

The third mechanism refers to the effect of AMS on financial

constraints in agriculture. Various types of AMS can relieve the

financial burden of purchasing machinery. Most agricultural

machines have strong asset specificity; that is, they cannot easily

be adapted for other purposes. Purchasing multiple complex and

specified agricultural machines would require smallholders to

assume a prohibitively heavy financial burden (Yu et al., 2021).

Moreover, the mechanisms for labor-saving and adopting new

FIGURE 1
Conceptual framework of the impact of AMS on cultivated land productivity.
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technologies can separately reduce the cost per unit of cultivated

land or the unit output yield. Therefore, the adoption of AMS may

relieve smallholders’ financial constraints and allow them to secure

the capital inputs needed to increase their cultivated land

productivity (Ma and Abdulai, 2016).

In light of the aforementioned mechanisms, AMS adoption

may allow smallholders to secure essential inputs for agricultural

production, reduce financial constraints and productivity loss

due to agricultural labor shortages, and increase productivity

through technology improvements. These effects manifest in

terms of increased crop yield and/or quality. For example, the

adoption of deep soil ploughing as a soil improvement measure

may contribute to improving yield and/or output quality and

thus improve cultivated land productivity (Pfeiffer et al., 2009;

Kousar and Abdulai 2016). We therefore hypothesize that the

adoption of AMS can increase cultivated land productivity.

Due to the unique characteristics of each planting activity, AMS

adoption may have different effects in different activities. For

example, a mechanized harvesting service allows farmers to

reduce labor inputs as well as relieve financial constraints as they

are not required to purchase the harvester. However, sprayers are

relatively cheaper than harvesters, and AMS for pesticide spraying

mainly substitutes labor rather than financial input. We divide

planting activities into basic activities and crop management

activities based on their characteristics. The former includes

ploughing, seeding, and harvesting, all of which are essential and

the mechanization of which relies on relatively expensive large

machinery such as tractors and harvesters. The latter concerns

fertilizing, spraying, and irrigation. Farmers may engage in these

activities a variable number of times during planting, and their

mechanization is largely based on the use of small machinery. As an

example, the frequency of pesticide spraying depends on seasonal

pest conditions, and the required sprayer is relatively inexpensive. In

terms of the intensity of the labor input required for the different

planting activities, basic activities often require intense physical

input, while management can be done by older workers who are

relatively less physically capable.

Considering the differential impact of AMS adoption in basic

and management activities on capital constraints and labor input

intensity, it follows that smallholder that predominantly use

family labor are more likely to adopt AMS in basic activities

and thus be more affected by it overall. Therefore, we hypothesize

that AMS adoption in basic activities has a larger impact on

cultivated land productivity than AMS adoption in management

activities.

3 Materials and methods

3.1 Data source

The data used in this study were obtained from a rural

household survey conducted in the North China Plain. This

survey was conducted in February 2018 through face-to-face

interviews in collaboration with Nanjing Agricultural University

and China Agricultural University. With the assistance of

computer-assisted personal interviewing techniques, we used

an open-source software, ODK, to design the questionnaire

and collect rich data (such as photos, GPS location and

agricultural production data). It provides detailed information

on the input and output of agricultural production in 2017 as well

as the basic characteristics of rural households and villages.

Handan city, a prefecture-level city in Hebei Province, is set

as a case study area in the North China Plain. The topography in

Handan city is diverse, the west of which is the mountain and the

hill (46%), while the east is the plain (54%). We selected four

adjacent counties in the northeast, including Feixiang, Jize, Qiu,

and Quzhou. The locations are shown in Figure 2. These four

counties share some key characteristics which could help focus

on our key research questions. First, they are all plain topography

and are dominated by smallholders. Second, the majority of

farmers grow double-season crops that consist of winter wheat

and summer maize. Third, AMS has been developed for a few

decades. (Liu et al., 2022). Moreover, these four counties differ in

distance from Handan city center and then imply the variance in

off-farm employment and AMS, which is necessary for the

empirical identification. Therefore, the study area is

representative of the North China Plain, which not only

reduces the concerns about inconsistent results caused by

agricultural production conditions, but also provides the

necessary variation in key explanatory variables.

A multi-stage random sampling method was used in these four

adjacent counties.Most townships in these four countieswere selected

as surveyed regions1, and the townships were divided into three

groups according to the number of villages in the township (i.e., 1–10,

11–20, and >20 villages). From each of these three groups, two, four,

or six villages were randomly selected. In each of the selected villages,

16 households were randomly selected from a list of household heads.

In total, 2080 households were randomly chosen from 130 villages.

We used a sample of 1918 of those households that engaged in

farming. The majority of the farmers in this area grow double crops,

including winter wheat and summer maize. The composition of the

sample is shown in Supplementary Appendix.

3.2 Variable definitions and descriptive
analysis

The dependent variable for cultivated land productivity is

measured as output per unit of cultivated land area. This is

consistent with many existing studies (e.g., Martey et al., 2019;

Zhou and Ma., 2022). In our study area, farmers usually grow

more than one crop. To ensure consistent estimates of cultivated

land productivity among the sampled households, we took the

logarithm of the total value of maize and wheat per mu

(15 mu = 1 ha).
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In this study, the treatment variable refers to farmers’ AMS

adoption status. The treatment and non-treatment groups are

classified as adopters and non-adopters based on their adoption

of AMS. This is consistent with many studies that have focused

on the impact of AMS on farm size adjustment, agricultural

income, and the welfare of rural households (e.g., Chaya et al.,

2019; Mi et al., 2020; Qian et al., 2022). Crop cultivation

encompasses a variety of activities, such as ploughing, seeding,

fertilizing, spraying, irrigation, and harvesting, which, in the

study area, may require mechanization in the cultivation of

wheat and maize. Thus, to identify the different effects of

AMS in various planting activities, the treatment groups can

be divided according to AMS adoption in general as well as that

in each planting activity.

As described in Chapter 2, we divide planting activities into

basic activities and crop management activities based on the

characteristics of each. The overall proportion of AMS adoption

in basic activities is relatively high (i.e., 86.9%–92.5%; see Table 1)

and has been largely mechanized, while the average proportion of

AMS adoption in crop management activities, which are

generally performed manually or through the use of owned

machines, is relatively low and ranges from 1.1% to 13.7%

(also see Table 1). The obvious difference in the adoption rate

between basic and management activities is consistent with the

theoretical analysis in Section 2. As such, this study seeks to

examine the impact of AMS adoption on cultivated land

productivity, including overall adoption, adoption in different

types of services, and adoption in each planting activity.

Drawing upon the work of Takeshima (2017), Baiyegunhi

et al. (2019), Amoozad-Khalili et al. (2020), Zhou andMa (2022),

this study adds control variables in three categories that describe

the characteristics of the household head, family, and village. The

variables in the household head category include age, gender,

education (in years), participation in agricultural training, off-

farm experience, and membership in village cadres. Family-level

variables include household size, contract land area, the net

change in cultivated land area through land rental, main soil

type of cultivated land, number of tractors owned, and the

availability of loans. The variables in the village category

include distance to the nearest township, the total number of

households, and the total area of arable land. Detailed definitions

and descriptive statistics for the above variables are presented in

Table 1. To detect the collinearity, we tested for the degree of

multicollinearity amongst the independent variables. The mean

VIF (Variance inflation factors) for the independent variables

was 2.42. Therefore, there was no significant multicollinearity

amongst the independent variables.

3.3 Estimation strategy

As mentioned above, this study is interested in assessing the

impact of AMS on cultivated land productivity. We begin by

estimating the relationship between AMS adoption and

cultivated land productivity at the household level. The

specified equation is set as follows:

FIGURE 2
Geographical location of the study area.

Frontiers in Environmental Science frontiersin.org05

Liu et al. 10.3389/fenvs.2022.1008036

219

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.1008036


Yi � α0 + α1AMSi + α2X i + σTi + μi (1)

where Yi represents the dependent variable for household i

(i.e., cultivated land productivity) measured as the logarithm

of output value per unit area of cultivated land. AMSi is a set of

variables on the AMS adoption of household i that includes the

AMS adoption rate in total planting activities and that in

different activities, including basic and management activities.

Xi controls the characteristics of the household head, family, and

village, which also affect land productivity. Ti is a series of

dummy variables at the township level to control for

differences across townships (e.g., agroclimate) . μi is the error

term. Because the dependent variable in this paper (i.e., cultivated

land productivity) is a continuous variable, the OLS estimator is

suitable for Eq. 1.

Because farmers are not randomly assigned into the groups of

those who adopt AMS and those who do not, the adoption of

AMS by rural households may be self-selective and thus the OLS

estimator in Eq. 1 may be biased (Takeshima, 2017; Khan et al.,

2019). To achieve an unbiased estimation of the impact of AMS

adoption on cultivated land productivity, we should first address

the selection bias. Several solutions have been used in the existing

studies to solve the self-selection problem, such as the Heckman

selection model, Endogenous switching regression, and the

instrumental variable method. However, all such approaches

face challenges in identifying appropriate instrumental

variables (Mendola, 2007; Zhang et al., 2020). In this study,

AMS involves a range of adoption variables related to the total

planting process and to different planting activities. It is

challenging to find suitable instrumental variables that affect

TABLE 1 Variable definitions and summary statistics.

Variable Definition Mean S.D.

Dependent variables

Land productivity Total output value of cultivated land (RMB/mu), log 7.464 0.203

Independent variables

AMS ratio Percentage of planting activities adopted AMS (%) 42.07 14.67

Basic services 1, if any basic activities (ploughing, seeding, harvesting) adopted AMS 0.947 0.224

Ploughing 1, if AMS was adopted in ploughing activity; 0, otherwise 0.869 0.337

Seeding 1, if AMS was adopted in seeding activity; 0, otherwise 0.925 0.263

Harvesting 1, if AMS was adopted in harvesting activity; 0, otherwise 0.885 0.319

Management services 1, if any management activities (fertilizing, spraying, irrigation) used AMS 0.208 0.406

Fertilizing 1, if AMS was adopted in fertilizing activity; 0, otherwise 0.137 0.344

Spraying 1, if AMS was adopted in spraying activity; 0, otherwise 0.011 0.104

Irrigation 1, if AMS was adopted in irrigation activity; 0, otherwise 0.092 0.289

Control variables

Household head

Age Age of the household head (years) 57.550 10.300

Gender 1, if the household head is male; 0, if female 0.943 0.232

Education Number of years of education of the household head (years) 6.981 3.589

Village leader 1, if the household is a village cadre; 0, otherwise 0.314 0.464

Training 1, if the household participated in agricultural training; 0, otherwise 0.063 0.243

Off-farm 1, if the household has held an off-farm job; 0, otherwise 0.105 0.307

Family

Household size Number of household members 4.752 2.207

Contract land Area of contracted land (mu) 7.224 4.117

Rented land Area of rented-in land from land rental market (mu) 0.880 3.972

Soil typea Main soil types of arable land cultivated by family 1.950 0.897

Tractor Number of tractors owned by household 0.143 0.386

Credit 1, if a loan can be obtained from banks; 0, otherwise 0.198 0.399

Village

Township distance Village distance to the nearest township (km) 12.719 7.368

Household number Total number of households in the village 306.070 191.319

Village cultivated land Total size of village arable land (mu) 1840.884 955.747

Note: 6.18 RMB, 1 dollar (2018).a 1 = sandy soil; 2 = loamy soils; 3 = clay; 4 = others.

