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Abstract: Conducting ecological monitoring assessments and revealing the effects of driving fac-
tors are crucial for enhancing ecological safety and promoting sustainable development. Taking
the Chushandian Reservoir basin as the research object, this paper employed the Remote Sensing
Ecological Index (RSEI), constructed based on remote sensing data, to monitor and assess the ecolog-
ical environment of the study area from 1990 to 2021, and predicted its future development trend
through the Hurst index. On this basis, we integrated land use data to elucidate the response of the
ecological environment to human activities. The results show that: (1) The mutation test indicates
that selecting 1990, 2004, 2008, 2013, and 2021 as the study time nodes can comprehensively reflect the
spatio-temporal information regarding changes in ecological quality in the study area. Specifically,
both 1990 and 2021 exhibit higher ecological quality ratings, while 2008 has the lowest ecological
quality rating. The spatial distribution of ecological quality is strongly clustered, with high–high
clustering and low–low clustering dominating. (2) The overall trend of ecological quality in the study
area appears in a pattern of initial decline followed by subsequent improvement. From 1990 to 2004,
the degraded area constituted the largest proportion, accounting for 87.82%. After 2008, the quality of
the ecological environment began to rebound. Between 2008 and 2013, the proportion of regions with
improved ecological conditions was 57.91%, and from 2013 to 2021, 46.74% of the regions showed
improvement. (3) In the research area, 36.70% of the regions exhibit a trend of sustainable stability
into the future, representing the highest proportion. Approximately 34.3% of the areas demonstrate
a trend of sustainable improvement, while the regions exhibiting sustainable degradation account
for only 5.72%. While the ecological environment is demonstrating a positive overall developmental
trend, it is crucial to stay vigilant regarding areas of ongoing degradation and implement appropriate
protective measures. (4) Land use change significantly impacts the ecological environment, with the
expansion of land for urban build up causing some ecological deterioration, while the later expansion
of forest improves ecological quality. The results provide theoretical approaches and a foundation for
decision-making in the ecological management of the Chushandian Reservoir basin.

Keywords: remote sensing ecological index; ecological environment; Google Earth Engine; spatio-
temporal heterogeneity; land use change; Chushandian Reservoir basin

1. Introduction

The ecological environment is inextricably linked to humanity, and a favorable eco-
logical environment is critical for regional sustainable development [1]. As a consequence
of accelerated economic progress and substantial population expansion, the ecological
repercussions of human activities are becoming more prominent. The inherent conflic-
trange of global or regional ecological problems [2–4], such as soil erosion [5] and land
desertification [6]. Land is the primary medium for human activities, and anthropogenic
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disturbances have caused frequent changes in land use, exerting a significant impact on
the ecosystem [7]. In this context, it is essential to accurately comprehend the ecological
situation of a region and uncover its response to land use change, as this is a prerequisite
for further development of targeted measures for the protection of the ecological environ-
ment, which is of great practical significance for the maintenance of ecological balance and
sustainable development [8].

Remote sensing technology is an indispensable tool in contemporary scientific research
and practice, playing a crucial role in monitoring and evaluating ecological quality due
to its attributes of speed, real-time capability, and wide monitoring range [9]. Google
Earth Engine (GEE) is a cloud computing platform developed by Google, widely utilized
in various research fields, including surface cover and land use [10], climate and mete-
orological monitoring [11], ecological and environmental assessment [12], water body
extraction [13–15], and urban expansion and planning [16,17]. Early studies of various
ecosystems primarily relied on a single ecological index, such as the vegetation index [18],
leaf area index [19], aridity index [20], and water index [21]. As scholars deepen their
understanding of the formation and development of ecosystems, it is widely recognized
that a single ecological factor cannot objectively and comprehensively reflect the state
of the ecological environment. Meanwhile, the development of composite indices that
consider multiple factors and can comprehensively reflect the complexity of environmental
issues has emerged. Currently, the most widely utilized composite indices include the
Environmental Vulnerability Index [22,23], the Ecological Environment Status Index [24],
the Landscape Ecological Quality Index [25], and the Remote Sensing Ecological Index
(RSEI) [26–28]. RSEI, proposed by Xu et al. [26], is based on remote sensing information
and integrates the most intuitive indices reflecting the ecological environment, such as
greenness, humidity, dryness, and heat. It can accurately monitor and evaluate a regional
ecological environment, which is widely recognized and applied by scholars.

