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Abstract: In the recent past, China has experienced rapid urbanization as a result of diverse growth factors. In
such a context, it is crucial to evaluate the expansion of urban entities in order to implement sustainable urban
planning strategies in China. Since, urban entities are the spatial reflection of the concentration of human
activities, the delineation of urban areas upon the boundaries of built-up surfaces has resulted from
inconsistent understanding and identification of urban areas. The study has attempted to extract and evaluate
the growth of urban entities in 336 prefecture cities in China mainland (2000-2020) upon a novel approach
using consistent night light images. The urban entities were extracted using the light intensities of the SNPP-
VIIRS-like data. After extracting urban entities, a rationality assessment was carried out comparing derived
urban entities with the LandScan population product, Landsat, and road networks. Also, the results were
compared with other physical extents products such as MODIS and the HE. According to the findings, urban
entities are basically consistent with the LandScan, road networks, and those with the HE and MODIS. But,
urban entities accurately reflect the concentration of human activities than impervious extents of MODIS and
the HE. At the prefecture levels, urban entities elevated from 8082 km? to 74,417 km? between 2000 and 2020
showing a 10.8% growth rate. By providing a supplementary resource and guide for trustworthy urban
mapping, the research will expand new research directions that address the issues of variations of NTL data
brightness thresholds dynamics on regional, and global scales.
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1. Introduction

Urbanization is a complicated phenomenon that is accompanied by population movements,
changes in the rural-urban divide, and flows of matter and energy. In recent years, urbanization has
expanded into a significant spatial phenomenon on a global scale. In 1950, 25% of the world’s
population lived in cities [1] and currently, urban areas are home to 50% of the world’s population
[2]. Especially in less developed countries, the urban population will increase to 56.4% by 2030 [3].
Urbanization is one of the most significant factors in human-induced land cover and land-use change,
even though urban areas make up only a small portion of the entire Earth's surface [4]. Urbanization
and its evolution have been studied using a range of spatial-temporal scales, using remote sensing
techniques as the primary source of consistent and continuous data [4-6]. The urban system is
intricate, with many interconnected components. A key component of the urban system is the
impervious surface, which is made up mostly by buildings, roads, and other infrastructure and serves
as population and economic hubs [6].

Urban entity expansion needs to be continuously monitored due to worsening conditions of
overcrowding, housing shortages, inadequate infrastructure, and growing ecological issues [2].
Therefore, it is necessary to implement effective spatial planning and monitoring measures to reduce
the negative effects of urban entity expansion. It is especially well suited to anticipate those processes
in urban environments using multi-temporal and multi-spectral data. Different size cities can be seen

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202307.0488.v1
http://creativecommons.org/licenses/by/4.0/

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 7 July 2023 d0i:10.20944/preprints202307.0488.v1

in the geographical space as a result of urbanization, especially major cities that have been rapidly
urbanizing during the last two decades in China [7]. Sustainable urban development in China
requires maintaining a balance between human activities, the environment, population, and
urbanization by monitoring changes in urban entities in order to inform policy decisions on urban
environmental management and planning. Major changes brought about by urbanization in China
include population and economic transition from the countryside to urban areas. As a country of the
global south, China experiences the largest population concentration around urban areas and as a
result of these developments, it also bought about more socioeconomic benefits and adverse
environmental impacts. Following the implementation of economic reforms, the country underwent
a significant rural-to-urban shift, with an increase in the concentration of inhabitants in and
surrounding urban regions from 1978 to 2012, from 17.9% to 52.6%, respectively [8]. Recent decades
have seen a marked increase in the rate of urbanization due to migration and the expansion of urban
boundaries. In contrast, the 2010 population census in China showed that about 50% of the country’s
population was categorized as urban. The turning point for China came after 2011 when for the first
time in its history, the majority of the country’s settlements were classified as urban. Today’s new
stage of development in China incorporates urbanization as a key component and direction. The
second stage of China’s urbanization, or the stage of steady expansion, has been reached, according
to the theory of urbanization development [9].

