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Abstract: With the intensification of climate change and anthropogenic impacts, the ecological
environment in drylands faces serious challenges, underscoring the necessity for regionally adapted
ecological quality evaluation. This study evaluates the suitability of the original Remote Sensing
Ecological Index (oRSEI), modified RSEI (mRSEI), and adapted RSEI (aRSEI) in a typical dryland
region of northern China. Spatio-temporal changes in ecological quality from 2000 to 2022 were
analyzed using Theil-Sen median trend analysis, the Mann-Kendall test, and the Hurst exponent.
Multiple regression residual analysis quantified the relative contributions of climate change and
human activities to ecological quality changes. Results showed that (1) the aRSEI was the most
suitable index for the study area; (2) observed changes exhibited significant spatial heterogeneity,
with improvements generally in the inner areas of the Yellow River and declines in the outer areas;
and (3) changes in ecological quality were primarily driven by climate change and human activities,
with human activities dominating from 2000 to 2011 and the influence of climate change increasing
from 2012 to 2022. This study compares the efficacy of RSEIs in evaluating dryland ecological quality,
identifies spatio-temporal change patterns, and elucidates driving mechanisms, offering scientific
evidence and policy recommendations for targeted conservation and restoration measures to address
future changes in dryland regions.

Keywords: remote sensing ecological index; ecological quality; dryland; spatio-temporal change;
hurst exponent; multiple residual regression analysis

1. Introduction

The rapid expansion of the global population and economy has significantly under-
mined the stability and service of ecosystems [1,2], posing a severe threat to biodiversity [3].
In the face of climate change, dryland ecosystems are particularly vulnerable to these
challenges [4]. Therefore, it is crucial to conduct regionally adapted evaluations of ecological
conditions in drylands. Such evaluations not only facilitate an understanding of the
current status of dryland ecosystems but also provide a scientific foundation for regional
environmental protection and ecological restoration [5].

Remote sensing technology offers a number of advantages, including the capacity
to provide extensive coverage, rapid data acquisition, and reduced cost [6]. It provides
multi-temporal and multi-scale ecological environment information and has become an
important method of ecological condition evaluation. The Remote Sensing Ecological Index
(RSEI) developed by Xu et al. [7] is the most commonly used index for evaluating ecological
conditions in terms of quality. The RSEI is based on four ecological indicators: greenness,
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humidity, dryness, and heat. This index has numerous advantages and has been extensively
employed for evaluating ecological quality at diverse scales and in different regions [8-11].
Notably, in various regional research studies, some scholars have proposed modifications to
the original RSEI (oRSEI), which was constructed using the Normalized Difference Vegeta-
tion Index (NDVI), Moisture Index (WET), Normalized Difference Built-Up Index (NDBSI),
and Land Surface Temperature (LST), to enhance its applicability in specific regions [12-15].
For example, Liu et al. [14] incorporated the Aerosol Optical Depth (AOD) into the oRSEI
to evaluate the ecological environment in Beijing. Similarly, Gao et al. employed the
Biophysical Composition Index (BCI) in place of the NDBSI to evaluate the urban ecological
quality in Lanzhou, China [16]. Yang et al. added the Vegetative Health Index (VHI) to
evaluate the ecological quality in the Guangdong-Hong Kong—Macau Greater Bay Area of
China [17]. Furthermore, some studies have devised novel RSEIs by selecting ecological
indicators that exhibit high correlation with the oRSEI [18,19]. Modifications of the RSEI in
drylands are typically made with a salinity indicator [20,21], which enhances the index’s
ability to reflect the specific characteristics of dryland ecosystems.

Nevertheless, these studies have not yet conducted a comprehensive assessment of
the advantages and disadvantages of the modified index from multiple perspectives. To
address this gap, this study selected a typical dryland area in northern China as a case
study. It assessed the suitability of three indices: the oRSEI, the modified RSEI (mRSEI)
with an added salinity index (ST), and the adapted RSEI (aRSEI) which replaced the NDVI
with the Modified Soil-Adjusted Vegetation Index (MSAVI).

The study area is located in the “U-shaped” region of the Yellow River Basin, a signif-
icant region of concern for desertification control in China. It is also a critical region for
biodiversity conservation and the implementation of the national strategy for ecological
protection and high-quality development of the Yellow River Basin [22]. This region encom-
passes a diverse range of climatic zones and landscapes, making it highly representative
of global drylands. Various environmental restoration initiatives have been implemented
here, such as the Three-North Shelterbelt Program, the Returning Farmland to Forest
Program, and the Returning Grazing Land to Grassland Program [22,23]. These projects
have significantly altered the region’s ecological status. A regionally adapted evaluation
of changes in ecological quality will provide a scientific basis and reference for ecological
management in the region.

Through this study, we aim to (1) assess the efficacy of three remote sensing ecological
indices in a typical dryland; (2) utilize the optimal index to reveal the spatial and temporal
changes in ecological quality in the study area during 2000-2022; (3) quantitatively evaluate
the impacts of climate change and human activities on ecological quality changes through
multiple regression residual analysis; and (4) conduct combinations with persistence anal-
ysis to propose regional ecological protection and management strategies. These efforts
will simultaneously provide theoretical support for ecological protection and restoration in
both China and the global drylands.

2. Results
2.1. Comparison of RSEIs
2.1.1. PCA and Correlation Analysis

The PCA results of the oRSEI, aRSEI, and mRSEI (Table 1) showed that the contri-
bution of the PC1 was more than 82%, indicating that the PC1 effectively synthesizes the
characteristic information of the ecological indices. After the “1-PC1” operation, greenness
and humidity positively affected ecological quality, while the heat, dryness, and salinity
contributed negatively.

The correlation analysis (Table 2) demonstrated that the three RSEIs had a strong
correlation with the selected ecological indicators. The absolute values of the correlations
with each ecological indicator ranged from 0.8481 to 0.9378, indicating that all three RSEIs
effectively characterized the regional ecological quality status. Nevertheless, notable
differences were observed among the specific indices. The oRSEI showed the lowest mean
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value of correlation with each indicator (0.9049), having the highest correlation with the
NDVI and NDBSI; the lowest correlation with the MSAVI, WET, and SIT, and an LST
within the range of the aRSEI and mRSEIL The mRSEI had the highest mean value of
correlation with each indicator (0.9078), with the highest correlation observed with the
MSAVI, WET, and the ST. However, it had the lowest correlation with LST and the NDBSI.
The aRSEI exhibited a mean correlation with indicators that is intermediate between the
aRSEI and mRSEI, with the highest correlation with LST and the lowest correlation with
the NDVI. The correlations with other indicators were all intermediate between the oRSEI
and mRSEI This indicates a certain balance in the evaluation of ecological quality across
various ecological indicators.

Table 1. PCA results of three ecological remote sensing indices in 2022.

Eigen Vectors

Index Contribution (%)

NDVI WET LST NDBSI MSAVI SIT
oRSEI 82.11 —0.5667 —0.5370 0.4527 0.4309
mRSEI 82.38 —0.4895 —0.4714 0.3878 0.3574 0.5100
aRSEI 82.38 —0.5429 0.4612 0.4296 —0.5550

Table 2. Correlation between ecological quality indices and ecological indicators in 2022.
Correlation NDVI MSAVI WET LST NDBSI SIT Mean

oRSEI 0.9337 0.9302 0.9019 —0.8592 —0.9239 —0.8808 0.9049
mRSEI 0.9294 0.9378 0.9124 —0.8481 —0.8830 —0.9361 0.9078
aRSEI 0.9195 0.9353 0.9053 —0.8691 —0.9145 —0.8918 0.9059

2.1.2. Spatial Differences

The results of the oRSEI, aRSEI, and mRSEI exhibited the same spatial distribution
pattern (Figure la—c). All indices showed good ecological quality in forests and croplands,
which was relatively low in steppes, and the lowest quality was observed in deserts and
the Gobi, which have unvegetated areas and extremely low vegetation cover. However,
the differences between the aRSEI and oRSEI (Figure 1d) indicated that the aRSEI slightly
increased the value of most vegetated areas while noticeably decreasing the quality of un-
vegetated areas, with essentially no effect on areas of extremely low vegetation. In contrast,
the mRSEI showed a larger difference compared to the oRSEI (Figure le). It obviously
decreased the value in areas with relatively high salinity content, while slightly increasing
the value in unvegetated, extremely low, low, and high vegetation cover areas. Additionally,
it significantly increased the value in some mining and vegetation restoration areas.

2.1.3. Time Series Differences

Years 2000, 2011, and 2022 were selected to compare changes over time for these three
RSEIs. The violin plots (Figure 2) show that these indices had similar distribution patterns
and change characteristics both within individual years and over the time series. In terms
of the interquartile range, the oRSEI had the least dispersion, while the ecological quality
values for the aRSEI and mRSEI were more dispersed. This increased dispersion indicates
a greater sensitivity to spatial heterogeneity, suggesting that the aRSEI and mRSEI are more
effective for capturing and characterizing the spatial differences in ecological quality within
heterogeneous regions compared to the oRSEIL In contrast, the lower dispersion of the
oRSEI in heterogeneous regions may indicate a lack of sensitivity to spatial differences in
ecological quality, potentially limiting its effectiveness in capturing the spatial patterns and
variations within these regions.
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Figure 1. Spatial distribution of and differences in three indices in 2022. (a—c): Spatial distribution
of the oRSEI, aRSEI, and mRSE]I, respectively. (d) Spatial differences between the oRSEI and aRSEI.
(e) Spatial differences between the oRSEI and mRSEI. Note: SL: significantly low; OL: obviously low;
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1.0 = ORESI [ P5%-75%
® aRSEl | 10%-~90%
B mRSElI - Median

0.8 F

0.6

¥}

i

o]

-

04

02+ F

0.0

2000 2011 2022
Figure 2. Violin plots of oRSEI, aRSEI, and mRSEI from 2000 to 2022.

