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ABSTRACT

Topographic illumination effects, NDVI saturation, and inconsistent ecological orientations of annual
PCA components can compromise ecological quality assessment in plateau—mountain regions. Based on
Landsat observations from 1996 to 2025, this study developed a Modified Remote Sensing Ecological Index
(MRSEI) by integrating SCS+C topographic correction, kNDVI, and ecologically direction-constrained
PCA. Spatial autocorrelation analysis, XGBoost—-SHAP, and PLUS were further employed to investigate
spatiotemporal variations in ecological quality, identify driving factors, and project ecological changes
to 2034. The results showed that SCS+C substantially reduced terrain-induced illumination effects, and
MRSEI exhibited stronger correlations with NPP, EVI, and grazing intensity than the conventional
RSEI. Ecological quality generally improved from 1996 to 2025 and showed significant spatial clustering.
Topographic, climatic, land-cover, and human-activity factors contributed 30.9%, 27.8%, 23.9%, and
17.4%, respectively. The ecological change prediction model achieved R? values above 0.7 in most hindcast
periods. Under the natural development scenario, mean regional MRSEI was projected to decrease from
0.6596 in 2024 to 0.6472 in 2034. This framework provides methodological support for long-term ecological
monitoring and targeted ecological management in complex mountain regions.

Keywords: MRSEI, SCS+C, XGBoost-SHAP, PL.US, Ecological environmental quality

1 Introduction

Plateau—mountain regions play crucial roles in water conservation and biodiversity maintenance and
serve as important ecological security barriers at the regional scale?. Driven by the combined effects
of elevational gradients, topographic relief, and moisture and thermal conditions, mountain vegetation
patterns and ecological processes often exhibit pronounced spatial heterogeneity *4. Meanwhile, climate
change interacts with human disturbances, including agricultural and pastoral activities, road construc-
tion, and tourism development, further increasing the complexity of regional ecosystem dynamics!®.
Therefore, accurately characterizing the spatiotemporal evolution of ecological environmental quality
(EEQ) in plateau—mountain regions is essential for ecological conservation and regional sustainable
development.

Remote sensing provides broad spatial coverage, repeated observations, and long-term data conti-
nuity, making it an important tool for regional ecological monitoring!®!. Early studies generally assessed
ecological conditions using individual indicators, such as the normalized difference vegetation index
(NDVI), Enhanced Vegetation Index (EVI), leaf area index (LAI), or land surface temperature (LST) 7!,
However, individual indicators generally capture changes in only one aspect of the environment and cannot
comprehensively characterize surface ecological status!®). The Remote Sensing Ecological Index (RSEI)
integrates information on greenness, wetness, dryness, and heat through principal component analysis
(PCA) and determines the composite weights of these indicators in a data-driven manner'%. Conse-
quently, it has been widely applied to ecological quality assessments in urban areas, watersheds, protected
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areas, and ecologically fragile regions!"* 4. In recent years, the integration of long-term Landsat time-

series data with the Google Earth Engine cloud computing platform has further improved the feasibility
and computational efficiency of large-scale, long-term ecological monitoring'®1¢l. Despite its comprehen-
sive ecological characterization capacity, RSEI has several limitations in plateau—mountain environments
and long-term analyses '], Terrain-related variations in slope, aspect, and sun—terrain geometry can intro-
duce radiometric differences between sunlit and shaded slopes, which may propagate into the greenness,
wetness, and dryness indicators and bias EEQ estimates!'8 2%/, NDVT saturation in densely vegetated
areas can also weaken the ability of RSEI to differentiate ecological conditions within forests, shrublands,
and dense grasslands[?"?2. In addition, the mathematical sign indeterminacy of PCA eigenvectors may
reverse the ecological orientation of the first principal component across years, causing positive indicators
to contribute negatively and reducing temporal comparability [23]. Although terrain correction, alterna-
tive vegetation indices, and PCA direction adjustment have been investigated separately, an integrated
framework that simultaneously addresses topographic effects, vegetation-index saturation, and long-term
ecological orientation consistency remains limited.

Building on a reliable ecological index, explaining the spatial differentiation of ecological quality and
predicting its future changes are essential steps in translating remote sensing observations into actionable
information for ecological management 24/, The relationships between ecological quality and topography,
climate, land cover, and human activities are often complex and nonlinear. Consequently, conventional
linear models may fail to adequately capture threshold effects and potential interactions among these
factors 226 Extreme Gradient Boosting (XGBoost) has a strong capacity for modeling nonlinear rela-
tionships, whereas SHapley Additive exPlanations (SHAP) can quantify the marginal contribution and
direction of influence of each variable on model predictions (2728, Their integration therefore provides a
useful approach for identifying the major environmental factors associated with the spatial differentiation
of ecological quality. However, existing RSEI studies have primarily focused on historical spatiotemporal
monitoring, trend analysis, or future assessments based on the continuation of historical patterns 2931,
Comparatively limited attention has been paid to the extrapolation of dynamic environmental factors,
scenario-based land-cover changes, and the propagation of associated uncertainties into ecological quality
projections #2734, Compared with directly predicting future absolute RSEI values, modeling and predict-
ing RSEI changes at fixed pixel locations enables the integration of baseline ecological conditions, changes
in dynamic environmental factors, and land-cover transitions, thereby providing a more explicit modeling
pathway for future ecological quality projections.

