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Abstract: Identifying the land-use type and spatial distribution of urban construction land is the
basis of studying the degree of exposure and the economic value of disaster-affected bodies, which
are of great significance for disaster risk predictions, emergency disaster reductions, and asset
allocations. Based on point of interest (POI) data, this study adopts POI spatialization and the
density-based spatial clustering of applications with noise (DBSCAN) algorithm to accomplish
the spatial classification of construction land. Zhejiang province is selected as a study area, and
its construction land is divided into 11 land types using an accurate spatial classification method
based on measuring the area of ground items. In the research, the POI dataset, which includes
information, such as spatial locations and usage types, was constructed by big data cleaning and
visual interpretation and approximately 620,000 pieces in total. The overall accuracy of the confusion
matrix is 76.86%, which is greatly improved compared with that constructed with EULUC data
(61.2%). In addition, compared with the official statistical data of 11 cities in Zhejiang Province, the
differences between the calculated spatial proportions and statistics are not substantial. Meanwhile,
the spatial characteristics of the studied land-use types are consistent with the urban planning data
but with higher accuracy. The research shows that the construction land in Zhejiang Province has
a high degree of land intensity, concentrated assets, and high economic exposure. The approach
proposed in this study can provide a reference for city management including urbanization process,
risk assessment, emergency management and asset allocation.

Keywords: land-use type; POI; DBSCAN; socioeconomic risk

1. Introduction

Urban buildings are the most important places in which human social and economic
activities occur, and exposure analyses of land-use types and economic values are of great
significance for disaster risk assessments and emergency mitigation strategies [1]. With the
rapid development of urbanization, urban land use, and spatial structures are undergoing
significant changes, and the highly segmented division of labor in social industries imposes
more refined and efficient requirements for urban spatial planning [2–4]. However, the
traditional identification method of land-use types based on remote sensing and actual
observation data requires considerable time and economic costs, and the data quality and
update speed are also subject to the interference of weather and human-related factors [5].
In recent years, the extensive use of big data, such as Global System for Mobile (GSM),
Global Position System (GPS), Point of Interest (POI), Smart Card Data (SCD), taxi trajectory
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and night light data has made it possible to acquire high-quality and large-scale spatial
data quickly [6], which promotes the study of existing urban structure and functional areas.

Extracting land cover by remote sensing has been extensively used [7]. Land cover
maps represent spatial information on different types of physical coverage of the Earth’s
surface, e.g., forests, grasslands, croplands, lakes, wetlands [8]. Different from land cover,
land use is widely understood as a man-made adjustment of the land surface and the
types usually include farmlands, parks, residential areas, etc. [9]. At present, scholars
have conducted in-depth studies on the identification of urban land-use types and their
interaction rules by using multisource data [10,11]. Among these studies, POI data are
proven to be very practical in urban zoning studies due to their advantages of rich se-
mantics, short acquisition cycles, low costs, fast updating speeds, objectivity and strong
current situations [12,13]. For example, POI density characteristics are used for similar-
ity measurements [14], and when combined with remote sensing data, a wide range of
land distribution patterns can be identified [15]. Among them, Essential Urban Land Use
Categories in China (EULUC-China) data obtained by using the random forest law have
been widely applied [14]. Integrating POI with Word2Vec [16] and Place2Vec [17], the
semantic model can be used to deduce the training method to detect urban land use distri-
butions. Based on Latent Dirichlet Allocation (LDA) topic modeling technology, a statistical
framework has been developed to identify regional functions and explore potential POI
topics [18]. Using POI as metadata and combining human mobility information to develop
the framework of discovers regions of different functions (DROF), the relationship between
regional land-use types and POI can be expressed in the form of a function [19]. POI and
mobility data are utilized to identify urban functional areas by head/tail breaks and kernel
density clustering [20], among other methods. Studies have attempted to research the rela-
tionship between POI information and urban land-use types from different perspectives.
These studies include not only mining the POI attribute information and the distribution
model of density frequency [21] but also mining the complementary relationships between
POI data and other data types which include remote sensing, social media, road network
and building footprint [22,23].