Identifying urban areas based on distinct urban characteristics might be a reliable entry point
for analyzing and predicting urban expansion to address future sustainable development issues.
Urban areas are frequently thought of as impervious areas filled by roads, buildings, and other
constructions [4,10]. Typically, the qualities of man-made structures are used to demarcate urban
entities [11]. However, it is ineffective in evaluating how human activities are concentrated together
[12]. Additionally, it is essential to illustrate the other socioeconomic functions of urban dwellers
using various urban structures [13]. However, it is challenging to apply this to wider spatial-temporal
coverage. Urban entities, which have a concentration of population and human activities, are the
areas that spread positive externality. The concentration of human socioeconomic activities,
continuity, and physical structures across a larger spatial coverage are the three main features of
urban entities. Applying economic-based variables to characterize urban entities, such as the vacancy
rate of urban housing, will increase the accuracy of the urban entity definition. Upon this, some
researchers [14,15] advocated using an integrated definition in conjunction with socioeconomic
factors and physical structures as a more effective way to define urban boundaries and their
expansion. Government institutes normally use population density or size as the primary criterion
for designating urban entities. The two most popular datasets that utilize for the identification of
urban entities are LandScan, and World Pop datasets [16]. Since different countries have diverse
population and density characteristics, it is challenging to extract cohesive urban entities using
population size variances or density. Urban entity mapping on a wider scale has plenty many options
when using remotely sensed data. Nowadays, Landsat, Sentinel, and Moderate Resolution Imaging
Spectrometer (MODIS) data are typically used to produce urban entity maps. These datasets are
primarily intended to reveal the temporal and spatial distributions of urban impervious areas. But
prevailing urban laws, suggest that urban expansion is a complicated process and urban entities
shouldn't be primarily identified upon their impervious surfaces [17]. Although daylight satellite
imagery can be used to track land use changes, their spectrally varied nature makes it difficult to use
them to study urbanization dynamics [18,19]. However, Defense Meteorological Satellite Program’s
Operational Line-scan System (DMSP/OLS), and Suomi National Polar Partnership-Visible Infrared
Imaging Radiometer Suite instrument onboard (SNPP-VIIRS) nighttime light (NTL) images offer a
unique proxy to extract urban dynamics. As a result, since the 1990s DMSP/OLS images have been
utilized for different urban studies, including demographic dynamics, city lights, electricity
consumption, urbanization, gross domestic products in urban areas, and greenhouse gas emissions
[18-21].

Urban centers will become difficult, and inconvenient places for commuters, service seekers, and
urban dwellers as a result of a lack of space and amenities. Given that it allows urban geographers
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and planners to map urban areas, and has a significant impact on resource management and
socioeconomic development in cities, the evaluation of urban entities is a main urban research
direction. As a rapidly urbanizing country, numerous studies have been conducted to extract urban
entities from NTL data in China. While few scholars [22] tried to introduce correcting techniques for
multi-satellite NTL stable light data to identify urban expansion in China others [23] quantified the
dynamics of urban entities. Most researchers have used new methods, and new-generation NTL data
for urban entity extraction as well as compared their findings with DMSP-OLS data [7,18,24,25].
Urban extraction using DMSP/OLS data and NTL intensity were also key focusing areas in previous
researchers [26,27]. Previous researchers have also used neighborhood statistics, NDVI, and local-
optimized threshold analysis using nighttime stable light data and VIIRS data to trace urban growth
in China [28-31]. Few scholars explored the characteristics and trends of urban development in urban
agglomerations using DMSP/OLS data [32]. Predicting and quantifying urban growth in coastal cities
using DMSP-OLS was another research focus of some scholars [33-36]. In most recent research few
scholars used the K-means algorithm to pinpoint sub-urbanization patterns using SNPP-VIIRS data
comparing finding with LandScan population, road network, and impervious extent data products
[37-39].

Due to the long coverage of DMSP/OLS satellite imagery, it is possible to identify multi-stage
urban dynamics in both spatial and temporal dimensions. Thus, using these NTL data, the rapid,
sluggish, saturated, and de-urbanization stages may be nicely observed. Due to the spectral and
geographical complexity of the land cover within cities, fine-resolution remote sensing of urban areas
is also difficult. Fortunately, night light sensors offer the unique ability to track human activities from
a distance, in contrast to most conventional sensors [26]. DMSP/OLS nighttime light composite data
is one of the most efficient urban information sources. As well as, SNPP-VIIRS has a significant
amount of enhancements in terms of spatial resolution, and calibrations [40]. Artificial lights emitted
from cities both human settlements and functions can be captured at night using DMSP/OLS and
VIIRS. Since NTL data have a positive correlation with socioeconomic indicators and the density and
height of built-up areas, it has been widely used to detect dynamics in urban land use, particularly
in impervious surface and urban land use intensification. In particular, DMSP-OLS and SNPP-VIIRS
data, are frequently used to extract urban entities, population, and gross domestic product, and
analyze carbon emissions [27,41-43]. There are two advantages to using NTL images to detect urban
entities. These data have the capability to map urban areas on large spatial-temporal scales and can
precisely pinpoint where human activities are concentrated with low spatial resolution [44].
According to scholars in the field of night light remote sensing, there are two main problems with
urban mapping utilizing NTL data. Most studies only take into account impervious surfaces as urban
entities. Thus, impervious surfaces were considered as the urban entities in the majority of urban
entity mapping research [4,45-48] although few studies recognized the relevance of urban entity
extraction and the ability of NTL to extract urban entities. Though, DMSP-OLS and SNPP-VIIRS act
as valuable resources for urban growth monitoring those studies lack prefecture-level cities in China.
Thus, the applicability and validity of urban entities derived through NTL are to be analyzed further.
Urban mapping in China using NTL is solely upon the short temporal scales based on DMSP and
SNPP-VIIRS data except for a few studies [48,49]. But, the accurate, long-term SNPP-VIIRS-like data
have the ability to identify, and extract urban growth at prefecture levels.

