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Abstract: China’s poverty alleviation projects have made significant contributions to global poverty
eradication. This study investigates the impact of China’s poverty alleviation projects on nighttime
lighting in 831 state-level impoverished counties using the “NPP-VIIRS-like” dataset and discusses
the difference of land use change under different nighttime light clusters in order to provide reference
for future policy formulation and implementation. Our results show that the growth of total intensity
of nighttime lighting (GRTNL) and the year-on-year growth rate of total intensity of nighttime lighting
(YGRTNL) in China’s impoverished counties are 103.74% and 9.69% from 2013 to 2021, respectively,
which are both higher than the average levels of all counties (67.16%, 6.77%) and non-poor counties
(64.68%, 6.56%) in China during the same period. Additionally, we discovered that impoverished
counties that lifted out of poverty earlier had significantly higher nighttime lighting intensity than
those later. Regional analysis reveals that the growth of nighttime lighting intensity shows a trend
of decreasing from the central (1550.89 nW·cm−2·sr−1) to the eastern (924.57), western (762.57), and
northeastern regions (588.07), while the growth rate decreases from western regions (282.46%) to
the eastern (189.13%), central (178.56%), and northeastern (108.07%). We also identified that Gini
coefficient of nighttime lighting has a trend of “slow and short-term rise-rapid and continuous
decline”. Moreover, nighttime lighting growth had similar trends with land use change, especially
construction land. Overall, our study provides novel insights into the relationship between poverty
alleviation effects and nighttime lighting in China’s impoverished counties, which could inform
future policy-making and research in this area.

Keywords: nighttime lighting; poverty alleviation; land use change; China

1. Introduction

The overarching goal of the United Nations Sustainable Development Goals (SDGs) is
to eradicate poverty from every corner of the world permanently [1]. Poverty is a serious
challenge faced by countries worldwide, particularly in developing nations [2], and in-
cludes energy [3], global carbon emissions [4,5], climate change [6,7], human health [8], and
even social and psychological barriers [9]. China’s rural areas have undergone significant
transformations over the past four decades, with per capita real income of rural households
increasing almost 22 times [10]. China’s poverty alleviation strategy and rural revitaliza-
tion strategy are two national measures to promote the rapid growth of rural household
income [11]. China completely eradicated rural poverty by the end of 2020, becoming the
first developing country to achieve the United Nations Sustainable Development Goal of
eradicating poverty by 2030, ten years ahead of schedule. However, the most prominent
social issues in China today are the widening rich-poor gap and the inequality between
urban and rural areas [12,13]. With the transfer of the main social contradictions, the biggest
imbalance in China currently is the imbalance between urban and rural development, and
the biggest deficiency is insufficient rural development [14]. Focusing on the economic
development level of rural China in the context of policy implementation is significant
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in achieving the overall goal of China’s agricultural and rural modernization, as well as
agricultural development and rural reform in other developing countries.

Countries worldwide generally used several key economic indicators in the past, such
as GDP, per capita income, and consumption capacity, to calculate the level of regional
economic development [15–17]. However, most of this kind of data is obtained using
traditional statistical methods, which has many problems such as strong lag, high acqui-
sition cost, and vulnerability to human factors [18]. Nighttime lighting can detect weak
artificial light at night and obtain surface information completely different from that in
the daytime, so it is widely used to monitor various information and changes related to
human activities [19,20]. In recent years, there have been some remote sensing satellites of
nighttime lighting and the data products, such as Luojia-1, JL1-3B, DMSP-OLS, NPP-VIRS,
etc. [21–25]. The progress of human activity reflected by the change of nighttime lighting
in a long time series relies on the Defense Meteorological Satellite Program’s Operational
Line Scan (DMSP-OLS) data available since 1992 and the Suomi National Polar-orbiting
Partnership’s Visible Infrared Imaging Radiometer Suite (NPP-VIIRS) data available since
2012 [24]. The research hotspots mainly focus on the application of nighttime lighting in
socioeconomic studies, which has expanded rapidly during the last two decades with focus
on a range of topics, including mapping urban expansion and population dynamics [26–30],
tracking electricity consumption [31,32], estimating GDP [23,33,34], poverty [35–37], and
the environmental impacts of light emissions (light pollution) [38], including the impact on
human health [39]. The research has the advantages of low acquisition cost, guaranteed
update cycle, long time series, effective avoidance of administrative boundary change, and
human interference [40]. It was an important replacement and reverse evolution of the clas-
sic GDP indicator, which could better measure the level of regional economic development
and gradually become an important means for monitoring urban economic activities [41].