Aba Tibetan and Qiang Autonomous Prefecture (hereafter referred to as Aba Prefecture), located on
the southeastern margin of the Qinghai—Tibet Plateau, is a typical plateau—mountain transition zone char-
acterized by strong topographic relief and ecologically vulnerable high-elevation environments!®®. Using
Landsat time-series imagery from 1996 to 2025, this study aimed to: (1) construct a modified remote sens-
ing ecological index (MRSEI) by integrating Sun—Canopy—Sensor plus C (SCS+C) topographic correction,
kNDVI, and PCA-based ecological direction constraints, and evaluate its ability to reduce terrain-induced
radiometric effects, improve differentiation in densely vegetated areas, and maintain consistent ecological
orientation across years; (2) characterize the spatiotemporal variation in ecological quality and quantify
the contributions of topographic, climatic, land-cover, and human-related factors using XGBoost—-SHAP;
and (3) project the spatial distribution of MRSEI in 2034 under a natural development scenario by
coupling dynamic driver extrapolation, PLUS-based land-cover simulation, and an XGBoost ecological
change model. This study establishes an integrated framework for ecological index construction, driver
interpretation, and future projection, providing methodological support for ecological monitoring and
conservation in plateau—mountain regions.

2 Regional Setting

Aba Tibetan and Qiang Autonomous Prefecture (hereafter referred to as Aba Prefecture; 30°35'—
34°19' N, 100°31'-104°27" E) is located in northwestern Sichuan Province on the eastern margin of the
Qinghai-Tibet Plateau. It covers approximately 84,242 km? and forms a representative ecological tran-
sition zone between the Qinghai-Tibet Plateau and the Sichuan Basin (Figure la). The region plays an
important role in water regulation, soil conservation, and regional ecological security. Aba Prefecture is
characterized by pronounced topographic relief, with elevations ranging from 764 to 5973 m (Figure 1b).
The northwestern part is dominated by high plateaus, the central part by mountainous terrain, and the
southeastern part by deeply incised alpine valleys. Strong elevational gradients and associated hydrother-
mal variation result in marked vertical differentiation in climate, vegetation, and ecological processes.
The long-term mean annual temperature and precipitation are approximately 9 °C and 665 mm, respec-
tively, but vary considerably across elevation zones and topographic units!®®l. Grassland and forest are
the dominant land-cover types, occurring mainly in the eastern and southeastern mountains and valleys,
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Fig. 1. Location and geographical characteristics of Aba Prefecture. (a) Location of Aba Prefecture in Sichuan Province,
China. (b) Topographic characteristics of Aba Prefecture. (¢) Land-cover distribution in Aba Prefecture.

whereas barren land, snow, and ice are concentrated at higher elevations. Built-up land occupies only a
small proportion of the region and is mainly distributed in county seats and river valleys (Figure 1c).
Although ecological restoration programs have promoted regional recovery, ecosystems remain vulnerable
to the combined effects of high-elevation climatic constraints and human disturbances associated with
tourism and agricultural and pastoral activities3739,

3 Materials and Methods

3.1 Data Sources and Preprocessing

This study integrated multi-source datasets for Aba Prefecture from 1996 to 2025, including remote
sensing imagery, topographic, climatic, land-cover, and socioeconomic data (Table 1). The remote sensing
imagery was acquired from the Google Earth Engine platform and subjected to radiometric and atmo-
spheric corrections, as well as cloud, cloud-shadow, and snow masking. To minimize seasonal differences,
valid images acquired between 1 June and 30 September of each year were selected. To prevent water
pixels from affecting the normalization of ecological indicators and the PCA loadings, permanent water
bodies were identified using the annual water classification product from the JRC Global Surface Water
dataset and masked before the ecological indicators were calculated [*?). Because the parameters used for
topographic correction vary with solar geometry and image acquisition time, SCS+C topographic correc-
tion was applied separately to the optical bands of each valid scene!*!l. The corrected images acquired
within the same year were then median-composited to generate annual surface reflectance composites.
Finally, all datasets were standardized to a common coordinate reference system, spatial extent, and pixel
grid, and annual time series of all variables were constructed at fixed pixel locations to ensure spatial
correspondence across years.



124

125

126
127
128
129

130

131
132
133

134

135

136
137
138
139
140

141

142
143
144

145

146
147
148
149
150
151
152
153
154

Table 1. Sources of the datasets used in this study.

Temporal Spatial
coverage resolution
Dataset (years) (m) Database URL
Landsat 5 TM 1996-2011 30 https://www.usgs.gov/
Landsat 7 ETM+ 2012 30 https://www.usgs.gov/
Landsat 8 OLI/TIRS 2013-2025 30 https://www.usgs.gov/
Meteorological data 1996-2024 1000 https://cms.casdc.cn/
China Land Cover Dataset 1996-2025 30 https://doi.org/10.5281 /zenodo.18180184
(CLCD)
Net primary productivity 1986-2024 500 https://www.gisrs.cn/?data_113/
(NPP) 33d94526-9264-4401-8f4a-23fcdeT4c512.
html
Enhanced Vegetation Index 2000-2020 250 https://doi.org/10.5281 /zenodo.7979989
(EVI)
Defense Meteorological 1996-2024 1000 https://doi.org/10.12041/geodata.
Satellite Program (DMSP) 54416522887785.ver2.db
nighttime light
Population density (PD) 1996-2024 1000 https://doi.org/10.48690/lsm/zew2-1n91
Fractional Vegetation Cover 20002024 250 https:
(FVC) //doi.org/10.11888 /Terre.tpdc.300330
Long-term High-resolution 19962024 1000 https:
Grazing Intensity (LHGI) //doi.org/10.6084 /m9.figshare.26195684.v3

3.2 Methods
3.2.1 SCS+C Topographic Correction

SCS+C topographic correction was applied to the optical bands of each Landsat scene*?. First, the
terrain slope 8 and aspect ¢, were derived from the Digital Elevation Model (DEM). These parameters
were then combined with the solar zenith angle 6, and solar azimuth angle ¢4 at the image acquisition
time to calculate the pixel-scale solar incidence angle i:

cosi = cos b, cos B + sin b, sin 5 cos (¢s — ¢q) - (1)

For each optical band A of each scene, a linear regression relationship was established between the
original surface reflectance and cosi. The corresponding band-specific parameter C\ was then calculated
from the regression slope and intercept:

Pa = ay cosi+ by, (2)
bx
Cy) = e (3)

where py denotes the original surface reflectance of band A; ay and by are the slope and intercept,
respectively, of the linear regression equation for band A; and C) is the empirical correction parameter
for the corresponding band.