The study tried to extract and map urban entities in prefecture cities during 2000-2020 from an
urban entity perspective using SNPP-VIIRS-Like data from the Harvard Dataverse. The research was
organized under five sub-sections listed below. Whereas Section 1 is devoted to explaining the
research background and literature survey and Section 2 describes the study area, materials, and
methods. Results and findings were thoroughly explained in Section 3 where compression was made
between NTL data and other data products like LandScan and HE. In the discussion Section, it was
presented the similarities and differences of the key findings with similar research works along with
limitations. Section 5 gives the conclusions and future research directions.
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2. Materials and Methods

2.1. Study area

There are 336 prefecture-level divisions (Figure 1) in China including 7 prefectures, 299
prefecture-level cities (including four major municipalities), and 30 autonomous prefectures [50].
After merging the administrative districts and using 2019 as the base year, 336 prefecture cities were
chosen as the experimental object. For the analysis purpose, these prefecture cities were categorized
into seven groups upon provincial coverage as north, northeast, northwest, east, central, south, and
southwest prefectures. For result validation purposes 270 prefectures (Figure 1c) were selected upon
the availability of socioeconomic data of extracted urban entities considering 2000 as the base year.
Using prefecture-level cities as the research unit made sense for the investigation because of two
unique characteristics. While municipal districts, counties, and county-level cities are administrative
units inside prefecture-level cities that are geographically closer and have a comparable political,
socioeconomic, and physical environment [51]. And also, these territories also have internal
connections and independence [52]. But, these units connect the province and county levels as bridges
that coordinate the development policies, programs, and plans vise-verse [51].
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Figure 1. (a) Provinces in PR of China; (b) Prefecture divisions; (c) selected prefecture divisions.

2.2. Materials

Newly generated SNPP-VIIRS-like data from 2000 to 2020 was primarily used as the major data
source to extract urban entities in prefecture cities that are available as open-source data in Harvard
Dataverse [53]. These data can nicely eliminate saturation and overflow effect. When compared to
DMSP-OLS-like data, the integrated SNPP-VIIRS and DMSP-OLS data can support as a consistent
data source and act as extended SNPP-VIIRS-like data. Based on the DMSP-OLS data, NPP-VIIRS-
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like data was generated using cross-sensor calibration from 2000 to 2012, and the corrected SNPP-
VIIRS data from 2013 to 2020 was used as consistent NTL data for the study.

The rationality assessment of the extracted urban entities was done using population data of the
LandScan data can be available from Oak Ridge National Laboratory developed using multi-source
data. Another justification for using those data for the study was LandScan provides a more accurate
assessment of day and night populations as well as population distribution on different impervious
surfaces [54]. LandScan has also been extensively used for urban area verification at various spatial
scales [37,39].

To compare the urban entities with artificial impervious extents MODIS Land Cover Type
version 6 (MODIS) data products as the first reference. Since MODIS is a frequently used data set for
urban mapping which was developed from supervised classifications and post-processing [55] the
data were used as one of reference for verification of urban areas that are produced from SNPP-
VIIRS-like data [39].

As a second reference urban built-up areas (HE) data products proposed by He et al. [48] were
used. With 90.9% overall accuracy and 0.47% kappa these data are freely available in National Tibetan
Plateau Data Center and datasets have developed through a fully convolutional network by using
multi-source remote sensing data and effective to represent built-up areas with long time series.

