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Abstract: During the 13th Five-Year Plan period (2015–2020), the Poverty alleviation relocation
(PAR), led by the Chinese government in the karst regions of southwest China, aimed to cope with
poverty and ameliorate the ecological environment. Nevertheless, few research results have involved
quantitative assessment of the ecological effectiveness of PAR. Moreover, few studies on the ecological
effects of migration relocation have distinguished the effects of relocation on climatic factors and
other ecological restoration projects concerning the ecological environment. It remains unclear to
what extent PAR affects the regional ecological environment. In order to quantitatively assess the
extent of PAR’s ecological restoration contribution, we adopted the Remote Sensing Ecological Index
(RSEI) model, which integrates the four more intuitive and critical influencing factors of greenness,
moisture, dryness, and heat. On the Google earth engine (GEE) platform, utilizing its powerful
remote sensing data storage capacity and computational capability, we quantitatively assessed
the spatial and temporal distribution characteristics of ecological environmental quality (EEQ). As
revealed by our research findings, overall EEQ showed a fluctuating upward trend over the period
1996–2021 in the study area, exhibiting an improvement of 22.66%. Mann–Kendall mutation test
curves showed the most significant improvement occurred after 2015, with an improvement of 8.06%.
Based on the residual analysis model, in order to remove the influence of climatic factors and other
anthropogenic activities, and to assess the driving effectiveness of PAR, PAR was remarkedly effective
in ameliorating EEQ, causing the RSEI to improve by 0.0221–0.0422. The LISA correlation model
further analyzed that 44.91% of regional PAR implementation exerted a remarkable influence on RSEI
change, of which 54.59% belonged to positive correlation. Aside from that, we also found that not all
areas involved in PAR experienced ameliorated RSEI. In the western region, where the human–land
conflict is prominent and the ecology is more fragile, PAR exhibited a significant effect in ameliorating
EEQ, but in the eastern region, where the EEQ foundation is better, PAR did not show significant
effect, and, thus, the ecological restoration effect of PAR exhibited noticeable geographical suitability.

Keywords: poverty alleviation relocation; ecological environmental quality; remote sensing
ecological index; karst ecologically fragile areas

1. Introduction

The karst region in southwest China is located among the Mountains of Southwest
China global biodiversity hotspots, and is one of the richest and most concentrated areas
of rare and endangered species in China [1,2]. It has seven World Natural Heritage sites,
accounting for 50% of the total in China, and is the Yangtze River and Pearl River’s
ecological protection barrier which are located in the upper reaches, The region is one of the
200 global conservation priority eco-regions in the world [3], and plays an irreplaceable role
in China’s ecological security pattern. Environmental changes and human interferences
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could influence its ecological health [4]. The impact of human interference on the region’s
ecosystems has increased remarkedly since the 1970s. The karst region in southwest China
covers an area of more than 120,000 km2 of stone desertification, a total of 220 million
people live in the region, and the huge population pressure (217 people/km2) gives rise
to the overuse of limited resources, and ecological damage. The ecological degradation
represented by stone desertification, owing to strong and continuous human activities,
has become the biggest impediment to regional social development [5,6]. EEQ reflects
the suitability of an ecological environment for human survival and sustainable socio-
economic development in a certain spatial and temporal range [7], and is primarily affected
by natural climatic conditions and human activities [8]. As a result, understanding the
impact of human activities on the EEQ in ecologically fragile areas is not only a paramount
issue for human beings to cope with current and future environmental problems, but also
advantageous for exploring the harmonious development model of human–Earth in karst
ecologically fragile areas. In the period 2015–2020, the Chinese government’s poverty
alleviation project aimed at eliminating poverty, and the implementation of PAR was its
most critical project. The PAR population in the karst region of southwest China accounts
for 63% of the total PAR nationwide [9]. PAR spatially transfers farm households living
in ecologically fragile areas that cannot achieve sustainable development to developed
urban areas, to eliminate poverty while ameliorating local ecology [10]. PAR aims to
achieve ecological improvement by easing human–land conflict through population spatial
transfer, which is not only consistent with the hypothesis that the smaller the population
density, the greater the positive impact on ecological health [11], but is also in accordance
with the territorial system of human–environment interaction in geography [12] and the
Environmental Kuznets Curve theory [13,14].

Few studies on the ecological effectiveness of PAR have been carried out [15,16]. Refer-
ring to ecological resettlement, which is similar to PAR in relocating farmers to centralized
resettlements, some scholars would argue that migration cannot help farmers achieve
sustainable development. Instead, migration may exert disadvantageous influences on
local ecological restoration [17,18]. Some scholars also agree with the ecological restoration
effectiveness of resettlement [19]. Is the implementation of human activity with a huge
investment like PAR in the Karst ecologically fragile area beneficial to local ecological
improvement? Objective quantitative data are needed. Most of the existing studies on
ecological effectiveness triggered by migration relocation are based on comparison of eco-
logical indicators, such as utilization of local water, resources landscape ecological risk
index [20,21]. By remote sensing, scholars determined that the area of water and peren-
nial snow land increased noticeably during the ecological migration, while ecological risk
decreased [22]. Some scholars found that the average values of Normalized difference
vegetation index and Vegetation restoration degree exhibited a continuous and speedy
growth trend, and the ecological migration project had a striking impact on ecological pro-
tection [23]. Some scholars also verified the ecological effectiveness of PAR by the noticeable
augmentation in the value of ecosystem services in the study area after PAR implementa-
tion [24]. The existing studies basically illustrated the ecological effectiveness of migration
relocation through the changes of certain ecological indicators after the implementation of
migration relocation, and through comparison of the values of the indicators in the pre-
and post-relocation phases. Nonetheless, the ecological effectiveness of PAR is reflected
by the mitigation of the human–land relationship, and ecological environment changes
are also influenced by climate factors and other human activities apart from PAR. As a
consequence, to evaluate the ecological effectiveness of PAR, it is essential to distinguish
PAR from natural factors and other human activities. This is also a paramount issue that
needs to be addressed in PAR ecological effectiveness studies or even ecological studies of
migrant relocation.