Data source: Authors’ survey.

Frontiers in Environmental Science frontiersin.org06

Liu et al. 10.3389/fenvs.2022.1008036

220

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.1008036


the AMS adoption in the ploughing, seeding, irrigation,

fertilizing, pesticide spraying, and harvesting activities while

not directly affecting cultivated land productivity.

Following Dehejia and Wahba (2002) and Zhang et al.

(2020), this study uses a statistical matching approach to

estimate the average treatment effect on the treated (ATT). In

particular, the matching method matches AMS adopters and

non-adopters that have similar observable attributes. The

matching estimator will have a consistent treatment effect

when the dependent variable is independent of AMS adoption

(Mendola, 2007). To estimate the average treatment effect of

AMS on land productivity, for each rural household i, Yio andYi1

represent the outcomes for treated and untreated groups (i.e., the

cultivated land productivity of AMS adopters and non-adopters),

respectively. For a rural household, the treatment effect of AMS

adoption on cultivated land productivity can be derived from

E(Yi1 − Yi0). Because the treatment is exclusive, it is impossible

to observe the cultivated land productivity of non-adoption for

those who actually adopt AMS. Similarly, for non-adopters of

AMS, we could not observe their cultivated land productivity if

they adopt AMS. Using the counterfactual framework proposed

by Rosenbaum and Rubin (1983) to randomize the non-random

data, this study estimates the counterfactual probabilities for the

treatment and control groups. To estimate the impact of AMS

adoption on cultivated land productivity, we use a matching

method to calculate the ATT, which we estimate by the following

equation:

ATT � E[(Yi1 − Yi0)|T � 1] (2)

where T represents a binary variable for treatment status and

takes the value of 1 if household i in the treated group is an AMS

adopter and 0 otherwise. Matching methods usually assume

ignorability, common support selection on observables, or

confoundedness (Dehejia and Wahba, 2002; Imbens and

Wooldridge, 2008). This implies that the differences in land

productivity between the treatment and control groups after

matching are uniquely attributed to the treatment attributes

and that the matched observations assigned to the treated

group are random (Uematsu and Mishra, 2012).

Propensity score matching (PSM) is employed to match the

AMS adopters to non-adopters with similar characteristics and to

ensure that dissimilar households and outliers will have little or

no influence on the treatment effects (Rosenbaum and Rubin,

1985). As a commonly used matching estimate in treatment

effect analysis, PSM has been widely used in the agricultural

economics literature (e.g., Mendola, 2007; Imbens and

Wooldridge, 2008; Uematsu and Mishra, 2012; Mishra et al.,

2017). It is popularly used as a non-experimental method to

estimate ATT for specific program participation or technology

adoption (Smith and Todd, 2005; Caliendo and Kopeinig, 2008;

Mi et al., 2020). For example, Zhang et al. (2020) used PSM to

estimate the effect of land rental market participation on the

labor productivity of rural households. PSM is a non-parametric

type of estimate without any specific functional forms or

distribution assumptions (Imbens and Wooldridge, 2008).

With the matched sample, ATT can be estimated directly by

comparing outcomes between the treated and untreated groups

(Austin, 2011). In this study, the control group is a sample of

farm households that do not adopt AMS but have similar

characteristics to those that do. We construct a near-random

counterfactual dataset to compare the impact of AMS on

cultivated land productivity.

The shortcoming of the PSM approach is that it cannot

eliminate the selection bias caused by unobservable factors. If an

unobservable factor simultaneously affects both the observations

assigned to the treated group and the outcome variable, a hidden

bias may arise to which matching estimation is not robust

(Rosenbaum, 2002). For example, a farmer’s agricultural

ability is difficult to observe, although it may affect both AMS

adoption and cultivated land productivity. In recognition of this,

a sensitivity analysis of the robustness of the estimates is

conducted to determine how strongly unobservable factors

affect AMS adoption. We estimate a critical odds ratio as

proposed by Rosenbaum and Rubin (1983) and Rosenbaum

(2002) and followed by studies such as Khan et al. (2019) and

Zhang et al. (2020).

4 Results

4.1 OLS estimation results

4.1.1 Main results
The estimated results of Eq. 1 are reported in Table 2. In

column (1), the estimated coefficient of AMS is positive and

statistically significant. The results show that the adoption rate of

AMS increases cultivated land productivity when controlling for

the characteristics of the household head, family, and village. A

similar positive relationship between mechanization and land

productivity was found by Paudel et al. (2019) in Nepal, and

Zhou and Ma (2022) in China. This result is consistent with the

hypothesis that the adoption of AMS has a positive impact on

cultivated land productivity and implies that AMS can play an

active role in promoting agricultural production and ensuring

food security.

In addition to AMS, several control variables have a

significant effect on cultivated land productivity.

Specifically, the coefficients on the years of education and

the membership in the village cadre of household heads are

positive and significant. These are in line with existing

studies that have found that the efficiency of household

agricultural production is related to the capacity of the

household head (Khan et al., 2019; Zhou et al., 2019;

Zhang et al., 2020). Moreover, loan availability has a

significant and positive impact on cultivated land

productivity, thus indicating that the less financial
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constraints, the higher possibility that farmers can increase

land productivity. The village-level variables are not

significant, most likely because the township fixed effect

controls for most regional differences.

4.1.2 Heterogeneity analysis results
In columns (2) to (5) of Table 2, we explore the heterogeneity

of the impact of AMS adoption on cultivated land productivity to

deepen our understanding of this relationship. First, the sample is

TABLE 2 OLS regression for the effect of AMS on cultivated land productivity.

Full sample Farm size AMS ratio

[0,50] (50,100] [0,50] (50,100]

(1) (2) (3) (4) (5)

AMS ratio 0.002*** 0.003*** 0.002*** 0.004*** -0.000

(0.001) (0.001) (0.001) (0.001) (0.002)

Age 0.000 0.000 0.000 0.000 -0.000

(0.000) (0.001) (0.001) (0.001) (0.001)

Gender 0.005 −0.012 0.044 0.000 0.037

(0.020) (0.024) (0.036) (0.022) (0.043)

Education 0.003* 0.004** 0.000 0.003* 0.003

(0.001) (0.002) (0.002) (0.002) (0.003)

Village leader 0.029** 0.008 0.047* 0.023 0.037

(0.014) (0.019) (0.025) (0.018) (0.027)

Training 0.026* 0.034 0.025 0.034** -0.047

(0.015) (0.023) (0.021) (0.017) (0.042)

Off-farm −0.002 −0.011 0.010 −0.006 0.015

(0.010) (0.016) (0.016) (0.013) (0.020)

Household size 0.003* 0.004 0.003 0.004* −0.003

(0.002) (0.003) (0.003) (0.002) (0.005)

Contract land 0.002* 0.005 0.004** 0.001 0.006**

(0.001) (0.004) (0.002) (0.001) (0.002)

Rented land 0.000 0.001 0.001 0.001 −0.001

(0.001) (0.009) (0.001) (0.002) (0.002)

Soil type 0.008 0.003 0.017** 0.009 0.011

(0.006) (0.008) (0.008) (0.007) (0.011)

Tractor 0.014 0.009 0.017 0.012 0.041

(0.015) (0.030) (0.016) (0.016) (0.033)

Credit 0.047*** 0.032* 0.064*** 0.050*** 0.014

(0.010) (0.017) (0.014) (0.012) (0.024)

Township distance −0.001 0.001 −0.003** −0.002 −0.002

(0.001) (0.002) (0.002) (0.001) (0.003)

Household number −0.000 −0.000 −0.000 −0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000)

Village cultivated land 0.000 0.000 0.000 0.000 -0.000

(0.000) (0.000) (0.000) (0.000) (0.000)

Township FE Yes Yes Yes Yes Yes

Constant 7.372*** 7.266*** 7.246*** 7.251*** 7.255***

(0.052) (0.064) (0.079) (0.055) (0.126)

F test 8.74*** 2.46*** 3.48*** 4.00*** 2.20***

R2 0.105 0.125 0.140 0.120 0.243

Observations 1918 967 951 1596 322

Note: The standard errors clustered at village level are shown in parentheses. *, **, and *** denote p < 0.10, p < 0.05, and p < 0.01, respectively.

Data source: Authors’ survey.
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divided into two subsamples based on the median farm size, with

columns (2) and (3) reporting the results of AMS adoption for

farmers operating relatively smaller and larger farms. We find

that AMS is more effective in increasing the cultivated land

productivity among farmers with relatively small farms.

Considering that smallholders usually operate fragmented

plots and lack collateral, it is likely that they face financial

constraints. As a result, it is more difficult for smallholders to

access mechanization through machinery ownership, which is

the standard method of mechanization (Tan et al., 2006; Wang

et al., 2020). Furthermore, AMS can offer smallholders easier

access to mechanization in various planting activities and thus

has a greater effect on cultivated land productivity among

farmers with relatively small farms. This finding is largely

consistent with that of Zhou and Ma (2022) that small farms

are more beneficial to land productivity through mechanization.

We separate the sample into observations with below-

median and above-median AMS adoption rates for separate

analyses. The estimated results are reported in columns (4)

and (5). We find that households in the lower adoption rate

group benefit more from AMS in terms of cultivated land

productivity. In contrast, the coefficient for the higher

adoption rate group is not significant. These results imply

that the marginal effects of AMS adoption decrease as the rate

of AMS adoption increases.