The topographically corrected surface reflectance, pic x, was subsequently calculated using the
SCS+C model:

cosfscos 3+ Cy @)
cosi+Cy
The inclusion of the C\ parameter in the SCS+C model reduces the risk of overcorrection under

low-illumination terrain conditions. After topographic correction, the corrected optical bands were used
to calculate the KNDVI, WET, and NDBSI ecological indicators.

Pte, X = P

3.2.2 Construction of the MRSEI

The conventional Remote Sensing Ecological Index (RSEI) integrates the normalized difference veg-
etation index (NDVI), wetness component (WET), land surface temperature (LST), and normalized
difference built-up and soil index (NDBSI) to represent greenness, wetness, heat, and dryness, respec-
tively. In this study, NDVI was replaced with the kernel normalized difference vegetation index (kNDVT)
to improve the differentiation of densely vegetated areas, whereas WET, LST, and NDBSI were retained.
The four indicators were calculated on the Google Earth Engine platform and normalized to the range
of [0, 1] before principal component analysis (PCA) was performed (Table 2).

When PCA is performed independently for each year, the eigenvector and component scores associ-
ated with PC1 are subject to global sign indeterminacy, which may reverse the ecological interpretation
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Table 2. Summary of the calculation methods for the remote sensing ecological indicators and the composite index.

Index Ecological Formula Reference
dimension

KNDVT = tanh (NDVI2) ,

kNDVI Greenness o —»p
NDVI = PNIR — PRed [22,43]
PNIR 1+ PRed
WET L5 = 0.0315pB1ue + 0.2021pGreen + 0.3102pRed + 0.1594pN1R
— 0.6806pswir1 — 0.6109pswiR2,
WETL7 = 0.2626pB1ue + 0.2141pGreen + 0.0926pRea + 0.0656pN1R

— 0.7629pswir1 — 0.5388pswirz2, [44-46]

WETLs = 0.1511pB1ue + 0.1973pGreen + 0.3283pReq + 0.3407pN1R
— 0.7117pswir1 — 0.4559pswWIR2

WET Wetness

LST Heat LST = STk — 273.15
[47,48]

2PSWIRL  _ ( PNIR PGreen )
PSWIRL TPNIR PNIR TPRed PGreen TPSWIR1

2PSWIRL 4 ( PNIR + PGreen
PSWIR1TPNIR PNIRTPRed PGreen TPSWIR1

NDBSI Dryness ST — (pswiR1 + PRed) — (PNIR + PBlue)
(psWiIR1 + pRed) + (PNIR + PBlue)
IBI + SI

IBI =

[10,49,50]

NDBSI =

MRSEI = PCA (kNDVI, WET, LST, NDBSI),

MRSEI  Composite index
Vinpvi,wet > 0, Vist,NDBs1 < 0 [51]

of PC1 across years (Figure 2b and e). Building on the ecological direction-constraint concept proposed
by Ning et al.[%?, this study used the absolute magnitudes of the annual PC1 loadings as data-driven
weights and imposed predefined ecological directions on the four indicators. Specifically, kNDVI and WET
were assigned positive directions because they represent favorable ecological conditions, whereas LST
and NDBSI were assigned negative directions because they represent thermal and dryness-related eco-
logical stress (Figure 2c and g). The direction-adjusted, loading-weighted indicators were then combined
to reconstruct an ecologically directed composite score. For ecological quality classification, the annu-
ally normalized MRSEI values were divided into five equal-width classes following Xu et al.*?l: 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]. A class-transition matrix
was subsequently constructed to characterize changes among ecological quality classes during the study
period.

3.3 Spatial Autocorrelation Analysis

Global Moran’s I was used to quantify the overall spatial autocorrelation of EEQ, while local Moran’s
I, or local indicators of spatial association (LISA), was applied to identify local clusters and spatial
outliers®. Global Moran’s I ranges from —1 to 1 and is calculated as follows:

Zzwij(yi—ﬂ)(yj—ﬂ) -
I= Sﬁo i , So = Zzw” (5)

n
(v - 9)° =
=1

7

where w;; denotes the spatial weight between spatial units ¢ and j; y; and y; are the MRSEI values of
spatial units ¢ and j, respectively; n is the total number of spatial units; 7 is the mean MRSEI value; and
Sp is the sum of all spatial weights.
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Local Moran’s I;, a local indicator of spatial association, quantifies spatial association at individual
locations and thereby identifies local spatial clusters and spatial outliers!®®). It was calculated as follows:

Zw” —-7).

J;ﬁz

I = (6)

Z vk —0)°
[yt

where I; is the local Moran’s I statistic for spatial unit ¢; y; and y; denote the MRSEI values of spatial
unit ¢ and its neighboring spatial unit j, respectively; ¥ is the mean MRSEI value; w;; is an element of
the spatial weight matrix; and n is the total number of spatial units.

3.4 XGBoost—SHAP Model

An XGBoost-SHAP framework was used to model and interpret the spatial differentiation of
ecological quality, with MRSEI as the response variable and topographic, climatic, land-cover, and human-
activity factors as predictors!®®. Following the chronological sequence, samples from 1996-2019 were used
for model training, whereas those from 2020-2024 were retained as an independent validation set. Model
hyperparameters were optimized using randomized search with five-fold GroupKFold cross-validation,
in which year was used as the grouping variable to reduce information leakage between samples from
the same year. Model performance was evaluated using the coefficient of determination (R?), root mean
square error (RMSE), and mean absolute error (MAE).