Many researchers have studied the correlation between nighttime lighting data and
the economy, such as directly exploring the correlation between nighttime lighting data and
GDP [33,42,43], or using nighttime lighting data to explore the authenticity of economic
data [41,44]. These research results show that the brightness of night lights could be used
as a substitute variable for GDP and could be used to measure the actual economic growth
rate. Indeed, especially for rural areas, it has also been demonstrated in Colombia that
nighttime lighting is a good proxy for economic activity [45]. In other words, it is reasonable
to use nighttime lighting data to characterize the economic development in rural areas.
At the same time, LUCC information is usually associated with and mainly driven by
socioeconomic factors and is also a direct reflection of economic activities [46–48]. It is well
documented that the relationship between economic growth and LUCC information is not
a one-way effect, but rather a complex relationship of interactions [49,50]. On the one hand,
economic activities have profoundly changed the surface morphology of the Earth. On the
other hand, the variation process of land use and land cover has significant impacts on the
economy. As the foundation for economic activities, land is an indispensable production
factor for economic development, and the input of land resources plays an important role
in promoting economic growth [51–53].

China has made great efforts to develop the rural economy, since the Targeted Poverty
Alleviation policy proposed in 2013. Assessing the effectiveness of poverty alleviation
in China is crucial to developing management approaches to economic and social sus-
tainability. Research has indicated the correlation between nighttime lighting data and
the economy, and revealed that LUCC information is usually associated with and mainly
driven by socioeconomic factors. To understand the effectiveness of the poverty alleviation
policy in China, we could analyze nighttime lighting data to indicate economic develop-
ment and reveal how land use changes in impoverished areas for further maintenance and
development in impoverished areas. Therefore, the purpose of this study is to map the
nighttime lighting directly in 831 state-level impoverished counties in China from 2013 to
2021 to examine the impact of poverty alleviation on the rural economy, and to further dis-
cuss the LUCC at different impact levels. Specifically, it includes (1) assessing the economic
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development of impoverished counties based on nighttime lighting data; (2) studying
the temporal and spatial variation characteristics of nighttime lighting in impoverished
counties, including spatial equilibrium and cluster/outlier analysis; (3) using K-means clus-
tering based on the DTW distance algorithm to identify clusters of impoverished counties
with similar time series characteristics of nighttime lighting data; and (4) analyzing the
land use change laws of impoverished counties with different clusters of nighttime lighting.
Applying nighttime lighting data to measure the effectiveness of policies will help ensure
objectivity and is of great significance for subsequent policy proposals, though without the
combination with socioeconomic data.

2. Materials and Methods
2.1. Description of the Study Area

The study area encompasses all of China, located in the southeastern part of Eura-
sia, between latitudes 4◦15′ to 53◦31′ N and longitudes 73◦34′ to 135◦5′ E. The region is
characterized by complex geomorphological types, and the mountainous area is very large,
accounting for 2/3 of the national area. For historical and environmental reasons, a large
number of impoverished people live in mountainous areas of China. Accurately identifying
the impoverished and key support counties is an important way for China to target poverty
alleviation and the development of rural areas, concentrate efforts on ensuring adequate
supply, and prevent the scattered use of poverty alleviation funds. In 2014, the former
State Council Leading Group of Poverty Alleviation and Development proposed a list of
831 impoverished counties in China. The year of poverty alleviation for these counties
varied, with 3.4% announcing poverty alleviation in 2016, 15.1% in 2017, 34.1% in 2018,
41.1% being lifted out of poverty in 2019, and 6.3% declaring poverty alleviation in 2020.
This data, as well as other information, was obtained from the National Rural Revitalization
Administration (http://nrra.gov.cn/, accessed on 24 August 2022).