The results of the PC1 contribution, ecological indicator correlation, spatial differences,
and time series differences were combined to compare the usability of the three RSEIs. The
findings indicated that all three indices had comparable applications. However, the mRSEI
did not exhibit a distinct advantage over the oRSEI and may have amplified the impact
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of salinity content. In contrast, the aRSEI, with the NDVI substituted by the MSAVI, was
more balanced overall and more accurately reflected the actual ecological conditions.

2.2. Spatio-Temporal Changes in Ecological Quality
2.2.1. Spatial Pattern of Ecological Quality

The aRSEI was used to investigate the spatial and temporal changes in ecological
quality in the study area from 2000 to 2022. Figure 3a shows the spatial pattern results
of ecological quality in 2022. The aRSEI values range from 0.04 to 0.84, with obvious
spatial heterogeneity. High-value areas are mainly distributed in the eastern regions of the
Helan and Yin Mountains, as well as in agricultural plains such as the Yinchuan Plain and
Hetao Plain, indicating the better ecological quality of these areas. Low-value areas are
primarily found in the Tengger Desert, Ulan Buh Desert, and Gobi areas west of the Yin
Mountains, indicating relatively poor ecological quality in these locations. The results are
consistent with the actual conditions and fully reflect the differences in ecological quality
across various geographic regions influenced by natural and human activities.

42°N

106°E 107°E 108°E 109°E 110°E 106°E 107°E 108°E 109°E 110°E
— . Equaiy tevel [N .
0.04 0.84 Water Poor Fair Moderate Good Excellent Water

Figure 3. The distribution (a) and classification (b) of ecological quality in the study area in 2022.

Referring to existing studies [24], the aRSEI values were classified into five classes at
0.2 intervals: Poor (0-0.2), Fair (0.2-0.4), Moderate (0.4-0.6), Good (0.6-0.8), and Excellent
(0.8-1). The spatial distribution and percentages of these categories for the year 2022 are
shown in Figures 3b and 4b. The ecological quality was predominantly categorized as
Poor and Fair, with area shares of 29.58% and 53.06%, respectively. Poor areas were mainly
distributed in deserts, the Gobi, barren areas, and areas with extremely low vegetation
cover. Fair areas were primarily found in scattered steppes or shrub steppes with partially
low to medium vegetation cover. Moderate areas, comprising 15.91% of the total, were
primarily situated in the Yinchuan Plain, Hetao Plain, and croplands in northern Ordos
and Yulin. These areas also included mountainous regions with high vegetation cover,
such as the Helan Mountains and the eastern Yin Mountains. Good areas, with a relatively
small proportion of 1.44%, were mainly distributed in the Helan Mountains and some
croplands. The Excellent areas, representing the smallest proportion (0.01%), were located
in the wetland of Wuliangsu lake.
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Figure 4. Changes in (a) and area transition matrix of (b) ecological quality levels from 2000 to 2022.

2.2.2. Changes in Ecological Quality Level

Figure 4a illustrates the changes in ecological quality levels within the study area
from 2000 to 2022. Overall, the proportion of the area classified as Poor demonstrated an
increasing trend throughout the study period, while the Fair level exhibited a decreasing
trend. The Moderate category showed an upward trend, while both Good and Excellent
categories displayed a decreasing trend. In terms of temporal dynamics, the changes in
ecological quality can be divided into two distinct periods, with 2011 representing a pivotal

turning point.

The first period, from 2000 to 2011, is characterized by relatively drastic changes. The
proportion of Poor increased slowly, while Fair decreased significantly. The Moderate
category showed a substantial increase, while Good and Excellent experienced a slight
decrease. The second period, from 2012 to 2022, exhibits more gradual changes. Poor
increased more slowly, while Fair and Moderate categories decreased gradually, and Good
and Excellent categories also showed a more gradual decrease.

To gain deeper insights into these two periods, we conducted a class transfer analysis,
the results of which are presented in Figure 4b. From 2000 to 2011, the increase in Poor
classifications was primarily due to the downgrading of Fair areas. While some Fair
areas were also upgraded to Moderate, the overall trend still resulted in an increase
in Poor classifications. The Fair category experienced a 4.21% decrease in area share,
while the Moderate category saw a 3.77% increase. Good and Excellent categories were
largely downgraded to Moderate and Good categories, respectively, with their area shares

decreasing by 0.97% and 0.19%.

During the 20112022 period, the direction of transfers between levels remained
consistent with that of the previous period. However, except for the Poor category, the
rate of transfer was significantly lower than that in 2000-2011. It is notable that a very
small percentage of the area in both time periods underwent large-scale transfers across
multiple classes. These findings not only reveal the differentiation of ecological quality
in the study area across different periods but also reflect the difficulty of directly transi-
tioning from Poor or Fair to Good or Excellent categories in drylands with challenging

ecological environments.

2.2.3. Spatio-Temporal Trends of Ecological Quality

Figure 5 presents the results of ecological quality change trends in the study area
from 2000 to 2022, based on Theil-Sen median trend analysis and the Mann-Kendall test.
The rate of change in ecological quality ranged from —0.02 to 0.02 per year, showing an
overall normal distribution. Areas showing an increasing trend in the aRSEI were mainly
distributed in the inner areas (east and south) of the Yellow River and around the Yinchuan
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Plain and Hetao Plain, while areas with a decreasing trend were mainly found in the outer
areas (west and north) of the Yellow River and within the Yinchuan Plain and Hetao Plain.
Based on the significance test results, the study area was categorized into five change
classifications: significant improvement, slight improvement, no change, slight decline,
and significant decline (Figure 5b). The results demonstrated that 30.72% of the region
exhibited an improvement, 46.45% experienced a decline, and 22.83% remained unchanged
during the study period.
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Figure 5. Time series trend of ecological quality, Mann—Kendall significance test, and Mann—-Kendall
mutation test in the significant-change area. (a) Theil-Sen median trend analysis from 2000 to
2022. (b) Theil-Sen median trend analysis and Mann-Kendall significant test from 2000 to 2022.
(c) Mann—Kendall mutation test in the significant-improvement areas. (d) Mann-Kendall mutation
test in the significant-decline areas. Note: UF: forward trend statistical value; UB: backward trend
statistical value.

A clear spatial heterogeneity was observed between areas of improvement and decline,
with most of the former located in the inner areas (east and south) of the Yellow River, and
most of the decline in the outer areas (west and north) of the Yellow River. This polarized
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change is also evident in the kernel density distribution of ecological quality, as shown
in Table 3. Areas with significant changes in ecological quality account for 34.86% of the
study area. Areas with significant improvement account for 16.77%, mainly concentrated
in the eastern foothills of Helan Mountains, the Yellow River coast, the northeastern part
of the Ulan Buh Desert, the southern foothills of the Yin Mountains, most of the Mu Us
Sandy Land, and the eastern part of the Ordos Steppe. Areas with significant decline
account for 18.09% and are distributed across the Yinchuan Plain, the Hetao Plain, the
Helan Mountains, the central part of the Ulan Buh Desert, parts of the Yin Mountains, and
Gobi regions situated to the west of the Yin Mountains.

Table 3. Ecological quality change trends from 2000 to 2020.

3 (aRSEI) 1Z1 Trends Percentage (%)
>1.96 . Significant 16.77
>0 improvement
<1.96 Slight improvement 13.96
0 >1.96 Significant decline 18.09
< <1.96 Slight decline 28.35
=0 - No change 22.83

To ascertain the timing of significant differences and whether any mutations occurred,
we conducted an M-K mutation test on the means of the significant-change areas from
2000 to 2022 (Figure 5¢,d). The UF curves for the significant-improvement areas indicate
that the ecological quality of this region improved over the 23-year period, reaching a
level of significant difference in 2006. The UF curves for the significant-decline area
show a decline in ecological quality, reaching a level of significant difference in 2009.
Notably, both the UF and UB curves intersected outside the 0.05 confidence interval around
2011, indicating substantial changes in both the significant-improvement and -decline
areas around this time. This finding corroborates the significant shift in the percentage
distribution of ecological quality levels before and after 2011, as previously shown.

2.3. Persistence and Future Trends

To investigate the persistence of existing change trends, the Hurst exponent was
calculated. The values ranged from 0.1 to 0.9, with a mean value of 0.45 (Figure 6a). Areas
likely to exhibit positive persistent change in ecological quality in the future (Hurst > 0.5)
accounted for 42.4% of the study area. These areas were primarily located in the Yinchuan
plain, Ulan Buh Desert, Gobi Desert, Ulat-Damao Steppe, Mu Us Sandy Land, and eastern
part of the Ordos Steppe. Conversely, areas prone to anti-sustained change (Hurst < 0.5)
comprised 56.95% of the study area, with a concentration in the western part of the Mu Us
Sandy Land and Ordos Steppe, as well as in the deserts and Gobi regions.

