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	 Today, China’s development mode has shifted from extensive management to meticulous 
management, so it is inevitable that data will be used to conduct quantitative analysis. In this 
study, we synthesized multi-source data and the term frequency-inverse document frequency 
(TF-IDF) algorithm to determine the dominant function of land within the Fifth Ring Road of 
Beijing, China. Additionally, we explored how point of interest (POI) distributions affect 
nighttime artificial light radiation using the Spearman correlation coefficient. The overall 
accuracy of land functional classification in the central urban area of Beijing was 88.07%, and 
the kappa coefficient was 85.28%. The core area of Beijing is dominated by commercial and 
business facilities, accounting for 29.37% of the total area, followed by residential (22.02%), 
mixed-use (16.51%), green space (10.62%), administration and public service (9.66%), 
transportation (9.31%), and industrial (2.52%) areas. The number of commercial and business 
facilities, administration and public services, and residential areas correlate positively with the 
vegetation adjusted nighttime light (NTL) urban index (VANUI) value. In contrast, the number 
of industrial facilities yielded a negative correlation with VANUI. This study provides support 
for the optimization of the functional layout and the distribution of public resources in the 
central urban area of Beijing.

1.	 Introduction

	 With the rapid development of the social economy and expansion, China’s urbanization has 
considerably been enhanced in recent decades. The rate of urbanization has climbed from 36% 
in 2000 to 64% in 2021, and China has become the second-largest economy in the world. 
However, increasing urbanization has also brought many problems, such as housing tension, 
traffic congestion, the lack of public space, and uneven distribution of resources. These 
contradictions have had a negative effect on construction to make Beijing a livable city and 
sustainable development.(1) Meanwhile, existing studies show that urban land function has a 
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strong correlation with urban environments, vitalities, and equities.(2–4) Therefore, a better 
investigation regarding urban land function identification, as well as how urban land function 
affects urban planning, urban design, and urban management, is required.
	 Generally speaking, identifying urban land functions includes field investigation by 
professionals, construction permits, maps, and planning documents. However, these methods 
require extensive time and manual work. Moreover, such methods are highly subjective and have 
low accuracy.(5) With the rapid development of remote sensing technology, satellite observation 
can achieve accurate and detailed information on land cover.(6–8) It is noteworthy that it is hard 
to directly identify land functions, i.e., commercial and business zones, from satellite images 
without additional social sensing data. Fortunately, with the advent of the information and data 
era, using social media, mobile signaling, location-based services (LBS), and point of interest 
(POI) data have shown great potential to identify urban land functions.(5,9,10) Among these 
methods, POI data are the most widely used owing to the advantages of detailed information 
coverage, high accuracy, frequent updates, and easy access.(11) Additionally, existing literature 
demonstrates that POI data can clearly illustrate human activities and social economy; with this 
in mind, POI data are recognized as a suitable means for land function identification.(2,12,13)

	 There are several problems using POI data to explore land functions. First, OpenStreetMap 
(OSM) data, which is often utilized to divide land parcels, is regarded as a basic geography unit 
for functional zone measurements.(14) However, when employing OSM data, the spatial scale of 
land parcels is coarse, resulting in low measurement accuracy. For example, many mixed-use 
functional zones show up in the results using coarse spatial units (e.g., land parcels), which is 
inconsistent with reality. Second, different impacts of different categories concerning POI data 
with respect to the land function have been observed.(2,5) When identifying urban land functions, 
it is necessary to assign varying weight coefficients to different POIs. Finally, many studies 
explore the distributions of land functions, but few studies consider the correlation between 
urban functions and other urban development indicators, such as thermal environments, 
economic development, and vitality.
	 On the basis of this discussion, we chose the core area of the city of Beijing, China, as the 
study area and employed POI data and the term frequency-inverse document frequency (TF-
IDF) algorithm to determine POI weights; we also used road data from OSM overlay fishnets to 
identify land function at 300 m of spatial resolution. In addition, we used the Spearman 
correlation model to analyze the correlation between land function and vegetation adjusted 
nighttime light (NTL) urban index (VANUI). Doing so provides a basis for more reasonable 
urban resource allocation and land function replacement.