The residual model can distinguish the ecological effect of an item from natural factors
and other items [25,26], and we adopted the residual model to refine the degree of ecological
contribution of PAR. We chose RSEI for the ecological evaluation index used in the residual
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model, for the reason that the conclusions of remote sensing data analysis are objective
and accurate [27], and can be employed as a technical tool to assess spatial and temporal
evolution of EEQ. Compared with the single indicators, such as NDVI [28], the RSEI model,
proposed by Xu, integrates the four more intuitive and critical influencing factors, namely
greenness, moisture, dryness, and heat. It has the advantages of authentic and effective
evaluation data sources, as well as objective and fair evaluation conclusions [29,30]. The
residual model was adopted to distinguish the effect of PAR on RSEI from the effects
of climate and other ecological restoration projects on RSEI. Furthermore, the residual
between measured RSEI and predicted RSEI trends (regression models were established
with data during the period not affected by PAR, and RSEI during PAR implementation
was predicted using factors other than PAR factors as independent variables) were used to
assess PAR’s RSEI contribution. A positive residual value indicates that PAR has a positive
effect on EEQ, while a negative residual value indicates that PAR has a disadvantageous
influence on EEQ [26]. The method requires specifying the time point at which RSEI
is affected by PAR, unlike the artificial subjective determination of turning points [22].
On the basis of RSEI time series, this paper adopted the Mann–Kendall trend test to
determine the turning point of the RSEI change trend [25]. Considering that the ecological
effectiveness of PAR calculated by the residual model is speculative and its validity needs
further verification, the spatial clustering effect of RSEI variables was first investigated
at the pixel-level (2 km) scale with a bivariate local indicator of spatial association (LISA).
Subsequently, the spatial correlation between RSEI changes and PAR population size in
the study area was analyzed to further clarify the effectiveness of PAR implementation
in driving regional RSEI changes [31]. This paper mainly addressed the following issues:
(1) eliminating the effects of climate and other human activities to distill PAR-induced
EEQ changes, and (2) analyzing the spatial correlation between PAR-induced EEQ change
trends and PAR implementation intensity. This paper first used the GEE cloud platform to
obtain Landsat remote sensing data from 1996 to 2021. Subsequently, we applied the RSEI
calculation model to quantitatively assess the spatio-temporal evolution of EEQ, adopted
the Mann–Kendall trend test to determine the turning point of RSEI trend change, and
applied the residual calculation model to assess the RSEI-driven contribution of PAR. The
LISA model was adopted to further determine the degree of correlation between PAR and
RSEI variables, to predict the spatial and temporal evolution of RSEI in the study area at a
later stage, and to quantitatively probe into the spatial and temporal evolution, as well as
trend direction, of PAR-induced EEQ.

2. Materials and Methods
2.1. Study Area

The karst mountains of southwest China are one of the most ecologically fragile and
densely populated areas in the world [6]. Guizhou province is located in the core area of the
ecologically fragile karst region in southwest China, between 24◦37′ and 29◦13′N latitude
and 103◦36′ and 109◦35′E longitude, with 88 counties and urban areas in the province, a
population of 46,211,200 (Figure 1b) (2021), a land area of 176,200 km2, and an altitude of
147–2900 m, 92.5% of which is mountains and hills. It is the only province in China without
plains. Guizhou has a subtropical humid monsoon climate, with the most widespread
distribution of carbonate formations containing magnesium in the Triassic marine phase,
and a stone desertification area of 24,700 km2 (Figure 1a). A total of 6.32 million people
were impoverished in Guizhou in 2015, accounting for 8.9% of the total poverty-stricken
population in China, with a poverty incidence rate of 18%, which was 10.8 percentage
points higher than the national average [32]. With its fragile ecological environment, large
deprived population, and prominent human–land conflicts, Guizhou Province is a typical
region with a high overlap between ecological fragility and extreme poverty. Of course,
through the poverty alleviation project represented by PAR, in 2020, the Chinese govern-
ment announced to the world that China no longer had a poverty-stricken population.
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Figure 1. Degree of stone desertification in 2020 (a); Population distribution on the county level in
2020 (b).

PAR targeted the most impoverished farming households that lived in areas with
fragile ecological environments and impoverished living conditions, and relocated the pop-
ulation to areas with comparatively superior resource endowments, giving the relocated
poor a new sustainable livelihood that they could use to earn a living and ameliorate their
long-term lives. Over the period 2016–2019, Guizhou Province relocated approximately
430,000 households and 1.92 million people, accounting for nearly 1/5 of China’s total
relocation, involving 12,000 administrative villages in 1598 townships in 85 counties (out
of 88 counties in the province) (Figure 2b). PAR mainly makes use of two types of reset-
tlements, namely, in rural areas and urban centralized resettlement. There were 856 PAR
resettlement sites in Guizhou Province, including 591 urban centralized resettlement sites,
which were used to resettle 97% of the relocated population (Figure 2a). Among the urban
centralized resettlement sites, there were 125 resettlement sites with more than 5000 people,
housing a total of 1.12 million relocated people, accounting for 58% of the total number of
relocated people. Among the eight prefectures and cities in the province, the largest number
of people relocated was in Qianxinan Prefecture, with 340,000 people relocated, and the
smallest number of people relocated was in Guiyang City, with 10,000 people relocated.

