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Abstract: Healthy watershed environments are essential for socioeconomic sustainability. The
long-term monitoring and assessment of watershed ecological environments provide a timely and
accurate understanding of ecosystem dynamics, informing industry and policy adjustments. This
study focused on the upper-middle Fen River Basin (UMFRB) in eastern China’s Loess Plateau and
analyzed the long-term spatial and temporal characteristics of eco-quality from 2000 to 2023 by
calculating a remote sensing ecological index (RSEI) via the Google Earth Engine (GEE) platform.
In addition, this study also explored the trends and future consistency of the RSEI, as well as the
impacts of natural and anthropogenic factors on RSEI spatial variations. The findings revealed
that (1) the average RSEI value increased from 0.51 to 0.57 over the past 24 years, reflecting an
overall improvement in eco-quality, although urban centers in the Taiyuan Basin exhibited localized
degradation. (2) The Hurst index value was 0.468, indicating anti-consistency, with most regions
showing trends of future decline or exhibiting stochastic fluctuations. (3) Elevation, temperature,
precipitation, slope, and land use intensity are significantly correlated with ecological quality. Natural
factors dominate in densely vegetated regions, whereas socioeconomic factors dominate in populated
plains. These results provide valuable guidance for formulating targeted ecological restoration
measures, protection policies, and engineering solutions.

Keywords: upper-middle Fen River Basin; ecosystem environment quality; remote sensing ecological
index; Google Earth Engine; driving factors; geographically weighted regression

1. Introduction

Watersheds are among the most critical ecosystems on Earth and offer substantial
ecological value [1]. These ecosystems provide the essential water resources, food, and
favorable climatic conditions necessary for the survival of diverse species, thereby function-
ing as habitats for countless organisms. Additionally, the water cycle within watersheds
regulates the climate and plays a crucial role in soil conservation, flood prevention, and
disaster preparedness [2]. However, excessive human activities—such as urbanization [3],
industrial wastewater discharge [4], overcultivation [5], overirrigation [6], dam construc-
tion [7], and water diversion [8]—have caused severe ecological issues in many watersheds
worldwide, including extensive soil erosion, vegetation degradation, and water quality
decline. In response, the Chinese government has implemented comprehensive water-
shed management plans; established water ecosystem and environmental management
systems; and promoted various ecological restoration projects, including small-watershed
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management and the integrated management of mountains, waters, forests, farmlands,
lakes, grasslands, and deserts [9]. Within this context, the continuous monitoring and
accurate assessment of watershed ecological quality are essential for formulating targeted
environmental protection policies and achieving sustainable development goals.

Remote sensing technology, renowned for its broad coverage, rapid data acquisi-
tion, and cost-effectiveness features [10], has become increasingly prevalent in ecological
environment monitoring [11,12]. In early studies, primarily single indices, such as the
vegetation index [13], surface temperature [14], and impervious surface cover [15], were
used, thereby capturing only specific ecological features. To address this limitation, multi-
ple indicator approaches have been explored [16,17], with the remote sensing ecological
index (RSEI) emerging as a prominent method [18]. The RSEI conforms with the stress–
state–response model widely employed in ecological research and has been applied to
various geographic units, such as watersheds [19,20], mines [21], cities [22], and ecological
reserves [23], yielding meaningful results due to its objectivity and comprehensiveness.
Importantly, although many scholars have adjusted the indices to better suit regional char-
acteristics [24–26], Xu et al. emphasized that the development and improvement of remote
sensing models must be thoroughly justified in terms of the rationality and appropriateness
of key algorithms [27–29]. This further validated the positive contribution of the original
RSEI to ecological research. Moreover, when long-term and large-scale RSEI analysis is
performed, traditional evaluation methods face challenges because of the massive volume
of data and complex processing requirements. The Google Earth Engine (GEE) platform
overcomes these challenges by providing powerful computational capabilities for efficient
data processing [30] and has been widely applied in ecological assessments [31–33].

Although the application of the RSEI has become increasingly widespread, research gaps
remain in its application and accuracy enhancement within specific watersheds. Further-
more, while existing studies have explored the RSEI in large geographic regions [12,32,34],
particularly the Loess Plateau, there is still insufficient understanding of its long-term
spatial–temporal variations and the impacts of both natural and anthropogenic factors. To
address this gap, this study focuses on the upper-middle Fen River Basin (UMFRB), which
lies at the junction of the northern sand control belt and the Loess Plateau–Sichuan–Yunnan
Ecological Barrier within China’s “Two Screens and Three Belts” ecological security frame-
work [35]. As a critical ecological barrier to the west of the Beijing–Tianjin–Hebei region
and the “Water Tower” of the Sanjin area, the basin plays a vital role in regional ecological
security. However, severe soil erosion across the Loess Plateau has rendered the region
ecologically fragile. In addition, the high population density and extensive exploitation of
coal and mineral resources have further exacerbated the vulnerability of the basin’s ecosys-
tem [36]. Therefore, long-term monitoring of the ecological quality in the UMFRB will not
only reveal the spatial–temporal patterns of the region but also provide deeper insights
into the dual impacts of both natural and anthropogenic factors on ecosystem health.

The main objectives of this study are as follows: (1) to calculate the RSEI for the
UMFRB from 2000 to 2023 via the GEE platform and to monitor the long-term ecological
quality changes in the region; (2) to analyze the spatial–temporal characteristics, trends,
and consistency of the ecological quality over time; and (3) to explore the impacts of natural
and anthropogenic factors on the ecological quality variations in the UMFRB. Through this
study, we aim to provide systematic insights into the ecological protection and sustainable
development of typical Loess Plateau watersheds and to contribute to the improvement of
the ecological environment in this region.

