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With the acceleration of urbanization, the urban land area of different spatial scales in China
continues to increase, the urban land use efficiency is relatively low, and there are great regional
differences. Land is an important material carrier for human production, life, and socio-
economic activities. Reasonable measurement of the green utilization efficiency of urban land
(Glande) has important theoretical and practical significance for the realization of urban land
green use and the formulation of related policies. In this context, based on the publicly available
data of 282 China’s cities at prefecture-level and above from 2009 to 2019, this study
measures Glande with the Super-SBM data envelopment analysis model. After analyzing the
spatio-temporal evolution characteristics of Glande, we employ the spatial dynamic Durbin
model to analyze the spatial spillover effects. The results showed that: 1) Glande in China
shows a fluctuating and rising trend, but it has not reached the effective state; 2) the
agglomeration characteristics of urban land green use efficiency are significant, and from a
regional point of view, it shows the pattern ofwestern> eastern> central; 3) Glande is the result
of the interaction of many factors. In the future, measures should be taken according to urban
policies and local conditions, and differential measures should be taken to improve Glande.

Keywords: green utilization efficiency1, urban land2, spatial-temporal evolution3, Super-SBM model4, driving
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INTRODUCTION

China is vigorously promoting the new strategy of changing the mode of economic development, and
has put forward five development visions of “innovative, coordinated, green, open and inclusive”.
The goal of green development is to combine economic, social, and ecological development to create
a society that is “resource-conserving” and “environment friendly”. Land is an important material
carrier for human production, life and social and economic activities. The green development
concept of harmonious coexistence and sustainable development between man and nature should
run through in the process of land use. To achieve the unity of economic, social and ecological
benefits of land use, this process can be defined as green utilization of urban land. Glande is the key to
properly solve various production structural contradictions, to achieve the goal of carbon peak and
carbon neutralization vision, and to promote sustainable economic and social development.
Therefore, the research on Glande has important practical significance to reduce the eco-
environmental risk in the development and utilization of urban land and realize the unity of
economic, social and ecological benefits.
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Since the reform and opening-up, China’s urbanization level
has increased significantly. In 1987, the urbanization rate was
only 17.90%, but reached 58.52% in 2017, with an average annual
growth rate of 1.04% far exceeding the world average in the same
period (Wang et al., 2019). By 2020, China’s urbanization rate has
reached 63.89%, and the area of urban built-up area has increased
to 61,000 km2.1 However, in the face of the high concentration of
population and the limited supply of land, the gradual extension
of urban boundaries shows the crux of the mismatch between
land utilization efficiency and the speed of urbanization, and the
improvement of the ecological environment lags behind urban
development. Improving the Glande is one of the primary tasks of
developing countries. In this context, improving the utilization
efficiency of urban land has become the internal requirement to
promote sustainable regional construction and the development
of national environmental civilization (Wang et al., 2019).

The utilization efficiency of urban land is tomaximize the degree
of land use focusing on achieving the optimization of economic
output, while Glande emphasizes the coupling of “economic-social-
ecological” systems, that is, under the given conditions of
productive technology, through the minimum unit of input to
obtain higher economic benefits, social well-being and reduce the
“non-expected” output at the same time. Glande is the land
utilization efficiency considering pollution factors (Aiping Wang
et al., 2021). Glande is different from the economic utilization
efficiency of urban land and the environmental utilization efficiency
of urban land, which is mainly reflected in the goal of urban land
use. Under the given production technical conditions and the level
of input factors, the economic efficiency of urban land use mainly
focuses on economic output and takes income maximization as the
goal of land use. The environmental utilization efficiency of urban
land considers both “desirable” output (such as economic income)
and “undesirable” output (such as environmental pollution and
ecological destruction). Its goal is to maximize economic benefits
and minimize environmental pollution. On the other hand, Glande
takes economic income and social dimension output as “desirable”
output, and environmental pollution as “undesirable” output. Its
goal is to maximize economic benefits and social dimensional
output (such as social services) and minimize environmental
pollution. Meanwhile, there is also a certain relationship
between the three. The environmental utilization efficiency of
urban land adds the restriction of “environmental factors” on
the basis of the economic efficiency of urban land use, which is
the result of the progress and development of the ecological
environment. The green efficiency of urban land use is the
addition of the “social output factor” on the basis of the
environmental efficiency of urban land use, which is the result
of progress in social development. The relationship among the three
is mainly reflected in the continuous expansion and enrichment of
the research content, from the economic field to the ecological
environment field and then to the social development field1.

