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Identifying China’s polycentric cities and evaluating the urban centre 
development level using Luojia-1A night-time light data
Zhiwei Yanga, Yingbiao Chena, Zihao Zhengb and Zhifeng Wua

aSchool of Geography and Remote Sensing, Guangzhou University, Guangzhou, China; bDepartment of Land, Environment, Agriculture and 
Forestry, University of Padova, Padova, Italy

ABSTRACT
Studying the structure of polycentric cities can promote a better understanding of urban devel
opment and contribute to urban planning. In this study, we identified polycentric cities in China 
and evaluated the urban centre development level of polycentric cities from new data and 
method. We used Luojia-1A night-time light (NTL) data, combined with the concept of natural 
cities (NCs), to identify urban centres and thus identify polycentric cities in China. In addition, we 
used the urban centre development index (UCDI) to quantify the urban centre development level 
(UCDL) that represents the overall urban centre development level within a polycentric city. The 
polycentric cities in China are characterized by the spatial distribution pattern of a larger number in 
the east and fewer in the west. There are a large number of polycentric cities in eastern China, and 
the closer to the coastal areas, the more polycentric cities there are. The distribution of UCDL in 
China’s polycentric cities is characterized by significant spatial heterogeneity. UCDLs are generally 
smaller in polycentric cities in western China. In addition, polycentric cities in northeastern China 
have smaller UCDL. Polycentric cities with high UCDL are concentrated in the central and coastal 
regions of China.
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1. Introduction

With the development of the economy and urbaniza
tion, the urban resident population and human activities 
have increased and the urban spatial structure has chan
ged significantly, leading to the emergence of more 
polycentric cities (cities with multiple urban centres) (Li 
and Li 2019; Meijers 2005). The urban centre is a key 
element of both the urban structure and polycentric city 
and is defined as the continuous area with a larger 
population or higher economic development level than 
the surrounding area. Therefore, urban centre planning 
is of great interest to urban planners and policy-makers. 
For example, in recent decades, the urban spatial struc
ture of major cities in China, such as Beijing and 
Shanghai, has exhibited a multicenter characteristic. At 
the same time, the urban planning of each city clearly 
indicates the development plan for building multiple 
urban centres (Cai, Huang, and Song 2017; Taubenböck 
et al. 2017).

The identification of urban centres and study of poly
centric cities have also aroused great interest from many 
scholars. Previous studies on urban centre identification 
relied heavily on statistical data, such as census data and 
economic statistics. For example, a previous study 

identified the region with the highest employment den
sity as the urban centre (McMillen 2003, 2001). A nega
tive exponential model based on the employment 
density is applied to the identification of urban centres 
in Chicago (McDonald and Prather 1994). Fine-grained 
population data are used to analyse the polycentric 
urban development of 22 city regions in China at multi
ple scales (Liu, Derudder, and Wang 2018). Although 
these methods have made great contributions to the 
study of urban centres, there are still several minor 
problems that need to be solved. For example, statistical 
data are usually collected by administrative divisions, 
which necessarily limits the shape and range of the 
final identified urban centre to administrative bound
aries, but real urban centres are mostly irregular 
polygons.