Remote Sens. 2022, 14, x FOR PEER REVIEW 4 of 20 

 

 

poverty-stricken population in China, with a poverty incidence rate of 18%, which was 
10.8 percentage points higher than the national average [32]. With its fragile ecological 
environment, large deprived population, and prominent human–land conflicts, Guizhou 
Province is a typical region with a high overlap between ecological fragility and extreme 
poverty. Of course, through the poverty alleviation project represented by PAR, in 2020, 
the Chinese government announced to the world that China no longer had a poverty-
stricken population. 

  
Figure 1. Degree of stone desertification in 2020 (a); Population distribution on the county level in 
2020 (b). 

PAR targeted the most impoverished farming households that lived in areas with 
fragile ecological environments and impoverished living conditions, and relocated the 
population to areas with comparatively superior resource endowments, giving the 
relocated poor a new sustainable livelihood that they could use to earn a living and 
ameliorate their long-term lives. Over the period 2016–2019, Guizhou Province relocated 
approximately 430,000 households and 1.92 million people, accounting for nearly 1/5 of 
China’s total relocation, involving 12,000 administrative villages in 1598 townships in 85 
counties (out of 88 counties in the province) (Figure 2b). PAR mainly makes use of two 
types of resettlements, namely, in rural areas and urban centralized resettlement. There 
were 856 PAR resettlement sites in Guizhou Province, including 591 urban centralized 
resettlement sites, which were used to resettle 97% of the relocated population (Figure 2a). 
Among the urban centralized resettlement sites, there were 125 resettlement sites with 
more than 5000 people, housing a total of 1.12 million relocated people, accounting for 
58% of the total number of relocated people. Among the eight prefectures and cities in the 
province, the largest number of people relocated was in Qianxinan Prefecture, with 
340,000 people relocated, and the smallest number of people relocated was in Guiyang 
City, with 10,000 people relocated. 

 
Figure 2. Distribution of PAR settlements 2016–2019 (a); spatial distribution of population moving 
out at township level 2016–2019 (b). 

Figure 2. Distribution of PAR settlements 2016–2019 (a); spatial distribution of population moving
out at township level 2016–2019 (b).

2.2. Data Resources and Pre-Processing

The GEE cloud platform (www.googleearth.enger.com (accessed on 12 January 2022)),
has a multitude of advantageous capabilities in terms of data acquisition, data analysis
and processing, free public datasets and storage space. Apart from these capabilities, this
platform integrates almost all public datasets, such as Landsat, MODIS, Sentinel, NPP
VIIRS, etc. [33,34]. At the same time, GEE has advanced data identification and processing
capabilities, which can complete all handling processes, such as pre-processing, modeling,
calculation, and map output. The Landsat remote sensing data used in this article came

www.googleearth.enger.com
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from the GEE platform database, in which Landsat 5 was used before 2012 and Landsat
8 was used after 2012 [35]. Aside from that, the thermal infrared (TIR) band (band 6) of
Landsat 5 TM Collection 1 Tier 1 raw scenes was originally collected with a resolution of
120 m/pixel. The two TIR bands (band 10 and band 11) of Landsat 8 Collection 1 Tier 1
raw scene were originally collected with a resolution of 100 m/pixel and resampled to
30 m using cubic convolution. The Single Channel (SC) algorithm was used in our study to
calculate LST. We selected the Landsat 5 TM and Landsat 8 OLI surface reflectance sensors
images (LANDSAT/LT05/C01/T1_SR and LANDSAT/LC08/C01/T1_SR) to calculate
the NDVI, the WET, the NDISI and the LST. The radiance from band 6 of Landsat 5 TM,
the radiance from band 10 of Landsat 8 OLI, and the dataset NCEP_RE/surface_wv were
used to calculate LST [36,37]. MODIS remote sensing data began to be used after 2000,
with a maximum image resolution of 250 m. However, the accuracy of the evolutionary
results of medium resolution data is limited. For the reason that Guizhou province is
characterized by cloudy and rainy monsoon weather, it is difficult to obtain images of low
cloud coverage. For instance, in 2014, there were 224 scenes of Landsat images within the
province, out of which there were only 41 scenes with less than 20% of cloud cover and
only 18 scenes with less than 5%, and most of these were concentrated in the spring and
winter seasons. In order to effectively collect low cloud coverage image data, on the basis
of the GEE automatic calculation screening function, the best images were automatically
synthesized by selecting images from April to October of the target year, and the results
still had a total of six years of images with an integrated cloud amount higher than 20% in
1997, 2003, 2006, 2012, 2014, and 2020, which were not applicable for evaluation. The data
preprocessing was performed by the official GEE programming algorithm. The geometric
correction, radiometric correction, and atmospheric correction were first completed, and
the cloud mask algorithm was employed to remove the overlying cloud amount. Apart
from that, water body mask processing (updateMask) was implemented by code to avoid
waters affecting the load distribution of the principal components. After GEE cloud
computing, 20 periods of standardized image data for the study area, from 1996 to 2021,
were obtained. Among the data sources, the administrative area vector data were obtained
from the Resource and Environment Science Data Center of the Chinese Academy of
Sciences (http://www.resdc.cn (accessed on 5 October 2021)), the data correlated with the
reforestation project were obtained from the Master Plan of National Forestry and Grassland
Administration (http://www.forestry.gov.cn (accessed on 21 April 2022)), and the data of
the stone desertification project were obtained from the National Development and Reform
Commission (http://www.rdrc.gov.cn (accessed on 21 April 2022)). Meteorological data
were obtained from the China Meteorological Administration Network (http://www.cma.
gov.cn (accessed on 25 April 2022)), and PAR project data were obtained from the Ecological
Migration Bureau of Guizhou Province.

