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Highlights

What are the main findings?

• Between 2000 and 2024, the ecological environment quality of the Loess Plateau in
northern Shaanxi showed a fluctuating upward trend; the mean RSEI rose from 0.376
in 2000 to 0.545 in 2024, with its quality grade improving from “poor” to “moderate.”

• Geomorphological type was introduced as a driving factor to explore the spatial
distribution of RSEI; its multi-year average q-value reached 0.701, indicating that it
significantly shapes the spatial distribution of RSEI.

What are the implications of the main findings?

• The results offer a scientific foundation and decision-making support for regional
ecological conservation.

• Assessment of the spatiotemporal dynamics of ecological environment quality on
the Northern Shaanxi Loess Plateau is key to reinforcing the Yellow River Basin’s
ecological security barrier.

Abstract

Accurately assessing the spatiotemporal evolution of ecological environment quality (EEQ)
on the Loess Plateau of Northern Shaanxi is of great significance for consolidating the
ecological security barrier of the Yellow River Basin. Most of the existing research focuses on
a single ecological theme, which does not reflect the overall ecological status of the region. In
this study, a remote sensing ecological index (RSEI) model was constructed to systematically
assess the EEQ from 2000 to 2024. The Theil–Sen estimator, Mann–Kendall test, and Hurst
exponent were jointly employed to detect change significance and predict future trends,
while the Geodetector model was applied to explore driving factors. The results were as
follows: (1) EEQ exhibited a fluctuating but overall upward trend, with the mean RSEI
rising from 0.376 in 2000 to 0.545 in 2024—an average annual increase of approximately
0.00569. (2) Spatially, a distinct pattern of “higher in the south, lower in the north and the
lowest in the northwest” was observed. Over the 25-year period, the combined proportion
of “excellent” and “good” grades increased by roughly 20 percentage points, and the
“moderate” grade expanded from 13.61% to 47.12%. (3) Areas showing an improving
trend accounted for 91.21% of the total area and highly overlapped with those projected
to improve in the future. (4) Single-factor detection revealed that geomorphological type
exerted the greatest influence on the spatial heterogeneity of EEQ, with a multi-year mean
q-value of 0.701. Interaction detection further indicates that the geomorphology–land use
interaction may continue to shape the regional EEQ’s spatial distribution. These findings
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provide a scientific basis for precise ecological restoration planning and spatial optimization
on the Loess Plateau of Northern Shaanxi.

Keywords: ecological environment quality (EEQ); remote sensing ecological index (RSEI);
spatiotemporal evolution; Geodetector; the Loess Plateau of Northern Shaanxi

1. Introduction
The EEQ refers to the virtues or defect degree of an ecological environment, which

is directly linked to the sustainability of regional economic development and to human
welfare [1–3]. Under the dual pressures of intensifying global climate change and frequent
human activities, global terrestrial ecosystems are undergoing profound and complex
transformations [4]. The Loess Plateau of Northern Shaanxi is located in the core area of
the Loess Plateau in China, which belongs to the typical agro-pastoral ecotone and arid and
semi-arid transition region. Characterized by extreme ecological sensitivity, the region has
historically suffered from severe environmental degradation, particularly soil erosion, de-
sertification, and vegetation loss [5,6]. As a crucial ecological security barrier and an energy
and chemical industry base in China, this region has implemented a series of large-scale
ecological restoration projects since 1999, such as the Grain for Green program and gully
land consolidation, as a result, these efforts have substantially increased regional vegetation
cover, contributing significantly to global greening trends [7–9]. However, some studies
have pointed out that the large-scale vegetation restoration in this area has approached the
limit of regional water resources carrying capacity, and the potential ecological degradation
risk cannot be ignored [10,11]. Concurrently, with the rapid advancement of intensive
coal resource exploitation and new-type urbanization, human–land conflicts within the
region remain prominent [12]. Consequently, continuous and systematic monitoring of EEQ
dynamics in this region, alongside a rigorous investigation of the underlying driving mech-
anisms, is essential for advancing ecological conservation and sustainable development
strategies in the Yellow River Basin.

Accurate assessment of EEQ is a prerequisite for regional ecological protection and
restoration. Traditional ecological environment evaluations have largely relied on single
remote sensing indicators, such as the Normalized Difference Vegetation Index (NDVI),
Land Surface Temperature (LST), and Net Primary Productivity (NPP) [13,14]. However,
ecosystems are complex systems composed of multiple interacting elements, and a single
indicator is often insufficient to comprehensively and objectively characterize the overall
state and spatiotemporal heterogeneity of the ecological environment. Consequently, multi-
indicator comprehensive evaluation systems have become the standard approach. The
RSEI is an indicator that comprehensively reflects the overall condition of regional EEQ
by integrating greenness, wetness, heat, and dryness, by employing Principal Component
Analysis (PCA) to determine indicator weights objectively, the RSEI avoids the biases
inherent in subjective weighting methods [15,16]. This model not only captures regional
ecological characteristics comprehensively but also provides robust spatial visualization.
It has been widely validated as a reliable tool for assessing complex surface ecologies
across various scales, including urban areas, watersheds, mining sites, and nature reserves
globally [17–20]. In the context of large-scale and long-term dynamic monitoring of the
ecological environment and driving force analysis, the Google Earth Engine (GEE) cloud
computing platform has resolved the computational bottlenecks associated with tradi-
tional local processing, significantly enhancing the efficiency and spatiotemporal continuity
of remote sensing assessments [21,22]. Furthermore, integrating the Theil-Sen median,
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Mann–Kendall test, and Hurst exponent allows researchers to mitigate the interference
of outliers and accurately characterize the spatiotemporal change trends of EEQ and the
sustainability of its future evolution [2,23,24]. Regarding the exploration of driving mecha-
nisms, the evolution of regional ecological environments is typically the combined result
of natural climate fluctuations and human activity disturbances [25,26]. The Geodetector
model as a statistical method for detecting spatial heterogeneity and revealing the driving
forces behind it, has become a mainstream and authoritative tool for identifying the com-
pound driving mechanisms of the ecological environment, owing to its ability to effectively
quantify the explanatory power of individual factors and precisely reveal the interactive
synergistic effects among multiple factors [27–29].

