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Abstract: Nighttime light images are valuable indicators of regional economic development, and
nighttime light data are now widely used in town monitoring and evaluation studies. Using the
nighttime light data acquired through Luojia1-01 and the geographic information system spatial
analysis method, this study analyzed the spatial vitality pattern of 402 characteristic towns in six
geographic divisions of China. The average DN (Digital Number) value of Guzhen, having the highest
vitality level, was 0.05665221, whereas that of Xin’an, having the lowest vitality level, was 0.00000186.
A total of 89.5% of towns have a low level of vitality. The regional differences were significant; high
vitality towns are concentrated in economically developed coastal areas, mainly in two large regions
of east China and south central. The average lighting densities of the towns in east China and south
central were 0.004838 and 0.003190, respectively. The lighting density of the towns in west central
was low, and the vitality intensity was generally low. A spatially significant positive correlation
of small-town vitality was observed, and “high–high” agglomeration was primarily distributed
in the Yangtze River Delta, Pearl River Delta, and Fujian coastal areas in east and south China.
The towns with high vitality intensity had similarities in their geographical location, convenient
transportation conditions, and profound historical heritage or cultural accumulation along with many
industrial enterprises. This research empirically demonstrates the feasibility of using the 130-m-high
resolution of the nighttime lighting data of Luojia1-01 to evaluate the vitality at the town scale, and
the vitality evaluation focuses on the spatial attributes of the town, which is meaningful to guide the
development of the town in each region given the vast area of China and the large differences in the
development of different regions.

Keywords: vitality; Chinese characteristic town; Luojia1-01 nighttime light data; remote sensing

1. Introduction

Since the beginning of the 21st century, urbanization in China has been increasing
at an accelerated pace, and the urbanization rate has increased from 36.22% in 2000 to
63.89% in 2020. An increasing number of people are migrating to cities, resulting in
increased traffic congestion, housing tension, environmental pollution, heat challenges [1],
and other urban problems. Further, a vast number of rural areas and small townships
are not sufficiently dynamic; their development is encountering bottlenecks, and the gaps
between urban and rural areas and the rich and poor are widening. In this context, China
released its first urbanization plan—the New Urbanization Plan (2014–2020)—in 2014,
aiming to promote the healthy and sustainable development of large, medium, and small
cities; small towns; and villages. The development of small towns has become an important
topic in the study of new urbanization. In this context, characteristic towns are spatial
platforms with evident industrial characteristics, cultural connotations, tourism, and certain
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community functions, and are relatively independent from urban areas. They are important
in promoting urbanization and economic development, narrowing the gap between urban
and rural areas, and eliminating the gap between the rich and the poor. In 2016, China’s
National Development and Reform Commission, the Ministry of Finance, and the Ministry
of Housing and Construction decided to conduct a nationwide construction of characteristic
towns. They announced the first and second batches of 403 characteristic towns in China in
October 2016 and August 2017, distributed in 31 provinces, cities, autonomous regions, and
Xinjiang Construction Corps of China (Hong Kong, Macao, and Taiwan were not selected
at that time). In 2021, the “Fourteenth Five-Year Plan for National Economic and Social
Development of the People’s Republic of China and the Outline of the Vision 2035” was
released. It clearly proposed, “according to the location conditions, resource endowment,
and development basis, small towns should be developed according to local conditions,
and standardized and healthy development of characteristic towns should be promoted.”
As an important path for exploring new urbanization in China and a spatial carrier for
extending the rural revitalization strategy, Chinese characteristic towns have received wide
attention from all domains.

Current domestic and international research on Chinese characteristic towns focuses
on the following aspects: qualitative descriptions of the development mode [2–6], plan-
ning of design [7,8], formation mechanism [9], evaluation system [10], and the cultural
construction [11] of the characteristic town; these have been conducted from the macro
concept perspective. Empirical studies on characteristic towns have been conducted from
the perspective of combining theory and practice, such as a series of case studies on sports
and leisure characteristic towns, agricultural characteristic towns [9], hot spring towns,
cultural characteristic towns, and tourism characteristic towns [12,13]. In addition, some
scholars have also used spatial analysis techniques and quantitative methods to study the
characteristics of spatial distribution patterns, influencing factors [14–19], and the economic
efficiency of small towns [20], and the results of their research have been relatively fruitful.