2.3. Methodology
2.3.1. RSEI Calculation

The RSEI involves four indicators that are in line with the Chinese Ministry of En-
vironment’s ecological environment evaluation specification “Technical Specification for
Ecological Environment Status Evaluation”, and address issues such as the ease of access
to indicators, the setting of normalization coefficients, and the reasonableness of weights
on the basis of comparability. It not only includes a vegetation index (NDVI), which is the
wet component of a tasseled cap transformations (WET) of surface vegetation, soil, etc., but
also includes a soil index and the index-based built-up index IBI, to form a comparative
index. The built-up index IBI is expressed by the normalized difference impervious surface
index NDISI, and the surface temperature conditions are expressed by the land surface
temperature LST. The EEQ evaluation is more comprehensive, using a combination of the
four indicators. The final RSEI value was obtained using the forward normalization process
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formula, yielding a value between 0 and 1; the higher the numerical value, the better the
EEQ [29,38]:

NI =
I − Imin

Imax− Imin
(1)

RSEI0 = PC1[ f (NDVI, WET, NDISI, LST)] (2)

RSEI =
RSEI0 − RSEI0−min

RSEI0−max − RSEI0−min
(3)

In the formula: NI denotes the standard index value after processing; I is the index
value; Imax and Imin are the maximum and minimum values of the index, respectively;
RSEI denotes the final remote sensing ecological index; RSEI0 denotes the primary remote
sensing ecological index; RSEI0-max and RSEI0-min are the maximum and minimum values
of the primary remote sensing ecological index in the current period, respectively; PC1
denotes the first principal component.

2.3.2. Determination of Turning Points

In contrast to the artificial determination of turning points, this paper adopted Mann–
Kendall mutation test curves to determine potential turning points of long time series RSEI
trends. On the basis of MATLAB software, the changes in the RSEI trend over the period
1996–2021 were first analyzed by testing at the 95% confidence level of significance. Then,
the order column of sequential time and inverse time was further calculated. In addition,
the year in which the trend curves composed of the two sets of series intersected was the
potential turning point, which was the mutation point of the detected time series [39]. The
period before the turning point was identified as the reference period, while the period
after the turning point was identified as the implementation period.

2.3.3. Residual Trends Method

RSEI changes are influenced by climatic conditions and human activities. We adopted
the Residual trends method to calculate the extent of PAR contributions to RSEI. First,
we calculated the correlation between the time series RSEI and the influencing factors,
other than PAR, and, then, established the regression relationship. The time series was
based on the reference period. Subsequently, we adopted a pixel-level (2 km) multiple
regression model to calculate the regression coefficients with pixel-based units. Second,
we fitted the predicted RSEI values for the actual period with the regression coefficients,
and subsequently calculated the difference between the measured RSEI and the predicted
RSEI for the implementation period; we called it the RSEI residual of PAR. Third, we
calculated the trend of RSEI residual with the time series. If the trend of residual change
was increasing, it was considered that PAR promoted regional EEQ improvement, and if
the trend of residual was decreasing, it was considered that PAR factors caused regional
EEQ degradation [26,40]:

RSEIresidual = RSEIresidual − RSEIprotected (4)

2.3.4. Spatial Correlation Analysis

On the basis of the positive and negative spatial attributes of Moran’s I divided into
two positive correlation types, high–high (HH) and low–low (LL), and two types of negative
correlation, high–low (HL) and low–high (LH), spatial correlation between RSEI variables
and PAR numbers in the study area was analyzed by bivariate local autocorrelation, with
local Moran’s I values between−1 and 1 at a confidence level of 0.05. With a p value greater
than 0.05, the two elements were not remarkably correlated in space:

LISAi =
(xi − x)

S2

n

∑
j=1

wij(xj−x) (5)
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S2 =
1
n

n

∑
i=1

(xi−x)2 (6)

where wij is the element of the spatial weight matrix, xi, xj are the spatial cell observations
that have passed through the Piscean quasi-talk, x is the mean, and S2 is the variance, with
specific reference to Ref. [31].

2.3.5. Technical Roadmap

The technical route of this paper is described in the last paragraph of the introduction,
and the road technology roadmap is shown in Figure 3.
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3. Results
3.1. Spatial and Temporal Evolution of EEQ
3.1.1. General Trends of EEQ Evolution

As demonstrated by the Landsat image data, the RSEI calculation formula showed
that the RSEI of the study area from 1996 to 2021 exhibited a gradual augmentation with
certain fluctuations during the period. Nonetheless, the overall trend of a gradual increase
in RSEI with time migration was maintained. Apart from that, the average value of RSEI
increased from 0.5392 in 1996 to 0.6614 in 2021 (Figure 4a). The MODIS image data differed
from Landsat on account of the sensor and resolution (low resolution RSEI calculation
accuracy deviation), and the calculation results had a certain gap (Figure 4b). The RSEI
in the study area from 2001 to 2021 exhibited a gradual upturned trend, and the overall
evolution trend was similar to that seen in the Landsat data.
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more ideal map results; (b) Trend in RSEI from MODIS, karst mountainous terrain broken, small plot
area, not applicable, for reference only.

3.1.2. RSEI Conclusion Test and Correlation Analysis of Indicators

To monitor the accuracy of the calculated results and probe deep into the degree
of correlation of the data within the RSEI, the reasonableness of the results was tested
by adopting the Spearman test model. As demonstrated by the results, the correlation
coefficients between RSEI and four indicators, NDVI, WET, LST, and NDISI, were 0.833,
0.878, −0.451, and −0.878, respectively, indicating that RSEI was positively correlated with
NDVI and WET and negatively correlated with LST and NDISI. The correlation between
RSEI results and three indicators, NDVI, WET, and NDISI, was strong and the significance
was less than 0.001, and the correlation coefficient with LST was 0.095, which was not
significant enough (Table 1). The trend of NDVI and WET during the study period tended
to be the same as the trend of RSEI change, and the overall trend tended to improve in
the state of continuous fluctuation, and maintained a higher level after 2016. The trend of
LST and NDISI during the study period exhibited an inverse trend with the trend of RSEI
change, and the overall trend showed a gradual decrease. The decreasing trend of NDISI
was more striking, and the decreasing trend of LST was not noticeable, which contributed
to the limited contribution to the improvement of RSEI (Figure 5).