Clustering algorithms have been widely applied in the field of urban land-use type
recognition [16,17,24,25]. There are two main methods depending on whether the attribute
characteristics of geographical entities have obvious spatial correlation or not. In the case
of spatial correlation, clustering is carried out based on the spatial autocorrelation, suitable
for researches that location information is dominant. In another case, clustering focuses
on individual differences and correlation analyses of the element’s own attributes. The
Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm is a
representative density-based clustering algorithm [26]. A cluster in DBSCAN is defined as
the largest set of points connected by density, and its shape can be arbitrary. Due to the
density in the noise area is lower than that in any cluster [27,28], the DBSCAN algorithm
can effectively identify noise points in the research data. To identify regional industrial
distributions and spatial structures under the spatial proximity effect, DBCSAN can be used
to mine the spatial characteristics of ground-based objects in aggregation distributions.

To summarize, existing studies on the spatial classification of construction land types
are exploring different approaches, but are still in infancy considering the availability of
the classification results. There are few categories, and the spatial classification standards
for specific use types are not unified. Based on POI data resources and measured data
of the spatial occupation area of various land-use types, combined with inherent social
and economic characteristics, such as residential complexes and commercial complexes,
this study carries out spatial research on land-use types of construction land to provide
support for accurate social and economic risk assessments and other work. This paper is
structured as follows: Section 2 explains the sources of main data and classification methods;
Section 3 presents the classification results and analyzes the accuracy in different ways;
Section 4 discusses objectives and limits of the innovative methods; Section 5 concludes the
significances and applications of this research.



Land 2021, 10, 523 3 of 14

2. Materials and Methods
2.1. Data Source
2.1.1. POI and Classification System

The POI data used in this study are derived from the Baidu Map Services (http:
//lbsyun.baidu.com/ (accessed on 9 May 2021)), which is one of the most popular and
largest web map service providers in China. The original point data total, approximately,
700,000 pieces of original data, including 41 first-level (Level 1) categories, such as shop-
ping areas, medical services and government agencies and several second-level (Level 2)
POI categories, which are organized by industry affiliation (http://lbsyun.baidu.com/
index.php?title=lbscloud/poitags (accessed on 9 May 2021)). According to the Code for
classification of urban and rural land use and planning standards of development land
(GB50137-2011) [29], the POI data are reclassified into 9 Level 1 categories and 8 Level 2
categories. The POI data are classified as Level 2 categories when they cannot be accurately
described using Level 1 categories. The attributes of POI data include longitude, latitude,
name, address, type, administrative region, and other indicators.

2.1.2. Nighttime Light Image

The nighttime light data represent visible light (e.g., city lights, fishing-fleet lights,
fires) captured by remote sensing satellites in cloudless conditions at night. The nighttime
light data are obtained from the NPP/VIIRS (Suomi National Polar-Orbiting Partnership’s
Visible Infrared Imaging Radiometer Suite) data provided by the National Geophysical
Data Center (NGDC) of the United States. The 2018 data are used in this study with a
spatial resolution of 500 m.

2.1.3. Impervious Land Data

Artificial impervious areas are predominant indicators of human settlements, which
are mainly man-made structures that are composed of any material that impedes or pre-
vents natural infiltration of water into the soil [30]. The urban impervious land data are
selected from GAIA data [31], a yearly dynamic raster product with a spatial resolution of
30 m. The data are clipped and merged to obtain spatial range data of the impervious land
in Zhejiang Province in 2018.

2.1.4. Road Network

The Zhejiang road network data are obtained from the Baidu Electronic Map and
include national roads, provincial roads, county roads, township roads, and village roads.

2.1.5. Land-Use Data

The land-use data of non-construction land in Zhejiang Province are selected from the
global land cover data of FROM-GLC [32] with a spatial resolution of 30 m. The raster data
are clipped to obtain the land cover of non-construction land in Zhejiang Province.

2.2. Classification Method

The overall methodological procedures of the research are shown in Figure 1. First, the
original POI system is reclassified according to the Current land use classification (GB/T
21010-2017) [33], and remote sensing images are used to sample tests and estimate the
occupation area of each type of ground objects. Second, the impervious land data are
optimized by nighttime remotely sensed data to obtain the construction land scope of the
study area and the ground areas are served as the basis to get POI grids of the construction
land. Then, DBSCAN spatial clustering is carried out for the POI grids, and the parcels
composed of closed road networks are taken as a unit [34] to calculate the distribution
and proportion of all types of grids in the block. Finally, the land use type of per parcel is
judged by statistical results and classification rules, and a spatial distribution map of urban
construction land use types, including single types and urban complexes, is obtained.

http://lbsyun.baidu.com/
http://lbsyun.baidu.com/
http://lbsyun.baidu.com/index.php?title=lbscloud/poitags
http://lbsyun.baidu.com/index.php?title=lbscloud/poitags
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Figure 1. Methodological procedures of the research.