To solve these problems, scholars have used night- 
time light (NTL) data instead of statistical data to study 
the urban structure. NTL data record the NTL intensity on 
the surface of the Earth, and NTL values can reflect 
socioeconomic activities and urban development (Li 
and Zhou 2018; Pok, Matsushita, and Fukushima 2017; 
Stathakis and Baltas 2018). Specifically, NTL data can be 
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used to measure the urban GDP, electricity consump
tion, carbon dioxide emissions and other indicators as 
well as to identify urban areas (Benz, Bayer, and Blum 
2017; Garratt, Jenkins, and Davies 2019; Nieves et al. 
2020; Wu, Zhao, and Jiang 2018). Two NTL data sets 
released by the National Oceanic and Atmospheric 
Administration’s National Geophysical Data Center of 
the United States (NOAA/NGDC) have been widely 
used for research, including the NTL data set released 
earlier obtained by the Defence Meteorological Satellite 
Program–Operational Linescan System (DMSP-OLS) and 
another NTL data set released in 2013 acquired from the 
day/night band of the new sensor called the Visible 
Infrared Imaging Radiometer Suite (VIIRS) mounted on 
the National Polar-orbiting Partnership (NPP) satellite. 
Although existing studies have made great contribu
tions to the study of the urban structure and the identi
fication of urban centres based on the use of NTL data, 
there are still two issues that should be solved. First, the 
spatial resolution of the NTL data used in the existing 
research is still low, and the emerging NTL data with 
a higher resolution could be used instead. Second, the 
existing research using NTL data can only identify urban 
centres and investigate the spatial distribution of the 
urban structure but cannot compare the development 
level of the urban centres in different polycentric cities.

To reduce the errors caused by the coarse spatial 
resolution of DMSP-OLS and NPP-VIIRS NTL data, 
Luojia-1A NTL data were used in this study. Luojia-1A 
NTL data are emerging NTL data, which were developed 
by the State Key Laboratory of Information Engineering 
in Surveying, Mapping and Remote Sensing (China) in 
2015 and released in June 2018 (Ou et al. 2019). 
Compared with DMSP-OLS and NPP-VIIRS NTL data, 
Luojia-1A NTL data have a much higher spatial resolu
tion (130 m) and a better temporal resolution (global 
NTL images can be obtained within 15 days under ideal 
conditions) (Wang et al. 2020). Therefore, spatial NTL 
information at a finer scale can be derived from Luojia- 
1A NTL data. In addition, the concept of the natural city 
(NC) was introduced in this study to quantitatively 
describe urban centres. The NC concept is a bottom-up 
approach to geographic event research and involves 
geographic events clustered in space that provide a 
new perspective for the analysis of geospatial data and 
help to better understand the form and process of geo
graphic events (Long 2016). In addition, fractal geometry 
is the basis of an NC, which is a mathematical set with a 
complex structure reflected at various scales. Compared 
with the traditional Euclidean geometry, which is related 
to regular shapes (e.g. circle and rectangle), the fractal 
geometry mainly concerns irregular shapes (e.g. snow
flake) (Wentz 2003). Furthermore, the fractal geometry 

pays more attention to the whole, and the Euclidean 
geometry only focuses on pieces (Batty 2008). To iden
tify polycentric cities and evaluate the urban centre 
development level, we conducted this study, which 
aims to (1) identify polycentric cities in China; and (2) 
evaluate the urban centre development level of poly
centric cities.

2. Study area and data

2.1. Study areas

China has a land area of approximately 9.6 million km2 

and 331 cities (missing data in Taiwan). The spatial dis
tribution of cities in China is extremely uneven, and the 
area difference between cities is significant. Specifically, 
most of the cities are concentrated in the eastern part of 
China, and the size of these cities is small, while Western 
China has a small number of cities, but these cities are 
very large. Moreover, based on administrative system of 
China, there are five levels among these 331 cities: spe
cial administrative region (2 cities), municipality directly 
under the central government (4 cities), vice-provincial 
city (15 cities), other provincial capital city (17 cities), and 
prefecture-level city (293 cities).

2.2. Data

Luojia-1A NTL data (http://datasearch.hbeos.org. 
cn:3000/) was used in this study. Note that the pixel 
values of the original Luojia-1A images need to be cali
brated. L ¼ DN3=2 � 10� 10 is the conversion equation 
of the pixel value (suggested by the data provider), 
where L is the NTL value of the pixel, and DN is the 
original pixel value. The pixel size of a converted Luojia- 
1A NTL image is 130 m, and the unit of Luojia-1A NTL 
value is W= m2 � sr � μmð Þ. In addition, since this study 
requires calculating the NTL pixel area, the Luojia-1A 
NTL data were converted into the Albers Equal Area 
Conic projection.