Table 1. Correlation coefficient matrix of indices over the period 1996–2021.

Indicator NDVI WET LST NDISI RSEI

NDVI 1 0.701 −0.086 −0.776 0.833
WET 0.701 1 −0.418 −0.75 0.878
LST −0.086 −0.418 1 0.311 −0.451

NDISI −0.776 −0.75 0.311 1 −0.878
RSEI 0.833 0.878 −0.451 −0.878 1
Sig <0.001 <0.001 0.095 <0.001
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Figure 5. Trends of 4 indicators of RSEI. Among them, NDVI and Wet indicators were positively
correlated with RSEI, and LST and NDSI were negatively correlated with RSEI.

3.1.3. EEQ Evolutionary Turning Points during the Study Period

The Mann–Kendall test model was applied to calculate the turning point of RSEI
evolution for the period 1996–2021. As indicated by the research findings, the backward
trend of RSEI was a fluctuating decreasing trend, and the forward trend was a fluctuating
increasing trend, and the two trends intersected in 2015, which was the turning point of
the trend. In this paper, the study period was divided into two periods on the basis of the
turning point, namely the reference period, 1996–2015, and the implementation period,
2016–2021. The trend of RSEI in the reference period had certain fluctuations, the overall
trend was smoothly increasing (p = 0.005), and the slope was 0.0027. The RSEI trend of the
implementation period was more significant (p = 0.0856), with a slope of 0.0065, which was
a substantial augmentation compared to the reference period. The reference period RSEI
increased from 0.5392 to 0.6109 with an increment of 0.0716 and an average annual increase
of 0.0038, whereas in the implementation period RSEI increased from 0.6109 to 0.6614 with
an increment of 0.0505 and an average annual increase of 0.0084 (Figure 6).
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Figure 6. The potential turning point of the change of annual RSEI (a); RSEI inter-annual variations
and linear trends for the two periods (b).

3.1.4. Spatial and Temporal Evolution Trend of RSEI

The mean value of RSEI during the study period was divided into five grades, namely
grade I (<0.2), II (0.2–0.4), III (0.4–0.6), IV (0.6–0.8), and V (0.8–1), and the higher the
grade the better the EEQ. The specific spatial and temporal evolution results during the
study period are exhibited in Figure 5. RSEI mean values and basic characteristics of
spatial distribution showed an overall upturn trend (Figure 7a,c,f). Of the RSEI grades
in the regional area 53.63% were ameliorated (21.46% substantially improved, 32.17%
generally ameliorated), and RSEI degradation in the study area accounted for 14.33%
(12.24% generally degraded, 2.09% noticeably degraded).
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Figure 7. EEQ dynamics change during the study period. (a) The current EEQ in 1996; (b) The current
EEQ in 2015; (c) The current EEQ in 2021; (d) The spatial variation of RSEI over 1996–2015; (e) The
spatial variation of RSEI over 2015–2021; (f) The spatial variation of RSEI over the whole study period
(normal indicates 1 rank change, significant indicates 2 and more rank changes).

The RSEI improvement trend was remarkably stronger than the degradation trend
during the reference period (Figure 7a,b,d), and the area of RSEI grade improvement
accounted for 44.07% (15.63% strikingly ameliorated, 28.44% generally ameliorated) in the
regional area, mainly centered in the northeast side, with Tongren as the center. The area of
RSEI degraded area accounted for 21.31% (17.90% generally degraded, 3.41% noticeably
degraded), primarily centralized in the western part of Bijie, Liupanshui, Qianyinan and
other areas where the population was concentrated (15.63% tremendously ameliorated,
28.44% generally improved). This region was the most prominent area of human–land
conflict, and the ecological restoration rate was weaker than the ecological degradation rate.

During the implementation period, the trend of RSEI improvement was maintained
(Figure 7b,c,e and Figure 8), and the area of RSEI level was ameliorated by 34.09% (4.75%
markedly ameliorated, 29.34% generally ameliorated), and the improved areas were mostly
centralized in the western regions of Liupanshui. This region was a more prominent area
for human–land conflicts. The ecological degraded areas accounted for 12.77% (12.11%
generally degraded, 0.66% remarkedly degraded), concentrated in Tongren, Qiandongnan
and other regions. The EEQ degradation was more remarkable in Guiyang, Zunyi, Anshun,
Bijie, Kaili and other urban areas, which were large and medium-sized cities where the
province’s population growth was concentrated. The degradation trend was observed
throughout the study period.
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Figure 8. EEQ dynamics by classified RSEI in prefecture; grade changes are divided into five grades,
namely, remarkedly degraded (≤−2), generally degraded (−1), no striking change (0), generally
ameliorated (1), and strikingly ameliorated (≥2). Administrative codes are represented as follows:
5201 is Guiyang, 5202 is Liupanshui, 5203 is Zunyi, 5204 is Anshun, 5205 is Bijie, 5206 is Tongren,
5223 is Qianxinan, 5226 is Qiandongnan, and 5227 is Qiannan.

