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Regional poverty is one of the most serious challenges facing the world today. Poverty, antipoverty, and poverty alleviation are the
focus of the attention of scholars and the public. Tis paper takes China’s counties as the research unit, selects the infuencing
factors of poverty from natural and socio-economic factors, establishes an evaluation index system, simulates the natural poverty
index and socio-economic poverty eradication index of each county, and clarifes the distribution characteristics of spatial poverty
using GIS spatial analysis and BP artifcial neural network.Te results indicate that natural factors are the main cause of poverty in
Chinese counties, with 710 counties having a high natural poverty index, accounting for nearly 30% of the total number of counties
in the country. Te national county-level natural poverty index shows a clear strip distribution pattern along latitude and
longitude, with a strip distribution from north to south and from west to east; socio-economic factors have played a certain role in
poverty alleviation, with as many as 1521 counties with low socio-economic poverty alleviation indices, accounting for ap-
proximately 64% of the total number of counties in the country. Te spatial distribution of the county-level socio-economic
poverty alleviation index is relatively fragmented. Trough spatial scanning statistics, a total of 44 county poverty pressure index
risk clusters reached a statistical signifcance level, involving 243 counties and districts. In poverty reduction practice, the internal
counties and districts of contiguous poverty-stricken areas should strengthen cooperation and exchange. In the process of poverty
alleviation and development, targeted poverty alleviation and economic development should be carried out based on the poverty-
dominant type and self-development ability of the county, in order to improve efciency. Regions that are relatively prosperous
and have taken the lead in poverty reduction should play a leading and exemplary role in strengthening the radiation power of
regional central cities. Te prominent feature of this study is the comprehensive utilization of multisource data and the use of new
spatial analysis methods (fexible spatial scanning method is widely used in the feld of infectious disease prevention and control
research). By constructing a multidimensional poverty measurement system that includes natural and social factors, it dis-
tinguishes the diferences between the factors that cause poverty and the factors that eliminate poverty in regional poverty. At the
same time, the fexible spatial scanning detection method was used to detect the diferentiation mechanism of poverty spatial
patterns.

1. Introduction

Regional poverty is one of the most serious challenges facing
the world today. Poverty, antipoverty, and poverty allevia-
tion are the focus of attention of scholars and the public [1].
Since the reform and opening up, the Chinese government
has implemented a series of policies to reduce poverty. Te
number of poor people in rural areas is rapidly decreasing.

However, the epidemic is still raging around the world since
the beginning of 2020. Te epidemic of SARS-CoV-2 has
closed borders in many countries around the world, sus-
pended fights, disrupted trafc, closed factories, and closed
stores. Te global economy has experienced the largest
negative growth in decades. And the impact on the world is
far from over. Agence France-Presse reported in October
epidemic of SARS-CoV-2 has hit the American middle class
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hard and has pushed 8 million people back into poverty.
According to a study released in March 2021 by the Pew
Research Center [2], an independent polling agency in the
United States, the epidemic of SARS-CoV-2 has caused at
least 32 million middle-class Indians to return to poverty.
According to the estimates of the United Nations Economic
Commission for Latin America (CEPAL), the poverty rate in
Latin America will increase by 4.4 percentage points to
33.7% in 2020, and the number of poor people will increase
by 28.7 million. Te extreme poverty rate rose by 2.5 per-
centage points to 13.5%. Te number of people living in
extreme poverty increased by 16 million, and nearly 83.4
million people faced food crisis. While the poverty rate has
risen, social stratifcation has accelerated [3]. Te epidemic
has had a greater impact on socially disadvantaged groups.
On the one hand, due to poor health and hygiene protection
conditions, these groups are more vulnerable to the epi-
demic; on the other hand, unemployment and income de-
cline have a greater negative impact on life. Although the
epidemic is basically under control in China, it still occurs
frequently in some areas, and the prevention and control
situation is still very severe. Preventing the pressure from
returning to poverty due to the epidemic has also become
a major task of China’s national governance in the next
stage; at the same time, the identifcation of poor areas has
been questioned and criticized by scholars and the public
due to the lack of scientifc and reasonable identifcation
methods. According to diferent targeting scales, poverty
identifcation can be divided into two types, respectively,
family or individual identifcation and geographic identif-
cation. Geographic identifcation refers to poverty identi-
fcation carried out by geographic units of diferent scales. At
this stage, China’s poverty is still very large, and the
remaining poor population is spatially distributed. It has
obvious regional characteristics, which inevitably de-
termines that in the long-term future, the targeting of
poverty alleviation projects must still be based on regional
targeting. Te identifcation of the traditional poor areas is
mainly based on a single indicator, but it only depends on
a single indicator cannot accurately identify poverty areas
and their characteristics, failing to achieve the goal of
“precision poverty alleviation” in space, causing the phe-
nomenon of “there is no assistance”. If we simply measure
poverty based on statistical data such as income, we often
lack a geospatial perspective and cannot intuitively clarify
the regional characteristics that caused poverty and the
infuencing mechanism of spatial geography on poverty.
Under the background of the country’s vigorous promotion
of “precision poverty alleviation”, it is of great theoretical
value and profound realistic signifcance to identify poor
areas from a spatial perspective and multiple dimensions,
and to classify them and propose diferentiated counter-
measures for poverty alleviation.

Since the 1990s, more and more attention has been paid
to the research and application of the results of spatial
poverty in the world. From the perspective of social, eco-
nomic, ecological environment, and other multidimensional
space, exploring the endowment of geographical resources,
regional spatial characteristics, spatial trap, spatial

dependence of poverty, and so on have become hot topics in
the feld of poverty research at home and abroad. At the
research scale, with the application of GIS and remote
sensing technology, the development of statistical methods,
and the enrichment of micro data, the study of poverty
geography is being developed by focusing on the formation
mechanism of the macro-level poverty trap and the com-
bination of low-level equilibrium shifting to multiple scale
combination including micro, meso, and macro. In research
methods, attach importance to regional poverty appraise-
ment, and quantitative analysis of regional poverty infu-
encing factors. In the research content, pay close attention to
the identifcation of spatial poverty traps, research on the
coupling relationship between multidimensional geographic
factors and rural poverty, regional poverty appraisement,
regional targeting, assessment, and so on. In the formulation
of poverty alleviation policies, it is often difcult for policy
makers to observe and obtain the real attribute character-
istics of poor families, which will restrict the efectiveness of
the precision poverty alleviation policy to a certain extent
[4]. Due to the nesting, correlation, and infuence of diferent
spatial scales, individual or family poverty on the micro-
scale is often afected by economic result on the medium and
macro-scale. Terefore, it is still necessary to carry out re-
search on poverty space from the perspective of meso- and
macro-scale. At present, most of the related research studies
take provincial or prefecture-level cities as the research
object, and it is rare to target more detailed nationwide
research on the regional unit [5].

Based on this, this paper takes the county as the basic
unit, abandons the traditional method of relying solely on
statistical data for poverty measurement, and uses GIS,
artifcial neural network, and multisource spatial data to
obtain the spatial complexity distribution of the natural
poverty index, socioeconomic poverty reduction index, and
poverty pressure index at the county level in China. For the
frst time in the feld of poverty research, the Flexible spatial
scanning detection method was used to identify deeply
impoverished counties. Quantitative analysis was conducted
on the impact of natural poverty factors and socioeconomic
poverty reduction factors on county poverty. Simulate the
relationship between county environmental conditions and
the occurrence of poverty and its spatial pattern, and explore
the main factors leading to poverty in deeply impoverished
counties, aiming to fnd out the current situation of poverty
in the country, and providing scientifc references for
proposing diferentiated poverty reduction suggestions and
improving the regional accuracy of poverty alleviation
policies. From a multidimensional perspective, this paper
abandons the traditional method of simply relying on sta-
tistical data such as income to measure poverty. By using
GIS, artifcial neural network, and multisource spatial data,
this paper quantitatively analyzes the impact of natural
poverty causing factors and social and economic poverty
alleviation factors on regional poverty, and simulates the
relationship between regional environmental conditions and
the occurrence of poverty and its spatial pattern, which can
help to understand the current situation of poverty. Improve
the precision of regional targeting of poverty alleviation
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policies to provide scientifc reference. Te fndings of this
study could provide valuable implications for formulating
China’s poverty alleviation strategy after 2020, thereby
contributing to global poverty alleviation and development.

2. Related Work

Te famous British economist Rountree frst proposed the
concept of poverty at the beginning of the 20th century. He
explained poverty from the perspective of the most basic
living needs of human beings. He believed poverty is a state
in which the total income of a family cannot meet the most
basic living needs of the family members [6]. Since only the
single indicator of minimum living security expenditure is
used as the basis for dividing poverty, it is called single-
dimensional poverty. Based on the defnition of single-
dimensional poverty, the World Bank proposes to use the
criteria of “1.25 US dollars per day” and “1 US dollars per
day” as the basis for determining the international poverty
status [6]. Tere are three poverty line standards in China,
namely “1984 standard”, “2008 standard”, and “2010 stan-
dard”, and the corresponding poverty lines are 200 yuan, 865
yuan, and 2300 yuan, respectively. As far as the current
domestic scholars’ research on poverty is concerned, the
meaning of single-dimensional poverty mainly refers to
income poverty, that is, under certain environmental con-
ditions, the overall income of individuals, families, and social
groups cannot meet the minimum requirements of people’s
basic living needs and resources, so they are classifed
as poor.

In the 1980s, the research on poverty was further ex-
tended and expanded, and scholars’ understanding of
poverty gradually developed from one dimension to mul-
tidimensional, from simple income poverty to multiple
dimensions of material, rights, and abilities. Te theory of
multidimensional poverty originated from Amartya Sen,
who won the Nobel Prize in Economics in 1998. He believed
that poverty is the deprivation of basic feasible capabilities of
human beings [7].Te problem of human poverty is not only
the poverty of economic income, but also the poverty of
infrastructure and public services, as well as the poverty of
subjective feelings of social welfare. Te defnition of mul-
tidimensional poverty is thus come.

In the 1950s, space economists Harris [8] andMyrdal [9]
proposed that the social and economic development of
backward areas has a certain relationship with the local
geographical location. By the 1990s, the research and ap-
plication of the theory of spatial poverty had received
extensive attention from researchers, and the un-
derstanding of geographic capital also appeared in the
study of spatial poverty. Geographical capital is the col-
lection of natural, social, and economic capital formed by
the agglomeration of natural, social, and economic capital
in a certain geographical location. Te lack of geographic
capital in a certain area leads to the formation of a spatial
poverty trap, which leads to spatial poverty; that is, spatial
poverty is the regional poverty caused by the lack of natural
environment, social economy, and other geographical
capital. Te research on spatial poverty is mainly to reveal

the degree of infuence of geographic capital on the spatial
distribution of poverty.