In recent years, with the deepening of the concept of ecological civilization in China,
regional ecological environment issues have received great attention from scholars in ge-
ography, ecology and other related disciplines, resulting in a large number of research
results, including the characteristics of spatial patterns [29], temporal changes [30], and
the research on influencing factors and driving mechanisms [31], which have become an
important part of revealing the pattern of change in spatio-temporal ecological environ-
ments. According to the overall progress in research, existing studies primarily concentrate
on urban regions [32], with some extending to metropolitan circles [33]. However, there
is a scarcity of studies investigating ecological and land use change in reservoir basins.
Li et al. [34] utilized RSEI to evaluate the spatio-temporal dynamics of Luoyang city’s
ecological environment from 2002, and employed a geographic detector to investigate the
impact of influential factors on the city’s ecosystem. Zhang et al. [33] used GEE to calculate
the RSEI, assessing the ecological quality of the Chang-Zhu-Tan metropolitan circle in Cen-
tral China from 2000 to 2020, and then investigated the associated influencing mechanisms.
The construction and annual operation of reservoirs significantly disturb the ecological
environment, causing changes in river morphology, water surface area, and land cover.
Consequently, reservoir basin ecosystems become relatively fragile and more sensitive to
human-induced changes [35]. Therefore, it is imperative to explore the impact of land
use change on the ecological quality of reservoir basins, thereby promoting the extension
of ecological quality theory to them and providing guidance for ecological conservation
and management. In addition, previous studies have primarily focused on ecological
assessment using RSEI to uncover historical phenomena, while ignoring the prediction of
future patterns. Predicting future patterns in the ecological environment is advantageous
for comprehending forthcoming macro trends, and provides theoretical guidance for the
development of pertinent policies.

The Chushandian Reservoir is the sole large reservoir in the upper reaches of the
Huaihe River, which ranks as the fifth longest river in China. The reservoir directly impacts
the ecological quality of a basin covering an area of 2900 km², and the well-being of
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1.7 million residents downstream. However, the primary focus of ecological research in the
Chushandian Reservoir basin has been on the estimation of ecosystem service values [36]
and the implementation of landscape ecology analysis [37]. There is insufficient research in
fields such as long-term ecological monitoring and assessment, as well as the investigation
of effect processes. This limitation hampers ecological conservation and the scientific
formulation of governance measures. Therefore, this paper focuses on the Chushandian
Reservoir basin and utilizes analytical methodologies such as RSEI, spatial autocorrelation,
coefficient of variation, and the Hurst index to investigate the spatio-temporal variations in
the ecological environment and explore the ecological response of land use change. This
paper aimed to: (1) explore the spatio-temporal distribution characteristics of the ecological
environment; (2) predict the future trend of ecological environment change; and (3) uncover
the impact of land use change on the regional ecological environment.

2. Materials and Methods
2.1. Study Area

The Chushandian Reservoir basin is situated in the southern part of Henan Province,
China, within the climatic zone of northern subtropical humid conditions. The annual
average temperature is 15.0 ◦C, the annual precipitation is 1139 mm, and the annual evapo-
ration from the water surface is about 980 mm. The reservoir basin predominantly exhibits
a geomorphological structure characterized by low mountain and hill landscapes. The
western and southern parts of the reservoir area feature low mountains with elevations
exceeding 150 m, while the northern and eastern regions consist of hills with elevations
ranging from approximately 100 to 110 m (Figure 1). The predominant vegetation consists
of deciduous needle- and broad-leaved forests, with thriving pine forests in the majority
of areas upstream of the reservoir displaying high vegetation coverage. Nevertheless, the
vegetation is sparse in certain hilly regions. The regional ecosystem mostly comprises
forests, bushes, meadows, farming, rivers, and settlements. Situated upstream of the main
course of the Huaihe River and approximately 15 km from Xinyang City, the Chushandian
Reservoir functions as a significant hydraulic hub primarily dedicated to flood control. It
integrates irrigation, water supply, and power generation for comprehensive utilization.
The basin spans an area of 2900 km2, boasting a total storage capacity of 1.25 km3. The
irrigation area extends to 103.34 km2. The reservoir supplies Xinyang City with a sub-
stantial amount of water for urban living and industrial purposes. The reservoir project
commenced on 16 August 2015, and reservoir impoundment began in May 2019 [36]. Con-
ducting ecological assessment studies in the reservoir basin can provide essential data and
decision support for effective environmental protection and resource management. This is
critical for regional ecological environment planning and the attainment of the Sustainable
Development Goals.

2.2. Data Sources and Pre-Processing

(1) Remote sensing data: we used Landsat and MODIS remote sensing images with a
resolution of 30 m, provided by GEE (https://earthengine.google.com (accessed on
25 June 2023)), incorporating both radiometric calibration and cloud removal. GEE
provides extensive Earth observation data and computational resources, facilitating
users in data processing and analysis. We utilized remote sensing images with
prominent vegetation features taken between June and September each year for the
calculation of indices.

(2) DEM data: the DEM data used in this paper is the “ASTER Global Digital Elevation
Model” with a resolution of 30 m, from the Geospatial Data Cloud (https://www.
gscloud.cn (accessed on 25 June 2023)).