SHAP values were calculated from the optimal XGBoost model to quantify the contribution and
direction of influence of each predictor. Each model prediction was decomposed into a baseline value and
the marginal contributions of individual factors. The SHAP decomposition was expressed as follows:

M
= ¢o + Z ¢s,j~
j=1

where f (x5) denotes the MRSEI value predicted by the XGBoost model for sample s; ¢ is the baseline
prediction of the model; M is the number of input driving factors; and ¢, ; is the SHAP value of feature
j for sample s, representing its contribution to the predicted MRSEI value.

Because higher MRSEI values represent better ecological quality, positive SHAP values indicate that
a predictor increases the predicted MRSEI relative to the model’s baseline prediction, whereas negative
SHAP values indicate that it decreases the predicted MRSEI. The absolute SHAP value represents the

f(xs) (7)
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magnitude of the predictor’s contribution to an individual prediction, and the mean absolute SHAP value
across all samples was used to quantify global predictor importance.

3.5 Future Ecological Quality Projection

This study developed an ecological quality projection framework integrating dynamic-driver extrap-
olation, PLUS-based land-cover scenario simulation, and an XGBoost ecological change model. Ten-year
sample pairs were constructed at fixed pixel locations using the historical time series from 1996 to 2024.
Rather than directly predicting future MRSEI values, the model predicted the decadal change in MRSEI:

AMRSEL ¢4+10 = MRSEL 10 — MRSEIL. (8)

where AMRSEI ;110 denotes the change in MRSEI from year ¢ to year ¢ + 10; MRSEI, is the MRSEI
value in the initial year; and MRSEI; g is the corresponding value ten years later.

The predictors included baseline MRSEI, baseline values and decadal changes in the dynamic envi-
ronmental factors, static topographic factors, and land-cover transition information. Sample pairs with
target years no later than 2014 were used for model training, whereas the 2014-2024 pair was retained as a
temporally held-out historical hindcast. Hyperparameters were optimized using grouped cross-validation,
with the target year used as the grouping variable. The final model contained 500 trees, with a maxi-
mum depth of 3, a learning rate of 0.1, a subsampling ratio of 0.9, and a feature-subsampling ratio of
0.7. Hindcast performance was evaluated using R?, RMSE, MAE, Bias, and the spatial distribution of
residuals.

Future dynamic drivers were generated separately for each variable. Candidate extrapolation methods
were evaluated through rolling-origin historical hindcasting, in which only observations available before
each target year were used to generate predictions.

Future land-cover patterns were simulated using the Patch-generating Land Use Simulation (PLUS)
model°7). For historical validation, observed land cover in 2014 was used as the baseline to simulate the
2024 pattern, which was compared with the observed 2024 land cover using overall accuracy, the Kappa
coefficient, and the figure of merit. For future projection, the observed 2024 land cover was used as the
baseline, and the 2034 land-cover demand under the natural development scenario was spatially allocated
using the LEAS and CARS modules. To assess the sensitivity of predicted ecological quality to errors in
simulated land-cover inputs, we conducted an ecological hindcast from 2014 to 2024 using two alternative
land-cover maps for 2024: the observed map and a simulated map produced by a two-stage XGBoost
transition model coupled with demand-constrained spatial allocation. Differences between the resulting
ecological-quality predictions were used to quantify the influence of land-cover simulation errors.

After completion of the temporal hindcast, the 2014-2024 sample pair was incorporated into the final
training dataset. Using the observed ecological and environmental conditions in 2024 as the baseline, the
decadal MRSEI change for 2024-2034 was predicted as:

AMRSEISSSiQOM = f(MRSEI024, X2024, Ax%ez(izogzp T,

(9)
LCop24, LC5131%).
where the superscript “pred” identifies model-predicted quantities; Xog24 denotes the dynamic driving

factors in 2024; Axgggjyzogél represents the predicted changes in the dynamic driving factors from 2024
to 2034; T denotes the topographic factors; LCyp24 is the observed land cover in 2024; and LCE&;{S
represents the land cover under the 2034 natural development scenario simulated using the PLUS model.
The function f(-) denotes the trained XGBoost prediction model.

Finally, the predicted decadal change was added to the observed MRSEI in 2024 to reconstruct the

ecological quality in 2034:
MRSEIZS! = clip (MRSE12024 + a AMRSEIESS 554, 0, 1) . (10)

where clip(+) constrains the predicted values to the theoretical MRSEI range [0, 1]; and « is a change-
shrinkage coefficient determined through historical hindcasting. In this study, a was set to 1.0.

4 Results
4.1 Topographic Correction and MRSEI Model Stability

Aba Prefecture is characterized by pronounced topographic relief. To evaluate the extent to
which SCS+C correction reduced terrain-induced illumination effects, the relationships between surface
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reflectance in the red (B4) and near-infrared (B5) bands and the cosine of the solar incidence angle cos
were compared before and after correction (Figure 3). Before correction, the reflectance of both B4 and
B5 increased with increasing cosi. This relationship was more pronounced for B5, with a regression slope
of 0.3153 and an R? of 0.2659, both exceeding the corresponding values of 0.0563 and 0.0751 for B4
(Figure 3a and c). After SCS+C correction, the linear relationships between surface reflectance and cosi
were substantially weakened for both bands. For B4, the regression slope decreased to —0.0016 and R?
decreased to 0.0001; for B5, the regression slope decreased to 0.0535 and R? decreased to 0.0097 (Figure 3b
and d). After correction, the regression lines became substantially flatter, and the linear relationship
between B4 reflectance and cosi approached zero.