Usually, poverty is divided into absolute poverty and
relative poverty. Under the infuence of the concept of
single-dimensional poverty, many scholars have carried out
research on the accuracy of identifying individuals with
income poverty by formulating diferent poverty lines, and
proposed many methods, such as the Engel Coefcient
Method, the Income Ratio Method, the Martin Method, the
Linear Expenditure System Model Method, and so on.
Domestic scholars compared the poverty line measurement
methods proposed by foreign scholars, and believed that the
method suitable for China’s actual poverty measurement
was the Martin Method.

Economic growth is an important guarantee for poverty
eradication. Although the economically developed areas
have strong fnancial support and a sound social public
service system [10], a sound social public service system will
automatically allow higher-income groups to drive the de-
velopment of low-income groups by providing jobs and
increasing consumption through the “trickle-down efect”,
thereby establishing an environment where social groups
can enjoy benefts fairly [11]. However, more and more
studies have shown that income can only refect one aspect
of human development and poverty, and cannot fully refect
poverty in other dimensions besides income. With the
proposal of the conception of multidimensional poverty,
many scholars have correspondingly conducted research on
the identifcation and measurement of poverty from the
perspective of multidimensional and multiindicators.
Hagenaars [12] added the dimension of leisure on the basis
of single-dimensional poverty, and identifed and measured
poverty from the two aspects of leisure and income, which
laid the foundation for subsequent scholars’ related research.
Nussbaum [13] used 10 dimensions such as physical health,
life, thought, real perception, interpersonal relationship, and
environmental awareness to explore the problem of ability
poverty in issues such as social justice and human rights.
Watts proposed the frst distribution-sensitive poverty in-
dex, which is called theWatts index. After that, Charkravarty
[14] extended the Watts index to the Watts multidimen-
sional poverty index based on axiomatic conditions, and was
widely used in countries around the world. Callander et al.
[15] constructed a multidimensional poverty measurement
index system from three dimensions of income, health, and
education, and identifed the poverty-stricken individuals at
diferent stages in the central area, the transition area be-
tween the city center and the suburbs, and the three sub-
urban areas in Australia. Luzzi and others [16] used the
principal component analysis method to determine the
optimal dimension for measuring poverty, and eliminated
the multicollinearity efects between indicators of diferent
dimensions and between indicators of the same dimension,
and used cluster analysis to explore the impact of each
dimension on the unbalanced efects among diferent
groups.

Among the research studies on poverty in the world,
Chinese scholars’ research on multidimensional poverty not
only compares foreign multidimensional poverty

Complexity 3



measurement methods, but also measures China’s poverty
from multiple dimensions. Li [17] frstly measured and
analyzed the poverty situation in rural China from multiple
dimensions. Wang and Alkire [18–20] used the AF method
to measure and identify China’s multidimensional poverty,
and further studied the decomposition of regions, di-
mensions, and urban and rural areas. Zou and Fang [21]
studied the fuzzy set method for measuring average ability
deprivation, the efciency method, and the measurement
method based on the input-output theory, and discussed the
existing problems and future development trends of mul-
tidimensional poverty measurement.

In the 1990s, Jalan and Ravallion [22] conducted a survey
on farmers in four southern provinces, including Guangxi
and Guangdong, and the results showed that spatial dif-
ferences in factors such as topography, medical care, edu-
cation, and road network density would cause some areas to
fall into persistent poverty. Ravallion and Lokshin [23]
found through their research on poverty in Bangladesh that
geographical factors have a great infuence on poverty, and
location environment is the decisive factor leading to
poverty. Minot et al. [24], Epprecht et al. [25], and others
studied the distribution of spatial poverty in Vietnam and
found that the poor are mainly concentrated in inland
mountainous areas, and terrain and road density are the
main infuencing factors of spatial poverty. Curtis et al. [26]
and others found that the high incidence of child poverty in
the United States is concentrated in the southern Appala-
chian Mountains, remote areas, and northern plains Indian
aboriginal agglomeration areas, and race and employment
are the main factors causing poverty.

In summary, there aremany studies on spatial poverty by
domestic and foreign scholars. In their research, the mea-
surement objects include both the impoverished population
and administrative units, and the research scale includes
both macro and relative micro levels. Te research methods
are also diferent. However, the rural impoverished pop-
ulation in China exhibits a wide range and relatively con-
centrated spatial distribution pattern, with a multilevel
organizational structure and spatial agglomeration distri-
bution pattern of impoverished households, impoverished
villages, impoverished counties, and impoverished areas.
With the deepening of China’s poverty alleviation work, the
complexity and difculty of rural poverty problems continue
to emerge, and the promotion of precision poverty allevi-
ation strategy is facing unprecedented pressure and chal-
lenges. Terefore, in the formulation of poverty reduction
and elimination policies, decision-makers often fnd it dif-
fcult to observe and obtain the true characteristics of
impoverished families, which can to some extent constrain
the efectiveness of precision poverty alleviation policies.
However, traditional methods for identifying poverty-
stricken areas and calculating the number of impov-
erished people mainly focus on single factors such as in-
come, which is often unable to accurately identify
impoverished individuals and their poverty characteristics,
and rarely consider geographical factors. Terefore, there is
a lack of geographical spatial perspective, which cannot
intuitively clarify the regional characteristics of poverty and

the impact mechanism of spatial geography on poverty. Te
results obtained are often not well matched with other spatial
data.Tere is currently no relevant research on using fexible
spatial scanning detection to identify poverty risks in
impoverished areas.

Tere are not many studies on the mechanism of spatial
diferentiation of poverty. Minot and Baulch [27] and others
studied the spatial distribution of poverty in Vietnam using
the small-area estimation method, and put forward corre-
sponding poverty reduction policy recommendations.
Katsitadze [28] studied the causes of poverty and the dis-
tribution of spatial poverty in Georgia in the post-Soviet era
and proposed corresponding poverty reduction methods. Li
et al. [29] and others used household survey data from 22
counties in 13 provinces to study how to implement targeted
poverty reduction methods.

In this paper, two research methods are used: artifcial
neural networks and spatial scan metrology. Artifcial neural
network (ANN) is a network that is widely interconnected
by a large number of neurons. It is an abstraction, simpli-
fcation, and simulation of the human brain neuron network
from the perspective of information processing. It refects
the basic characteristics of the human brain. Its research
began in the early 1940s. Te psychologist McCulloch and
the mathematical logician Pitts established a neural network
and mathematical model, referred to as the MP model, and
the development process was from the initial development
climax to 1969. Te book “Perceptron” in 2009 proposed
that perceptrons cannot solve the problem of higher-order
predicates, which greatly afected the research on artifcial
neural networks. Tere was a low tide period until the BP
algorithm was proposed in 1986, which marked the artifcial
neural network. Another research climax is coming. Te
research content includes theoretical research, technical
research, and applied research.Tis paper focuses on applied
research.

In the past ten years, the research work of artifcial neural
networks has become more and more in-depth, and great
progress has been made in practical applications, For ex-
ample, in the felds of automation, prediction, and esti-
mation, biology, medicine, and economics, many practical
problems that modern computers cannot solve have been
very successfully solved. At present, there are many models
of artifcial neural networks, and learning algorithms are
emerging one after another. However, from the perspective
of its application, there are only more than ten kinds of
research studies, among which BP (back propagation) neural
network is the most representative [30]. Its applications are
involved in various felds. In the research on poverty
identifcation and measurement; on the whole, there are few
studies using the BP neural network method to analyze
spatial poverty.

Identifying spatial agglomerations has always been the
core goal of space science and spatial statistics. Currently,
there are three methods: general, focused, and agglomera-
tion identifcation [31] to identify and test the existence of
spatial agglomerations. Global Moran’s I and Local Moran’s
I are the most widely used general and focused identifcation
test methods, respectively. Te non-random geographic
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process produces spatial agglomeration. Compared with the
former two, the agglomeration identifcation test uses the
likelihood ratio test [32] to evaluate the spatial agglomer-
ation situation of geographical phenomena without prior
knowledge or assumptions. Naus and Naus [33] frst pro-
posed the scanning statistic model in 1965. Tis agglom-
eration detection test can not only detect whether
a phenomenon or event exists in a certain area, but also can
accurately locate and determine the size of the aggregation
area [34]. Before 1995, researchers generally used scanning
windows of fxed shape and size, but due to the diferent
regional population densities and the indeterminacy of the
distribution scale of geographical events, the identifcation
results were far from the actual situation. In 1995, Kulldorf
and Nagarwalla [32] and others proposed a generalized
mathematical model based on likelihood ratio test, which
corrects for nonuniform population density and uses
variable-sized circular or elliptical scanning windows [35],
but it cannot detect irregularly shaped agglomerations; in
2005, Tango and Takahashi [36, 37] and others proposed
a fexible spatial scanning measurement method on the basis
of circular scanning measurement. A collection of geo-
graphically connected regions, diferent regions are scanned
with a dynamically changing irregular scanning window,
and the scanned region is limited to a smaller neighborhood
of the starting region.

Tis method can not only detect whether a phenomenon
or event is clustered in a certain area, but also can accurately
locate and determine the scale of the cluster area, which is
mostly used for risk prediction and assessment of diseases,
but the related research on spatial poverty has not been seen,
so this paper uses this method to detect the risk of poverty in
poor areas.

3. Methods and Data Sources

3.1. Methods

3.1.1. BP (Back Propagation) Neural Network. To evaluate
the poverty status of a region, multiple indicators need to be
considered at the same time to form a comprehensive
evaluation index system. Te problem of spatial poverty is
generally characterized by spatiality, nonlinearity and un-
certainty due to the simultaneous interaction of natural and
socioeconomic factors. So it is not possible to use a simple
linear method for causal analysis. BP (back propagation)
neural network is a multilayer feedforward artifcial neural
network using an error back propagation algorithm, with
the advantages of simple model construction and a rich
training algorithm. Tis paper uses the BP neural network
to simulate the natural impoverishing poverty index (NII)
and social economic poverty alleviation index (SEPAI) in
MATLAB R2012b. Take each natural and social economic
factor (Table 1) as the input layer, NII and SEPAI as the
output layer, and the number of nodes in the hidden layer is
determined by the formula n �

������
ni + n0

√
+ a (n is the

number of nodes in the hidden layer. ni and n0 are the
number of nodes in the input layer and output layer, re-
spectively. In this paper, ni and n0 are 6 and 1, respectively,

and a are constants between 1 and 10). Finally, the number
of nodes in the hidden layer is determined according to the
above formula through many experiments. After repeated
tests, it is fnally determined that the number of nodes in
the implicit layer of NII and SEPAI in the simulation
process is 5. Traditional BP algorithm (such as traingdx)
has a slow convergence speed and is easy to fall into local
minimum, while L-M optimization algorithm (Lev-
enberg–Marquardt) uses the derivative of error to replace
the derivative of mean square error of traditional BP al-
gorithm, and uses batch processing in the training process,
which greatly improves the convergence speed and con-
vergence, so the training function used in this paper is L-M
optimization trainlm algorithm function. Finally, the
Poverty Pressure Index (PPI) is put forward. According to
NII and SEAPI, the PPI of the study area is determined.Te
expression is

PPI � NII∗ (1-0.2∗ SEAPI). (1)

In the formula: 0.2 is social economic poverty alleviation
coefcient, whichmeans that 20% SEPAI is used to eliminate
or alleviate local poverty.