Additional remote sensing data on Landsat and Globeland were downloaded from the USGS
earth explorer and Globeland data server. The open street map (OSM) was used to extract the road
networks. Spatial data on national, provincial, and prefecture administrative boundaries were
obtained from the National Geomatics Center of China. The nature of the spatial data sources of the
study was presented in Table 1. China City statistical yearbook was used to collect statistical data on
urban GDP in prefecture cities for the years 2000, 2005, 2010, 2015, and 2020 [55].

Table 1. Spatial data sources of the study.

Data Year Format Resolution/scale Source

SNPP-VIIRS-like 2015-2020  Raster 500 m :tttxp}ftgl ‘ilataverse‘ha“’ard'edu/ datas

2000,2005, https://dataverse.harvard.edu/datas

NPP-VIIRS-like 2010 Raster 500 m ot xchtml
https://www.un-spider.org/links-

LandScan 2015 Raster 1000 m and-resources/data-
sources/landscan
http://data.tpdc.ac.cn/zh-

HE 2015 Raster 1000 m hans/data/3100de5c-ac8d-4091-
9bbf-6a02de100c88/
https://ladsweb.modaps.eosdis.nas

DI 201 R

MODIS 015 aster 500 m a.gov/search/order/1/MCD12Q1--6

ClobeLand30 2020 Raster 30m http://www.globallandcover.com/d
efaults_en.html?

OSM 2015 Vector 1:5000 https://www.openstreetmap.org

LandSat8 2015 Raster 30m https://earthexplorer.usgs.gov/

Pref

re ectu1:‘e 2019 Vector 1:50,000,000 http://ngcc.sbsm.gov.cn/article/en/
boundaries

2.3. Methods

The study was conducted using the various methods depicted in (Figure 2). To extract urban
entities between 2000 and 2020, K-means unsupervised classification was used after downloading the
SNPP-VIIRS-like data. Secondly, image post-processing was done to increase the accuracy of the
urban entity products that were retrieved. After accuracy assessments were conducted by verifying
the level of overall accuracy (OA) and kappa coefficient rationality assessment was conducted to
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compare urban entities with other urban products and socioeconomic data. Below are further details
on the k-means classification and image post-processing methods.
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Figure 2. Methodological flowchart of the study.

2.3.1. Extracting urban entities using the K-means classification

Due to different brightness values for various urban forms, the threshold method cannot extract
the boundaries of urban entities effectively. The mutation detection method also has several
requirements to extract different urban areas and boundaries [55]. The K-means algorithm is a
classical unsupervised image classification method that provides a fast and efficient procedure to
image classification [56]. Compared to other methods K-means algorithm has less uncertainty in the
extracted results. The K-means method has been used by several researchers in their previous studies
also [39,58,59]. Thus, the K-means algorithm was used to extract urban entities of prefecture cities
(2000-2020) using SNPP-VIIRS-like data.

The method was developed to extract urban and non-urban pixels automatically with reasonable
zoning. Although the NTL intensity in urban-rural transition zone has a gradually weakening
tendency, the difference in NTL intensity from urban centers to rural hinterlands exhibits a
substantial trend [58-60]. As a result, by identifying the differences between urban and rural NTL
brightness intensities, urban entities can be efficiently retrieved. In the study, a K-means algorithm
was used to identify urban entities by identifying the variation in NTL intensity. The algorithm
divided the datasets of n (here it is n=2) items into k clusters based on distance from urban centers to
rural peripheries. The K-means algorithm is frequently utilized for many applications because of the
high rate of the uniqueness of the extracted outputs through the straightforward clustering
procedure. The method was developed to extract urban and non-urban pixels automatically with
reasonable zoning. The calculation formula then is as follows [39].

=N o x (1)

Tl
012
E= Zli(:1 Yxe c,-let'l/,-+1| &)
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As per the formula E is the minimum square error of cluster C= {Cl, C2, C3,... Ci} for sample x
clustering from the SNPP-VIIRS-like data. The smaller the E value is, the higher the similarity of the
samples in the cluster is. -,uf“ is the center of cluster Ci when iterating j+1 times. The Sum of the
error square criterion function will be applied in the research for the clustering criteria function as
follow [39].

Je=2E T pecll P-Mj||? ®)

where P represents all pixels in cluster C; and M; is the arithmetic mean of all pixels in cluster Ci. JC
is a mapping between data objects and cluster centers. Since Jc can reflect the error of clustering
results of classification it is essential to identify the clustering results that can reduce Jc. The feature
types of each pixel in an image were identified using cluster analysis. After the NTL images were
divided into a series of pixel matrices recognizing a variety of objects when there are clear variations
in the real ground. After the k-means clustering iteration built-up and non-built-up areas were
separated from the SNPP-VIIRS-like data on a pixel scale and color variations.

