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It is an important task for planners and decision makers to determine whether a certain
region is urban or rural since the accurate identification of these areas is of considerable
significance to further study differences in urbanization development and balance
contradictions between them. However, at present, there are problems of low
efficiency and considerable subjectivity in the identification of urban and rural areas
based on nighttime light data. Therefore, this study proposes a new method to identify
urban and rural areas based on the differences between them. Taking Guangzhou as an
example, this study simulated food delivery scenarios to identify urban and rural areas in
Guangzhou. The findings indicated that using food delivery data to identify urban and rural
areas is highly precise, with an accuracy rate of 92.4% and Kappa value of 0.79. This study
provides a new method to identify urban and rural areas accurately and objectively,
contributes to the study of urban-rural differences in urbanization and providing a feasible
method for subsequent urban and rural planning.
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INTRODUCTION

In the process of rapid urbanization, urban and rural areas have gradually been distinguished in
terms of systems and lifestyles owing to varying policies and resource inclinations (Yu et al., 2015).
Through the expansion of urbanized areas, rural areas have been decreasing (Nicolau and Cavaco,
2018). Although urban expansion is an inevitable consequence of urbanization and urban
development, as well as an important manifestation of urban city’s vitality, urban city is not
only composed of urban development space, but also more agricultural space and ecological space
(Abudu et al., 2021). Only when the urban development space, agricultural space and ecological
space maintain a relative balance can promote the sustainable development of urban city. On the
contrary, the blind and continuous expansion of cities is bound to occupy agricultural space and
ecological space, which is often irreversible and destructive occupation (Chen et al., 2020). Therefore,
in order to make the reasonable and orderly expansion of urban city and protect the agricultural
space and ecological space, it is necessary to accurately identify the urban space and accurately
delineate the boundary between urban and rural space, so as to promote the sustainable and
harmonious development of the three spaces (Chen et al., 2020).

This, in turn has hindered the accurate assessment of differences between urban and rural areas
due to traditional administrative boundaries (Tayyebi et al., 2011). Exponential urban growth has led
to encroachments on rural areas surrounding cities, consequently, affecting rural spatial functions
and social structures significantly (Tian et al., 2014; Yang et al., 2018). The continuous spread of
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urban space damages rural functions (Liang et al., 2017; Tan et al.,
2017). The development and promotion of China’s rural
revitalization strategy and territorial development plan has
increased the importance of rural areas (Aubrecht et al., 2016).
Therefore, identifying urban and rural areas is imperative because
it has tremendous practical significance in identifying the distinct
boundaries to limit the unorganized expansion of urban areas and
promote the harmonious sustainable development of both areas
(Cao et al., 2021; Chen et al., 2020).

The identification of urban and rural areas has experienced
from the earliest qualitative division to quantitative division
by using population size and density, employment index, the
scope of urban built-up areas, and urban-rural boundaries,
which focus on the physical form of urban and rural areas and
have not considered the regional functions of urban and rural
differentiation characteristics (Chakraborti et al., 2018; He et
al., 2020; Zhong et al., 2018). This research gap is evidently
observed in metropolitan areas experiencing a high degree of
urbanization where rural areas are gradually showing the
spatial characteristics of urban areas (Ge et al., 2020).
Thus, identifying urban and rural areas only through a
physical perspective can cause distortion, which
necessitates further analysis to determine differences
between urban and rural areas to ensure their accurate
identification (Peng et al., 2018).

As a kind of remote sensing satellite, sensors carried by
nighttime light satellites can detect weak infrared radiation,
including urban lights, small residential areas, or traffic flow
owing to the intensity of light in urban areas being different
from that of rural areas. Therefore, nighttime light data has
been widely used to detect urban spatial patterns,
urbanization processes, human activities, and their impact
on the ecological environment (Bagan et al., 2019; Fragkias et
al., 2017; Imhoff et al., 1997). The nighttime light data can
directly reflect the light difference between urban and rural
areas, which can be used as a distinguishing feature.
Additionally, the nighttime light data overcomes the
problem of poor data continuity, breaking away from the
traditional administrative boundary and statistical unit.
However, nighttime light data still has some practical
problems such as low resolution and an obvious light
spillover effect (Gomes Wille and Da Costa Bento, 2021).