(3) Vector data: the vector boundary data of the study area was obtained by conducting
hydrological analysis on DEM data in ArcGIS.

https://earthengine.google.com
https://www.gscloud.cn
https://www.gscloud.cn
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(4) Land use data: the land use data used in this paper is the 30 m resolution Global Land
Use Dynamic Monitoring product developed by the Aerospace Information Research
Institute of the Chinese Academy of Sciences [38].
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2.3. Methodology
2.3.1. Research Framework

We employed remote sensing data for calculating environmental indices. The normal-
ized difference vegetation index (NDVI) was utilized to indicate greenness, the wetness
component (WET) was utilized to indicate humidity, the normalized differential building-
soil index (NDBSI) was utilized to indicate dryness, and land surface temperature (LST)
was utilized to indicate heat. The four indices were normalized and then underwent
principal component extraction in order to create the RSEI, which was used to assess the
quality of the ecological environment in the research area [39]. On this basis, we explored
the impact of land use type transformation on the quality of the ecological environment by
analysing land use data (Figure 2).

2.3.2. Calculation of Indices

(1) Greenness index

NDVI is based on reflectance data from different spectral bands, reflecting the photo-
synthetic activity and biomass distribution of vegetation. It is commonly used to assess the
greenness and growth status of vegetation [40]. The formula is as follows [41]:

NDVI =
Bnir − Bred
Bnir + Bred

(1)

where Bnir is the reflectance in the near-infrared band of Landsat imagery data, and Bred is
the reflectance in the red band of Landsat imagery data.

(2) Humidity index

The Kirchhoff transform is a data processing method used to extract specific surface
information from multispectral remote sensing imageries. Applying the Kirchhoff Trans-
form allows for the extraction of brightness, greenness, and humidity components. The
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humidity component can be employed to analyze data pertaining to soil moisture and
vegetation water content. The formulas used to calculate the humidity index based on
Landsat imageries are as follows [42]:

WETTM= 0.0315Bblue + 0.2021Bgreen + 0.3012Bred

+0.1594Bnir − 0.6806Bswir1 − 0.6109Bswir2

WETETM= 0.2626Bblue + 0.2141Bgreen + 0.0926Bred

+0.0656Bnir − 0.7629Bswir1 − 0.5388Bswir2

WETOLI= 0.1509Bblue + 0.1973Bgreen + 0.3279Bred

+0.3408Bnir − 0.7112Bswir1 − 0.4572Bswir2

(2)

where WETTM, WETETM, and WETOLI represent the humidity components for Landsat 5,
Landsat 7, and Landsat 8, respectively. Bblue, Bgreen, Bred, Bnir, Bswir1, and Bswir2 represent
the reflectances of the blue, green, red, near-infrared, shortwave infrared 1, and shortwave
infrared 2 bands in Landsat imageries, respectively.
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(3) Dryness index

The Index-Based Built-Up Index (IBI) and the Soil Index (SI) are frequently employed
to reflect land cover attributes [41]. The NDBSI, calculated as the average of IBI and SI, can
reflect the influence of soil dryness and human activities on the land cover ecosystem [26].
The formulas are as follows [43]:

NDBSI = SI+IBI
2

IBI =
(

2Bswir1
Bswir1+Bnir

− Bnir
Bnir+Bred

− Bgreen
Bgreen+Bswir1

)

(
2Bswir1

Bswir1+Bnir
+

Bnir
Bnir+Bred

+
Bgreen

Bgreen+Bswir1
)

SI = (Bswir1+Bred)−(Bnir+Bblue)
(Bswir1+Bred)+(Bnir+Bblue)

(3)

where Bblue, Bgreen, Bred, Bnir, and Bswir1 represent the reflectances of the blue, green, red,
near-infrared, and shortwave infrared 1 bands in Landsat imageries, respectively.

(4) Heat index

LST reflects the state and distribution of heat at the surface and is commonly employed
to investigate surface energy balance, climate change, and the urban heat island effect [44].
The formula is as follows:

LST = DN × 0.02 − 273.15 (4)
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where DN represents the pixel values of the MOD11A2 imagery.

2.3.3. Construction of RSEI

Due to the variation in scales and value domains among the four indices, normalization
is required to ensure comparability of their weights during principal component analysis.
The formula is as follows [45]:

Ei =
DNi − DNi−min

DNi−max − DNi−min
(i = 1, 2, . . . , n) (5)

where Ei represents the normalized index value, DNi is the original pixel value, DNi-min is
the minimum pixel value, and DNi-max is the maximum pixel value.

Principal Component Analysis (PCA) is a method used to reduce the dimensionality
of data by transforming the original dataset into a new set of uncorrelated principal
components. These components are subsequently arranged in descending order based on
their contributions to the overall variance of the data [46]. By selecting the top few principal
components, the original data is effectively reduced to a lower dimension while retaining a
significant portion of the information present in the original dataset.