2.2.1. Measurement of Floor Area by Visual Interpretation

According to the Code for classification of urban and rural land use and planning
standards of development land and in accordance with the principle of universality and
with the consistency of the POI classification [35,36], the original POI is reclassified, and a
new classification system of urban construction land use types based on the reclassified
POI is established. A sampling survey is used to extract approximately 100 samples from
each category of target features under the Level 2 system, and remote sensing images are
used to estimate the ground area. The overall trend of the original data of the sample area
presented a positively skewed distribution, and the logarithmic trend showed a normal
distribution (Figure A1).

The expectation of a normal distribution is taken as the estimated land area of the
corresponding category of ground objects and as the basis and foundation of the POI
spatialization to match the POI location information and land area scale. The corresponding
relationship between the POI reclassification system and the area estimation results is
shown in Table 1.

Table 1. POI classification schemes and estimated ground areas.

Land-Use Type Code POI Type Ground Area 95% Confidence
Interval

Nonconstruction 01 Agricultural, forestry, animal
husbandry and fishery bases - -

Residential 02 Living quarters - -

Industrial 03 Companies, factories, industrial
parks, well-known enterprises 5921 4320–8118

Administrative
and public services 04

41
Government agencies, social
institutions, service-oriented

venues
14,737 9665–22,470

42 General hospitals, emergency
centers 2078 806–5361

43 Schools and research institutes 4112 2485–6802

Commercial and
business facilities

05
51 Convention and exhibition

centers, commercial venues 1860 1388–3494

52
Comprehensive markets,
shopping malls and large

commercial places
816 621–1073

53 Commercial service institutions
such as banks and gas stations 543 423–698
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Table 1. Cont.

Land-Use Type Code POI Type Ground Area 95% Confidence
Interval

Logistics and
warehouse 06 Logistics storage 98 74–130

Street and
transportation 07

71 Wharves, airports, railway
stations and transit ports 3336 2177–5232

72 Parking lots, long-distance bus
stations, subways, etc. 463 366–587

Municipal utilities 08 Emergency shelters 2710 1989–3695
Green space 09 Scenic spots, parks and squares 3183 2013–5034

2.2.2. Assigning the Spatial Attributes of Urban Construction Land

As for any point i, the nuclear density of the POI, which is Pi, is calculated as follows:

Pi =
1

nπR2 ×∑ n
j=1Kj(1−

D2
ij

R2 )

2

(1)

where Kj is the weight of point j, Dij is the Euclidean distance between spatial points i
and j, R is the bandwidth of the calculation rule area (Dij < R), and n is the number of
points j in the calculation area. A 500-m bandwidth is selected according to the existing
research results [37] to obtain the grid result of the kernel density calculation. Due to the
agglomeration and scale effects of cities and towns, the POI density in urban built-up areas
is higher than that in suburban and rural nonconstruction land areas.

The NTL and POI comprehensive index method [38,39] can be used to optimize the
method of directly using nighttime lights and solve the problems of light overflow and
low resolution. Based on the premise that the nighttime light data and POI data have the
same weight, the average value method is selected to integrate the positive correlation
between the two datasets and urban construction land, eliminate the transient noise of the
nighttime light data, and correct the abnormal light value points. The calculation formula
is as follows:

POINTLi =
√

Pi × NTLi (2)

where POINTLi is the NTL and POI composite index, Pi is the kernel density value of point
i, and NTLi is the brightness value of the nighttime light at point i. Finally, by referring to
the characteristics of the study area, the threshold value POINTLi was changed to 13 on
the basis of the NTL and POI composite index method [31,32,34] to extract the initial urban
construction land scope, and the intersecting operation was carried out with the data of the
impervious land area. Then, the final extraction results of construction land are obtained
after verification and modification of the original results.