2.3.2. Post-processing

Post-processing was done in order to maintain the consistency of the dynamics of urban entities
from 2000-2020. The Post-processing procedure followed three main steps. As the first step iterative
temporal filtering was performed for binary urban entities that were founded on the theory put forth
by He et al. [45] according to which an urban region that emerges in one year will remain in the next.
Second, a logical reasoning improvement was conducted to check the irreversible conversion
between urban and non-urban areas [56]. The justification for deleting the urban entities less than 2
km? was that size does not satisfy to perform as an urban area [16,45]. Through these steps, it was
tried to obtain more precise and trustworthy urban entity results for prefecture cities in China over
the past 20-year period with high spatial and temporal consistency.

3. Results

3.1. Evaluating the Expansion of urban entities from 2000-2020

According to the results, the total urban entities in China prefectures were elevated from 8082
km?to 74,417 km? showing a 10.8% growth rate over 20 years. But, urban entity expansion rates and
patterns show noticeable variations over seven regions that are in the different socioeconomic and
urban development phases (Figure 3). The highest UE growth observed in eastern and southern
prefectures was 27,640 km? and 9340 km? respectively. The lowest growth can be observed in
northeastern (2897 km?) and northwestern (5207 km?) prefectures. In eastern prefectures, Shanghai
reported the highest growth from 660 km? to 2852 km? from 2000-2020 (Figure 4g). Guangzhou is a
rapidly growing prefecture in the southern prefectures (Figure 4m). According to the results, it has
expanded from 375 km? to 1635 km? during 2000-2020.

In northern prefectures, rapid urban entity expansion was observed in Beijing as it has grown
from 783 km? to 2150 km? during the concerned period (Figure 4a). From a temporal perspective,
some of the capitals like Chongqing, and Chengdu (Figure 5m,n) have shown a rapid expansion rate
of 2015 upward. On the contrary, the small provincial capitals like Xining, Lhasa (Figure 5h,l),
Haikou, and Hohhot (Figure 4e,0) have illustrated slow urban entity expansion during the entire time
period.
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3.2. Compare results with the LandScan population and road networks

The majority of research findings related to urban area identification differ in terms of urban
definitions [45,60]. Thus, quantitative and visual evaluations were carried out to validate the results
because urban entities indicate the concentration of human activity. Due to the fact that urban entities
reflect human activities, findings were contrasted with the LandScan population and road network
products.

The extracted results of urban entities with existing built-up areas were compared to find
parallels and discrepancies. For rationality assessment, 270 prefecture cities were selected upon the
availability of data. This essentially helps the reader comprehend how various urban definitions of
the urban entity in China are depicted. It was anticipated that by using all of these approaches, the
rationality of the urban entity results produced for Chinese prefectures would enhance.

For comparison purposes, the 2015 LandScan data product was categorized into four population
density classes: 1-500,500-1000, 1000-1500, and >1500 person/km?2 These limits are the optimum
threshold to hold urban entities in different stages that avoid unclear urban classifications [16,39].
Thus, a rationality assessment was conducted using four prefecture cities including Shanghai, Beijing,
Shenzhen, and Guangzhou. Figure 6 illustrates how urban entities could be captured according to
variations in population density of at least 500 person/km?2.
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Figure 6. Extracted urban entities (a) Shanghai; (b) Beijing; (c) Shenzhen; (d) Guangzhou with
LandScan product and Landsat8 images, 2015.
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It was revealed that a spatial consistency between extracted urban entities with the areas having
population density at least >500 person/km? of LandScan population product within these cities.
Although, certain variations were noted between extracted urban entities and LandScan population
density product the majority of urban entities in the prefecture cities overlay with a population
density more than the minimal threshold class of 500 person/km?. The finding confirmed that
extracted urban entities effectively reflect the human activity concentration in urban areas. And also,
as shown in (Figure 6l k), the built-up areas in the Landsat product basically overlay with the urban
entities and LandScan population density. But, some areas in Beijing were classified as urban entities
even though their population density was less than 500 person/km?and non-built-up areas in Landsat
(Figure 6b,f£,)).