However, with the rapid promotion of characteristic towns, some towns have been
built without much consideration, with insufficient developmental planning, disorderly
town space expansion, imperfect supporting facilities, indistinct characteristics, and un-
stable population issues. The following construction does not achieve the goal of stable
and healthy development of the town; instead, how to correctly measure the development
vitality of the town and recognize the current situation of the town’s development vitality
becomes an urgent task to complete. Vitality is the key to assessing the quality of a town’s
development. The development vitality of a characteristic town determines whether the
town can develop sustainably and attractively in the long run. Research on town vitality can
provide a clear understanding of the town’s development status and can be an important
supplement in the evaluation of economic development indicators.

The concept of vitality was originally proposed by the scholar Jane Jacobs (1961) in
her book “The Death and Life of Great American Cities” wherein she argued that vitality
is defined as an intensive concentration of people caused by well-organized urban spaces
that promote social activity, emphasizing the role of human activity in urban vitality. Since
then, the concept or the theory of urban vitality has undergone continuous refinement. For
example, Kevin Lynch [21], in his book “Good City Form”, portrayed urban vitality as one
of the five basic performance indicators of urban spatial form and defined vitality as the
degree to which a settlement form supports vital functions, ecological requirements, and
human capabilities. Jiang Difei [22], in his “The Theory of Urban Form Vitality”, proposed
that economic vitality, social vitality, and cultural vitality constitute the urban vitality
system. Among them, economic vitality and social vitality provide some inspiration for the
conduct of this study.

Domestic research started late, and the number of research results only gradually
increased in the 21st century. Local research has focused on the use of statistical data. By
constructing models, establishing indicator systems, and using factor analysis and hierarchi-
cal analysis, researchers have tried to determine ways to evaluate research content primarily
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based on the definition of the concept of vitality, vitality components, vitality evaluation,
and countermeasures to enhance the vitality of the proposal and other perspectives [23–30].
In contrast, international research includes a broader perspective. For example, studies on
Jane Jacobs’ viewpoint [31–33]; studies from specific spatial perspectives, such as neighbor-
hoods [34–37], subway hubs [38], underground spaces [39,40], waterfront spaces [41], and
cities [42]; and a selection of large spatiotemporal data [43–46], Wi-Fi hotspots [47], and
other emerging data sources. Additionally, studies comparing and analyzing the differ-
ences between different cities’ vitality from a comparative perspective [48,49], and studies
from the perspective of interconnections between other elements, such as town vitality
and population [50,51], urban built environment [52], and urban culture [53] have been
conducted. Based on DMSP/OLS nighttime lighting data, and combined with statistical
and point of interest data, Zhang analyzed and evaluated urban vitality from two spatial
scales, national and urban, and empirically demonstrated the feasibility of using nighttime
lighting remote sensing data to evaluate urban vitality [54]. Since then, other researchers
have included nighttime lighting data in their urban vitality studies [24,55,56].

Night light remote sensing is an optical remote sensing technology that can detect
nighttime shimmering light. As most of the stable bright light at night originates from
artificial light sources, such as that generated by residential areas, traffic flow, and roads, the
different intensities of light can intuitively reflect the activity of the local economy and the
intensity of human activities at night, with certain economic and social aspects; therefore, it
is feasible to use night light brightness to characterize the level of regional vitality. Research
conducted on the application of the remote sensing data of nighttime lights to estimate the
urban socioeconomic index primarily focused on the national, provincial, and municipal
scales, whereas at the district, county, and other smaller township scales, the research
results were not sufficiently accurate because of the low spatial resolution of remote sensing
images, which resulted in relatively low relevant application research. Luojia1-01, the
world’s first professional nighttime light remote sensing satellite released in 2018, has a
considerably better spatial, temporal, and radiometric resolution than DMSP-OLS (Defense
Meteorological Satellite Program/Operational Linescan System) and NPP-VIIRS (NPOESS
Preparatory Project/Visible infrared Imaging Radiometer). Its high-resolution nighttime
light remote sensing images provide more opportunities to engage in research on finer scale
areas. Currently, the nighttime lighting data of Luojia1-01 have been widely used locally
and internationally for the identification and extraction of urban built-up areas [57,58],
urban spatial expansion [59,60], GDP estimation [61], population estimation [62], housing
vacancy rate estimation [63,64], urban thermal environment [65], and comparative analysis
with NPP-VIIRS nighttime lighting data [66,67]. Although there have been more productive
research results, few studies are available on the township-scale development dynamics
under the microscopic view using satellite remote sensing data of Luojia1-01.