Furthermore, the persistence of ecological quality changes was categorized and as-
sessed by combining the Hurst exponent with Theil-Sen median trend analysis (Figure 6b
and Table 4). The results indicated that 8.75% of the region is likely to experience continu-
ous improvement in the future, 11.76% may continuously decline, and 21.89% is expected
to remain stable. In 56.95% of the region, the existing trends appear to be unstable. Among
these regions, 34.87% may transition from decline to improvement, while 22.08% might
shift from improvement to decline. For 0.65% of the region, future trends are uncertain.
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Table 4. Ecological quality change trends from 2000 to 2020.
Persistence of Future
Hurst 3 (aRSEID) Percentage (%)
Trends
Continuous
>0 . 8.75
<05 improvement
’ <0 Continuous decline 11.76
=0 Stable 21.89
Improvement to
>0 . 22.08
<0.5 decline
Decline to
<0 . 34.87
improvement
=0.5 - Uncertain 0.65
2.4. Effects of Climate and Human Activities on Ecological Quality
2.4.1. Effects Analysis for the Period 2000-2022
The areas with significant changes during 2000-2022 were selected to quantitatively
analyze the effects of climate change and human activities on ecological quality changes.
The results are presented in Table 5 and Figure 7. The spatial pattern of and changes in
climate factors are shown in Figure 8.
Table 5. Driving contributions of climate change and human activities to ecological quality change in
the significant-change areas from 2000 to 2022.
Climate Change (%) Human Activities (%)
Areas Periods
0-25 25-50 50-75 75-100 100 0-25 25-50 50-75 75-100 100
Sienificant- 2000-2022 12.84 47.58 31.72 7.17 0.69 7.84 31.69 47.61 12.33 0.53
im rogvement area 2000-2011 50.11 27.07 10.45 4.30 8.07 12.37 10.44 27.06 30.00 20.13
P 2012-2022 19.57 15.93 25.50 19.90 19.10 38.98 25.52 15.93 8.84 10.74
N ) 20002022 8.17 33.70 46.98 10.47 0.68 11.13 46.95 33.72 7.32 0.87
Significant-decline 5000017 77.16 1052 418 202 6.12 8.13 418 1051 2424 52.94
area 2012-2022 31.09 20.06 20.04 11.62 17.18 28.78 20.05 20.07 13.35 17.75
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Figure 7. Spatial distribution of climate change and human activity contributions to eco-

logical quality change in significant-change areas. (a) Climate change contribution in the
significant-improvement areas. (b) Human activity contribution in the significant-improvement
areas. (c) Climate change contribution in the significant-decline areas. (d) Human activity contribu-

tion in the significant-decline areas.

In significant-improvement areas, only 0.69% was solely driven by climate change,
sporadically distributed in the Kubugqi Desert. Areas solely driven by human activities
accounted for 0.53% of the total, located in the southeast edge of the Mu Us Sandy Land
and the east and west foothills of the southern Helan Mountains. The remaining areas
experienced changes driven by both factors. Climate change was the primary driver
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(contribution rate > 50%) in 38.89% of the area, concentrated in the Kubugqi Desert, along
the Yellow River, the southern foothills of the Yin Mountains, and the northeastern part
of the Ulan Buh Desert. Human activities were the primary driving force in 59.94% of the
area, particularly in the eastern and western foothills of the Helan Mountains, the Yinchuan
Plain to the east of the Yellow River, and much of the Mu Us Sandy Land. Overall, in
areas where ecological quality significantly improved, climate change and human activities
contributed 46.32% and 53.68%, respectively.
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Figure 8. Spatial pattern of and changes in climate factors. (a) Spatial pattern of annual precipitation.
(b) Spatial pattern of annual mean temperature. (¢,d) Changes in annual precipitation, annual mean
temperature, and potential evapotranspiration.

In significant-decline areas, changes were also primarily driven by a combination of
climate change and human activities, but with different patterns. Climate change was the
main driver (contribution rate > 50%) in 57.44% of the area, primarily in the northern part
of the Yinchuan Plain and Helan Mountains, the central and eastern parts of the Hetao
Plain, Yin Mountains, and the desert and Gobi areas. In 41.05% of the area, human activities
were identified as the primary driver, mainly in the southern part of the Yinchuan Plain and
Helan Mountains; the western part of the Ulan Buh Desert; and localized areas in the Mu Us
Sandy Land, Ordos Steppe, and Ulat-Damao Steppe. The contributions of climate change
and human activities in significantly declining areas were 52.69% and 47.31%, respectively.

Overall, the drivers of ecological quality changes show clear spatial heterogeneity
Essentially demarcated by the southern edge of the Kubugi Desert, changes in the southern
parts are primarily driven by human activities, while those in the northern parts are mainly
driven by climate change. The contributions of climate change and human activities to
changes in areas of significant change are relatively balanced, with human activities con-
tributing slightly more in areas of significant improvement and climate change contributing
slightly more in areas of significant decline.

2.4.2. Effects Analysis by Periods

In order to identify differences in driving forces between the two periods, a separate
analysis was conducted for each period of change in the study area.

As shown in Table 5, during 2000-2011, areas driven solely by climate change ac-
counted for 8.07% of the significant-improvement area and 6.12% of the significant-decline
area. Areas driven solely by human activities reached 20.13% and 52.94%, respectively. In
areas where both climate change and human activities exerted influence, climate change
was the predominant driver (contribution rate > 50%) in 14.75% of improved areas and
6.2% of declined areas. Conversely, human activities were the primary driver in 57.06%
and 34.75% of these areas, respectively. The overall contributions of climate change and
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human activities during 2000-2011 were 31.69% and 68.31% for significant-improvement
areas, and 16.64% and 83.36% for significant-decline areas, respectively.

During 2012-2022, the influence of climate change and human activities shifted sig-
nificantly. In the significant-improvement area, the proportion of areas solely and pre-
dominantly driven by climate change increased to 19.10% and 44.60%, while areas driven
by human activities decreased to 10.74% and 24.77%, respectively. Similar changes were
observed in the significant-decline area, with areas solely and predominantly driven by
climate change increasing to 17.18% and 31.66%, while areas driven by human activities
decreased to 17.75% and 33.42%, respectively. For this period, the contributions of climate
change and human activities were 59.67% and 40.33% in significant-improvement areas,
and 49.03% and 50.97% in significant-decline areas, respectively.

In conclusion, human activities were the primary driver of ecological quality changes
in the study area from 2000 to 2011. In contrast, the dominant drivers underwent a
significant shift between 2012 and 2022, with climate change playing a substantially stronger
role and human activities having a relatively weaker influence.

3. Discussion
3.1. Regional Modifications of RSEI

The construction of the RSEI by Xu et al. [7] reduces the influence of single indicators
and subjective factors, simplifies data collection, and enables quantitative analysis and
visualization of ecological quality based on long time series data [25,26]. These advantages
have made the RSEI a widely used methodology in ecological quality evaluation [27].
Nevertheless, in order to enhance its applicability in specific regions, numerous studies
have modified or reconstructed the oRSEI [28,29].

In this study, we introduced a salinity index and constructed an mRSEI, comparing its
applicability with the oRSEI in a typical dryland of northern China. The results demon-
strated that both the oRSEI and mRSEI effectively characterize regional ecological quality
and accurately reflect spatial variations, with evaluations based on the contribution rate of
the PC1, correlation with ecological indicators, spatial differences, and temporal variations.
In areas with higher salinity, ecosystems are more fragile due to the influence of salt. The
incorporation of the salinity index allows for a more comprehensive reflection of the nega-
tive impact of salinity on ecosystems, resulting in a clear decline in the ecological quality
value in high-salinity areas. Conversely, in areas with lower salinity, where the impact
of salinity on ecosystem quality is minimal, the addition of the salinity index results in a
perceived improvement in ecological quality. This does not necessarily reflect the actual
ecological conditions but rather an increased sensitivity of the mRSEI to salinity, which has
the potential to mask the true ecological quality in low-salinity areas and potentially distort
the evaluation results. While there was minimal overall discrepancy between the values
of the two indices, the introduction of the salinity index resulted in a notable divergence
in ecological quality values. This indicates potential inconsistencies when modifying the
oRSEI with additional ecological indicators.

Furthermore, we examined several case studies in which the oRSEI was adapted on a
regional basis by integrating additional ecological indicators. For example, Wang ] et al.
added a salinity index to evaluate the ecological quality in the Ulan Buh Desert, finding
minimal differences between the modified RSEI and oRSEI except in areas heavily affected
by salinity [20]. Zhang et al. incorporated salinity and water network density indices in
drylands, showing consistent numerical and spatial distributions between the modified
RSEI and oRSEI [21]. Similarly, Li et al. enhanced the evaluation of the Central Yunnan
Urban Agglomeration by introducing a soil erosion index, with negligible differences
observed between the modified RSEI and oRSEI [15]. These studies indicate that while
modifications may result in localized differences, they do not significantly alter the overall
effectiveness of ecological quality evaluation at regional scales. This indicates that the
incorporation of supplementary factors may not significantly enhance the precision of
ecological quality evaluation.
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In this study, we recognized the limitations of the NDVI in accurately characterizing
vegetation in drylands and therefore replaced it with the MSAVI to construct the aRSEIL
The findings showed that the aRSEI slightly enhanced the ecological quality value in
vegetated areas, maintained it in areas with very low to low vegetation cover, and reduced
it in bare lands. This substitution underscores the importance of selecting appropriate
indices that accurately reflect regional ecological conditions. It highlights the need for
careful consideration when modifying the RSEI or introducing new indices to ensure that
such changes genuinely enhance the evaluation’s accuracy and reliability across different
ecological contexts. Consequently, when conducting ecological quality research at regional
or larger scales, it is of paramount importance to select appropriate indices based on
regional characteristics and ecological objectives. Furthermore, we recommend that any
modifications to the RSEI be undertaken with caution, unless there are clear advantages to
be gained, in order to avoid introducing unnecessary uncertainties.