2.2.3. Density-Based Spatial Clustering of Applications with Noise

Because some categories are not suitable for clustering, like street and transportation,
a cluster feasibility determination is performed for all land-use types except residential
land to identify clustering targets. All land-use types with aggregation and distribution
characteristics are selected and shown in Table 2, including the following 7 types: type 03
industrial areas, type 41 government agencies, social institutions, service-oriented venues,
type 43 schools and scientific research institutions, type 51 convention and exhibition
centers, commercial venues, type 52 comprehensive markets, shopping malls, and other
large entertainment and leisure places, type 53 commercial service institutions such as
banks and gas stations, type 06 logistics storage facilities and warehouses. The points of
these categories are abundant in quantity and relatively dense in distribution, showing the
characteristics of aggregation distribution.
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Table 2. Clustering parameters.

Code POI Type Cluster Eps MinPts

03 Companies, factories, industrial parks,
well-known enterprises

√
3 5

04
41 Government agencies, social institutions,

service-oriented venues
√

4 6

42 General hospital, emergency center - -
43 Schools and research institutes

√
4 3

05
51 Convention and exhibition centers,

commercial venues
√

3 5

52 Comprehensive market, shopping mall
and other large commercial places

√
4 10

53 Commercial service institutions such as
Banks and gas stations

√
4 4

06 logistics storage
√

20 3

07
71 Wharves, airports, railway stations and

transit ports × - -

72 Parking lots, long-distance bus stations,
subways, etc. × - -

08 Emergency shelter × - -
09 Scenic spots, parks and squares × - -

Density-based spatial clustering of applications with noise (DBSCAN) is based on the
concepts of reachable density and connected density. The core idea of DBSCAN is that
the number of adjacent grids in a given radius neighborhood (Eps) is greater than a given
threshold (MinPts). The neighborhood shape is determined by the raster distance, dist(m,n),
between two rasters, m and n. Eps and MinPts are regarded as key parameters in the
clustering method, and these parameter values directly affect the quality of the clustering
results. Referring to the improved, adaptive, fast AF-DBSCAN clustering algorithm put
forward by Zhou Zhiping [40], 50*50 quadrangle areas are selected to fit the K-nearest
neighbor (KNN) distance distribution curve by polynomial fitting, and the curve inflection
point is solved to obtain the optimal value of Eps. According to the statistical distribution
characteristics of the data, the mathematical expectation of the number of Eps objects in
each grid is calculated to obtain MinPts as follows:

MinPts =
1
n

n

∑
i=1

Pi (3)

where n is the number of grids in the region and Pi is the number of points in point i’s
Eps neighborhood. The land-use type, clustering basis and parameter setting used in this
calculation are shown in Table 2.

As the regions composed of clusters are not closed, many small patches are generated
in the same region by clustering, on the basis of identifying the boundary patches and
internal patches in the study region, a buffer algorithm is used to establish a buffer zone
for patches inside the same region, and the patches are resampled to a uniform 30-m grid
to obtain a complete clustering region efficiently and quickly. The buffer distance is shown
in Equation (4).

Li = Di ×
Epsi
60

(4)

In the formula, Li is the buffer distance in the raster data of the area of land-use
type i and Di and Epsi are the actual raster resolution and Eps parameter values of type i,
respectively.

2.2.4. Classification Method Based on Parcel Unit

Considering a 30-m grid is inappreciable for the whole settlements, parcel is chosen
as the elementary unit to the classification of urban construction land. After extending
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disconnected roads using tools provided by ArcGIS which is a map processing software,
the vector surface of the road network is obtained by setting buffer zones for different
levels of roads by referring to the Highway Route Design Specification (JTG D20-2017) [41].
Then, parcels within the range are identified by the road network closing rules.

Due to the low accuracy of the direct spatialization of type 02 residential land’s POI,
the exclusive method is adopted to divide the no-data land (without grids of type 03–09)
into type 02 residential land grids and type 09 green space grids. The target parcel of the
no-data land can be divided into the 02 residential land type if there are POI residential
land data in it; otherwise, the parcel can be divided into the 09 green space type. The POI
proportion parameter CR is constructed to represent the proportion of the number of grids
of each type in the target parcel to the total number of grids. The detailed classification rules
are shown in Figure 2, wherein CR1, CR2, and CR3 represent the categories corresponding
to the first, second and third CR ranking from large to small, respectively, and FC is the
final category of the block determination.
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The concept of urban complexes is introduced to describe the mixed land use type.
Urban complexes are an organic combination of a variety of urban functions based on build-
ing groups, including functional aggregation, land use intensification and urban economic
aggregation [42]. Urban complexes are introduced into land-use classification systems to
more accurately describe the land-use type characteristics of mixed land-use areas [43].
A residential complex refers to a single building or building group that is dominated by
residential functions and is composed of spaces with different functions, including several
complex functions such as commercial, public services, and transportation functions. In
this classification system, residential complexes represent a mixed type, composed of
residential buildings, which are the main land type, commercial, and business facilities,
administrative public service facilities, and roads, streets, and transportation facilities.