This paper aimed to answer the following three concerns: Measuring the degree of
vitality of Chinese characteristic towns, the characteristics of the spatial distribution pattern
of the dynamism of Chinese characteristic towns, and the driving forces of high-vitality
towns. To resolve these three problems, this study selected 402 characteristic towns in six
geographic subdivisions of China as the research objects. The remote sensing image data
of Luojia1-01 were used as the basis. Using the geographical information system spatial
analysis method, the average light value of each town was calculated, following which the
towns were reclassified and defined based on the vitality of the characteristic towns. The
internal laws and the mechanism of the difference in the vitality of Chinese characteristic
towns were also assessed.

2. Materials and Methods
2.1. Study Area

Among the 403 characteristic towns in China, the data of Shahe town in Alar city of
Xinjiang Construction Corps were missing; therefore, 402 characteristic towns in China,
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barring Shahe town, were considered in this study. Figure 1 shows the geographical location
of the 402 characteristic towns.
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Figure 1. Geographical location of 402 characteristic towns.

2.2. Data Sources

The main data used in this study were nighttime lighting data, administrative district
data, and statistical data. Details are shown in Table 1.

Table 1. Data sources and description.

Date Data Source Details Purpose

2018
Luojia1-01

nighttime light
data

High-resolution Earth Observation
System Hubei Data and

Application Center
(http://59.175.109.173:

8888/index.html) accessed on 10
September 2021

Total of 402
images,

Raster data

Light
extraction

2018 Administrative
division data

Water Meridian Micro Chart
(http://www.rivermap.cn)

accessed on 10 September 2021
Vector data Map of study

area

2018 Statistical Data

Statistical Yearbook Sharing
Platform

(https://www.yearbookchina.com)
accessed on 10 September 2021

Township
articles

To acquire
statistics

2.3. Methods
2.3.1. DN Value Calculation

In general, the light intensity of an area can be represented by the element brightness
value (DN) of a remote sensing image; the DN is derived from radiometric brightness
conversion [68]. Based on the nighttime lighting data of Luojia1-01, ArcGIS software was
used to crop the boundaries of each town in the administrative division vector map of
Chinese townships, and the raster calculator tool was used to calculate the lighting values

http://59.175.109.173:8888/index.html
http://59.175.109.173:8888/index.html
http://www.rivermap.cn
https://www.yearbookchina.com
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of each town. The calculated lighting values were superimposed with the area to derive
the average DN value of each town to reflect the characteristics of the vitality of each town.

The product radiation brightness conversion of Liaojia1-01 star can be calculated as follows:

L = DN
3
2 × 10−10 (1)

where L is the absolute radiation correction after the radiation brightness value in W
(m2·sr·µm) and DN is the image gray value.

2.3.2. Natural Interruption Point Grading Method

The natural discontinuity grading method is a statistical method for grading and
classification according to the law of numerical statistical distribution, which can divide the
research objects into groups with similar properties and maximize the difference between
classes [69]. There are natural turning points in any statistical series with which the
objects under study can be grouped into clusters of similar nature, such that the cleavage
points themselves are good bounds for grading. Using the classification tool of ArcGIS
software, the average DN value of Chinese characteristic towns was classified and defined
as the vitality level according to the natural discontinuity grading method, and the vitality
level of 402 characteristic towns was classified into the following five levels: lowest, low,
medium, high, and highest, based on the inherent distribution law of data. Details are
shown in Table 2.

Table 2. Average DN value and the corresponding vitality level.