2.	 Study Area and Data

2.1	 Study area

	 Beijing lies between longitude 115.7°-117.4°E and latitude 39.4°-41.6°N, with its center at 39° 
54′ 20″ N and 116° 25′ 29″ E. As the capital of China and one of the world’s top ten international 
metropolises, the city has a total area of 16410 km2. By 2021, the permanent population and 
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annual GDP reached 21.886 million and 4026.96 billion yuan (RMB), respectively. Beijing is at 
the forefront of the world in terms of construction scale, population, and economic development. 
However, because of the rapid economic development and high concentration of the population, 
many problems have been exposed, like the inconsistency of land function and urban 
development level, the imbalance in the distribution of resources, and other issues that 
significantly constrain the sustainable development of the city. Considering the quantity and 
accuracy of POI, we selected the area within the Fifth Ring Road of Beijing as the study area.

2.2	 Data and data preprocessing

2.2.1	 OSM data

	 Scholars favor OSM data because of continued improvements in its quality and its free 
availability. It provides water systems, buildings, road networks, and POI data. Among these, the 
road network has better accuracy and integrity, and thus can be widely used to determine the 
basic units (parcels) in the land function classification. We used road network data downloaded 
from the OSM website to divide the basic spatial units. Before this, we deleted irrelevant 
information such as footways, raceways, cycleways, and platforms. We reserved motorways, 
primary roads, secondary roads, tertiary roads, residential roads, living streets, and service 
roads. Broken lines, duplicate lines, and incorrect lines were deleted. According to the road 
grade, a buffer zone method was developed to obtain the final road networks. A comparison 
between road networks before and after preprocessing is shown in Fig. 1.

Fig. 1.	 (Color online) A comparison between road networks before and after removing irrelevant information: (a) 
after preprocessing and (b) before preprocessing.
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2.2.2	 POI data

	 The POI data was acquired from the Baidu Map Open Platform. First, Python programing 
language was used to generate the POI data, and a total of 963374 pieces of records were 
obtained. The data were then sorted, and 258042 valid POIs were acquired. According to urban 
land use and planning classification standards (GB 50137-2011) released by the Ministry of 
Housing and Urban-Rural Development of the People’s Republic of China, we reclassified POI 
records into six categories, including administrative and public services (A), commercial and 
business facilities (C), green space (G), industrial (M), residential (R), and streets and 
transportation (S). Details of POI data categories are shown in Table 1.

2.2.3	 Remotely sensed data

	 Nighttime light (NTL) data is closely related to human activities, economic development, 
urban vitality, and heat pollution in cities, and thus the data is widely used in investigating urban 
issues.(15) In this study, we used Luojia-1 NTL and POI data to conduct a correlation analysis and 
explored the interactions between urban functions and human activities. The Luojia-1 satellite is 
the world’s first professional artificial light-detection satellite; it carries a high-sensitivity night 
light sensor with a spatial resolution of 130 m. Notably, the spatial resolution of Luojia-1 NTL 
data is considerably higher than that of the widely used Defense Meteorological Satellite 
Program - Operational Line-Scan System (DMSP-OLS) and the National Polar-Orbiting 
Partnership - Visible Infrared Imaging Radiometer Suite (NPP-VIIRS) night light data. Thus, it 
can provide support for urban research at the mesoscopic and microscopic scales. However, 
oversaturation phenomena in the nighttime light data of the Luojia-1 satellite restrict the 
representation of spatial structure changes in the urban area. We used the normalized difference 
vegetation index (NDVI) from Landsat 8 images associated with NTL data to generate the 
VANUI to reduce the influence of NTL oversaturation.(16) The equations for VANUI are 
expressed as:

Table 1
POI data classification system.
Urban function category Description Number Proportion (%)
Residential (R) Residential and residential-related facilities. 21098 8.18

Commercial and Business Facility 
(C)

Catering service, shopping service; 
accommodation service, financial and 
insurance services, and life service.

156498 60.65

Administration and Public Service 
(A)

Science, education, and culture, sports and 
leisure, medical care, government agencies,

and social organizations.
76061 29.48

Industrial (M) Corporation. 990 0.38
Green Space (G) Park and plaza, and scenic spots. 3354 1.30
Street and Transportation (S) Transportation service facilities. 41 0.02
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where NTLnor is the normalized NTL data; NTLmax and NTLmin are the maximum and minimum 
values in an NTL image, respectively; NVDImax is the maximum value in the multi-temporal 
composite NDVI data in 2018; NDVI1, NDVI2, …, NDVIn are the multitemporal NDVI images 
from Landsat 8 in 2018.