To address the significant spatial differences in the development of impoverished
counties, we divided the study area into four major regions, including the eastern and
central parts as well as the west and the northeast, following the classification standard of
the “Intermediate and Northeast Regional Division” published by the National Bureau of
Statistics in 2011 (Figure 1). The eastern region comprises 10 provinces and municipalities,
including Beijing, Jiangsu, Shanghai, and others. The central region includes 6 provinces:
Shanxi, Anhui, Jiangxi, and others. The western region covers 12 provinces, municipalities,
and autonomous regions, such as Guangxi, Sichuan, Guizhou, and others. The northeast
region includes Liaoning, Jilin, and Heilongjiang provinces. Among the four regions, the
western region has the highest proportion of impoverished counties, accounting for 68%,
followed by the central region at 23%, and the northeast region has the lowest number of
impoverished counties, accounting for only 3%.

2.2. Data Source
2.2.1. Nighttime Lighting Dataset

To identify temporal and spatial changes in nighttime lighting across the entire study
area, we utilized the “NPP-VIIRS-like NTL Data” from 2000–2021 at a global 500 m res-
olution for the years 2013–2021 [54]. The accuracy of this dataset was verified by the
data producer and was found to be qualitatively akin to NPP-VIIRS nighttime lighting
data, effectively capturing detailed information about the interior of the town and its
temporal variation.

2.2.2. Land Cover Datasets

The land cover data used in this study were derived from the annual China Land
Cover Dataset (CLCD) based on Google Earth Engine [55]. The dataset provides annual
land cover information for China from 1985–2021. The data producers compared the CLCD
with existing thematic land cover products and found that it showed good agreement with
global forest change, global surface water, and impervious surface time series datasets.

http://nrra.gov.cn/
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This dataset is one of the few publicly available long time series year-by-year land cover
data with a 30 m resolution, and it has potential applications in annual land cover change
studies in China.
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Figure 1. Distribution of impoverished counties in China, 831 in total.

2.3. Methods
2.3.1. Research Framework

To examine the impact of China’s poverty alleviation on nighttime lighting in 831 state-
level impoverished counties, we utilized the “NPP-VIIRS-like” nighttime lighting remote
sensing dataset from 2013 to 2021 to obtain revised national nighttime lighting data and
generate a map of nighttime lighting distribution for these counties (Figure 2). To explore
the temporal and spatial characteristics of economic development, we analyzed the inter-
annual variation of nighttime lighting intensity and constructed the Gini coefficient of
urban nighttime lighting to examine the spatial equilibrium of economic development.

Additionally, we used K-means clustering based on the DTW distance algorithm
to identify clusters of impoverished counties with similar time series characteristics of
nighttime lighting data. We selected typical impoverished counties with different nighttime
lighting cluster characteristics as research objects and constructed a land use change transfer
matrix in the research period. By analyzing the land use change laws of impoverished
counties with different clusters of nighttime lighting, while considering their own land
resource endowments, we obtained insights into the impact of poverty alleviation on
economic development. It should be clear that our results presented are indications of
covariance in the variables, and that there is no triangulation of the nighttime lighting data
and, also, that our results are not affected by data precision.
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2.3.2. Identification of Spatial–Temporal Characteristics of Nighttime Lighting Data

Previous studies have established a strong positive correlation between nighttime
lighting data and the level of economic development [24]. In this study, we aim to evaluate
China’s economic development from 2013 to 2021 at the state level using state-scale night-
time lighting data and the NPP-VIIRS nighttime lighting annual synthetic data to capture
the temporal and spatial variation of nighttime lighting.

The total intensity of nighttime lighting (TNL) was calculated for 831 impoverished
counties and other non-impoverished counties in China to assess the level of nighttime
lighting from 2013 to 2021. Additionally, we used the growth of total intensity of nighttime
lighting (GTNL) and the growth rate of total intensity of nighttime lighting (GRTNL) to
analyze the nighttime lighting change trend in the study area, with a particular focus
on impoverished counties. Furthermore, we chose the year-on-year growth rate of total
intensity of nighttime lighting (YGRTNL) to indicate the year-by-year changes in nighttime
lighting intensity in the study areas.