Categories Number of Towns Average DN Range Vitality Level

1 312 0.000002–0.001912 lowest
2 48 0.002023–0.06446 low
3 22 0.006819–0.013408 medium
4 15 0.015813–0.029433 high
5 5 0.036620–0.056652 highest

2.3.3. Global Moran’s I Tool

In spatial autocorrelation analysis, the most commonly used statistic is Global Moran’s
I, which is mainly used to describe the average degree of association of all the spatial units
with their surrounding areas over the whole region. It is a widely used measure of global
spatial autocorrelation [70,71], and measures the spatial autocorrelation based on element
locations and element values. Given a set of elements and associated attributes, the tool
assesses whether the expressed pattern is clustered, discrete, or random. The tool assesses
the significance of this index by calculating the Moran’s I index value, Z-score, and p-value.
The Moran’s I statistic for spatial autocorrelation can be expressed as follows:

I =
n
S0
×

∑n
i=1 ∑n

j=1 wi,jzizj

∑n
i=1 z2

i
(2)

where zi is the deviation of the attribute of element i from its mean (xi − X), wi,j is the
spatial weight between elements i and j, n is the total number of elements, and S0 is the
aggregation of all spatial weights.

Moran’s I index is usually interpreted as a correlation coefficient with values in the
range (0,1). A Moran’s I value greater than 0 indicates that the data exhibit a spatially
positive correlation, with larger values being more clearly spatially correlated, while a
Moran’s I value less than 0 indicates that the data exhibit a spatially negative correlation,
with smaller values being more spatially different. Further, a Moran’s I value of 0 indicates
that the data are spatially randomly distributed. When interpreting the Moran’s I index,
it is necessary to analyze it along with the p-value and Z-score. The p-value indicates
the probability; when the value of p is small, the observed spatial patterns have a high



Land 2022, 11, 85 6 of 17

probability of clustering. The Z-score is a multiple of standard deviation, which can reflect
the degree of dispersion of the data set.

2.3.4. Anselin Local Moran’s I

Global autocorrelation is used to describe the overall distribution of a phenomenon
and to determine whether there are aggregation characteristics of this phenomenon in space,
but it does not precisely indicate the areas in which the aggregation is located [42,72]. Given
a set of elements and an analysis field, the Anselin Local Moran’s I analysis tool identifies
spatial clusters and spatial outliers for elements with high or low values, facilitating the
detection of spatial heterogeneity between data. Anselin Local Moran’s I is generally used
to measure local spatial autocorrelation. It can be calculated as follows:

Ii =
xi − X

S2
i

n

∑
j=1,j 6=i

wi,j
(
xj − X

)
(3)

where xi is the attribute of element i, X is the average of the corresponding attributes, and
wi,j is the spatial weight between elements i and j. S2

i can be calculated as follows:

S2
i =

∑n
j=1,j 6=i

(
xj − X

)2

n− 1
(4)

where n is the total number of elements, and a positive value of Ii indicates that the elements
have a spatial clustering of neighboring elements that contain the same high or low (high–
high or low–low) attribute values. A negative value of Ii indicates that the elements have a
spatial clustering of neighboring elements that contain different (High–Low or Low–High)
attribute values.

3. Results
3.1. Current Situation of Town Vitality

According to the calculated average DN value of each town and the results of the clas-
sification of the vitality intensity level, the vitality intensity of Chinese characteristic towns
varied significantly. The towns with the highest vitality intensity were Guzhen, Zhongshan
City, and Guangdong Province (light density value 0.05665221), whereas the light density
of Xin’an Town, Changde City, and Hunan Province was the lowest (0.00000186), with the
difference between the two being approximately 30,458×. The difference in the intensity
of vitality reflects the result of the combined effect of various factors, such as the level of
economic development, location advantages, and tourism resources of different towns.

In addition, the overall vitality of Chinese characteristic towns was low. Among the
402 towns, the number of towns with medium, high, and highest vitality was 42, accounting
for only approximately 1/10th of all the characteristic towns. Except for the above 42 towns,
the remaining towns fell in the category of low vitality, and 360 towns had low grades, the
number of which was more than 90% of the total number of Chinese characteristic towns.