3.	 Methods

3.1	 Spatial unit partitioning

	 City blocks, as the basic unit of urban function, can be generated using road networks. Most 
related studies used the road network for city block delineation. Note that the large scale and low 
precision of neighborhoods can lead to an increase in the number of mixed land functional 
zones, and certain small-scale functional zones cannot be identified.(5) Thus, on the basis of the 
preprocessed OSM road networks as the basic unit for neighborhood division, the parcels were 
further divided using a 300 m × 300 m fishnet to improve spatial resolution. 

3.2	 Urban land function identification

3.2.1	 Single-use function identification 

	 The TF-IDF statistical algorithm was used to calculate the weights of various types of POIs 
in the parcels. The TF-IDF model is a standard weighting method selected for information 
retrieval and data mining. The main idea is that, if a word or phrase appears in an article with 
high frequency and rarely appears in other articles, it can be considered to have good category 
differentiation ability and is suitable for classification. The specific formulas are
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	 , ,i j i j itfidf tf idf= × ,	 (6)

where i denotes word, j denotes document, ni,j means the number of occurrences of the word i in 
the document j, and ∑k ni,j represents the sum of all occurrences of words in the document j; |D| 
refers to the total number of documents, and |{ j: ti ∈ dj}| is the total number of documents that 
contain the word i. In this study, documents represent parcels, and words are POIs in parcels.
	 The specific approach includes three key steps. First, the preprocessed POI data and the 
fishnet network of each parcel were spatially overlaid to obtain the number of different POI 
categories corresponding to each parcel. Second, the weights of each category were calculated  
on the basis of the TD-IDF algorithm. Third, the category with the maximum weight can be 
regarded as the dominant function for that parcel.

3.2.2	 Mixed-use function identification

	 Following Huang et al.,(5) the Grubbs criterion was employed to identify the mixed-use land 
function. The ratio category index was calculated for each POI within a spatial unit:
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where CRi is the proportion of the functional intensity of the ith POI type to the functional 
intensity of all POI types in a specific spatial unit. In addition, the Grubbs criterion was used to 
determine whether a certain type of POI yields a significantly higher weight than others in the 
parcel. If it does not appear, the parcel can be labeled as a mixed land use. The formula for the 
calculation is as follows:

	 max
max
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S

−
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where Gmax is the maximum deviation value, CRmax is the maximal proportional value of the 
category of the ratio of the POI, CR is the average value of the proportional size of the category 
of the ratio of each POI type in the spatial unit, and S refers to the standard deviation of this 
dataset. The resulting offset value was compared with the Grubbs threshold, G (n, p) (where n is 
the number of POI types within a certain parcel and p is the confidence probability. The value 
chosen in this study is 95%). If Gmax < G (n, p), the parcel can be labeled as a mixed land 
function.
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3.3	 Data analysis

3.3.1	 Kernel density estimate

	 Kernel density analysis is a non-parametric estimation spatial partitioning method that uses 
the spatial properties of data to calculate the density of elements in their surrounding 
neighborhoods and then study the distribution characteristics of the spatial data.(17) In this study, 
the spatial analysis tool in ArcGIS 10.7 was used to compute kernel densities of various POIs 
within the fifth ring road of Beijing. The formula is
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where fn(x) is the kernel density value at the spatial location point x; h is the value range 
regarding thresholds; k is the default weight kernel function; n is the number of points in the 
analysis range; (X－Xj) denotes the distance from the location x to the event j; h > 0 is the band, 
i.e., the search radius of the estimation of kernel width density; a larger value of fn(x) indicates a 
denser POI.

3.3.2	 Spearman correlation coefficient

	 The Spearman rank correlation coefficient is a nonparametric measure of the dependence of 
two variables. It evaluates the correlation of two statistical variables using a monotonic 
equation.(18,19) The formula for the calculation is
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where xi is the rank of the ith data of the random variable X, yi is the rank of the ith data of the 
random variable Y, and x and y  denote the expectations of X and Y, respectively.