In addition, NPP, EVI, and LHGI were selected as external ecological reference indicators to further
evaluate the ability of MRSEI to characterize changes in regional ecological environmental quality. Pear-
son’s correlation coefficient (r) and Spearman’s rank correlation coefficient (p) were calculated between
these indicators and both MRSEI and the conventional RSEI (Table 3). The results showed that MRSEI
was positively correlated with NPP and EVI but negatively correlated with LHGI, consistent with eco-
logical expectations. Specifically, Pearson’s r» and Spearman’s p between MRSEI and NPP were 0.57 and
0.59, respectively, exceeding the corresponding values of 0.38 and 0.42 for RSEI. The corresponding coef-
ficients between MRSEI and EVI were 0.61 and 0.51, respectively, which were also higher than those for
RSEI (0.38 and 0.31). For LHGI, MRSEI yielded Pearson’s r = —0.49 and Spearman’s p = —0.51, respec-
tively; their absolute magnitudes were greater than the corresponding values for RSEI (r = —0.33 and
p = —0.40, respectively). Overall, MRSEI exhibited stronger correlations with all three external ecolog-
ical reference indicators than the conventional RSEI, demonstrating greater consistency with variations
in vegetation productivity, vegetation growth conditions, and grazing pressure within the study area.

Table 3. Correlations of MRSEI and RSEI with ecological reference indicators.

Indicator MRSEI RSEI
Pearson’s r Spearman’s p Pearson’s r Spearman’s p
NPP 0.57 0.59 0.38 0.42
EVI 0.61 0.51 0.38 0.31
LHGI —0.49 —0.51 —0.33 —0.40

Note: NPP, net primary productivity; EVI, Enhanced Vegetation Index; LHGI, long-term high-resolution grazing intensity.
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4.2 Spatiotemporal Variations in Ecological Environmental Quality

From 1996 to 2025, MRSEI in Aba Prefecture exhibited an overall fluctuating upward trend
(Figure 4a). The linear regression slope for the entire study period was 0.0038, with an R? of 0.203. Dur-
ing 1996-2010, the fitted slope was 0.0029 and R? was 0.068; during 2011-2025, the slope increased to
0.0082, with an R? of 0.169. Thus, the rate of increase was higher in the latter period than in the former.
The time-series results revealed pronounced decreases in MRSEI in 1999 and 2012, when the values were
lower than those in the adjacent years. After 2018, MRSEI remained at relatively high levels in most
years, particularly during 2020-2024. However, it declined slightly in 2025 compared with the preceding
high-value years. At the long-term scale, EEQ in Aba Prefecture exhibited an overall tendency toward
improvement, although substantial interannual fluctuations remained.

The temporal variations in MRSEI also differed among the representative nature reserves (Figure 4b—
e). The Ruoergai Nature Reserve exhibited the highest fitted slope of 0.0067, with an R? of 0.35, although
several low-value years remained evident in the time series (Figure 4b). The fitted slope of MRSEI in
the Jiuzhaigou Nature Reserve was 0.0040, with an R? of 0.16 (Figure 4c). The Siguniangshan Nature
Reserve exhibited the lowest fitted slope of only 0.0014, with an R? of 0.01 (Figure 4d). In the Dagu
Glacier Nature Reserve, the fitted slope was 0.0034, with an R? of 0.24, indicating a fluctuating upward
trend in ecological quality (Figure 4e).
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Fig. 5. Changes in the area proportions of different EEQ classes in Aba Prefecture from 1996 to 2025.

The interannual changes in the composition of ecological quality in Aba Prefecture were further
quantified by the area proportions of the five EEQ classes (Figure 5). Except for several years with rela-
tively low ecological quality, the poor and fair classes generally accounted for small proportions, whereas
the good class was dominant in most years. From 1996 to 2011, the moderate and good classes jointly
dominated the EEQ pattern in Aba Prefecture. After 2013, the combined proportion of the good and
excellent classes increased markedly. In particular, these two classes exhibited a pronounced proportional
advantage in 2015, 2020, and 2021-2024.

4.3 Spatial Autocorrelation Patterns of Ecological Environmental Quality

Spatial autocorrelation analysis was conducted using the multiyear mean MRSEI to characterize
the spatial clustering patterns of EEQ in Aba Prefecture. The global Moran’s I was 0.89, indicating
strong spatial clustering of similar MRSEI values across Aba Prefecture (Figure 6). The LISA cluster
results showed that areas failing to pass the significance test accounted for 63.77% of the valid assessment
area. Among the statistically significant clusters, the High—-High and Low-Low types were dominant,
accounting for 23.29% and 12.87%, respectively. The High-High clusters were primarily distributed in
the eastern and southeastern parts of the study area, with continuous distributions also observed in some
south-central areas. The Low—Low clusters were concentrated mainly in the western, central, and parts of
the northern regions, generally exhibiting banded or patchy spatial patterns. The Low—High and High—
Low spatial outlier types accounted for only 0.05% and 0.02%, respectively, and both exhibited scattered
distributions.

In addition, the spatial relationships within the four representative nature reserves showed that
relatively continuous High—High clusters occurred within and around the Jiuzhaigou and Siguniangshan
nature reserves. The Ruoergai Nature Reserve was dominated by areas that did not pass the significance
test, while both Low—Low and High—High clusters occurred in its surrounding areas. Within and around
the Dagu Glacier Nature Reserve, nonsignificant areas were interspersed with localized cluster types.

4.4 Driving Factors of Ecological Environmental Quality

Before conducting the SHAP analysis, the fitting performance and generalization ability of the
XGBoost model were evaluated. The model was trained using samples from 1996-2019 and independently
validated using samples from 2020-2024. The R?, RMSE, and MAE values were 0.71, 0.13, and 0.098 for
the training set and 0.44, 0.19, and 0.155 for the validation set, respectively.