At present, Glande has been widely concerned in the academic
circles. The existing researches mainly focus on the measure of
Glande, spatio-temporal characteristics, and driving factors. The

first is the measurement and evaluation of land utilization
efficiency (Hanif, 2018; Peng et al., 2018; Zhu et al., 2019a).
Scholars have carried out a series of optimization on the
measurement of urban land use efficiency (Du et al., 2016;
Martinho, 2017; Xie et al., 2018). First, the evaluation has
evolved from single- to multi-index methods that consider
economic, social, environmental, and political factors
(Guastella et al., 2017; Ferreira and Feres, 2020; Jin et al.,
2018; Jing et al., 2017; Zhou and Tan, 2017). Conventional
land utilization efficiency only considers a single indicator,
such as land-use density or yield per unit of land (Hui et al.,
2015; Desiere and Jolliffe, 2018; Wang et al., 2018; Chen et al.,
2019), which does not fully reflect the relationship between
multiple inputs and outputs in the process of urban land
utilization in terms of efficiency. Second, data envelopment
analysis (DEA) is gradually becoming a mainstream method
for measuring urban land utilization efficiency. It can apply an
optimized method to determine the weights of various inputs,
avoid human subjectivity, and effectively evaluate efficiency
values more objectively. For example, Xin et al. (2020) and
Yang et al. (2010) used conventional DEA methods that did
not consider undesirable outputs to measure urban land
efficiency from different scales. Third, apart from the
economic output, add environmental output such as SO2

emissions, wastewater emissions, and solid waste as the
undesirable output of land use into the efficiency calculation
(Hanif, 2018; Peng et al., 2018; Zhu et al., 2019b). The slacks-
based measure (SBM) undesirable model has improved on the
conventional DEAmodel to account for the undesirable output of
land use, thus becoming the mainstream measurement method
for land utilization efficiency. For example, Yang et al. (2015), Tao
et al. (2016), and Yu et al. (2019) each applied this research
approach to measure and study Glande at different scales.
Henceforth, the Super-SBM model based on undesirable
outputs is applied to resolve the issue that the efficiency value
of the effective decision-making unit cannot be broken down,
resulting in the loss of effective decision-making information in
practical application (Zhu et al., 2019a; Lu et al., 2020; PengWang
et al., 2021). What’s more, Huang et al. (2014) proposed an SBM
model considering global reference and solved the problem that
the efficiency could not be compared across time.

In terms of driving factors, scholars believe that there are great
differences in the influence of economic development level (Chen
et al., 2019), the degree of market openness (Chen et al., 2017;
Huang et al., 2017), the level of R&D (Xie et al., 2019; Yan et al.,
2020), and the level of public infrastructure (Osman et al., 2016;
Sun et al., 2020) on land use efficiency in different cities (Fan
et al., 2018). However, most of the existing studies focus on the
driving factors of land use efficiency, there are few studies focused
on the impacts on Glande (AipingWang et al., 2021). Researchers
generally hold that the development of green land utilization
efficiency also has spatial features. A large number of studies are
based on the geographical effect of regional green total factor
productivity. There is spatial autocorrelation in the distribution of
Glande, and there is a spatial agglomeration effect between
ecological efficiency and provincial financial development (Sun
and Sun, 2019). Ren et al. have faith in that overall Glande in1Data source: https://www.yicai.com/news/101158825.html.
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China is still not at a high level, with great variance among
different areas (Ren et al., 2020). The spatial econometric model is
used to analyze the impact of globalization, marketization, and
decentralization on Glande, and it is found that there is a certain
degree of convergence of “spatial club” in Glande.

Since the 1990s, Chinese local governments have made use
of the unique arrangements of the land system to dominate
economic development. However, with the transformation of
the stage of China’s economic development and the
continuous accumulation of many potential problems in
the model of “Land Driving Development”, the
effectiveness of land to promote development is declining
and unsustainable. China urgently needs to shift from
extensive economic growth to intensive economic growth.
The mode of intensive economic growth depends on the
optimal combination of production factors, through
improving the quality and efficiency of production factors,
technological progress, improving the quality of workers, and
improving the utilization rate of funds, equipment, and raw
materials. China is the largest developing country in the
world. China’s practice of improving the Glande can
provide a rich experience for developing countries and

provide reference to improve ecological benefits while
economic development.

Based on the review of the existing literature, we find that there
may be the following research gaps: first, to focus on Glande,
rather than utilization efficiency of urban land or ecological
utilization efficiency of urban land, or economic utilization
efficiency of urban land; Second, taking China as the research
object and cities as the observation, to study the current situation
and development direction of Glande in developing countries;
Third, to select the most cutting-edge methods to measure the
Glande more accurately. Accordingly, this paper uses panel data
of 282 cities in China from 2009 to 2019 to construct a land-use
efficiency evaluation system from the perspective of urban
development with land, capital, and labor as input factors,
economic and social output as desired output factors, and
environmental pollutants as undesired output factors. This
paper uses the Super-SBM model to measure the Glande
scores and analyzes the spatio-temporal evolution
characteristics. Then, the global reference Malmquist index
and decomposition index are calculated. After analyzing the
spatio-temporal evolution characteristics of the green land
utilization efficiency, we employ the spatial dynamic Durbin

FIGURE 1 | Trend of economic development by regions.

TABLE 1 | Input-output index table.