3.2. Spatio-Temporal Heterogeneity and Driving Force of Ecological Quality Change

The spatial and temporal changes in ecological quality in the study area were examined
from 2000 to 2022, revealing clear heterogeneous patterns and gradient characteristics.
These findings provide a scientific basis for regional ecological environment monitoring
and zoning management. The results of multiple regression residual analysis (Figure 7 and
Table 5) indicate that changes in ecological quality were primarily driven by both climate
and human factors, with climate change mainly responsible for quality decline and human
activities predominantly influencing improvements.

Throughout the study period, we observed increasing trends in precipitation, tempera-
ture, and potential evapotranspiration (Figure 8). These climatic changes have complex and
often contradictory effects on dryland ecosystems. While increased rainfall can promote
vegetation growth and enhance soil moisture retention, higher temperatures and elevated
evapotranspiration rates can lead to water stress, reduced plant productivity, and potential
soil degradation [30]. Consequently, these interacting factors result in diverse ecologi-
cal outcomes across different parts of the study area, highlighting the complex nature of
climate-driven changes in dryland ecosystems. This dynamic is particularly evident in
the desert and Gobi areas outside the Yellow River, where the poor ecological background
amplifies the negative effects of increasing temperature and potential evapotranspiration,
outweighing the positive impacts of precipitation. Moreover, fewer ecological projects
such as grass—animal balance and grassland restoration were implemented in these areas.
Conversely, the inner areas of the Yellow River experiences relatively weaker negative
effects from climate change due to higher precipitation and better vegetation cover and also
have benefited from numerous ecological projects. These initiatives have led to continuous
improvements in vegetation conditions and significant ecological restoration of the Kubugi
Desert, Mu Us Sandy Land, and Ordos Steppe [31-33].

The factors influencing changes in ecological quality change over time. From 2000 to 2011,
human activities contributed significantly to both improvement (68.31%) and decline (83.36%) in
ecological quality. The inner areas of the Yellow River benefited from favorable hydrothermal
conditions, the successive implementation of ecological projects, and the rapid expansion
of cropland. During this period, barren mountains and sandy lands gradually turned green,
and desertification control has achieved remarkable results. In contrast, the outside areas
suffered from a fragile ecological environment exacerbated by overgrazing and mining
activities. The period from 2012 to 2022 witnessed a gradual shift in the balance of influ-
encing factors, with the role of human activities diminishing and climate factors gaining
prominence. The areas suitable for ecological projects in the inner regions greatly decreased,
and the process of oasis formation slowed [34]. Simultaneously, the implementation of
forage-livestock balance and pasture restoration projects in outside areas helped mitigate
the negative impacts of grazing and other human activities.

Such factors were the primary drivers of ecological quality changes and transitions be-
tween different quality levels. Notably, high-quality ecological areas continued to decrease
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during the study period, potentially due to changes in cropping patterns. The Ningxia
and Hetao Plains, once characterized by the extensive cultivation of water-intensive crops
such as rice and wheat, have undergone a significant shift in agricultural practices. The
gradual reduction in water-intensive crop cultivation, coupled with the implementation
of more efficient water utilization methods and water-saving irrigation techniques like
drip irrigation, led to decreased regional humidity. Paradoxically, these water conservation
efforts, while beneficial for sustainable water management, contributed to a decline in
ecological quality in these areas, highlighting the complex relationship between agricultural
practices, water use efficiency, and ecosystem health in drylands.

Furthermore, the expansion of urban and industrial land, encroaching upon cropland
and the steppe, had a significant negative effect on ecological quality. Our findings indicate
a decrease in ecological quality across all urban areas in the study area except for the urban
area of Ordos [35,36]. Ordos’s unique situation may be attributed to its relatively recent
development and the higher proportion of forest and grass vegetation in the urban area.
These variations in ecological quality among cities offer valuable insights for future urban
planning and development strategies, highlighting the need for balanced approaches that
consider both economic growth and ecological preservation.

3.3. Strategies for Ecological Protection and Restoration

The Hurst exponent persistence analysis has identified areas that are projected to
experience continued decline or transition from improvement to decline in the future.
These areas should be designated as critical ecological zones, requiring targeted protection
and restoration measures. This proactive approach is essential for preventing further
degradation and maintaining overall ecological stability in the region.

Areas prone to sustained ecological decline are predominantly located west and
north of the Yellow River. While ecological quality changes in these areas are primarily
driven by climatic factors and face significant challenges, our research indicates that proac-
tive measures can effectively mitigate adverse effects [36]. To address these challenges,
we recommend expanding the scope and intensity of returning grazing land to grass
restoration initiatives. This approach should be coupled with completely transforming
the forage-livestock balance into a strict grazing prohibition. Additionally, the pruning of
dryland shrubs to promote plant growth in areas with relatively good hydrothermal condi-
tions is advised. For areas of future decline, it is crucial to build upon existing ecological
protection and restoration achievements. These areas generally have a better ecological
foundation, and future efforts should focus on preventing damage from human activities.
This can be achieved by strictly implementing the system of ecological protection red lines
and rigorously enforcing policies on grazing prohibition and forage-livestock balance.
Moreover, the continuation of ecological restoration projects, such as afforestation and
grass planting, is imperative, with due consideration given to the principle of matching
appropriate vegetation to suitable locations.

In addition, specific measures should be taken for urban and cropland areas. In urban
areas, development should prioritize intensive land use practices and improve ecological
quality through rational planning and design. For farmland areas, the optimization of the
allocation of protective forests and the intensification of residential area greening efforts
are recommended.

To ensure the efficacy of these strategies and provide data for future management deci-
sions, we propose the implementation of long-term field surveys and ecological monitoring.
These efforts should focus particularly on areas where ecological quality declined between
2000 and 2022. The findings of this ongoing research will provide a robust scientific basis
for refining our approach to ecological protection, restoration, and resource utilization in
the study area [37,38].
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3.4. Limitations and Perspectives

We analyzed ecological quality changes in the study area over the past 23 years,
demonstrating the efficacy of the adaptive model modifications. However, several areas
for methodological improvement have been identified. Firstly, although the RSEIs are
widely used for ecological quality evaluation, their validation is primarily reliant on image
visualization. In the future, practical scientific validation methods incorporating field
surveys and data monitoring should be developed to ensure the accuracy and reliability of
evaluation results. Secondly, the MSAVI was employed as a greenness indicator in drylands,
achieving a more favorable application compared to that of the oRSEL. However, it remains
to be seen whether a series of vegetation indices, such as the EVI and SAVI, are more suitable
than the MSAVI in drylands. Furthermore, while the MODIS data (500 m resolution) used
in this study offer advantages for large-scale, continuous time series evaluation, it may
not capture fine-scale spatial and temporal variations in ecological quality [39,40]. This
limitation suggests potential benefits from integrating higher-resolution data in future
studies. Additionally, the multiple regression residual analysis remains inadequate for
accurately quantifying the impacts of individual drivers [28]. In the next step, advanced
techniques, such as machine learning, can be employed to quantify and refine the relative
contributions of different drivers.

By addressing these limitations and pursuing these future directions, we can enhance
the understanding of ecological quality dynamics and provide more robust scientific
foundations for environmental management and policy decisions in fragile ecosystems.

4. Materials and Methods
4.1. Study Area

The study area is situated in northern China (37°33.98'-42°28.67' N, 105°14.89'-110°25.64' E).
The Yellow River traverses the study area, naturally dividing it into two distinct sections (Figure 9).
The outer areas of the river include the Yinchuan Plain, Hetao Plain, Helan Mountains, Yin
Mountains, Ulan Buh Desert, Bayan Wendur Desert, Gobi Desert, and Urat-Damao steppe.
The inner areas of the river encompass the Kubugi Desert, Ordos Plateau Steppe, and Mu
Us Sandy Land. The study area covers a wide range of climate types including arid, semi-
arid, and dry sub-humid ones, and it is dominated by arid and semi-arid climates. Annual
precipitation varies from 68 to 477 mm, and the mean annual temperature spans from
—1.9 °C to 9.6 °C. The topography features significant elevation differences, with altitudes
ranging from 806 m to 3337 m above sea level. This region features high solar radiation
and elevated potential evapotranspiration rates [22]. The landscape is characterized by
a complex mosaic of ecosystems, including the desert, mountains, the Gobi, and steppe
vegetation communities with relatively low biodiversity.

The population distribution in the study area is characterized by a concentration in
the plains, where the majority of economic activities takes place. Agriculture represents the
primary economic activity in the region, with sunflower and corn being the primary crops
cultivated. Animal husbandry, particularly sheep farming, represents another significant
economic activity in the region. While the agricultural sector is the dominant force, the
industrial sector is also present but relatively underdeveloped. Industrial activities are
mainly limited to resource extraction and primary processing, which reflects the region’s
early stage of industrial development.

4.2. Data and Processing
4.2.1. Satellite Data

MODIS data were chosen for their high-frequency observations and diverse data prod-
ucts which are essential for capturing dynamic environmental and ecological changes [41].
The NDVI was derived from the MOD13A1 16-day composite product with 500 m spatial
resolution. The LST was derived from the MOD11A2 1 km resolution surface tempera-
ture/emissivity 8-day composite product and resampled to 500 m resolution for consistency.
The MSAVI, the NDBSI, WET, the ST, and the MNDWI were calculated from the MOD09A1
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500 m resolution surface reflectivity 8-day composite product. MODIS images from 1 April
to 30 September, which correspond to the vegetation growing season, were selected for the
years 2000 to 2022 using the GEE. These images were then processed with a median reducer,
which selected the median pixel value from the image stack to minimize atmospheric
interference and cloud contamination [42].
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Figure 9. Overview of the study area. (a) Location of the study area. (b) ArcGIS online map (World
Imagery). (c) Land use map in 2020 (GlobeLand30).