3.2. PAR and EEQ Spatio-Temporal Correlation Analysis
3.2.1. Remove the Influence of Climatic Factors and Other Anthropogenic Activities

There was a clear trend of RSEI enhancement during the implementation period of
the study. In order to remove the influence of climatic factors and other anthropogenic
activities, and to assess the driving effectiveness of PAR, the residual model was employed
to probe into the degree of PAR contribution to the regional RSEI enhancement. Through
multiple linear regression analysis calculation, the natural conditions (mainly temperature
and rainfall) and anthropogenic factors (the Grain for Green Project and the Karst Rocky
Desertification Restoration Project) in the reference period were employed as the driving
force for the PAR. The regression coefficients were calculated using natural conditions
(mainly temperature and rainfall) and anthropogenic factors (the Grain for Green Project
and the Karst Rocky Restoration Project) as independent variables and RSEI as dependent
variables during the reference period (see Table 2 for details). The confidence range of the
regression model was 95% (p = 0.044). Aside from that, both the observed cumulative and
the predicted cumulative probabilities were normally distributed in the linear regression
analysis model. Furthermore, standardized residuals had no outlier outliers and obeyed
chi-square variance (Figure 9a,b). The regression coefficients predicted the RSEI values
for the measured period, and the standardized coefficients were calculated as Variable
(RSEI) = 0.391 × Variable (MAT) + 0.376 × Variable (ATP) + 0.281 × Variable (funds of
the Grain for Green Project) + 0.570 × Variable (funds of the Karst Rocky Desertification
Restoration Project). The forecast RSEI was subtracted from the measured RSEI to obtain
the residual value of the year, and the proportion of the measured value of the year made up
of the residual value formed under PAR in 2016–2021 was 5.17%, 3.46%, 6.37%, 5.05%, and
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6.38% for 2016, 2017, 2018, 2019, and 2021, respectively (excluding 2020, Table 2). The degree
of investment in stone desertification management projects during the reference period
had the greatest impact on RSEI, while PAR during the implementation period played a
paramount role in promoting EEQ, which was the uppermost factor for the substantial
augmentation in RSEI values in the study area.

Table 2. Analysis of PAR contribution to RSEI during the implementation period.

Year 2016 2017 2018 2019 2020 2021

Actual measurement of RSEI 0.6541 0.6390 0.6545 0.6553 0.6614
Predicted RSEI 0.6203 0.6169 0.6128 0.6221 0.6224 0.6192

Residuals 0.0338 0.0221 0.0417 0.0331 0.0422
Residuals to measured weight 5.17% 3.46% 6.37% 5.05% 6.38%
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Figure 9. (a) The P–P plot of regression standardized residuals; (b) Residual scatter diagram. Note
that (a,b) indicate that this linear regression fit fully satisfied the conditions of use; (c) Implementation
period residual results distribution statistics.

We adopted the residual model to probe into the impact of PAR on EEQ space during
implementation. Generally, it was high in the west and low in the east. In the western
regions, with large populations, namely Liupanshui and Bijie, the residual value was
comparatively high. After 2019, the residual value was about 0.1, and the trend of increasing
residual value in Southwest Guizhou was the most substantial. The province has the most
serious rock desertification and the highest degree of poverty. The residual values were
negative in the eastern regions of Tongren and Qiandongnan, where the population was
small, and the average value of RSEI was at the top of the province for a long time, with a
solid EEQ foundation. Based on the analysis of the spatial and temporal evolution of RSEI
within the study area, the implementation of PAR strikingly elevated the effectiveness of
EEQ, in a manner primarily centralized in the areas of Liupanshui, Bijie, and Qianxinan,
where the contradiction between human and land was prominent and the ecology was
poorer, and the ecological restoration was more effective. In the areas of Tongren and
Qiandongnan, where the contradiction between humans and land was not prominent with
higher RSEI values, a certain degradation trend was found (Figure 9c).

3.2.2. Correlation between PAR Implementation Intensity and RSEI Changes

The residual model algorithm results were based on the predicted RSEI and did not
involve PAR-related data. On that account, we adopted the Morlan index to further verify
the correlation between PAR implementation intensity and RSEI changes. The relocation
of the province was mostly concentrated in Bijie and Liupanshui, which had a larger
population base in the west, and Qianxinan, which had a more serious stone desertification.
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PAR was basically not involved in the important urban areas of Guiyang, the south of
Zunyi, and the northeast side of Anshun (Figure 10a).
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Figure 10. Coupling harmonious degree of density of relocated population and change of RSEI.
(a) PAR density distribution; (b) Morlan index of 0.749, with an overall substantial spatial correlation;
(c) Univariate local Morlan index, RSEI variables were extremely clustered; (d) Bivariate Morlan index,
H–H in the west, relocation population with more RSEI increased remarkably, H–L concentrated
around H-H, relocation population with less RSEI also increased noticeably, L–H concentrated in
the east, relocation population with more RSEI exhibited a decreasing trend, L–L concentrated in
areas with comparatively good economy, and relocation population and the RSEI decreased with less
relocation population.

The correlation between PAR and RSEI of the region over the period 1996–2021 was
further analyzed by employing the Moran index. As revealed by the experimental results,
the univariate RSEI changes during the implementation period were aggregated under the
significance condition of p < 0.05. Aside from that, the Moran index of the RSEI variables
was 0.749, which exhibited noticeable spatial correlation with one another (Figure 10b).
Furthermore, the region of remarkable RSEI increment was predominantly centralized
in the western region, which was the RSEI boosting aggregation region. Apart from
that, the eastern Tongren and Qiandongnan regions were the more concentrated regions
of RSEI decrease (Figure 10c). At a p < 0.05 significance level, 44.91% of regional PAR
implementation had a striking impact on RSEI change. As indicated by the results, 29.22%
of the areas within the marked influence range belonged to the H–H range, concentrated
in the western region, which was the area with a large relocated population and a more
marked RSEI submission. Moreover, PAR exhibited a striking positive correlation with
RSEI improvement: 20.44% of the areas belonged to the H–L range, concentrated around
the western H–H region, with a noticeable RSEI improvement, but the size of the relocated
population was not too large; 25.37% belonged to the L–L region, which was a decreasing
region with a small relocated population and a strikingly positive correlation between PAR
and RSEI, primarily concentrated in the urban areas of Guiyang, the east side of Anshun,
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and other areas with better EEQ in the east; and 24.97% belonged to the L–H region, with a
large relocated population but a decreasing trend of RSEI, which was a negative correlation
region, concentrated in the eastern region. As indicated by the research findings, RSEI of
Tongren and Qiandongnan regions on the east side showed a certain degree of reduction
after PAR implementation, and PAR implementation had little effect on the local RSEI,
while PAR in the Bijie, Liupanshui, and Qiandongnan regions on the west side directly or
indirectly contributed to a substantial augmentation in the regional RSEI and formed an
aggregation effect (Figure 10d).