Recent studies have explored long-term environmental changes on the Loess Plateau
of Northern Shaanxi. For instance, Xue Zhou and Yang Zhou [30] investigated land use
changes in the region from 1980 to 2020, finding that the Grain for Green program and
precipitation had significant impacts on land use. Zhuo et al. [31], utilizing the Sensitivity–
Resilience–Pressure model, indicated that ecological restoration projects were the main
driving force behind the substantial improvement of the ecological vulnerability on the
Loess Plateau of Northern Shaanxi. Bai et al. [32] employed MODIS remote sensing
vegetation indices and the Vegetation Interface Process (VIP) model to study the water–
carbon balance, revealing that human activities are the dominant driving factor in the
evolution of the water–carbon balance in the region. Zhang et al. [33] used methods such
as the random forest model to investigate the dynamic response of vegetation under the
dual effects of climate change and human activities, showing that climate change is closely
related to vegetation changes in Northern Shaanxi. Although recent studies have explored
long-term environmental changes on the Loess Plateau of Northern Shaanxi, they have
predominantly focused on single aspects such as land use change, ecological vulnerability,
water–carbon balance, or vegetation dynamics. A long-term assessment of the overall
ecological environment status of this region has not yet been conducted.

Taking the Loess Plateau of Northern Shaanxi as the study area, this study constructed
a RSEI based on the Google Earth Engine (GEE) cloud computing platform and multi-
source remote sensing data spanning 2000 to 2024 to assess the regional EEQ. The Theil–Sen
median trend analysis, the Mann–Kendall test, and the Hurst exponent are integrated
to comprehensively and dynamically monitor the spatiotemporal evolution patterns and
future persistence of EEQ in the region over this period. On this basis, the Geodetector is
further applied to quantitatively dissect the key driving factors behind the spatial differ-
entiation of EEQ and their complex interactive synergistic mechanisms from the multiple
dimensions of natural climate, topography, and human activities. This study will provide
theoretical support and scientific guidance for the implementation of ecological restoration
projects on the Loess Plateau of Northern Shaanxi.

2. Materials and Methods
2.1. Study Area

The Loess Plateau of Northern Shaanxi (34◦49′–39◦35′N, 107◦10′–111◦14′E) is located
in the northern part of Shaanxi Province, China, encompassing the municipalities of Yulin
and Yan’an, with a total area of approximately 8.0 × 104 km2 (Figure 1a) [34]. The study
area lies within a transitional zone from a warm–temperate continental monsoon climate to
a temperate semi–arid climate, with a mean annual temperature ranging from about 7 to
11 ◦C and mean annual precipitation of approximately 450 mm [35]. Precipitation exhibits
strong seasonal unevenness, concentrating primarily in summer, and spatially decreases
from southeast to northwest. Topographically, the elevation ranges from approximately 400
to 1900 m, gradually descending from northwest to southeast. The predominant geomor-
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phological types include aeolian sand hills, sand-covered loess hills, loess tablelands, loess
ridge hills, loess hillocks, loess wide-valley hills, and earth-rock hilly forests (Figure 1b).
The region is characterized by a highly fragmented land surface crisscrossed by numerous
gullies, where the soil is loose and exhibits poor erosion resistance. Vegetation exhibits
distinct spatial zonation: deciduous broadleaf forests occur in the southeast, a forest-steppe
transition zone occupies the central part, and typical steppe and desert steppe dominate the
northwest [36] (Figure 1c). Due to its extreme ecological fragility and severe historical soil
erosion, the region serves as a core implementation area for national ecological restoration
initiatives, including the Grain for Green Program and the Three-North Shelterbelt Forest
Program [37,38].

Figure 1. The location of the study area. (a) Shows the DEM map of the study area, (b) shows the
geographical zoning map of the study area, (c) shows the land use types of the study area in 2024
(Modified from [39]).

2.2. Data Sources

This study selected MOD09A1, MOD11A2, and MOD13A1 remote sensing imagery
from the GEE. To capture peak vegetation growth, images acquired between July and
September from 2000 to 2024 were selected and standardized to a 500 m spatial resolution.
Cloud masking was performed using the C Function of Mask (CFMASK) algorithm on the
GEE platform, and water bodies within the study area were masked with the Modified
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Normalized Difference Water Index (MNDWI) to improve the accuracy of the wetness
indicator [40].

The land cover data (30 m) adopted in this study were sourced from the China Land
Cover Dataset (CLCD) provided by Wuhan University. Nighttime light data (1000 m) were
obtained from the National Tibetan Plateau Data Center (https://data.tpdc.ac.cn, accessed
on 3 March 2026). Annual mean temperature and annual precipitation data (1000 m)
were acquired from the National Earth System Science Data Center (http://www.geodata.
cn, accessed on 1 March 2026). Root-Zone Soil Moisture data (0.1◦) were derived from
the GLEAM dataset (https://www.gleam.eu, accessed on 31 March 2026). Topographic
variables including elevation and slope were extracted from a 30 m DEM provided by the
Geospatial Data Cloud (https://www.gscloud.cn, accessed on 4 March 2026). Geographical
zoning data were supplied by the Loess Plateau SubCenter of the National Earth System
Science Data Center (http://loess.geodata.cn, accessed on 30 March 2026). The coordinate
system was unified to WGS_1984 using ArcGIS (10.8.1).

Figure 2 presents the three-phase methodological framework. Phase one constructs the
RSEI via PCA on the Google Earth Engine, synthesizing four indices: Greenness (NDVI),
Wetness, Heat (LST), and Dryness (NDBSI). Phase two evaluates historical spatiotemporal
variations and future trends using the Mann–Kendall test, Theil-Sen median, and Hurst
exponent. Phase three applies the Geodetector to perform single-factor and interaction
detection across nine driving factors, including climate, soil, and land use, to reveal the
underlying drivers of RSEI changes.