The process of food delivery, which is a city-scale non-dine-in
catering industry (Shi et al., 2021), includes network screening,
platform ordering, food delivery, and order completion, all of
which directly reflect the development gap in the urban catering
industry, lack of service resource allocation, and imbalance of the
flow of urban and rural elements (Enoch et al., 2021; Long et al.,
2021; Zikirya et al., 2021). Thus, the scope of food delivery service
can be used to identify urban and rural areas (Zikirya et al., 2021).
Such an identification process not only avoids geographical and
spatial constraints but also eliminates the dependence on other
delineation criteria, such as population density or impermeable
ground characteristics.

Since China’s reform and market liberalization,
Guangzhou has developed rapidly, and the urban-rural
spatial pattern has been constantly reconstructed. Thus, it

is of considerable significance to accurately identify urban and
rural areas in Guangzhou to define spatial patterns and further
study urban-rural differences and harmonization. Therefore,
taking Guangzhou as an example, this study firstly identifies
urban and rural areas based on nighttime light data and a
multi-resolution segmentation method; then, food delivery
data and two-stage fast heuristic algorithm are used to identify
urban and rural areas. Finally, the identification accuracy of
the two methods in identifying urban and rural areas are
compared. To the best of our knowledge, this study is the first
to use food delivery data to identify urban and rural areas,
which provides a new research approach for the identification
of these areas.

MATERIALS AND METHODS

Study Area
Located at 112° 57′–114° 3′E and 22° 26′–23° 56′N, with a total
area of 7,434.4 km2 Guangzhou is not only the capital city of
Guangdong Province, ranking among the top four megacity
cities, Guangzhou is also one of the core cities of the
Guangdong-Hong Kong-Macao Greater Bay Area urban
agglomeration (Figure 1). In 2020, the urbanization rate of
Guangzhou reached 85%. Rapid urbanization in Guangdong
has intensified urban space expansion, which in turn has led
to encroachments on rural areas, thus making the division
between urban and rural areas increasingly prominent (He
et al., 2021a). The study area of Guangzhou is shown in Figure 1.

FIGURE 1 | Study Area (The study area is Guangzhou China, including
11 districts such as Haizhu district, Tianhe district and Yuexiu district. The data
involved in the figure includes road network data and building vector data of
Guangzhou).
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Sources of Data
NTL, food delivery distribution data, and high-resolution images
acquired through Google Maps and building vector and road
network data of Guangzhou were used in this study. Among
which, food delivery distribution data refers to the information of
all businesses that can provide food delivery services within urban
city, with which, the deliverable range of food can be determined by
combining with the simulation of delivery distribution path. On the
other hand, food delivery requires relatively dense distribution of
food delivery merchants and accessible road network within a
certain period of time. Therefore, most of the residents who use
delivery services are residents in urban cities, while in the vast rural
areas, delivery services are rare due to the distribution of delivery
merchants and sparse road network. Therefore, it is possible to
determine whether the area is urban or rural based on the range of
food delivery.

Luojia-01 NTL data, with a spatial resolution of 130 m and a
width of 260 km, are widely used to identify urban spatial
distribution. In this study, the NTL data for 2018–2021 were
obtained from the Luojia-01 NTL data website. The raw data
were subjected to further radiation correction, luminance
conversion, and average processing for final use in this study.

Food delivery data were obtained from the network platform
of all business information, including the name, geographic
coordinates, categories, and other basic attributes, of the food
delivery systems. There is a significant gap between
infrastructure and service industry in cities with different
development conditions. It has been shown in studies that
the better the infrastructure and services, the more
competitive the city will be (Ghahremani et al., 2021; Rovai
et al., 2020). The gap between urban infrastructure and service
industry in different cities could be determined by the number
of food delivery services. Using mainstream food delivery
platforms, such as Meituan and Eleme, the location
information of 90,491 businesses was obtained. Moreover, as
some merchants provided services on multiple platforms,
69,331 food delivery data in Guangzhou were finally obtained
after re-screening and cleaning the acquired data.

