
Academic Editor: Hesham M.

El-Askary

Received: 3 June 2025

Revised: 2 July 2025

Accepted: 8 July 2025

Published: 10 July 2025

Citation: Wang, Z.; Wang, B.; Zhang,

Q.; Lü, C. Spatial Evolution and

Driving Mechanisms of Vegetation

Cover in China’s Greater Khingan

Mountains Based on Explainable

Geospatial Machine Learning. Remote

Sens. 2025, 17, 2375. https://doi.org/

10.3390/rs17142375

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Spatial Evolution and Driving Mechanisms of Vegetation Cover
in China’s Greater Khingan Mountains Based on Explainable
Geospatial Machine Learning
Zihao Wang 1, Bing Wang 1,2,* , Qiuliang Zhang 1,2 and Changwei Lü 3

1 Forestry College, Inner Mongolia Agricultural University, Hohhot 010019, China;
1037961893@emails.imau.edu.cn (Z.W.); zqlemail@imau.edu.cn (Q.Z.)

2 Forest Ecosystem National Observation and Research Station of Greater Khingan Mountains in Inner
Mongolia, Genhe 022350, China

3 School of Ecology and Environment, Inner Mongolia University, Hohhot 010021, China; lcw2008@imu.edu.cn
* Correspondence: wangbing@imau.edu.cn

Abstract

As a crucial ecological barrier in China, the Greater Khingan Mountains play a vital role in
global ecological security. Investigating the spatiotemporal variations in fractional vegeta-
tion cover (FVC) and the driving mechanisms behind its spatial differentiation is essential.
This study introduced a KNDVI-XGeoML framework integrating the Kernel NDVI and
explainable geospatial machine learning to analyze the FVC dynamics and the mechanisms
driving their spatial differentiation in China’s Greater Khingan Mountains, based on which
targeted ecological management strategies were proposed. The key findings reveal that
(1) from 2001 to 2022, FVC showed an increasing trend, confirming the effectiveness of
ecological restoration. (2) The XGeoML model successfully revealed nonlinear relation-
ships and threshold effects between driving factors and FVC. In addition, both single-factor
importance and inter-factor interaction analyses consistently showed that landform factors
dominated the spatial distribution of FVC. (3) Regional heterogeneity emerged—human
activities drove the northern alpine zones, while landform factors governed other areas.
(4) The natural-environment-dominated zones and human-activity-dominated zones were
established, and management strategies were proposed: restricting tourism in low-altitude
zones, optimizing the cold-resistant vegetation at high elevations, and improving the
southern soil conditions to support ecological barrier construction. The innovation lies in
merging nonlinear vegetation indices with interpretable machine learning, overcoming the
traditional limitations in terms of saturation effects and analyses of spatial heterogeneity.
This approach enhances our understanding of high-latitude vegetation dynamics, offering
a methodological advancement for precision ecological management. The spatial zoning
strategy based on dominant drivers provides actionable insights for maintaining this critical
ecological barrier, particularly under climate change pressures. The framework demon-
strates strong potential for extrapolation to other ecologically sensitive regions requiring
data-driven conservation planning.

Keywords: Greater Khingan Mountains; spatially explainable machine learning; vegetation
cover; temporal and spatial variation; driving mechanism

1. Introduction
Global climate changes and increasing human activities have posed unprecedented

challenges to terrestrial ecosystems [1]. As a crucial link connecting the soil, atmosphere,
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and water [2], vegetation plays a vital role in maintaining ecosystem balance by regulating
the energy flow and material exchange among these components [3]. The dynamics of vege-
tation not only reflect ecosystem stability but also provide critical insights into the response
of regional ecosystems to global climate change and human activities. Therefore, investi-
gating the spatial and temporal patterns of vegetation changes and their driving factors is
essential for improving humans’ adaptive capacity in response to climate change. How-
ever, accurately quantifying vegetation changes and elucidating their driving mechanisms
remain a major scientific challenge in terrestrial ecosystem research [4].