3.1.2. Flexscan Measurement Method. Te purpose of using
the Flexscanning measurement method in this paper is to
detect poverty-stricken counties with a high risk of poverty,
and to further identify and determine the deep-poor
counties that need to be focused on in the future. Te key
to the Flexscanning statistics of the average risk is to detect
the abnormal situation of poverty occurrence at the three
scales of province, city, and county, that is, to detect whether
the poverty pressure index at the three scales of province,
city, and county has a statistical signifcance of aggregation,
its precise location and the magnitude of poverty risk.
Currently, there are two methods for Flexscanning statistics,
SaTScan, and Flexible.Te former uses a dynamic circular or
elliptical scanning window to analyze the risk of poverty.Te
size and position of the scanning window are dynamically
changed, which can avoid the subjective infuence caused by
human selection; the latter mainly uses the dynamic ir-
regular scanning window to analyze the size of the risk of
poverty occurrence. Based on the irregularity of the
boundaries of administrative divisions at all levels, this paper
adopts Flexible. Te theoretical poverty pressure index is
calculated according to the Poisson distribution, and then
the log-likelihood ratio test statistic (Log Likelihood Ratio
Test Statistic) (LLR for short) is constructed using the actual
poverty pressure index and the theoretical poverty pressure
index. Finally, the scanning window with the largest LLR is
selected as the high-poverty aggregation window [36], the
provinces, cities, and counties included in the window are
determined, the relative risk of the corresponding study area
is calculated, respectively, and the Monte Carlo method is
used. Calculate the P value of the LLR to determine whether
it is statistically signifcant.

Assuming that the Flexscan statistics S is the largest
likelihood ratio among all possible scan windows Z, then
[34]
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S �
(max/Z) L(Z){ }

L0

�
max

Z

L(Z)

L0
􏼨 􏼩.

(2)

In the formula (2): L(Z) is the likelihood function value
of the scan window Z, and L0 is the likelihood function value
obtained based on the null hypothesis [34].

Te likelihood ratio of the Poisson model is

LLR �
L(Z)

L0

�
[n(Z)/u(Z)]

n(Z)
[N − n(Z)/u(G) − u(Z)]

n(G)− n(Z)

[N/u(G)]
n(G)

.

(3)

In the formula: n(Z) is the actual poverty pressure index
in the scanning window Z; μ (Z) is the ideal value of the
poverty pressure index in the scanning window Z obtained
according to the null hypothesis; N is the poverty pressure
index in the research area; μ (G) is the ideal value of the
poverty pressure index in the research area obtained
according to the null hypothesis, and μ (G)�N.

3.2. Data

3.2.1. Administrative Boundary Vector Diagram. As this
paper mainly studies rural poverty, for the convenience of
research, if there are several municipal districts in a city, it is
necessary to combine all municipal districts and name them
as “urban areas”, and then conduct statistical analysis as
a unit. Tus, a total of 2,389 county-level research units were
obtained nationwide. Data of Taiwan Province, Hong Kong,
and Macao SAR are temporarily unavailable and are not
included in the scope of study.

3.2.2. Digital Elevation Model. Te DEM grid resolution is
90m (Figure 1). Using DEM in ArcGIS software, the rele-
vant data and the county administrative boundary vector
map are superposed to obtain the terrain fragmentation,
average elevation, average slope, and composite terrain
index of each county.

3.2.3. NPP Data. NPP data obtained from NASA’s MODIS
product website (https://ladsweb.nascom.nasa.gov). It is
a synthetic product of MOD17A3 with 1 km resolution in
2013.TeMOD09A1 product used to calculate GVMI is also
downloaded from this website.

3.2.4. Precipitation Data. Te precipitation data in 2013 is
taken from China Meteorological Data Network (https://
data.cma.cn/).

3.2.5. Nighttime Light Data. Te night light data in 2013 is
from NOAA’s National Geographic Data Center (https://
ngdc.noaa.gov/eog/download.html), which is a stable
lighting product.

3.2.6. Social-Economy Statistical Data. Te social-economy
statistical data were collected from the China Regional
Economic Statistics Yearbook published in 2014, and some
missing data were obtained from the 2014 statistical year-
books of provinces and cities (2013 data). Te Digital Ele-
vation Model (DEM) data was obtained from the United
States Geological Survey (USGS) website (https://lta.cr.usgs.
gov/HYDRO1K )Te grid resolution is 90 meters (Figure 1).
Using the DEM in the ArcGIS software, the relevant data is
superimposed with the vector diagram of county adminis-
trative boundaries, and the terrain fragmentation, average
elevation, average slope, and synthetic terrain index of each
county are statistically obtained. Te sources of the data are
shown in Table 2.

3.3. Index System of County Poverty Appraisement. A com-
prehensive and in-depth analysis of regional poverty ap-
praisement needs to start from the perspectives of economy,
society, nature, and ecological environment, and system-
atically characterize regional poverty manifestations (eco-
nomic status and hard status), livelihood capabilities (social
status and soft status), and sustainable development capa-
bilities (natural environment and potential state). When
selecting an indicator, it is necessary to comprehensively
consider the basic principles of comprehensiveness, scien-
tifcity, conciseness, rationality, and operability of the in-
dicator. It can meet the poverty alleviation requirements of

Table 1: Appraisement index system of rural spatial poverty.

First-level index Second-level index Unit Data type

Natural environment

Net primary productivity (NPP) X1 gc/m2 Raster data
Catchment index X2 — Observation data

Terrain fragmentation X3 m Spatial grid
Average height X4 m Spatial grid
Average slope X5 — Spatial grid

Vegetation Humidity Index (GVMI) X6 — Raster data

Social economy

Per capita public fnancial revenue X7 Yuan/person Statistics data
Per capita household savings balance X8 Yuan/person Statistics data
Per capita net income of farmers X9 Yuan/person Statistics data

Illiteracy rate X10 % Statistics data
Bed number per 10000 of health institutions X11 Bed Statistics data

Average nighttime light X12 _ Raster data
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multidimensional comprehensiveness and fairness of spatial
poverty identifcation, the pertinence of research objects,
policy relevance, and availability of evaluation data on the
national scale at the same time. By referring to relevant
literature [38] and the actual situation of poverty-stricken
counties in China, and taking into account the monitoring
needs of the core indicators of the current national com-
prehensive poverty alleviation strategy, this paper is guided
by the theory of spatial poverty and the theory of man-land
relationship, and takes the county-level administrative di-
vision as the research object. Meanwhile, it combines ob-
jective factors such as the natural ecological environment to
alleviate poverty and the dynamic relationship of mutual
efect between poverty and the natural environment, ecol-
ogy, resources, society, economy, and other factors to

establish a candidate set of multidimensional poverty ap-
praisement index systems including natural, ecological en-
vironment, socioeconomic, and other indicators. On this
basis, candidate indicators are screened according to the
relevance and discrimination of the indicators, and factors
that a variance expansion factor VIF greater than 10 are
eliminated, and the impact of multicollinearity is reduced.
Te appraisement index system shown in Table 1 is fnally
obtained.

To study the spatial distribution pattern of rural poverty
at county level in China, frstly we must identify the factors
causing poverty and poverty alleviation, as well as the degree
of each factor’s impact on spatial poverty. In this paper, we
use correlation analysis to identify the factors that cause
poverty and eliminate poverty. Te cause of poverty is the
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Figure 1: Spatial distribution of some rasterization index. (a) DEM. (b) NPP. (c) Nighttime light. (d) Slope grade.

Table 2: Te sources of the data.

Data set name Data source

Te administrative boundary vector diagram Te 1 : 4,000,000 database of National Geographic Center for Basic Data
(https://www.ngcc.cn/ngcc/html/1/index.html)

Digital elevation model (DEM) data U.S. Geological survey (USGS) website (https://lta.cr.usgs.gov/HYDRO1K)
NPP data NASA’s MODIS product website (https://ladsweb.nascom.nasa.gov)
Te data of the amount of precipitation China Meteorological Data Network (http://data.cma.cn/)

Te nighttime light data National Geophysical Data Center of the U.S. National Oceanic and Atmospheric
Administration (https://ngdc.noaa.gov/eog/download.html)

Social-economy statistical data Te China Regional Economic Statistics Yearbook published in 2014
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factor that leads to poverty. Te factors caused poverty are
negatively related to the degree of poverty. Te greater the
numerical value of the indicators that caused poverty, the
more severe the degree of poverty. Tere is a positive cor-
relation between poverty alleviation factors and the degree of
poverty. Te higher the value of poverty alleviation in-
dicators, the lower the degree of poverty. Correlation
analysis is performed on each selected indicator and per
capita GDP to measure the factors that caused poverty and
poverty alleviation factors that afect the spatial distribution
of rural poverty in the county. Judging the factors causing
poverty and poverty alleviation factors according to the
results of related analysis, the size of the numerical value
indicates the degree of poverty.

Te NPP in the indicator system is used to refect the
strength of the productivity of the county ecosystem. Te
terrain fragmentation is characterized by the standard de-
viation of the high average at diferent points in each county.
Te compound Topographic Index (CTI) is a function of the
upstream confuence area (FA) and landscape slope (slope).
Te calculation formula is [38]

CTI � In
FA

tan(slope)
􏼠 􏼡. (4)

Te catchment index is introduced to represent the
availability of water resources in a county. Te calculation
formula is

AW �
(CTI∗AP)

10000
. (5)

In this formula, AW is the catchment index; and AP is
the annual precipitation. If a county has fat terrain, large
catchment area and abundant rainfall, its AW will be large.
On the contrary, if the terrain slope is large or the catchment
area is small, and the precipitation is scarce, then the AW
is small.