 

Figure 2. Technique flowchart.

https://doi.org/10.3390/rs18132219

https://data.tpdc.ac.cn
http://www.geodata.cn
http://www.geodata.cn
https://www.gleam.eu
https://www.gscloud.cn
http://loess.geodata.cn
https://doi.org/10.3390/rs18132219


Remote Sens. 2026, 18, 2219 6 of 22

2.3. Research Methods
2.3.1. RSEI Model

The RSEI integrates four ecological indicators: greenness, wetness, heat, and dryness.
PCA was employed to reduce the dimensionality of these indicators, synthesizing their core
features into the PC1. Specifically, greenness, represented by the NDVI, reflects vegetation
cover and growth vigor. Wetness characterizes the moisture of soil and vegetation, serving
as a reliable proxy for regional ecological conditions. Dryness, synthesized from the
Index-based Built-up Index (IBI) and the Soil Index (SI), indicates the desiccation level
of impervious surfaces and bare soil. Heat is represented by the LST, retrieved via the
atmospheric correction method [41,42].

The four ecological indicators were first normalized and then subjected to PCA. The
initial RSEI0 was determined according to the signs of the loading values of the greenness
and wetness components. Subsequently, RSEI0 was normalized to yield the RSEI [43]. The
detailed calculation formulas are as follows:

RSEI0 =

PC1( f (NDVI, WET, NDBSI, LST)), VNDVI, VWET > 0

1 − PC1( f (NDVI, WET, NDBSI, LST)), VNDVI, VWET < 0
(1)

RSEI =
RSEI0 − RSEI0,min

RSEI0,max − RSEI0,min
(2)

where RSEI0 represents the initial remote sensing ecological index, f refers to the nor-
malization process applied to each of the four indicators. VNDVI and VWET represent the
eigenvectors of the PC1 corresponding to NDVI and WET.

Refer to previous study [44], the RSEI values are classified into five EEQ grades: poor
[0, 0.2], fair (0.2, 0.4], moderate (0.4, 0.6], good (0.6, 0.8], and excellent (0.8, 1.0].

2.3.2. Theil–Sen Median Estimator and Mann Kendall Test

The Theil–Sen Median trend analysis is a non-parametric statistical method for esti-
mating the trend slope, which is suitable for trend detection in time series data [45]. The
formula for Sen’s slope is as follows:

QRSEI = Median
(

RSEIj − RSEIi

j − i

)
(3)

where QRSEI represents the trend of data change over the time series; Median is the median
function; RSEIi and RSEIj are the RSEI values at times i and j (j > i). A positive QRSEI

indicates an increasing trend, whereas a negative value signifies a decreasing trend.
The Mann–Kendall test is used to indicate the statistical significance of the trend [46].

The test statistic S is calculated as follows:

S =
n−1

∑
i=1

n

∑
j=i+1

sgn(RSEIj − RSEIi) (4)

sgn(RSEIj − RSEIi) =


1, RSEIj > RSEIi,

0, RSEIj = RSEIi,

−1, RSEIj < RSEIi.

(5)

Var(S) =
1

18

[
n(n − 1)(2n + 5)−

p

∑
k=1

qk(qk − 1)(2qk + 5)

]
(6)
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Z =


S−1√
Var(S)

, S > 0,

0, S = 0,
S+1√
Var(S)

, S < 0.

(7)

where Var(S) denotes the variance, n is the number of data points, and Z represents the
standardized test statistic, p is the number of tied groups, and qk is the number of data
points in the k-th tied group.

To eliminate the confounding effects of temporal autocorrelation (serial correlation) in
long-term annual time series, which can inflate the variance of the standard Mann–Kendall
test statistic and lead to spurious significance, this study implemented the Modified
Mann–Kendall test based on a variance correction approach [47].

First, the lag-1 autocorrelation coefficient (r1) of the detrended RSEI series was calcu-
lated at the 95% confidence level. For pixels exhibiting no significant serial correlation, the
standard Mann–Kendall test was retained. For pixels where serial correlation was statis-
tically significant (

∣∣r1
∣∣> 1.96/

√
n , where n is the sequence length), a variance correction

factor (n/n∗) was computed to adjust the variance of the test statistic S. The corrected
variance, Var∗(S), is expressed as:

Var∗(S) = Var(S)
n
n∗ (8)

The correction factor is formulated as:

n
n∗ = 1 +

2
n(n − 1)(n − 2)

n−1

∑
i=1

(n − i)(n − i − 1)(n − i − 2)ρs(i) (9)

where ρs(i) represents the autocorrelation function of the ranks of the observations. The
standardized test statistic Z∗ was then calculated by substituting Var(S) with Var∗(S) in
Equation (7). This modification robustly suppresses the influence of temporal dependency,
ensuring that the detected ecological trends are statistically rigorous.

In this study, the Theil–Sen median trend analysis was employed in conjunction with
the Mann–Kendall test for trend significance testing.

2.3.3. Hurst Exponent

In this study, the Hurst exponent was employed to characterize the trend persistence,
using the R/S analysis method [48]. The Hurst exponent ranges from 0 to 1. When the H
value is around 0.5, the data exhibit a lack of persistence. When H lies between 0 and 0.5,
the data display pronounced anti-persistence. When H falls within the range of 0.5 to 1, the
time series is characterized by persistent behavior [49].

2.3.4. Geodetector Model

The Geodetector model is a spatial statistical analysis model that is suitable for detect-
ing spatial heterogeneity and the degree of interaction between influencing factors [50].
The factor detector is employed to quantify the influence of each driving factor on EEQ.
The q-value, as a quantitative metric, increases with the explanatory power of the factor on
RSEI. The formula for calculating the q-value is as follows:

q = 1 −

L
∑

h=1
Nhδ2

h

Nδ2 (10)

where q represents the degree of influence of the driving factor on RSEI; h = 1, 2, . . . L,
where L is the number of strata of the RSEI and the independent variable; Nh and N denote
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the number of sample units in stratum h and the entire region, respectively; and δh
2 and δ2

represent the variance of RSEI in stratum h and the entire region, respectively.
The interaction detector is employed to identify the interactions between different

driving factors, as well as the direction and strength of their influence on the spatial
differentiation of the dependent variable. Specifically, it determines whether the interaction
between factors enhances or weakens the explanatory power regarding the spatial pattern
of the dependent variable. Based on different ranges of q-values, the interactions can be
classified into five types, as presented in Table 1.