4.1.3 Effects of AMS adoption in different
planting activities

Table 3 presents the estimated results of the adoption of AMS

in different activities. The results in columns (1) to (4) reveal that

the general adoption rate of AMS for basic activities and the

specific adoption in the ploughing, seeding, and harvesting

activities have significant and positive effects on land

productivity at the 1% significance level. The effects of AMS

adoption in basic activities on cultivated land productivity are

between 7.6 and 12.1%. In contrast, columns (5) to (8) show that

the adoption of AMS in management activities has no significant

effect on cultivated land productivity. Combined with the reality

that the rate of AMS adoption in management activities is very

low compared to that in basic activities (see Table 1), the

difference in the impact on cultivated land productivity

between management and basic activities may be partly

explained by the following two reasons. Machinery used in

management activities (e.g., pumps) is less expensive than that

used in basic activities (e.g., tractors), thus smallholders rely more

on AMS in basic activities. And the agricultural labor force used

TABLE 3 OLS regression for the effect of AMS on cultivated land productivity by planting activity.

Dependent variable: Cultivated land productivity

(1) (2) (3) (4) (5) (6) (7) (8)

Basic services 0.109***

(0.038)

Plaughing 0.076***

(0.019)

Seeding 0.101***

(0.032)

Harvesting 0.121***

(0.027)

Management services −0.016

(0.000)

Spraying −0.018

(0.012)

Irrigation −0.090

(0.060)

Fertilizing −0.005

(0.014)

Controls Yes Yes Yes Yes Yes Yes Yes Yes

Township FE Yes Yes Yes Yes Yes Yes Yes Yes

F test 9.02*** 8.58*** 9.34*** 8.48*** 7.81*** 7.70*** 7.53*** 7.69***

R2 0.091 0.092 0.093 0.111 0.078 0.079 0.080 0.078

Observations 1918 1918 1918 1918 1918 1918 1918 1918

Note: The standard errors clustered at the village level are shown in parentheses. *, **, and *** denote p < 0.10, p < 0.05, and p < 0.01, respectively.

Data source: Authors’ survey.
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by smallholders is often the residual family labor force after off-

farm migration, which has a low opportunity cost and allows for

the engagement in management activities that are relatively less

physically demanding. The above results are therefore consistent

with the hypothesis in the theoretical analysis that AMS adoption

in basic activities has a larger impact on cultivated land

productivity than AMS adoption in management activities.

4.2 Average treatment effects on the
treated

Table 4 presents the results of the ATT of AMS on cultivated

land productivity. We use the nearest neighbors matching

method, and the radius matching method and kernel

matching method are performed for comparison (see

Supplementary Appendix). In particular, the households that

adopt AMS in general, basic, and management activities are

compared separately to the counterfactual households that do

not adopt AMS. The results reveal a significant and positive

impact of AMS adoption in general and basic activities as well as

in each individual activity in basic services on cultivated land

productivity. Since the dependent variable is in logarithmic form,

the estimated results of ATT suggest that the overall adoption of

AMS increases cultivated land productivity by between 16.3%

and 17.9%. Furthermore, the AMS adoption in basic activities in

general and in each individual activity increase land productivity

by 10.3%–17.2%. However, the adopters of AMS in management

activities are not significantly different from non-adopters in

terms of cultivated land productivity.

Based on the results in Table 4, it can be concluded that in the

absence of selection bias, cultivated land productivity for rural

households who adopt AMS is significantly higher than that for

non-adopters. This finding is similar to those of the studies that

TABLE 4 Average treatment effect of AMS adoption on land productivity by PSM.

Nearest neighbors Mean outcome Treatment effect

Treated Controls ATT

AMS adoption 1 7.471 7.292 0.179** (0.047)

2 7.471 7.303 0.168*** (0.044)

3 7.471 7.308 0.163*** (0.044)

Basic activities 1 7.468 7.296 0.172*** (0.047)

2 7.468 7.296 0.172*** (0.045)

3 7.468 7.303 0.164*** (0.044)

Plaughing 1 7.473 7.365 0.108*** (0.030)

2 7.473 7.365 0.108*** (0.030)

3 7.473 7.368 0.105*** (0.028)

Seeding 1 7.469 7.338 0.131*** (0.041)

2 7.469 7.341 0.128*** (0.038)

3 7.469 7.349 0.119*** (0.038)

Harvesting 1 7.476 7.335 0.141*** (0.036)

2 7.476 7.354 0.122*** (0.033)

3 7.476 7.355 0.121*** (0.032)

Management activities 1 7.456 7.466 −0.010 (0.017)

2 7.456 7.470 −0.013 (0.015)

3 7.456 7.475 −0.019 (0.014)

Fertilizing 1 7.446 7.471 −0.025 (0.020)

2 7.446 7.473 −0.027 (0.018)

3 7.446 7.473 −0.027 (0.017)

Spraying 1 7.377 7.392 −0.015 (0.087)

2 7.377 7.422 −0.045 (0.073)

3 7.377 7.451 −0.074 (0.070)

Irrigation 1 7.470 7.491 −0.021 (0.024)

2 7.470 7.488 −0.018 (0.019)

3 7.470 7.488 −0.018 (0.018)

Note: ATT, the average treatment effect on the treated; The standard errors are shown in parentheses. *, **, and *** denote p < 0.10, p < 0.05, and p < 0.01, respectively.

Data source: Authors’ survey.
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previously found a significant and positive effect of agricultural

technology adoption on cultivated land productivity (e.g., Asfaw

et al., 2012; Khonje et al., 2015; Zhou and Ma, 2022). In addition,

the above results are also consistent with the results of the OLS

estimation in Table 3 and support our first hypothesis. Given the

consistency between the OLS and PSM results, it is convincing to

use the ATT results of PSM to interpret the economic

significance of the effect of AMS on cultivated land

productivity, as well as to use the results of OLS regression to

compare the effects among different groups mentioned above.

A Rosenbaum bounds sensitivity analysis is used to assess the

presence of unobserved factors when the key assumption is

relaxed by a quantifiable increase in uncertainty (Rosenbaum,

2002). The measurement of the critical value of hidden bias, Γ, is
expressed in terms of the odds ratio of differential treatment. The

magnitude of hidden bias, which would make the finding of a

positive and significant effect of AMS adoption on cultivated land

productivity questionable, should be higher than one2. At each Γ,
we calculate the lower and upper hypothetical significance levels,

which represent the bound on the significance level of the ATT in

cases of endogenous self-selection into the treatment

group. From the results of Rosenbaum’s sensitivity in

Supplementary Appendix, a hidden bias of Γ between 2.0 and

2.1 is required to declare that the finding of a positive effect of

AMS adoption on cultivated land productivity is false. This small

Γ suggests that the results of the ATT estimation can be trusted.

4.3 Mechanism test of the effect of AMS
adoption on cultivated land productivity

Our analysis in the previous section demonstrates that AMS

adoption increases cultivated land productivity both in general

and in basic planting activities. This study also examines the

heterogeneity in this effect across farm sizes and rates of AMS

adoption. While limitations in the available data prevent us from

revealing all possible mechanisms that link AMS adoption to

cultivated land productivity, we consider the main mechanisms

discussed in the conceptual framework (i.e., those shown in

Figure 1), namely, labor substitution, technology

improvement, financial constraints, and output yield and

quality. The mechanism variables are defined and summarized

in Supplementary Appendix.

The first mechanism is via the effect of AMS adoption on

agricultural labor input. Column (1) of Table 5 shows that

increasing the rate of AMS adoption has a negative effect on

the amount of agricultural labor input needed by

smallholders, although the coefficient is not significant.

We speculate that the potential reasons for this

insignificant result may be as follows. First, the labor force

used by smallholders is usually the residual labor, that is,

unable to obtain off-farm employment opportunities. In such

a situation, even if AMS could reduce the input intensity of

agricultural labor, this component of the household labor

force may still engage in agriculture. Second, the adoption of

AMS may result in the expansion of farm sizes, as found by

Qian et al. (2022). Those households may then not be able to

reduce the total amount of family labor needed for

agriculture. Third, AMS adoption varies by planting

activity, and activities for which AMS adoption is

relatively weak generally rely on manual labor.

The second mechanism (i.e., technological improvement)

is motivated by the idea of mechanization and has been cited

in the literature as a mechanism for technological adoption.

Because the adoption of AMS for different planting activities

may involve different agricultural technologies that are not

necessarily directly comparable with each other, we use

technical efficiency as a more comparable measure of

technological progress. We expect the adoption of AMS to

improve the technical efficiency of adopters. As in previous

studies (e.g., Villano and Fleming 2006; Michler and Shively

2015; Ma et al., 2017), we estimate technical efficiency using

stochastic frontier analysis. In column (2) of Table 5, we find

that AMS adoption has a significant and positive effect on

technical efficiency. This is largely consistent with the existing

studies that find that mechanization enhances technological

improvement at the household level in Iran, Bangladesh, and

parts of rural China (Hormozi et al., 2012; Zhou et al., 2019;

Vorita et al., 2021).

The third mechanism is the effect of AMS on alleviating

financial constraints. Financial constraints have been an

important obstacle to smallholders purchasing agricultural

machinery, adopting new technologies, and investing in

agriculture. Given their lack of collateral, inter-farmer

borrowing is the main method through which they alleviate

financial constraints. In this paper, the number of times

farmers borrowings from other villagers in the past 5 years

is used to measure financial constraints. As the results in

column (3) of Table 5 show, a rising adoption rate of AMS

significantly reduces the frequency of borrowings from other

villagers. This result is consistent with the theoretical analysis

of Yu et al. (2021).

Increases in land productivity may be the result of quantity

and/or quality improvements (i.e., increases in output yields and/

or selling prices). Columns (4) and (5) show that the AMS

adoption rate has a positive effect on crop yield, although

there is no significant effect on selling price. Our results reveal

that AMS adoption can increase the output yield per unit area of

cultivated land. The insignificant coefficient on selling price can

be partly explained by the low bargaining power of smallholders

in agricultural markets, which makes selling prices relatively

2 Readers who are interested in the Rosenbaum sensitivity test are
advised to read Rosenbaum (2002) and Diprete and Gangl (2004)
for a detailed understanding of the method.
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exogenous to smallholders (Rutten, et al., 2017; Pingali et al.,

2019).

5 Conclusions and policy implications

The importance of AMS for improving smallholders’ access

to mechanization and the need for mechanization to boost

agricultural production and ensure food security have been

greatly highlighted in the existing studies. However, few

studies consider the effect of AMS, as a new mechanization

source, on cultivated land productivity. In response to this gap,

this study investigates the broad impact of AMS adoption and the

adoption of AMS in various production activities on cultivated

land productivity, and further identifies the mechanisms of those

impacts. In the context of the North China Plain and based on the

survey data of 1918 smallholders, this study uses OLS estimation

as its basic results and PSM to address self-selection bias and

estimate the average treatment effect on the treated (ATT).