2.3.3. The Spatial Equilibrium of Nighttime Lighting in Impoverished Counties

The spatial equilibrium of human production activities is closely linked to the spatial
distribution of nighttime lighting [56]. This study employs the urban nighttime lighting
Gini coefficient [57] as a measure of research. The measurement values obtained by this
method show significant consistency with the traditional Gini coefficient used to measure
income inequality.

The urban nighttime lighting Gini coefficient ranges from 0 to 1. Values closer to
1 indicate more pronounced differences in economic scale among regions and greater
imbalances in development. Conversely, lower values indicate smaller differences in
economic scale and more balanced development. When the measurement value exceeds
0.5, it suggests a significant gap in social development within the region.

2.3.4. Cluster/Outlier Analysis of Nighttime Lighting

The study aimed to investigate the temporal homogeneity of nighttime lighting data in
impoverished counties, and to analyze the relationship between nighttime lighting trends
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and land use changes. To achieve this, the K-means clustering method based on the dynamic
time warping (DTW) distance algorithm [58] was used to group the nighttime lighting
trends of 831 impoverished counties into five clusters based on their sequential similarities.
Each cluster’s characteristics were analyzed to identify similarities and differences in their
trends (Figure 3).

Land 2023, 12, x FOR PEER REVIEW 6 of 19 
 

lighting Gini coefficient [57] as a measure of research. The measurement values obtained 

by this method show significant consistency with the traditional Gini coefficient used to 

measure income inequality. 

The urban nighttime lighting Gini coefficient ranges from 0 to 1. Values closer to 1 

indicate more pronounced differences in economic scale among regions and greater im-

balances in development. Conversely, lower values indicate smaller differences in eco-

nomic scale and more balanced development. When the measurement value exceeds 0.5, 

it suggests a significant gap in social development within the region. 

2.3.4. Cluster/Outlier Analysis of Nighttime Lighting 

The study aimed to investigate the temporal homogeneity of nighttime lighting data 

in impoverished counties, and to analyze the relationship between nighttime lighting 

trends and land use changes. To achieve this, the K-means clustering method based on 

the dynamic time warping (DTW) distance algorithm [58] was used to group the 

nighttime lighting trends of 831 impoverished counties into five clusters based on their 

sequential similarities. Each cluster’s characteristics were analyzed to identify similarities 

and differences in their trends (Figure 3). 

 

Figure 3. The basic steps of the DTW+K-means algorithm. 

To better understand the relationship between land use change and economic de-

velopment in impoverished counties, we selected typical impoverished counties with the 

highest fit degree in each cluster as representative cases in order to analyze the current 

status and characteristics of land use changes under different nighttime lighting clusters. 

Our results provide insights into the temporal changes of nighttime lighting data in 

impoverished counties, and the associated land use changes [59]. The K-means clustering 

method helped identify distinct nighttime lighting trends, and the representative cases 

revealed the relationship between nighttime lighting and land use changes. This infor-

mation could help policymakers and researchers develop effective poverty alleviation 

strategies and promote sustainable urban development. 
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To better understand the relationship between land use change and economic develop-
ment in impoverished counties, we selected typical impoverished counties with the highest
fit degree in each cluster as representative cases in order to analyze the current status and
characteristics of land use changes under different nighttime lighting clusters.

Our results provide insights into the temporal changes of nighttime lighting data in
impoverished counties, and the associated land use changes [59]. The K-means clustering
method helped identify distinct nighttime lighting trends, and the representative cases re-
vealed the relationship between nighttime lighting and land use changes. This information
could help policymakers and researchers develop effective poverty alleviation strategies
and promote sustainable urban development.

3. Results
3.1. Amount Identification of the Nighttime Lighting

During the entire study period, the nighttime lighting intensity in impoverished coun-
ties in China exhibited a significant increasing trend (Figure 4). Despite having a relatively
small base of total nighttime lighting intensity (TNL), the intensity steadily increased. The
growth of total nighttime lighting intensity (GTNL) in impoverished counties averaged
942.89 nW·cm−2·sr−1, accounting for approximately 33.95% of the national average county
growth. In terms of growth rate, the growth rate of total nighttime lighting intensity
(GRTNL) in impoverished counties was 103.74%, far exceeding the total growth rate of
67.16% in counties and 64.68% in non-impoverished counties, and it peaked from 2016
to 2018. Additionally, the average year-on-year growth rate of total nighttime lighting in
impoverished counties (YGRTNL) was 9.69%, exceeding both the national average annual
growth rate of 6.77% and the average annual growth rate of non-impoverished counties
of 6.56%. Therefore, the study demonstrates that impoverished counties outperformed
non-impoverished counties throughout the study period.
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Figure 4. Amount identification of the nighttime lighting of nationwide, impoverished, and nonim-
poverished counties based on TNL and YGRTNL.