Variable type Index

Input Capital Investment in fixed assets
Land The area of urban construction land
Labor The number of employees in the secondary and tertiary industries

Desired output Economic GDP of secondary and tertiary industries in municipal districts
Social Average wage of employees on the job
Ecological The green area coverage rate of the urban construction land

Undesired output Soot Industrial soot discharge
Wastewater Industrial wastewater discharge
SO2 Industrial sulfur dioxide discharge
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model to analyze the spatial spillover effects. The potential
contributions of this article are shown as follows: 1) this paper
uses the Super-SBM model to accurately measure Glande of 282
cities in China, and reveals the regional characteristics and time-
varying characteristics; 2) this paper explores the driving factors
affecting Glande; 3) this paper takes the largest developing
countries as the research object, and the conclusions provide a
reference for developing countries to improve Glande.

DATA AND METHODOLOGY

Research Area
China has a land area of about 9.6 million square kilometers, a
continental coastline of more than 18,000 km in the east and
south, and a water area of more than 4.7 million square
kilometers in the inland and border seas. There are more than
7600 large and small islands in the sea area. China is bordered by
14 countries and eight countries at sea. Provincial administrative
divisions are divided into 23 provinces, five autonomous regions,
four municipalities directly under the Central Government and
two special administrative regions. China is the most populous
developing country in the world, the third largest in land area, the
second largest economy in the world, and continues to be the
largest contributor to world economic growth, with a total
economic output exceeding 100 trillion yuan in 2020.
Specifically, the research object of this paper is 282 prefecture-
level cities in China. It is divided according to the standard of
economic geographical location, including 100 cities in the
eastern region, 99 cities in the central region and 83 cities in
the western region. As shown in Figure 1, in terms of the level of
economic development, the economic development of Chinese

cities shows an upward trend, and the eastern region > the central
region > the western region.

Super-SBM
In this paper, with reference to the more mainstream method, the
environmental pollution index is included in the output item as
undesired output. As Glande of the research unit may be optimal at
the same time, in order to solve the problemof efficiency comparison
between effective units under resource constraints and undesired
output, this paper further uses the Super-SBM model. The Super-
SBM model considering undesired output is as follows:

minρ �
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(1)

In the above equation, it is assumed that there are n decision-
making units; every decision-making unit is composed of input
m, desired output r1, and undesirable output r2, x, yd, yu, which
are the factors in the corresponding input matrix, desired output
matrix, and undesirable output matrix; ρ represents the value of
Glande.

TABLE 2 | Driving factors.

Driving factors Index

Economic development level (Economy) Per capita GDP
Upgrading of industrial structu re (UpIS) Proportion of tertiary industry/Proportion of secondary industry
Ecological resource endowment (Esource) Per capita park green space area
Infrastructure level (Facility) Per capita road area
Level of investment in science and education (SEInv) Expenditure on Science and Technology and Education/Local General Fiscal Expenditure
Financial deepening (FD) Year-end loan balance of financial institutions/GDP
Financial gap (FG) (budgetary expenditure-budgeted revenue)/budgeted revenue

TABLE 3 | Descriptive statistics of input-output index (N = 3102).

Index Mean Sd min Max

Input Economic 1.306 × 10̂9 2.541 × 10̂9 4.495 × 10̂7 1.688 × 10̂10
Social 50,286 18,289 20,132 103,400
Ecological 39.28 6.619 12.41 57.34

Desired output Land 143.1 196.7 18 1,263
Capital 1.554 × 10̂7 1.551 × 10̂7 1.038 × 10̂6 7.941 × 10̂7
Labor 53.75 69.34 6.921 486.5

Undesired output Soot 26,070 30,061 296 195,790
Wastewater 6,202 6,850 113 39,186
SO2 42,373 42,337 219 217,663
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Referring to Aiping Wang et al. (2021), the input includes
capital, labor, and land in this paper. The capital input is
measured by the city’s fixed assets investment (10,000 yuan,
RMB), and the land input is measured by the city’s urban
construction land area (square kilometers). Labor input is
measured by the number of employees in the secondary and
tertiary industries (10,000). Expected output includes economic,

social, and ecological output, in which economic output is
measured by the GDP of secondary and tertiary industries
(10,000 yuan, RMB), the social output is measured by the
average wage of on-duty workers (RMB, yuan), and ecological
output is measured by the green coverage rate (%) in the built-up
area. Undesired output is environmental pollution, including
industrial wastewater emissions (10,000 tons), sulfur dioxide

FIGURE 2 | Distribution of Glande in China. (A) Distribution of Glande in China in 2009. (B) Distribution of Glande in China in 2014. (C) Distribution of Glande in
China in 2019.

TABLE 4 | The geometric mean of Glande over the years.