In Guangzhou, some detected areas of urban entities with population density >1500 person/km?
are non-built-up areas in Landsat (Figure 6h,1). But, if there are not many human constructions when
taking into account the population size, density, and concentrations of human activities, those are the
urban entities. These results show that both urban entities and population density are consistent with
human activities as a whole. Geographically, the concentration of human activities is associated with
the travel patterns of the community. For rationality assessment, a visual comparison between the
OSM road network and the urban entities was made using six capitals (Figure 7).
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Figure 7. Extracted urban entities of six provincial capitals with OSM road networks, 2015.
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In this context road network of the six provincial capitals overlay with the boundaries of
extracted urban entities. It was revealed that road networks perfectly overlapped with the extracted
urban entities. It shows that with increasing the road network density NTL intensity was also
increased (Figure 7a—c,g—i). Motorways and primary roads can be identified as the medium of
interaction among urban entities while secondary and living streets main medium of interaction
within the urban entities. At the fringe of urban entities, there is a high spatial consistency with entity
boundaries and living and secondary roads, especially in Chongqing, Shanghai, and Beijing (Figure
7d-f). But as small provincial capitals with less population size as well as human activities, it was
difficult to identify similar spatial consistency among urban boundaries and living street and other
roads in the Hohhot, Haikou, and Lhasa capitals (Figure 7j-1). But as a whole spatial consistency
canbe prevalent since SNPP-VIIRS-like data can extract the lights of the automobile at night in the
cities as the media of human commuting proving that SNPP-VIIRS-like data basically align with
human activities.

3.3. Compare results with the Global urban products

As remote sensing products, MODIS and HE is commonly used global urban products for urban
area evaluation and analysis, especially for post-evaluating references. Extracted urban entities (UE)
from SNPP-VIIRS-like data were overlaid with two global urban products that reflect the impervious
surfaces (MODIS) or urban built-up areas (HE) to verify the rationality of the extracted results from
NTL data. As shown in (Figure 8) extracted outputs from urban entities were basically consistent
with the total areas of the HE and MODIS in Prefecture cities.

- a.2000 b.2005 - <2010
= T 30
& z1 5
z R2=0.8432 ° < R2 = 0.8431 o z R2- 0564
£ RMSE=202 [ &8 RMSE=242 @ . B RMSE=2! = °
: . . 5 o, g 10 ' &
£ e g 500 o g
= e g . g
S, g £
S ~

1000 150¢ ¢ 100 200

HE area (km?) ’ HE area (km?) HE area km?)
B d.2015 €.2020 - £.2000
g i =
5 - b4 ~>% Y . k
'E II;\(:( ;'«l, ’.-".' —Af ’ RMSE-129 ‘-".' £ ["“\“‘:l!:. [ J
: o z REPY g, [ J
2 o x 2 . LI -
= % 1000 B
- ] £ * S .
S : ’.‘" > o
‘ 5 b e o °
10X v i 20 X
HE area (km?) HE area (km?) ’ MODIS area (km?)
- 82005 h.2010 1.2015
= R® = 0.5777 [ ] Z g L4
= RMSE [ J g aid ocans g R - 0.6714
Z ° > RMSE-530 = RSEDL g g
g ® 4 .7 Z 150 E () o
g 500 %.& - S et &
£ o B o 8 & g ‘&
R ° £ 50 £ RN °
0 1000 200 X X nd 0 [ ] - T A 100K X
0 10( y 30( .
MODIS area (km?) MODIS area (km?) } MODIS area (knv?)
i.2020
3000
R?=0.6820 o
RMSE2S @ o

ban entity (km

3000

o

MODIS area (km

Figure 8. Regression results of total urban areas of UE, HE, and MODIS from 2000-2020.
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With observing the R2 value not less than 0.5145. Further, it was found that relatively low root-
mean-square errors (RMSE not exceed 657. But, it was found that most prefecture cities were
positioned at the bottom right of the 1:1 line, showing that total urban entities were generally lower
than the total areas derived from the HE and MODIS. To further verify the results of total urban areas
derived from UE, HE, and MODIS were calculated from the basis of regions and at the national level
(Figure 9).

a.Total urban areas (northern prefectures)2000-2020 b.Total urban areas (northeast prefectures)2000-2020

lotal area (kav’)
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e.Total urban areas (southwest prefectures)2000-2020 . Total urban areas(east prefectures)2000-2020

Total a
£ 2 2 5 3

MODIS = 11 UL Year MODIS = 1L = UL Yo

g Total urban areas (central prefectures)2000-2020 h.Total urban areas (prefecture cities)2000-2020

2000 2003 2010 2015 2020 2000 2005 2010 2015
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Figure 9. Comparison results of urban areas for UE, HE, MODIS on provincial, and, national levels,
2000-2020.