Te Global Vegetation Moisture Index (GVMI) can
refect the information of vegetation and soil moisture
comprehensively, and indicate the good or bad of the
ecological environment of the county. Te calculation for-
mula is [39]

GVMI �
(NIR + 0.1) − (SWIR + 0.02)

(NIR + 0.1) +(SWIR + 0.02)
. (6)

In the formula, NIR and SWIR are, respectively, the near
infrared band (Band 2) and short infrared band (Band 6) of
MODIS data product MOD09A1. Te spatial resolution of
MOD09A1 data product is 500m, and the temporal reso-
lution is 8 d synthesis. Te spatial resolution of 500m is
resampled to 1 km, and the corresponding GVMI of 8d is
obtained according to formula (3), and then the monthly
GVMI is obtained by using the maximum synthesis method
(MVC), and fnally the annual average value is obtained.

Te nighttime light remote sensing data adopts NPP-
VIIRS data with high spatial resolution, and adopts invariant
target area method [40] and neighborhood fltering method
to eliminate the abnormal values in the original NPP-VIIRS
nighttime light image. All the spatial data use the Albers

equivalent conical projection coordinate system, and the
spatial resolution is resampled to 1 km, which is convenient
for calculation and analysis.Te spatial distribution is shown
in Figure 1.

Te fowchart of this paper is shown in Figure 2.

4. Results

4.1. Correlation Analysis of Poverty Infuencing Factors. In
order to obtain the degree of impact of selected indicators on
poverty pressure at county level, some scholars do a corre-
lation analysis on each factor and per capita GDP or farmers’
per capita net income. Considering that per capita GDP is
the most important indicator for measuring the socio-
economic development status. Tis paper uses Person
correlation analysis. On the one hand, further understand
the main infuencing factors of the degree of poverty in the
study area, determine the linear correlation between each
variate and per capita GDP, and judge whether each in-
dicator is the impoverishing poverty factor or a poverty
alleviation factor, and the nature of the impact of each
indicator on poverty; on the other hand, ensure the accuracy
of training and simulation of BP neural networks. Due to the
large number of samples, this paper adopted a sampling
method, and selected 200 samples at equal intervals for
analysis after ranking GDP per capita of all county-level.
Table 3 shows the infuence of all factors selected in this
paper on county-level spatial poverty. A negative correlation
coefcient indicates that the factor is an impoverishing
poverty factor; otherwise, it is a poverty alleviation factor.
From the signifcant level test results, it can be seen that each
factor having a signifcant impact on regional poverty.
Except for the signifcance level of the catchment index X2
and illiteracy rate X10, which is greater than 0.01, the others
are less than 0.05.

Tere is a negative correlation between the net primary
productivity of vegetation in natural factors, degree of
terrain fragmentation, average slope, average elevation,
vegetation humidity index, and per capita GDP. Socio-
economic factors are positively correlated with per capita
GDP. Among them, average slope, per capita public fnancial
income, per capita savings balance, per capita net income of
farmers, the number of beds per 10,000 people in the health
institutions, and the average nighttime light index showed
a signifcant correlation.

4.2. Simulation and Analysis of Natural Impoverishing Index.
Natural Impoverishing Index (NII) refers to the degree of
impact of natural geographic elements on poverty. In this
paper, the degree of terrain fragmentation, elevation, average
slope, NPP, GVMI, and catchment index are used as the
input layer, and NII is used as the output layer to build a BP
neural network.Te number of input layer nodes is 6 and the
number of hidden layer nodes is 5 and the number of output
layer nodes is 1. A 6× 5×1 network topology is constructed.
Te reasonableness of the training samples directly afects
the quality of the neural network training results. Terefore,
the training level is of great importance.
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According to the maximum and minimum ranges of all
sample data, and the distribution characteristics of the data,
this paper uses the natural breakpoint method to classify.
Te advantage is that the variance between classes is the
largest and the variance within the class is the smallest.
Finally, NII is divided into 5 levels. Te degree of poverty in
the order of levels 1 to 5 is low, lower, average, high, and
higher, and the specifc evaluation criteria are shown in

Table 4. Te neural network is constructed and trained
according to the above determined evaluation level criteria.
Te output layer neuron uses a purelin transfer function, and
the training function uses the optimized L-M algorithm
trainlm function. Te basic parameters of network training
are: the learning rate is 0.01, the maximum time of training is
10,000, and the minimum error is 0.001.

According to the above network and evaluation criteria,
the data of the samples to be analyzed in each county input
trained network, and is simulated 7 times by the BP neural
network to reach the preset accuracy with an error of 0.09%.
Te BP neural network was trained well. After the network
was run, the results of simulating Natural Impoverishing
Index of each county were obtained. Using breakpoint
method in ArcGIS to display the results spatially, obtains the
spatial distribution pattern of the natural impoverishing
poverty index NII (Figure 3). As can be seen from Figure 3, if
you draw a straight line from Yingjiang, Yunnan to Gaizhou,
Liaoning, the Natural Impoverishing Index NII happens to
be bounded by this line, and is divided into two parts that are
very diferent. Te counties with lower NII are almost all

Literature retrieval
and utilization

Teory of poverty
problem

Spatial poverty appraisement
index system

Natural factor Socio-economic
factor

BP Neural Network

Natural impoverishing
index (NII)

Socio-economic poverty
alleviation index (SEPAI)

Poverty pressure
index (PPI)

Spatial scan statistic

Spatial distribution pattern of poverty at
county level

Conclusions and Recommendations

RS image data

DEM

Statistical
earbook data

Figure 2: Te fowchart.

Table 3: Results of correlation analysis.

X1 X2 X3 X4 X5 X6

Correlation
coefcient − 0.086 0.050 − 0.155 − 0.176 − 0.279 − 0.145

Signifcance
level 0.004 0.243 0.015 0.006 0.000 0.021

X7 X8 X9 X10 X11 X12

Correlation
coefcient 0.890 0.727 0.764 0.020 0.501 0.421

Signifcance
level 0.000 0.000 0.000 0.388 0.000 0.000
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located on the east side of the Yingjiang-Gaizhou line, while
the counties with higher NII are distributed in the west of the
line. On the whole, the distribution of NII in counties across
the country shows a clear pattern of zonal distribution with
latitude and longitude: NII is arranged in a stripe pattern
from north to south and from west to east. Tere are 278
counties with lower NII (NII°<°2.03), mostly distributed in
provinces and regions south of 26°north latitude; there are as
many as 780 counties with lower NII (2.37°≤°NII°<°3.59),
except for some counties in the Bohai Rim, all of them are
located south of 35°north latitude. Te above-mentioned
counties and districts have lower elevations, high vegetation
coverage, superior natural conditions, and ample rainfall,
which is benefcial to the development of agriculture. At the
same time, the vegetation productivity is high, and is rich in
products. Tere are 539 counties with higher NII
(3.59°≥°NII°>°2.78), concentrated in areas north of 33°north
latitude; among them, there are 171 counties with higher NII
(NII°>°3.59), all of which are located in the northwest and
southwest areas west of 104° east longitude; the county with
the highest NII is Yecheng County, Xinjiang, with a value of
5.238. Te counties with high and higher NII are concen-
trated on the frst and second steps of China’s terrain, in
which the landform undulates terribly, and the climate is
arid or alpine, and the natural environment is harsh as well
as the vegetation coverage is low and geological disasters are
frequent, and the soil is barren.

Statistics show (see Table 5) that the average natural
poverty index of 680 poverty-stricken districts and counties
in 14 contiguous areas of dire poverty determined by the
Outline of Poverty Alleviation and Development in China’s

Rural Areas (2011–2020) issued by Central Committee of the
Communist Party of China and the State Council of the
People’s Republic of China is 2.83, which is higher than the
average natural poverty index (2.56) of all 2389 districts and
counties across the country. In terms of the divided area
(Table 5), in 14 contiguous areas of dire poverty, Tibet has
the highest natural poverty index (4.34), followed by the
Kashgar region, Khotan region, and Kizilsu Kirgiz Auton-
omous Prefecture in the southern Xinjiang, namely 3.66, and
the Tibetan areas (3.61) in Gansu Province, Qinghai Prov-
ince, Sichuan Province, and Yunnan Province. Te moun-
tain area in western Yunnan has the lowest natural poverty
index (1.99). Te natural poverty index in southern regions
such as Wuling Mountain, Wumeng Mountain, de-
sertifcation region in Yunnan Province, Guizhou Province,
Guangxi Zhuang Autonomous Region, Luoxiao Mountain,
and so on is generally lower than the national average, while
the natural poverty index in northern regions such as Liupan
Mountain, the southern foot of Daxing’an Mountains,
Yanshan Taihang Mountain, Lvliang Mountain, Qinba
Mountain, and so on is generally lower than the national
average.

In terms of provinces, the average NII value of all
counties in Hainan Province is the lowest, only 1.77, and
the provinces with a smaller average NII value include
Fujian (2.05), Guangxi (2.09), Zhejiang (2.09), and
Yunnan (2.10). Tibet has the highest average NII value in
all counties, and provinces with an average NII value > 3
also include Xinjiang (3.74), Qinghai (3.67), and Hei-
longjiang (3.05). In terms of the coefcients of variation of
the NII values of every province, Sichuan has the largest
coefcient of variation (0.22), followed by Xinjiang (0.18)
and Yunnan (0.17), indicating that each county within the
jurisdiction of the provinces has huge diferences in
natural impoverishing condition, and the distribution is
the most uneven. Te coefcient of variation of the NII
value in Heilongjiang Province is the smallest, only 0.04,
followed by Ningxia and Inner Mongolia, whose co-
efcients of variation are 0.05.

4.3. Simulation and Analysis of Socio-Economic Poverty Al-
leviation Index. Te Socio-Economic Poverty Alleviation
Index (SEPAI) refers to the extent to which socio-economic
factors infuence poverty reduction. Tis paper selects six
indicators, respectively, per capita public fnancial income,
per capita household savings, farmers’ per capita net income,
illiteracy rate, the number of beds per 10,000 people in the
health institution and the average light intensity of nighttime

Table 4: Evaluation standard of natural impoverishing index.

NPP Catchment index Degree of
terrain fragmentation Elevation Average slope GVMI Classifcation

1 1 0.0656 0.0520 0.0792 1 1 (low)
0.5530 0.5609 0.1564 0.1500 0.1860 0.7457 2 (lower)
0.4005 0.3681 0.2887 0.2992 0.3194 0.5780 3 (average)
0.2785 0.2441 0.5460 0.5632 0.5308 0.4508 4 (high)
0.1579 0.1423 1 1 1 0.2937 5 (higher)

3.59-5.24 (Higher)

N

No data 0 1000 km
Provincial boundary

1.41-2.03 (Low)
2.03-2.37 (Lower)
2.37-2.78 (Average)
2.78-3.59 (High)

Figure 3: Spatial distribution of natural impoverishing index.
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light to be used as the input layer, and SEPAI is used as the
output layer to construct the BP neural network. Te
number of nodes in the input layer is six, and the number of
nodes in the hidden layer is fve, and the number of points in
the output layer is 1. Construct a 6× 5×1 Network To-
pology. According to the maximum and minimum ranges of
all sample data and the distribution characteristics of the
data, the natural breakpoint method is used to classify.
SEPAI is divided into 5 levels, and the degree of poverty
alleviation is low, lower, average, high, and higher in the
order of level 1 to level 5 (see Table 6). Te neural network
construction and training method is the same as the sim-
ulation method of NII.