Conducting PCA on the four indicators through GEE yields the first principal com-
ponent (PC1). To ascertain that a higher value of PC1 indicates favorable ecological cir-
cumstances, RSEI is derived by subtracting the estimated PC1 from 1. The RSEI value
ranges from 0 to 1, with a higher value suggesting a superior ecological condition [26]. The
formulas are as follows:{

PC1 = f(NDVI, WET, NDBSI, LST)

RSEI = 1 − f(NDVI, WET, NDBSI, LST)
(6)

Ecological quality is classified into five levels based on RSEI values with intervals of
0.2 (Table 1). The purpose is to simplify data interpretation and comparison, providing a
more intuitive representation of differences in ecological conditions.

Table 1. Classification of ecological quality levels.

RSEI Values Levels

0 ≤ RSEI < 0.20 poor
0.20 ≤ RSEI < 0.40 fair
0.40 ≤ RSEI < 0.60 moderate
0.60 ≤ RSEI < 0.80 good

0.80 ≤ RSEI ≤ 1 excellent

2.3.4. Moving T-Test

The moving t-test is a hypothesis testing method specifically tailored for time series
data. Serving as an extension of the t-test, its primary purpose is to identify breakpoints
within time series datasets. The paramount advantage of this method resides in its ca-
pacity to discern substantial alterations within time series patterns, thereby enabling the
discernment of anomalous occurrences and shifts in states. The foundational principle of
the moving t-test is that a qualitative change in averages is indicated when the difference
in averages between two subsequences exceeds a predefined level of significance. The
formulas are as follows [47]: 

t = X1−X2

S
√

1
n1

+ 1
n2

S =

√
n1S2

1+n2S2
2

n1−n2−2

(7)
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where t is the test statistic; n1 and n2 are the sample sizes of the two subsequences; X1
and X2 are the means of the two subsequences; and S2

1 and S2
2 are the variances of the two

subsequences.

2.3.5. Spatial Autocorrelation Analysis

Spatial autocorrelation analysis utilizes the global Moran’s I and local Moran’s I indices
to reveal spatial correlations [48]. The calculation result of global Moran’s I ranges between
−1 and 1, with a larger absolute value indicating a stronger spatial autocorrelation. A
positive global Moran’s I value (I > 0) signifies positive spatial autocorrelation, while a
negative value (I < 0) indicates negative spatial autocorrelation. A global Moran’s I value
of 0 denotes the absence of spatial autocorrelation. The visualization of local Moran’s I
is commonly achieved through the LISA cluster map, which classifies clustering as High-
High, High-Low, Low-High, Low-Low, or Not significant [49]. High-High and Low-Low
denote agglomeration in areas with relatively high (low) RSEI values, while High-Low and
Low-High signify the coexistence of areas with high and low RSEI values, highlighting a
contrasting phenomenon. “Not significant” indicates that the spatial correlation between
RSEI values lacks significance in geographical space.

Globalmoran’s Ii =
n

n
∑

i=1

m
∑

j=1
Wij(xi−x)(xj−x)

(
n
∑

i=1

m
∑

j=1
Wij)

n
∑

i=1
(xi−x)2

Localmoran’s Ii =
n(xi−x)

m
∑

j=1
Wij(xj−x)

n
∑

i=1
(xi−x)2

(8)

where n represents the number of spatial units in the study area; xi and xj represent the
attribute values of spatial units i and j, respectively; x represents the mean value of RSEI;
and Wij represents the spatial weight matrix.

2.3.6. Stability Analysis of Time Series

This paper employed the coefficient of variation to assess the stability of the time series,
indicating the extent of variation. A larger value indicates a more dispersed distribution and
lower stability in the time series. Conversely, a smaller value indicates a more concentrated
distribution and higher stability over time. The formula for calculating the coefficient of
variation is as follows [50]:

CV =

√
1
n

n
∑

i=1
(RSEIi − 1

n

n
∑

i=1
RSEIi)

1
n

n
∑

i=1
RSEIi

(9)

where CV is the coefficient of variation; n is the number of years; and RSEIi is the RSEI for
each year.

To intuitively reflect the time series stability of ecological environmental changes in
the study area, this paper employs the natural breaks method to categorize the coefficient
of variation into five categories (Table 2). The natural breaks method aims to categorize the
study subject into groups with similar characteristics by identifying the natural breakpoints
within the sequences, each of which holds statistical significance.

2.3.7. Sustainability Analysis

Sustainability analysis predicts future changes based on existing trends. This paper
conducted a sustainability analysis of the temporal changes in the ecological environment
based on the Hurst index. The Hurst index, ranging from 0 to 1, denotes the presence of
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long-term memory in a time series when exceeding 0.5, which suggests a tendency for the
observed trend to persist into the future [50]. This study employed rescaled range analysis
(R/S) to construct the Hurst index, with the formulas as follows [51]:

Yt =
t

∑
i=1

Xi

St =

√
1
t

t
∑

i=1
(Yi − Y)2

Rt = max(Y1, Y2, . . . , Yt)− min(Y1, Y2, . . . , Yt)

R
S = Rt

St

H = log t
2

R
S

(10)

where Xi is the original time series data point; Rt is the difference between the maximum
and minimum values of the data within the window; St is the standard deviation of data
within the window; and H is the Hurst index.