As a core indicator for quantifying vegetation community growth on the Earth’s
surface, fractional vegetation cover (FVC) plays a crucial role in dynamically monitoring
vegetation growth, evaluating ecosystem health, and analyzing long-term environmental
trends [5]. FVC is typically defined as the percentage of the vertical projection area of
vegetation (including leaves, stems, and branches) on the ground relative to the total area of
the statistical region. It serves as a crucial parameter for characterizing surface vegetation
coverage. Studying FVC dynamics not only reflects vegetation growth status but also helps
uncover complex interactions among vegetation, the natural environment (i.e., climate,
soil, and topography), and human activities [6]. The measurement of FVC primarily re-
lies on ground measurements and remote sensing estimation [7]. Ground measurement
methods are intuitive and easy to implement, having played a crucial role in early FVC
monitoring [8]. However, with deepening of the research and the increasing demand for
ecological monitoring, ground measurements can no longer meet the needs of modern
FVC monitoring [9,10]. In contrast, remote sensing technology, which utilizes spaceborne
multispectral sensors, overcomes the limitations of ground measurements and provides
a powerful means for achieving large-scale and long-term FVC monitoring [11]. Inver-
sion in remote sensing of FVC often uses methods such as empirical models, vegetation
indices, and dimidiate pixel models [12]. Among these, the dimidiate pixel model has
gained significant attention due to its computational efficiency, broad applicability, and
high inversion accuracy. Traditional vegetation indices, such as the Normalized Difference
Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI), are commonly used
for FVC inversion within this model [13,14]. These indices are widely applied in assess-
ing vegetation health and monitoring its spatial distributions. However, when analyzing
regions with dense vegetation or high biomass, the NDVI and the EVI often suffer from
saturation effects, leading to reduced accuracy in FVC estimation [15–17]. To overcome
this limitation, Camps-Valls et al. proposed the Kernel Normalized Difference Vegetation
Index (KNDVI), which integrates kernel-based machine learning techniques to enhance its
vegetation monitoring capabilities [18]. Compared to traditional vegetation indices, the
KNDVI more effectively utilizes spectral information; exhibits greater stability and robust-
ness; and mitigates saturation effects and mixed-pixel issues [19]. As a result, integrating
the KNDVI with a dimidiate pixel model offers a more accurate representation of FVC’s
spatiotemporal dynamics. At present, the research on FVC inversion using the KNDVI
within the dimidiate pixel model remains limited, and its full potential in FVC estimation
still requires further exploration.

With the aim of obtaining high-precision FVC data, accurately analyzing the complex
mechanisms of its multidimensional driving factors remains a major challenge. The tradi-
tional approaches, such as multiple linear regression, partial least squares regression, and
correlation analysis [20–22], are limited by linear assumptions and static parameterization,
making them ineffective in capturing the complex nonlinear relationships between changes
in FVC and its driving factors. While machine learning models offer robustness to noise
and outliers in the data [23] and can effectively identify complex interactions and nonlinear
features among driving factors [24], they struggle with modeling complex spatial correla-



Remote Sens. 2025, 17, 2375 3 of 26

tions [25]. Additionally, most machine learning models provide only global insights and
fail to effectively capture the clustering effects and spatial autocorrelation of geospatial
variables [26]. Although geographically weighted regression (GWR) models can account
for spatial heterogeneity, their reliance on linear assumptions limits their ability to handle
complex nonlinear relationships between variables [27]. This technical disconnection in the
dual chain of “data inversion driving mechanism analysis” severely restricts the accurate
identification of FVC’s driving factors, thereby affecting a precise assessment of the ecosys-
tem dynamics and the scientific validity of management decisions. Therefore, there is an
urgent need for a method that can simultaneously consider both the spatial relationships
between FVC and its drivers and their nonlinear interactions. Such an approach would
enable a comprehensive analysis and quantification of these driving factors, providing a
scientific foundation for regional ecological management and sustainable development.

The XGeoML framework integrates geographically weighted (GW) models, machine
learning (ML) techniques, and explainable AI (XAI) to accurately identify the driving
mechanisms of FVC. It introduces the spatial weight matrix from GWR into the training
process of the machine learning model using an embedded coupling strategy. This approach
effectively addresses spatial heterogeneity and spatial autocorrelation among variables. It
also accounts for nonlinear effects, enabling the model to capture both spatial heterogeneity
and nonlinear relationships [28]. As a result, XGeoML provides a more fine-grained
perspective for understanding the mechanisms driving FVC changes. The traditional
machine learning algorithms are often seen as “black boxes” due to their complex internal
mechanisms. This lack of transparency makes feature selection and variable weighting
difficult to interpret. As a result, the models tend to have lower interpretability and reduced
trust in their outcomes [29]. XGeoML integrates XAI to improve the interpretability of
machine models, breaking the “black-box” effect of traditional machine learning models.
However, few studies have utilized the XGeoML approach to investigate the nonlinear
and spatially heterogeneous effects of drivers on FVC. This research gap urgently needs
to be addressed to comprehensively explore the intricate mechanisms underlying FVC
changes. A systematic evaluation of the applicability of the XGeoML model in this context
is essential, as it will provide a robust theoretical foundation for the scientific management
and restoration of ecosystems.