We investigated the relationship between the year-on-year growth rate of nighttime
lighting and poverty alleviation years in different impoverished counties (Figure 5). The
growth rate in impoverished counties exhibited significant fluctuations across different
years, displaying an overall N-shaped pattern characterized by a gradual slowdown from
2015 to 2017, followed by a continued deceleration until 2020, and a subsequent recovery
from 2020 to 2021, thus showing an “acceleration-slowdown-rebound” trend. Notably,
all impoverished counties achieved their highest growth rate during 2016–2017. Between
2019 and 2020, the growth rate of nighttime lighting in all impoverished counties dropped
to the lowest. However, from 2020 to 2021, the growth rate of nighttime lighting in all
impoverished counties rebounded significantly, with some surpassing the levels during
2017–2018. Furthermore, the impoverished counties that were lifted out of poverty that
year exhibited a significantly higher growth rate than those that were lifted out of poverty
in other years. Furthermore, as depicted in the figure, there is a positive correlation between
the year of poverty alleviation and the intensity of nighttime lighting data, with the earlier
poverty alleviation year corresponding to higher lighting intensity. Moreover, the trend
of nighttime lighting change after poverty alleviation did not significantly slowdown but
continued to grow.

3.2. Spatial Identification of the Nighttime Lighting

The changes in nighttime lighting in impoverished counties exhibit significant spatial
variability, with an overall trend of decreasing intensity from the central region to the
eastern, northeastern, and western regions (Figure 6). The growth rate of nighttime lighting
exhibits a similar trend, with a decreasing rate from the western region to the central and
eastern regions (Figure 7).

Specifically, the western region, which accounts for 68% of China’s impoverished
counties, has a slightly smaller average increase in nighttime light intensity than the central
region, at 762.57 nW·cm−2·sr−1. However, there are striking internal differences, with
the maximum growth reaching 7919.34 nW·cm−2·sr−1, while the minimum growth is
only −1910.82 nW·cm−2·sr−1. Impoverished counties with nighttime light growth rates
exceeding 2000% are concentrated in the western region, while 66% of impoverished
counties with negative growth rates in nighttime light intensity are also in this region.
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The central region, which accounts for 23% of China’s impoverished counties, has
the highest average increase in nighttime light intensity at 1550.89 nW·cm−2·sr−1. The
increase in different impoverished counties is relatively different, with the maximum at
9892.43 nW·cm−2·sr−1 and the minimum at −1112.23 nW·cm−2·sr−1, and the internal
differences are not particularly obvious. The growth rate is at a medium level, with an
average growth rate slightly lower than that of the western region, at 178.56%, and the
internal spatial differences are small.

The eastern region has only 50 impoverished counties, accounting for 6% of the
total. The overall increase in nighttime light intensity is slightly higher than that of the
western region, at 924.57 nW·cm−2·sr−1, but the growth rate is lower than that of the
western region, at 189.13%. Similarly, the northeastern region has only 28 impoverished
counties (accounting for 3%), with the smallest increase in nighttime light intensity data,
at 588.07 nW·cm−2·sr−1, and a growth rate that is only half of that in the western region,
at 108.07%.

To further analyze the spatial differences in the growth rates of nighttime lighting
in different economic regions of China, the nighttime light data of each impoverished
county was subtracted from the national average growth rate of nighttime lighting to
characterize the real development speed of impoverished counties (Figure 8). There are
487 impoverished counties with a growth rate greater than the national average, scattered
throughout the country. However, the 319 impoverished counties with a growth rate
less than the national average are mainly located in the western region, indicating spatial
differences in the effectiveness of poverty alleviation effects across the country.
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Figure 8. Average annual lighting growth rate after poverty alleviation in impoverished counties.
If average annual lighting growth rate in the figure greater than 0 means that the growth rate of
nighttime lighting in the impoverished counties is greater than the national average, and less than
0 means that it is lower than the national average.