The edge length of each Luojia-1A NTL image is 250 
km. Therefore, for cities with narrow swath or large area, 
it is necessary to use multiple Luojia-1A NTL images to 
cover these cities. When collecting Luojia-1A NTL images 
that cover a certain city in this study, the first step is to 
ensure a high image quality, and the second step is to 
ensure that these images are obtained in the same 
month or consecutive months. Nevertheless, certain 
cities are still not fully covered by existing Luojia-1A 
NTL images. Fortunately, only some of the large cities 
in Western China have gaps that cannot be covered by 
the existing images, and these gaps are mostly on the 
urban fringe. Moreover, most of these cities are sparsely 
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populated areas, making it difficult to have a polycentric 
urban structure. In addition, the Luojia-1A NTL images 
(366 in total) of all 331 cities collected in this study were 
obtained from July 2018 to March 2019.

3. Methodology

3.1. Deriving natural cities

In this research, we used the NC concept and the active 
area of the city as a basis for the identification of the 
urban centre (Cai, Huang, and Song 2017). Referring to 
previous studies, we found that a segmentation method 
is the basis of deriving NCs (Jiang and Liu 2012). This 
method is closely related to the mean value of the data 
set and is based on the head/tail division rule. The head/ 
tail division rule is used in variables that follow the 
heavy-tailed distribution representing the statistical dis
tribution of the right deviation (e.g. the power law and 
exponential distributions) (Jiang and Miao 2015). More 
specifically, for a variable X that follows the heavy-tailed 
distribution, its mean value can divide all X values into 
two parts. The first part of the X values is greater than the 
mean value but at a low percentage, and this part is 
called the head. The other part is called the tail, which 
has a high percentage, but the values are less than the 
mean value. In other words, the number of small values 
is much larger than that of large values.

Many heavy-tailed distributions have been found 
in previous studies, such as the density of street 
nodes, the density of social media location data, 
and the area of street blocks (Jiang 2015). For exam
ple, in a previous study, we found that the density of 
POIs also follows the heavy-tailed distribution, which 
can be used to derive NCs, and the NCs derived from 

POIs are used to study urban expansion (Yang et al. 
2019). In addition, previous studies have confirmed 
that the pixel values of NTL images are also subject 
to the heavy-tailed distribution (the number of low- 
value NTL pixels is significantly larger than that of 
high-value NTL pixels), although the NTL images used 
are DMSP-OLS and NPP-VIIRS NTL images (Jiang and 
Yin 2014). Through empirical research, we found that 
the pixel values of Luojia-1A NTL images also follow 
the heavy-tailed distribution, which further confirms 
the heavy-tailed distribution characteristics of the 
pixel values of NTL images. This further confirms 
that the pixel values of NTL images are characteristic 
of heavy-tailed distributions.

There are 4 steps in the derivation of NCs from 
Luojia-1A NTL images (Figure 1): 1) calculate the 
mean value of the pixels of the NTL image and divide 
all pixels into two parts based on the head/tail division 
rule; 2) select the part of the pixels that belongs to the 
head (the pixel value is greater than the mean value); 
3) transform the selected pixels (raster data) into vec
tor data and aggregate the pixels into polygons; and 
4) calculate the area of all polygons and remove any 
small polygons (smaller than 1 km2), and the remain
ing polygons are NCs. However, it must be acknowl
edged that in the process of deriving NCs, some low- 
value pixels are surrounded by high-value pixels, 
which causes small gaps to appear inside some NCs. 
Fortunately, the area of these gaps is much smaller 
compared to the whole are of NCs. Therefore, these 
gaps are filled to make NCs become spatial entities, 
which does not affect the identification of NCs but can 
improve the quantitative analysis in this study.