High-resolution Google Earth image data included full-color
high-resolution satellite images, which were downloaded
without any costs. Satellite images of Guangzhou having a
spatial resolution of 4.78 m were used in this study (Mullissa
et al., 2021). Furthermore, building vector data were expressed
in GIS and were obtained from the electronic maps of physical
buildings. Compared with POI data, building vector data not
only includes the building geographic coordinates, but also the

building height. The building vector data of Guangzhou in
October 2021 were obtained through the Application
Programming Interface of Amap. Further, road network data
comprised complete road information of Guangzhou, including
information on both main roads and secondary roads, which
were obtained through Open Street Map (Galle et al., 2021).

The sources and spatiotemporal resolutions of the data are
listed in Table 1.

Multi-Resolution Segmentation
Multi-resolution segmentation, an object-oriented algorithm, is
also one of the most widely used methods in image classification
and feature extraction (Luo et al., 2021). As a top-down
algorithm, it can extract image feature information more
accurately while ensuring homogeneity and heterogeneity of
data images. Multi-resolution segmentation can be calculated as
follows:

�Ck � 1
n
∑n

i�1 Ci (1)
�Ck � 1

m
∑m

k�1
�CK (2)

S2 � 1
m
∑m

k�1 (
�Ck − �C)2 (3)

Where, n is the number of pixels after the geographical object
segmentation; m is the total number of pixels after the
geographical object segmentation; �Ci is the Digital Numbers
value of the i-th pixel in the k-th segment; S2 is the weighted
average variance of Digital Numbers values after geographical
object segmentation.

The principle of multi-resolution segmentation is as follows:
first, the scales of the data images are continuously tested to
determine the most suitable three proportion parameters (shape,
scale, and compactness) through Estimation of Scale Parameters;
the number of images after segmentation and the mean value of
objects can then be obtained; finally, the weighted mean variance
is calculated to verify whether feature extraction and image
segmentation can produce optimum results.

Two-Stage Fast Heuristic Algorithm for
Food Delivery Service
Food delivery applies the operational optimization algorithm,
in which path planning is the most basic and important link
during food delivery because it directly determines the furthest

TABLE 1 | Characteristics of the data used in this study (There are seven kinds of data used in this study, among which the sources, acquisition methods and access time of
different data are shown in the table).

Data Spatial Data sources Time

Luojia-01 130 m*130 m http://59.175.109.173:8888/index.html 2018.10–2019.03
POI 30 m*30 m www.amap.com 2021.03
food delivery distribution — www.amap.com 2021.03
Building Vector — www.amap.com 2021.03
Road Network 30 m*30 m www.amap.com 2020.01–2021.01
Google Earth 4.78 m*4.78 m http://earth.google.com/ 2021.03
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distance where food can be delivered. Previous studies on
delivery and route planning have mainly focused on pickup
and delivery problems with time-windows, which consider the
optimization of the objective function to complete the delivery
task. Several algorithms, including column generation, branch-
and-cut, branch-and-cut-and-price, serpent-based heuristic,
and variable-depth search, are used to solve these problems
(Alkasem and Menai, 2021; Behnke et al., 2021; Carrabs et al.,
2021). However, these algorithms cannot resolve the issues of
delivery scenarios. Therefore, the two-stage fast heuristic
algorithm, which can simulate delivery scenarios more
realistically than other algorithms, was introduced in this
study. The food delivery scenario is shown in Figure 2.

In this study, the food delivery scenario was simplified and
modeled as a single vehicle pickup and delivery problem with
time-windows, that is, the maximum delivery path that a single
delivery person can reach when the delivery conditions are
satisfied, and the delivery time is not exceeded. In the delivery
scenario, ti is the estimated arrival time of each delivery. When an
order is placed, ti is notified to both the customer and the
merchant. Further, Ti is the estimated time of transport, and
di is the distance from node i − 1 to node i.

The objective function is calculated as follows:

min∑n

i�1[max(Ti − ti, 0) + di] (4)
There are two stages for the fast heuristic algorithm. The first

stage includes acceleration based on the geographical area, while
the second stage includes a domain search of the destination
(Cosma et al., 2020). In general, order delivery is completed only
when the maximum time-out order does not exceed the

minimum time-out order delivery time. The maximum time-
out order is the farthest order delivered by the merchant when
the delivery time exceeds ti, while the minimum time-out order
is the maximum delivery time set by the system. After rigorous
assessment, the normal food delivery time has been confirmed
to be less than 45 min (Zikirya et al., 2021).