4.	 Results

4.1	 Functional area identification results

4.1.1	 Spatial distribution of different types of POI

	 Figure 2 provides the results of the kernel density determination for various POIs. As shown, 
the distribution of different functional zones in the city had a strong spatial heterogeneity due to 
the combined effects of historical development, planning guidance, and natural conditions. 
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Commercial and business POIs were characterized by spreading throughout regions along the 
main traffic roads of the city, and clustering was observed near the Chaoyang central business 
district (CBD) areas, streets serving the financial activities in the Xicheng district, and 
Zhongguancun science park in the Haidian district. We found few differences in the number of 
commercial and business facilities in different regions, which were distributed relatively evenly, 
while an obvious difference was found in their types. For example, in the areas between the 
second and third ring roads, extensive commercial streets, i.e., Xidan and Wangfujing streets, 
were observed. However, many large commercial shopping centers and office buildings, i.e., 

Fig. 2.	 (Color online) Results of the determination of kernel density for various POIs: (a) commercial and business 
facilities, (b) administration and public service, (c) residential, (d) green space, (e) street and transportation, and (f) 
industrial.
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Chaowai Soho, the world trade plaza, and Xinzhongguan, were found between the third and 
fourth ring roads. Meanwhile, in the places between the fourth and fifth ring roads, there were 
mostly wholesale markets and office buildings in industrial parks, e.g., Xinfadi wholesale 
market.
	 Administration and public service facilities were mostly distributed in the central and 
northern parts of the city. As can be seen, around the college road, many universities, i.e., 
Tsinghua University, Peking University, Beijing University of Geosciences, Beijing University of 
Aeronautics and Astronautics, and Beijing University of Science and Technology, were clustered, 
making this region a public service gathering area. Residential facilities were mainly 
concentrated between the second and fourth ring roads. As shown, the spatial distribution of 
residential facilities displayed a strong consistency with commercial and business facilities. 
Green space was concentrated within the second ring road, including the Forbidden City, Temple 
of Heaven, Longtan Lake Park, Taoranting Park, Beihai Park, and Shichahai Park. The rest of 
the green space facilities were concentrated in the northeastern parts of the city, e.g., Yuan Ming 
Yuan, the Summer Palace, and Olympic Forest Park. Most of the parks are closely related to 
Beijing’s history and cultural environments. 
	 Transportation facilities were mainly concentrated around railroad stations, e.g., Beijing 
West Station, Beijing North station, Beijing South Station, and Beijing Station. Industrial-related 
POIs were primarily located around the south fifth ring road, mainly in the Chaoyang and 
Fengtai districts. The southern part of Beijing was in the downwind direction. This location 
would significantly reduce the diffusion of industrial pollution, and it is well in line with the 
planning for the Chaoyang and Fengtai districts as the industrial base of Beijing. 

4.1.2	 Spatial distribution of land function

	 Figure 3 shows the results of the spatial division of functional zones. As shown, lots of low-
end commercial and business facilities in the core area of the second ring road were evacuated to 
other regions because of the completion of several rounds of special actions of “evacuating, 
improving, and promoting.” Additionally, many low-quality residences and industries were 
evacuated to other regions. The core area was observed to be an attractive place with facilities 
and parks. In contrast, land functions were more complex in the area between the second and 
fourth ring roads and all types of function were evenly distributed. Most of the blocks that were 
divided by the road network showed a circular pattern of green space-residential-mixed use-
business and commercial facilities or administration and public service facilities-residential-
mixed use-business and commercial facilities from the inside to the outside. In the areas between 
the fourth to fifth ring roads, there were massive differences in functions between the northern 
and southern parts of Beijing. The northern part concentrated on public service facilities, i.e., 
colleges and universities. At the same time, technology parks and residences were clustered 
around the colleges and universities. In addition, many commercial office facilities were 
clustered around Olympic Forest Park. By contrast, the southern part of Beijing was dominated 
by inefficient commercial and industrial functional zones.
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	 Table 2 shows land areas and proportions for different functional zones. In the areas within 
the fifth ring road of Beijing, business and commercial (C) facilities occupied the highest land 
area and proportion (with an area of 295.91 km2, accounting for 29.37% of land area), followed 
by residential (R) (with an area of 221.91 km2, accounting for 22.02% of land area), mixed use 

Fig. 3.	 (Color online) Result of urban land function identification.
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(F) (with an area of 166.36 km2, accounting for 16.51% of land area), green space (G) (with an 
area of 107.00 km2, accounting for 10.62% of land area), administration and public service 
facilities (A) (with an area of 97.29 km2, accounting for 9.66% of land area), transportation (S) 
(with an area of 93.81 km2, accounting for 9.31% of land area), and industrial (I) (with an area of 
25.35 km2, accounting for 2.52% of land area).