Figure 1. The procedures of deriving the NCs from NTL image.
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3.2. Identifying urban centres

Among the identified natural cities, some of them 
should not be considered as urban centres. Therefore, 
we used three indexes to select urban centres from NCs. 
The first index is the area Að Þ, the second index is the 
standard deviation (SD), and the third index is the elon
gation (EL). The attributes of an NC, which can be called 
an urban centre, must meet the evaluation criteria of 
these three indexes. The definitions of these three 
indexes are detailed in Table 1.

The area Að Þ is the size of an NC. N is the number of 
pixels in an NC and PA is the size of a pixel. The area of 
each NC derived from NTL data is larger than 1km2, but 
the area of the urban centre is much larger. Therefore, it is 
necessary to select a minimum urban centre area to distin
guish between urban and nonurban centres. Referring to 
previous studies (Cai, Huang, and Song 2017), we refer to 
NCs with an area larger than 10km2 as urban centres. 
However, it must be admitted that there are cities in 
China that are either large or small, but whose population 
and economic activities are insignificant. NCs in these cities 
are small (smaller than 10km2) and do not meet the eva
luation criterion for the size of urban centre. Therefore, we 
lowered the evaluation criterion for the urban centre size in 
a few cities (6 out of 331) to ensure that each city has at 
least one urban centre.

The standard deviation (SD) is the standard deviation 
of the values for all NTL pixels in an NC, where xi is the 
value of the ith NTL pixel and �x represents the average 
value of all NTL pixels in the NC. SD is an index that 
measures the degree of dispersion of the data set. A larger 
SD represents a large difference between most of the 

values in the data set and its mean, while a smaller SD 
inidcates that these values are closer to the average value. 
Some NCs (e.g. airports and ports), which consist of high- 
value NTL pixels, have a large area, but these NCs cannot 
be considered urban centres. Through empirical research, 
we found that the values of the NTL pixels in airports or 
ports are not significantly different, but the values of the 
different NTL pixels in urban centres are different due to 
the difference in human activities. Therefore, more accu
rate urban centres can be identified by calculating SD (an 
NC with SD close to 0 is considered a nonurban centre).

The elongation (EL) represents the spatial distribution 
of the NC in different directions. LLA and SLA represent 
the lengths of the major and minor axes, respectively, of 
the minimum bounding rectangle of the NC. In the 
process of deriving NCs, we found that some NTL pixels 
with high values (location in the same area as a narrow 
road) can form an NC. Therefore, in identifying urban 
centres, we need to eliminate those NCs that represent 
narrow roads. The minimum bounding rectangle of an 
NC can help us distinguish whether an NC is long and 
narrow. In general, if EL of an NC is equal to or greater 
than 5, then the NC is not an urban centre.

3.3. Urban centre development index

Urban centre development level (UCDL) is the overall 
urban centre development level within a polycentric 
city. To quantify the UCDL within a polycentric city, the 
urban centre development index (UCDI) was proposed. 
A characteristic of NTL data (more significant differences 
in NTL pixel values within regions indicate higher levels 
of development) is the basis for calculating UCDI within 
polycentric cities (Yang et al. 2021).

In the NTL images of urban centres, the phenomenon 
of high-value and low-value pixel aggregation is 
observed. That is, the urban centre can be divided into 
many blocks with similar NTL pixel values. In addition, in 
the process of analysing the difference in NTL pixel 
value, we found that the NTL pixel values in urban 
centres also follow the heavy-tailed distribution. 
Therefore, we adopted a similar operation as the proce
dure of deriving NCs from NTL images, dividing the NTL 
pixels into two parts (the head and the tail) based on the 
head/tail division rule. Moreover, if the NTL pixel values 
still follow the heavy-tailed distribution, then the NTL 
pixels are divided again based on the head/tail division 
rule until the NTL pixel values no longer follow the 
heavy-tailed distribution. For the urban centres in differ
ent polycentric cities, the number of times the NTL pixels 
are divided based on the head/tail division rule are 
different. As a numerical value, the number of division 
times enables the quantitative comparison of the devel
opment of the overall urban centre across different poly
centric cities. Therefore, in this study, the UCDI of a 
polycentric city is represented by the number of times 
the NTL pixels are divided.