4.2.2. Climate Data

The annual precipitation, annual mean temperature, and potential evapotranspiration
data, with 1 km spatial resolution, were obtained from the National Tibetan Plateau/Third
Pole Environment Data Center (http://data.tpdc.ac.cn) [43—-47]. These data were uniformly
resampled to 500 m resolution to ensure consistency with the MODIS data.

4.3. Technical Workflow

In this study, the Google Earth Engine (GEE) platform was used to analysis the spatial
and temporal changes in ecological quality in a typical dryland region. The technical
workflow is depicted in Figure 10. The main process encompasses several key steps. First,
MODIS data underwent pre-processing, followed by calculation and global normalization
of ecological indicators. RSEIs were then constructed, and the optimal index was identified.
Spatio-temporal changes in ecological quality were analyzed using Theil-Sen median
trend analysis, and Mann-Kendall significance and mutation tests. The persistence of
ecological quality changes was further assessed using the Hurst exponent. Finally, multiple
residual regression analysis was applied to quantitatively evaluate the driving forces behind
these changes.
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Figure 10. Technical workflow.

4.4. RSEIs Construction
4.4.1. Original RSEI

The most widely used oRSEIL developed by Xu et al. [7], represents the regional
ecological environment using four components: greenness, humidity, dryness, and heat.
Principal component analysis (PCA) was performed to combine these ecological indicators,
and the first component of PCA (PC1) is selected to represent ecological quality. The
equation is shown as follows:

0RSEI = PC1(Greenness, Humidity, Heat, Dryness) (1)
oRSEI refers to the RSEI without modifications. Greenness is characterized by the NDVIL
Humidity was calculated by the wet component of the Tasseled Cap Transformation. Heat
is represented by the LST. Dryness uses the NDBSI, which is calculated using the Index of
Building (IBI) and the Soil Index (SI). The ecological indicators were obtained and calculated
using the formulae shown in Table 6.

4.4.2. Modified RSEI

In drylands, pervasive soil salinization causes a decline in soil quality, leading to
regional ecological degradation. Therefore, soil salinization is often considered an impor-
tant ecological indicator affecting regional ecological quality and is added to the oRSEI to
construct new RSEIs [14,20,21]. Accordingly, we constructed a modified RSEI (mRSEI) by
adding a salinity index (ST, the formula is shown in Table 6) to the oRSEI. The equation is
shown as follows:

mRSEI = PC1(NDVI,LST,WET,NDBSI, ST) (2)

4.4.3. Adapted RSEI

Due to the limitations of the NDVI in low vegetation cover areas, where it is easily
affected by soil background, and in high vegetation cover areas, where it exhibits saturation
effects [48,49], it is challenging to accurately reflect vegetation changes in both low and
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high vegetation cover areas. In contrast, the MSAVI [50], by introducing a soil adjustment
factor, reduces interference from the soil background, reflecting vegetation conditions more
accurately in high cover areas and being more sensitive to vegetation changes in low cover
areas. Considering the limitations of the NDVI in representing vegetation in drylands and
the advantages of the MSAVI in such regions, we also constructed an aRSEI by replacing
the NDVI with the more suitable MSAVI (the formula is shown in Table 6). The equation is
shown as follows:

aRSEI = PC1(MSAVI,WET,LST, NDBSI) 3)

Table 6. Calculation of ecological indicators.

Factors Indicators Formula Description
The NDVI and MSAVI can intuitively
NDVI MOD13A1 reflect the health status of surface
Greenness MSAVI MSAVI vegetation, and both of them are widely
= (2 x nir+1— \/(2 X nir)* — 8 x (nir — red)) /2 used in vegetation dynamics
monitoring.
WET can better reflect the surface
Humidity WET WET = 0.1147B1 + 0.2489B2 + 0.2408B3 + 0.3132B4  Vegetation and soil moisture status, and
—0.3122B5 — 0.6416B6 — 0.5087B7 it is also closely related to ecological
changes such as soil degradation.
NDBSI = (SI+IBI)/2
_ (B6+B1)—(B2+B3) The NDBSI can be used to characterize
Dryness NDBSI o Uing 1)41;2(3 2B 5’4) the drying status of the surface [42,51].
IBl = Bt B
Bo+52 T B2+ B1 T Ba+B6
LST directly affects plant growth, soil
Heat LST MOD11A2 moisture, species distribution, and
ecosystem functions [52].
The ST reflects the salinization status of
Salinity ST ST = /red x blue the region, significantly impacting

vegetation distribution and soil quality.

4.4.4. Global Normalization

To avoid the imbalance of weights among ecological indicators caused by the non-
uniformity of scale, it is necessary to normalize the indicators. Existing studies generally
employ the approach of normalizing them on an annual basis individually [53]. However,
this methodology fails to take into account the influence of multiple factors arising from
the temporal variations presented by ecological indicators [54]. Therefore, we normalized
the indicators using global normalization, which is achieved by obtaining the maximum
and minimum values of each indicator in time and space. Global normalization makes the
temporal results of each indicator comparable.

Yi= (xi - xmin)/(xmax - xmin) (4)

where y; denotes the global normalized value of indicator x, x; is the original pixel value of
X, Xmax is the global maximum value of x, and x,,;, is the global minimum value of x.

Additionally, after performing PCA on the ecological indicators to obtain the PC1, it is
also necessary to normalize it to constrain the ecological quality values within the [0-1]
range. Normalizing the PC1 for a single year still presents the issue of temporal variation.
Therefore, we applied global normalization to ensure that the ecological quality results are
suitable for temporal comparisons.

However, it should also be noted that using uniform maximum and minimum val-
ues for multiple years in global normalization erases absolute value differences between
different years, resulting in the same annual mean after normalization [55]. This makes it
impossible to use the mean to characterize changes over the overall time series of the study
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area. Nonetheless, this method provides more accurate results for class changes and time
series changes in ecological quality based on pixels.

4.5. Pixel-Level Dynamic Detection

The Theil-Sen median trend analysis and Mann-Kendall test were used to analyze
the time series changes in ecological quality [56]. The Theil-Sen median trend analysis
is a robust nonparametric statistical method for trend calculation, being computationally
efficient, insensitive to measurement errors and outliers, and suitable for trend analysis of
long time series data. The calculation formula is as follows:

. Xj— Xi L
B = median =i SV > ®)

where § denotes the trend of ecological quality, and median() is the median function. x;
and x; denote the value of ecological quality in year i and year j. When > 0, the ecological
quality indicates an increasing trend; otherwise, it indicates a decreasing trend.

The Mann-Kendall (M-K) test is a nonparametric test for trends in time series, which
does not require the measurements to follow a normal distribution, is unaffected by missing
values and outliers [57], and is suitable for trend significance tests and mutation analysis of
long time series data. The M-K test is calculated as follows:

Vo > 0)

z=1" 0(s=0) 6)
Var(S) (S < 0)

n—1

=) ). 8 (7)
:1 =i+1

—x; > 0)
Bsgn (x —x; =0) (8)
—x < 0)
Var(S n(n—1) 2n—|—5 )/18 9)

where x; and x; denote the value of x in year i and year j, respectively; n denotes the
length of the time series; sgn() is the sign function; and Z refers to standardized test
statistics. 1Z1 > 1.96 at a 0.05 significance level indicates that the change trend of the
time series passes the test of significance with a confidence level of 95%. Combined with
the 3 value in the Theil-Sen median trend, the ecological quality change of pixels was
categorized into five categories: significant increase, slight increase, stable, slight decrease,
and significant decrease.

The M-K mutation test was performed on the mean ecological quality values in areas
of significant change to ascertain the year in which regional ecological quality reached
a significant level in comparison to that in 2000. Additionally, the test was employed to
investigate the potential occurrence of mutations. The calculation procedure is described in
Qi et al. [58].

4.6. The Persistence of Change and Future Trends

The Hurst exponent [59] is an important tool for analyzing changes in time series
data that reflect long-term dependency [4,60]. This long-term dependency indicates the
consistency between future and current change trends. In this study, we used the rescaled
range (R/S) analysis method to calculate the Hurst exponent [61,62].

Based on the value of the Hurst exponent (H), it can be determined whether the
ecological quality change is persistent. If H > 0.5, the future change trend will be persistent;
when H = 0.5, the future change will be random; and when H < 0.5, the future change
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trend will be opposite to the current trend. Combining the Hurst exponent with the
results of Theil-Sen median trend analysis provides a comprehensive understanding of the
persistence of future changes in ecological quality.