Commercial complexes are multiuse modern urban commercial facilities dominated by
commercial functions that are gradually moving towards a comprehensive form integrated
with various public functions, such as transportation, culture, community service, and
business offices. Commercial complexes are characterized by complex functions, intensive
scales and integrated operations [44] and are the product of the mixing of functions and
spaces. Commercial complexes correspond to more mature mixed land-use types that are
dominated by commercial and business facilities supplemented by administrative and
public service facilities, residential buildings, logistics storage facilities and warehouses
and replenished by industrial facilities.

3. Classification Accuracy and Results
3.1. Verification of Classification Accuracy

To verify the accuracy of the spatial classification results of urban construction land-
use types, a general verification based on the obtained confusion matrix and a spatial
distribution verification comparing with remote sensing images are carried out. Taking
30-m grids of each land-use type as the basic units, a confusion matrix is constructed by
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counting the total number of matching grids and nonmatching grids of each land-use
type. Since there is no one-to-one correspondence between residential or green space areas
and their POIs, the matrix calculation was not involved. The analysis results show that
the overall accuracy of the classification is 76.86%, and the user’s accuracy values of the
various categories are shown in Table 3. In the confusion matrix, the rows are the map
categories and the columns are the reference categories.

Table 3. Confusion matrix for Level I classification.

Code 03 04 05 06 07 08 Total UA (%)

03 330237 13088 23856 5790 290 643 373904 88.32
04 16006 148311 51560 3599 118 351 219945 67.43
05 20152 31226 141245 2692 253 90 195658 72.19
06 13689 5902 14507 57379 57 35 91569 62.66
07 7 21 23 7 282 3 343 82.22
08 180 82 92 1 76 1356 1787 75.88

ACC 1 (%) 76.86
1 ACC represents the overall accuracy and UA represents user’s accuracy.

Comparing against the China Statistical Yearbook of 2018, released by China’s Na-
tional Bureau of Statistics and including statistical data about various land-use types, the
differences between the obtained percentages of land-use types and the percentages of
yearbook-based land-use types are calculated as obtained percentage minus yearbook
percentage for each land-use type for each region. Figure A2 is a boxplot of the differ-
ences. For the percentage differences, the mean absolute deviation is 4.13 percentage
points. Two typical regions of Jianggan District in Hangzhou are selected to show detailed
classification results as examples. The classification result map is compared with remote
sensing images with road networks (supported by the Baidu Electronic Map), and the
analysis shows that the classification result is basically accurate and matches the actual
ground-based object distributions (Figure 3). Jianggan District, Hangzhou has good urban
function agglomeration; industrial land is distributed along the river, including the Pana-
sonic Hangzhou Industrial Park, Foxconn Qiantang Science and Technology Industrial
Park, Beifang Industrial Park, etc. In the northern higher-education zone, there are many
universities and research institutes which present spatial agglomeration characteristics;
residential buildings and residential complexes are distributed continuously, including the
Longhu-Yanlanshan Community, Xinyuan-Jinshacheng Community, and Xiasha Mingdu
Community, and are interspersed with public service land and commercial service land to
ensure the perfection of the residential functions. Figure 3 shows the comparison of the
classification results.
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3.2. Results of the Construction Land Classification

Using the classification model, the urban construction land in Zhejiang Province is
extracted and divided into 10 types: residential, industrial, administrative and public
service, commercial and business facilities, logistics and warehouse, streets and transporta-
tion facilities, municipal utilities, green spaces, residential complexes, and commercial
complexes. Classification maps of the central regions of 11 cities in Zhejiang Province are
shown in Figure 4.