In conclusion, in this study, calculating the UCDI of a 
polycentric city is a process of continuously dividing NTL 
pixels based on the head/tail division rule. The number 
of division times Dð Þ represents the UCDI of a polycentric 
city. In other words, if the number of times that the NTL 
pixels in a polycentric city can be divided is n D ¼ nð Þ, 
then the UCDI of this area is n UCDI ¼ nð Þ. Moreover, it 

Table 1. Definitions of indexes for identifying urban centres.

Index Definition
Urban 
Center

Non-Urban 
Center

Area Að Þ A ¼ N� PA � 10 km2 < 10 km2

Standard Deviation 
(SD) SD ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
N

PN

i¼1
xi � �xð Þ

2

s
� 0 � 0

Elongation (EL) EL ¼ LLA=SLA < 5 � 5
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should be noted that the urban centre is the result of the 
first division of NTL pixels D ¼ 1ð Þ, so when the NTL 
pixels in urban centres cannot be divided, the UCDI of 
this polycentric city is 1 UCDI ¼ 1ð Þ.

In fact, calculating the UCDI of a polycentric city is an 
iterative process, and the threshold (the proportion of 
NTL pixels divided into the head) determines the num
ber of iterations. For a polycentric city, when the thresh
old is larger, more iterations are computed and the UCDI 
obtained is larger. In this study, referring to previous 
studies, we chose 30% as the threshold for calculating 
the UCDI of polycentric cities. In other words, if the 
number of NTL pixels that are divided into the head is 
larger than 30% of the total number of NTL pixels, these 
NTL pixel values are considered not to follow the heavy- 
tailed distribution and cannot be further divided based 
on the head/tail division rule.

4. Results

4.1. Identification of polycentric cities in China

The urban centres of the 331 cities in China were 
identified from Luojia-1A NTL data, as shown in 
Figure 2. The distribution of urban centres in eastern 
China is significantly dense, while in the larger 

western regions of China, the number of urban cen
tres is small and the distribution is very sparse. In 
addition, there is no significant positive correlation 
between the number or area of urban centres and 
the area of a city. For example, some large cities in 
Western China have only one urban centre, and the 
area of the urban centre is smaller than 1% of the 
total urban area. However, in some smaller cities in 
eastern China, the number of urban centres exceeds 
10, and the total area of the urban centres is even 
larger than 20% of the whole city.

The number of urban centres in each city was calcu
lated to determine the polycentric cities in China (i.e. cities 
with more than 2 urban centres), as shown in Figure 3. 
Most of the 331 cities in China are polycentric cities, while 
only 54 cities have only one urban centre. Among all 
polycentric cities, there are 76 cities with 2 or 3 urban 
centres, 64 cities with 4 or 5 urban centres, 96 cities with 6 
to 9 urban centres, and 41 cities with more than 9 urban 
centres. The polycentric cities in China are characterized 
by the spatial distribution pattern of a larger number in 
the east and fewer in the west. There are a large number 
of polycentric cities in eastern China, and the closer to the 
coastal areas, the more polycentric cities there are. In 
addition, the number of polycentric cities with more 
than 5 urban centres is mostly concentrated in eastern 

Figure 2. Distribution of urban centres in 331 cities in China. Missing data in Taiwan.
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China. There are some large cities in western China, some 
of which are non-polycentric cities, while some are poly
centric cities, but the number of urban centres is small.

4.2. Urban centre development level of polycentric 
cities

UCDL is the overall urban centre development level within 
a polycentric city. The UCDI can be used to quantitatively 
analyse the UCDL in polycentric cities. According to the 
UCL calculation method mentioned above, based on the 
head/tail division rule, the NTL pixels in the urban centre of 
a city can be continuously divided, and then the UCDL of a 
polycentric city can be calculated. In other words, the 
number of times the NTL pixels can be divided is the 
UCDL of the city (when the NTL pixel values no longer 
follow the heavy-tailed distribution, the pixels can no 
longer be divided). The UCDL of 331 cities in China is 
calculated in this study (Figure 4).