3.3. Ecological Effectiveness Analysis of PAR in Typical Regions

Liping County has a land area of 4441 km2, a total population of 578,000 in 2021, a
GDP of 9.828 billion CNY (0.55% of the province’s total), and belongs to a non-karst area,
with 0.93 million households and 39,700 people relocated (Figure 11e); it is the county with
the largest number of relocated people in Qiandongnan Prefecture. The RSEI of Liping
County was 0.8378, 0.7970, and 0.7846 in 1996, 2015, and 2021, respectively, with a reduction
of 1.56% over 2015–2021 (Figure 11a–d). Besides, the residuals of RSEI formed by PAR
over 2016–2021 accounted for −2.12%, 3.19%, 4.53%, −2.72%, and −5.36%, respectively.
Moreover, the results of the LISA analysis exhibited that 8% of regional PAR and RSEI
changes were strikingly correlated with a low degree of association. Pu’an County in
Qianxinan Prefecture, where the RSEI was more strikingly ameliorated, and Liping County
in Qiandongnan Prefecture, where it was slightly reduced, were selected for analysis.
Pu’an county has a land area of 1429 km2, a total population of 359,400 in 2021, and a
GDP of 10.002 billion CNY (0.56% of the province’s total). It is one of the counties that
is most seriously affected by stone desertification in Guizhou Province, with 0.76 million
households and 35,400 people relocated during 2016–2019 (Figure 12e). The average value
of RSEI in Pu’an County was 0.4603, 0.4098, and 0.5578 in 1996, 2015, and 2021, respectively.
Furthermore, the augmentation reached 36.12% over 2015–2021 (Figure 12a–d). Apart from
that, the residual model concluded that the residuals of RSEI formed by PAR in 2016–2021
accounted for −3.54%, 4.56%, 3.93%, −0.47%, 14.01% of the proportion of measured RSEI
in that year. The LISA analysis concluded that 27% of the regions in the county were
substantially related, all of which belonged to the H–H region (71%) and H–L region (29%),
and the number of PARs was evidently and positively correlated with RSEI improvement.
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Figure 11. Liping RSEI change. (a) Liping RSEI change (2015–2021); (b) Liping RSEI in 1996; (c) Liping
RSEI in 2015; (d) Liping RSEI in 2021; (e) PAR population distribution in Liping.
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3.4. Prediction

PAR implementation contributed to the improvement of regional EEQ, though it
is unclear whether this effect is sustainable or not. In order to effectively explore the
subsequent effectiveness of PAR, this paper predicts the spatial and temporal distribution
trends of RSEI after 2021. By analyzing ARIMA, BP neural network, entropy value TOPSIS,
CA–Markov and other prediction models, as demonstrated by our research findings,
RSEI values in the study area display a stable trend of improvement, and the size of the
improvement trend differs among diverse models. In accordance with the existing research
results on EEQ, RSEI reached a higher EEQ level, at 0.66, in areas with human settlement,
which was much higher than the general urban and rural areas [41,42]. In the future,
without the support of other more effective projects, the existing ecological projects will
predominantly maintain the local EEQ level. This paper qualitatively predicts that the local
EEQ will remain at 0.66, with some fluctuations as a result of natural factors or various
ecological project inputs, but will generally maintain the current stable trend.

4. Discussion

As demonstrated by some scholars, rural population migration to urban areas tremen-
dously lessens human disturbance to nature and ameliorates the regional ecological envi-
ronment [43,44]. To be more specific, the more fragile the ecological environment is, the
more marked the effect is [45]. What is particularly noteworthy is that their viewpoints
are exactly consistent with the author’s standpoint. Moreover, the migration of rural pop-
ulation elevated by PAR is larger in scale and more thorough. Furthermore, this sort of
migration is accompanied by the promotion of projects, such as the Grain for Green project,
which also has more substantial ecological restoration effects. PAR has not only noticeable
significance for poverty alleviation, but also reference value for building an ecological
civilization model in which human beings live in harmony with nature. Apart from that,
the results of the analysis exhibited that migrant relocation for the purpose of poverty
alleviation or ecological improvement needs to be combined with regional population
size, ecological carrying capacity, and natural resource endowment. Last but not least, the
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essential causes of ecological fragility are behind the implementation of a comprehensive
relocation project in order to achieve an effective model of harmonious human–nature
development in ecologically fragile areas.