Table 1. Factor interaction detection results.

Interaction The Mode of Judgment

Nonlinear Weakening q(X1 ∩ X2) < min[q(X1), q(X2)]
Single-Factor Nonlinear Weakening min[q(X1), q(X2)] < q(X1 ∩ X2) < max[q(X1), q(X2)]

Bivariate Enhancement q(X1 ∩ X2) > max[q(X1), q(X2)]
Independence q(X1 ∩ X2) = q(X1) + q(X2)

Nonlinear Enhancement q(X1 ∩ X2) > q(X1) + q(X2)

3. Results
3.1. Principal Component Analysis Results

The contribution rate of the PC1 and the loading values of each component for the RSEI
were derived through PCA (Figure 3). The variance explained by PC1 ranged from 85.64%
in 2024 to 93.87% in 2021, averaging 89.96% over the study period. This high contribution
rate confirms that PC1 successfully captures the core characteristics of the four ecological
dimensions. The fluctuations of PC1 during this period occur because the covariance
structure among the four indicators-greenness, wetness, heat, and dryness-varies across
years in response to actual ecological changes and other conditions, preventing the first
principal component from remaining constant. Nevertheless, the coefficient of variation
(CVPC1 = 2.10%) demonstrates that PC1 is relatively stable.

Figure 3. Diagram of RSEI principal component analysis.

As shown in Figure 3, the loading values for both the greenness and wetness indicators
over the years were positive, suggesting that these two indicators are positively correlated
with RSEI. Conversely, the loading value for greenness was consistently higher than that
for wetness, implying that an increase in greenness is more likely to promote improvement
in EEQ. In contrast, the loading values for the dryness and heat indicators over the years
were both negative, indicating that these two indicators are negatively correlated with RSEI.
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Among the four indicators, the absolute loading value of the dryness indicator was the
highest, demonstrating that variations in the degree of dryness exerted the most significant
influence on regional EEQ. To verify the stability of the loading values over the years, the
cosine similarity between the yearly loadings and the multi-year average loadings was
calculated, yielding a multi-year mean cosine similarity of 0.9979. This result indicates that
the loading directions of the first principal component remain highly consistent across years,
and its ecological interpretation remains temporally stable, thereby effectively ensuring the
temporal comparability of the RSEI.

3.2. Spatiotemporal Distribution and Change Characteristics of EEQ

Figure 4 presents the annual mean RSEI values and their linear regression fit for the
Loess Plateau of Northern Shaanxi from 2000 to 2024. Regional EEQ exhibited a fluctuating
yet rising trend since 2000, with a linear fit yielding an average annual increase in the mean
RSEI of approximately 0.00569. During the study period, the mean value of RSEI did not
show a long-term growth or downward trend, but the peak value of the successive growth
stage rose stage by stage, which promoted the overall evolution of the regional EEQ to
show a fluctuating upward trend. The mean value of RSEI on the Loess Plateau of Northern
Shaanxi was only 0.376 in 2000. With the implementation of ecological restoration projects
such as the Grain for Green Program in the region, the mean value of RSEI fluctuated and
increased, reaching 0.545 in 2024. Compared with 2000, it increased by about 45%, and the
regional ecological environment was effectively improved.

Figure 4. Diagram of annual mean RSEI and linear fit.

This study analyzed the spatial distribution and temporal changes in the RSEI on
the Loess Plateau of Northern Shaanxi from 2000 to 2024 at four-year intervals (Figure 5).
Spatially, the EEQ of the Loess Plateau in Northern Shaanxi is characterized by “higher in
the south and lower in the north and the lowest in the northwest” in the spatial distribution.
“Excellent” and “good” areas were predominantly concentrated in the south of Yan’an
City. In the earth-rock hilly zones, steep slopes restrict intense human activities, thereby
preserving high vegetation coverage and robust natural baselines. The loess tablelands,
characterized by flat terrain and abundant sunlight, are extensively utilized for cash crop
cultivation; consequently, the EEQ here is slightly lower, predominantly classifying as
“good.” Located in the middle of the study area, the loess ridge and hillocks are character-
ized by high gully density, severe surface fragmentation, and historical soil erosion. After
years of ecological management, the ecological quality has gradually improved from “poor”
to “moderate”. The northwestern region comprises aeolian sand hills and sand-covered
loess hills, encompassing the Mu Us Sandy Land. This area inherently suffers from weak
soil water retention, high surface instability, and intense wind erosion, resulting in a highly
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fragile ecological baseline. Nevertheless, ecological restoration has progressively elevated
the EEQ in this region from “poor” to “fair”.

Figure 5. Diagram of spatiotemporal distribution of EEQ on the Loess Plateau of Northern Shaanxi
from 2000 to 2024.

Figure 6 illustrates the proportions of each RSEI grade on the Loess Plateau of Northern
Shaanxi from 2000 to 2024, revealing a pronounced structural evolution. In terms of the
composition of EEQ grades, the proportion of the “excellent” grade gradually increased
from 6.23% in 2000 to 12.73% in 2020, and then declined to 8.5% in 2024. This is likely
attributable to the fact that the ecological quality grades in certain areas were already
at a critical threshold. In 2024, influenced by fluctuations in climatic factors such as
temperature and precipitation, even slight variations in the ecological indicators triggered
a downgrade that crossed adjacent quality thresholds. The “good” grade rose from 9.66%
to approximately 25%. The “moderate” grade expanded substantially over the 25-year
period, increasing from 13.61% to 47.12%, serving as the primary driving force behind the
sustained improvement of EEQ in the study area. Meanwhile, the “fair” and “poor” grades
stabilized at 18.11% and 1.07% respectively. These transitions highlight a fundamental
structural upgrade, characterized by the large-scale conversion of lower-grade ecological
spaces into higher-grade categories.