As a crucial component of China’s “two barriers and three belts” ecological security
strategy [30], the Greater Khingan Mountains serve as a critical forest resource base, a
climate-sensitive region, and a key carbon sink [31]. However, prolonged high-intensity
forest exploitation and inadequate management have led to the degradation of most of
the natural forests into structurally imbalanced, low-quality secondary forests [32]. This
has weakened regional ecosystems, reducing ecological integrity and stability and the
effectiveness of the ecological barrier’s function [31]. In this context, there is an urgent need
to investigate the spatiotemporal dynamics of FVC and their driving mechanisms in the
Greater Khingan Mountains. This will help reveal the intrinsic laws governing regional
ecosystem changes. It is also essential to assess the roles and degrees of influence of various
driving factors. Such insights are critical for formulating precise ecological restoration and
management strategies. These efforts will provide a solid scientific basis for protecting
the ecosystems of the Greater Khingan Mountains and ensuring their sustainable develop-
ment. Ultimately, this research will support the reinforcement of the region’s ecological
security framework. This study focuses on the Greater Khingan Mountains by constructing
the KNDVI-XGeoML coupling framework and integrating TS and MK tests to analyze
the spatiotemporal evolution of FVC. It further examines the nonlinear influences of key
driving factors—including climate, human activities, and landform conditions—on FVC
changes and their spatial heterogeneity. The objectives of this study are to (1) reveal the
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spatiotemporal evolution characteristics of FVC in China’s Greater Khingan Mountains;
(2) validate the applicability of the XGeoML model in China’s Greater Khingan Mountains;
(3) quantify the nonlinear response thresholds for key drivers and their spatial heterogene-
ity patterns; (4) analyze the global and local impacts of driving factors on FVC through a
local interpretative model, examining both the individual effects of single factors and the
interactive effects between factors; and (5) provide regionally differentiated management
recommendations for the ecological protection of the Greater Khingan Mountains. These
findings provide new technical ideas for identifying the driving factors behind FVC; en-
hance our understanding of complex regional ecosystem dynamics; and offer a scientific
basis for ecological protection, carbon sink management, and sustainable development in
the Greater Khingan Mountains.

2. Materials and Methods
2.1. The Study Area

The study area is located in the Greater Khingan Mountains of China, spanning
121◦12′–127◦00′E and 50◦10′–54◦33′N (Figure 1). It experiences a typical temperate mon-
soon climate, characterized by dry and windy springs; short, hot, and humid summers;
rapidly cooling autumns with early frosts; and long, cold winters. The mean annual temper-
ature is −5.4 ◦C, with the annual precipitation ranging from 200 to 500 mm. The region’s
average elevation is 1200–1300 m, with slopes ranging from 5◦ to 20◦ [33].

Figure 1. The location of the study area.

2.2. The Data Collection and Processing

In this study, the vegetation index KNDVI was calculated using the MOD09GA prod-
uct from MODIS based on the Google Earth Engine (GEE) platform. GEE is a cloud
geospatial analysis platform developed by Google, which is specially used to process
satellite images and other Earth observation data. The platform integrates massive satellite
images and geospatial data resources and supports planetary-scale storage and distributed
computing. MOD09GA provides daily surface reflectance data with a high temporal reso-
lution and accurate radiometric calibration, making it well-suited to time series monitoring
and vegetation index calculation at the regional scale. Leveraging the powerful distributed
computing capabilities of the GEE platform, the MOD09GA data were preprocessed, and
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the KNDVI was extracted to ensure the stability and efficiency of large-scale remote sensing
data processing.