Table 2. Classification of temporal stability levels.

CV Value Temporal Stability

0 < CV ≤ 0.12 Very stable
0.12 < CV ≤ 0.17 Relatively stable
0.17 < CV ≤ 0.22 Slightly variable
0.22 < CV ≤ 0.34 Moderately variable

0.34 < CV ≤ 1 Highly variable

3. Results and Analysis
3.1. Trend Analysis and Mutation Test of RSEI Time Series

The annual average trend of RSEI from 1990 to 2021 is shown in Figure 3a. The mean
of RSEI exhibits a trend of initially decreasing and then increasing, with 2008 representing
the lowest point. The average RSEI value declined from 0.84 in 1990 to 0.59 in 2008, and
increased to 0.80 in 2021. The t-value of the time series exceeded the significant interval
in 2004 and 2013, indicating these two years as breakpoints in the time series (Figure 3b).
Consequently, we selected specific years as temporal nodes for segmenting the long time
series data in the study area: 1990 (start of the study period), 2004 (breakpoint), 2008
(minimum value), 2013 (breakpoint), and 2021 (end of the study period).
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3.2. Spatial Pattern Analysis of Ecological Environment
3.2.1. Spatial Distribution of Ecological Environment

The spatial distribution of the four environmental indices in the study area exhibited
significant variations (Figure 4). Higher NDVI and WET were prevalent in the low hills
of both the southwestern and northern regions of the Chushandian Reservoir basin. The
elevated vegetation cover in these areas indicated a positive correlation among NDVI,
WET, and vegetation coverage. Conversely, the western urban areas and densely culti-
vated regions in the central-northern part of the study area exhibited higher values of
NDBSI and LST. Influenced by urbanization and agricultural activities, these areas demon-
strated heightened aridity and heat accumulation, suggesting that human activities have
significantly impacted the ecological quality of the study area.
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We conducted a statistical analysis of the ecological quality levels in the study area
(Figure 5). In 1990, regions classified as excellent covered 2346.75 km2, accounting for
80.92%, indicating superior ecological quality. In 2004, the area classified as excellent
significantly decreased to 115.38 km2, representing 3.98%. In contrast, the area of the
good level increased to 1838.57 km2, constituting 63.40%. By 2008, ecological quality was
predominantly categorized as the moderate and good levels. The area of moderate level
covered 1296.73 km2, while the area of the good spanned 1523.05 km2, making up 44.71%
and 52.52% of the total area, respectively. However, the area classified as an excellent
level was only 6.09 km2, accounting for merely 0.21%. After 2008, the area classified as
excellent level began to steadily increase. In 2013, the area with an excellent level attained
671.15 km2, accounting for 23.14%. Concurrently, the area with a good level reached
2084.77 km2, representing the largest proportion at 71.89%. In 2021, the ecological quality
was predominantly characterized by an excellent level, covering an area of 1758.16 km2,
accounting for 60.63%. Additionally, the area with a good level covered 1066.72 km2,
accounting for 36.78%. It is worth noting that the regions classified as “poor” in the
eastern and southeastern parts, correspond to the locations of Laoyahe Reservoir and
Chushandian Reservoir, respectively. The construction of these reservoirs has caused
significant disturbance to the ecological environment, resulting in the conversion of forest
and cropland into built-up areas and water. Consequently, this has had detrimental effects
on the ecological quality within the reservoir area.
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3.2.2. Autocorrelation Analysis

The mean value of global Moran’s I for the five years was 0.67, indicating a strong
positive correlation. This suggests that the spatial distribution of RSEI in the study area
demonstrates clustering rather than random dispersion. Local Moran’s I was visualized
by the LISA cluster map (Figure 6), revealing that the spatial clustering characteristics of
ecological quality in the study area were dominated by High-High clustering and Low-Low
clustering. The distribution of High-Low clustering and Low-High clustering appears more
dispersed and less pronounced. The High-High clustering areas are predominantly situated
in the mountainous and hilly terrain surrounding the study region. These areas exhibit
minimal distribution fluctuations, characterized by high ecological quality and relatively
minor disturbances from human activities. In contrast, the Low-Low clustering areas are
mainly found in urban built-up areas, cropland, and reservoir regions. These areas face
substantial disruptions from human activities, especially notable seasonal changes affecting
farmland, contributing to the unstable distribution of the Low-Low clustering regions.