According to the above network and evaluation stan-
dards, the sample data of each county to be analyzed was
input into the trained network, and the BP neural network
was simulated 9 times to achieve a preset accuracy with an
error of 0.08%. After the network operation, the results of
simulated social and economic impoverishing index of
each county were obtained. After spatializing the results
using the natural breakpoint method in ArcGIS, the spatial
distribution pattern of the socio-economic impoverishing
index is obtained (Figure 4). As can be seen from Figure 4,
compared with more regular spatial distribution of natural
impoverishing index in county areas, the spatial distri-
bution of the socio-economic impoverishing index is more
fragmented and chaotic, and the regularity is not strong.
Tere are only 172 counties with higher SEPAI
(SEPAI>3.04), which are mainly concentrated in the
Yangtze River Delta, Pearl River Delta, Beijing-Tianjin-
Hebei, Liaodong Peninsula, Shandong Peninsula, and other
places. Te highest SEPAI is in municipal district of
Shanghai Beijing and Shenzhen, and Ordos Dongsheng
District, with SEPAI of 4.679, 4.272, 4.227, and 4.220,
respectively. Tere are 236 counties with higher SEPAI
(3.04 ≥ SEPAI > 2.09), which are mainly distributed in the
periphery of high-level SEPAI counties. Tere are as many
as 687 counties with very low SEPAI (SEPAI< 0.81), which
is distributed nearly approximating in space to the shape of
“π”. Tere are 834 counties with lower SEPAI
(0.81 ≤ SEPAI < 1.34) and with the largest number, which
distributed throughout the country.

Statistics show that the average socio-economic poverty
alleviation index of 680 poverty-stricken districts and
counties in 14 contiguous poor areas with special difculties
identifed by the state is 0.83, which is far lower than the
average socio-economic poverty alleviation index of all 2389
districts and counties throughout the country (1.35). In
terms of the divided area, among the 14 contiguous poverty-
stricken areas, the socio-economic poverty alleviation index
in theWumengMountains area is the lowest (0.60), followed
by stony desertifcation area in Yunnan, Guangxi, and
Guizhou (0.67) and the Dabie Mountains area (0.68). Qinba
Mountain area (1.06) and Yanshan-Taihang Mountain area
(1.02) have the highest socio-economic poverty alleviation
index, but they are still far below the national average level.
In terms of provinces, Guizhou Province has the lowest
average SEPAI value in each county, and Zhejiang Province
has the highest average SEPAI value. From the perspective of
the coefcients of variation in the SEPAI values of each
province, Guangdong and Ningxia have the largest co-
efcients of variation, followed by Henan and Guizhou,
indicating that the socio-economic development conditions
of the counties and districts governed by these provinces are
very diferent and the distribution is the most uneven.
Zhejiang province has the smallest coefcient of variation in
SEPAI values, followed by Inner Mongolia and Shanxi.
Compared with the coefcient of variation of NII, the co-
efcient of variation of SEPAI in each province is much
higher than the coefcient of variation of NII, even in
Zhejiang province with the smallest coefcient of variation
in SEPAI. It is as high as 0.41, which indicates that the
diferences in the socio-economic poverty alleviation index
among counties in China are much larger than the difer-
ences in a natural impoverishing index.

4.4. Analysis of Poverty Stress Index. Using the natural
impoverishing index and the socio-economic poverty alle-
viation index, the poverty pressure index of each county is
calculated according to formula (4), and comprehensive
consideration of natural and socio-economic factors can
better refect the regional poverty status and spatial distri-
bution characteristics. Te natural breakpoint method was

Table 5: Poverty indices of 14 contiguous specially poor areas of China.

Poverty index NII SEPAI PPI
Liupan Mountains area 2.82 0.82 2.64
Qinba Mountains area 2.72 1.06 2.68
Wuling Mountain area 2.29 0.94 2.26
Wumeng Mountain area 2.33 0.60 2.95
Stony desertifcation area in Yunnan, Guangxi, and Guizhou 2.10 0.67 2.26
Mountain area in western Yunnan 1.99 0.86 2.82
South Foothills of the Greater Khingan Range 2.99 0.79 2.09
Yanshan-Taihang Mountains area 2.91 1.02 2.44
Lvliang Mountains area 2.84 0.94 2.33
Dabie Mountain area 2.39 0.68 1.95
Luoxiao Mountain area 2.29 0.87 2.01
Tibetan areas of Sichuan 3.61 0.92 3.15
Kashgar, Khotan, and Kizilsu Kirgiz in southern Xinjiang 3.66 0.99 3.00
Tibet 4.34 — —
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used to classify the results spatially, and the spatial distri-
bution pattern of the poverty pressure index was obtained
(Figure 5). From Figure 5, it can be seen that the national
poverty pressure index PPI is bounded by the “Heihe-Baise”
line, and is divided into diferent east and west parts. Te
counties with lower PPI are almost all located on the east side
of the “Heihe-Baise” line, while the counties with higher PPI
are located on the west side of the line. Overall, the poverty
pressure index shows a spatial distribution pattern “large
dispersion, small aggregation” and there is a signifcant
diferences between east, middle, and west. Tere are 80, 85,
and 308 counties with extremely high, high, and higher PPI,
respectively, accounting for 20% of the total counties;
counties with PPI> 2 have a total of 873 Counties, ac-
counting for 37% of the total counties and these counties
should be the key counties for poverty alleviation and
poverty alleviation work. Due to the lack of statistical data,
there are 28 counties and counties with no data.

Statistics show that the average poverty pressure index of
680 poverty-stricken counties in 14 contiguous poor areas
with special difculties is 2.64, which is much higher than the
average poverty pressure index (1.95) of all 2,361 districts
and counties in the country. In terms of the divided area, the
poverty pressure index of the three regions in southern
Xinjiang is the highest among the 14 contiguous special
hardship areas (3.00), followed by the Wumeng Mountains
area (2.95) and the western Yunnan border mountains area

(2.82); Dabie Mountain area (1.95) and Luoxiao Mountain
area (2.01) have the lowest poverty pressure index, which is
the same as or slightly higher than the national average level.
In terms of provinces, Qinghai Province has the highest
average PPI of 2.79. Te provinces with higher average PPI
also include Yunnan (2.52), Gansu (2.47), Xinjiang (2.47),
Sichuan, and Guizhou (2.35).Te county’s PPI average is the
lowest in all counties of Jiangsu Province (1.18), and the
provinces with an average PPI is less than 1.5 also include
Zhejiang (1.42), Guangdong, and Hainan (1.47). From the
coefcient of variation of the PPI value of each province,
Zhejiang has the largest coefcient of variation of 0.40,
followed by Chongqing (0.37) and Guangdong (0.35). Al-
though Zhejiang and Guangdong have the highest levels of
economic development in the country, the degree of poverty
pressure in the counties and districts in the province is quite
diferent. Te development level of Chongqing’s urban
function core area, developing area, and new areas is high,
which is very diferent from northeast Chongqing and
southeast Chongqing. Te coefcient of variation of the PPI
value was the smallest, only 0.17, followed by Guizhou and
Hainan, with coefcients of variation of 0.18 and 0.19,
respectively.

Te corresponding spatial weight matrix was con-
structed using the Rook standard.Te global Moran’s I value
of the poverty pressure index in China’s counties was cal-
culated to be 0.33 with the support of GeoDA software. It
passed a 1% signifcance test, indicating that the poverty

Table 6: Evaluation standards socio-economic poverty alleviation index.

Per capita
public fnancial
income

Per capita
household savings

Farmers’ per
capita net
income

Illiteracy rate

Te number
of beds

per 10,000
people in
the health
institution

Average light
intensity of

nighttime light
Level

0.0364 0.0531 0.0453 0.1834 0.0845 0.0254 1 (low)
0.0951 0.1118 0.0964 0.2473 0.1443 0.0873 2 (lower)
0.1925 0.2094 0.2021 0.3262 0.2358 0.1986 3 (average)
0.5077 0.3902 0.4310 0.5363 0.4052 0.4509 4 (high)
1 1 1 1 1 1 5 (higher)

3.04-4.68 (Higher)

N

No data 0 1000 kmProvincial boundary

2.09-3.04 (High)
1.34-2.09 (Average)
0.81-1.34 (Lower)
0.00-0.81 (Low)

Figure 4: Spatial distribution of socio-economic poverty
alleviation index.

1.89-2.27 (Average)
2.27-2.72 (High)
2.72-3.34 (Higer)
3.34-4.66 (Extremely High)
No data
Provincial boundary

N

0 1000 km

1.50-1.89 (Lower)
1.00-1.50 (Low)
0.12-1.00 (Extremely Low)

Figure 5: Spatial distribution of poverty pressure index.
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pressure index in China’s counties has a higher agglomer-
ation efect in space. Counties and districts with higher PPI
have higher PPI in the surrounding counties; counties and
districts with lower PPI have lower PPI. According to the
spatial autocorrelation of districts and counties with
neighboring districts and counties, at 5% level of signif-
cance, the districts and counties throughout the country are
divided into 4 types, as shown in Figure 6: high-high ag-
gregation (HH), low-low aggregation (LL), low-high ag-
glomeration (LH), and high-low agglomeration (HL). As can
be seen from Figure 6, the signifcant number of each type is
LL (565)>HH (475)> LH (49)>HL (48). Te pressure of
self-poverty is high and HH-type counties with high poverty
pressure in the surrounding counties accounted for 20% of
the country’s total counties, which indicates that the dis-
tribution of poverty in China’s counties is still very wide, and
can be called “poverty-type” counties. HH-type contiguous
large area is distributed in the Northwest and Southwest.Te
number of LL-type counties that the pressure of self-poverty
is small and the poverty pressure in surrounding counties is
also small accounts for about 23.9% of the total. It is not as
continuous as the HH-type in space, and can be called “rich”
counties. However, LH-type districts and counties with high
poverty pressures in the surrounding counties are often
embedded in HH-type distributions and fll in the blanks,
which is called Peach orchards-type County. Te HL-type
counties that the pressure of self-poverty is high, and the
poverty pressure in surrounding counties is small is dis-
tributed around LL-type, which is called “shadow-type”.
Tese counties are mostly distributed near the economically
developed metropolitan areas, covered by the aura of the
metropolitan areas, and should be highly concerned.