 

Figure 6. Diagram of RSEI ecological grade transfer matrix and grade proportion on the Loess Plateau
of Northern Shaanxi.
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3.3. Characteristics of Significant Changes in RSEI

The Theil–Sen median estimator, coupled with the Mann–Kendall test, was applied to
detect significant changes in EEQ across the study area. Figure 7 illustrates the significant
change trends of RSEI between successive year pairs: 2000–2004, 2004–2008, 2008–2012,
2012–2016, 2016–2020, and 2020–2024, as well as over the entire study period from 2000
to 2024. Based on previous studies, the significant change trends were classified into nine
categories: extremely significant improvement, significant improvement, moderately signif-
icant improvement, non-significant improvement, essentially unchanged, non-significant
degradation, moderately significant degradation, significant degradation, and extremely
significant degradation [51]. The proportions of each change type over the period 2000–2024
are presented in Table 2.

Figure 7. Diagram of RSEI change characteristics on the Loess Plateau of Northern Shaanxi.

Table 2. RSEI change significance status statistics from 2000 to 2024.

QRSEI |Z| Changes Proportion/%

>0.0005

|Z| ≥ 2.58 Extremely Significant Improvement 61.94
1.96 < |Z| < 2.58 Significant Improvement 12.05
1.65 < |Z| < 1.96 Moderately Significant Improvement 4.95

|Z| < 1.65 Non-significant Improvement 12.27

–0.0005–0.0005 Essentially Unchanged 4.88

<–0.0005

|Z| < 1.65 Non-significant Degradation 3.07
1.65 < |Z| < 1.96 Moderately Significant Degradation 0.27
1.96 < |Z| < 2.58 Significant Degradation 0.29

|Z| ≥ 2.58 Extremely Significant Degradation 0.28

During the initial 2000–2004 period, the regional ecological environment showed
widespread improvement (Figure 7a), with the area exhibiting “improvement” accounting
for 92.19% of the total. From 2004 to 2012, certain areas experienced a decline in EEQ.
Specifically, the degraded areas were mainly concentrated in the central region during
2004–2008 (Figure 7b), representing 18.45% of the total area. In contrast, the degraded
areas were primarily located in the southwestern part and portions of the northern region
during 2008–2012, dominated by a “non-significant degradation” trend (Figure 7c), and

https://doi.org/10.3390/rs18132219

https://doi.org/10.3390/rs18132219


Remote Sens. 2026, 18, 2219 12 of 22

accounted for 12.22% of the total area. During 2012–2016, the EEQ substantially declined
in the southern part of the study area (Figure 7d). The proportion of “improvement”
was only 32.39%, while that of “degradation” reached as high as 65.5%, with “essentially
unchanged” accounting for merely 2.11%. This change may be attributed to the uneven
rainfall distribution in 2016: Yulin experienced frequent rainfall, whereas Yan’an suffered
from high temperatures and low rainfall, leading to concurrent droughts and floods across
Northern Shaanxi. The persistent high temperatures and low rainfall adversely affected
vegetation growth and development, causing a decline in the greenness component, and
also directly reduced the wetness component, thereby resulting in a decrease in RSEI
in the southern part of Northern Shaanxi. During 2016–2020, the ecological environ-
ment exhibited an east–west differentiation, with the eastern part showing “degradation”
and the western part showing “improvement” (Figure 7e). During 2020–2024, nearly
40% of the region experienced a “degradation” in EEQ, mainly clustered in the southern
area (Figure 7f).

Despite these short-term regional fluctuations, the overall EEQ of the Loess Plateau
over the entire 25-year period (2000–2024) demonstrated a massive and sustained improve-
ment. Areas exhibiting overall improvement accounted for 91.21% of the total region,
with 61.94% classified as “extremely significant improvement” (Figure 7g). The drivers
of this change encompass both the implementation of ecological restoration projects and
the contribution of natural regeneration. In reality, most secondary succession classified as
natural regeneration is also contingent upon the initial conditions created by management
interventions, such as cropland conversion and grazing prohibition. Therefore, in the
Loess Plateau of northern Shaanxi, the improvement in EEQ can likely be attributed to the
implementation of ecological restoration projects; however, the synergistic effect between
the two should not be overlooked.

3.4. Trends in Future Changes in RSEI

To project future EEQ dynamics, the Hurst exponent was integrated with Sen’s trend
analysis. The change trends were classified into six categories: continuous improvement,
random change, improvement to degradation, stable, degradation to improvement, and
continuous degradation [52] (Figure 8), with the corresponding area proportions provided
in Table 3. As illustrated in Figure 8, areas exhibiting a strong persistence of the historical
improvement trend (H ≥ 0.55) were the most widespread, suggesting a high likelihood
of continued improvement under current conditions, accounting for as much as 87.5% of
the total region, indicating that the overall ecological restoration and management efforts
have achieved remarkable success. Areas likely to shift from degradation to improvement
were predominantly scattered across the southern and northwestern parts of the region,
suggesting that site-specific ecological management measures have begun to yield initial
positive effects. The proportions of areas likely to shift from improvement to degradation
and to exhibit continuous degradation were only 0.71% and 2.98%, respectively, reflecting
that certain pressures on regional ecological governance still persist. Notably, the region
exhibits certain anti-persistent characteristics, meaning that previously improved areas
could face the risk of reversal due to the combined pressures of land-use changes and
climatic fluctuations. Furthermore, 3.70% of the area displays random variation, indicating
high future uncertainty. Consequently, strengthening dynamic monitoring and adaptive
management of ecologically restored areas is imperative, particularly in zones undergoing
a transition from improvement to degradation, so as to curb potential ecological decline
and facilitate the healthy and sustainable development of the region.
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Figure 8. Diagram of future trends of RSEI on the Loess Plateau of Northern Shaanxi.

Table 3. Statistics on the future trend of RSEI.