3.3. Dynamic Change of Ecological Environment
3.3.1. Temporal Stability Analysis of RSEI

The coefficient of variation in the research area from 1990 to 2021 was mainly concen-
trated between 0 and 0.3, with an average value of 0.15. The pixel count with a coefficient of
variation value of 0.12 was the highest, with a frequency close to 600,000 (Figure 7a). This
suggests that the RSEI values within the research area exhibit a notable concentration with
moderate annual variation. The spatial distribution of the coefficient of variation (Figure 7b)
indicates that very stable and relatively stable areas were primarily located in the western,
northern, and southern parts of the research area. These areas are characterized by elevated
mountainous terrain and experience minimal human influence. The regions with slight
and moderate variability were mainly located in areas with frequent human activities.
These regions were largely comprised of urban land and cropland, indicating that human
activities have had a discernible impact on the ecological environment. The southeastern
region of the study was characterized by high variability, precisely in the area where the
Chushandian Reservoir is located. The construction of the reservoir project commenced
in 2015, with impoundment beginning in 2019. This suggests that the construction of the
reservoir has caused a more pronounced disturbance to the ecological environment in the
surrounding area.
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3.3.2. Evolution Trend of Ecological Environment

To visually represent the evolving pattern of the ecological environment in the study
region, a subtraction operation was performed on the RSEI values for each year, illustrating
the trend of ecological quality (Figure 8). From 1990 to 2004, there was a substantial decline
in ecological quality, with an area of 2546.78 km2 exhibiting a degrading trend, accounting
for 87.82% of the total area. Only 0.38% of the region showed an improving trend. During
this period, the ecological environment in the study area faced significant pressure. From
2004 to 2008, the degraded area amounted to 942.17 km2, constituting 32.49%, which was a
significant reduction compared to the preceding period. Concurrently, the area exhibiting
unchanged reached 1524.05 km2, accounting for 52.55% of the total area. This suggested
a partial alleviation of the deteriorating trend in the ecological environment, with certain
areas maintaining a relatively stable state. However, the proportion of areas exhibiting
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improvement was only 14.96%, suggesting that there had been a limited enhancement
in the overall quality of the ecological environment. During the period from 2008 to
2013, the unchanged area was 1177.05 km2, accounting for 40.59%. The improved area
amounted to 1679.34 km2, representing 57.91%. This indicated a tendency for ecological
quality stabilization during this period, coupled with the emergence of positive changes.
From 2013 to 2021, the improved area accounted for 46.74%, highlighting the sustained
trend of ecological environment improvement. Nevertheless, a minority of regions still
demonstrated degradation, with a proportion of 7.15%.
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3.3.3. Prediction of Future Evolution Trend

This paper predicted the future trend in the ecological environment of the study area
by calculating the Hurst index. The findings revealed that a substantial majority of regions
in the study area, accounting for 76.71%, exhibited a Hurst index greater than 0.5. This sug-
gested a robust inclination toward sustainability in the progression, with the potential for
this trend to endure in the future. The future evolution trend of the ecological environment
was derived by overlaying the Hurst index with the RSEI evolution trend (Figure 9). The
region exhibiting a sustained stability trend constituted the highest proportion at 36.70%.
Furthermore, areas demonstrating a sustained improvement trend accounted for 34.3%, pri-
marily distributed in the northern and southern parts of the research area. Conversely, the
area undergoing sustained degradation was minimal, comprising only 5.72% and located
in the southeastern region of the study area.

Based on the analysis results, the majority of regions in the study area demonstrated a
sustained stability or improvement trend, indicating a positive outlook for future devel-
opment. Nevertheless, meticulous monitoring is crucial for regions exhibiting a sustained
degradation trend, necessitating the implementation of appropriate protective and restora-
tion measures.

3.4. Ecological Response to Land Use Change

This study reclassified land use data by consolidating second-level classifications into
first-level classifications, thereby constructing spatial distribution maps of land use types
in the study area over multiple years (Figure 10a). Additionally, to quantitatively depict
the interconversion among different land use types, overlay analysis was conducted on
land use type maps from different years, resulting in the generation of Sankey diagrams
illustrating land use type transitions (Figure 10b).
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As depicted in Figure 10a, forest, cropland, and built-up are the three major land
use types in the study area, collectively occupying over 95% of the total area. Forest is
predominantly distributed in the low mountainous and hilly areas of the north, west,
and south. Cropland is mainly distributed in the central-northern and eastern regions
of the study area. Built-up is predominantly concentrated within various urban zones.
It is noteworthy that the Chushandian Reservoir in the southeastern part of the study
area began construction in 2015. Consequently, after 2015, the cropland and forest in the
southeastern part of the study area gradually transformed into water and built-up. As
depicted in Figure 10a, in 2021, a substantial area of water emerged in the reservoir area in
the southeast.

As depicted in Figure 10b, there is a notable phenomenon of transformation among
the three major land use types. Built-up exhibits a sustained expansion trend, with the
majority of expansion areas originating from cropland and a smaller portion from forest.
The extensive transformation from forest to cropland is the primary reason for the reduction
in forest area. As of 2008, the total forest area had decreased by 101.03 km2. The period
from 2008 to 2013 witnessed the notable success of local policies promoting the restoration
of cropland to forest, leading to an increase in forest area of 82.36 km2. From 2013 to
2021, cropland and forest experienced a balanced reciprocal conversion with minimal area
changes. Due to the construction and impoundment of the Chushandian Reservoir during
this period, the water area increased by 17.23 km2.