The SHAP analysis revealed substantial differences in the contributions of environmental factors to
the MRSEI (Figure 7). Land-cover type (CLCD) made the largest contribution, accounting for 23.9%
of the total mean absolute SHAP value, followed by elevation (DEM, 19.1%), temperature (14.7%),
precipitation (13.1%), and grazing intensity (LHGI, 12.2%). Aspect, slope, and population density made
relatively small contributions of 6.8%, 5.0%, and 5.0%, respectively. Nighttime light contributed only
0.2%, indicating limited explanatory power. Overall, the spatial variation in ecological environmental
quality across Aba Prefecture was primarily controlled by topographic and climatic conditions, with land
cover also playing an important role, whereas anthropogenic factors made a relatively limited overall
contribution.
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325 4.5 Future Ecological Environmental Quality
326 Using the 2014 land-cover data as the baseline, the PLUS model incorporated climatic, topographic,

327 socioeconomic, and distance-related driving factors to hindcast the land-cover pattern in 2024, which

328 was then compared with the observed CLCD data. The results showed an overall accuracy of 0.96 and a

329 Kappa coefficient of 0.92. However, only approximately 3.5% of the pixels in the study area underwent

330 land-cover changes between 2014 and 2024, resulting in an FoM of 0.03. Based on these results, the

331 land-cover demand for each class in 2034 was projected according to the land-cover transition patterns

332 observed during 2014-2024. Spatial allocation was then performed using the CARS module to generate
the 2034 land-cover pattern under the natural development scenario (Figure 8a).

Table 4. Construction methods for the variables used in the 2034 MRSEI projection.

Variable Data period Construction method
Temp 1996-2024 Pixel-wise OLS extrapolation to 2034
Prec 2015-2024 Pixel-wise median of 2015-2024 values
PD 2024 Persistence assumption (2034 = 2024)
LHGI 2024 Persistence assumption (2034 = 2024)
DMSP 2024 Persistence assumption (2034 = 2024)
CLCD 2024 and 2034 PLUS-simulated 2034 natural development scenario
333
334 Following the independent hindcast validation summarized in Table 5, the 2014-2024 sample pairs

335 were incorporated into the training dataset, and the final XGBoost model was refitted using all available
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Table 5. Temporal hindcast performance of the XGBoost model for predicting
decadal changes in MRSEI.

Hindcast period R? RMSE MAE Bias
1999-2009 0.440 0.158 0.125 —0.083
2000-2010 0.712 0.121 0.092 —0.003
2001-2011 0.760 0.114 0.087 —0.009
2003-2013 0.765 0.126 0.101 —0.042
20042014 0.687 0.133 0.099 0.035

2014-2024 0.707 0.135 0.101 —0.046

Note: The 2014-2024 period was used as a temporally independent holdout
hindcast. Bias was calculated as the mean difference between predicted and
observed changes in MRSEI; negative values indicate underestimation.
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historical samples. The predictor variables for the 2034 projection were then generated using the variable-
specific construction methods summarized in Table 4. The PLUS-simulated land cover for 2034 and the
projected future environmental factors were then used to estimate MRSEI in 2034 (Figure 8b). Under the
natural development scenario, the mean MRSEI of Aba Prefecture decreased from 0.6596 in 2024 to 0.6472
in 2034, corresponding to a regional mean decrease of 0.0124. The five-class ecological quality statistics
showed that the proportions of areas classified as poor, fair, moderate, good, and excellent in 2024 were
4.94%, 4.43%, 15.72%, 56.34%, and 18.57%, respectively. By 2034, these proportions were projected to
change to 3.27%, 3.06%, 20.97%, 59.83%, and 12.87% (Figure 8b), respectively. The proportion of the
excellent class decreased by 5.7 percentage points. The proportion of the moderate and good classes
increased by 5.25 percentage points and 3.49 percentage points, respectively. The combined proportion
of the poor and fair classes was projected to decrease by 3.04 percentage points.

5 Discussion

5.1 Propagation of Terrain-Induced Errors in MRSEI

EEQ assessments in complex plateau—mountain regions are more strongly affected by topographic
relief and illumination conditions [®3]. Because slope, aspect, and solar incidence angle vary substantially
across mountainous terrain, the same land-cover type may exhibit different surface reflectance charac-
teristics on illuminated and shaded slopes!'®l. Ecological indices derived from uncorrected optical bands
may reflect not only the actual surface ecological conditions but also radiometric differences caused by
mountain shadows, aspect-related illumination differences, and local topographic relief, as illustrated in
Figure 9a and c. Such interference from nonecological factors can exaggerate apparent differences in ecolog-
ical quality among slope aspects, thereby reducing the accuracy of EEQ assessments in plateau—mountain
regions (Figure 9b and d).
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SCS+C correction reduced the dependence of spectral bands on terrain illumination, thereby weak-
ening the propagation of terrain-induced radiometric differences into MRSEI (Figure 3). The grouped
statistical results based on the cosine of the solar incidence angle (cos4) indicate that when cosi is less
than 0.6, corresponding to a solar incidence angle greater than 53°, the mean uncorrected MRSEI is
generally higher than the corrected mean (Figure 10a). The two values gradually converged when cosi
ranged from 0.6 to 0.8. When cos¢ > 0.8, improved slope illumination and weakened terrain-shadow
effects resulted in the corrected MRSEI being slightly higher than the uncorrected value (Figure 10a).
This indicates that SCS+4C does not adjust all pixels in the same direction; rather, it modifies the spectral
reflectance of different terrain units according to their illumination conditions.