The geographic information of merchants and customers
indicated that the distance between the merchants might be
close. For example, merchants at 5 km in the central urban area
accounted for more than 50% of the total merchants.
Additionally, the distance between the customers may also
be close, with multiple customers located in the same or
adjacent community. These factors indicated that if the
delivery locations are in different clusters through the
hierarchical clustering method, the delivery distance could
be appropriately extended only if the delivery time is not
exceeded. The clustering process is as follows: If A is the
clustering range and node i is not clustered, i becomes the
center point of the new cluster. If another node j is not
clustered and dij <A, node j would be assigned to group k,
but if dij < dkj, node j would be re-assigned to group i.
Subsequently, the node with the least serious timeout is
determined and used for final delivery.

Accuracy Assessment
In order to assess the accuracy of traditional NTL data and
food delivery data in identifying urban and rural spatial space,
this study adopted the verification method of random pixel
confusion matrix to verify the identification accuracy of
different data. Referring to existing studies, it can be found

FIGURE 2 | The food delivery scenario (There are four links in the food delivery process, namely customers, takeout platform, deliverers and stores. Different
delivery scenarios and links during the delivery process are shown in the figure).
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that the random pixel verification of single city is generally
1,000, and that of urban agglomeration is 3,000 (He et al.,
2021b; Zhang et al., 2021). Therefore, in order to assess the
identification of urban and rural spatial space more accurately
in this study, ArcGIS was used to create 1,000–5,000 random
pixel verification points within the spatial space of Guangzhou,
in which the ratio of training data to verification data was 1:1.
The confusion matrix formula is as follows:

k � po − pe

1 − pe
(5)

pe � a1 × b1 + a2 × b2 + ......ai × bi
n × n

(6)

Where: po is the overall accuracy, a is the real sample number of
each category, b is the predicted sample number of each category,
and n is the total sample number.

The study framework is shown in Figure 3.

RESULTS

Identifying Urban and Rural Areas by NTL
Data
As shown in Figure 4A, the nighttime light intensity of
Guangzhou presents an overall downward trend from urban
to rural areas. There is a large range of high-value areas in
downtown Guangzhou, mainly covering the Haizhu district,
Liwan district, Tianhe district, and Huangpu district. While
the light intensity in the Conghua district and Zengcheng
district gradually weakened at night. In general, the spatial
pattern of light intensity at night is obvious.

The weightedmean variances of scale, shape, and compactness
of multi-scale segmentation as determined by the Estimation of
Scale Parameters were 17, 0.5, and 0.4, respectively. The urban
(1,585.53 km2) and rural areas (5,848.87 km2) of Guangzhou
identified according to the determined proportion parameters
is shown in Figure 4B. The urban areas were concentrated in
Baiyun, Huangpu, Haizhu, Tianhe, and Liwan districts, while the
rural areas were mainly concentrated in Conghua, Zengcheng,
and Nansha districts and most areas of the Panyu district.
Therefore, we can conclude that the urban areas are relatively
more concentrated; additionally, the boundaries between the
urban and rural areas were distinctly identified.

Identifying Urban and Rural Areas Using
Food Delivery Data
A significant difference between urban and rural industrial
development and the construction of basic public service

FIGURE 3 | Study framework (The study framework flow chart of this
study includes study data, content and study sequence).

FIGURE 4 | (A) Spatial Distribution of NTL Data; (B) Urban and Rural Areas Identified by NTL Data (The urban and rural spatial area identified by NTL data is shown
in the figure, among which, (A) is NTL data and (B) is the identified urban and rural spatial area).
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amenities is the reason for the issues in the urban-rural
differences. As a service behavior based on the catering
industry, food delivery mainly relies on the highly developed
road network in urban areas (Aryal et al., 2021). Theoretically,
closer the food delivery to the urban center, more are the food
types that can be delivered and shorter is the delivery time, and
vice versa. When comparing the proportion of delivery service
that can be received at any one point in the city to the delivery
area, vitality decreases from the urban centers to the suburbs in
the rural areas, thus, suggesting that food delivery data can be
used to distinguish urban and rural areas (Lim and Kang, 2021).
In this view, this study used the two-stage rapid heuristic
algorithm to simulate the food delivery scenario to find the
furthest delivery distance that can be reached while ensuring
that the maximum replenishable overtime order does not exceed.
This was achieved under the premise that the single delivery
person meets the distribution condition of delivering more than
one quantity (according to the actual situation, when the delivery
quantity is only one, food will not be delivered).