In order to specifically analyze the impact of different land use types on the ecological
quality of the study area, we calculated the average RSEI for each land use type (Figure 11a).
Furthermore, we overlaid the RSEI of the regions where the three land use types were
converted to each other to explore the driving influence of land use type conversion on the
ecological quality of the environment (Figure 11b).

As depicted in Figure 11a, the RSEI of water bodies remained relatively stable, while
the RSEI for the other five land use types exhibited a declining trend followed by a rising
trend. The RSEI of the forest, with a multi-year average of 0.76, significantly enhanced the
ecological quality in the study area. Cropland and grassland also exhibited relatively high
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RSEI values, with multi-year averages of 0.71 and 0.61, respectively. In contrast, built-up,
bare land, and water exhibited lower RSEI values, with multi-year averages of 0.61, 0.42,
and 0.40, respectively.
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As depicted in Figure 11b, the regions undergoing the conversion from cropland
and forest to built-up exhibited significant fluctuations in ecological quality, characterized
by substantial and negative growth in RSEI. This indicates that the expansion of built-
up land has a significant adverse impact on the ecological quality of the study area. The
ecological degradation in areas undergoing the conversion from forest to cropland exhibited
a slowing trend, with the average RSEI changing from −0.21 to −0.09. The ecological
quality fluctuations resulting from the restoration of cropland to forest exhibited slight
changes. During the period from 2008 to 2013, the average RSEI change related to this
restoration reached its maximum at 0.18, significantly enhancing the ecological quality in
the study area.
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4. Discussion
4.1. Rationality Analysis of Ecological Assessment Results

This paper employs the method of principal component analysis, utilizing four
indicators—NDVI, WET, NDBSI, and LST—to construct RSEI. A comprehensive long-
term monitoring spanning 32 years was conducted (Table 3). The outcomes reveal that the
contribution rates of PC1 consistently surpass 90%, signifying that PC1 encapsulates the
majority of characteristic information from the original indicators [48]. This substantiates
the effectiveness of principal component analysis and affirms the feasibility of representing
RSEI through PC1. The loading values of NDVI and WET are positive, exhibiting a positive
correlation with RSEI, indicating their beneficial impact on the ecological quality of the
study area. The absolute value of NDVI loading is maximal, signifying that NDVI con-
tributes significantly to PC1, playing a predominant role in the variation of RSEI. In contrast,
the loading values of LST and NDBSI are negative, displaying a negative correlation with
RSEI, suggesting their adverse impact on the ecological quality of the study area [32].

4.2. Impact of Human Activities on Ecological Environment

We initiated our exploration through the lens of land use transformation, delving into
the impact of human activities on the quality of the ecological environment. According
to our research, from 1990 to 2021, the urbanization process in the Chushandian Reser-
voir basin rapidly progressed, leading to an increase in the built-up area by 46.73 km2.
Combining the spatial distribution of the coefficient of variation (Figure 7), we observe a
pronounced disturbance in the time series of ecological quality in areas strongly coincid-
ing with urbanization expansion. This indicates that human activities have significantly
impacted the ecological quality in this region. Noteworthy is the fact that, despite the
environmental degradation resulting from urban expansion, the mean RSEI of developed
land stands at around 0.61, indicating a level above moderate [52]. Especially striking is
the ongoing enhancement in the city’s ecological quality since 2008, underscoring a shift
in developmental paradigms where urban planning increasingly emphasizes ecological
environment construction [53].

The implementation of policies is closely associated with changes in the ecological
environment. The research findings reveal that forested is the land use type with the highest
mean RSEI (Figure 11a). In 2002, the Chinese government comprehensively implemented
the policy of restoring cropland to forest; prior to this, there was a drastic reduction in the
area of forested land in the study area, leading to the rapid deterioration of the ecological
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environment. Around 2013, the local initiatives for the restoration of cropland to forest
began to yield significant results [54]. The area of forested land increased, stemming the
trend of ecological degradation, and the ecological quality started to steadily improve.
In 2010, the Chinese government revised the “Law of The People’s Republic of China
on Water and Soil Conservation”, and Henan Province initiated extensive soil and water
conservation engineering projects [55], further enhancing the local vegetation coverage.
In 2016, the Chinese government introduced the “Thirteenth Five-Year Plan,” aiming
to vigorously advance the construction of ecological civilization and enhance ecological
functions. The implementation of these policies has had a positive impact on improving
the ecological environment.

Table 3. Loading values of indices and the contribution of PC1.