3.3. The Spatial Equilibrium of Nighttime Lighting in Impoverished Counties

We used the Gini coefficient to assess the spatial equilibrium of nighttime lighting
in impoverished counties, and the results showed that the Gini coefficient of nighttime
lighting in impoverished counties exhibited a “slow, temporary rise, continuous decline”
trend during the study period (Figure 9). Notably, internal differences in impoverished
areas have decreased, indicating improved coordination in development. Nevertheless, in
2013, the Gini coefficient of nighttime lighting in urban impoverished counties surpassed
the “warning line” for regional balanced development (0.4), reaching 0.54. From 2013
to 2015, the Gini coefficient of nighttime lighting in impoverished counties increased,
followed by a continuous decline from 2015 to 2017, and it stayed stable from 2017 to 2020.
Finally, there was a significant decrease from 2020 to 2021. Interestingly, the gap between
impoverished counties and non-impoverished areas in China has been narrowing, and the
disparity in regional development has been decreasing. From 2013 to 2021, the difference
decreased from 0.07 to 0.03, and the Gini coefficient gradually became similar.

3.4. Cluster/Outlier Analysis of Nighttime Lighting Based on Time Series and Land Use Change
3.4.1. Cluster/Outlier Analysis of Nighttime Lighting Based on Time Series

The DTW+K-means algorithm (k = 5) was utilized to group 831 impoverished counties
into five distinct clusters based on their temporal similarity in nighttime lighting changes,
based on a time series (Figure 10). Cluster 1 comprises 385 impoverished counties, Cluster
2 has 279, Cluster 3 has 106, Cluster 4 has 51, and Cluster 5 has 10. Comparing the cluster
centers of each cluster reveals the temporal characteristics of nighttime lighting changes in
the five clusters.
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Figure 10. Nighttime lighting cluster analysis of impoverished counties. The five clusters include
low base-slow growth type, low base-steady growth type, medium base-rapid growth type, high
base-rapid growth type, and high base-slow growth type.

The temporal characteristics of nighttime lighting changes in each impoverished
county cluster are as follows (Figure 11): low base-slow growth (66.67% growth rate), low
base-steady growth (88.46% growth rate), medium base-rapid growth (94.44% growth rate),
high base-rapid growth (150.02% growth rate), and high base-slow growth (46.67% growth
rate). Impoverished counties in low base-slow growth and low base-steady growth exhibit
a relatively small nighttime lighting base, particularly low base-slow growth cluster with
nighttime lighting intensity less than 500 nW·cm−2·sr−1 from 2013 to 2021. The nighttime
lighting intensity base of medium base-rapid growth cluster is less than 2000 nW·cm−2·sr−1,
but shows a rapid growth trend during the poverty alleviation stage. For high base-rapid
growth cluster, it has a large nighttime lighting base, and has grown rapidly since 2017, with
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a much higher growth rate than other clusters. A high base-slow growth cluster exhibits
the largest nighttime lighting intensity base, far exceeding other types, and it maintained a
upward trend from 2013 to 2018, with a slight decrease for two consecutive years after 2018
to 2021, followed by a return to an upward trend. This cluster has the lowest growth rate
during the research period.
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3.4.2. Land Use Change under Cluster/Outlier Analysis of Nighttime Lighting

To provide a more nuanced understanding of the varying trends in land use changes
across different clusters of nighttime lighting data, we selected five representative cases of
typical impoverished counties that exhibited the highest degree of fit in each cluster for
further analysis (Figure 12).
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Lianghe, located in Yunnan province, demonstrated a low base-slow growth of night-
time lighting. During the study period, there was minimal land conversion occurring
between forest and cropland, while grassland and cropland were gradually converted to
settlement; Wugang, located in Hunan province, experienced a low base-steady growth
of nighttime lighting, with a high proportion of cropland and forest (98.34%). The con-
version of forest and cropland was steady, while the conversion of other land use type
to settlement was relatively slow (around 0.53 square kilometers per year), resulting in
a steady increase in nighttime lighting; Lingao, located in Hainan province, exhibited a
medium base-rapid growth of nighttime lighting, with a high proportion of cropland and
forest initially (96.03%). However, the flow of other land use types into settlement was
one-way and the conversion rate was relatively high (around 0.51 square kilometers per
year), resulting in a rapid increase in nighttime lighting during the study period. Kashgar,
located in Xinjiang province, showed a high base-slow growth of nighttime lighting, with a
significant amount of existing settlement and a slow rate of conversion of other land types
into settlement. Finally, Hengshan, located in Shanxi province, exhibited a high base-rapid
growth of nighttime lighting, with a relatively high initial proportion of settlement (0.63%).
There was a significant conversion of cropland and grassland to settlement, leading to a
sharp increase in nighttime lighting.