The range of food that can be delivered by all businesses is
shown in Figure 5A. When the food delivered by all businesses
met the furthest path as obtained by the objective function, the
urban area was identified using the food delivery data obtained by
connecting the ends of the furthest path. The corresponding
identification results are shown in Figure 5B. The area included
under urban and rural areas as identified using the food delivery
data was 1,420.21 km2 and 6,014.19 km2, respectively. The urban
areas were concentrated in Baiyun, Huangpu, Haizhu, Tianhe,
Liwan, and Panyu districts and in parts of the Nansha district;
additionally, some cities were identified in Conghua and
Zengcheng districts. The rural areas were mainly concentrated
in Huadu, Zengcheng, and most of Conghua districts. These
results were similar to those identified by NTL data, but the urban
scope is relatively smaller, and more evident city clusters were
identified in Zengcheng and Conghua districts.

Comparison and Assessment of
Identification Results
The urban and rural areas identified by NTL data was compared
with that identified using the food delivery data and the
corresponding results are shown in Figure 6. Urban areas as
identified by NTL data and food delivery data comprised
1,585.53 km2 and 1,420.21 km2, respectively. Therefore, based
on only the identified geographic area of urban and rural
areas, no significant difference was observed in the
identification results by the two methods.

Further, the comparison of identification results using
different methods indicated that the NTL data results showed
the following characteristics: First, the urban area identified by
the data fusion method was larger, which was mainly reflected in
Huadu, Baiyun, Huangpu districts and the peripheral boundaries
of the Panyu district. Second, the urban areas identified in central
urban regions (Tianhe, Haizhu, and Yuexiu districts) covered the
entire administrative region because the NTL data considered
both urban development and infrastructure construction. Finally,
the urban-rural fringes were more distinctly identified because
the urban areas in this region were developed by the expansion
and construction of peripheral urban cities from the central city,
especially in urban-rural fringes.

Conversely, the urban areas identified by the food delivery
data showed the following characteristics: First, the peripheral
boundaries were smaller than those identified by NTL data,
with boundaries mainly concentrated in Huadu, Huangpu, and
Panyu districts. Although the urban expansion of these three
districts was relatively more evident and the prototype of
urban space was established in the rural-urban fringe, the
lifestyle of the residents in these districts was more inclined
to rural areas; therefore, these areas were identified as rural
areas through the food delivery data. Second, the central urban
areas in Liwan and Tianhe districts did not cover the entire

FIGURE 5 | (A) The urban and rural spatial range to which food can be delivered; (B) Urban and rural areas identified by food delivery data (The urban and rural
spatial area identified by food delivery data is shown in the figure, among which, (A) is the range of deliverable food and (B) is the identified urban and rural spatial area).
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FIGURE 6 | Comparison of identification results (The differences in urban and rural spatial areas identified by NTL data and food delivery data are shown in the
figure, including significant differences in central urban area, urban and rural fringe and rural-urban fringe zone).

TABLE 2 | Accuracy assessment of the confusionmatrix (Random verification points are used to verify the results of urban and rural spatial area of NTL data and food delivery
data identification. Among them, the accuracy of the selected 1,000–5,000 random verification points show an obvious upward and downward trend, and the specific
results are shown in the table).

Pixel Nighttime lights Food delivery Nighttime lights Food delivery

Urban Rural Urban Rural Accuracy
(%)

Kappa Accuracy
(%)