By the end of 2017, the Department of Natural Resources of Zhejiang Province an-
nounced that the construction land area was 13,116.67 square kilometers. Within our study,
we calculated that the construction land area of the whole province is 12,714.19 square
kilometers, which fits within the official data; the road area is 1339.93 square kilometers
and is divided into 101,400 blocks. Based on the spatial classification results obtained in
this paper, data regarding the land area proportion of each land-use type in 11 cities in
Zhejiang Province are statistically obtained (Table 4).
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Table 4. Statistics on the proportion of classified area in the city (%).

City

Type
02 03 04 05 06 07 08 09

Res Ind PA CF LW ST MF GS
Hangzhou 27.05 31.98 5.29 7.14 3.15 10.09 0.47 14.80

Huzhou 26.83 31.39 6.49 7.65 0.27 8.21 0.74 18.09
Jiaxing 28.33 35.01 6.29 6.23 0.60 8.25 0.63 14.67
Jinhua 25.57 27.69 8.89 11.69 2.08 12.48 0.26 11.34
Lishui 20.69 32.36 12.82 9.91 0.17 10.64 1.18 12.23

Ningbo 22.94 36.21 7.10 6.30 1.71 10.76 0.21 14.76
Quzhou 25.30 33.51 11.21 7.62 1.30 0.45 0.66 19.97
Shaoxing 23.40 36.51 6.81 7.16 0.49 10.42 0.56 14.65
Taizhou 27.81 29.90 13.43 9.38 0.89 11.08 0.23 7.27

Wenzhou 22.01 27.52 15.11 8.57 0.16 10.90 0.43 15.29
Zhoushan 37.97 24.40 7.93 4.56 0.92 11.01 0.10 13.10

4. Discussion

The POI data, a popular kind of social media data, is convenient both in generation
and application. One of the main reasons why the applications of POI are limited is that
there are no attributes about spatial scale. To solve the key problem, this research puts
forward the concept of POI spatialization. The POI samples are obtained randomly by
categories, a relatively accurate ground area is determined by the distribution of area
values. Then, the POI is converted to an object with spatial scale in the form of raster. Due
to various categories and individual differences, 100 samples from each category cannot
fully reflect the overall trend, though can basically ensure the needs of the research. There
is no doubt that the spatialization method is cost-effective, especially when compared
with acquiring building footprint data. Additionally, the research can be improved in the
directions of adding sample categories, increasing the amount of samples and improving
probability distribution.

Urban complexes refer to the urban buildings with convergent and intensive functions.
More and more complexes derived from the urban complexes appear in the modern
economic system. In the process of determining the categories of construction land regions,
there is a widely occurring question that too many kinds of buildings are clustered and
multiple functions are interrelated in a region. With the traditional land use regulations,
such regions can hardly be grouped into a single category. So we introduce the types of
commercial complexes and residential complexes, which helps many parcels have a more
suitable mixed-use category. The design and evaluation of the urban complexes should be
included in future urban plannings and classification studies.

5. Conclusions

Based on POI spatial location and occupation area data, this research adopts raster
spatial clustering, block constraints, and other methods to identify and divide urban
construction land use types. On the basis of retaining the diversity and richness of parcel
information to the greatest extent, this research introduces inherent socioeconomic spatial
characteristics of residential complexes and commercial complexes to optimize the mixed
use land classification system of urban construction land. The results of research show
the following:

The POI dataset have accurate location information and rich usage type information.
After cleaning, its data quality, data size, and excellent coupling ability with other data
ensure its extremely high availability. Spatialization based on the statistics of the ground
area helps the POI data better reflect the industrial distribution and urban layout.

The spatial classification method of construction land using spatial clustering and
block constraints can ensure the natural constraints of the classification unit and fully ex-
ploit the spatial characteristics of the data. It is an effective method with strong applicability,
accuracy and efficiency, and portability. The accuracy of the overall obfuscation matrix is
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76.86%, which is greatly improved compared with that of the EULUC, and the calculated
proportions do not deviate substantially from official statistics of all land-use types.

The spatial distribution of construction land-use types complements and improves
overall urban planning and social and economic statistics, and the high-precision classifica-
tion results can be used to better analyze the land-use structure. Residential complexes and
commercial complexes are densely distributed in the central city regions, while industrial
land is mostly distributed in the periphery of the cities, showing obvious marginal clus-
tering, which can promote further research. Furthermore, rationality of functional zones
should be paid more attention in the urban management because inappropriate plans can
lead to heavy traffic, poor environmental conditions, and lack of emergency response.
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