4.7. Multiple Regression Residual Analysis

Multiple regression residual analysis [63] was employed to evaluate the influence
and relative contributions of climate change and human activities to ecological quality
changes, identifying the dominant drivers of these changes [36]. The impacts of climate
change are often studied only in terms of precipitation and temperature, as seen in many
studies in drylands [64,65]. However, potential evapotranspiration in drylands is also a
key factor affecting regional ecology [66]. In this study, we used ecological quality values
as the dependent variable, and annual precipitation, annual mean temperature, and poten-
tial evapotranspiration as independent variables to establish a multiple linear regression
model and calculate the model parameters. Based on these independent variables and
the regression model parameters, we predicted values (RSElcc) under changing climatic
factors, which represent the impact of climate change. Then, the difference between actual
ecological quality values (RSEI) and RSElcc was calculated and defined as the RSEI residual
(RSEIa), to represent the impact of human activities. The calculation equations are as
follows:

RSEI =a x Pre4+b x Tem + ¢ X Pet +d (10)

RSEIy, = RSEI — RSElc¢ (11)

where g, b, ¢, and d are the model parameters; Pre represents annual precipitation; Tem
represents annual mean temperature; and Pet represents potential evapotranspiration.
The linear trend rates of RSEIcc and RSEIj4 represent the changes in the RSEI under
the influence of climate change and human activities, respectively [35,67]. A positive trend
rate indicates that climate change or human activities improve the RSEI, while a negative
trend rate indicates they decrease the RSEIL. Consequently, we can calculate the relative
contributions of the drivers of changes in ecological quality (Table 7). It is worth noting that
the residual analysis method has some limitations and uncertainties [68,69], especially in
areas with slight changes, which may be influenced by various factors, such as the quality
of remote sensing imagery and surface conditions. Therefore, this study quantitatively
analyzed the driving forces in areas with significant changes in ecological quality.

Table 7. The relative contributions of climate change and human activities to ecological

quality change.
. Climate Human . L.
SrsEL See Sna Driver Contribution (%) Contribution (%) Description
>0 >0 CC&HA Scc/ SrsEl SHA/SRSEI Combined contribution
>0 >0 <0 CcC 100 0 Climate dominated increase
<0 -0 HA 0 100 Human ac;c;\gc;: eclorrunatecl
>0 >0 CC&HA Scc/ SRsE1 S/ SRSEL Combined contribution
<0 >0 <0 CcC 100 0 Climate dominated decrease
<0 ~0 HA 0 100 Human activities dominated

decrease

5. Conclusions

This study aimed to assess the regional applicability of three RSEIs (o0RSEI, mRSEI,
and aRSEI) in a typical dryland in northern China. Furthermore, the spatial and temporal
characteristics of ecological quality were evaluated based on the optimal index, quantifying
the relative contributions of climate change and human activities as driving factors. The
main conclusions are as follows:
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(1) Three RSEIs reflected the overall pattern and spatial differences in regional ecological
quality. The aRSEI, which used the MSAVI, provided the most balanced evaluation of
vegetated and non-vegetated features, outperforming the oRSEI and mRSEL

(2) The changes in ecological quality from 2000 to 2022 were heterogeneous, with signifi-
cant improvements observed in the inner areas of the Yellow River and declines in the
outer area. The rate of change in ecological quality was found to be greater during the
period from 2000 to 2011 than during the subsequent period from 2012 to 2022.

(3) The combined effect of climate change and human activities led to changes in ecolog-
ical quality in the study area. The analysis revealed that human activities were the
primary driver of changes from 2000 to 2011. During this period, human activities
contributed to 68.31% of the improvement in ecological quality and 83.36% of the
decline. Meanwhile, climate change played a more significant role between 2012 and
2022, contributing 59.67% to improvement and 40.03% to decline.

(4) Human activities can effectively mitigate ecological degradation. For areas facing
potential future decline, it is crucial to implement ecological protection and restoration
measures to address and alleviate ecological challenges.

This study systematically compares the applicability of different remote sensing eco-
logical indices for the evaluation of ecological quality in drylands. It provides theoretical
support and technical reference for regional ecological protection strategies by revealing
the spatio-temporal characteristics of ecological quality and its driving mechanisms.

Author Contributions: Conceptualization, S.L. and Q.L.; methodology, S.L. and Q.L.; formal analysis,
S.L.; visualization, S.L.; supervision, Q.L.; resources, P.G., G.Z., Q.B. and J.L.; data curation, J.G.;
writing—original draft, S.L.; writing—review and editing, S.L., ].G., P.G., G.Z, Y.R. and Q.L. All
authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the National Key Research and Development Program of
China (grant number 2022YFF1303202) and the Science and Technology Major Special Project of
Ordos (grant number 2022EEDSK]ZDZX020).

Data Availability Statement: The original contributions presented in this study are included in the
article, and further inquiries can be directed to the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Liu, Y. Introduction to Land Use and Rural Sustainability in China. Land Use Policy 2018, 74, 1-4. [CrossRef]

2. Diaz, S,; Settele, J.; Brondizio, E.S.; Ngo, H.T.; Agard, J.; Arneth, A.; Balvanera, P.; Brauman, K.A.; Butchart, S H.M.; Chan,
KM.A,; et al. Pervasive Human-Driven Decline of Life on Earth Points to the Need for Transformative Change. Science 2019, 366,
eaax3100. [CrossRef] [PubMed]

3. LiJ;LiS.,; Zhang, Y.; Pang, ]. Spatio-temporal variation of biodiversity maintenance function and its driving factors in the Yellow
River Basin from 2000 to 2020. China Environ. Sci. 2023, 43, 4780-4790. [CrossRef]

4. Tong, S.; Zhang, J.; Bao, Y;; Lai, Q.; Lian, X.; Li, N.; Bao, Y. Analyzing Vegetation Dynamic Trend on the Mongolian Plateau Based
on the Hurst Exponent and Influencing Factors from 1982-2013. J. Geogr. Sci. 2018, 28, 595-610. [CrossRef]

5. Yan, H.; Tao, W.; Shao, F; Su, L.; Wang, Q.; Deng, M.; Zhou, B. Spatiotemporal Patterns and Evolutionary Trends of Eco-
Environmental Quality in Arid Regions of Northwest China. Environ. Monit. Assess. 2024, 196, 176. [CrossRef]

6.  Wulder, M.A,; Masek, ].G.; Cohen, W.B.; Loveland, T.R.; Woodcock, C.E. Opening the Archive: How Free Data Has Enabled the
Science and Monitoring Promise of Landsat. Remote Sens. Environ. 2012, 122, 2-10. [CrossRef]

7. Xu, H. A remote sensing urban ecological index and its application. Acta Ecol. Sin. 2013, 33, 7853-7862. [CrossRef]

8. Zhu, D.; Chen, T.; Zhen, N.; Niu, R. Monitoring the Effects of Open-Pit Mining on the Eco-Environment Using a Moving
Window-Based Remote Sensing Ecological Index. Environ. Sci. Pollut. Res. 2020, 27, 15716-15728. [CrossRef]

9. Kamara, D.M.; Yang, Z.; Lahai, Y.A. Ecological Geospatial Monitoring and Assessment of Surface Water Environment Using
Remote Sensing Ecological Index Model (RSEI) in Freetown, Sierra Leone, from 2010 to 2018. GSJ 2020, 8, 323-348.

10. Song, Y.; Wang, M.; Sun, X.; Fan, Z. Quantitative Assessment of the Habitat Quality Dynamics in Yellow River Basin, China.
Environ. Monit. Assess. 2021, 193, 614. [CrossRef]

11. Naseri, N.; Mostafazadeh, R. Spatial Relationship of Remote Sensing Ecological Indicator (RSEI) and Landscape Metrics under

Urban Development Intensification. Earth Sci. Inform. 2023, 16, 3797-3810. [CrossRef]


https://doi.org/10.1016/j.landusepol.2018.01.032
https://doi.org/10.1126/science.aax3100
https://www.ncbi.nlm.nih.gov/pubmed/31831642
https://doi.org/10.19674/j.cnki.issn1000-6923.20230410.001
https://doi.org/10.1007/s11442-018-1493-x
https://doi.org/10.1007/s10661-024-12302-0
https://doi.org/10.1016/j.rse.2012.01.010
https://doi.org/10.5846/stxb201208301223
https://doi.org/10.1007/s11356-020-08054-2
https://doi.org/10.1007/s10661-021-09404-4
https://doi.org/10.1007/s12145-023-01119-z

Plants 2024, 13, 3341 22 of 24

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Song, M.; Luo, Y.; Duan, L. Evaluation of ecological environment in the Xilin Gol steppe based on modified remote sensing
ecological index model. Arid. Zone Res. 2019, 36, 1521-1527. [CrossRef]

Jia, H,; Yan, C.; Xing, X. Evaluation of Eco-Environmental Quality in Qaidam Basin Based on the Ecological Index (MRSEI) and
GEE. Remote Sens. 2021, 13, 4543. [CrossRef]

Liu, Y;; Dang, C.; Yue, H.; Lv, C; Qian, ].; Zhu, R. Comparison between modified remote sensing ecological index and RSEI. Natl.
Remote Sens. Bull. 2022, 26, 683-697. [CrossRef]

Li, Y;; Li, Y.; Yang, X.; Feng, X.; Lv, S. Evaluation and Driving Force Analysis of Ecological Quality in Central Yunnan Urban
Agglomeration. Ecol. Indic. 2024, 158, 111598. [CrossRef]

Gao, X,; Yan, H.; Wang, G.; Bai, ]. Approach to Remote Sensing Assessment of Ecological Changes of Land Creation in Lanzhou
City. Remote Sens. Technol. Appl. 2022, 37, 1012-1020. [CrossRef]

Yang, C.; Zhang, C.; Li, Q.; Liu, H.; Gao, W,; Shi, T.; Liu, X.; Wu, G. Rapid Urbanization and Policy Variation Greatly Drive
Ecological Quality Evolution in Guangdong-Hong Kong-Macau Greater Bay Area of China: A Remote Sensing Perspective. Ecol.
Indic. 2020, 115, 106373. [CrossRef]

Jiang, F.; Zhang, Y; Li, J.; Sun, Z. Research on Remote Sensing Ecological Environmental Assessment Method Optimized by
Regional Scale. Environ. Sci. Pollut. Res. 2021, 28, 68174-68187. [CrossRef]