The results of the OLS estimation show that AMS increases

cultivated land productivity, especially for farmers with relatively

small farms and relatively low AMS adoption rates. Moreover, we

find that the adoption of AMS in basic activities (e.g., ploughing,

seeding, and harvesting) significantly increases cultivated land

productivity, while the adoption of AMS in management activities

(e.g., spraying, irrigation, and fertilizing) has no obvious effect on land

productivity. In addition, the results of PSM show that the adoption

of AMS both in general and in basic activities increases cultivated

land productivity by between 10.5% and 17.9%. Furthermore, we find

that technological improvement, easing of financial constraints, and

increasing yields are important mechanisms through which AMS

affects cultivated land productivity.

Our findings have important implications for promoting

agricultural modernization and ensuring food security. First,

this study finds that AMS adoption can increase cultivated

land productivity and suggests that improved adoption of

AMS by smallholders can facilitate agricultural production.

Second, the findings from the mechanism analysis suggest that

AMS adoption can be an effective pathway for alleviating

financial constraints, promoting technological improvement,

and increasing crop yields. The existence of these mechanisms

implies that there will be a complementary relationship between

the extension of AMS and the support policies of the agricultural

credit as well as the agricultural technology systems.

There are a few limitations that should be taken into account

in interpreting and generalizing the results of this study. First,

this study was conducted in a plain area dominated by

smallholders with a similar crop structure, while for the other

areas of rural China where the topography and crop structure are

more diverse, the results may need some caveats. Future research

should examine whether the effects of AMS on cultivated land

productivity vary with topography and crop structure. Second,

this study mainly examines the cultivated land productivity of

smallholders. In recent years, however, the Chinese government

has actively encouraged the development of farmer cooperatives

and agricultural companies. These new actors in Chinese

agriculture may also be providers of AMS. Taking these

developments into account may provide a complete picture of

the relationship between AMS and cultivated land productivity.
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Crop production space is the most important part of land use system, and

spatial simulation has always been the key task of land science. Crop production

space is affected by many factors on different spatio-temporal scales, which

leads to the complexity of simulation models. The existing simulation models

also have the limitations of lack of human factors, large simulation area and

excessive reliance on expert experience. Sichuan Province is a typical area of

Citrus spatial expansion in China, so it is of great practical significance to carry

out spatial regulation. From the comprehensive perspective of nature and

humanity, this research uses MaxEnt, ArcGIS, Orcale, SQL to design a spatial

regulation method (CSSM) for citrus, predict the citrus production space in

Sichuan Province in 2025, and put forward regulation suggestions. The results

showed that the citrus spatial simulation method better reflects the

comprehensive effect of natural and human factors on crop space, and

realizes the research on the regulation of single crop production space. The

dominant environmental variables affecting citrus production in Sichuan are

input of production factors, society, climate and terrain. Human activities play a

leading role. The suitable environment for citrus production in Sichuan is:

elevation ≤500m, annual average temperature ≥16.5 °C, aspect are

northeast, southwest and northwest, supported by preferential policies, the

input of Citrus fertilizer in the county is ≥ 500t, the input of Citrus labor in the

county is ≥ 5,000, the input of Citrus pesticide in the county is ≥ 12.5t, and the

technical progress represented by unit yield is 750–7000 t/km2. The suitable

space for citrus production in Sichuan are mainly located in Zigong, Nanchong,

Ziyang, Neijiang, Meishan, Leshan, Yibin and Luzhou. The government should

choose a positive low growth scenario to stabilize the citrus area in Sichuan at

3533 km2 in 2025, and form a major citrus production area in Meishan, Ziyang,

Neijiang, Chengdu, Nanchong and Yibin.

KEYWORDS

land use, crops suitability, maximum entropy model(MaxEnt), multi-scenario
simulation, citrus
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1 Introduction

Crop production space is the most extensive and important part

of land use system (Ramankutty et al., 2008; Volk and Ewert, 2011;

Tang et al., 2015). It is the spatial expression of crop type and

production distribution (Tang et al., 2010). Crop spatial simulation

is not only an important task of agricultural land system research,

but also an industrial policy problem faced by government

departments. Therefore, it has always been the research focus of

land science (Liu and Chen, 2002). The purpose of crop spatial

simulation is to arrange crops in the most suitable space as far as

possible, form a relatively centralized regional layout, realize the

optimization of agricultural land system, and obtain the best

comprehensive benefits (Tang et al., 2015).

The land use change simulation model has formed SD,

Markov, CA, clue, flus and their coupling models (Verburg

et al., 2002; Genga et al., 2017; Mamanis et al., 2021; Zhang

et al., 2021). This kind of simulation is based on driving factors,

utilization needs, regional constraints and conversion order, and

realizes top-down or bottom-up change simulation on different

space-time scales. However, this kind of research only realizes the

simulation of the primary type of agricultural land and

construction land, but fails to realize the spatial simulation of

the internal crop types of agricultural land, and because the

simulation area is too large, it is difficult to guide the practice at

the samll-scale of county (town) and even villages. Land

ecological suitability evaluation (LESE) based on GIS is often

used in spatial simulation. This kind of method is based on the

response of crop physiological growth to the natural

environment, selects representative indicators from climate,

terrain and soil, identifies and divides suitable space, and

realizes spatial regulation on different scales (Neamatollahi

et al., 2012; Bagherzadeh and Daneshvar, 2014; Li et al., 2015;

Wotlolan et al., 2021). However, this kind of method also has two

limitations. The first is to ignore social and economic factors and

reduce the scientificity of the results. The most suitable space is

the result of agricultural land adapting to changes in natural and

human factors, including natural suitability and human

suitability (Lin et al., 2020). The natural environment

determines the basic pattern of crop production space, and

makes the natural suitable space become the initial gathering

area of crops (Li et al., 2012). With the development of society,

economy, science and technology, human factors have become

an important inducement to cause spatial changes. The spatial

heterogeneity of labor, farmers’ behavior, production costs,

consumption, policy and technological progress on different

spatial and temporal scales has an increasingly strong impact

on spatial changes (Xiang et al., 2014; Zhang and Zhang, 2016;

Wang and Qi, 2018). Spatial change has changed from natural

driving to common driving of nature and humanity (Lin et al.,

2021). Second, it is difficult to determine the representative

indicators and their thresholds. Crop growth is affected by

many variables. The dominant variables affecting the spatial

change of crop production in different regions are different,

and the threshold of the same variable affecting the spatial change

in the same region also has time differences (Zabihi et al., 2015;

Mokarram and Mirsoleimani, 2018; Tercana and Dereli, 2020).

Therefore, the determination of representative indicators and

their thresholds is often affected by subjective experience and

regional differences.

Species distribution model (SDM) provides a new idea for crop

spatial simulation. According to the relationship between species

distribution and eco-environmental characteristics, SDM does not

need to have rich prior knowledge of species ecological

characteristics. Now it has been widely used in potential

distribution (Yang et al., 2013; Qin et al., 2017). A series of

ecological statistical models based on ArcGIS have been widely

used, such as MaxEnt (Phillips et al., 2006), BIOCLIM (Beaumont

et al., 2005), ENFA (hengl et al., 2009), GARP (Stockwell and Peters,

1999). More than 1,000 studies since 2006 show that MaxEnt model

has been proved to have the best prediction ability and accuracy

(Wisz et al., 2008; Merow et al., 2013). MaxEnt model has achieved

good results in the suitability zoning of rice, wheat, corn, potato and

other crops and the assessment of the response to environmental

andmajor climate factors (Khalil et al., 2021; Khubaib et al., 2021; Yu

et al., 2022). MaxEnt model can not only consider the impact of

natural variables such as climate, terrain and soil, but also consider

the impact of non natural variables such as labor force and land use

(Galletti et al., 2013; Yi et al., 2016; Gu et al., 2018; Cao et al., 2021;

Yang et al., 2022). The change of environment and human activities

has obvious uncertainty and complexity (Zhang et al., 2016; Yang

et al., 2022). MaxEnt model shows applicability in coupling analysis

of natural environment and human activities (Tan et al., 2019;

Nyairo andMachimura, 2022), which is conducive to understanding

the comprehensive impact of environment and human activities on

agricultural production. Supported by Geographic Information

System (GIS), MaxEnt model provides a good method for crop

spatial distribution and agricultural land structure optimization.

This work uses MaxEnt, ArcGIS, Oracle, SQL to design the

citrus spatial simulation method (CSSM). CSSM

comprehensively considers natural and human factors, uses

MaxEnt to calculate the distribution probability of citrus

production, simulates the production space with the

distribution probability as the standard through Oracle and

SQL, and carries out empirical research on the spatial layout

of citrus production in Sichuan Province of China in 2025, in

order to provide a new method for the simulation of agricultural

land system.

2 Study area and data source

2.1 Study area

Sichuan Province located in the southwest of China

(26°03′–34°19′ N, 92°21′–108°12′ E), is the transitional area
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between the Qinghai-Tibet Plateau and the middle-lower

Yangtze Plain (Figure 1). The western part is a plateau area,

with an elevation of more than 4000m; The eastern part is the

hilly plain area of the basin, with an elevation of 1,000–3,000 m.

The climate types of Sichuan Province are diverse, including the

mid-subtropical humid climate area in the basin, the subtropical

semi humid climate area in the mountains of Southwest Sichuan,

and the alpine climate area in the plateau of Northwest Sichuan.

Since the reform and opening up, China’s citrus production space

has expanded rapidly, and has become the world’s largest citrus

producer. The planting area reached 2.83 × 104 km2 in 2020

(Rural social and Economic Investigation Department of the

National Bureau of statistics of China, 2021), and citrus has

become an important land cover type in southern China. The

citrus production in Sichuan Province has been in the forefront

for a long time. In 2020, the citrus area in Sichuan reached

3,389 km2. Since 2000, the production space has expanded by

1837 km2(Rural social and Economic Investigation Department

of the National Bureau of statistics of China, 2021), which is a

typical area of Citrus spatial expansion. At present, citrus has

formed Chengdu Plain production area, South Sichuan

production area and Northeast Sichuan production area in

Sichuan. Compared with the production space and suitable

space, the production area has far exceeded the high suitable

area, and there is a reality of transferring to the middle and low

suitable space. It is urgent to carry out spatial regulation, reduce

the supply and demand risks faced by the citrus industry, and

promote the sustainable development of the citrus industry (Lin

et al., 2019).