We found that the nighttime lighting growth rate and the variation trend of land use
change are similar in many counties. A high nighttime lighting growth rate is always with
the high land use change rate. Specifically, different nighttime lighting intensity has various
initial structures of land use types and increasing rates of the settlement. Generally, the
higher the nighttime lighting intensity, the larger the base of settlement, and the faster the
growth rate of the nighttime lighting intensity shows a faster increase in settlement.

4. Discussion and Conclusions
4.1. Discussion

Nighttime lighting data from China’s impoverished counties have a correlation with
the effectiveness of China’s poverty alleviation policies. In the critical period of evaluating
the effect of phased poverty alleviation, preventing people who have been lifted out of
poverty from falling back into poverty, and alleviating relative poverty, is of positive signif-
icance to reflect the implementation effect of China’s policies through nighttime lighting
data. Therefore, the main purpose of this study is to process the nighttime lighting data of
China’s impoverished counties from 2013 to 2021, analyze the impact of Chinese policies
on it, and test the effectiveness of China’s poverty alleviation policy implementation.

We analyzed the nighttime lighting data from time and spatial dimensions by using
the interannual variation index of county nighttime lighting. It is found that the growth
of total intensity of nighttime lighting (GRTNL) and the year-on-year growth rate of the
total intensity of nighttime lighting (YGRTNL) in China’s impoverished counties are both
higher than the average levels of all counties and non-poor counties in China during
the same period. However, according to data from the National Bureau of Statistics of
China, the growth rate of infrastructure investment in China has slowed down since 2018,
which may lead to a decline in the growth rate of total nighttime lighting intensity in both
impoverished and non-impoverished counties. In addition, that decline in support at the
end of poverty alleviation policies or the influence of environmental factors, such as the
epidemic, may also lead to the nighttime lighting intensity in some impoverished counties
showing a downward trend in 2020. Some impoverished counties are at risk of falling
back into poverty after being declared out of poverty but continue to achieve economic
growth after the implementation of the rural revitalization strategy. By analyzing regional
characteristics based on the division of China’s four major economic regions, we found
that the growth of nighttime lighting intensity shows a trend of decreasing from the central
to the eastern, northeastern, and western regions (central region has average increase
in nighttime light intensity at 1550.89 nW·cm−2·sr−1, eastern at 924.57 nW·cm−2·sr−1,
northeastern at 588.07 nW·cm−2·sr−1 and western at 762.57 nW·cm−2·sr−1), while the
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growth rate decreases from the western to the eastern, the central, and northeastern regions
(the northeastern region has the growth rate of nighttime lighting at 108.07%, the central at
178.56%, the eastern at 189.13%, and the western at 282.46%). The most probable reasons
for these results are that the western region that integrates border areas, ethnic minority
areas, and areas prone to natural disasters has relatively slow poverty alleviation policies,
which are based on the premise of environmental protection. While the central region has
a convenient transportation network and abundant resources, and its poverty alleviation
policies attach importance to the consolidation and development of industries so that it
shows a better result. In addition, we also found that impoverished counties that were
lifted out of poverty earlier had significantly higher nighttime lighting intensity than those
lifted out of poverty later. In other words, the earlier a county was lifted out of poverty,
the greater its nighttime lighting intensity, which indirectly confirms the reliability of
nighttime lighting data as an indicator of economic activity. At the same time, early poverty
alleviation does not necessarily mean a weakening of the growth rate of nighttime lighting
data. In a considerable period, impoverished counties that were lifted out of poverty earlier
were able to maintain a relatively fast growth rate of nighttime lighting intensity, which
confirms the effectiveness and sustainability of China’s poverty alleviation effects.