Year WET NDVI LST NDBSI Contribution

1990 0.51 0.68 −0.28 −0.44 96.53%
1991 0.51 0.63 −0.40 −0.44 97.13%
1992 0.58 0.52 −0.56 −0.27 98.48%
1993 0.52 0.63 −0.38 −0.44 96.34%
1994 0.51 0.66 −0.38 −0.39 96.91%
1995 0.52 0.61 −0.43 −0.41 95.20%
1996 0.53 0.63 −0.31 −0.48 97.18%
1997 0.51 0.60 −0.43 −0.45 94.96%
1998 0.59 0.56 −0.36 −0.45 96.34%
1999 0.49 0.60 −0.39 −0.49 97.07%
2000 0.54 0.65 −0.31 −0.42 96.80%
2001 0.58 0.65 −0.05 −0.49 96.12%
2002 0.52 0.51 −0.43 −0.53 98.49%
2003 0.56 0.63 −0.41 −0.36 97.83%
2004 0.60 0.68 −0.36 −0.19 98.39%
2005 0.59 0.57 −0.29 −0.50 97.73%
2006 0.58 0.64 −0.26 −0.43 96.08%
2007 0.68 0.43 −0.50 −0.33 96.65%
2008 0.63 0.66 −0.34 −0.23 98.55%
2009 0.50 0.59 −0.32 −0.54 99.19%
2010 0.52 0.51 −0.43 −0.54 99.25%
2011 0.64 0.56 −0.37 −0.38 96.90%
2012 0.62 0.57 −0.37 −0.40 97.94%
2013 0.54 0.70 −0.30 −0.37 97.73%
2014 0.58 0.64 −0.35 −0.36 98.01%
2015 0.53 0.61 −0.44 −0.40 97.89%
2016 0.53 0.68 −0.40 −0.31 98.06%
2017 0.53 0.63 −0.46 −0.34 97.98%
2018 0.55 0.66 −0.35 −0.37 97.92%
2019 0.57 0.66 −0.34 −0.34 97.14%
2020 0.50 0.66 −0.40 −0.38 98.14%
2021 0.54 0.67 −0.34 −0.38 97.31%

4.3. Limitations and Future Work

Primarily, constrained by spatial resolution and quality, there exists a certain disparity
between the information contained in remote sensing imagery and the actual information,
preventing a detailed characterization of environmental information [50]. This discrepancy
leads to errors in computing indicators and constructing RSEI. However, the research
results still indicate the effectiveness of this method for ecological quality assessment [33].
In subsequent studies, we plan to employ high-resolution remote sensing imagery for a
more refined analysis and assessment of the ecological quality in the study area. Moreover,
the construction of RSEI is highly flexible, allowing for improvements based on the specific
conditions of the study area. Therefore, in future research, we will no longer be confined
to the four indicators of NDVI, WET, NDBSI, and LST. Instead, we will consider the



Sustainability 2024, 16, 1385 17 of 19

incorporation of new indicators, such as soil erosion intensity [56], air quality [30], etc., to
construct an RSEI more tailored to the characteristics of the study area, and thereby obtain
more accurate results. Lastly, in terms of factor exploration, this paper focuses on analyzing
the impact of human activities on the ecological environment of the study area. In reality,
the ecological environment is influenced by both human activities and natural factors.
Future research will incorporate natural factors such as topography, climate, rainfall, etc.,
to comprehensively explore the influencing factors on ecological quality.

5. Conclusions

This paper utilized remote sensing data provided by GEE to monitor and assess the
ecological environment of the Chushandian Reservoir basin through the construction of
RSEI. Additionally, in conjunction with land use data, we analyzed the impact of land use
type conversion on the ecological quality. The research outcomes possess certain reference
value and application potential. The main conclusions are as follows:

(1) The ecological quality levels of the Chushandian Reservoir basin were predominantly
excellent in 1990 and 2021. In 2004 and 2008, lower RSEI values indicated extensive
areas with a moderate level, while areas classified as good were widely distributed
in each respective year. The spatial distribution of ecological quality in the study
area exhibits strong clustering, with high-high and low-low clustering being the
predominant clustering features.

(2) The proportion of areas experiencing ecological degradation was as high as 87.82%
from 1990 to 2004. Between 2004 and 2008, 32.49% of the regions demonstrated
degradation. However, after 2008, the ecological quality started to rebound. The
proportion of areas showing ecological improvement was 57.91% from 2008 to 2013,
and from 2013 to 2021, 46.74% of the regions witnessed improvement.

(3) According to the calculation results of the Hurst index, the majority of the study area
exhibits a trend of sustainable stability or improvement into the future. Given the
significant disturbance caused by the construction of the reservoir to the surrounding
ecological environment, corresponding ecological restoration measures should be
taken in the future.

(4) Land use change has significantly influenced the ecological quality of the study
area, with urban expansion leading to the deterioration of the regional ecological
environment. Forest stands out as the land use type with the highest RSEI, and the
implementation of policies such as the restoration of cropland to forest has contributed
to the improvement of the ecological environment.
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