The distribution of UCDL in China’s polycentric cities is 
characterized by significant spatial heterogeneity. For a 
city with only one urban centre, its USDL is undoubtedly 
only 1. UCDLs are generally smaller in polycentric cities in 
western China. Polycentric cities in northeastern China 
have smaller UCDL. Polycentric cities with high UCDL are 

concentrated in the central and coastal regions of China. 
The number of NTL pixels divided into the head in all cities 
(the NTL values follow the heavy-tailed distribution) is 
smaller than 30% of the total number of NTL pixels and 
larger than 20% of the total number of NTL pixels. 
Therefore, whether the number of NTL pixels divided 
into the head reaches 30% of the total number of NTL 
pixels is reasonable as the basis for judging whether the 
NTL pixel values follow the heavy-tailed distribution.

5. Discussion

5.1. Delineation accuracy

In this study, the accuracy of urban centre identification 
from the Luojia-1A NTL data was measured by using POI 
data. Determining the accurate spatial distribution of the 
urban centres of a city and generating accurate urban 
centre maps is difficult. However, POI data can well 
represent a large area of human activities. POI data are 
not only open data (obtained and used freely by the 
public) but also geographical data. POI data have a 
unique geospatial location (coordinate point informa
tion) that represents the location of a series of informa
tion types, including land use categories and 

Figure 3. Distribution of polycentric cities in China. Missing data in Taiwan.
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socioeconomic and other geographic features, which 
can link the information and human activity ranges and 
help to identify the range of different urban functional 
areas. Therefore, the coverage of the POI data can be 
applied to compare the results of urban centre identifi
cation from NTL data, and this method has also been 
used in previous studies (Cai, Huang, and Song 2017). In 
other words, the high consistency between the coverage 
of urban centres and that of POI data implies that the 
accuracy of urban centre identification from Luojia-1A 
NTL data is high.

Since Beijing is a typical polycentric city, we chose 
the urban centre of Beijing for validation. The num
ber of POIs in Beijing is 539,086, obtained from the 
largest electronic map website of China (www.baidu. 
com). These POIs are connected by coordinate infor
mation to a gridded map with a resolution of 130 m 
(the same as that of the Luojia-1A NTL images). 
Then, the coverage of the POI data in Beijing is 
drawn by extracting a grid containing one or more 
POIs, as shown in Figure 5. In addition, the process 
of identifying the coverage of POI data is similar to 
the process of identifying urban centres from Luojia- 
1A NTL data (if an area is smaller than 10 km2, it is 
eliminated).

Kappa coefficients calculated based on the confusion 
matrix were used to assess the consistency between the 
coverage of urban centres and the coverage of POI data. 
We selected a sample of 10,000 (5,000 within urban 
centres and 5,000 in other areas) to calculate the 
Kappa coefficients. The coverage of urban centres in 
Beijing is highly consistent with the coverage of POI 
data, which has a Kappa coefficient of over 0.9 (0.9226). 
Therefore, the high consistency between the coverage 
of urban centres and that of POI data implies that the 
accuracy of urban centre identification from Luojia-1A 
NTL data is high.

5.2. Hot spot analysis

We found differences in the distribution of the number 
of urban centres and the distribution of UCDL. Therefore, 
we used hot spot analysis to understand the differences 
in the distribution of the number of urban centres and 
the distribution of UCDL. Hot spot analysis is used to 
identify spatial clusters with statistically significant high 
values (hot spots) and low values (cold spots). For exam
ple, for the distribution of UCDL, high and low UCDL 
clusters formed in space will be identified separately. We 

Figure 4. Distribution of UCDL in polycentric cities in China. Missing data in Taiwan.
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used hot spot analysis to identify high and low value 
clusters for the number of urban centres and UCDL, 
respectively (Figures 6 and 7).