Liu, S.; Zhang, F; Zhao, X.; Huang, J.; Gao, P. Improvement of remote sensing ecological index in oasis in arid area. Sci. Surv.
Mapp. 2022, 47, 143-151. [CrossRef]

Wang, J.; Ma, J.; Xie, F.; Xu, X. Improvement of remote sensing ecological index in arid regions: Taking Ulan Buh Desert as an
Example. Chin. J. Appl. Ecol. 2020, 31, 3795. [CrossRef]

Zhang, W.; Du, P; Guo, S;; Lin, C.; Zheng, H.; Fu, P. Enhanced remote sensing ecological index and ecological environment
evaluation in arid area. Natl. Remote Sens. Bull. 2023, 27,299-317. [CrossRef]

Li, S.;; Guo, P; Sun, F; Zhu, J.; Cao, X.; Dong, X.; Lu, Q. Mapping Dryland Ecosystems Using Google Earth Engine and Random
Forest: A Case Study of an Ecologically Critical Area in Northern China. Land 2024, 13, 845. [CrossRef]

Chi, W.; Zhao, Y.; Kuang, W.; He, H. Impacts of Anthropogenic Land Use/Cover Changes on Soil Wind Erosion in China. Sci.
Total Environ. 2019, 668, 204-215. [CrossRef] [PubMed]

Tang, H.; Fang, ]J.; Xie, R; Ji, X.; Li, D.; Yuan, J. Impact of Land Cover Change on a Typical Mining Region and Its Ecological
Environment Quality Evaluation Using Remote Sensing Based Ecological Index (RSEI). Sustainability 2022, 14, 12694. [CrossRef]
Gao, P;; Kasimu, A.; Zhao, Y.; Lin, B.; Chai, J.; Ruzi, T.; Zhao, H. Evaluation of the Temporal and Spatial Changes of Ecological
Quality in the Hami Oasis Based on RSEI. Sustainability 2020, 12, 7716. [CrossRef]

Ji,J.; Wang, S.; Zhou, Y.; Liu, W.; Wang, L. Spatiotemporal Change and Landscape Pattern Variation of Eco-Environmental Quality
in Jing-Jin-Ji Urban Agglomeration From 2001 to 2015. IEEE Access 2020, 8, 125534-125548. [CrossRef]

Lv, Y,; Xiu, L;; Yao, X;; Yu, Z.; Huang, X. Spatiotemporal Evolution and Driving Factors Analysis of the Eco-Quality in the Lanxi
Urban Agglomeration. Ecol. Indic. 2023, 156, 111114. [CrossRef]

Wu, S.; Gao, X;; Lei, J.; Zhou, N.; Guo, Z.; Shang, B. Ecological Environment Quality Evaluation of the Sahel Region in Africa
Based on Remote Sensing Ecological Index. J. Arid Land 2022, 14, 14-33. [CrossRef]

Firozjaei, M.K,; Fathololoumi, S.; Weng, Q.; Kiavarz, M.; Alavipanah, S.K. Remotely Sensed Urban Surface Ecological Index
(RSUSEI): An Analytical Framework for Assessing the Surface Ecological Status in Urban Environments. Remote Sens. 2020, 12,
2029. [CrossRef]

Phillips, R.P; Ibafiez, I.; D’Orangeville, L.; Hanson, PJ.; Ryan, M.G.; McDowell, N.G. A Belowground Perspective on the Drought
Sensitivity of Forests: Towards Improved Understanding and Simulation. For. Ecol. Manag. 2016, 380, 309-320. [CrossRef]

Liu, Z.; Wang, J.; Wang, X.; Wang, Y. Understanding the Impacts of ‘Grain for Green” Land Management Practice on Land
Greening Dynamics over the Loess Plateau of China. Land Use Policy 2020, 99, 105084. [CrossRef]

Chang, X.; Wang, Z.; Wei, F,; Xiao, P; Shen, Z.; Lv, X,; Shi, Y. Determining the Contributions of Vegetation and Climate Change to
Ecosystem WUE Variation over the Last Two Decades on the Loess Plateau, China. Forests 2021, 12, 1442. [CrossRef]

Luo, Y,; L, Y; Fu, B.; Zhang, Q.; Li, T.; Hu, W.; Comber, A. Half Century Change of Interactions among Ecosystem Services
Driven by Ecological Restoration: Quantification and Policy Implications at a Watershed Scale in the Chinese Loess Plateau. Sci.
Total Environ. 2019, 651, 2546-2557. [CrossRef] [PubMed]

Yang, H.; Wang, H.; Zuo, H.; Qiao, S.; Li, S. Change pattern and stability of oasis land in Mu Us Sandy Land. Chin. ]. Appl. Ecol.
2024, 35, 687-694. [CrossRef]

He, ].; He, L.; Ly, D.; Cheng, Z.; Xue, E; Liu, B.; Zhang, X. Spatiotemporal variation and its driving mechanism of photosynthetic
vegetation in the Loess Plateau from 2001 to 2020. Chin. J. Plant Ecol. 2023, 47, 306. [CrossRef]

Li, J.; Huang, L.; Cao, W. The influencing mechanism of ecological asset gains and losses at the county level in China and its
optimization and promotion paths. Acta Geogr. Sin. 2022, 77, 1260-1274. [CrossRef]

Li, G.; Gao, X.; Xiao, N. Spatial and Temporal Changes of Ecosystem Quality Based on Key Indicators in Yellow River Basin from
2000 to 2018. Res. Environ. Sci. 2021, 34, 2945-2953. [CrossRef]

Ding, Y,; Feng, Y.; Chen, K.; Zhang, X. Analysis of Spatial and Temporal Changes in Vegetation Cover and Its Drivers in the Aksu
River Basin, China. Sci. Rep. 2024, 14, 10165. [CrossRef]

Huang, H.; Chen, W.; Zhang, Y.; Qiao, L.; Du, Y. Analysis of Ecological Quality in Lhasa Metropolitan Area during 1990-2017
Based on Remote Sensing and Google Earth Engine Platform. J. Geogr. Sci. 2021, 31, 265-280. [CrossRef]


https://doi.org/10.13866/j.azr.2019.06.22
https://doi.org/10.3390/rs13224543
https://doi.org/10.11834/jrs.20229338
https://doi.org/10.1016/j.ecolind.2024.111598
https://doi.org/10.11873/j.issn.1004-0323.2022.4.1012
https://doi.org/10.1016/j.ecolind.2020.106373
https://doi.org/10.1007/s11356-021-15262-x
https://doi.org/10.16251/j.cnki.1009-2307.2022.06.018
https://doi.org/10.13287/j.1001-9332.202011.011
https://doi.org/10.11834/jrs.20221527
https://doi.org/10.3390/land13060845
https://doi.org/10.1016/j.scitotenv.2019.03.015
https://www.ncbi.nlm.nih.gov/pubmed/30852197
https://doi.org/10.3390/su141912694
https://doi.org/10.3390/su12187716
https://doi.org/10.1109/ACCESS.2020.3007786
https://doi.org/10.1016/j.ecolind.2023.111114
https://doi.org/10.1007/s40333-022-0057-1
https://doi.org/10.3390/rs12122029
https://doi.org/10.1016/j.foreco.2016.08.043
https://doi.org/10.1016/j.landusepol.2020.105084
https://doi.org/10.3390/f12111442
https://doi.org/10.1016/j.scitotenv.2018.10.116
https://www.ncbi.nlm.nih.gov/pubmed/30340190
https://doi.org/10.13287/j.1001-9332.202403.021
https://doi.org/10.17521/cjpe.2021.0444
https://doi.org/10.11821/dlxb202205015
https://doi.org/10.13198/j.issn.1001-6929.2021.08.28
https://doi.org/10.1038/s41598-024-60575-9
https://doi.org/10.1007/s11442-021-1846-8

Plants 2024, 13, 3341 23 of 24

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.
60.

61.

62.

63.

64.

65.

66.

67.

Huang, S.; Li, Y,; Hu, H.; Xue, P; Wang, ]. Assessment of Optimal Seasonal Selection for RSEI Construction: A Case Study
of Ecological Environment Quality Assessment in the Beijing-Tianjin-Hebei Region from 2001 to 2020. Geocarto Int. 2024, 39,
2311224. [CrossRef]

Sulla-Menashe, D.; Gray, ].M.; Abercrombie, S.P.; Friedl, M.A. Hierarchical Mapping of Annual Global Land Cover 2001 to
Present: The MODIS Collection 6 Land Cover Product. Remote Sens. Environ. 2019, 222, 183-194. [CrossRef]

Zhou, J.; Liu, W. Monitoring and Evaluation of Eco-Environment Quality Based on Remote Sensing-Based Ecological Index (RSEI)
in Taihu Lake Basin, China. Sustainability 2022, 14, 5642. [CrossRef]

Peng, S. 1-Km Monthly Mean Temperature Dataset for China (1901-2023); National Tibetan Plateau Third Pole Environment Data
Center: Tibetan, China, 2019. [CrossRef]

Peng, S. 1-Km Monthly Precipitation Dataset for China (1901-2023); National Tibetan Plateau Third Pole Environment Data Center:
Tibetan, China, 2020. [CrossRef]

Peng, S. 1-Km Monthly Potential Evapotranspiration Dataset for China (1901-2023); National Tibetan Plateau Third Pole Environment
Data Center: Tibetan, China, 2022. [CrossRef]

Peng, S.; Gang, C.; Cao, Y.; Chen, Y. Assessment of Climate Change Trends over the Loess Plateau in China from 1901 to 2100. Int.
J. Climatol. 2018, 38, 2250-2264. [CrossRef]

Ding, Y.; Peng, S. Spatiotemporal Trends and Attribution of Drought across China from 1901-2100. Sustainability 2020, 12,
477. [CrossRef]

Rondeaux, G.; Steven, M.; Baret, F. Optimization of Soil-Adjusted Vegetation Indices. Remote Sens. Environ. 1996, 55,
95-107. [CrossRef]

Yang, J.; Guo, N.; Huang, L.; Gu, J. Ananlyses on MODIS-NDVI Index Saturation in Northwest China. Plateau Meteorol. 2008, 27,
896-903.