Overall, it was observed that the total areas of urban entities are normally lower than the total
areas detected by MODIS and HE urban areas. But, it could be observed that a relatively stable trend
of urban entities changes for all three products; UE, HE, and MODIS within the concerned time
period. This inconsistency can occur as a result of excluding some impervious or built-up areas within
large patches and urban periphery from SNPP-VIIRS-like data since urban entities were detected not
only upon built-up areas but also on the concentration of human activities. The situation is also
consistent with the findings of Zhao et al. [49] who indicated urban entities can be shown about 20-
45% difference from the impervious surfaces. Urban entities demonstrated relative agreement with
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LandScan population product with a population density of at least >500/person/km? in selected
prefecture cities of Shanghai, Guangzhou, Shenzhen, and Chengdu (Figure 10).
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Figure 10. Extracted urban entities of selected prefectures with HE, MODIS, and LandScan population
product, 2015.

But, there are some spatial differences also. In Tianjin city, some areas with population density
<500 person/km?were detected as urban areas in three urban products: HE; MODIS; UE (Figure 10d—
f). Although, compare with HE and MODIS urban entities have good spatial consistency with
LandScan population density. As evident in Guangzhou city HE does not identify the urban patches
with population density >500 person/km? even >1500 person/km?as urban areas. But, SNPP-VIIRS-
like data extracted those small patches also as urban entities (Figure 10g,i). HE and MODIS identified
non-populated extents also urban areas as in the case of Chengdu (Figure 10m-o). But, in urban
entities, those non-populated areas were excluded from urban areas. The comparison proved that the
impervious surfaces are normally greater than the urban entities due to differences in urban object
attributes that can be identified by SNPP-VIIRS-like data. These results are consistent with Figures 5
and 6.
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Urban entities have higher spatial consistency than HE and MODIS, according to comparisons.
Urban entities' overall accuracy (OA) and Kappa were 74.29%-99.34% and 0.22-0.75, respectively. The
OA and kappa of HE were 76.05%-97.88% and 0.22-0.59, respectively. For MODIS OA and kappa
were 78.69%—97.85% and 0.21-0.65, respectively. Accordingly, compared with other urban references
of LandScan population products urban entities can be considered as a more effective product for
delineating urban extents that considered the socioeconomic background of urban areas.

4. Discussion

4.1. Efficiency of SNPP-VIIRS-like data for urban mapping

Decision-makers are normally concerned with visual surfaces when they distinguish urban and
rural areas in planning and development initiatives. Since human activity surfaces are telling another
story apart from the built-up areas and or the peaceful environment when identifying and
demarcating urban areas mental pictures are not valid further [45]. As complex and dynamic
landscapes urban areas consisted of different spatial features and characteristics. Thus, clear-cut
urban boundaries are very difficult to see in reality. When only used said physical features or human
activity surface it is very difficult to demarcate urban areas. So, the efficient way is to use a method
that integrates both aspects. NTL data and impervious surfaces demonstrate the controversial
pictures. Thus, spatial variations could be observed after comparing the NTL data, Globeland 30
product, and landSat8 image for the year 2020 in five provincial capitals (Figure 11). Shi et al. [39]
also used the same data products to assess the applicability of NTL data for urban mapping.

It tried to differentiate the gray surface derived from three different products. In Globeland and
Landsat8 images, the impervious surfaces are displayed in red or purple color (Figure 11a—j). But in
NTL images, the same land cover type is displayed in different colors (Figure 11k-o). This variation
occurred in the different perceptions of urban entities. Ma et al. and Zhou et al. [27,62] emphasized
that human perceptions are also to be considered when identifying urban areas along with other
physical impervious constructions such as road networks and buildings. Shi et al. [39] further
indicated that other social sensing data is also to be integrated for accurate urban entity extraction.
The lack of long-time series data also affects urban entity extraction. But, NTL data can be used to
capture and identified both the geographical extent of human activities and the differences in
impervious surfaces [42,51]. Thus, characteristics of urban surfaces such as size, shape, and activities
can effectively detect using SNPP-VIIRS-like data with compare to DMSP-OLS data. Most of the
previous research was mainly focused on physical surface extraction than human activity surfaces
and socioeconomic information [25,63]. But, in a few previous studies, the capability of NTL data to
capture human activity surface was highlighted. However, those works also used the built-up area
as a boundary demarcation parameter [47,62]. Similar findings were observed by Shi et al. [39] in
their global urban entity extraction research performed using SNPP-VIIRS-like data.
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Figure 11. Visual differences of urban entities of five capitals in Globeland, Landsat8, and SNPP-
VIIRS-like images in 2020.