2. Study Area and Data Sources
2.1. Study Area

The UMFRB is located in the eastern part of the Loess Plateau of China (111◦3′–113◦27′ E,
36◦40′–39◦8′ N). It encompasses the area where the main stream of the Fen River and
its tributaries flow from the Leimingsi Spring in Ningwu County to the Wangjiazhuang
section in Lingshi County [37] (Figure 1). The basin covers a total area of 27,213.57 km2
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and includes 25 county-level administrative regions as of 2024. The terrain of the study
area is rugged, with elevations ranging from 635 to 2824 m. The UMFRB has a continental
monsoon climate, with an average annual temperature between 7.0 ◦C and 13.7 ◦C and an
average annual precipitation of approximately 500 mm. The study area features fragmented
and discontinuous natural woodlands and other high-quality ecological spaces [38], and
it also faces significant ecological challenges, including water scarcity, severe soil erosion,
environmental degradation resulting from mining activities, and loss of biodiversity [39].
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2.2. Data and Preprocessing

In this study, remote sensing data were obtained via the GEE platform, accessing
radiometrically, atmospherically, and geometrically corrected Landsat 5 TM, Landsat 7
ETM+, and Landsat 8 OLI/TIRS surface reflectance datasets. Specifically, Landsat 5 TM
data (ID: “LANDSAT/LT05/C02/T1_L2”) were used for the period from 2000 to 2011,
Landsat 7 ETM+ data (ID: “LANDSAT/LE07/C02/T1_L2”) were used for 2012, and Land-
sat 8 OLI/TIRS data (ID: “LANDSAT/LC08/C02/T1_L2”) were used for 2013–2023. All
three datasets have a spatial resolution of 30 m. Remote sensing images covering the study
area during the vegetation growing season (June to September) with less than 50% cloud
cover were selected [27]. The United States Geological Survey (USGS)-approved Landsat
cloud removal algorithm (CFMASK) was then applied to eliminate cloud interference [40],
followed by median synthesis to create a clear composite image, which was cropped to
ensure alignment with the boundaries of the study area. Water bodies were masked out
via the modified normalized difference water index (MNDWI) [41]. Image synthesis was
required for surface temperature inversion in the study area because of the limitation of
Landsat image width in calculating the land surface temperature (LST). However, this
approach can cause time–phase differences near the stitching lines, resulting in notice-
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able stripping effects, as shown in Figure 2, which presents a significant challenge for
subsequent analysis and evaluation. To overcome this issue, we selected the Moderate
Resolution Imaging Spectroradiometer (MODIS) surface temperature product MOD11A2
(ID: MODIS/061/MOD11A2) with a 1 km resolution. Given the spatial autocorrelation of
land surface temperature, MOD11A2 remains a reliable choice for capturing stable surface
temperature data across large study areas, despite the resolution trade-off [42].
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Furthermore, physical geographic and socioeconomic data, including digital eleva-
tion model (DEM), slope (SLO), precipitation (PRE), temperature (TEM), gross domestic
product (GDP), population density (POP), nighttime light index (NLI), and land use type
(LUT) data, were collected, as detailed in Table 1. All the data were reprojected to the
WGS_1984_UTM_Zone_49N coordinate system, and the raster data were resampled to a
resolution of 30 m × 30 m.

Table 1. Physical geographic and socioeconomic data types and sources.

Data Types Dataset Source Spatial Resolution

DEM COPERNICUS/DEM/GLO30 GEE
(https://earthengine.google.com/

(accessed on 20 June 2024))

30 m

SLO COPERNICUS/DEM/GLO30 30 m

PRE Average annual precipitation
dataset of China (1901–2022)

Geographic Data Sharing Infrastructure, global
resources data cloud

(http://www.gis5g.com)
1000 m

TEM 1901–2022 year-by-year mean
temperature raster dataset

National Tibetan Plateau/Third Pole Environment
Data Center

(http://data.tpdc.ac.cn/)
1000 m

GDP
China GDP spatial

distribution kilometer
grid dataset

Resource and Environmental Science Data Platform
(https://www.resdc.cn)

1000 m

POP
China population spatial

distribution kilometer
grid dataset

1000 m

https://earthengine.google.com/
http://www.gis5g.com
http://data.tpdc.ac.cn/
https://www.resdc.cn
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Table 1. Cont.

Data Types Dataset Source Spatial Resolution

NLI

2000–2023 global-scale class
National Polar-Orbiting

Partnership (NPP)-Visible
Infrared Imaging Radiometer

Suite (VIIRS) nighttime
light data

An extended time-series of global NPPVIIRS-like
nighttime light data

(https://doi.org/10.7910/DVN/YGIVCD)
500 m

LUT
China multiperiod land use
remote sensing monitoring

dataset (CNLUCC)

Resource and Environmental Science Data Platform
(https://www.resdc.cn) 30 m

3. Methodology

The research methodology in this study comprises three main components (Figure 3).
First, the RSEI for the UMFRB was calculated for the 2000–2023 period via the GEE platform.
Second, the trends in the RSEI were quantified via Sen’s slope estimation and the Mann–
Kendall test, and future consistency was determined via the Hurst exponent method.
Finally, the spatial autocorrelation of the RSEI was verified via Moran’s I, while the driving
factors influencing the RSEI in the UMFRB were analyzed via Pearson’s correlation analysis
and the geographically weighted regression (GWR) model.

 
Figure 3. Overview of the methodology.

3.1. Calculation of the RSEI

The RSEI integrates four key ecological factors that are easily perceived by humans:
greenness, wetness, heat, and dryness. These indices are derived entirely from readily
available remote sensing data, with no manual intervention in the calculation process,
thus ensuring the reliability and comparability of the results. Specifically, greenness,
wetness, heat, and dryness are represented by the normalized difference vegetation index
(NDVI) [43], wetness component (WET) [44,45], land surface temperature (LST) [46], and
normalized difference built-up and soil index (NDBSI) [18], respectively. The calculation
equations are detailed in Table 2.

https://doi.org/10.7910/DVN/YGIVCD
https://www.resdc.cn
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Table 2. Calculation equations for the NDVI, WET, LST, and NDBSI.