QRSEI H Changes Proportion/%

>0.0005 H ≥ 0.55 Continuous Improvement 87.50
<–0.0005 or >0.0005 0.45 < H < 0.55 Random Change 3.70

>0.0005 0 < H < 0.45 Improvement to Degradation 0.71
–0.0005–0.0005 Stable 4.88

<–0.0005 0 < H < 0.45 Degradation to Improvement 0.22
<–0.0005 H ≥ 0.55 Continuous Degradation 2.98

3.5. Analysis of Driving Factors of RSEI Spatial Heterogeneity

To investigate the driving factors underlying the spatial heterogeneity of EEQ on
the Loess Plateau of Northern Shaanxi, this study selected nine potential determinants
spanning both human and natural dimensions—land use type, nighttime light index,
annual mean temperature, annual precipitation, root-zone soil moisture, soil type, elevation,
slope, and geomorphological type. The Geodetector model was applied based on the
Natural Breaks classification method. Among the human factors, land use type reflects the
pattern of land resource exploitation and utilization, and the nighttime light index serves as
a proxy for the intensity of human activities and the level of socioeconomic development.
With respect to the natural factors, annual mean temperature regulates surface thermal
conditions and thereby influences vegetation growth; annual precipitation and root-zone
soil moisture jointly determine regional water availability, directly constraining vegetation
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community development and ecosystem stability; different soil types, owing to their distinct
physical and chemical properties, modulate water infiltration, soil water retention, and root
development; and elevation, slope, and geomorphological type collectively capture the
topographic features and spatial heterogeneity of the region. These three topographic and
geographic factors exert direct or indirect influences on the formation of surface ecological
environment patterns by modulating the redistribution of heat and moisture, erosion
intensity, and material transport processes. Elevation and slope are commonly used as
topographic driving factors, and previous studies have also shown that geomorphological
type significantly affects the spatial distribution of EEQ [53]. Accordingly, this study further
introduces geomorphological type as a driving factor to quantitatively assess the influence
of landforms on the EEQ distribution in the Loess Plateau of northern Shaanxi.

The results of the single-factor analysis (Table 4) revealed that X9 (geomorpholog-
ical type) exercised the most substantial influence on the spatial heterogeneity of EEQ
on the Loess Plateau of Northern Shaanxi, with a multi-year mean q-value of 0.701. In
fact, X9 integrates topography and lithology, encapsulating the region’s complex physio-
graphic conditions and geological substrate. It governs not only the scope and type of
human activities but also the distribution of vegetation. As the primary driving factor,
X9 demonstrates that the macro-scale differentiation of topography and geomorphology
exerts a substantial influence on the spatial distribution of EEQ across the Loess Plateau
of Northern Shaanxi. This was followed by X1 (land use type), X4 (annual precipitation),
X6 (soil type), X5 (root-zone soil moisture), and X8 (slope), which yielded mean q-values
of 0.477, 0.467, 0.356, 0.244, and 0.160. These five factors exerted relatively pronounced
influences on the spatial heterogeneity of EEQ. In contrast, the multi-year mean q-values
for X3 (annual mean temperature), X7 (elevation), and X2 (nighttime light index) were
merely 0.054, 0.028, and 0.007, suggesting that these factors played a relatively weak role.
X2 exerts negligible influence, indicating that the spatial differentiation of EEQ currently
observed in the study area is only weakly and directly governed by the distribution of
urbanization and industrialization.

Table 4. The effect size of the driving forces on the Loess Plateau of Northern Shaanxi’s EEQ from
2000 to 2024.

Year X1 X2 X3 X4 X5 X6 X7 X8 X9

2000
q 0.600 0.002 0.012 0.670 0.423 0.322 0.024 0.096 0.712

Ranking 3 9 8 2 4 5 6 7 1

2004
q 0.527 0.001 0.065 0.573 0.276 0.375 0.023 0.167 0.750

Ranking 3 9 7 2 5 4 8 6 1

2008
q 0.526 0.002 0.065 0.404 0.162 0.323 0.022 0.140 0.731

Ranking 2 9 7 3 5 4 8 6 1

2012
q 0.377 0.008 0.106 0.145 0.140 0.473 0.035 0.258 0.718

Ranking 3 9 7 5 6 2 8 4 1

2016
q 0.448 0.009 0.047 0.509 0.154 0.356 0.032 0.172 0.661

Ranking 3 9 7 2 6 4 8 5 1

2020
q 0.417 0.017 0.047 0.531 0.416 0.344 0.033 0.179 0.715

Ranking 3 9 7 2 4 5 8 6 1

2024
q 0.444 0.013 0.034 0.437 0.135 0.297 0.028 0.105 0.618

Ranking 2 9 7 3 5 4 8 6 1

Mean
q 0.477 0.007 0.054 0.467 0.244 0.356 0.028 0.160 0.701

Ranking 2 9 7 3 5 4 8 6 1
X1 land use type, X2 nighttime light index, X3 annual mean temperature, X4 annual precipitation, X5 root-zone
soil moisture, X6 soil type, X7 elevation, X8 slope, X9 geomorphological type.
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Temporally, X9 maintained a consistently high explanatory power throughout
2000–2024, with its q-value fluctuating between 0.618 and 0.750. The influence of X1
slightly declined after 2000 but subsequently stabilized at approximately 0.440. This may
be attributed to the progressive stabilization of ecological benefits derived from land use
structure, as ecological restoration initiatives such as the Grain for Green Program continue
to advance, causing their spatial explanatory power to approach saturation. The q-value
of X4 peaked at 0.670 in 2000 and dropped to a minimum of 0.145 in 2012, indicating
a progressive weakening of its influence on the spatial distribution of EEQ. The abrupt
decline in the q-value of X4 in 2012 likely resulted from an unprecedented heavy rainfall
event in the Yulin area—a 200-year return period storm of broad spatial extent and high
intensity. Such extreme precipitation led to uniformly high rainfall across the study area,
thereby attenuating spatial differentiation and substantially lowering the q-value. Both
X6 and X8 exerted significant effects on soil erodibility, and their influences intensified
markedly in 2012, suggesting that under heavy rainfall conditions, their constraining effects
on the spatial differentiation of EEQ are further amplified. The q-values of X5 remained ele-
vated in 2000, 2004, and 2020, reaching 0.423, 0.276, and 0.416, respectively, while hovering
around 0.15 in the remaining years, exhibiting marked temporal heterogeneity. The driving
role of X5 is predominantly manifested in the long-term water balance regime, rather than
in individual extreme precipitation events.