A further comparison between the high-illumination (cosi > 0.8) and low-illumination (cosi < 0.6)
groups showed that the correction increased the median MRSEI of the high-illumination group from
0.611 to 0.649, while decreasing that of the low-illumination group from 0.771 to 0.727. Consequently,
the difference in median MRSEI between the two groups decreased from 0.160 to 0.078 (Figure 10b).
The comparison before and after correction indicates that differences in MRSEI among illumination
conditions were partly amplified by terrain-induced radiometric effects, whereas SCS+C reduced the
nonecological contrast associated with terrain illumination. Notably, the median MRSEI of the low-
illumination group remained higher than that of the high-illumination group after correction. Therefore,
differences among slope aspects cannot be attributed entirely to observational errors associated with solar
incidence angle and terrain shadows, but may also reflect the combined effects of land-cover composition,
local hydrothermal conditions, topographic position, and residual correction errors.

Improving the vegetation-index component was intended to alleviate the asymptotic saturation
of conventional NDVI and its reduced sensitivity to canopy variation under high-biomass conditions.
By applying a nonlinear kernel transformation to the relationship between the red and near-infrared
bands, kNDVTI adaptively stretches the index dynamic range and exploits higher-order spectral relations,
thereby enhancing sensitivity to vegetation biophysical and physiological variability and subtle greenness
differences in densely vegetated areas.

Using spatially matched vegetation-index and land-cover pixels, the calculated results showed that
the within-class standard deviations of the NDVI-based MRSEI were approximately 0.038, 0.029, and
0.074 for forest, shrubland, and grassland, respectively. After NDVI was replaced with kNDVI, the corre-
sponding standard deviations increased to approximately 0.100, 0.084, and 0.187 (Figure 11a). Meanwhile,
the median NDVI-MRSEI values for these vegetation types were concentrated within a relatively narrow
range of 0.864-0.905, whereas the median kNDVI-MRSEI values ranged from 0.678 to 0.787 and exhib-
ited wider interquartile ranges and overall distributions (Figure 11b). Different vegetation indices have
distinct value ranges, and direct comparisons of their numerical values may therefore lead to interpre-
tive bias. Subsequent normalization may also be affected by the data distribution and extreme values.
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Consequently, the lower median MRSEI value does not necessarily indicate an overall deterioration in
regional ecological quality; instead, it may largely reflect the rescaling of the value distribution caused by
the nonlinear transformation of kKNDVI and subsequent normalization [®%:6%. The increased within-class
dispersion indicates that the previous concentration of high values was reduced, enabling MRSEI to more
effectively differentiate ecological conditions within the same vegetation type.

Fractional vegetation cover (FVC) was further used to evaluate this improvement in sensitivity.
Across the full range of land cover, the regression slope between kKNDVI-MRSEI and FVC was 1.13,
substantially higher than the corresponding slope of 0.48 for NDVI-MRSEI (Figure 11c). In densely
vegetated areas with FVC > 0.7, the respective slopes were 1.32 and 0.562 (Figure 11d). The steeper
slopes indicate that kKNDVI-MRSEI was more responsive to changes in land cover and retained more subtle
variation, particularly in high-cover areas where conventional NDVI is prone to saturation. Together
with the correlation-based validation against NPP and EVI, these findings suggest that incorporating
kKNDVTI improves the capacity of the composite ecological index to represent vegetation productivity,
vegetation-cover conditions, and ecological variation within densely vegetated areas.
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5.2 Spatiotemporal Heterogeneity of Ecological Quality and Its Ecological
Interpretation

The complex topographic structure and pronounced environmental gradients of Aba Prefecture
jointly shaped the spatiotemporal heterogeneity of ecological quality. Although regional ecological quality
generally improved, it exhibited substantial interannual variability, and MRSEI showed no stable linear
relationship with any single climatic or anthropogenic factor. In contrast, land cover had the largest sin-
gle model-attributed contribution and directly represented surface ecological conditions, providing a basis
for interpreting differences in the spatial clustering patterns of ecological quality.

The spatial autocorrelation analysis of ecological quality in Aba Prefecture revealed a strong positive
spatial association (Figure 6). High—high clusters were mainly distributed in the well-vegetated moun-
tainous areas of the eastern and southeastern regions, whereas low—low clusters occurred primarily in
ecologically constrained areas, such as high-elevation barren land, mountain ridges, and the margins of
snow- and ice-covered areas. The clustering patterns of the individual nature reserves further revealed
this spatial heterogeneity (Figure 12). Jiuzhaigou Nature Reserve spans an elevation range of 1997-4846
m, with forest and grassland accounting for 58% and 40% of its area, respectively. The continuous forest
and grassland cover provides a basis for the aggregation of high ecological quality, resulting in high—high
clusters accounting for 26% of the reserve. However, mountain altitudinal zonation and localized high-
elevation environments also contributed to low—low clusters, which accounted for 31% (Figure 12a and e).
Compared with Jiuzhaigou Nature Reserve, Siguniangshan Nature Reserve has a higher elevation range
of 2896-5973 m. Although grassland and forest still account for 51% and 31% of its area, respectively,
barren land and snow and ice comprise 10% and 4%. The alpine environment and extensive exposed
surfaces impose substantial constraints on ecological quality, resulting in low—low clusters increasing to
56%, whereas high—high clusters account for only 4% (Figure 12b and f). Similarly, Dagu Glacier Nature
Reserve contains appreciable proportions of barren land and snow and ice. The reserve spans an elevation
range of 2401-5150 m, with grassland and forest accounting for 60% and 33% of its area, respectively. Its
spatial pattern is characterized by the coexistence of high- and low-value clusters, with high—high clusters
accounting for 22% and low—low clusters for 47% (Figure 12¢ and g). Ruoergai Nature Reserve exhib-
ited a different pattern. Its elevation is concentrated within a relatively narrow range of 3307-3710 m,
and the terrain is comparatively gentle. Grassland and wetland account for 90% and 8% of the reserve,
respectively. The continuous and relatively homogeneous grassland—wetland landscape resulted in weak
local clustering of high and low values, with nonsignificant areas accounting for 89% (Figure 12d and h).
Therefore, areas with greater forest cover and relatively favorable elevation conditions are more likely
to form high-value MRSEI clusters, whereas high-elevation areas dominated by barren land, snow, and
ice are more prone to low-value clustering. In contrast, areas with continuous grassland—wetland cover
predominantly exhibit spatial homogeneity.
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Fig. 13. Variation in MRSEI along the elevation gradient.
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5.3 Coupled Effects of Climate Change and Human Activities on MRSEI