Based on spatial equilibrium and cluster/outlier analysis of nighttime lighting, it was
found that the results showed a trend of “slow and short-term rise-rapid and continuous de-
cline” after we introduced the Gini coefficient of nighttime lighting, indicating that China’s
poverty alleviation policy and work tend to be mature after long-term exploration. We then
built a K-means clustering algorithm based on DTW similarity to divide 831 impoverished
counties into five categories, and found that they have different characteristics during
the study period. The growth rate of some clusters declined after the end of the Targeted
Poverty Alleviation policy, but it increased, instead, after the implementation of the rural
revitalization strategy, which is another policy from the Chinese government to help rural
areas develop.

As land factors are closely related to economic development, we selected five typical
impoverished counties that exhibited the highest degree of fit in each cluster and analyzed
their land use transfer matrix. We found that the nighttime lighting growth rate and the
variation trend of land use change are similar in many counties. A high nighttime lighting
growth rate is always with the high land use change rate. Specifically, different nighttime
lighting intensity has various initial structure of land use types and increasing rates of
the settlement. Generally, the higher the nighttime lighting intensity, the larger the base
of settlement, and the faster the growth rate of the nighttime lighting intensity shows
a faster increase in settlement. The main reason for this is that settlement is a human-
dominated land use type, and the greater its proportion and growth rate, the more intense
human activities are, which is consistent with previous research [60]. At the same time,
the study also found that impoverished counties with a low base and slow changes in
nighttime light (that is, weak economic activities) often have high proportions of forest
lands or other types that are less involved in human activities. Therefore, considering
the performance of different land use types at different levels of economic development,
future poverty alleviation and rural revitalization work should give preference to land
use policies in economically backward areas in order to maintain and improve the local
economic development level.

4.2. Conclusions

Our research indicates that the growth of nighttime lighting intensity in impoverished
counties is directly correlated with economic growth. Counties with higher nighttime
lighting intensity tend to achieve poverty alleviation earlier, confirming the effectiveness
of using objective indicators such as nighttime lighting data to assess poverty alleviation
policies and gain deeper insights into economic activity in impoverished areas. The eco-
nomic level of China’s national impoverished counties is steadily improving, and poverty
alleviation and rural revitalization policies have a sustainable impact on nighttime lighting
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and economic development in these counties, emphasizing a sustained balance between
time and space. Additionally, we found different nighttime lighting intensity has various
initial structure of land use types and increasing rates of the settlement. Generally, the
higher the nighttime lighting intensity, the larger the base of the settlement, and the faster
the growth rate of the nighttime lighting intensity shows the faster increase in settlement.
This finding emphasizes the importance of effective land resource management to promote
economic growth and eradicate poverty.

It can be concluded that effective poverty alleviation policies can promote a country’s
economic growth and development, while targeted policies for impoverished areas can
have a positive impact on their economic growth and help prevent people from falling back
into poverty.

4.3. Limitations and Uncertainties

Our research provides evidence for the positive impact of China’s poverty alleviation
policies on the nighttime lighting data of impoverished counties, reflecting the progress
made in poverty alleviation and economic development. Additionally, the findings sug-
gest that nighttime lighting data can serve as a valuable indicator for evaluating poverty
alleviation policies and their implementation.

However, the study only focuses on the impact of poverty alleviation policies on
nighttime lighting data and does not consider different poverty alleviation models’ effec-
tiveness and sustainability. Future research could combine nighttime lighting data with
social surveys and spatial statistics to fully understand the effectiveness and sustainability
of poverty alleviation effects. It could also explore the relationship between other indicators
and poverty alleviation policies to provide a more comprehensive evaluation of different
poverty alleviation models’ effectiveness and sustainability, which could focus on two main
aspects. First, analyzing the drivers behind spatial pattern changes in relation to actual field
surveys may help in a better understanding of real-life problems. Second, incorporating
data from land surveys as the third-party verification factor could decrease the deviation
from the coupling of different remote sensing data products (such as lighting and land use)
due to varying resolutions and the scale effect of geographic studies.
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