Figure 9 presents the factor interaction detection results. Among the high-value
interaction pairs, X3 ∩ X4 (q = 0.827) dominated in 2000, highlighting that the interplay
between climatic factors was the primary driver of the spatial configuration of EEQ in that
year. In subsequent years, however, the interaction X1 ∩ X9 became progressively more
prominent, ranking first in q-value in 2004, 2008, 2016, 2020, and 2024. The average relative
enhancement of the interaction q-value for X1 ∩ X9 over the single-factor q-value of X9
was calculated to be 7.10%. Although X1 contributed the largest relative enhancement, this
value remained relatively low, implying that the spatial heterogeneity of EEQ on the Loess
Plateau of Northern Shaanxi is largely shaped by geomorphological constraints, which act
as a fundamental template upon which other factors exert their influence. X2 exhibited
extremely low single-factor explanatory power (q < 0.02), yet its interaction q-values with
X1, X4, and X9 were markedly strengthened, indicating that the intensity of human activity
influences the eco-environment indirectly, mainly through alterations in land use and
the superimposition onto natural conditions. Overall, the pairwise interactions among
X1, X4, and X9, as well as their combined interactions with the other individual factors,
consistently maintained q-values within a high range of 0.6–0.8 across different periods,
demonstrating a robust and significant synergistic driving characteristic. This driving
pattern profoundly reveals the underlying forces shaping the spatial differentiation of
EEQ on the Loess Plateau of Northern Shaanxi. X9, as the macro-scale geomorphological
differentiation background, establishes the baseline constraints for spatial heterogeneity.
X4, as a key regulating variable of regional hydrothermal conditions, supplies the essential
substances that drive regional ecological development. X1 constitutes the direct feedback
interface coupling anthropogenic activities with the natural background. Together, these
three factors form the most fundamental, stable driving architecture governing the spatial
differentiation of regional EEQ.
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Figure 9. Diagram of interaction detection results of RSEI driving factors on the Loess Plateau of
Northern Shaanxi from 2000 to 2024.

4. Discussion
4.1. Spatiotemporal Evolution and Spatial Pattern Characteristics of EEQ on the Loess Plateau of
Northern Shaanxi

In this study, the RSEI was constructed to quantitatively assess the EEQ of the Loess
Plateau of Northern Shaanxi from 2000 to 2024. The results reveal that the EEQ in the
region exhibited a fluctuating yet overall upward trend during the study period, with the
mean RSEI increasing from 0.376 in 2000 to 0.545 in 2024, indicating a distinct improvement
in ecological grade. This result is consistent with the relevant research conclusions of
Shanxi Province in the eastern part of the region and the northern foot of the Qinling
Mountains in the southern part of the region [23,52]. As one of the most ecologically
fragile regions in China, the Loess Plateau of Northern Shaanxi has undergone long-term
ecological restoration implemented by the Chinese government. Since the “Three North
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Shelterbelt Project” was launched in Northern Shaanxi in 1978, the area of shifting sandy
land in the region has been greatly reduced, and the sandy area of the Mu Us Desert in
Northern Shaanxi has been basically controlled [54]. Meanwhile, as one of the earliest
regions to implement the Grain for Green Program, the cumulative area of converted
farmland and grassland reached 4538.25 km2 by 2020, accounting for 5.69% of the total
study area. Furthermore, gully land consolidation projects generated newly cultivated
land, functioning simultaneously as agricultural reserves and ecological buffers [55]. These
interventions have fundamentally augmented vegetation cover, serving as the catalyst for
regional EEQ improvement [56].

This improvement is attributable not only to the expansion of vegetation coverage
but also to the comprehensive optimization of multiple ecological indicators. The Grain
for Green Program and the Three-North Shelterbelt Project have systematically enhanced
the greenness component of the RSEI by converting land into forests and grasslands,
thereby increasing aboveground biomass and leaf area index. Simultaneously, vegetation
restoration has improved the wetness component by strengthening soil water retention
and reducing surface runoff, an effect particularly pronounced in the severely eroded gully
and hilly areas. The increase in vegetation cover has also mitigated surface heat through
enhanced evapotranspiration and shading, leading to lower land surface temperatures
during the growing season. Furthermore, the reduction in bare soil and the stabilization of
sandy lands have significantly diminished the dryness component of the RSEI. Evidently,
the ecological restoration projects implemented by the Chinese government in recent years
have played a facilitating role in improving the EEQ of the Loess Plateau of Northern
Shaanxi. Meanwhile, the region’s average annual precipitation has exhibited a slowly
increasing trend [57], which has, to some extent, alleviated aridity, promoted vegetation
growth, and contributed to the enhancement of both greenness and wetness indicators,
thereby partially driving the improvement of regional EEQ.

4.2. Spatiotemporal Trends in RSEI

The results of the significance trend test demonstrated that the EEQ of the Loess
Plateau of Northern Shaanxi displayed a marked overall improvement from 2000 to 2024.
Areas where EEQ underwent improvement (Figure 7g) and areas where the historical im-
provement trend is likely to persist (Figure 8) exhibited a high degree of spatial consistency,
accounting for 91.21% and 87.5% of the total area, respectively. This data is significantly
higher than that of China’s Shanxi Province (64.59%, 0.15%) [23] and the northern foot of
the Qinling Mountains (76.56%, 65.53%) [52] in the same period, which may be related
to the long-term and large-scale ecological restoration projects implemented in the Loess
Plateau of northern Shaanxi. With the progressive implementation of various ecological
restoration projects, the ecological vulnerability of the region has been moderately allevi-
ated [31]. However, Figure 7d demonstrates that in 2016, the Yan’an area was subjected
to severe high-temperature conditions, which precipitated a widespread degradation of
EEQ, suggesting that regional ecological protection remains highly susceptible to extreme
weather events, this fact indicates that the current ecosystem remains relatively fragile in
its stability, and against the backdrop of intensifying climatic fluctuations, localized EEQ
may still face the risk of abrupt reversal. In recent years, ecological engineering measures
such as check dams in Northern Shaanxi have played a pivotal role in regional soil and
water conservation, contributing to ecological improvement. The potential failure of these
infrastructures under extreme hydrological stress could trigger catastrophic secondary
ecological degradation and threaten local communities [58].