The spatiotemporal variations in ecological quality across Aba Prefecture were jointly influenced
by plateau topography, climate, land cover, and human activities. The SHAP results showed that topo-
graphic and climatic factors constituted the primary natural geographic constraints on ecological quality
in the plateau—mountain environment, with a combined contribution of 58.7% (Figure 7). Among the
topographic factors, elevation, represented by the DEM, exerted the dominant influence, contributing
19.1% (Figure 7).

MRSEI exhibited a pronounced nonlinear pattern along the elevation gradient. Ecological quality in
low-elevation areas generally remained below the good level. As elevation increased, MRSEI rose rapidly,
reaching approximately 0.6 at an elevation of around 1100 m (Figure 13). Across the study area, MRSEI
generally remained at a relatively high level within the low- to middle-elevation range of approximately
1100-3800 m, which corresponds mainly to the forested areas in the eastern and southeastern regions
and the Ruoergai wetland area in the north. At higher elevations, however, MRSEI began to decline
markedly, with the rate of decrease becoming greater above 3800 m in the western and southwestern parts
of the study area. Natural constraints associated with high elevations, including low temperatures, short
growing seasons, and increased snow cover, jointly limited further improvements in ecological quality.

Conditioned by the underlying topographic setting, the effects of temperature and precipitation on
MRSEI exhibited distinct optimal ranges and stage-dependent responses!61:621. At lower temperatures,
MRSEI generally exhibited a negative response, indicating that cold conditions substantially constrained
vegetation growth and ecological improvement. Once temperature exceeded approximately 8.30 °C, its
effect gradually shifted from negative to positive, suggesting that moderate warming improved conditions
for vegetation growth (Figure 14a). Once air temperature exceeds a certain range, continued warming
enhances evapotranspiration and atmospheric water demand, reduces ecosystem water availability, and
further constrains vegetation growth and improvements in ecological quality. Consequently, the SHAP
value gradually declines, indicating a weakening marginal contribution of air temperature to MRSEI[63:64]
The response to precipitation also exhibited a clear threshold effect. Moderate precipitation promoted
vegetation growth and improved surface moisture conditions (Figure 14b), whereas the positive response
of MRSEI weakened under either insufficient or anomalously high precipitation. These findings indicate
that plateau—mountain ecosystems are highly sensitive to hydrothermal conditions.
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Aba Prefecture is predominantly mountainous, with relatively limited urbanization and expansion
of built-up land. Consequently, urbanization indicators such as nighttime light intensity contributed rel-
atively little to ecological quality at the regional scale, and the effects of human activities on MRSEI
exhibited pronounced spatial heterogeneity. In contrast, grazing intensity more directly reflects anthro-
pogenic pressure on plateau grassland and wetland ecosystems. At relatively low grazing intensities, its
effect on MRSEI was limited. As LHGI increased, however, overgrazing reduced grassland cover, promoted
the expansion of barren land, and weakened soil conservation and ecological recovery capacity. These
effects were particularly pronounced in ecologically sensitive areas, such as alpine grasslands and wetland
margins, thereby further increasing the risk of ecological quality degradation (Figure 14c). Therefore,
the influence of human activities on MRSEI in Aba Prefecture was not dominated by urban expansion,
but was primarily manifested through the persistent disturbance of local ecosystems associated with
grassland-use intensity.

6 Conclusions

Ecological quality assessment in plateau—mountain regions needs to account for both terrain-induced
radiometric effects and the regional applicability of ecological indicators. Based on Landsat observa-
tions from 1996 to 2025, this study developed an MRSEI framework for complex plateau—mountain
environments by integrating scene-specific SCS+C topographic correction, kNDVI, and ecological-
direction-constrained PCA reconstruction. The SCS+C correction substantially reduced the dependence
of apparent reflectance in the red and near-infrared bands on solar incidence geometry. MRSEI also
showed greater consistency with NPP, EVI, and LHGI than the conventional RSEI.

From 1996 to 2025, MRSEI exhibited pronounced interannual fluctuations but maintained an overall
upward trend. The multiyear mean MRSEI showed strong positive spatial autocorrelation (Moran’s I =
0.89), with high—high clusters concentrated mainly in the forested mountainous areas of the eastern and
southeastern parts of the study area. The XGBoost model achieved an R? of 0.44 in the temporally inde-
pendent holdout validation. Topographic, climatic, land-cover, and human-activity variables accounted
for 30.9%, 27.8%, 23.9%, and 17.4% of the total mean absolute SHAP importance, respectively. Under
the natural development scenario, the regional mean MRSEI is projected to decrease from 0.6596 in 2024
to 0.6472 in 2034. The proportion of the area classified as excellent is projected to decrease by 5.70 per-
centage points, whereas the proportions classified as moderate and good are projected to increase by 5.25
and 3.49 percentage points, respectively. These findings provide a methodological reference for long-term
ecological monitoring and spatially targeted restoration in plateau—mountain regions.

Data Availability. All datasets used in this study are publicly available from the sources listed in
Table 1, where the corresponding access links are provided.
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