Kappa

1,000 Urban 199 14 175 19 91.90 0.7998 92.40 0.7920
Rural 67 720 56 749

1,500 Urban 301 19 263 30 91.33 0.7913 92.47 0.7925
Rural 111 1,069 83 1,124

2,000 Urban 397 24 349 41 91.25 0.7893 92.45 0.7912
Rural 151 1,428 110 1,500

2,500 Urban 504 29 436 52 91.28 0.7916 92.44 0.7907
Rural 189 1,778 137 1,875

3,000 Urban 605 34 521 64 91.23 0.7910 92.43 0.7896
Rural 229 2,132 163 2,252

3,500 Urban 707 39 608 75 91.17 0.7902 92.46 0.7900
Rural 270 2,484 189 2,628

4,000 Urban 808 44 695 85 91.20 0.7908 92.48 0.7905
Rural 308 2,840 216 3,004

4,500 Urban 910 49 781 97 91.18 0.7906 92.47 0.7899
Rural 348 3,193 242 3,380

5,000 Urban 1,011 54 867 108 91.18 0.7907 92.48 0.7901
Rural 387 3,548 268 3,757
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administrative region because the western region of the Liwan
district was close to the administrative edge of Guangzhou, and
food was generally not delivered to the administrative edges,
which was also consistent with the logic of food delivery.
Finally, cities were also identified by the food delivery data
in Conghua and Zengcheng districts; however, these city
groups were not included in the urban areas that were
identified by NTL data. This is because compared with
other districts, urban development and infrastructure
constructions of these two districts were less advanced;
therefore, NTL data identified these areas as rural areas.
Further, although urban development in the central areas of
Conghua and Zengcheng districts is not advanced, most
residents showed a lifestyle similar to that of the urban
areas. Therefore, these regions were identified as urban
areas by the food delivery data.

In order to verify the results of urban and rural spatial area
identified by the two methods and further compare and analyze
the differences between NTL data identification results and the
food delivery identification results in this study, 1,000–5,000-
pixel assessment points were randomly selected. Subsequently,
the number of random assessment points located in the urban
areas and rural areas along with the confusion matrix determined
by the random pixel assessment points were determined after
confirming the data using high-resolution Google Earth image
data (Table 2). Identification accuracy was calculated using the
percentage of the pixel assessment points, while the Kappa
coefficient represented the consistency of test results, with a
value closer to 1, indicating better assessment results.

The identification accuracy of the urban and rural areas
identified by NTL Data method was above 91% (Table 2),
while the Kappa coefficient was above 0.79, which is close to
the identification results of existing studies. The accuracy of
urban and rural areas identified by the food delivery data was
above 92.4%, and the Kappa coefficient was above 0.79. In

general, the accuracy of the urban and rural areas identified by
NTL Data was close to that determined in previous studies.
Additionally, urban and rural areas identified by food delivery
have achieved higher accuracy and have slight advantages
compared with those identified by NTL data.

The comparison of the identification accuracies of the urban
and rural areas by 1,000–5,000 random pixel assessment points
indicated that the percentage of the different assessment points in
the two areas was not consistent, which was also reflected by the
urban and rural areas identified by NTL data. The increase in the
random pixel assessment points increased and decreased the
percentage of successful assessment points in urban and rural
areas, respectively. Conversely, the increase in the random pixel
assessment points decreased and increased the percentage of
successful assessment points in the urban and rural areas that
were identified by the food delivery data. Figure 7 shows that
NTL data is advantageous for identifying urban areas, while the
food delivery data is useful for identifying rural areas.

DISCUSSION

This study determined the geographical characteristics of the
economic problems of the urban-rural regional differences by
highlighting the urban-rural gap in development and
infrastructure construction involved in the food delivery
process. Additionally, the two-stage fast heuristic algorithm
was used to simulate the food delivery process to identify the
urban and rural areas. Finally, the results of identifying urban and
rural areas by NTL data proposed a new and reliable approach for
urban and rural area identification.

Rapid development in urban expansion is gradually diminishing
the boundaries between urban and rural areas. Particularly, the
expansion of urban areas and the modernization of rural areas have
increased the appearance of urban characteristics in rural areas
((Chakraborty et al., 2021; Wang et al., 2020). Therefore, identifying
the urban and rural areas through practical methods and approaches
is important for harmonious urban-rural development (Yang et al.,
2021). However, most current studies have mainly reflected urban
and rural spatial differences using NTL data, with an identification
accuracy of approximately 85% (Peng et al., 2020). Moreover, this
accuracy cannot be further improved due to data oversaturation.
The identification accuracy of the urban and rural areas was 91% by
multi-resolution segmentation based on NTL data, and was close to
the research results of other scholars who proposed this method.
Compared with the research accuracy obtained using global artificial
impervious areas, the identification accuracy determined in this
study strongly verifies the significance of using NTL data in urban
and rural area applications (Yu et al., 2015). In addition, started with
the urban and rural areas catering industry development gap, lack of
service resource allocation, element flow imbalance and other
differences the two-stage fast heuristic algorithm was also used to
simulate food delivery scenario, and the places that can be delivered
were identified as urban areas, and places that cannot be delivered
were identified as rural areas. In this way, the accuracy of urban and
rural spatial identification can reach more than 92.4%, which was
slightly improved compared with the identification result of NTL