The future trend projection (Figure 8) further corroborates this finding. Although the
“continuous improvement” areas that highly overlap with historically improved regions
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account for 87.5% of the total area, 0.71% of the region shows a potential shift from “im-
provement to degradation”, and 3.70% exhibits “random change” characteristics, reflecting
the possible presence of anti-persistence behavior in some restored ecosystems, that is,
areas that have previously experienced improvement may undergo degradation in the
future due to factors such as land use change or climatic disturbances. For those sporadic
plaques that may transition from “improvement to degradation” in the future, it is essen-
tial to strengthen dynamic monitoring and adaptive management in order to consolidate
the restoration gains already achieved. Meanwhile, against the backdrop of increasing
climatic complexity and the frequent occurrence of extreme weather events, enhancing
the stability of ecological restoration projects and strengthening the resilience of regional
ecosystems, so as to achieve long-term and sustained improvement of regional EEQ, has
become a new round of challenges confronting ecological restoration in the Loess Plateau of
Northern Shaanxi.

4.3. Driving Factors of RSEI

Through the application of the Geodetector to analyze nine driving factors, the results
demonstrated that X9 consistently exhibited the highest explanatory power across all years,
yielding a multi-year mean q-value of 0.701, and this factor significantly influenced the spa-
tial heterogeneity of EEQ on the Loess Plateau of Northern Shaanxi. Moreover, the spatial
distribution pattern of EEQ, characterized by a distinct “higher in the south, lower in the
north, and lowest in the northwest” gradient as illustrated in Figure 5, aligns closely with
the geomorphological type of the region depicted in Figure 1b, further corroborating this
finding. Within the factor interaction detection framework, the q-value of the interaction
pair X1 ∩ X9 has ranked first for multiple years and has remained the highest since 2016,
suggesting that the spatial distribution of regional EEQ may continue to be influenced by
the combined effect of land use type changes and geological background in the future.

Both X4 and X5 fulfill critical roles in sustaining vegetation growth and development.
X4 ranked third in single-factor explanatory power based on its multi-year mean q-value;
however, this explanatory power has exhibited a progressive decline. This attenuation is
partly attributable to the impact of extreme rainfall events in Northern Shaanxi, where high-
intensity precipitation surpasses the soil’s infiltration and retention capacity. Consequently,
although total annual precipitation has increased over the years, the proportion of effective
rainfall modulated by topographic and geomorphological heterogeneity displays a more
fragmented spatial pattern and exhibits lower spatial congruence with the overarching
“higher in the south, lower in the north” distribution of RSEI, resulting in a comparatively
modest q-value. Nonetheless, the influence of root-zone soil moisture on regional EEQ
should not be underestimated, as its magnitude directly and sensitively governs vegetation
productivity. Cheng et al. [23] pointed out that land use type, annual average temperature,
annual precipitation, elevation and slope were the five dominant factors affecting the
spatial distribution of RSEI in Shanxi Province. Li et al. [52] showed that annual average
temperature, land use type and elevation were the core driving factors for the spatial
differentiation of RSEI in the northern foot of Qinling Mountains, and the geological
conditions significantly influence the spatial variation in EEQ. As the dominant factor
shared by the above three places, land use type confirms the general shaping effect of
human activities on the ecological pattern of the Yellow River Basin. At the same time, the
significant high value of X9 in factor detection further validates the impact of geological
driving factors on the spatial variation in EEQ.
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4.4. Study Limitations and Future Prospects

Despite the progress made in assessing the EEQ in the Loess Plateau of Northern
Shaanxi, this study still has certain limitations. First, constrained by the availability of the
MOD09A1 remote sensing product and meteorological data, the temporal scope of this
study is confined to the period 2000–2024, thereby excluding the initial implementation
phase of the Grain for Green Program launched in 1999. Given the lagged nature of eco-
logical restoration benefits [59], selecting the year 2000 as the starting point is reasonably
justified. As data continue to be updated, future studies could supplement RSEI assess-
ments for 2025–2026 to enhance timeliness. Second, although this study has identified
that ecological restoration projects have contributed to regional EEQ improvement, it was
unable to quantitatively separate the relative contributions of anthropogenic engineering
interventions and natural climatic fluctuations to the increase in RSEI, which, to some ex-
tent, weakens the precision of the attribution analysis. Subsequent research could introduce
quantitative separation methods and conduct factor detection across different geomor-
phological zones, so as to deeply investigate the magnitude and the primary–secondary
relationships of the driving forces exerted by climatic factors and human activities within
each zone. This would reveal the heterogeneity of driving mechanisms under different
geomorphological settings and provide a more robust scientific basis for formulating
differentiated ecological management strategies.

5. Conclusions
In this study, the comprehensive RSEI was employed, which combines multiple

ecological indicators to provide an objective and holistic evaluation of long-term ecological
environment quality in the Loess Plateau of Northern Shaanxi. The major findings are
summarized as follows:

(1) Throughout the period 2000–2024, the EEQ in the region displayed a fluctuating yet
overall upward trend. The mean RSEI rose from 0.376 in 2000 to 0.545 in 2024, with
an average annual growth of 0.00569.

(2) Spatially, EEQ was distributed in a pattern of “higher in the south, lower in the north,
and the lowest in the northwest.” Over the 25 years, the combined proportion of
“excellent” and “good” grades expanded by roughly 20 percentage points, and the
“moderate” grade grew from 13.61% to 47.12%, serving as the principal force driving
the overall improvement in regional EEQ.

(3) The significance trend test shows that the proportion of areas with an “improvement”
trend in EEQ between 2000 and 2024 is 91.21%, which is highly consistent with the
spatial distribution of areas with an “improvement” trend in EEQ in the future.

(4) Single-factor detection identified X9 as the most influential factor in the spatial dif-
ferentiation of EEQ, with a multi-year mean q-value of 0.701. The factor interaction
detection further indicates that the interaction between X9 and X1 may continue to
affect the spatial distribution of regional EEQ.

This study can provide a solid scientific basis and decision-making support for
the precise implementation of ecological policies, soil and water conservation manage-
ment, and high-quality sustainable socio-economic development in the Loess Plateau of
Northern Shaanxi.
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GEE Google Earth Engine
VIP Vegetation Interface Process
CFMASK C Function of Mask
MNDWI Modified Normalized Difference Water Index
CLCD China Land Cover Dataset
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