2.2 Data source and preprocessing

2.2.1 Data source
This study uses a large number of public data provided by

national (provincial and municipal) data platforms, mainly

including climate, topography, land and socio-economic data

(Table 1).

2.2.2 Pretreatment of environmental variables
According to the existing research conclusions,

35 environmental variables of seven types affecting the

distribution of citrus production were selected (Table 2) (Li

and Xie, 2003; Zhang and Zhang, 2016; Su et al., 2017; Lin

et al., 2019; Lin et al., 2021). Variable 1) to Variable 12) are the

average annual values from 1980 to 2015 obtained from the

daily meteorological data of 42 meteorological stations

calculated by MATLAB (Figure 1). Variable 13) to Variable

(20) are obtained by potassium dichromate volumetric

method, potentiometric method, semi micro Kjeldahl

method, spectrophotometry, hydrofluoric acid digestion

method and hydrometer speed measurement method.

Variable 24) to Variable 34) are the average value of

county from 1980 to 2015 calculated by using the

FIGURE 1
Geographical location of Sichuan Province and data distribution.
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corresponding formula. The time smoothing method is used

to supplement the missing data in a few counties. Variabl 35)

is a dummy variable, 51 counties that implement industrial

support policies are 1, and the rest are 0. The administrative

divisions of Sichuan Province have been adjusted for many

times. In order to ensure the consistency of data, the

administrative boundaries in 2010 are taken as the

benchmark and merged into 181 counties. Using ArcGIS

10.2 software to unify the boundary of all environmental

variables, the coordinate system was

WGS_1984_UTM_Zone_48N, the resolution was 1 km ×

1 km, and data were converted to the ASCII format

required by MaxEnt software.

2.2.3 Distribution data processing
There are two sources of Citrus distribution data. The

longitude and latitude of the main citrus producing areas in

Sichuan were obtained by handheld GPS positioning. Other

distribution data are queried and supplemented by the Global

Biodiversity Information Facility (http://www.gbif.org), and

invalid records and duplicate records are removed. Sampling

bias will lead to MaxEnt over fitting, thereby reducing the

prediction ability of the model (Phillips et al., 2009). In this

study, SDMtoolbox was used for spatial screening of sampling

points, and one distribution point was reserved in 1 km × 1 km

pixels, and 191 sampling points were finally obtained (Figure 1).

3 Research methods

3.1 Method framework

3.1.1 Probability model
CSSM simulates citrus production space with distribution

probability, and MaxEnt is an important model tool of CSSM.

The maximum entropy model is a mathematical method for

unbiased inference of unknown distribution based on limited

known information. The theory holds that, without external

force, things always strive for the maximum freedom under

constraint conditions. Under known conditions, things with the

maximum entropy are most likely to be close to their true state

(Jaynes, 1957). MaxEnt model requires two types of data. The first is

the geographical location of known crop distribution, which is

expressed in the form of longitude and latitude coordinates. The

second is the environmental variable within the predicted spatial

range (Phillips et al., 2006). The distribution of crops is affected by

environmental variables. In the sample data set composed of

environmental variables and crop distribution, the introduction

of environmental variables will affect the distribution probability

and amount of information. MaxEnt model obtains the prediction

model according to the geographical coordinates of the known

distribution points of species and the environmental variables of the

species distribution area, and then uses the optimal model to

simulate the possible distribution of the target species in the

TABLE 1 Datasets used in this study.

Data name Period Data sources

Climatic data

Daily meteorological dataset of basic meteorological elements of China
National Surface Weather Station

1951–2017 China National Meteorological Information Center (http://data.cma.cn)

Topographic data

Elevation (SRTM 90m) 2000 Resource and environment science data center of Chinese Academy of
Sciences (http://www.resdc.cn)

Land data

Nutrient data set of soil testing and formula fertilization in Sichuan Province 2008–2010 Sichuan Provincial Department of agriculture and Rural Affairs

Land use/land cover data 2020 Resource and environment science data center of Chinese Academy of
Sciences (http://www.resdc.cn)

Socio economic data

Administrative division 2010 National Geomatics Center of China (http://www.webmap.cn)

Population、GDP 1981–2016 Sichuan statistical yearbook

Road 1981–2016 Sichuan statistical yearbook

Disposable income of residents 1981–2016 Sichuan statistical yearbook

Area and output (Citrus, Grain) 1981–2016 Sichuan Rural Statistical Yearbook

Pesticides 1981–2016 Sichuan Agricultural statistical yearbook

Fertilizer 1981–2016 Sichuan Agricultural statistical yearbook

Rural laborers 1981–2016 Sichuan Agricultural statistical yearbook

Effective irrigation area 1981–2016 Sichuan Agricultural statistical yearbook

Distribution data

Global Biodiversity Information Facility http://www.gbif.org
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target area, and selects the distribution with the largest entropy from

the distribution that meets the conditions as the optimal distribution

(Elith et al., 2006; Phillips et al., 2006; Merow et al., 2013). The

maximum entropy algorithm is a constrained optimization

algorithm, which is simply described as: when the output of x is

known to be y, for the given training data set and characteristic

function fi(x,y), where i = 1,2,..., n, MaxEnt solves the equation as

follows (Yang et al., 2022):

TABLE 2 Calculation formula and raster processing of environment variables.

No Type Variable Calculation formula Raster processing

1 Climate Annual sunshine hours Sum of daily sunshine hours IDW

2 Annual average temperature (Sum of daily average temperature) ÷ (Days) MR + Residual IDW

3 Florescence average temperature (Sum of daily average temperature from April to may) ÷ (Days) MR + Residual IDW

4 Average temperature in July (Sum of daily average temperature in July) ÷ (Days) MR + Residual IDW

5 Average temperature in January (Sum of daily average temperature in January) ÷ (Days) MR + Residual IDW

6 Annual temperature range (Average temperature in July)—(average temperature in January) IDW

7 ≥0 °C accumulated temperature the sum of daily mean temperatures above 0 °C in 1 year MR + Residual IDW

8 ≥10 °C accumulated temperature the sum of daily mean temperatures above 10 °C in 1 year MR + Residual IDW

9 summer ≥38 °C duration days Cumulative days with the highest temperature ≥38 °C from July to September IDW

10 Frost free period Days between the last frost day and the first frost day IDW

11 Annual precipitation Sum of daily precipitation Ordinary kriging

12 Annual average air humidity (Sum of daily air humidity) ÷ (Days) MR + Residual IDW

13 Soil Organic matter Potassium dichromate volumetric method Ordinary kriging

14 pH Potentiometric determination Ordinary kriging

15 Total N Semi micro Kjeldahl method Ordinary kriging

16 Total P Spectrophotometry Ordinary kriging

17 Total k Hydrofluoric acid digestion method Ordinary kriging

18 Clay Hydrometer speed measurement method Ordinary kriging

19 Silt Hydrometer speed measurement method Ordinary kriging

20 Sand Hydrometer speed measurement method Ordinary kriging

21 Topography Slope — Spatial Analyst Tools

22 aspect — Spatial Analyst Tools

23 elevation — Spatial Analyst Tools

24 Production Land input (Citrus area) ÷ (Agricultural land area) Feature To Raster

25 Labor input Labor input × (Citrus area) ÷ (Agricultural land area) Feature To Raster

26 Fertilizer input Fertilizer input× (Citrus area) ÷ (Agricultural land area) Feature To Raster

27 Pesticide input Pesticide input× (Citrus area) ÷ (Agricultural land area) Feature To Raster

28 Irrigation input Irrigation input× (Citrus area) ÷ (Agricultural land area) Feature To Raster

29 Economics Urbanization (total population - rural population) ÷ Total population Feature To Raster

30 Economic feedback (Output value of secondary and third industry)÷(Total output value) Feature To Raster

31 Food security (Grain output)÷ (Total population) Feature To Raster

32 Market Traffic (Highway mileage) ÷ (Total area) Feature To Raster

33 consumption Disposable income of urban residents Feature To Raster

34 Sociology technical progress (Citrus yield) ÷ (Citrus area) Feature To Raster

35 Policy The county implementing the supporting policy is 1, otherwise it is 0 Feature To Raster

MR: multiple regression; IDW: inverse distance weighting.
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maxpϵc H(P) � −∑
x,y

~P(x)P(y∣∣∣∣x)logP(y∣∣∣∣x),
s.t.EP(fi) � E ~P(fi), i � 1, 2,/, n,

∑
y

P(y
∣∣∣∣x) � 1,

(1)

Where H(P) is the conditional entropy, P(y|x) is the

conditional probability distribution assumption, ~P(x) is the

empirical distribution, and EP(fi) represents the expectation

of the characteristic function of the empirical distribution.

Lagrangian multiplier method is used to transform the

original constrained optimization problem into a dual

unconstrained optimization problem.

3.1.2 Main steps
CSSM includes three steps: environmental variable selection,

distribution probability calculation, and spatial distribution

simulation (Figure 2). The first step is to use ArcGIS to unify the

data structure, spatial resolution and geographic coordinates of

various environmental variables, and establish a geographic

information database. Then, Pearson correlation analysis was

carried out on environmental variables to screen out the potential

environmental variables that drive the spatial changes of citrus

production. The second step is to calculate the distribution

probability of citrus on the basis of MaxEnt parameter

optimization, and revise it with land cover data. Use the

prediction model to obtain the future citrus planting area. The

third step is to select the simulation strategy according to the

discrimination conditions to judge and mark the pixels suitable for

citrus production one by one. When the threshold is reached, stop

labeling, output all labeled pixels, and get the most suitable citrus

production space. This step is implemented by SQL and Oracle.

3.2 Environment variable selection

In order to avoid the error caused by the over fitting of the

model caused by the multicollinearity of environmental

variables, and to retain the ecological significance of different

FIGURE 2
Research framework of CSSM.
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types of variables on the distribution of citrus as much as possible

(Elith et al., 2011), this study conducted Pearson on the same type

of environmental variables, and retained the variables with R <
0.75. Among the variables with R > 0.75, select a variable closely

related to citrus distribution or convenient for model

interpretation to participate in the prediction. Finally,

24 variables were identified as potential environmental

variables (Table 3).

3.3 Distribution probability calculation

3.3.1 Model optimization
The parameter optimization of MaxEnt helps to improve the

prediction accuracy of the model. The most important parameters

are feature class (FC) and regulrationmultiplier (RM) (Radosavljevic

and Anderson, 2014). MaxEnt provides five feature types: linear (L),

quadratic (Q), hinge (H), product (P), and threshold (T), which can

produce 31 feature class. RM parameter is set to 0.1–4, with an

increase of 0.1 each time, a total of 40 regulration multiplier. Kuenm

toolkit of R is used to optimize 1,240 parameter combinations.