Index Equation

NDVI NDVI = (ρNIR − ρR)/(ρNIR + ρR)

WET

WET = 0.0315ρB + 0.2021ρG + 0.3012ρR + 0.1594ρNIR − 0.6806ρSWIR1 −
0.6109ρSWIR2(Landsat TM, Landsat ETM+)

WET = 0.1511ρB + 0.1973ρG + 0.3283ρR + 0.3407ρNIR − 0.7117ρSWIR1 −
0.4559ρSWIR2(Landsat OLI)

LST LST = 0.02 × LST_Day_1 km−273.5

NDBSI

NDBSI = (SI + IBI)/2
SI = (ρSWIR1+ρR)−(ρNIR+ρB)

(ρSWIR1+ρR)+(ρNIR+ρB)

IBI =
2ρSWIR1

ρSWIR1+ρNIR
−
(

ρNIR
ρNIR+ρR

+
ρG

ρG+ρSWIR1

)
2ρSWIR1

ρSWIR1+ρNIR
+
(

ρNIR
ρNIR+ρR

+
ρG

ρG+ρSWIR1

)
Notes: ρB, ρG, ρR, ρNIR, ρSWIR1, ρSWIR2 represent the Landsat 5 TM, Landsat7 ETM+ and Landsat 8 OLI/TIRS
bands, respectively. SI represents the soil index, and IBI represents the building index.

The four component indicators were combined via principal component analysis
(PCA), with the RSEI constructed from the first principal component (PC1). Since the
indicators varied in magnitude, the direct application of PCA could lead to imbalanced
weights. To address this issue, the four indicators were first normalized to the [0, 1] range
before PCA was performed. Additionally, to prevent outliers from skewing the results,
the three-standard-deviation method was employed to remove extreme values from the
images. The wetness component, which is less affected by seasonal variations, was selected
to determine the direction of the eigenvector of PC1 [47], as determined via Equation (1).

RSEI0 =

{
PC1[f(NDVI, WET, NDBSI, LST)], λWet ≥ 0

1 − PC1[f(NDVI, WET, NDBSI, LST)], λWet < 0
(1)

where λWet is the direction of contribution of the wetness component to the PC1 function.
The RSEI was further normalized to obtain the final value, as expressed in Equation (2).

RSEI = (RSEI0 − RSEI0_min)/(RSEI0_max − RSEI0_min) (2)

where RSEI0, RSEI0_max, and RSEI0_min are the initial, maximum, and minimum values of
the RSEI, respectively.

The final RSEI values range from 0 to 1, with values closer to 1 indicating higher ecological
quality. On the basis of previous studies [21,22], the RSEI values in this study were catego-
rized into five classes for spatial display: excellent (0.8 < RSEI ≤ 1), good (0.6 < RSEI ≤ 0.8),
moderate (0.4 < RSEI ≤ 0.6), fair (0.2 < RSEI ≤ 0.4), and poor (0 < RSEI ≤ 0.2).

3.2. Analysis of the Trends and Future Consistency
3.2.1. Sen’s Slope Estimation and Mann–Kendall Test Methods

To quantitatively assess the trend in the ecological quality changes in the study area
from 2000 to 2023, Sen’s slope estimation method was employed to fit the change trajectory
of the RSEI on the basis of the image data [48]. Sen’s slope estimation method is compu-
tationally efficient, is robust against measurement errors, and minimizes the influence of
outliers, making it ideal for analyzing long-term trends in time series data. This method
can be expressed as follows [48]:

β = Median
(

RSEIj − RSEIi

j − i

)
, n > j > i > 0 (3)

where β is the trend degree of the series, Median denotes the median, i and j are the i-th
and j-th positions of the time series, respectively, and RSEIi and RSEIj are the i-th and j-th
RSEI pixel values, respectively.
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The significance of the trend analysis results must be assessed. The Mann–Kendall
test method, a nonparametric statistical method, offers the advantage of not requiring the
data to follow a specific distribution, rendering it highly resistant to data errors [49]. This
test method performs well alongside Sen’s slope estimation method for analyzing and
determining trends in long-term series data and has been widely applied in the analy-
sis of spatial and temporal processes such as vegetation, precipitation, and temperature
studies [50,51]. The criteria for evaluating trends in the RSEI in this study are detailed in
Table 3.

Table 3. Classification of RSEI trends from 2000 to 2023.

β Z Trend Categories Trend Characteristics

β > 0.0005
|Z| ≥ 1.96 3 Significant increase

1.96 > |Z| ≥ 1.65 2 Slightly significant increase
|Z| < 1.65 1 No significant increase

−0.0005 ≤ β ≤ 0.0005 |Z| 0 Relative stability

β < −0.0005
|Z| < 1.65 −1 No significant decline

1.96 > |Z| ≥ 1.65 −2 Slightly significant decline
|Z| ≥ 1.96 −3 Significant decline

Notes: when |Z| ≥ 1.96, the result passes the 95% confidence level test; when |Z| ≥ 1.65, the result passes the
90% confidence level test.

3.2.2. Hurst Index

The Hurst index can be used for quantitatively describing the long-term dependence
of time series and for analyzing the future RSEI consistency [52,53]. The Hurst index is
based on the rescaled range (R/S) analysis method, and the values of the Hurst index vary
between 0 and 1. H = 0.5 indicates a random sequence; for 0 < H < 0.5, the future trend is
the opposite of the past trend, with values close to 0 indicating greater anti-consistency; and
for 0.5 < H < 1, the future trend aligns with the past trend, with values close to 1 indicating
greater consistency [54].

3.3. Analysis of the Driving Mechanisms of the Ecological Quality
3.3.1. Spatial Correlation

The spatial autocorrelation of the RSEI is a key indicator that indicates whether the
ecological quality of a given element is related to that in its neighboring areas [55], serving
as a prerequisite for applying the GWR model [56]. Global Moran’s I and local Moran’s I
were used to assess the spatial autocorrelation of the RSEI. The value of the global Moran’s
I ranges from 0 to 1, with values close to 1 indicating greater overall spatial autocorrelation.
Local Moran’s I is a type of local indicator of spatial association (LISA) that can effectively
reflect the correlation of the local ecological environment quality in the study area. The LISA
clustering map shows five types of local spatial aggregation: high–high (H–H), low–low
(L–L), low–high (L–H), high–low (H–L), and not significant. H–H indicates high ecological
quality in both the study unit and its neighboring areas, whereas L–L indicates low quality
in both. L–H indicates a low-quality study unit with high quality in its neighboring areas,
and H–L indicates the opposite.