Qi, J.; Chehbouni, A.; Huete, A.R.; Kerr, Y.H.; Sorooshian, S. A Modified Soil Adjusted Vegetation Index. Remote Sens. Environ.
1994, 48, 119-126. [CrossRef]

Hissan, R.U.; Shafiq, H.; Nassani, A.A.; Parveen, N.; Hussain, B.; Radulescu, M. Assessment of Spatio-Temporal Dynamics of Land
Degradation and Desertification in Pakistan and Its Impact on Agriculture Produc-tivity; Environment, Development and Sustainability;
Springer Science and Business Media LLC: Berlin, Germany, 2024. [CrossRef]

Abir, EA.; Ahmmed, S.; Sarker, S.H.; Fahim, A.U. Thermal and Ecological Assessment Based on Land Surface Temperature and
Quantifying Multivariate Controlling Factors in Bogura, Bangladesh. Heliyon 2021, 7, €08012. [CrossRef]

Sun, C,; Li, J.; Liu, Y,; Cao, L.; Zheng, J.; Yang, Z.; Ye, ].; Li, Y. Ecological Quality Assessment and Monitoring Using a Time-Series
Remote Sensing-Based Ecological Index (Ts-RSEI). GIScience Remote Sens. 2022, 59, 1793-1816. [CrossRef]

Zhu, Z.; Woodcock, C.E.; Holden, C.; Yang, Z. Generating Synthetic Landsat Images Based on All Available Landsat Data:
Predicting Landsat Surface Reflectance at Any given Time. Remote Sens. Environ. 2015, 162, 67-83. [CrossRef]

Julien, Y.; Sobrino, J.A. Global Land Surface Phenology Trends from GIMMS Database. Int. ]. Remote Sens. 2009, 30,
3495-3523. [CrossRef]

Hardison, S.; Perretti, C.T.; DePiper, G.S.; Beet, A. A Simulation Study of Trend Detection Methods for Integrated Ecosystem
Assessment. ICES J. Mar. Sci. 2019, 76, 2060-2069. [CrossRef]

Ali, R; Kuriqi, A.; Abubaker, S.; Kisi, O. Long-Term Trends and Seasonality Detection of the Observed Flow in Yangtze River
Using Mann-Kendall and Sen’s Innovative Trend Method. Water 2019, 11, 1855. [CrossRef]

Qi, Z.; Cui, C,; Jiang, Y.; Chen, Y.; Ju, J.; Guo, N. Changes in the Spatial and Temporal Characteristics of China’s Arid Region in
the Background of ENSO. Sci. Rep. 2022, 12, 17826. [CrossRef] [PubMed]

Hurst, H.E. Long-Term Storage Capacity of Reservoirs. Trans. Am. Soc. Civ. Eng. 1951, 116, 770-799. [CrossRef]

Tran, T.V.; Tran, D.X.; Nguyen, H.; Latorre-Carmona, P.; Myint, S.W. Characterising Spatiotemporal Vegetation Variations Using
LANDSAT Time-Series and Hurst Exponent Index in the Mekong River Delta. Land Degrad. Dev. 2021, 32, 3507-3523. [CrossRef]
Kendziorski, C.M.; Bassingthwaighte, ].B.; Tonellato, P.J. Evaluating Maximum Likelihood Estimation Methods to Determine the
Hurst Coefficient. Phys. Stat. Mech. Its Appl. 1999, 273, 439-451. [CrossRef] [PubMed]

Araujo, M.V.O.; Celeste, A.B. Rescaled Range Analysis of Streamflow Records in the Sao Francisco River Basin, Brazil. Theor. Appl.
Climatol. 2019, 135, 249-260. [CrossRef]

Wessels, K.J.; Prince, S.D.; Malherbe, J.; Small, J.; Frost, PE.; VanZyl, D. Can Human-Induced Land Degradation Be Distinguished
from the Effects of Rainfall Variability? A Case Study in South Africa. J. Arid Environ. 2007, 68, 271-297. [CrossRef]

Deng, G.; Gao, J.; Jiang, H.; Li, D.; Wang, X.; Wen, Y.; Sheng, L.; He, C. Response of Vegetation Variation to Climate Change and
Human Activities in Semi-Arid Swamps. Front. Plant Sci. 2022, 13, 990592. [CrossRef]

Wang, X.; Zhang, X,; Li, W.; Cheng, X.; Zhou, Z.; Liu, Y.; Wu, X,; Hao, J.; Ling, Q.; Deng, L.; et al. Quantitative Analysis of Climate
Variability and Human Activities on Vegetation Variations in the Qilian Mountain National Nature Reserve from 1986 to 2021.
Forests 2023, 14, 2042. [CrossRef]

Maestre, F.T.; Eldridge, D.J.; Soliveres, S.; Kéfi, S.; Delgado-Baquerizo, M.; Bowker, M. A.; Garcia-Palacios, P.; Gaitan, J.; Gallardo,
A.; Lazaro, R,; et al. Structure and Functioning of Dryland Ecosystems in a Changing World. Annu. Rev. Ecol. Evol. Syst. 2016, 47,
215-237. [CrossRef]

Sun, W.; Song, X.; Mu, X.; Gao, P; Wang, F.; Zhao, G. Spatiotemporal Vegetation Cover Variations Associated with Climate
Change and Ecological Restoration in the Loess Plateau. Agric. For. Meteorol. 2015, 209-210, 87-99. [CrossRef]


https://doi.org/10.1080/10106049.2024.2311224
https://doi.org/10.1016/j.rse.2018.12.013
https://doi.org/10.3390/su14095642
https://doi.org/10.11888/Meteoro.tpdc.270961
https://doi.org/10.5281/zenodo.3114194
https://doi.org/10.11866/db.loess.2021.001
https://doi.org/10.1002/joc.5331
https://doi.org/10.3390/su12020477
https://doi.org/10.1016/0034-4257(95)00186-7
https://doi.org/10.1016/0034-4257(94)90134-1
https://doi.org/10.1007/s10668-024-05224-x
https://doi.org/10.1016/j.heliyon.2021.e08012
https://doi.org/10.1080/15481603.2022.2138010
https://doi.org/10.1016/j.rse.2015.02.009
https://doi.org/10.1080/01431160802562255
https://doi.org/10.1093/icesjms/fsz097
https://doi.org/10.3390/w11091855
https://doi.org/10.1038/s41598-022-21712-4
https://www.ncbi.nlm.nih.gov/pubmed/36280691
https://doi.org/10.1061/TACEAT.0006518
https://doi.org/10.1002/ldr.3934
https://doi.org/10.1016/S0378-4371(99)00268-X
https://www.ncbi.nlm.nih.gov/pubmed/22904595
https://doi.org/10.1007/s00704-018-2375-y
https://doi.org/10.1016/j.jaridenv.2006.05.015
https://doi.org/10.3389/fpls.2022.990592
https://doi.org/10.3390/f14102042
https://doi.org/10.1146/annurev-ecolsys-121415-032311
https://doi.org/10.1016/j.agrformet.2015.05.002

Plants 2024, 13, 3341 24 of 24

68. Wang, ].; Xie, Y.; Wang, X.; Guo, K. Driving Factors of Recent Vegetation Changes in Hexi Region, Northwest China Based on a
New Classification Framework. Remote Sens. 2020, 12, 1758. [CrossRef]

69. Chen, S; Wen, Z.; Ma, M,; Liao, T.; Zhou, X.; Wu, S. Quantitative analysis of the impact of ecological projects on vegetation
dynamics under the background of climate change: A review of methods. Acta Ecol. Sin. 2022, 42, 6439-6449. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.3390/rs12111758
https://doi.org/10.5846/stxb202105111233

	Introduction 
	Results 
	Comparison of RSEIs 
	PCA and Correlation Analysis 
	Spatial Differences 
	Time Series Differences 

	Spatio-Temporal Changes in Ecological Quality 
	Spatial Pattern of Ecological Quality 
	Changes in Ecological Quality Level 
	Spatio-Temporal Trends of Ecological Quality 

	Persistence and Future Trends 
	Effects of Climate and Human Activities on Ecological Quality 
	Effects Analysis for the Period 2000–2022 
	Effects Analysis by Periods 


	Discussion 
	Regional Modifications of RSEI 
	Spatio-Temporal Heterogeneity and Driving Force of Ecological Quality Change 
	Strategies for Ecological Protection and Restoration 
	Limitations and Perspectives 

	Materials and Methods 
	Study Area 
	Data and Processing 
	Satellite Data 
	Climate Data 

	Technical Workflow 
	RSEIs Construction 
	Original RSEI 
	Modified RSEI 
	Adapted RSEI 
	Global Normalization 

	Pixel-Level Dynamic Detection 
	The Persistence of Change and Future Trends 
	Multiple Regression Residual Analysis 

	Conclusions 
	References