Te problem of spatial poverty in China’s counties in the
new period is more caused by natural factors, and socio-
economic factors can play a certain relief role in spatial
poverty in counties. Te harsh natural environment in some
counties has greatly restricted the regional socio-economic
development. Studies have shown that regions with higher
poverty pressures have correspondingly higher natural
impoverished index. For example, the natural condition of
the three regions and states of Xinjiang in the west, the
Qinghai-Tibet Plateau, and the Loess Hilly and Gully Areas
is harsh, and the terrain is undulating, and the climate is dry
or cold, and disasters are frequent; the ecological environ-
ment in Yunnan, Guizhou, and Guizhou karst areas is
fragile, and rocky desertifcation is serious, and the area of
arable land in rural areas is small, and the lack of water and
land resources, which make the contradiction between
human and land sharp. Social development level in the
above-mentioned area is also relatively backward, and the
transportation infrastructure is poor; the industrial structure
is often single, and the contrast between economic devel-
opment and resource advantages is large, lacking regional
endogenous growth mechanisms, relying more on foreign
aid, and lacking self-blood-making capacity. Te low eastern
coastal areas, the central plains, and the individual industrial
and mining cities in the west have relatively superior natural
conditions, good climatic conditions, and relatively abun-
dant water and land resources. Te regions have strong self-

development capabilities, developed industries and agri-
culture, and generally have complete industrial chains. Te
level of third industries is also higher, absorbing labor force
employment, and has a signifcant role in stimulating the
development of surrounding areas; moreover, these places
have convenient transportation, complete infrastructure,
complete social and public services, and a socio-economic
poverty alleviation index is naturally high.

In this paper, after the merger of 592 key poverty-
stricken counties and 680 counties in 14 contiguous poor
areas with special difculties, duplicate counties were
eliminated, and the rest of poverty-stricken counties is 832 in
total (hereinafter collectively referred to as national-level
impoverished counties). Te poverty pressure index calcu-
lated in this paper is arranged in order of counties, and 832
counties and districts are also selected for comparison with
national-level impoverished counties. In terms of the
number of counties and districts, 566 counties identifed in
this paper are consistent with national-level poverty counties
(Figure 7). Te provinces with large numbers of diferences
are mainly Henan, Hunan, Guangxi, and so on. From the
perspective of spatial distribution, this paper fnds that the
districts and counties under higher poverty pressure show
a high degree of coupling with ecologically fragile areas, and
mountainous areas, plateaus, hills, and restricted develop-
ment areas have become the areas with the highest con-
centration of poverty pressure. Compared the districts and
counties with high poverty pressure obtained in this paper
with national-level poverty counties, we can fnd that:

(1) It has a high coincidence in spatial distribution,
especially in a large number of poverty-stricken areas
such as northwest, southwest, north China, and the
contiguous poor areas with special difculties as well
as poverty-stricken districts and counties obtained in
this paper are often distributed in the core area of the
country’s concentrated contiguous poverty-stricken
areas.

(2) From this paper, we can obtain that the spatial
distribution characteristics are discrete in the
poverty-stricken districts and counties in some

High-High

Indistinctive
No data
Provincial boundary

N

High-Low
Low-High
Low-Low

1000 km0

Figure 6: Te local spatial autocorrelation pattern of poverty
pressure index in China.
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provinces such as central and northeast China. For
example, in Shanxi, Jiangxi, Heilongjiang, and Anhui
provinces, according to the spatial distribution of
national-level poverty counties, these districts and
counties are all concentrated in continuous
distribution.

(3) Te poverty-stricken districts and counties have
a decreasing trend from west to east and from south
to north. Compared with the spatial distribution of
national-level poverty counties, the poverty-stricken
districts and counties proposed in this paper are
concentrated in the southwest and northwest re-
gions. Tis also shows that these districts and
counties are the key and difcult areas for China’s
poverty alleviation work in the future, and other
districts and counties are relatively better. Te
poverty alleviation pressures in the poor areas and
counties located in the plain area are not great, and
they have basically reached the level of poverty
alleviation.

(4) Some poverty counties are distributed in the east and
the key ecological function areas. In this paper,
several poverty counties are identifed in the
mountainous regions of Zhejiang and Fujian. Some
poverty counties are also distributed in important
ecological function areas such as the Qilian Moun-
tains area, regions on the middle and upper reaches
of the Yellow River, and northern Xinjiang.Tese are
not listed into the list of national poverty counties.

4.5. Analysis of Spatial ScanningDetection. In the research of
this chapter, the poverty pressure index of the province, city,
and county are obtained, respectively, and the regions with
high, high, and extremely high poverty pressure index are
divided into the poverty-stricken areas identifed in this
paper. On this basis, this section will use the spatial scanning
measurement method to analyze and study the poverty-

stricken areas identifed above under the three scales, and
further obtain the areas that are more difcult to reduce
poverty in the poverty-stricken areas. Based on the irreg-
ularity of the boundaries of administrative division units and
the actual situation of the distribution of poverty-stricken
areas, this paper frst calculates the theoretical poverty
pressure index of each scanning window according to the
Poisson distribution, and then constructs the logarithm of
the test statistic according to the actual and theoretical
poverty pressure index. Likelihood Ratio (Log Likelihood
Ratio, LLR), LLR is used to evaluate the abnormal degree of
poverty pressure index in the scanning window [37].
Generally speaking, the larger the LLR value, the higher the
abnormal degree of poverty stress index in this window.
Usually, the window with the largest LLR is defned as the
window with the highest abnormal degree of poverty stress
index, and then the statistical signifcance level (P) of this
window is evaluated.

Since the probability distribution of the scan statistic is
extremely complex, this paper uses the Monte Carlo method
proposed by Kulldorf and others to calculate the P value of
the test statistic. Scanning statistics can be used to evaluate
not only the window with the largest LLR, but also other
windows with larger LLR for statistical signifcance, and try
to fnd all outlier regions [36]. In order to avoid the identifed
poverty risk clusters from being too large and save the
scanning time, the LLR with restriction statistical type is
selected in this paper. Te default Alpha value is 0.2, and the
scanning results of poverty risk clusters are visualized by
ArcGIS 10.2 software.

According to the above principles, the log-likelihood
ratio LLR of the test statistic at the county scale is con-
structed, and the spatial scanning results are shown in
Figure 8.

Trough spatial scanning statistics, a total of 44 county-
level poverty pressure index risk clusters that reached sta-
tistical signifcance were obtained (Figure 8), with a maxi-
mum value of 5.77, a minimum value of 0.00, a mean value of
3.21, and a standard deviation of 1.75. Te 44 clusters in-
volved a total of 243 counties and districts. Xinjiang, Tibet,
Qinghai, Gansu, Sichuan, Yunnan, and other provinces have
many high-risk poverty counties.

According to the list of key counties for national poverty
alleviation and development work issued by the State
Council Leading Group for Poverty Alleviation and De-
velopment, 592 poverty-stricken counties have been iden-
tifed nationwide. Contiguous areas with special difculties,
a total of 680 counties, are the main battlefelds for poverty
alleviation in the new stage (Figure 9). In this paper, the
duplicate counties and districts are eliminated after merging
the two, there are a total of 832 poverty-stricken counties
(hereinafter collectively referred to as national-level poverty-
stricken counties).

Te above 243 high-risk poverty counties are super-
imposed with 832 national-level poverty-stricken counties,
and 208 are both national-level poverty-stricken counties
and high-risk poverty-stricken counties identifed in this
paper, which are called deep poverty counties in this paper.
Tese places should be the areas with the most difculty in

0 1000 km

N

Other countries
Provincial boundary

Te counties identifed are not the key counties of national poverty
Te national key county for poverty alleviation is not identified
Te countries identified is the national key county

Figure 7: Comparison between identifed in this study and state-
supported impoverished counties.
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getting rid of poverty in the near future and in the future are
also the areas that need to beneft most from poverty alle-
viation and poverty reduction policies. Te spatial distri-
bution of these areas is shown in Figure 10.

As can be seen from Figure 10, the overall spatial dis-
tribution pattern of the deeply impoverished counties mostly
occurs in the border areas of adjacent provinces, such as
Xinjiang and Tibet, Tibet and Sichuan, Sichuan and Yunnan,
Sichuan and Qinghai, Gansu, and Sichuan, and Gansu and
Sichuan. Te border areas of Qinghai, Gansu and Ningxia,
Shaanxi and Sichuan, Hubei and Chongqing, Shanxi, Hebei,
and Inner Mongolia. Regional economies often expand to
the periphery around provincial capitals or regional central
cities. Te junction of administrative regions, especially the
inter-provincial junction area, has become the edge of the
national, especially the provincial government’s regional
development strategy. Te economic foundation of these
places is very weak, and they cannot enjoy the radiation drive
of big cities. Te gap between the provinces is growing, and

some of them have even become the regions with the most
extensive poverty, the deepest poverty, and the most difcult
poverty alleviation in their provinces.

From the perspective of the area, the area with the largest
number of deeply impoverished counties is Tibet, with 43
counties, accounting for 20.7% of the total number of deeply
impoverished counties, followed by Tibetan areas in the four
provinces (37), and western Yunnan border mountainous
areas (34). Liupan Mountains (26), Wumeng Mountains
(15), and Qinba Mountains (12); there are no deeply
impoverished counties in the southern foothills of the
Daxing’an Mountains, Dabie Mountains, and Luoxiao
Mountains, and there areWuling in a small number of areas:
Mountain area (1), Luliang Mountain area (3), and Yanshan
Taihang Mountain area (6). Although the three prefectures
in southern Xinjiang are not the areas with the largest
number of deeply impoverished counties, they are the areas
with the greatest poverty risk, with an average risk of 4.93
(see Table 7). Te areas with higher poverty risk include

Southern foothills of
Greater Khingan MountainsTibetan areas in four provinces

Liupanshan District

Tree prefectures in
southern Xinjiang

Tibet Area

Western Yunnan border
mountainous area

Wumeng Mountain Area

Qinba Mountain Area

Yanshan--Taihang
Mountain Area

Luliang Mountain Area

Dabie Mountain Area

Luoxiao Mountain Area

Rocky desertifcation area of
Yunnan, Guangxi and Guizhou Wuling Mountain Area

Figure 9: Te sketchmap of 14 contiguous special poverty-stricken areas of China.
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Figure 8: Te spatial distribution of high risk clusters of poverty at county level.
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Tibet (4.50), Tibetan areas in the four provinces (3.99), and
mountainous areas in western Yunnan (3.82). Te poverty
risk in Lvliang Mountain areas was the lowest (0.44), fol-
lowed by Yunnan- Guangxi-Guizhou rocky desertifcation
area (1.17) and Yanshan Taihang Mountain Areas (1.35).