3.3.2. Factor Selection and Pearson’s Correlation

On the basis of the literature and considering the availability and representativeness
of data [57,58], four natural factors, namely, DEM, SLO, TEM, and PRE, and four socioe-
conomic indicators, namely, GDP, POP, NLI, and the land use intensity index (LUI), were
selected for a total of eight potential driving factors. LUI is a composite reflection of the
extent of land use in a given area, with the following Equation (4) [59]:

LUI = 100 × ∑n
i=1 Ai × C i (4)
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where Ai is the index of land use degree classification of level i and where Ci is the
percentage of area of level i land use degree classification.

The effects of these factors on the ecological environmental quality in the UMFRB
were explored. Pearson’s correlation analysis was conducted between the RSEI and each
explanatory variable for each year to preliminarily evaluate the impacts of these factors on
the ecological environment.

3.3.3. Geographically Weighted Regression

In driving factor analysis studies, traditional linear regression models such as the
ordinary least squares (OLS) model have been employed to estimate parameters only
on average or globally. However, in large-scale spatial studies, different regions may ex-
hibit distinct driving mechanisms, which can lead to inaccuracies in the results of OLS
models [60]. The GWR model addresses this shortcoming by incorporating the spatial char-
acteristics of sample point data into the regression parameters, allowing the relationships
between variables to vary with spatial location. This approach overcomes the issues of
spatial non-stationarity and dependence. The GWR model can be expressed as follows:

Yi = β0(ui, vi) + ∑ k βk(ui, vi)Xik + εi (5)

where Yi is the RSEI value of cell i; (ui, vi) denotes the geographic coordinates of the center
of the cell; βk(ui, vi) is the regression coefficient of cell i; β0(ui, vi) is a constant; X is the
matrix of explanatory variables; and εi is the random error term.

In this study, the RSEI in each year was set as the dependent variable in the GWR
model, with the selected driving factors employed as independent variables. The commonly
used adaptive quadratic kernel function was chosen, and the corrected Akaike information
criterion (AICc) was used for bandwidth selection. Additionally, a global regression
analysis was conducted via the OLS model, and the results were compared with those
of the GWR model. In addition to adjusted R-squared values, the AICc values of the
two models were compared, with a lower AICc value indicating a better fit to the observed
data. If the AICc difference between the two models exceeds 3, the model with the lower
AICc value is considered to achieve superior performance [61].

In addition, the RSEI was presented in the form of raster data in space. Therefore,
it is essential to create appropriately sized grids and extract values of both the RSEI and
its driving factors from these grids before performing spatial autocorrelation and driving
factor analysis. However, previous studies have indicated that grid homogeneity increases
with increasing analysis scale. If the grid size is very large, valuable information within the
grids may be lost, and the spatial autocorrelation of the RSEI could diminish [62]. On the
basis of the literature and the scale of the study area, the fishnet tool in ArcMap10.8 was
employed to generate grids with sizes of 1, 2, 3, and 5 km [58,63]. Multiple tests revealed
that the use of the 3 km grid produced the most accurate and reasonable results for the
study area.

4. Results
4.1. Spatiotemporal Characteristics of the Ecological Quality
4.1.1. Temporal Dynamics of the Ecological Quality

The RSEI of the UMFRB showed a fluctuating upward trend from 2000 to 2023. The
multiyear average RSEI was 0.53, with an overall increase of 0.06, indicating an increase in
the regional ecological quality (Figure 4). The highest average RSEI value was recorded in
2023, at 0.57, whereas the lowest was recorded in 2001, at 0.49. The fluctuations in the RSEI
were greater between 2000 and 2005 than they were in the other years. From 2005 to 2010,
the RSEI MEAN values were mostly approximately 0.50–0.53, indicating a relatively stable
period compared with the early years. From 2010 to 2023, the RSEI MEAN values generally
exhibited an increasing trend, with some minor fluctuations. In particular, from 2016 to
2023, the values were consistently high, mostly above 0.54.
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4.1.2. Spatial Dynamics of the Ecological Quality

In terms of spatial distribution, the RSEI values in the UMFRB demonstrated signif-
icant spatial variability, as shown in Figure 5. From 2000 to 2023, the areas classified as
excellent and good steadily expanded, whereas those classified as poor and fair contracted.
Specifically, in 2000, areas classified as poor and fair were concentrated in the southern
and northern regions. By 2005, the ecological quality in the southern region increased, and
areas with poor ecological quality shifted northward, particularly near Taiyuan and the
upper reaches of the Fen River. After 2010, the ecological quality in these northern areas,
including Taiyuan, increased, leaving areas categorized as poor and fair more sporadically
scattered. Overall, better ecological conditions were observed in Pangquangou National
Forest Park in Jiaocheng County (west) and Luye Mountain National Nature Reserve at the
headwaters of the Fen River (northwest), whereas poorer conditions were concentrated
along both sides of the Fen River and in urban areas.

In terms of proportion, the moderate grade consistently accounted for the largest share,
whereas the poor grade accounted for the smallest share. Except in 2005, areas classified
as poor and fair exhibited a 10% decrease over time, whereas areas classified as excellent
and good increased by 18%, indicating significant ecological improvement. The highest
proportion of poor and fair grades was recorded in 2005, accounting for 31% of the total
amount. In that year, the proportion of poor and fair grades was the only instance where it
exceeded the proportion of excellent and good grades, reflecting a mid-range deviation
in ecological quality. Furthermore, from 2020 to 2023, the most rapid increase in the
proportions of excellent and good ratings occurred, increasing by 6% and 4%, respectively.