FIGURE 7 | Percentage of different random assessment points in the
urban and rural areas (The accuracy of results verified by 1,000–5,000 random
verification points is shown in the figure, in which the accuracy of NTL data
identification in urban areas and food delivery identification in rural areas
shows an increasing trend, while the accuracy of NTL data identification in
rural areas and food delivery data identification in urban areas shows a
decreasing trend).
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data. All these indicate that urban and rural spatial identification
through food delivery data has a high credibility.

Previous studies on urban and rural spatial identification mainly
established administrative district indicators or used socio-economic
and geospatial data to identify urban and rural areas (Lichter and
Brown, 2011). Starting with qualitative analysis to quantitative
analysis, this developmental process has played an important role
in promoting the studies of urban and rural areas (Imhoff et al.,
1997; Shen et al., 1997). However, although the existing studies
accurately identify urban and rural areas, identification is focused on
the well-developed urban areas, thus, indicating that this
identification method is more beneficial for urban areas with
continuous validation development. The study findings were
further validated by NTL data results of random pixels (Fragkias
et al., 2017). In contrast to NTL data and other research methods
that focus on urban area, the food delivery data objectively analyzes
the accessibility of urban and rural spatial food delivery, which
marginally improves the identification accuracy. In addition,
compared with existing studies, this study, for the first time,
focused on the expression of rural areas, which have rarely been
considered in previous studies (Lawton, 2020). As a unique
expression form of the urban-rural regional differences based on
urban development and infrastructure construction, the food
delivery service greatly considers the urban-rural element flow,
especially population and consumption patterns. This difference
in preference to living space can play a huge role in identifying urban
and rural areas and accurately depict rural space.

The identification of urban and rural areas from a new research
perspective based on food delivery data has practical significance.
However, this study still has some limitations. First, the simulation of
the food delivery scenarios was based on a simplified delivery path of
a single deliverer under specific conditions, not considering the
possibility of multiple deliverers and orders with more complex
delivery situations. Second, food delivery servicesmay not be used by
the elderly and children in urban areas, which can result in negative
feedback for urban area identification (Zhao and Hu, 2019). In this
study, the urban and rural spatial space of Guangzhou were
identified by NTL data and food delivery data respectively, and
the advantages of the two data in identifying urban areas and rural
areas were obtained. This advantage makes NTL data have a good
application in urban expansion and urbanization discrimination,
while the advantage of food delivery makes it more valuable in the
study of rural space, such as rural revitalization and urban-rural
integration.

This study delineates the urban and rural areas of Guangzhou
through food delivery, which is a bold attempt in urban geography
and other disciplines, and a unique innovation in the application of
big data in urban and rural planning. It not only accurately identifies
urban and rural areas, but also supplements the relevant theories of

urban and rural differences. Based on the study on the identification
of urban and rural areas of food delivery, the next step will be in-
depth analysis of the impact of different delivery environments and
delivery modes on urban and rural differences so as to provide a
better reference for urban and rural policy making.

CONCLUSION

Accurately identifying urban and rural areas is an important
prerequisite for the implementation of urban and rural plans and
forms the basis for formulating development strategies. Focusing
on urban and rural differences, this study proposes a new
approach to identify urban and rural areas based on food
delivery data comprehensively considering urban-rural
catering, service resource allocation, elements flow, and other
factors. Through the identification of urban and rural areas,
although the level of accuracy is similar to that of nighttime
light data, the results of food delivery data were found to be more
favorable to rural areas, to express rural functions. Different from
previous studies, the identification of urban and rural areas from
the perspective of food delivery focuses more on the flow of
population, consumption, and other factors between the two
areas, making their identification more reliable. Based on the
accurate identification of urban and rural areas of food delivery,
this study provides a basis for the study of urban and rural
differences, which is of great value to the formulation of urban
and rural plans for alleviating urban and rural contradictions, and
promoting their harmonious development.
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