In terms of provinces (see Table 8), the province with the
largest number of deeply impoverished counties is Yunnan,
including 45 counties, accounting for 21.6% of the total
number of deeply impoverished counties, followed by Tibet
(43), Sichuan (30), and Gansu (27); Inner Mongolia and
Hunan have the least number, both of which are 1, and
Guangxi (2), Chongqing (2), Hubei (2), Ningxia (3), Hebei
(3), Shaanxi (4), Guizhou (7), and Shanxi (8). Although
Xinjiang is not the province with the largest number, it is the
province with the greatest risk, at 4.94. Te provinces with
higher risk include Qinghai (4.59), Tibet (4.50), Yunnan
(3.42), Gansu (3.23), and Sichuan (3.22); Guangxi had the
smallest risk at 0.19, followed by Inner Mongolia (025),
Hunan (0.47), Shaanxi (0.80), Ningxia (0.83), and Shanxi
(0.94).

5. Discussion

In recent years, China has successively proposed policy models
for poverty alleviation and targeted poverty alleviation in
concentrated poverty-stricken areas in terms of poverty alle-
viation policies. However, from the perspective of imple-
mentation efects, the poverty alleviation models in the various
concentrated areas are basically similar, or even identical, to
policy units, it is too large and lacks targeted, and can be
“landed” policy measures [41]. At present, the design concept
of precision poverty alleviation is still at a stage suitable for
solving the problem of food and clothing for farmers and
individuals, and applicable policy units are small, and lack of
long-termmechanism for getting rich in rural areas. Under the
background of strengthening the top-level design and scientifc
deployment of national poverty alleviation policies in the new
era, it is necessary to innovate and implement policy trans-
formation in poverty alleviation strategies, but the premise of
scientifcally identifying poor areas is that formulate difer-
entiated poverty alleviation policies.

Te analysis results show that there is a high correlation
and rationality between the selected indicators and per
capita GDP. Te poor topography, ecology, climate, and
other natural factors are the factors that lead to poverty,
while the socio-economic factors are the factors to eliminate
and alleviate poverty. Although there is a positive correlation
between catchment index and per capita GDP, and it should
be determined as poverty alleviation factor, but considering
that the smaller the value of catchment index, the more
signifcant the impact on poverty is, it is reasonable to
classify it as the impoverishing poverty factor. In this paper,
the main factors related to poverty level are selected from
natural poverty factor and socio-economic poverty allevi-
ation factors, and regression equation is established. Re-
gression analysis results also show that the poor natural
factor as the core of the ecology and terrain is the main
impoverishing factor, but social and economic development
is the main poverty alleviation factors. Natural factors are
not easy to change, and poor ecological environment con-
ditions are often the main factors leading to poverty.

Regarding the relationship between the economy and
poverty, it is generally believed that the more economically
backward the region, the poorer it is. So the economic factors
are classifed as the cause of poverty. However, this paper
considers that the economic factors are the factors that
eliminate or alleviate poverty; it is only in counties with slow
economic development. Te impact of economic factors on
the alleviation or alleviation of poverty is not particularly
obvious, which leads to the uneven development of the
economy and the subsequent emergence of relative poverty,
but its role in alleviating poverty is undeniable. Related
scholars [42, 43] believe that the main achievements in
poverty alleviation through investigation attributes to the
economic growth. Te relevant analysis results of this paper
also confrm this.

Te problem of spatial poverty in China’s counties in the
new period is more caused by natural factors, and socio-
economic factors can play a certain relief role in spatial
poverty in counties. Te harsh natural environment in some
counties has greatly restricted the regional socio-economic
development. Studies have shown that regions with higher

LLR
<0.80
0.81 - 2.40
2.41 - 4.00

N

4.01 - 4.80 1000 km0
>4.80
No data Provincial boundary

Figure 10: Te spatial distribution of “Stubborn” poverty-stricken counties.
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poverty pressures have correspondingly higher natural
impoverished index. For example, the natural condition of
the three regions and states of Xinjiang in the west, the
Qinghai-Tibet Plateau, and the Loess Hilly and Gully Areas
is harsh, and the terrain is undulating, and the climate is dry
or cold, and disasters are frequent; the ecological environ-
ment in Yunnan, Guizhou, and Guizhou karst areas is
fragile, and rocky desertifcation is serious, and the area of
arable land in rural areas is small, and the lack of water and
land resources, which make the contradiction between
human and land sharp. Social development level in the
above-mentioned area is also relatively backward, and the
transportation infrastructure is poor; the industrial structure
is often single, and the contrast between economic devel-
opment and resource advantages is large, lacking regional
endogenous growth mechanisms, relying more on foreign
aid, and lacking self-blood-making capacity. Te low eastern
coastal areas, the central plains, and the individual industrial
and mining cities in the west have relatively superior natural
conditions, good climatic conditions, and relatively abun-
dant water and land resources. Te regions have strong self-
development capabilities, developed industries and agri-
culture, and generally have complete industrial chains. Te
level of third industries is also higher, absorbing labor force
employment, and has a signifcant role in stimulating the
development of surrounding areas; moreover, these places
have convenient transportation, complete infrastructure,
complete social and public services, and a socio-economic
poverty alleviation index is naturally high.

For the high-risk areas of poverty identifed by the spatial
scanning at the county scale, the spatial distribution of the
three prefectures in southern Xinjiang, Tibet, Qinghai, and
Yunnan has a high consistency. Te deeply impoverished
counties identifed at the county scale account for 25% of the
total number of impoverished counties, and these counties
should be the primary focus in poverty alleviation practice.

In this paper, after the merger of 592 key poverty-
stricken counties and 680 counties in 14 contiguous poor
areas with special difculties, duplicate counties were
eliminated, and the rest of poverty-stricken counties is 832 in
total (hereinafter collectively referred to as national-level
impoverished counties). Te poverty pressure index calcu-
lated in this paper is arranged in order of counties, and 832
counties and districts are also selected for comparison with
national-level impoverished counties. In terms of the

number of counties and districts, 566 counties identifed in
this paper are consistent with national-level poverty counties
(Figure 7). Te provinces with large numbers of diferences
are mainly Henan, Hunan, Guangxi, and so on. From the
perspective of spatial distribution, this paper fnds that the
districts and counties under higher poverty pressure show
a high degree of coupling with ecologically fragile areas, and
mountainous areas, plateaus, hills, and restricted develop-
ment areas have become the areas with the highest con-
centration of poverty pressure. Compared the districts and
counties with high poverty pressure obtained in this paper
with national-level poverty counties, we can fnd that:

(1) It has a high coincidence in spatial distribution,
especially in a large number of poverty-stricken areas
such as northwest, southwest, north China, and the
contiguous poor areas with special difculties as well
as poverty-stricken districts and counties obtained in
this paper are often distributed in the core area of the
country’s concentrated contiguous poverty-stricken
areas.

(2) From this paper, we can obtain that the spatial
distribution characteristics are discrete in the
poverty-stricken districts and counties in some
provinces such as central and northeast China. For
example, in Shanxi, Jiangxi, Heilongjiang, and Anhui
provinces, according to the spatial distribution of
national-level poverty counties, these districts and
counties are all concentrated continuous
distribution.

(3) Te poverty-stricken districts and counties have
a decreasing trend from west to east and from south
to north. Compared with the spatial distribution of
national-level poverty counties, the poverty-stricken
districts and counties proposed in this paper are
concentrated in the southwest and northwest re-
gions. Tis also shows that these districts and
counties are the key and difcult areas for China’s
poverty alleviation work in the future, and other
districts and counties are relatively better. Te
poverty alleviation pressures in the poor areas and
counties located in the plain area are not great, and
they have basically reached the level of poverty
alleviation.

(4) Some poverty counties are distributed in the east and
the key ecological function areas. In this paper,
several poverty counties are identifed in the
mountainous regions of Zhejiang and Fujian. Some
poverty counties are also distributed in important
ecological function areas such as the Qilian Moun-
tains area, regions on the middle and upper reaches
of the Yellow River, and northern Xinjiang.Tese are
not listed into the list of national poverty counties.

Existing literature rarely examines the distribution
pattern of poverty within the meso-scale region. Chinese
scholars’ research on spatial diferences in poverty at the
district and county level is mostly qualitative analysis, and
quantitative analysis results are rare. After superimposing

Table 8: Te number and value of “Stubborn” poverty-stricken
counties located in the various provinces and autonomous regions
in China.

Provinces No. Risk average Area No. Risk average
Hebei 3 1.08 Guizhou 7 1.05
Shanxi 8 0.94 Yunnan 45 3.42
Inner Mongolia 1 0.25 Tibet 43 4.50
Hubei 2 1.77 Shaanxi 4 0.80
Hunan 1 0.47 Gansu 27 3.23
Guangxi 2 0.19 Qinghai 17 4.59
Chongqing 2 1.77 Ningxia 3 0.83
Sichuan 30 3.22 Xinjiang 13 4.94
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the planning maps of counties and national main functional
areas, it is found that the distribution of poor counties is
highly consistent with the distribution of important eco-
logical functional areas in China. Tese poor areas are high
in Natural Impoverishing Index and far from regional
central cities. It has the characteristics of marginality and
closedness, which hinders the input of material and energy
outside the zone, and its internal resources and environ-
mental carrying capacity have a smaller space for “potential
tapping”. In addition, the socio-economic poverty allevia-
tion index is low, and the infrastructure facilities are lagging
behind, and outside the zone, the slow difusion of advanced
technologies has reduced the efciency of the use of re-
sources and the environment, which made the economy
highly dependent on the environmental background of
regional resources. For the aforementioned poor counties,
they can be further divided into two types: ecologically
fragile and ecological conditions to be improved. For the
former, in the process of poverty alleviation and develop-
ment, we must focus on promoting ecological migration,
and moderately promote local poverty alleviation in areas
with suitable conditions. For the latter, we should continue
to improve the local poor production and living conditions,
and steadily promote poverty alleviation and development in
accordance with the principle of “pointed development and
protection on the surface” to improve the quality of people’s
livelihood.

Te fact that there is a signifcant spatial correlation in
poverty pressure in counties suggests that we are practicing
poverty reduction. Te internal counties and districts in the
successive poverty-stricken areas, should strengthen co-
operation and exchanges, and abandon the traditional
concepts of “Beneft Oneself at Others’ Expense”; while the
phenomenon of large internal diferences within the more
economically developed provinces has inspired us that we
should be targeted to carry out poverty alleviation and
economic development to improve efciency in accordance
with the poverty-dominated types and self-development
capabilities of counties; areas that are relatively rich and
take the lead in reducing poverty should take the lead in
demonstration and strengthen the radiative power of re-
gional central cities [44].