The clusters with high values of the number of urban 
centres are concentrated in the coastal areas and the 
central regions of China. The clusters with low values of 
the number of urban centres are mainly in the western 

part of China. Small clusters of low UCDLs also occur in 
the south of China (e.g. Hainan). High UCDL clusters are 
also concentrated in the coastal areas of China as well as 
in the central regions of China. Low UCDL clusters are 
mainly concentrated in the western part of China. 
Smaller concentrations of low UCDL also occur in south
ern (e.g. Hainan) and northeastern provinces of China.

Figure 5. Urban centres of Beijing identified from Luojia-1A NTL data (a) and the coverage of POI data in Beijing (b).

Figure 6. Hot spot analysis of the number of urban centres in polycentric cities. Missing data in Taiwan.
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The spatial distribution of clusters with high and low 
values of the number of urban centres is similar to that 
of clusters with high and low values of UCDL. However, 
compared to the clusters with high values of the number 
of urban centres, the clusters of high UCDLs cover a 
larger area spatially. For example, the extent of the 
clusters of high UCDLs formed in the central region of 
China is greater than that of the clusters with high values 
of the number of urban centres. Compared to the clus
ters with low values of the number of urban centres, the 
clusters of low UCDLs cover a smaller area in space. For 
example, the extent of the clusters of high UCDLs 
formed in the southern region of China is smaller than 
that of the clusters with high values of the number of 
urban centres.

5.3. Recommendations for future studies

In this study, we identified China’s polycentric cities and 
evaluated the urban centre development level. In addi
tion, we used hot spot analysis to understand the differ
ences in the distribution of the number of urban centres 
and the distribution of UCDL. The spatial distribution of 
clusters with high and low values of the number of 
urban centres is similar to that of clusters with high 

and low values of UCDL. However, we have not quanti
fied the relationship between the number of urban cen
tres and UCDL. Therefore, we will explore whether there 
is a relationship between the number of urban centres 
and UCDL in future study.

In the process of identifying polycentric cities, we 
found an interesting phenomenon. Some developing 
cities (e.g. cities in northern and western China) have 
more urban centres than developed cities (e.g. cities on 
the eastern coast of China). This phenomenon indicates 
that the number of urban centres in a city cannot reflect 
the level of urban development. For example, as a city 
grows, multiple urban centres expand and merge into 
one large urban centre. The number of urban centres in 
this city has decreased, but the level of urban develop
ment has increased. In addition, in future research, we 
will carry out a long time series of identification of poly
centric cities and evaluation of their urban centres in 
order to understand the process of urban development.

6. Conclusions

The spatial resolution of the NTL data used in the 
existing research is still low. Moreover, the existing 
research using NTL data can only identify urban 

Figure 7. Hot spot analysis of the UCDL in polycentric cities. Missing data in Taiwan.
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centres and investigate the spatial distribution of the 
urban structure but cannot compare the develop
ment level of the urban centres in different poly
centric cities. In this study, we identified polycentric 
cities in China and evaluated the urban centre devel
opment level of polycentric cities from new data and 
method.

The polycentric cities are characterized by the spa
tial distribution pattern of a larger number in the east 
and fewer in the west of China. There are a large 
number of polycentric cities in eastern China, and the 
closer to the coastal areas, the more polycentric cities 
there are. In addition, the number of polycentric cities 
with more than 5 urban centres is mostly concen
trated in eastern China. There are some large cities 
in Western China, some of which are non-polycentric 
cities, while some are polycentric cities, but the num
ber of urban centres is small.

The distribution of UCDL in China’s polycentric 
cities is characterized by significant spatial heteroge
neity. For a city with only one urban centre, its USDL 
is 1. UCDLs are generally smaller in polycentric cities 
in western China. In addition, polycentric cities in 
northeastern China have smaller UCDL. Polycentric 
cities with high UCDL are concentrated in the central 
and coastal regions of China.
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