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 Total

Glande Mean 0.381 0.377 0.400 0.432 0.457 0.430 0.442 0.468 0.488 0.503 0.559 0.449
SD 0.251 0.257 0.267 0.290 0.279 0.280 0.283 0.283 0.296 0.311 0.322 0.289
Min 0.091 0.087 0.078 0.099 0.112 0.108 0.082 0.128 0.135 0.130 0.147 0.078
Max 1.425 1.493 1.632 1.658 1.656 1.631 1.663 1.465 1.490 1.370 1.257 1.663

Sglande Mean 0.462 0.464 0.462 0.484 0.519 0.483 0.483 0.608 0.564 0.569 0.648 0.522
SD 0.469 0.543 0.308 0.331 0.313 0.307 0.321 1.439 0.359 0.391 0.414 0.570
Min 0.119 0.120 0.107 0.112 0.142 0.129 0.083 0.132 0.143 0.144 0.162 0.083
Max 6.542 8.164 1.467 1.775 1.575 1.437 1.853 24.053 2.482 3.219 3.894 24.053

Tglande Mean 0.894 0.883 0.900 0.923 0.904 0.907 0.938 0.910 0.892 0.918 0.896 0.906
SD 0.149 0.156 0.153 0.136 0.149 0.142 0.115 0.135 0.141 0.139 0.156 0.144
Min 0.218 0.173 0.278 0.279 0.280 0.207 0.228 0.061 0.257 0.252 0.147 0.061
Max 1.000 1.000 1.632 1.658 1.656 1.631 1.663 1.000 1.000 1.000 1.000 1.663
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emissions (tons), and industrial soot emissions (tons). Details of
the input-output index are shown in Table 1.

Global Malmquist- Luenberger Index
In order to study the panel data of observations at multiple time
points in order to analyze the effects of technical efficiency and
technological progress on productivity changes respectively, the
total factor productivity (TFP) index is usually used for further
analysis. In order to avoid the rough front surface constructed
because of less DMU and the problem that the VRS model may
have no feasible solution, the global reference Malmquist model
(Global Malmquist) is selected for analysis in this paper, which
can effectively avoid the defect of linear programming without
solution and the phenomenon of “technology regression” and
which also has transitivity proposed by Pastor and Lovell (Oh,
2010).

First, we construct the common reference set of each period, as
shown in the following equation.

Sg � S1 ∪ S2 ∪/∪ SP � {(x1, y1) ∪/∪ (xP, yP)} (2)
where S is the reference set, Sg is the common reference set, x is
the input variable, y is the output variable, and P is the number of
sets of the reference set at different times. Since each period refers
to the same front, a single Malmquist index can be calculated, as
shown in the following equation.

Mg(xt+1, yt+1, xt, yt) � Eg(xt+1, yt+1)
Eg(xt, yt) �� EC × TC (3)

E is the distance function, t is the time variable, and M is the
Malmquist index under the common reference set. Based on Eq.
3, the Malmquist index can be decomposed into efficiency change
(EC) and technical change (TC) (Färe et al., 1994). TC represents
technological change, greater than one represents technological
progress, and less than one represents technological retreat.

Moran’s I
The Moran’s I test is a spatial autocorrelation measure developed
by Patrick Alfred Pierce Moran (Moran, 1950; Li et al., 2007), as
shown in the following equation.

Global Moran’s I:

I � n∑n
i�1∑n

j�1ωij(xi − �x)(xj − �x)
∑n

i�1∑n
j�1ωij∑n

i�1(xi − �x)2 (4)

Local Moran’s I:

Ii � (xi − �x)
S2

∑
j≠i

ωij(xj − �x) (5)

Spatial Dynamic Durbin Model
In this paper, referring to the practice of LeSage and Pace (2009),
the spatial lag terms of driving factors and dependent variables
are included in the static Durbin model. Compared with the static
Durbin model, the dynamic Durbin model not only considers the
dynamic effect and spatial spillover effect, but also alleviates the
endogenous problem of “reciprocal causation” (Elhorst, 2014).
Therefore, the first-order lag term of lnGlande is introduced into
the equation to construct the following dynamic Durbin model.

lnGlandeit � α + β0lnGlandeit−1 + ρ1∑n

i�1WitlnGlandeit

+ ρ2∑n

i�1WitlnGlandeit−1 + θ∑Xit

+ ρ3∑n

i�1WitXit + ui + vt + εit (6)
i and t represent city and time respectively; lnGlandeit is Glande;
X represents the driving factors set; W is the 282 × 282 order
spatial weight matrix; ρ1, ρ2, ρ3 are spatial lag coefficient for each
variable; ui and vt represent individual and time dummy variables
respectively; εit is random distribution item.