Zhou’s study [45-51] reveals that such factors as complex
geographical environment, fragile ecological environment,
frequent natural disasters, endemic disease prevalence, and
aging of social subjects have indeed afected and even ag-
gravated rural poverty in China. Tere is a high spatial
overlap between individual poverty and regional poverty.
Poverty causing factors are complex, and there are regional
and individual diferences. Te practice of targeted poverty
alleviation in rural areas mainly involves industrial devel-
opment, resettlement assistance, fnancial development,
education development, medical security, land consolida-
tion and other aspects, and has built an endogenous sus-
tainable mechanism to promote regional development. Du’s
study [52] reveals that although the foating population has
increased the per capita income of families by 8.5% to 13.1%,
the overall impact on poverty is not signifcant, because most
poor people do not migrate. Wang’s study [53–55] made it

clear that the poverty level, type and cause of poverty in each
poor village are the premise and guarantee for China to take
targeted measures in its poverty alleviation strategy. Te
main factors afecting the poverty level in China’s rural poor
villages include road construction, terrain type, natural
disaster frequency, per capital net income, labor force ratio,
and labor force cultural quality. Underdeveloped road
construction conditions, frequent natural disasters, low
income levels, and poor working conditions are the main
causes of poverty. Liu’s study [56] Establish multidimen-
sional poverty geographic identifcation index system and
integrated methods to identify rural poverty in China and
reveals that In comparison to the income poor and the
designated poor counties, the multidimensionally poor
counties were not only worse in single-dimensional and
composite scores, but also having multiple disadvantages
and deprivations. Zhou’s study [57] on the basis of the digital
elevation model (DEM) data and geographic information
science (GIS) spatial analysis method, it reveals that the
complex conditions of the natural topography have a posi-
tive driving efect on the spatial distribution of the poverty-
stricken counties.

Te innovation or research feature of this paper is to
comprehensively use data from multiple sources and mul-
tiple spatial analysis methods to carry out research from
multiple scales. Distinguish the poverty-inducing and
poverty-reducing factors (including natural environmental
factors, social factors and economic development factors)
afecting regional poverty, use an artifcial neural network to
simulate the spatial pattern of poverty, and use geographic
detectors and spatial scanning detection methods to detect
the diferentiation mechanism of the spatial pattern of
poverty. Traditional methods of identifying poor areas and
measuring poor populations mainly focus on a single factor
such as income, often fail to accurately identify poor in-
dividuals and their poverty characteristics, and rarely take
into account geographical factors. Terefore, they lack
a geographical spatial perspective and cannot intuitively
clarify the regional characteristics of poverty and the impact
mechanism of spatial geography on poverty. Te results
obtained often do not match well with other spatial data.
Tis paper focuses on the “spatialization” of poverty, which
intuitively refects the diferences in the distribution of
poverty in space. In practice, the research method of this
paper can provide new ideas and methods for the quanti-
tative and multidimensional measurement of regional
poverty in the new era, and the research conclusions can also
provide scientifc reference for the formulation and
implementation of regional poverty reduction policies.

Tis study is limited by the availability of data. In the
construction of the indicator system, some important in-
dicators based on the county scale (such as new rural social
endowment insurance, medical insurance, administrative
villages connected to the Internet, tap water, and cable TV)
are difcult to obtain ofcial data, and may have omissions.
As far as the whole country is concerned, there are great
diferences in the level of social and economic development
in the east, middle, and west, and the extent to which social
and economic factors alleviate poverty is also diferent.
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When calculating the poverty pressure index in this paper, it
is subjective to use 20% of the social and economic poverty
reduction index to eliminate or alleviate local poverty on the
basis of reference to existing research results.

6. Conclusions

(1) Natural factors are the main cause of poverty in
China’s counties at this stage. Te distribution of
Natural Impoverishing Index in counties across the
country shows a clear pattern of zonal distribution
with latitude and longitude, and they are arranged in
a stripe pattern from north to south, and from west
to east. Tere are 710 counties with higher Natural
Poverty Index (NII> 2.78), accounting for nearly
30% of the total counties in the country. Tese
counties or areas have large undulations and low-
quality cultivated land resources; or low vegetation
cover, serious soil erosion; or the cold-dry climate
and frequent natural disasters.

(2) Socio-economic factors play a role in alleviating
poverty, and the spatial distribution of the socio-
economic poverty alleviation index in counties
across the country is relatively fragmented. As many
as 1521 counties with lower socio-economic poverty
alleviation index (SEPAI< 1.34) account for about
64% of the total counties nationwide. Tese counties
have low levels of socio-economic development and
the infrastructures, such as transportation and so on,
are backward, and social and public services are
weak. Te coefcients of variation of the socio-
economic poverty alleviation index in the counties
within each province are much higher than the
coefcients of variation of the Natural Poverty Index,
indicating that the diferences in the socio-economic
poverty alleviation index in China’s counties are
much greater than the diference in the Natural
Poverty Index.

(3) Te national poverty pressure index is bounded by
the “Heihe-Baise” line, with signifcant diferences
between east region and the central and west region,
showing a spatial distribution pattern of “large
dispersion, small aggregation”. Te poor counties
identifed in this paper and the key poverty-relief
counties identifed by the state have a higher co-
incidence in spatial terms, and the characteristics of
a high degree of coupling with ecologically
fragile areas.

Based on the above conclusions, there are several policy
suggestion:

(1) Poverty caused by natural factors can be mainly
divided into areas constrained by ecological envi-
ronment and areas caused by terrain factors. To
achieve a win-win situation between regional eco-
nomic development and ecological environment
construction in ecologically constrained poverty-
stricken areas, it is necessary to take the path of

green poverty reduction. On the one hand, we will
promote comprehensive management projects for
mountains, rivers, forests, felds, and lakes in key
areas such as the control of sandstorms in Beijing
and Tianjin, the control of rocky desertifcation in
karst areas, and the protection of the sources of the
Yangtze, Yellow, and Lancang rivers in Qinghai.Tis
will curb the trend of soil desertifcation and deg-
radation in pastoral areas and poverty-stricken areas
where agriculture and animal husbandry are com-
bined, and alleviate land desertifcation and rocky
desertifcation. On the other hand, exploring the
establishment of upstream and downstream eco-
logical compensation mechanisms and increasing
ecological compensation eforts is of great signif-
cance for synchronously achieving ecological envi-
ronment protection and poverty alleviation in these
regions. According to the needs of ecological envi-
ronment protection and the characteristics of eco-
systems in various regions, we will appropriately
expand ecological engineering construction and
provide employment opportunities and income for
poverty alleviation targets through the use of work as
a substitute for relief. Reasonably determine a group
of ecological public welfare positions, so that poverty
alleviation targets can increase their income by
providing ecological public welfare services, and
create a beautiful countryside that is livable and
suitable for business. For areas that are not suitable
for the development of agriculture and have become
impoverished due to terrain factors, on the one hand,
we can develop standardized animal husbandry at
a moderate scale in this type of poverty-stricken area
according to local conditions, and strive to explore
planting and breeding models that are suitable for
local development, such as combining agriculture
and animal husbandry, balancing food and grass,
and ecological circulation. On the other hand, we
should base ourselves on resource endowments, fully
utilize local unique natural resources such as land,
energy, natural landscapes, and biology, as well as
ethnic, cultural, and other cultural resources, de-
velop rural tourism industry according to local
conditions, transform resource advantages into in-
dustrial and economic advantages, and drive eco-
nomic development.

(2) Socio-economic factors leading to poverty are
mainly divided into income constrained poverty-
stricken areas and areas with inconvenient trans-
portation leading to poverty. Economic income
constrained poverty-stricken areas should promote
employment poverty alleviation and industrial
poverty alleviation based on local conditions. Firstly,
we should establish a sound public employment
service system that covers both urban and rural
areas, conduct large-scale vocational skills training,
promote multichannel transfer of employment for
migrant workers, and improve the quality of
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employment; encourage the establishment of envi-
ronmentally friendly enterprises in rural areas,
achieve rural economic diversifcation, and provide
more employment opportunities; strengthen support
and guidance services, implement rural employment
and entrepreneurship promotion actions, vigorously
develop rural characteristic industries such as cul-
ture, technology, tourism, and ecology, and revitalize
traditional crafts. Tis can broaden the channels for
farmers to increase their income, not only increasing
the economic income of low-income rural residents,
but also expanding the income of middle-income
rural groups. Te overall income level can be im-
proved, and the poverty alleviation plan can be
achieved as soon as possible. In areas far from the
city center of prefecture level cities with in-
convenient transportation conditions that lead to
poverty, rural infrastructure and public service fa-
cilities are not perfect enough, making it difcult to
meet the basic living needs of farmers such as
consumption, medical care, and education. On the
one hand, we should accelerate the improvement of
infrastructure such as rural roads, water and elec-
tricity, environmental protection, and information
networks, promote major water conservancy pro-
jects for water-saving and water supply, and ensure
the safety of drinking water; strengthen the con-
struction of rural social security system, improve the
unifed basic medical insurance system, basic pen-
sion insurance system, and minimum social security
system for urban and rural residents. In terms of
rural public health services, it is necessary to
strengthen the construction of the grassroots medical
and health service system, and support the im-
provement of conditions in township health centers
and village clinics. On the other hand, by enhancing
basic education capabilities, increasing vocational
education eforts, and improving the quality of
higher education, we can block the intergenerational
transmission of poverty, improve the basic cultural
quality of the impoverished population, and enhance
the labor skills of impoverished families. Finally, for
extremely remote areas with harsh terrain and
blocked transportation, poverty alleviation through
relocation can be adopted. Based on soil and water
resources, economic development environment, and
urbanization process, relocation and resettlement
methods can be selected according to local
conditions.

Data Availability

In this paper, the administrative boundary vectors from
China national center for basic geography data, Digital
Elevation Model (Digital Elevation Model, DEM) data ac-
quisition from the United States geological survey (USGS)
website (https://lta.cr.usgs.gov/HYDRO1K), NPP data ac-
quisition from NASA’s MODIS products website (https://
ladsweb.nascom.nasa.gov) precipitation According to from

China meteorological data network (https://data.cma.cn/).
Night light Data from the National Atmospheric and
Oceanic Administration of the National Geographic Data
Center (NOAA’s National Geophysical Data Center, https://
ngdc.noaa.gov/eog/download.html). Te socioeconomic
statistics were summarized by the China Regional Economic
Statistics Yearbook published in 2014.
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