4.2. Analysis of RSEI Change Trends and Future Consistency
4.2.1. Spatial and Temporal Trends in the Ecological Quality

The Sen’s slope estimation and Mann–Kendall test results indicated that 52.78% of
the study area exhibited an increasing trend in the RSEI from 2000 to 2023, while 9.47%
showed a declining trend, and 37.75% exhibited no significant trend (Figure 6). Among the
areas with an increasing trend, 87.98% demonstrated a significant increase, whereas 81.78%
of the declining areas exhibited a significant decline. The areas with declining trends were
primarily concentrated in the urban built-up regions of the central plains, surrounded by
areas showing no significant trend. This pattern suggests that human activities significantly
impact these regions.



Land 2024, 13, 2239 10 of 21

Land 2025, 14, x FOR PEER REVIEW 11 of 24 
 

 

Figure 5. Spatial distributions of the various RSEI classes in the study area. (a) RSEI distribution 
map of 2000; (b) RSEI distribution map of 2005; (c) RSEI distribution map of 2010; (d) RSEI distribu-
tion map of 2015; (e) RSEI distribution map of 2020; and (f) RSEI distribution map of 2023. 

4.2. Analysis of RSEI Change Trends and Future Consistency  

4.2.1. Spatial and Temporal Trends in the Ecological Quality 

The Sen’s slope estimation and Mann‒Kendall test results indicated that 52.78% of 
the study area exhibited an increasing trend in the RSEI from 2000 to 2023, while 9.47% 
showed a declining trend, and 37.75% exhibited no significant trend (Figure 6). Among 
the areas with an increasing trend, 87.98% demonstrated a significant increase, whereas 
81.78% of the declining areas exhibited a significant decline. The areas with declining 
trends were primarily concentrated in the urban built-up regions of the central plains, 
surrounded by areas showing no significant trend. This pattern suggests that human ac-
tivities significantly impact these regions. 

Figure 5. Spatial distributions of the various RSEI classes in the study area. (a) RSEI distribution map
of 2000; (b) RSEI distribution map of 2005; (c) RSEI distribution map of 2010; (d) RSEI distribution
map of 2015; (e) RSEI distribution map of 2020; and (f) RSEI distribution map of 2023.

4.2.2. Analysis of RSEI Future Consistency

The Hurst index value for the RSEI from 2000 to 2023 was 0.468, indicating anti-
consistency and suggesting that the overall ecological environment was in an unstable
state (Figure 7a). Areas with Hurst index values less than 0.5 accounted for 63.71% of the
study area, indicating that future ecological quality trends are likely to diverge from past
patterns. By contrast, 36.29% of the study area presented a Hurst index value greater than
0.5, suggesting that the future ecological environment quality will likely follow the same
evolutionary trajectories observed over the past 24 years.



Land 2024, 13, 2239 11 of 21Land 2025, 14, x FOR PEER REVIEW 12 of 24 
 

 

Figure 6. Trends in the RSEI within the study area from 2000 to 2023. (a) Spatial distribution of 
trends and (b) proportion of each trend type. 

4.2.2. Analysis of RSEI Future Consistency  

The Hurst index value for the RSEI from 2000 to 2023 was 0.468, indicating anti-con-
sistency and suggesting that the overall ecological environment was in an unstable state 
(Figure 7a). Areas with Hurst index values less than 0.5 accounted for 63.71% of the study 
area, indicating that future ecological quality trends are likely to diverge from past pat-
terns. By contrast, 36.29% of the study area presented a Hurst index value greater than 
0.5, suggesting that the future ecological environment quality will likely follow the same 
evolutionary trajectories observed over the past 24 years. 

By integrating the RSEI trend with the Hurst index, we created a consistency pattern 
map of ecological quality changes in the UMFRB from 2000 to 2023 (Figure 7b). According 
to this map, the changes can be categorized into five types, namely, continuous degrada-
tion (down–down), future degradation (up–down), continuous improvement (up–up), fu-
ture improvement (down–up), and uncertain change (uncertainty), which account for 
4.64%, 35.01%, 18.10%, 4.72%, and 37.52% of the total area, respectively. Continuous deg-
radation (down–down) was primarily found in low-elevation urban built-up areas in the 
central plains, particularly in Xiaodian District and Qingxu County of Taiyuan city. These 
areas urgently require improvement while balancing the demands of future economic 
growth. Areas exhibiting future degradation (up–down) were distributed evenly through-
out the study area. To maintain their current good ecological quality, ongoing monitoring 
will be necessary to prevent further deterioration. The areas demonstrating continuous 
improvement (up–up) were primarily located in the northwestern and southwestern re-
gions, whereas the areas indicating future improvement (down–up) did not exhibit sig-
nificant spatial clustering. Uncertain changes were largely concentrated in the central 
plains, which are densely populated and heavily influenced by anthropogenic factors, 
showing no clear future development trend. 

Figure 6. Trends in the RSEI within the study area from 2000 to 2023. (a) Spatial distribution of trends
and (b) proportion of each trend type.

Land 2025, 14, x FOR PEER REVIEW 13 of 24 
 

 

Figure 7. Spatial distributions of the Hurst index values (a) and future consistency (b). 

4.3. Analysis of the Ecological Quality Driving Mechanisms 

4.3.1. Spatial Autocorrelation Analysis of the RSEI 

Moran’s I values of the RSEI in the study area exceeded 0.76 in all years, with Z scores 
above 75%, thus passing the 1% significance test (Table 4). This indicates a strong positive 
spatial correlation of the ecological quality in the region, meaning that areas with similar 
ecological quality levels exhibit significant spatial clustering. 

Table 4. Moran’s I results. 