Following prior studies with Glande as the dependent variable
(Aiping Wang et al., 2021; Yan et al., 2020; Xie et al., 2019), we
select the level of economic development, the upgrading of
industrial structure, the endowment of ecological resources,
the level of infrastructure, the investment in science and
education, financial deepening and financial gap as the
possible driving factors of Glande. The reasons are as follows.
Cities with a higher level of economic development will have
more power to improve social and environmental benefits, so the
level of economic development may have a positive impact. The
process of industrial structure transformation and upgrading is
usually accompanied by the reduction of agricultural land and the
increase of secondary and tertiary industrial land represented by
the industry and service industry. Therefore, land prices continue
to rise. For enterprises, the high cost of land will raise the entry
threshold, guide the entry of high-efficiency enterprises, and exit
inefficient enterprises, to improve the efficiency of land. Since the
high value-added industry has both talent and technological
advantages and has high output efficiency. The upgrading of
the industrial structure guides the government’s financial
investment in the education, medical, and other public service
departments, reduces repeated construction, and improves the
value of land output, which is conducive to the improvement of
land-use efficiency. As Glande is based on environmental
benefits, urban ecological resource endowment, as its
ecological basis, may have an impact. Infrastructure involves a
wide range of areas, in which convenient traffic conditions not
only make the relationship between cities closer but also make the
characteristics of industrial agglomeration, factor flow,

FIGURE 3 | The geometric mean of Glande by regions.
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technology spillover, and information resource sharing more
obvious. The increasing innovation ability is an important
driving force to support the improvement of Glande, in which
education is an important source of human capital accumulation
and an important means to improve the ability of independent
innovation. Therefore, investment in science and education may
also be one of the important driving factors. Financial deepening
means that the government reduces excessive intervention in the
financial market and allocates financial resources by adjusting
interest rates, exchange rates, and other market means. The
development of the financial market will affect the quality of
urban investment projects, thus affecting Glande. In the choice of
financial strategy, land finance as extra-budgetary revenue is the
best choice to make up for the financial gap, adopting the “Land
Driving Development” mode of selling commercial and
residential land at a high price and industrial land at a low
price. Therefore, the larger the financial gap is, the more local
governments attach importance to the land-use model, and the
greater the expectation of good management and use of land, the
higher the efficiency of urban land use. Details are shown in and
Table 2

The cities with many missing data, such as Sansha City and
Danzhou City, are removed, some of the missing values are
supplemented by looking up the local statistical yearbooks,
and the remaining missing values are processed by linear
interpolation. In order to avoid the influence of extreme

outliers, the continuous variables involved in the study were
shrank-tailed by 1%. The data are from Chinese Research Data
Services Platforms (CNRDS).

RESULTS

Details of the input-output index variables are shown in
Table 3.

Glande
The DEA model includes two types: variable scale return (VRS)
and constant scale return (CRS). The pure technical efficiency is
measured when the scale return is variable, and the
comprehensive efficiency is measured when the scale return is
constant. The comprehensive efficiency can be decomposed into
the product of pure technical efficiency and scale efficiency (Liang
et al., 2013). For this reason, after measuring the land utilization
efficiency under CRS and VRS respectively, this paper divides it
into land scale efficiency (Sglande) and land technical efficiency
(Tglande). Land scale efficiency refers to the best output obtained
by changing the input-output ratio under the fixed technical level.
Its economic meaning is the effect of increasing output caused by
economies of scale. If land factors flow to low-productivity
enterprises, the long-term average total cost will rise with the
expansion of land area, resulting in diseconomies of scale and
restraining land scale efficiency. Land technical efficiency refers to
the best output of a given input under the maximum technical
conditions. Its economic meaning is the effect of increasing
output caused by technological innovation, excessive deviation
from the technological demand-oriented land-use model will
crowd out innovative resources, and then restrain the land
technical efficiency (Guo and Zhou, 2020). Figure 2 shows the
distribution of Glande in China, taking 2009, 2014, and 2019 as
examples.

Table 4 shows the geometric mean of Glande over the years.
As can be seen from Table 4, Glande in China shows a fluctuating
upward trend from 2009 to 2019, from 0.381 to 0.559, but it has
not yet reached the effective state. The national geometric mean is
0.449, indicating that if the existing output remains unchanged,
there is theoretical potential for Glande to be improved by 55.1
percent. Land scale efficiency fluctuates from 2009 to 2019, with

TABLE 5 | Glande of different types of cities.

Not innovative
city

Innovative city Not low-carbon
city

Low-carbon
city

Not resource-based
city

Resource-based city

2010 0.383 0.322 0.379 0.33 0.364 0.397
2011 0.414 0.293 0.402 0.335 0.391 0.415
2012 0.445 0.334 0.438 0.389 0.415 0.456
2013 0.474 0.367 0.461 0.432 0.447 0.473
2014 0.443 0.357 0.431 0.426 0.423 0.44
2015 0.452 0.387 0.44 0.459 0.426 0.466
2016 0.474 0.44 0.468 0.469 0.46 0.482
2017 0.486 0.495 0.478 0.52 0.479 0.501
2018 0.496 0.529 0.496 0.527 0.486 0.528
2019 0.561 0.552 0.545 0.603 0.557 0.561

FIGURE 4 | The geometric mean of GML in China.
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an average of 0.522. From 2009 to 2019, the geometric mean of
land technical efficiency was 0.906.