3.2. Spatial Distribution Characteristics
3.2.1. Overall Spatial Pattern

The overall spatial pattern of the vitality of Chinese special towns is shown in Figure 2.
The towns with a high level of vitality were primarily clustered in the economically de-
veloped coastal areas, mostly concentrated in the two major regions of east and south
China, the Yangtze River Delta and Pearl River Delta being the most evident ones. The
light density of small towns in the central and western regions was lower, and their vitality
was generally low to medium; the vitality of small towns gradually decreased from the
southeast coast to the northwest inland regions. This reveals vitality’s relatively similar
spatial characteristics with China’s population density and economic development level.
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Figure 2. Vitality profile diagram of the Chinese characteristic towns.

The towns with the highest ranking of vitality intensity included Guzhen Town,
Qiaogang Town, Wujing Town, Anting Town, and Lujia Town. All of these towns are
located in the economically developed and densely populated coastal areas. whereas the
characteristic towns in some extensive and sparsely populated areas, such as Kashgar in
northwest China, Hulunbeier in north China, and Ali in southwest China, had low average
light values because of their relatively backward economic development and vast land area.

3.2.2. Local Spatial Pattern

Figure 3 presents a comparison of the vitality values of the six geographic regions in
China. Two regions, east China and south-central China, had high values of vitality, and
Shanghai, Guangdong, Fujian, Jiangsu, and Zhejiang were more evident in displaying these
results. In contrast, the other four regions had a large gap between east and south-central
China, and the spatial distribution of the vitality was uneven.

In addition, by calculating the average DN value of each region (Table 3, Figure 4),
the lighting density ranking of each region, from high to low, was as follows: east China,
south-central China, north China, northeast China, southwest China, and northwest China.
The region with the highest activity was east China, with an average light density value
of 0.004838, followed by south-central China with a value of 0.003190. North China and
northeast China had overall medium activity, whereas southwest and northwest China had
a large gap compared to the above regions, ranked at the end of the position. Based on
Figures 2 and 3, the overall light brightness distribution of Chinese characteristic towns
displayed the strongest spatial pattern in the east, followed by the central regions. The
weakest vitality was noted in the west, which is roughly consistent with the distribution
patterns of China’s population density or GDP.
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Table 3. Average light density of the six regional characteristic towns.

Rank Region Average DN

1 East China 0.004838
2 South-central China 0.003190
3 North China 0.001897
4 Northeast China 0.001313
5 Southwest China 0.000921
6 Northwest China 0.000401

3.3. Spatial Analysis of the Vitality of Chinese Characteristic Towns
3.3.1. Global Spatial Autocorrelation Analysis

Based on the average DN values of the 402 Chinese characteristic towns, a global
correlation analysis was performed using the ArcGIS software. Table 4 shows the Moran’s
I index, p-value, and Z-score. The Moran’s I index was positive, the p-value of Moran’s
I index test was <0.01, and the Z-score was >2.58, indicating a more significant positive
spatial correlation among the towns. Thus, the vitality level of each town was significantly
influenced by the neighboring towns.

Table 4. Global spatial autocorrelation analysis index of Chinese characteristic towns.

Index Value

Moran’s I 0.464942
p-value 16.269162
Z-value 0.000000

3.3.2. Local Space Autocorrelation Analysis

The Global Moran’s I index measures the presence of clustering or an outlier of the
vitality of Chinese characteristic towns, i.e., the overall spatial correlation, but does not
reveal where the clustering or anomalies occur. Therefore, local spatial autocorrelation
analysis was used to explore the local distribution characteristics of town vitality. Table 5
and Figure 5 present the detailed results.
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Table 5. Distribution of clustering types of Chinese characteristic towns.

Towns

HH
Fengjing, Chedun, Zhujiajiao, Xinchang, Wujing, Anting, Luojing, Zhuanghang,
Luzhi, Hangji, Lujia, Menghe, Puyuan, Dongpu, Hanjiang, Jinjing, Sanjiangkou,

Beijiao, Guzhen, Xiqiao, Shawan, Lecong, Tangxia, and Dayong
HL Qiaogang
LH —
LL —

Note: “—” means no data.