Year Global Moran’s I Z Score p Value 
2000 0.82 83.28 0.00 
2005 0.79 80.68 0.00 
2010 0.78 79.15 0.00 
2015 0.79 79.97 0.00 
2020 0.77 78.27 0.00 
2023 0.76 77.26 0.00 

The local spatial autocorrelation of the regional RSEI was analyzed via the LISA clus-
tering results. Overall, the nonsignificant areas exhibited a decreasing trend (Figure 8). 
Area I, located at the junction of Jingle, Lan, and Loufan Counties in the upper Fen River 
Basin, exhibited a continuous decrease in L–L clusters. Area II, encompassing southern 
Taiyuan, eastern Wenshui, and western Qixian, exhibited the most significant changes. In 
2000, H–H clusters dominated, but after more than 20 years of socioeconomic develop-
ment, H–H clusters declined, whereas L–L clusters expanded and eventually dominated. 
Area III, which includes Xiaoyi, Jiexiu, Lingshi, and Jiaokou, initially featured L–L clusters 
in 2000 and 2010, but the L–L clusters contracted and shifted northward after 2015. 

Figure 7. Spatial distributions of the Hurst index values (a) and future consistency (b).



Land 2024, 13, 2239 12 of 21

By integrating the RSEI trend with the Hurst index, we created a consistency pattern
map of ecological quality changes in the UMFRB from 2000 to 2023 (Figure 7b). According
to this map, the changes can be categorized into five types, namely, continuous degradation
(down–down), future degradation (up–down), continuous improvement (up–up), future
improvement (down–up), and uncertain change (uncertainty), which account for 4.64%,
35.01%, 18.10%, 4.72%, and 37.52% of the total area, respectively. Continuous degradation
(down–down) was primarily found in low-elevation urban built-up areas in the central
plains, particularly in Xiaodian District and Qingxu County of Taiyuan city. These areas
urgently require improvement while balancing the demands of future economic growth.
Areas exhibiting future degradation (up–down) were distributed evenly throughout the
study area. To maintain their current good ecological quality, ongoing monitoring will
be necessary to prevent further deterioration. The areas demonstrating continuous im-
provement (up–up) were primarily located in the northwestern and southwestern regions,
whereas the areas indicating future improvement (down–up) did not exhibit significant
spatial clustering. Uncertain changes were largely concentrated in the central plains, which
are densely populated and heavily influenced by anthropogenic factors, showing no clear
future development trend.

4.3. Analysis of the Ecological Quality Driving Mechanisms
4.3.1. Spatial Autocorrelation Analysis of the RSEI

Moran’s I values of the RSEI in the study area exceeded 0.76 in all years, with Z scores
above 75%, thus passing the 1% significance test (Table 4). This indicates a strong positive
spatial correlation of the ecological quality in the region, meaning that areas with similar
ecological quality levels exhibit significant spatial clustering.

Table 4. Moran’s I results.

Year Global Moran’s I Z Score p Value

2000 0.82 83.28 0.00
2005 0.79 80.68 0.00
2010 0.78 79.15 0.00
2015 0.79 79.97 0.00
2020 0.77 78.27 0.00
2023 0.76 77.26 0.00

The local spatial autocorrelation of the regional RSEI was analyzed via the LISA
clustering results. Overall, the nonsignificant areas exhibited a decreasing trend (Figure 8).
Area I, located at the junction of Jingle, Lan, and Loufan Counties in the upper Fen River
Basin, exhibited a continuous decrease in L–L clusters. Area II, encompassing southern
Taiyuan, eastern Wenshui, and western Qixian, exhibited the most significant changes. In
2000, H–H clusters dominated, but after more than 20 years of socioeconomic development,
H–H clusters declined, whereas L–L clusters expanded and eventually dominated. Area
III, which includes Xiaoyi, Jiexiu, Lingshi, and Jiaokou, initially featured L–L clusters in
2000 and 2010, but the L–L clusters contracted and shifted northward after 2015.

4.3.2. Correlations Between the RSEI and Driving Factors

Values of the RSEI and all its driving factors were extracted into the grid, resulting in
2989, 2920, 2933, 2930, and 2926 samples per image for 2000, 2005, 2010, 2015, and 2020,
respectively. Pearson’s correlation analysis was conducted to examine the relationships
between the RSEI and the corresponding explanatory variables for each year. The results
indicated that at a significance level of α = 0.01, DEM, SLO, TEM, PRE, POP, NLI, and
LUI all passed the significance test each year. However, only GDP in 2000 did not pass
the significance test, likely because of a threshold effect, suggesting that the impact of the
economy on the ecological environment becomes significant only after reaching a certain
development level.
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The multiyear average correlation of each factor with the ecological quality in the
UMFRB (Figure 9) decreased in the following order: DEM > TEM > LUI > PRE > SLO > NLI
> POP > GDP. DEM and SLO were positively correlated with the RSEI, particularly in 2010
and 2015, suggesting that topographic factors may significantly influence the ecological
quality. TEM attained a notable negative correlation with the RSEI, especially in 2015, with
a correlation coefficient of −0.595, indicating that increasing temperatures may negatively
affect ecological conditions. PRE was positively correlated with the RSEI, particularly in
2010 and 2020, suggesting that increased precipitation increased the ecological quality.
Compared with these of the natural factors, human-activity-related factors such as GDP,
POP, and NLI exhibited weaker correlations with the RSEI, suggesting that economic
development, population density, and nighttime light, respectively, exerted less direct
influences during this period. LUI was consistently and strongly negatively correlated with
the RSEI, especially from 2010 onward, indicating that relatively high land use intensity
significantly caused ecological quality degradation.

4.3.3. GWR-Based Analysis of the Spatial Heterogeneity of Drivers

OLS regression and GWR models were constructed to explore the spatial and temporal
differences in the impacts of drivers on the RSEI. For the OLS regression model, the variance
inflation factor (VIF) values of SLO and TEM were greater than 7.5, whereas the VIF values
of the other influencing factors were less than 7.5, indicating that SLO and TEM were
redundant. Therefore, these two variables were removed from the GWR model, and the
remaining factors exhibited no multicollinearity.
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Figure 9. RSEI and driving factor Pearson’s correlation (notes: ** indicates significance of the
parameters at the 1% level).