4.2. Relationship between urban growth and urban economic development

Previous researchers also have sought to determine how well NTL data can evaluate urban
expansion and urban economic development. The correlation between the urban entity and urban
GDP was evaluated by Shi et al [39]. Our study extracted urban areas for 270 cities compared with
urban GDP during 2000-2020. It tried to find the relationship between urban GDP and derived urban
areas: UE, HE, and MODIS. As shown in (Figure 12) all regression passed the significance test (>0.01)
of correlation coefficient (R2) values of total urban areas and urban GDP.
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Figure 12. Regression results of total urban areas for UE, HE, MODIS, and urban GDP 2000-2020.

During the concerned period R? value for UE and GDP range from 0.6189-0.7543 (Figure 12a—e).
The correlation coefficient between HE and GDP range from 0.5553-0.8532 (Figure 12f—j). The R? value
for MODIS and GDP ranges from 0.4467-0.5840 (Figure 12k-—o). Could be identified a strong
correlation between the urban entity and urban GDP than MODIS. Though, the R? value of HE and
GDP little higher than UE these results better presented the relationship between urban growth and
socioeconomic growth, especially in terms of urban GDP. Shi et al [39] observed that higher
correlation between urban entities and GDP than HE and MODIS when they measure the correlation
between the urban area and urban GDP growth.

4.3. Applicability of K-Means Classification for urban mapping

The main difference between the previous studies and our study is the urban entity definition
approach. In most previous studies NTL data were transformed into impervious surfaces/built-up
area data using threshold method and mutation detection [48,64]. Threshold methods have omitted
some high-populated areas as urban patches in most prefecture cities. Mutation detection is also a
common method that detects urban areas with supporting data. So, considerable misidentifications
of urban areas could be observed in most cities from HE, and MODIS products. But, the urban entities
extracted using K-means classification in this study can be considered as the type of impervious
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surface that take into consideration the optimal thresholds of socioeconomic activities since SNPP-
VIIRS-like data can reflect the actual distribution of human activities. The advantage of the K-mean
is extracting urban areas in a rapid and efficient manner using NTL intensity without additional data.
Shi et al [39] also proved that considering pixel characteristics the K-means classification can be used
for comparative analysis in any spatiotemporal dimension.

4.4. Limitation and future research direction

Due to the lack of data as the main component of the study rationality assessment was only
conducted based on 270 prefecture cities that available socioeconomic data from 2000-2020. And also,
due to time and resource constraints, it was not measured the relationship between urban entities
and other socioeconomic variables such as urban population, and electricity consumption in the
study. Integrating those aspects in future research would be more beneficial for better urban
management decisions through investigating urban growth and socioeconomic growth in emerging
Asian countries like China.

As a study in a single country, it was not prevalent greater brightness variations over prefecture
cities. But, Shi et al. [39] have proved that due to significant brightness variations of NTL data over
different continents in different socioeconomic development levels, it is essential to use more realistic
and accurate methods for urban entity mapping. In that way, urban areas would be extracted and
evaluated more accurately and effectively since brightness variations reflect the different human
activity zones in urban areas.

5. Conclusions

The study basically tests the effectiveness of SNPP-VIIRS-like data for the extraction of urban
entities of prefecture cities in China during 2000-2020. As one of the advantages updated results of
the study would be more useful for future urban area monitoring. The rationality assessment proved
that extracted urban entities spatially fit with the LandScan population product and road networks.
It further supports to confirm the notion of urban entities reflect the spatial distribution of human
activity surface too. In the study, it was further compared the extracted urban entities with the
conventional impervious surface and built-up area data as MODIS and HE to delineate the
similarities and differences. It also confirmed that urban entities are basically consistent with these
data products. Regression results also derived the positive relationship between urban entities and
socioeconomic development variables such as urban GDP.

The extracted urban entity results revealed urban areas in China were elevated from 8082 km?
to 74,417 km? reporting a 10.8% growth rate during the past 20 years. Most provincial capitals
including Shanghai, Beijing, and Chongqing have shown considerable growth except for a few small
provincial capitals such as Lhasa, and Haikou. Since NTL data brightness thresholds reflect different
variations of the global context in future urban mapping research new methods should be applied to
derive more realistic urban entities which address the variations of NTL brightness values.
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