As can be seen from Figure 3, Glande shows the pattern of
western > eastern > central. The geometric mean of Glande in
eastern, central, and western regions all reached the maximum
in 2019, which were 0.543, 0.571, and 0.563 respectively. The
growth rate of Glande in the eastern and central regions is
higher than that in the western regions. The above shows that
there is spatial heterogeneity in Glande in China. The reason
for the higher Glande in cities in western China may be that
Glande takes into account the undesired output, that is,
environmental pollution. This also suggests that we should
change from the absolute level of economic development to the
efficiency, from only the efficiency of land utilization efficiency
to Glande.

We further divide cities according to whether they are
innovative cities, low-carbon cities and resource-based
cities, and analyze the differences of Glande of different
types of cities. Innovative city refers to a city that takes
scientific and technological innovation as the core driving
force of economic and social development, with rich
innovation resources, dynamic innovation subjects, efficient
innovation services and government governance, and a good
environment for innovation and entrepreneurship. Innovative
cities agglomerate and allocate innovative resources, establish
an innovation-driven intensive urban economic growth
model, and the ultimate goal is to achieve urban economic
growth and sustainable development. As can be seen from
Table 5, compared with non-innovative cities, the Glande of
innovative cities increased significantly, from 0.322 in 2010 to

TABLE 6 | Results of the global moran’s I test.

Year 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

Moran’s I −0.009 −0.008 −0.006 −0.006 −0.005 −0.005 −0.003 −0.006 −0.006 −0.006 −0.004
Z-value −2.429 −1.928 −1.251 −1.086 −0.83 −0.466 0.183 −1.29 −1.031 −1.187 −0.249
p-value 0.008 0.027 0.106 0.139 0.203 0.321 0.428 0.098 0.151 0.118 0.402

FIGURE 5 | The Moran scatter plot of Glande. (A) The Moran scatter plot of Glande in China in 2009. (B) The Moran scatter plot of Glande in China in 2014. (C) The
Moran scatter plot of Glande in China in 2019.
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0.522 in 2019. Low-carbon city refers to the city that keeps
energy consumption and carbon dioxide emissions at a low
level under the premise of rapid economic development. China
announced three batches of national low-carbon pilot lists in
2010, 2012 and 2017, respectively. As can be seen from Table 5,
from 2010 to 2014, the average Glande of low-carbon cities was
slightly lower than that of non-low-carbon cities, but showed
an upward trend, and exceeded that of non-low-carbon cities
in 2015. Resource-based city is a type of city (natural land)
whose leading industry is the exploitation and processing of
minerals, forests and other natural resources in this region. As
can be seen from Table 5, from 2010 to 2019, the average
Glande of resource-based cities is higher than that of non-
resource-based cities.

Global Malmquist- Luenberger Index
In order to analyze Glande more specifically, analyze the
change of the relative position between each city and the
production frontier and the change of the production
frontier, then calculate the GML of each city from 2009 to
2019. If the GML index is greater than 1, the green total factor
productivity shows a growth trend; if the GML is less than 1,
the green total factor productivity shows a downward trend;
the GML equals one means that the green total factor
productivity remains unchanged. At the same time, GML
can be decomposed into technology efficiency index (EC)
and technology progress index (TC). EC greater than (less
than) one represents green technology efficiency rising
(decreasing), and TC greater (less than) one represents
green technology progress (retrogression). Figure 4 shows
the geometric mean of GML for each year in China.

As can be seen in Figure 4, from 2009 to 2010, the geometric
mean of GML in China was close to 1, indicating that Glande
decreased slightly. From 2012 to 2013, the geometric mean of
GML in China was 0.93, and Glande decreased. From 2013 to
2014, Glande remained basically unchanged. From 2014 to 2019,

the geometric mean of GML in China is greater than 1, indicating
that Glande is on the rise.

Then, the GML index is decomposed into technological progress
(TC) and technical efficiency change (EC). TC can be regarded as the
displacement of the front surface constructed by the decision-making
unit during the inspection period, and EC can be expressed as the
position change relative to the front surface. By comparing the values
of TC and EC, it can be found that from 2009 to 2014, the
contribution to the GML index mainly comes from the
improvement of technical efficiency, but from 2014 to 2019, the
contribution to the GML indexmainly comes from the improvement
of technological progress. The inconsistency between EC and TC
shows that Chinese cities pay attention to the utilization of technology
under the existing resources in the early stage of development and the
progress of technology in the later stage.

Driving Factor Analysis
Table 6 shows the results of Global Moran index of Glande in
China. It can be seen fromTable 5 that in the 7 years from 2009 to
2012 and from 2016 to 2018, the Moran index of Glande passed
the 15% significance test. The Moran index is negative, which
indicates that Glande has negative spatial autocorrelation. It is
necessary to measure the specific effects of various driving factors
on Glande through spatial panels.