In terms of distribution characteristics, the “high–high” agglomerations were primarily
located in east and south-central China, including the Yangtze River Delta, the Pearl River
Delta, and the coastal areas of Fujian. These areas were characterized by high town vitality
and were surrounded by areas with high town vitality. Geographically, the districts located
in the “high–high” agglomeration are adjacent to each other, forming a mutually supportive
linkage area that reflects a clear spatial diffusion effect. The only town in the “high–low”
agglomeration was Qiaogang, Guangxi, which has a high level of vitality but is surrounded
by towns with relatively low levels of vitality. The remaining towns showed insignificant
clustering with no “low–high” and “low–low” types.

3.4. Analysis of the Drivers of High-Vitality Towns

The difference between the towns with the highest and lowest vitality was 30,458×.
It is important to recognize the gap between the towns and understand the development
status of the towns with high vitality to provide reference for the towns with low vitality
and promote the coordinated and sustainable development of China’s new urbanization.
The top five towns in the ranking of the 402 Chinese characteristic towns in terms of vitality
were Guzhen, Qiaogang, Anting, Wujing, and Lujia, which belong to the first echelon
of vitality ranking and are geographically located in eastern and southern central China
on the southeast coast of China (marked in Figure 2). Guzhen Town, Guangdong, has
a high level of economic development, with a public revenue of USD 129.38 million in
2018, 12,690 industrial enterprises under its jurisdiction, an active individual and private
economy, accounting for >95% of the total economy, and 155 stores or supermarkets with
an area of >50 m2 in its 52 km2 jurisdiction. This reflects the strong purchasing power of
its residents. The lighting industry is the pillar industry of Guzhen, and lighting products
are sold both locally and abroad. Guzhen is known as the “lighting capital of China”, with
an average DN value of 0.05665, ranking first among all towns. Shanghai is one of the
cities with the highest level of economic development in China, all the towns under its
jurisdiction have exhibited a high level of vitality. Anting Town and Wujing Town, despite
their administrative division as town-level units, have been influenced by the extremely
strong radiation of Shanghai, and their industries and infrastructure are comparable to
some small cities in China. Furthermore, the town has industrial parks that meet its
own development characteristics. In Anting Town, for example, there were 222 industrial
enterprises under its jurisdiction in 2018, and the annual main business revenue of each
enterprise exceeded USD 3 million; therefore, the level of vitality was high. In addition,
it could be observed that Anting and Wujing towns can, respectively, rank only third
and fourth due to the industrial specificity of Guzhen town and the historical heritage of
Qiaogang town. However, among the nine Chinese characteristic towns in Shanghai, eight
towns, except Dongping town, rank among the top 30 out of the 402 towns, which signifies
an obvious positive correlation between economic development and the town vitality level.
The Suzhou Kunshan perennial ranking of China’s top 100 counties can be described as
China’s richest county-level cities, its per capita public revenue being even higher than
that of most first-tier cities in China. Lujia Town is located in this region, and depending
on “Goodbaby”, a pregnancy and infant enterprise, the town will become a well-known
“children’s town” both nationally and internationally. Notably, Guangxi is a province with
an overall low level of vitality, but the town of Qiaogang shows an extremely high level of
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vitality. Due to its historical inheritance, Qiaogang was especially established by the state
to settle the Chinese citizens that returned from overseas. Despite its small area of only
approximately 2 km2, it has a high level of economic development, an extremely efficient
GDP output, with a gross regional product close to USD 47 million, and a busy nighttime
economic activity, making it rank second among all towns.

From a comprehensive perspective, the top-ranked towns in terms of vitality have
the following similarities: They are located in China’s southeastern coastal region, and
they have favorable geographical locations, convenient transportation conditions, pro-
found historical heritage or cultural accumulation, large number of industrial enterprises,
and complete industrial structure. Further, their development models and construction
experience can provide some reference for towns with lower vitality.