Existing PAR studies primarily fix their attention on the social effects. In order to
offer impoverished people better housing, medical and educational conditions, as well as
more training and employment opportunities, the Chinese government invested 300 billion
CNY to spatially relocate the most impoverished people to cities and towns. Nevertheless,
just as the saying goes, there are two sides to every coin (Table 3). The well-intentioned
policies may also give rise to an augmentation in cost of living and block the transmis-
sion of original customs and culture [46]. PAR ecological effectiveness research is rarely
reflected, and the research results of this paper display that after the implementation of
large-scale relocation, the RSEI in western regions with prominent human–land conflicts
and more serious stone desertification, such as Bijie, Liupanshui, and Qianxinan, were
more remarkably ameliorated. Nonetheless, in eastern regions, such as Tongren and Qian-
dongnan, RSEI predominantly maintained the status quo, and some regions declined.
This indicates that PAR-driven ecological optimization has noticeable regional suitability,
and it is not necessarily suitable in areas with high EEQ and less prominent human–land
conflicts. Moreover, the effect of PAR implementation on local ecological improvement
is comparatively limited. As demonstrated by the results of existing studies, migration
and relocation can contribute to ecological degradation in areas with comparatively sparse
population density as well as unsatisfactory water and heat conditions, such as Northwest
China [17]. Migrant relocation does not ameliorate the regional EEQ in all ecologically
fragile areas. To put it another way, improvement of RSEI is predominantly owing to the
improvement in NDVI and reduction in NDISI, while the contribution of the WET and
LST indicators is not remarkable. Regarding the overall improvement of RSEI, nonetheless,
the four internal component indicators are not fully optimized and the overall quality of
improvement is far from satisfactory. Some international scholars have claimed that the
ecological restoration projects promoted by the Chinese government limit biodiversity [47],
and the limited land after relocation is used by the government or companies on a large
scale, which inevitably results in a single type of woodland. Apart from that, the already
formed woodland area after relocation is also beneficial to the development of regional
biodiversity after reduction in human disturbance. From the perspective of sustainable
development after relocation, the majority of relocated farmers moved to towns and cities,
and the analysis results show that the RSEI of urban areas were all reduced.

Table 3. Summary table of positive and disadvantageous influences of PAR.

Indicators Positive Effects Disadvantageous Influences

Social effects

Tremendously ameliorates the housing and medical and
educational conditions of relocated farmers, and provides
them with more training, study and employment
opportunities.

Cost of living rises, habitual lifestyles are
changed, and original cultural heritage
is affected

Suitable range

After relocation, the RSEI of the western Liupanshui and
other regions with more prominent human–land conflicts,
comparatively fragile ecologies, and comparatively high
arable land settlement rates heightened noticeably.

The RSEI of the eastern Qiandongnan and
other regions with less prominent human–land
conflicts and relatively good ecologies
decreased to a certain extent.

RSEI indicators NDVI and NDISI are optimized, contributing to the overall
improvement of RSEI indicators

WET indicators are ameliorated to a certain
extent, while LST indicators are not noticeably
declining, contributing to the limited extent of
RSEI growth

Biodiversity
After relocation, human disturbance to ecology is reduced,
which is conducive to the development of regional
biodiversity

The land tends to be managed on a larger scale
in the later stage, resulting in the monoculture
of tree species to a certain extent
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Nowadays, some scholars have probed deep into the ecological impact of human
activities, such as assessing the impact of human migration on vegetation cover with
Pearson correlation analysis [48], while others have explored the impact of human activity
changes on peatlands with multivariate and nonparametric techniques [49], etc. Despite
the fact that these studies have quantified the ecological impact effectiveness of relocation,
they fail to quantify the degree of contribution of relocation to ecological restoration in
conjunction with relocation intensity. The same is true for the use of RSEI to assess the
ecological impact of human activities, which was adopted to probe into the ecological
impact of land preparation projects in the Chaohu Lake area [50], the ecological impact
of human activity enhancement on coal mining areas [51], and the ecological impact of
ecological restoration projects on the ecological environment of Dongting Lake [42], etc.
As is most revealed by these studies, human activities may exert a positive or negative
influence on EEQ, but they fail to reflect the degree of contribution of human activities
to ecological change. There were still some shortcomings in this paper. For instance,
Guizhou is cloudy and foggy, and Landsat data basically did not have complete and
clear images. Furthermore, there were still some data deficiencies under the GEE cloud
platform, such as the lack of data in the year 2020, which affected the accuracy of the
assessment. Aside from that, climate change also affected the accuracy of RSEI assessment;
for example, the local area was affected by drought in 2009 and 2011 [52], and both LST
and WET indicators were markedly affected, resulting in large fluctuations of RSEI values
in that year. The NDISI indicator remained comparatively stable throughout the vegetation
growing season (April–October), resulting in the low weight of LST indicators in the first
principal component analysis, which had a comparatively limited impact on the RSEI
values and resulted ina comparatively limited degree of ecological problems, such as the
“heat island effect”.

5. Conclusions

(1) RSEI in Guizhou province exhibited a stable upturn trend throughout the study
period (1996–2021). Moreover, the growth of RSEI was particularly noticeable after PAR
implementation, with an augmentation of 0.0493 in 2015–2021, which reached 8.06%. Over
the period 1996–2015, the growth rate was no more than 13.52%.

(2) The PAR-driven increments in RSEI in 2016–2021 were 0.0338, 0.0221, 0.0417, 0.0331,
and 0.0422 (excluding 2020). In terms of spatial distribution, the contribution of PAR to
EEQ improvement was chiefly concentrated in the western regions of Liupanshui, Bijie,
Qianxinan, and other regions with prominent human–land conflicts, while the eastern
regions of Tongren, Qiandongnan, and other regions with high EEQ, had negative residual
values in some areas, playing a negative role.

(3) As exhibited by the LISA model, 44.91% of the region’s PAR implementation
exerted a striking influence on RSEI changes. Among them, 29.22% of the areas belonged
to the H–H range, positively correlated, which was the area where the size of the relocated
population was larger and the RSEI submission was more striking. A total of 20.44% of the
areas belonged to the H–L range, negatively correlated. Another 25.37% belonged to the L–L
region, positively correlated, and 24.97% belonged to the L–H region, positively correlated.

(4) As indicated by the Typical areas analysis results, in Pu’an County, which had
serious stone desertification and prominent human–land conflicts, PAR implementation had
a striking effect on RSEI enhancement, whereas in Liping County, a non-stone desertification
area with comparatively high EEQ, PAR implementation had a low contribution to RSEI
change, the significant correlation was low, and the overall impact was limited.

(5) Although it was verified that PAR implementation had marked effects on RSEI
enhancement in the study area, the main contribution cames from the karst ecologically
fragile area with prominent human–land conflict in the west, and the ecological restoration
effect was not necessarily remarkable in other regions.
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