Since the Global Moran’s I can not reasonably obtain the
spatial correlation of each region, this paper analyzes the
spatial characteristics of the local area with a Moran scatter
plot. In terms of quadrants, Moran’s I scatter maps generally
contain four quadrants: “Low-Low,” “Low-High,” “High-
Low,” and “High-High”. L-L indicates that Glande in a
certain area and its adjacent areas are relatively low. It
shows the characteristics of low concentration and
distribution in the region. L-H indicates that Glande in a
certain area is low, while the surrounding areas are
generally higher, showing the spatial distribution law that
the low index area is surrounded by the high index area.
H-L corresponds to L-H, indicating the distribution
characteristics of the high index area surrounded by the low
index area. H-H indicates that Glande in a certain area and its
surrounding areas are relatively high, showing a high index of
regional agglomeration. Figure 4 is the Moran scatter plot,
taking 2009, 2014, and 2019 as examples. According to
Figure 5, most cities in Henan, Hebei, Shandong and
Jiangsu provinces in China show an L-L layout.

We use the spatial dynamic Durbin model and control the
individual fixed effect and time fixed effect to analyze the driving
factors, and the results are shown in Table 7. The R-square is
0.595 and the log-likelihood is 136.7585, indicating that the
model has a high degree of fit and high reliability.

According to the first column of data in Table 7, financial
deepening, ecological resource endowment, and economic
development level pass the significance test at 5%, 10%, and
1% levels respectively, and the coefficients are −0.036, 0.001,
and 0.017 respectively, indicating that financial deepening has
a negative impact on Glande, while ecological resource
endowment and economic development level have a positive
impact. In addition, the upgrading of industrial structure

TABLE 7 | Spatial econometrics results of driving factors on Glande.

Main Wx

l_lnGlande 0.503*** 2.000**
−0.017 −0.978

UpIS 0.029 −0.836
−0.018 −1.079

FD −0.036** 1.227*
−0.016 −0.686

FG 0.005 0.149
−0.007 −0.253

Esource 0.001* −0.013
−0.001 −0.051

SEInv 0.150 −6.942
−0.163 −6.607

Economy 0.017*** 0.156
−0.004 −0.132

Facility 0.006 −2.406
−0.050 −2.551

R2 0.595
N 2,820

*, **, *** indicate significance at the 10%, 5%, and 1% significance levels, respectively.
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passed the significance test at a 15% level (p = 0.105), and the
coefficient was 0.029, indicating that the upgrading of
industrial structure has a positive impact on the green use
efficiency of urban land. According to the second column data,
W× financial deepening is significant at a 10% level, and the
coefficient is 1.227, which shows that financial deepening has a
positive spatial spillover effect, and the surrounding areas have
a positive transmission effect on the local green utilization
efficiency.

In addition, we carry out an LM test to test whether the
model has a spatial effect. LM (error test) and Robust LM
(error test) passed the significance test at 1% level (p = 0.000,
p = 0.000), LM (lag) test passed the significance test at 5% level
(p = 0.043) but did not pass the Robust LM (lag) test (p =
0.322), indicating that using a spatial econometric model is
better than using an ordinary regression model. In addition to
using the spatial Durbin model, we also test the driving factors
with the spatial lag model and the spatial error model, as
shown in Table 8. We carry out the joint significance test, and
the Spatio-temporal fixed spatial lag model and Spatio-
temporal fixed spatial error model passed the test. The
results of columns 3) and 6) in Table 8 are basically
consistent with the results of the spatial Durbin model in
Table 7, that is, financial deepening, ecological resource
endowment, and economic development are important
influencing factors of Glande, and the upgrading of
industrial structure has also passed the significance test of
10% level. In addition, the Hausman test significantly rejected
the original hypothesis at a 1% level, indicating that the fixed
effect model is more suitable than the random effect model.

DISCUSSION

This paper uses the Super-SBM model to measure Glande of
282 cities in China from 2009 to 2019, further calculates the
GML index, and uses the Moran index to analyze the spatial
autocorrelation of Glande. Finally, we empirically analyze the
spatial heterogeneity of the driving factors of Glande based on
the spatial dynamic Durbin model. The conclusion are as
follows: 1) Glande in China shows a fluctuating upward
trend, but has not reached the effective state; 2) Glande in
China has spatial heterogeneity, showing a pattern of western
> estern > central; 3) from 2009 to 2019, the GML index of
Chinese cities changed from slightly less than one to more than
1, and the growth of GML index depended more on technical
efficiency in the early stage and technological progress in the
later stage; 4) According to the results of Moran index, there is
spatial autocorrelation in Glande in China; 5) Financial
deepening has a negative impact on Glande, while
ecological resource endowment, the level of economic
development and the upgrading of the industrial structure
have a positive impact. In addition, financial deepening has a
positive spatial spillover effect, and the surrounding areas have
a positive transmission effect on the local green utilization
efficiency of urban land.

Specifically, the endowment of ecological resources plays a
significant role in promoting Glande of 282 cities in China,
which verifies that urban ecological resources play an
important role in improving the local environment of the
city, absorbing and purifying the pollutants produced in the
process of urban land use, alleviating the urban heat island

TABLE 8 | Estima ted results of SLM and SEM.