4. Discussion
4.1. Night Lighting Data Perspective of Town Vitality

This study used lighting image data to preliminarily explore the vitality of charac-
teristic towns. Previous studies revealed that traditionally, the most common method for
evaluating the vitality of a region is to characterize the vitality of a town by constructing an
index evaluation system using statistical data [73–75]. This approach makes it convenient to
obtain data and calculate and compare the results, but the method is limited by the accuracy
of statistical data and the evaluation results lack objectivity. Moreover, each researcher has
a different understanding of vitality and will choose to construct a different evaluation
system based on different perceptions; therefore, different scholars may obtain different
results. With the continuous progress of science and technology, some scholars have made
a series of innovations from the research perspective [42,50–52], data sources [27,28,44–46],
research space [34,35], and research methods [54] of vitality. The research results have been
enriched and the vitality research system has been improved. Based on previous research,
this study developed an innovative method by not constructing an index evaluation system
to characterize the specific vitality value of each town. However, it used the nighttime
lighting data as a reference, established a numerical relationship between nighttime lighting
and the area of each town, adopted the method of the ratio of the DN value of the nighttime
lighting of the town and the area, and obtained the lighting density value of each town.
Additionally, based on the natural interruption point grading method, it determined the
lighting density of 402 towns. The light density of the 402 towns was classified according
to the natural intermittent point grading method, which made the difference in town light
intensity clear and intuitive.

Nighttime lighting data have been widely used in the fields of urban spatial structure
analysis, urban habitat environment, socioeconomic index estimation, and public safety,
specifically in the identification of urban built-up areas [76], urban expansion [77,78] and
urban contraction [79] during urbanization, urban wind, and thermal environments [80],
GDP estimation [81], population estimation [82], tourism activities [83], poverty identifi-
cation [84], carbon emissions [85], and energy consumption [86]. Scholars have achieved
enhanced research results in increased macroscopic spatial scale perspectives, such as
cities and countries; however, they are limited by the accuracy of spatial resolution, which
makes it difficult to engage in small-scale research from a microscopic perspective. Among
the results of studies using nighttime light data for urban vitality [24,55,56], despite their
respective unique research contributions, DMSP-OLS and NPP-VIIS nighttime light data
were used, which still have limitations in the accuracy of spatial resolution. The data used
in this study were nighttime light images of Luojia1-01, the spatial resolution of which was
approximately 130 m, and their accuracy was considerably higher than that of DMSP-OLS
and NPP-VIIS, thereby making it possible to study nighttime light remote sensing data at a
more refined town-scale. Research on the vitality of the characteristic town in this study
confirmed the feasibility of using the nighttime lighting data of Luojia1-01 for town-scale
research. In addition, ever since DMSP-OLS and NPP-VIIS nighttime light remote sensing
data were released, these data have been widely researched in various fields and have
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yielded fruitful results. By providing nighttime light data with a high resolution and
better quality, Luojia1-01 can accordingly facilitate research studies in many of the fields
mentioned above, and it is believed that more accurate research results could be obtained.

4.2. Limitations

Although this paper innovatively conducted a study on the town’s vitality level by
combining the nighttime lighting data of Luojia1-01, there are still some limitations to this
study. First, because of the generally high summer temperature in China, all places can
perform nighttime economic activities, and the town is relatively active at this time; in
winter, the northern regions are affected, the nighttime economic activities are weaker,
and the difference in nighttime economic activity between the south and the north is
significant at this time. To avoid the influence of this seasonal difference, the nighttime
light images selected in this study included all the imaging data captured between July
and August 2018, to assist in the evaluation of the difference in town vitality intensity in
different spaces during the same season. Nevertheless, weather conditions vary from place
to place in the same season, and cloudy and rainy weather, among others, may influence
the calculation results. In this study, we intended to use the nighttime light images of
Luojia1-01 under weather conditions of <5% cloud cover, but these conditions could not
be acquired via screening on the official website of Luojia1-01; we could only select image
data with better quality by visual interpretation. This may have had some influence on
the calculation results. Second, the updated official data of Luojia1-01 has a certain lag,
with an average lag time of approximately 2 years, and the imaging data selected in this
study were from 2018. This may have affected the suitability of this study. Moreover,
Luojia1-01 temporarily cannot provide data on long time series, which is not conducive
to the study of vitality intensity changes, from an evolutionary perspective. On the other
hand, DMSP-OLS and NPP-VIIS nighttime light remote sensing data include long-term
data despite their low resolution. From this perspective, Luojia1-01 is at a disadvantageous
position. In addition, although Luojia1-01 is already the most accurate night light remote
sensing satellite available, its resolution of 130 m still has certain limitations in conducting
research in a smaller area, town, or at an even finer scale.