Among all candidate combinations, select the parameter

combination with statistical significance, omission rate ≤5%, and
delta. AICc = 0 for modeling (Warren and Seifert, 2011). The results

show that the parameter combination when FC = h and RM = 4 is

the optimal model. MaxEnt settings are as follows: ① sampling

points are randomly divided into training samples (75%) and

verification samples (25%). ② Select random seed. ③ The

repetition type is subsample. ④ Take the average of

10 calculations as the final result.

TABLE 3 Potential environmental variables affecting the spatial distribution of citrus production.

Type Potential
environment variable

Code Factor meaning

Climate Annual sunshine hours Sun Sunshine is conducive to the growth of branches, leaves and flower buds, and improves the fruit setting rate, fruit
coloring and acidity. Suitable threshold: 1200–1500 h

Annual average temperature Ta Citrus likes warm and humid climate, and temperature is the decisive factor of Citrus Distribution and growth.
Suitable threshold: 16.5°C–23 °C

Annual temperature range Tad Too high or too low is not conducive to citrus production, so Tad is used to evaluate the average temperature change
range

summer ≥38 °C duration
days

Sta38d When the temperature is higher than 38 °C, high temperature heat damage occurs, and the growth of citrus trees
stops completely

Annual precipitation Pre The uneven distribution of rainfall in Sichuan Province has a great impact on the growth and quality of citrus, and
the appropriate threshold is 1,000–2000 mm

Soil Organic matter Om Improve the physical and chemical properties of soil and affect the yield and quality of citrus

pH Ph PH affects the dissolution of mineral nutrients, and the appropriate threshold is 5–6.5

Total P Tk Phosphorus can reduce fruit acidity and improve solid acid ratio

Total k Tk Potassium can increase single fruit weight and soluble solid content, and reduce fruit cracking

Clay Clay Affect soil porosity, change soil water and gas content, and indirectly affect citrus growth

Silt Silt Affect soil porosity, change soil water and gas content, and indirectly affect citrus growth

Topography Slope Slope The drainage and ventilation of hillside land are good, and it is easy to form an inversion layer, which is conducive to
the growth of citrus

Aspect Aspect Aspect affects citrus yield and quality through light and precipitation

Elevation Dem Elevation affects citrus growth through temperature

Production Labor input Lab Reflect the situation of Citrus workers in the county

Fertilizer input Fer Reflect the fertilization of Citrus in the county

Pesticide input Pes Reflect the pesticide application of Citrus in the county

Economics Urbanization Ur Reflect the land and labor environment faced by county citrus production

Economic feedback Neo Reflect the supporting capacity of county economy for citrus production

Food security Gra Reflect farmers’ land selection behavior in the decision-making of planting grain or citrus

Market Traffic Traf Reflect the market circulation of Citrus in the county

Consumption Cons Reflect the willingness and ability of Citrus consumption

Sociology Technical progress Sci Reflect the popularity of advanced technology and varieties of citrus

Policy Pol Reflect the impact of industrial policies on citrus production
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3.3.2 Model accuracy
The MaxEnt model uses the receiver operating characteristic

(ROC) curve to evaluate the accuracy of the analysis results for

fitness area. The ROC curve takes the false positive rate as the

abscissa and the true positive rate as the ordinate. The area value

enclosed by the curve and abscissa is area under curve (AUC),

and an AUC value between 0.5 and 0.6 is unqualified,

0.6–0.7 poor, 0.7–0.8 fair, 0.8–0.9 good, and 0.9–1.0 excellent.

(Swets, 1988). The closer the AUC was to 1, the better the model

performance was. In this study, the average AUC of 10 repeated

runs is 0.924, and the standard deviation is 0.008 (Figure 3),

indicating that the accuracy of the model is reliable.

3.3.3 Probability revision
The result of MaxEnt is the suitable distribution probability (P),

and P range is 0–1. The closer the p-value is to 1, themore suitable the

citrus production distribution is (Ma and Sun, 2018). Limited by land

cover, the distribution probability results need to be revised according

to the land cover type, and the probability distributed in water,

construction land, grassland and unused land should be deleted.

3.4 Spatial distribution simulation

3.4.1 Area prediction
In the future, whether citrus in Sichuan Province will show

spatial expansion or spatial contraction is facing great

uncertainty. Different research results show different

development expectations. The Sichuan provincial government

has formulated the citrus industry development plan and

proposed to maintain the citrus area at 3333 km2 by 2025.

According to this calculation, the average annual growth rate

of Citrus area in Sichuan must reach 3.26%. The research results

of China’s Agricultural Outlook report (2020–2029) show that

the expansion of China’s fruit planting area is limited in the next

10 years, with an average annual growth rate of about 0.77%

(Market early warning Expert Committee of the Ministry of

agriculture and rural, 2020). Wang (Wang and Qi, 2018) used the

panel data from 2005 to 2015 to quantitatively calculate the

comparative advantage index of the main citrus producing areas

in China. The results showed that the citrus advantage in Sichuan

was in a downward trend, with a growth rate of -0.79% to -2.78%.

According to the above conclusions, this study takes 2020 as the

base year, and sets four scenarios of average annual growth rate,

positive high growth (3.26%), positive low growth (0.77%),

negative low growth (-0.79%), negative high growth (-2.78%),

using a time linear model to predict the citrus planting area in

Sichuan Province in 2025 (Table 4).

3.4.2 Model strategy
Taking the provincial predicted area (Qy), provincial suitable

area (Qx), municipal predicted area (Sn,y) and municipal suitable

area (Sn,x) as the discrimination conditions, four simulation

strategies are set (Figure 4). The discriminant condition and

FIGURE 3
ROC curve and AUC value of MaxEnt.
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simulation strategy are implemented by Oracle and SQL. Before

discrimination, the suitable probability raster is converted into

points, and then spatially connected with the municipal

administrative division data, so as to obtain the city name,

distribution probability and predicted area fields of each

point, and import them into Oracle to establish a table file.

Select the corresponding strategy to store the table file according

to the discrimination conditions. The simulation process of the

four strategies is as follows: Strategy 1:① take the city as the unit,

sort the raster pixels one by one according to the probability from

high to low. ② Take Sn,x as the threshold, mark the raster pixels

one by one according to the probability from high to low, until all

raster pixels are marked, and the simulation ends. Strategy 2: ①

refer to step 1 of strategy 1.② For cities with Sn,y＜Sn,x, take Sn,y
as the threshold, mark the suitable raster pixels one by one

according to the probability from high to low, until the marked

raster pixels area is greater than or equal to Sn,y, and repeat the

simulation until (n-m) cities are simulated. ③ For cities with

Sn,y ≥ Sn,x, first refer to step 2 of strategy one; Secondly, calculate

the difference (Sm) between the predicted area and the suitable

area, and take it as the threshold, mark the suitable raster pixels

that have not been marked one by one within the provincial

scope according to the probability from high to low, until the

marked suitable raster pixels area is greater than or equal to Sm,

and end the simulation. Strategy 3:① refer to step 1 of strategy 1.

② Take Sn,y as the threshold, mark the suitable raster pixels one

by one according to the probability from high to low, until the

area of the marked suitable raster pixels is greater than or equal to

Sn,y, and the simulation ends after all city simulations are

completed. Strategy 4: refer to strategy 2.

Qy is the provincial predicted area. Qx is provincial suitable

area. Qm is the provincial simulated area. Sn,y is the predicted area

of city n. Sn,x is the suitable area of the city n. n is the number of

cities. m is the number of cities with Sn,y ≥ Sn,x. n-m is the number

of cities with Sn,y＜Sn,x. Sm is the sum of the difference between

the predicted area and the suitable area of all city with Sn,y ≥ Sn,x

4 Results and analysis

4.1 Analysis of environmental variables

The contribution of 24 potential environmental variables to

the distribution of citrus production is calculated according to

the Jackknife method (Table 5). The percent contribution (PC) of

pesticide input (pes, 62.1%), fertilizer input (fer, 14.26%), policy

TABLE 4 Predicted area of Citrus in Sichuan Province under different scene in 2025.

City Planting area in 2020
(km2)

Predicted area in 2025 (km2)

Positive low growth Positive high growth Negative low growth Negative high growth

Chengdu 336.80 349.97 395.40 323.70 292.52

Zigong 187.80 195.14 220.47 180.50 163.11

Panzhihua 3.50 3.64 4.11 3.36 3.04

Luzhou 161.50 167.81 189.60 155.22 140.27

Deyang 50.10 52.06 58.82 48.15 43.51

Mianyang 72.50 75.33 85.11 69.68 62.97

Guangyuan 27.10 28.16 31.81 26.05 23.54

Suining 26.50 27.54 31.11 25.47 23.02

Neijiang 250.80 260.61 294.43 241.05 217.82

Leshan 125.60 130.51 147.45 120.72 109.09

Nanchong 341.50 354.85 400.91 328.22 296.60

Meishan 600.80 624.29 705.33 577.44 521.80

Yibing 303.50 315.37 356.30 291.70 263.59

Guangan 129.60 134.67 152.15 124.56 112.56

Dazhou 177.10 184.02 207.91 170.21 153.81

Yaan 45.40 47.18 53.30 43.63 39.43

Bazhong 37.80 39.28 44.38 36.33 32.83

Ziyang 471.50 489.93 553.53 453.17 409.51

Aba 0.00 0.00 0.00 0.00 0.00

Ganzi 1.20 1.25 1.41 1.15 1.04

Liangshan 38.50 40.01 45.20 37.00 33.44

Total 3,389.10 3,521.61 3,978.73 3,257.33 2,943.49
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(pol, 6.93%), annual average temperature (ta, 5.56%) and labor

input (lab, 4.06%) ranked in the top 5, with a cumulative

contribution rate of 92.91%. The permutation importance (PI)

of annual average temperature (ta, 46.88%), pesticide input (pes,

29.32%), aspect (aspect, 8.44%), technical progress (sci, 4.89%)

and fertilizer input (fer, 4.46%) ranked in the top 5, with a

cumulative contribution rate of 93.99%. In the regularization

training gain (RTGO) using this factor alone, the average annual

temperature (ta) and pesticide input (pes) are 1.2, and the

elevation (dem), fertilizer input (fer) and labor input (lab) are

1.19, 1.18 and 1.16 respectively, indicating that these

environmental variables have more effective information than

other variables. Therefore, the main environmental variables that

affect the distribution of citrus production are production factors

(pesticide input, fertilizer input, labor input), social factors

(policy, technological progress), climate factors (annual

average temperature), topography factors (aspect, elevation).