4.1.3	 Spatial distribution of mixed-use land

	 Figure 4 shows that the distribution of mixed-use land functional zones was mainly located 
within the third ring road, indicating a decreasing trend from the center to the periphery. The 
areas with mixed-use function were concentrated in the Fangzhuang regions, Beijing West 
Station, and Xidan railway stations. Table 3 shows land areas and proportions for each mixed-
use functional zone. The C/R/A (area = 87.77 km2, accounting for 52.76% of land area) yielded 
the highest land area, and proportions in the mixed-use land function zones, followed by C/R/
A/G (area = 29.72 km2, accounting for 17.87% of land area), C/A (area = 19.89 km2, accounting 
for 11.96% of land area), C/R/A/M (area = 8.74 km2, accounting for 5.25% of land area), C/R 
(area = 2.96 km2, accounting for 1.78% of land area), C/A/G (area = 2.96 km2, accounting for 
1.78% of land area), and C/R/M (area = 2.47 km2, accounting for 1.48% of land area).

4.1.4	 Accuracy assessment

	 To assess accuracy, we used the Baidu Map to choose some typical areas of different 
functional lands for qualitative comparison analysis. Yuyuantan Park, Longtan Lake Park, 
Beihai Park, and the Forbidden City were chosen to verify the accuracy of green spaces. In 
addition, Tsinghua University, Peking University, Beijing University of Civil Engineering and 
Architecture, the U.S. Embassy, and the Beijing Municipal Government Service Center were 
chosen to evaluate the accuracy of the classification of administration and public service. 
Jianwai Soho, Xidan, and Wangfujing were selected to assess the accuracy of business and 
commercial areas. Baiwanzhuang and Ganjiakou residential areas were selected for evaluating 
residential areas. Beijing West Railway Station, Beijing South Railway Station, and Beijing 
Railway Station were selected for the assessment of the accuracy of land devoted to 
transportation facilities. Notably, Beijing North Railway Station was chosen for mixed-use 

Table 2
Land areas and proportions of different functional zones.
Function zone Area (km2) Proportion (%)
C 295.91 29.37
R 221.91 22.02
F 166.36 16.51
G 107.00 10.62
A 97.29 9.66
S 93.81 9.31
I 25.35 2.52
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functional land evaluation. The southwest suburban food freezing plant and others were selected 
for the assessment of the accuracy of industrial functional zones. The results of land function 
classification in these typical areas are all consistent with the information provided by the Baidu 
Maps.
	 To derive more precision in the accuracy of the land functional classification results, the 
precision of the classification results was evaluated using the error matrix method, which has 
four main accuracy indicators: user accuracy, producer accuracy, overall accuracy, and kappa 
coefficient. In this study, 218 points in four areas (i.e., Zhanlan road area, Xiju area, college road 
area, and Jianwai Soho area) were selected for validation, and the results are shown in Table 4. 
High accuracy was observed using our model for urban functional zone mapping. The user 

Fig. 4.	 (Color online) Spatial distribution of mixed-use land functional zones.

Table 3
Land areas and proportions for each mixed-use functional zone.
Function zone Area (km2) Proportion (%)
C/R/A 87.77 52.76
C/R/A/G 29.72 17.87
C/A 19.89 11.96
C/R/A/M 8.74 5.25
C/R 3.26 1.96
C/A/G 2.96 1.78
C/R/M 2.47 1.48
Others 11.55 6.94
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accuracy of mixed-used functional zones was relatively low, as was the production accuracy of 
transportation and industrial areas. However, both the production and user accuracy of the 
remaining land function types were above 80%, with an overall accuracy of 81.8%. The overall 
accuracy of the classification model proposed in this study reached 88.07%, and the kappa 
coefficient was 85.28%, which is highly consistent with the actual situation.

4.2	 Correlation analysis

4.2.1	 Spatial distribution of nighttime lights

	 Figure 5 shows the spatialized results of VANUI after resampling. As shown, the area with 
the strongest light intensity within the fifth Ring Road of Beijing was found to be located in the 
Jianguomen district. The area around Wangfujing and the CBD area from the East third to 
fourth ring roads had concentrated and very high brightness. It was found that these areas were 
mainly large commercial centers and close to Chang’an Street and the ring road.