In the future, we will further improve research on the vitality intensity of characteristic
towns in response to these limitations. First, we will develop the means of acquiring
research data, combining multiple sources of data, such as Luojia1-01 nighttime light
images and other large data, to provide more reliable data support for the research. Second,
we will use the updated Luojia-1 nighttime light data to conduct research on the vitality
of characteristic towns from the perspective of temporal evolution. In addition, we will
further evaluate the interactions between the development of characteristic towns and the
society, economy, and environment; provide scientific suggestions for the coordination of
environmental protection and economic development of characteristic towns; and improve
the research result system of the characteristic town in China.

5. Conclusions

After 2016, the Chinese government supported the development of characteristic
towns, and the enthusiasm of local applications for the establishment of national char-
acteristic towns escalated. A total of 403 national characteristic towns were established
during 2016–2017. Owing to policy support, the development and construction of charac-
teristic towns around the world are faced with problems such as insufficient development
planning, disorderly expansion of town space, imperfect support, lack of distinctive charac-
teristics, insufficient development momentum, and lack of vitality. This calls for a review
and reflection on the development effectiveness of characteristic towns. The present study
analyzes the spatial differences and factors influencing the vitality of national characteristic
towns from the perspective of town vitality and provides new perspectives and methods
for the study of Chinese characteristic towns, besides providing decision-making references
for their further development and construction. The research content of this study was
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formulated with attention to the spatial attributes of small towns, which are of guiding
significance for the development of small towns in various regions, in the context of the
vast size of China and the drastic variation in development in different regions.

In this study, we used the professional nighttime light remote sensing satellite data of
Luojia1-01 with higher accuracy. We used the ArcMap raster calculator tool to convert the
brightness and superimpose the total amount of lights and area of each town. We also used
the calculated average light value to characterize the vitality of the town, which proved
that the 130-m resolution of the Luojia1-01 nighttime light data was feasible for evaluating
town vitality. The following conclusions could be made:

(1) The difference in the vitality level of the Chinese characteristic towns was significant.
The average light density value of Guzhen Town in Zhongshan City, which has the highest
vitality level, was 0.05665221. The lowest light density was noted in Xin’an Town in
Changde, Hunan Province, with a level of 0.00000186, yielding a 30,458× difference. In
addition, the overall level of vitality intensity of the Chinese characteristic towns was
low, with 42 towns having medium-to-high levels of vitality intensity, accounting for only
approximately 1/10th of all the characteristic towns, whereas 360 towns had low levels of
vitality intensity.

(2) The spatial pattern of the highest vitality was observed in the eastern part, followed
by the central part, and the lowest vitality was noted in the western part of China. The
average light density of the characteristic towns in east China was 0.004838, and the average
light density in south-central China was 0.003190, both of which were high. In contrast,
the average light densities of the towns in northwest China and southwest China were
0.000401 and 0.000921, respectively, which were low and demonstrated the uneven spatial
distribution of vitality.

(3) The results of the spatial correlation analysis showed that the vitality of the Chinese
characteristic towns showed a more significant positive spatial correlation, and the town
vitality was influenced by the surrounding areas. The “high–high” agglomerations were
primarily located in the Yangtze River Delta, Pearl River Delta, and Fujian coastal areas in
east and south-central China. These areas were characterized and surrounded by towns
with high vitality. Only “high–low” agglomerations were observed in Qiaogang Town,
Guangxi, which had a high level of vitality but was surrounded by towns with a relatively
low vitality; the remaining towns showed insignificant clustering.

(4) The driving forces of the towns with higher vitality had high similarity; they were
towns with a superior geographical location, high levels of economic development, rich
tourism resources, long historical heritage, and rich cultural deposits. In addition to having
a larger number of industrial enterprises and a more complete industrial structure, their
construction experience could provide some reference for towns with lower vitality.

In summary, the nighttime light density and the regional economic development level
showed a more significant positive correlation; hence, with the help of nighttime light
data, the economic development of an area can be measured in terms of vitality, and these
results can then be used to supplement some economic indicators. However, Liaojia1-01
lacks data of long time series, and unfortunately a temporal-spatial evolution study cannot
be conducted for the time being. In the future, the latest images of the long time series
will be combined to further analyze the spatial growth of vitality values and the changes
of vitality.
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