(1) (2) (3) (4) (5) (6)

SEM SEM SEM SLM SLM SLM

(Time-fixed) (Spatial-fixed) (Time-Spatial fixed) (Time-fixed) (Spatial-fixed) (Time-Spatial fixed)

l_lnGlande 0.813*** 0.504*** 0.501*** 0.809*** 0.490*** 0.499***
−0.011 −0.017 −0.017 −0.011 −0.017 −0.017

UpIS 0.041*** 0.044** 0.031* 0.040*** 0.033* 0.032*
−0.009 −0.018 −0.018 −0.009 −0.017 −0.018

FD −0.026*** −0.036** −0.039** −0.025*** −0.045*** −0.039**
−0.009 −0.016 −0.016 −0.009 −0.016 −0.016

FG 0.018*** 0.005 0.004 0.018*** 0.008 0.005
−0.004 −0.007 −0.007 −0.004 −0.007 −0.007

Esource 0 0.001** 0.001* 0 0.001 0.001*
0 −0.001 −0.001 0 −0.001 −0.001

SEInv −0.024 0.2 0.169 −0.024 0.243 0.165
−0.103 −0.162 −0.162 −0.103 −0.16 −0.162

Economy 0.006*** 0.020*** 0.017*** 0.007*** 0.017*** 0.017***
−0.002 −0.004 −0.004 −0.002 −0.003 −0.004

Facility −0.071*** 0.039 0.008 −0.072*** −0.017 0.008
−0.01 −0.049 −0.049 −0.01 −0.047 −0.049

Spatial −0.820*** 0.721*** −0.774** −0.784*** 0.467*** −0.678**
lambda −0.314 −0.072 −0.318 −0.289 −0.066 −0.331
Variance 0.066*** 0.054*** 0.053*** 0.066*** 0.054*** 0.053***
sigma2_e −0.002 −0.001 −0.001 −0.002 −0.001 −0.001
R2 0.781 0.727 0.748 0.774 0.736 0.743
N 2,820 2,820 2,820 2,820 2,820 2,820

*, **, *** indicate significance at the 10%, 5%, and 1% significance levels, respectively.
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effect and improving the livable level. The level of economic
development can promote the Glande of the city. The higher
the level of economic development, the stronger the
comprehensive strength of the city, and the greater the
input intensity of resource factors per unit area of urban
land, which can attract a large number of high-quality
investment projects under the survival of the fittest, which
is conducive to the improvement of Glande. Glande with
advanced industrial structure can be promoted. The
secondary industry, which is dominated by the resource
processing industry, supports the urban development, while
the tertiary industry with new energy and new technology
develops relatively slowly, while the cities dominated by the
secondary industry tend to emit more pollutants per unit of
land. Therefore, it has a negative impact on Glande. Under the
action of the market mechanism, low-quality foreign
enterprises can gradually phase out and withdraw, increase
productivity through the transfer and spillover of
environmentally friendly technologies, enter the post-
industrial development stage, and gradually reduce the
input of new urban construction land. Alleviate the problem
of urban sprawl and reduce industrial pollutant emissions.
Financial deepening means that the government reduces
excessive intervention in the financial market and allocates
financial resources by adjusting interest rates, exchange rates,
and other market means. With the continuous improvement of
the degree of marketization, urban investment is inefficient,
the investment project is not a high-quality project, emphasis
on economic benefits rather than environmental benefits,
Glande is reduced.

The following are implications for improving Glande in
China: 1) promoting the green transformation of the economy
and speeding up the development of labor-intensive industries
to knowledge-and technology-intensive industries; increase
support for enterprise green land development, product
production, technology research and development, and
tighten enterprise pollution standards and environmental
protection access threshold; 2) advocating eco-
environmental friendliness, further strengthening the
concept that “Clear waters and green mountains are as
valuable as mountains of gold and silver”, improving the
ability of urban land pollution control and green GDP
assessment, and building a national land carbon emissions
trading market; 3) different regions should adopt differential
management measures according to local conditions, and the
eastern coastal areas should speed up the development of
emerging scientific and technological industries and tertiary

industries, speed up the construction of a modern industrial
system with advanced technology, high added value and high
efficiency of resource utilization, vigorously develop cleaner
production, and develop diversified innovation space and
highly efficient accessible and networked public space.
Create an institutional environment and a livable living
environment to stimulate the vitality of innovation. The
central and western regions should strengthen the
construction of urban infrastructure and public service
facilities to meet the needs of urban residents, actively
introduce advanced production technology and high-end
talents, promote industrial optimization and upgrading, and
increase the effect of urban industrial clusters.

The possible future research directions are as follows: 1)
deepen the research on the interaction mechanism of the
driving factors of Glande. In this paper, the discussion of
the driving factors focuses on the independent effect of each
factor on Glande, and there is a lack of discussion on the
mechanism involving the interaction of two or multi-agent
systems; 2) this paper focuses on the linear effect of driving
factors, but in fact, there may be non-linear relations such as
U-shaped relationship or inverted U-shaped relationship,
which can be paid attention to in the future; 3) the driving
factors studied in this paper are limited, and there may be other
important factors that affect Glande (Färe et al., 1994; Huang
et al., 2014).
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