The fitting statistics for both the OLS and GWR models are provided in Table 5. The
results revealed that the R2 adjusted value for the goodness-of-fit of the GWR model was
significantly greater than that of the OLS model across all years. Additionally, the corrected
AICc value for the GWR model was notably lower than that of the OLS model (by more
than 3), indicating that the GWR model could better explain the local variations in the RSEI
and demonstrated a high degree of reliability.

Table 5. Estimated parameters of the OLS and GWR models.

Year
Ordinary Least Squares (OLS) Geographically Weighted Regression (GWR)

AICc R2 Adjusted R2 AICc R2 Adjusted R2

2000 −3149.021 0.269 0.267 −4749.567 0.541 0.521
2005 −3331.423 0.267 0.265 −5055.437 0.621 0.601
2010 −3541.178 0.287 0.285 −4838.077 0.569 0.549
2015 −3305.794 0.301 0.299 −4122.794 0.482 0.473
2020 −3815.004 0.347 0.345 −4272.088 0.472 0.449

The spatial distribution of the regression coefficients for the remaining independent
variables (Figure 10) indicated localized spatial differences in the effects of various drivers
on the ecological quality. Specifically, SLO yielded a negative influence in the central
plain areas but a significant positive influence in the higher-elevation regions of Ningwu,
Jingle, Jiaocheng, and Lingshi Counties. PRE generated a positive influence in most of the
study area, although its effect on the RSEI exhibited spatial fragmentation from 2000 to
2020. GDP showed varying influences across cities; it exhibited a negative effect in urban
agglomerations in 2010 and 2015 but exhibited a positive effect in the upper Fen River
Basin by 2020. POP had a negative influence in the central Taiyuan Basin but a positive
influence in the northern headwaters and southern middle reaches of the Fen River. NLI
displayed negative influences in the central and southern plains, with a shift from positive
to negative influences in the northern region. LUI largely demonstrated negative influences
across the study area, although it exhibited a positive trend in parts of the Taiyuan Basin
from 2000 to 2010 before becoming negative as land use intensified. Notably, the impacts of
GDP, POP, and NLI on the ecological quality in the upper Fen River Basin shifted markedly
in 2020, differing significantly from that in previous years.
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5. Discussion
5.1. Significance of the RSEI for Assessing the Ecological Quality in the Study Area

In this study, the RSEI was employed to assess the quality of the ecological environ-
ment in the study area, leveraging its ability to integrate multiple ecological elements.
Specifically, the RSEI incorporates key ecological indicators such as the NDVI, WET, LST,
and NDBSI to characterize ecosystems from various perspectives. The RSEI values for
each year in this study ranged from 0.49 to 0.57, which aligns closely with findings from
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related research [58,64], thereby demonstrating the effectiveness of the RSEI in evaluating
the ecological quality.

Additionally, the RSEI offers a comprehensive view of the temporal evolution and
spatial patterns of the quality of the ecological environment in the study area. With respect
to temporal trends, the dynamic changes in the RSEI accurately reflected fluctuations in
the ecological quality from 2000 to 2023. From 2000 to 2005, in Shanxi Province, where
coal mining is the pillar industry, there was insufficient motivation and capacity to bal-
ance economic growth with ecological protection. In combination with climate change
impacts [65], this led to substantial fluctuations in the ecological quality during this period.
After 2006, Shanxi Province initiated industrial transformation and upgrading [66], opti-
mized ecological restoration policies, and implemented the return of farmland to forests
and ecological restoration projects within the basin [67]. Consequently, the quality of the
ecological environment in the study area has shown a fluctuating upward trend.

From a spatial perspective, the RSEI effectively highlights regional ecological differ-
ences, accurately identifying areas with high or low environmental quality. For example,
Pangquangu National Forest Park in the west and Luye Mountain National Nature Reserve
at the source of Fen River exhibited relatively high RSEI values, indicating an excellent eco-
logical quality. This suggests that designating key ecologically sensitive areas and reserves
within the basin, which represents an important ecological protection initiative, provides
essential safeguards for water conservation, soil erosion prevention, and the maintenance
of forest landscapes in these fragile ecosystems [68]. Conversely, the banks of the Fen River
and urban areas demonstrated lower RSEI values, indicating a lower ecological quality,
which is consistent with the findings of related studies [69]. These regions serve as major
populations and economic hubs in Shanxi Province and house several coal mining bases,
including the Xuangang, Dongshan, Xishan, and Fenxi mining areas [70]. Industrialization
has exacerbated soil erosion and environmental pollution due to resource overexploitation,
industrial waste discharge, and urban construction encroachment onto land resources,
while the dynamics of endogenous economic development remain insufficient [71]. This
effective spatial differentiation of the ecosystem quality demonstrates that the RSEI can
reasonably reflect the regional ecosystem heterogeneity.

5.2. Analysis of Future Trends and Multifactor Drivers in the Study Area

According to future consistency analysis, 63.71% of the UMFRB is projected to exhibit
an anti-consistency trend in the future, with continuous degradation (down–down), future
degradation (up–down), and uncertainty accounting for 4.64%, 35.01%, and 37.52% of the
total area, respectively. This indicates that the overall ecological environment in the study
area is unstable, with low long-term sustainability and dependency on ecological quality
trends. Localized ecological restoration has significantly improved environmental quality
over the past 24 years, contributing to the overall increase in RSEI levels. However, large
areas of the study region are still undergoing degradation or experiencing minimal change,
which has led to a general tendency toward reverse persistence in the Hurst index. Fur-
thermore, biodiversity in restored landscapes is often lower than in undisturbed reference
landscapes [72]. This is partly due to the use of restoration methods that prioritize fast-
growing, highly surviving species, which can exacerbate habitat fragmentation, particularly
in ecologically vulnerable and impoverished areas [73]. Additionally, long-term trends may
be influenced by cumulative factors such as climate change, urbanization, and land use
changes [74], which may not be fully captured in short-term data. Therefore, continuous
monitoring and tracking are essential, and efforts to protect the ecological environment
remain a long-term challenge [75].