4.2.2	 Results of Spearman correlation coefficient

	 Table 5 shows the results using the Spearman correlation analysis of the number of each POI 
type and VANUI. When the absolute coefficient value lies between 0.8 and 1.0, the urban 
functional zones yielded a very strong correlation with VANUI values. A strong correlation 
between them can be identified when the absolute coefficient value lies between 0.6 and 0.8. A 
relatively strong correlation can be identified when the absolute coefficient value is between 0.4 
and 0.6. However, a weak correlation can be identified when the absolute coefficient value is 
below 0.4.
	 Among varying POI types, A/C, R/C, and R/A showed strong positive correlations. M and 
VANUI had a very strong negative correlation. C and A were strongly positively correlated with 
VANUI. R and VANUI yielded a relatively strong positive correlation. The rest showed weak 
correlations with VANUI.

Table 4 
Error matrix of urban functional land classification.

Reference data Classes
C A R M G S F PA

C 44 0 0 2 0 0 1 0.94 
A 0 43 3 0 0 0 4 0.86 
R 0 4 32 0 0 0 3 0.82 
M 0 0 0 7 2 0 2 0.64 
G 0 0 0 0 47 0 0 1.00 
S 0 0 0 0 1 1 0 0.50 
F 2 0 2 0 0 0 18 0.82 
UA 0.96 0.91 0.86 0.78 0.94 1.00 0.64 
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Fig. 5.	 (Color online) Spatial distribution of VANUI values.

Table 5
(Color online) Results of Spearman rank correlation coefficient.

C A R G S M VANUI
C 1** 0.732** 0.693** 0.128** 0.041** 0.150** 0.753**
A 1** 0.706** 0.222** 0.025** 0.045** 0.747**
R 1** 0.145** 0.018* 0.055** 0.542**
G 1** −0.006 −0.012** 0.201**
S 1** 0.006 –0.070
M 1** −0.836**
VANUI 1**
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5.	 Discussion

5.1	 Spatial unit division for functional zone identification

	 Existing studies mainly used the road network as the spatial unit of functional land 
identification, yet this study superimposed a 300 m × 300 m grid on the area of interest for the 
delineation, hoping to improve the classification accuracy. Compared with the investigation 
conducted by Ning et al.,(20) high accuracy was observed in this study. However, there are many 
problems associated with using a simple grid. For instance, the size of the land parcels should not 
be the same in different areas; some buildings are also separated by the grid. These issues should 
be addressed in future research.

5.2	 Identification of transportation function

	 In this study, only a very small amount of valid POI data about traffic was obtained, thus 
reducing its accuracy. Meanwhile, with the transit-oriented development (TOD) of cities, most of 
the transportation sites have been compounded for use. For example, Beijing North station has 
integrated subway, railroad, commercial, and office areas by means of three-dimensional 
development. In this context, such transportation areas would be divided into mixed-use land, 
thus leading to an underestimation of the transportation functional zone area.

5.3	 Interpretation of NTL data

	 It is noteworthy that we innovatively linked the POI and night light remotely sensed data and 
measured the varying correlations between urban functions and VANUI values. However, for 
urban planning and design, the urban information that can be revealed within the NTL is more 
critical. Thus, in future research, the NTL remotely sensed data should be used as a carrier of 
urban information to explore the consequence of urban land functions. 

6.	 Conclusions

	 In this study, we used OSM road network data and Baidu POI data to estimate the functional 
distribution within the fifth ring road of Beijing using the TD-IDF algorithm and proposed an 
urban functional land classification model based on POI. Through qualitative comparison and 
analysis with some representative areas in Beijing, which provide clear land functional types, we 
found that the classification results effectively reflect the actual land functional situation. In 
addition, with the assistance of field investigation and the Baidu map, the quantitative accuracy 
was verified and evaluated by the error matrix method. Upon examination, the overall accuracy 
of the proposed model reached 88.07%, with a kappa coefficient of 85.28%. This value suggests 
that the classification results are highly consistent with the actual situation. Finally, we explored 
the correlations between the number of POIs and VANUI using the Spearman correlation model.
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	 Notably, the method of urban land function classification proposed in this study makes it 
easier to acquire data and to show a more straightforward procedure than existing methods such 
as cell phone signaling and remote sensing interpretation. This method can provide the 
distribution of land functions under a complex situation in a concise manner. Using roads 
overlaid with fishnets improves the measurement accuracy compared with the simple division 
using single road networks. In this study, we attempted to find interactions between urban land 
functions and human activities, which can provide technical support for the site selection of 
various facilities, transportation land planning, as well as the construction of a fifteen-minute 
living circle, and thus provide a reference for future study regarding the division of urban 
functions and urban spatial structure classification.
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