The response curve of environmental factors can further

clarify the relationship between Citrus Distribution Probability

and environmental variables. It is generally believed that when

the distribution probability is >0.5, the corresponding

environmental variable value is conducive to species

distribution (Wang et al., 2020). Natural environment suitable

for citrus production in Sichuan Province is (Figure 5):

elevation ≤500m, annual average temperature ≥16.5 °C, and

the aspect is relatively suitable in Northeast, Southwest and

Northwest. Human environment suitable for distribution is:

with the support of citrus policy, the input of citrus fertilizer

in the county is ≥ 500t, the input of citrus labor in the county is ≥
5,000, the input of citrus pesticides in the county is ≥ 12.5t, and

the technical progress represented by unit yield is

750–7000 t/km2.

4.2 Citrus distribution probability in
sichuan

According to the land use/land cover classification

system monitored by remote sensing in China (Liu and

Buhe, 2000), China’s land use control policies and citrus

planting habits in Sichuan Province, citrus production can

only be in garden and dryland. Therefore, retain the

probability of distribution on garden and dryland, and

eliminate the probability of distribution on paddy field,

grassland, water, unused land and urban and rural

(industrial and mining, residential) construction land, and

finally obtain the probability of Citrus Distribution in

Sichuan Province (Figure 6). The number of pixels of

citrus distribution probability is 77,906, including

34,360 pixels with p < 0.3, 20,520 pixels with P (0.3–0.5),

21,863 pixels with P (0.5–0.7), 1,163 pixels with p > 0.7, the

minimum value is 0.003, and the maximum value is 0.893.

FIGURE 4
Discrimination conditions and thresholds of strategies.

Frontiers in Environmental Science frontiersin.org10

Lin et al. 10.3389/fenvs.2022.993920

238

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.993920


Most areas of Sichuan province are unsuitable areas (p < 0.3),

low suitable areas (0.30 ≤ p < 0.50) are mainly distributed in

Suining, Deyang and Mianyang, medium suitable areas

(0.50 ≤ p < 0.70) are distributed in Neijiang, Meishan,

Ziyang, Nanchong, Zigong, Yibin and Guang’an, and high

suitable areas (p > 0.7) are in Neijiang, Ziyang and the south

of Nanchong. In addition, in Dazhou and Zigong, high

suitability areas are scattered.

4.3 Spatial regulation of citrus production
in sichuan

In this study, the predicted area of Citrus in Sichuan

Province in 2025 is less than the appropriate grid area of

Citrus (Qy ≤ Qx), and the predicted area of all cities is less

than the appropriate grid area of Citrus (Sn,y＜Sn,x), so

Strategy three simulation is selected. The spatial pattern of

citrus production in the four scenarios is similar. The

production space is concentrated in Central Sichuan,

relatively concentrated in Meishan, Ziyang, Neijiang,

Chengdu, Nanchong and Yibin, and scattered in Deyang,

Mianyang, Dazhou, Luzhou, Leshan, Liangshan and

Panzhihua (Figure 7). In different scenarios, the relative

error between the simulated area and the predicted area of

citrus production space is 0.28%–0.39%.

Using ArcGIS spatial analyst statistics, the spatial

simulation data of citrus production in each city are

obtained (Table 6). In the positive low growth scenario, the

citrus planting area in Sichuan will reach 3533 km2 in 2025, an

increase of 143.90 km2 compared with 2020, and the total

spatial expansion will increase by about 4.25%. Meishan

(24.20 km2) is the only city with an increase of more than

20km2, and five cities with an increase of 10–20 km2 are

Ziyang (18.5 km2), Nanchong (13.50 km2), Chengdu

(13.20 km2), Yibin (12.50 km2) and Neijiang (10.20 km2). In

the positive high growth scenario, the citrus production area

in Sichuan in 2025 was 3990km2, an increase of 600.90 km2

compared with 2020, and the total spatial expansion increased

by 17.73%. There are 11 cities with an increase of more than

20km2, of which Meishan has the largest increase

(105.20 km2). In the negative low growth scenario, the

TABLE 5 Various parameters of the main environmental variables of Citrus.

Code PC/% PI/% RTGO RTGW TGo TGw AUCo AUCw

pes 62.1 29.32 1.20 1.40 1.34 1.56 0.90 0.92

fer 14.26 4.46 1.18 1.41 1.34 1.54 0.90 0.92

pol 6.93 1.26 0.70 1.41 0.96 1.54 0.82 0.92

ta 5.56 46.88 1.20 1.35 1.35 1.52 0.90 0.92

lab 4.06 1.92 1.16 1.42 1.31 1.56 0.90 0.92

slope 3.90 0.75 0.70 1.42 0.87 1.56 0.85 0.92

aspect 1.51 8.44 0.03 1.40 0.02 1.55 0.52 0.92

dem 0.70 0.00 1.19 1.42 1.33 1.56 0.90 0.92

sci 0.49 4.89 0.58 1.41 0.64 1.55 0.77 0.92

cons 0.35 0.09 0.03 1.42 0.12 1.55 0.68 0.92

pre 0.05 0.95 0.58 1.42 0.68 1.55 0.79 0.92

om 0.04 0.35 0.78 1.42 0.83 1.56 0.81 0.92

tp 0.02 0.47 0.43 1.42 0.67 1.56 0.82 0.92

clay 0.01 0.11 0.45 1.42 0.56 1.56 0.81 0.92

pH 0.01 0.02 0.17 1.42 0.21 1.56 0.72 0.92

gra 0.00 0.00 0.29 1.42 0.38 1.56 0.74 0.92

neo 0.00 0.09 0.16 1.42 0.21 1.56 0.64 0.92

silt 0.00 0.00 0.02 1.42 0.05 1.56 0.57 0.92

sta38days 0.00 0.00 0.74 1.42 0.82 1.56 0.83 0.92

sun 0.00 0.00 0.83 1.42 1.10 1.56 0.88 0.92

tad 0.00 0.01 0.21 1.42 0.28 1.56 0.71 0.92

tk 0.00 0.00 0.06 1.42 0.09 1.56 0.54 0.92

traf 0.00 0.00 0.87 1.42 0.98 1.56 0.86 0.92

ur 0.00 0.00 0.01 1.42 0.02 1.56 0.57 0.92

PC, is percent contribution; PI, is permutation importance; RTGO, is the regularization training gain using the factor alone; RTGW, is the regularization training gain using other factors;

TGw, is the test gain using other factors; TGO, is the test gain using the factor alone; AUCo, is the area under the working characteristic curve of the subjects using the variable alone; AUCw,

is the area under the receiver operating characteristic curve using other factors.
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citrus production area in Sichuan will be 3270 km2 in 2025, a

decrease of 119.10 km2 compared with 2020, and the total

space needs to be reduced by 3.51%. Only Meishan

(22.80 km2) has a reduction of more than 20km2, and there

are four cities with a reduction of 10–20km2, which are Ziyang

(17.50 km2), Chengdu (12.80 km2), Nanchong (12.50 km2)

and Yibin (11.50 km2). In the scenario of negative high

growth, the citrus planting area in Sichuan will reach

2954 km2 in 2025, which will be reduced by 435.10 km2

compared with 2020. There are nine cities with a reduction

of more than 20km2, of which Meishan has the largest

reduction (78.80 km2).

5 Discussion

5.1 Applicability of MaxEnt model

MaxEnt model is a highly complex machine learning model.

Like other distribution models, the basic assumption of modeling

is that the study area has undergone systematic or random

unbiased sampling (Phillips et al., 2009). However, samples

are often taken from easily accessible areas, such as along

roads and rivers, orchards and farms. Therefore, due to the

influence of sampling deviation, AUC may overestimate the

ability to evaluate the model (Veloz, 2009). 87% of the

FIGURE 5
Response curves of existence probability of Citrus.

Frontiers in Environmental Science frontiersin.org12

Lin et al. 10.3389/fenvs.2022.993920

240

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.993920


previous MaxEnt model studies used data that are easy to cause

sampling deviation (Yackulic et al., 2013). Spatial filtering is often

used to correct sampling bias, that is, only a limited number of

sites are retained within a certain distance (Syfert et al., 2013;

Radosavljevic and Anderson, 2014). The difficulty of spatial

screening method is the setting of spatial spacing, which

should be consistent with the variation degree of

environmental variables on the spatial scale (Anderson, 2012;

Shcheglovitova and Anderson, 2013). There are few studies on

the sampling interval of citrus sample points. In the existing

research on national scale and regional scale, the space spacing of

1 km2 shows good accuracy (Lu et al., 2012; Yan et al., 2021).

Therefore, this study refers to their method and reserves one

distribution point in 1 km × 1 km pixel to reduce sampling

deviation.

The MaxEnt model provides a set of default parameters for

modeling. The distribution model under the default parameters

is sensitive to the test data and prone to over fitting. Therefore,

the optimization of model parameters is crucial to improve the

prediction accuracy and reliability of results (Syfert et al., 2013).

In this study, Feature Class and Regulrzation Multiplier are used

to constrain the complexity of the model (Cobos et al., 2019), and

the combination of parameters when AICc is 0 is selected for

modeling. The results show that when AICc is the smallest, AUC

value is the largest, which is consistent with Anderson’s research

(Anderson and Gonzalez, 2011). At the same time, in recent

research, Xian used MaxEnt model to simulate the spatial

distribution of citrus based on nine environmental factors,

with AUC values ranging from 0.888 to 0.973 (Xian et al.,

2022). The average AUC of this study is 0.924 ± 0.008, which

is similar to that of the study, indicating good model

performance.

5.2 Dominant environmental variables

The results show that elevation, annual average temperature

and aspect are important natural factors affecting citrus

production in Sichuan. This finding is basically consistent

with Tercan’s research results. Based on ArcGIS multi criteria

evaluation spatial decision support system, Tercan found that

temperature is the most important variable affecting citrus

production and distribution in Antalya province of Turkey,

followed by elevation (Tercana and Dereli, 2020). Mokarram’s

research on the suitability of citrus land in Fars Province Iran,

also shows that temperature, elevation and aspect are important

factors affecting the distribution of citrus production (Mokarram

andMirsoleimani, 2018). In this study, soil had little influence on

citrus distribution, with PC and PI tending to 0 and RTGO less

than 1. However, Likhar’s assessment on the suitability of citrus

production in Nagpur, Maharashtra, showed that soil particle

structure, pH and soil fertility also significantly affected the

FIGURE 6
Suitable distribution probability of citrus in sichuan based on natural and human factors.