The ecological quality in the UMFRB is influenced by multiple factors. Correlation
analysis revealed four natural factors, namely, DEM, TEM, PRE, and SLO, along with
socioeconomic factors, such as LUI, as the primary drivers of the ecological quality in
the study area. The GWR model further emphasized the varying roles of these factors
across the region. In areas with lush vegetation, the RSEI is high and more significantly
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influenced by natural factors, whereas socioeconomic factors yield a greater influence in
populated plains.

Specifically, among the natural factors, DEM and SLO were positively correlated
with the RSEI. Human activities in high-elevation and steep-slope areas are limited by
natural conditions, resulting in lower human disturbance and better ecological outcomes.
Conversely, SLO in the central plains negatively impacted the RSEI, likely because of the
increased convenience for construction and development activities, which can harm the
ecological environment [76]. PRE, as a vital water source for vegetation, was positively
correlated with the RSEI, especially on the Loess Plateau, where water scarcity directly
affects vegetation growth and ecosystem health [58]. The impact of precipitation on the
ecosystem exhibits spatial heterogeneity, suggesting that varying degrees of dependence on
water resources across the different regions. By contrast, TEM showed a significant negative
correlation, particularly within the context of recent warming, as increased temperatures
may lead to ecological issues such as drought and water scarcity, adversely affecting the
ecological quality.

With respect to human activities, LUI was clearly negatively correlated with the RSEI,
especially in areas experiencing rapid urbanization and industrialization. Additionally,
NLI reflects the intensity of human activities, with a negative correlation with the RSEI,
highlighting the potential harm to the ecological environment stemming from economic
development and industrialization. The impacts of GDP and POP on the ecological en-
vironment varied across years and regions. Early economic development, characterized
by mining and industrial activities, negatively affected the ecological quality. In 2020, the
influences of GDP, POP, and NLI on the ecological quality in the upper Fen River Basin
changed significantly, which was likely linked to integrated ecological protection and
restoration efforts implemented by the Chinese government in the area [77].

5.3. Policy Recommendations and Practical Implications

Owing to the region’s historical industrial structure, the basin has long been de-
pendent on resource-based industries such as coal. It is essential to continue advancing
industrial transformation, particularly shifting from resource-intensive industries to green,
sustainable sectors. This includes promoting the development of low-carbon industries
and ecotourism [78]. Furthermore, as a typical hilly region of the Loess Plateau, the study
area faces severe soil erosion, water scarcity, and unfavorable terrain and soil conditions
for vegetation restoration [79]. It is crucial to implement ecological restoration projects,
with more attention given to biodiversity conservation, the greater implementation of
nature-based solutions, selecting species that enhance ecological complexity and resilience,
and improving ecological connectivity to reduce habitat fragmentation [72]. Third, the
urbanization process should integrate ecological considerations into urban planning to
ensure policy consistency and long-term effectiveness, which would help reduce the imbal-
ance and recurrence in ecological improvements [80]. Additionally, in the face of challenges
posed by climate change, it is important to strengthen climate adaptation measures, pro-
mote water-saving technologies, and encourage drought-resistant agricultural practices.
Finally, investments in environmental monitoring and data integration should be increased,
combining remote sensing data with ground-based observations to support the evaluation
of ecological restoration outcomes and long-term monitoring of environmental changes.
These measures will contribute to improving ecological quality and achieving sustainable
regional development.

5.4. Limitations and Prospects

The long time series of the RSEI and its influencing factors in this study provide
valuable insights into the ecological conditions of this region, guiding efforts to enhance
regional ecosystem quality and management. However, there are potential limitations
and uncertainties. First, this study relied entirely on remote sensing data, which can be
constrained by the resolution and quality of the images, potentially introducing errors
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in RSEI construction. Second, while the GWR model employed can reveal spatial and
temporal differences in the impacts of various drivers on the ecosystem quality, limitations
in data access and inconsistencies in the resolution of driver data may affect its explanatory
power for the ecosystem quality in the study area.

Ultimately, watersheds are vital for human settlement, and increasing their ecological
quality aims to enhance human well-being, which encompasses ecological health, economic
development, and overall quality of life. Future research should involve the adoption of
comprehensive analytical methods from multiple perspectives to construct a quantitative
model linking ecological quality and human well-being in watersheds. This approach can
inform the formulation of development strategies that promote the harmonious coexistence
of ecology and socioeconomics, thus supporting sustainable development. This direction
exhibits both significant opportunities and challenges, potentially offering new ideas and
methods for integrated watershed management and long-term development.

6. Conclusions

On the basis of the GEE platform, Landsat image data from 2000 to 2023 were used
to construct an RSEI model. A long-term remote sensing evaluation of the quality of the
ecological environment in the UMFRB was conducted, and its spatial and temporal charac-
teristics, trends, and consistency were analyzed while exploring the impacts of natural and
anthropogenic factors. The study results indicated that the ecological quality in the UMFRB
has generally improved over the past 24 years, although certain areas, such as the urban ag-
glomeration of the Taiyuan Basin, have exhibited degradation. The annual mean RSEI value
increased from 0.51 to 0.57, with a low ecological quality primarily found along the banks
of the Fen River and in urbanized regions. Future consistency analysis revealed that the
areas experiencing continuous degradation (down–down), future degradation (up–down),
and uncertainty jointly accounted for 77.17% of the study area, highlighting the need for
ongoing monitoring and optimized management. In recent years, the ecological quality
has demonstrated high spatial aggregation, with positive correlations with DEM, SLO, and
PRE and negative correlations with TEM, GDP, POP, NLI, and LUI. The correlations of
DEM, TEM, PRE, SLO, and LUI with the ecological quality were notably strong. The effects
of various natural and social factors on the RSEI exhibited spatial heterogeneity; areas with
lush vegetation, which are more greatly influenced by natural factors, exhibited higher
ecological quality, whereas socioeconomic factors significantly impacted the ecological
quality in populated plains. This study allows us to better understand the changes and chal-
lenges in maintaining the quality of the ecological environment in a timely manner. This
understanding is crucial for developing targeted ecological protection and management
measures, ultimately enhancing the efficiency of ecological environment management.
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