Frontiers in Environmental Science frontiersin.org13

Lin et al. 10.3389/fenvs.2022.993920

241

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.993920


distribution of citrus production, which is different from this

study (Likhar and Prasad, 2011). The reasons may be as follows:

① It may be caused by the spatial scale effect of variables. Most of

the citrus distribution sampling points in this study are located in

plain and hilly areas. The soil environmental variables in this area

have obvious homogeneity, and their dispersion is small

(Table 7). ② The production and management level of

farmers in Sichuan Province has gradually improved,

especially since 2005, with the promotion of soil testing and

formulated fertilization technology, the spatial difference of soil

variables has been reduced.

Crop production space has dual characteristics of nature and

society, and is the result of interaction of many factors such as

nature, economy, market and society. In the process of

transformation from tradition to modernity, the constraint of

natural environment on the formation of comparative advantage

of crops has been greatly weakened, and the impact of economic

and social activities has been increasing. In most existing studies,

only climate factors are used to establish models (Kogo et al.,

2019; Khalil et al., 2021; Khubaib et al., 2021), which reduces the

scientificity and guidance of spatial regulation of crop

production. In this study, both the natural environment and

human activities are integrated into the model. The results show

that the contribution rate of human activities (88.19%) is higher

than that of the natural environment (11.81%), and pesticides

(62.1%), fertilizers (14.26%), policy support (6.93%) and labor

force (4.06%) are the top four leading environmental variables.

The results show that with the support of production factors and

financial policies, the constraints of natural environment on

Sichuan citrus production space are decreasing, and human

activities have become the dominant factor.

5.3 Citrus suitable space and production
optimization

The research results show that the citrus suitable area in

Sichuan (p > 0.5) covers an area of 8,549.21km2, of which Zigong

(1,698.13 km2), Nanchong (1,571.26 km2), Ziyang

(1,211.25 km2), Neijiang (1,035.58 km2), Meishan (559.54 km2),

Leshan (435.92 km2), Yibin (370.86 km2) and Luzhou

(361.10 km2) are the main distribution areas. This is because

FIGURE 7
Simulation of spatial distribution of citrus production in Sichuan under different scenarios.

Frontiers in Environmental Science frontiersin.org14

Lin et al. 10.3389/fenvs.2022.993920

242

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.993920


the natural and social conditions in the above areas meet the

requirements of citrus production. The elevation is within

1000m, the annual average temperature is 16–18 °C, the social

economy is relatively developed, the rural laborers is relatively

rich, and the level of fertilizer and pesticide input is high. For

example, Meishan, as a typical area, has about 13.39×104 workers

engaged in citrus planting, and the input of chemical fertilizer

and pesticide for citrus production is 1.53 × 104t and 455.79t, and

the input level of production factors is in the forefront of the

province.

The optimization of crop production space is to maximize

the efficiency of resource allocation and realize the transfer of

agricultural production to high-yield, efficient and stable regions

(Wang et al., 2018; Li et al., 2020). Driven by interests, although

TABLE 6 Spatial regulation results of citrus production in Sichuan Province in different scenarios.

City Positive low growth (km2) Positive high growth (km2) Negative low growth (km2) Negative high growth (km2)

Simulated
area

Regulation
quantity

Simulated
area

Regulation
quantity

Simulated
area

Regulation
quantity

Simulated
area

Regulation
quantity

Chengdu 350.00 13.20 396.00 59.20 324.00 (12.80) 293.00 (43.80)

Zigong 196.00 8.20 221.00 33.20 181.00 (6.80) 164.00 (23.80)

Panzhihua 4.00 0.50 5.00 1.50 4.00 0.50 4.00 0.50

Luzhou 168.00 6.50 190.00 28.50 156.00 (5.50) 141.00 (20.50)

Deyang 53.00 2.90 59.00 8.90 49.00 (1.10) 44.00 (6.10)

Mianyang 76.00 3.50 86.00 13.50 70.00 (2.50) 63.00 (9.50)

Guangyuan 29.00 1.90 32.00 4.90 27.00 (0.10) 24.00 (3.10)

Suining 28.00 1.50 32.00 5.50 26.00 (0.50) 24.00 (2.50)

Neijiang 261.00 10.20 295.00 44.20 242.00 (8.80) 218.00 (32.80)

Leshan 131.00 5.40 148.00 22.40 121.00 (4.60) 110.00 (15.60)

Nanchong 355.00 13.50 401.00 59.50 329.00 (12.50) 297.00 (44.50)

Meishan 625.00 24.20 706.00 105.20 578.00 (22.80) 522.00 (78.80)

Yibing 316.00 12.50 357.00 53.50 292.00 (11.50) 264.00 (39.50)

Guangan 135.00 5.40 153.00 23.40 125.00 (4.60) 113.00 (16.60)

Dazhou 185.00 7.90 208.00 30.90 171.00 (6.10) 154.00 (23.10)

Yaan 48.00 2.60 54.00 8.60 44.00 (1.40) 40.00 (5.40)

Bazhong 40.00 2.20 45.00 7.20 37.00 (0.80) 33.00 (4.80)

Ziyang 490.00 18.50 554.00 82.50 454.00 (17.50) 410.00 (61.50)

Aba 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Ganzi 2.00 0.80 2.00 0.80 2.00 0.80 2.00 0.80

Liangshan 41.00 2.50 46.00 7.50 38.00 (0.50) 34.00 (4.50)

Total 3,533.00 143.90 3,990.00 600.90 3,270.00 (119.10) 2,954.00 (435.10)

Brackets represent negative values.

TABLE 7 Descriptive statistics of soil environmental variables of Citrus sampling points in plain and hilly areas.

Soil variables Range Minimum Maximum Mean Standard deviation

Organic matter 1891 1,352 3,243 1930.78 460.109

pH 26 54 80 67.81 7.845

Total nitrogen 91 84 175 120.95 20.697

Total phosphorus 39 59 98 75.08 9.125

Total potassium 412 1723 2,135 1994.09 100.662

Clay 37 36 73 50.28 4.220

Silt 8 14 22 18.15 1.187

Sand 35 11 46 31.79 3.443
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technological progress has reduced the constraints of the natural

environment on crop production distribution, the natural

environment still determines the basic space of crop

distribution (Rurinda et al., 2020). This means that arbitrarily

expanding the scale of crop production will inevitably increase

the cost of natural transformation, leading to increased costs of

agricultural products and greater pressure on the environment.

Therefore, we must respect the natural environment and

minimize the impact of human activities. The citrus

production space in Sichuan has experienced long-term

expansion, and there is a reality that it has been distributed to

low suitability areas, or even unsuitable areas. The matching

result between the production space and the suitable space shows

(Figure 8) that the production area in Liangshan (0.99), Meishan

(0.93), Ya’an (0.53), Deyang (0.13) and Mianyang (0.07) has

exceeded the suitable area. The matching degree in Panzhihua

(24.79), Suining (12.28), Zigong (9.04), Nanchong (4.60),

Neijiang (4.13) and Leshan (3.47) is relatively large, which still

has a certain potential space. At present, the development of

China’s citrus industry has shifted from quantity growth to

quality improvement, and the growth rate of planting area has

decreased. Therefore, Sichuan should not expand the citrus space

scale at a high speed. It should choose a positive low growth

scenario, stabilize the citrus area at 3,533 km2, and focus on

optimizing the citrus production space. The government should

speed up the elimination and transformation of low yield, low

quality and low efficiency citrus orchards, encourage companies

and farmers to increase production input, improve land quality,

improve water conservancy facilities, production roads and

trading markets, and build standardized and large-scale citrus

production bases. Strengthen the training, demonstration and

promotion of new varieties and technologies. Through the

optimization of production space, the main citrus production

areas can be formed in Meishan, Ziyang, Neijiang, Chengdu,

Nanchong, Yibin.

5.4 Limitations and uncertainties

Based on MaxEnt model, this study constructed the citrus

spatial simulation method (CSSM), which better reflects the

comprehensive effect of natural and human factors on crop

space, and realizes the regulation simulation of single crop

production space. However, the study found that the method

is not perfect, mainly in the following aspects: ① Crop

production space is affected by many factors, including crop

physiological and ecological factors, as well as many complex

environmental factors and human activities, such as extreme

weather events, heavy metal pollution, sales prices, import and

export trade, it is difficult to include all aspects of the impact in

the model. ② Citrus distribution points have an impact on

MaxEnt. MaxEnt calculates the suitable distribution

probability, generally taking the current position as the

distribution variable. When simulating the distribution of

citrus production in the future, the influence of the actual

distribution points in the future may be ignored, resulting in

systematic errors. The longer the citrus planting time, the more

prominent the path dependence of citrus planting. Therefore,

when sampling the distribution of citrus in this study, try to select

citrus producing areas with planting years ≥30a to reduce the

impact of the actual distribution points in the future. ③The

environmental variables in CSSM are all based on the average

value of many years, ignoring the time change of environmental

variables, which makes the prediction results of the model have

certain limitations. In the next step, the predicted value of

environmental variables can be used to calculate the

distribution probability to improve the accuracy of the model.

Despite these limitations, the CSSM method has successfully

mapped the spatial distribution of citrus in Sichuan Province

under four different scenarios for the first time. The results

obtained have certain reference value for guiding the spatial

optimization of citrus production in Sichuan Province and the

adjustment of crop structure.

6 Conclusion

This study uses MaxEnt, ArcGIS, Oracle, SQL to build citrus

spatial simulation method (CSSM) to simulate the spatial

distribution of citrus production in Sichuan Province under

different scenarios in 2025. The following conclusions are

drawn: 1) The main environmental variables affecting the

distribution of citrus production in Sichuan are production

factors (pesticide input, fertilizer input, labor input), social

factors (policy, technological progress), climate factors (annual

average temperature), Topographic factors (aspect, elevation). 2)

Driven by production factors and financial policies, the

constraints of natural environment on Sichuan citrus

production space are gradually reducing, and human activities

play a leading and decisive role. 3) Citrus suitable space in

FIGURE 8
The matching degree between the suitable space and the
production space of citrus in Sichuan.
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Sichuan are mainly distributed in Zigong, Nanchong, Ziyang,

Neijiang, Meishan, Leshan, Yibin and Luzhou. 4) The

government should choose a positive low growth scenario to

stabilize the citrus area in Sichuan at 3533 km2 in 2025. Through

the optimization of production space, the main citrus production

areas are formed in Meishan, Ziyang, Neijiang, Chengdu,

Nanchong and Yibin.
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