For the selection of the driving factors, an indicator system was constructed based
on three dimensions—human factors, climate factors, and landform factors—referring
to relevant research findings. This system aims to quantitatively assess the influence of
different types of driving forces on the spatial heterogeneity of FVC in the study area.
Specifically, the human factors include GDP data, population data, and NPP-VIIRS-like
nighttime light (NTL) data. Among these, the GDP and population data are non-continuous,
while the NPP-VIIRS-like NTL data is continuous. To improve this research’s accuracy,
multi-year raster datasets of these indicators were averaged using the Raster Calculator in
ArcGIS 10.8, thereby reducing the noise caused by temporal fluctuations. Landform factors
include elevation, slope, aspect, and soil type. Among these, slope and aspect were derived
from the elevation data using ArcGIS’s spatial analysis tools. All of the landform datasets
were based on single-year data. Climate factors were obtained from the Climatic Research
Unit (CRU) dataset provided by the UK’s National Centre for Atmospheric Science (NCAS),
consisting of monthly continuous meteorological records. To standardize the temporal
scale and reduce the influence of seasonal variation, multi-year average raster datasets
were generated using the Raster Calculator in ArcGIS 10.8.

To enhance the analytical efficiency and ensure spatial comparability across variables,
all raster data were resampled to a 1 km resolution using ArcGIS 10.8 and projected using
the WGS_1984_Albers coordinate system. Detailed data sources and descriptions are
provided in Table 1.

Table 1. Data information.

Data Type Data Name Spatial Resolution Temporal Resolution Data Source

Vegetation index MOD09GA 500 m 2001–2022
Google Earth Engine (GEE)

(https://code.earthengine.google.com/)
(accessed on 1 January 2025)

Human drivers

China Land Cover
Dataset
(CLCD)

30 m 2001, 2022
AI Earth

(https://engine-aiearth.aliyun.com/)
(accessed on 1 January 2025)

Gross Domestic Product
(GDP) 1 km 2001–2022

Resource and Environmental Science
Data Platform

(https://www.resdc.cn/Default.aspx)
(accessed on 3 January 2025)

Population Data
(POP)

NPP-VIIRS-Like NTL
Data (Nighttime Light) 500 m 2001–2022

AI Earth
(https://engine-aiearth.aliyun.com/)

(accessed on 3 January 2025)

Climate drivers

Mean Annual
Temperature

(MAT)

1 km 2001–2022
CRU (https:

//crudata.uea.ac.uk/cru/data/hrg/)
(accessed on 1 January 2025)

Mean Annual
Temperature
Precipitation

(MAP)
Maximum Temperature

(TMAX)
Minimum Temperature

(TMIN)

Landform drivers

Elevation
Aspect
Slope

90 m 2005
AI Earth

(https://engine-aiearth.aliyun.com/)
(accessed on 3 January 2025)

Soil Type 1 km 2001

Resource and Environmental Science
Data Platform

(https://www.resdc.cn/Default.aspx)
(accessed on 3 January 2025)

https://code.earthengine.google.com/
https://engine-aiearth.aliyun.com/
https://www.resdc.cn/Default.aspx
https://engine-aiearth.aliyun.com/
https://crudata.uea.ac.uk/cru/data/hrg/
https://crudata.uea.ac.uk/cru/data/hrg/
https://engine-aiearth.aliyun.com/
https://www.resdc.cn/Default.aspx
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2.3. Methods

In this study, we first calculated the KNDVI using MOD09GA data and estimated
the FVC using the dimidiate pixel model. Next, we analyzed the spatial and temporal
trends in FVC using the TS median slope analysis and the MK test. Finally, we applied the
XGeoML model to investigating the driving mechanisms behind FVC’s spatial differentia-
tion. Based on these findings, we proposed targeted ecological management policies. The
methodological workflow is illustrated in Figure 2.

Figure 2. A flowchart of this study.

2.3.1. Vegetation Cover Inversion

(1) KNDVI calculations

The MOD09GA dataset was used to calculate the KNDVI. The MOD09GA dataset
is derived from the Moderate Resolution Imaging Spectroradiometer (MODIS), which
is mounted onto the Terra and Aqua satellites [34]. It is widely used to monitor surface
reflectance, particularly in vegetation dynamics and ecosystem research, providing essential
data for remote sensing studies and environmental monitoring. The formula for calculating
the KNDVI is as follows:

KNDVI = tanh

[(
NIR − Red

2σ

)2
]

(1)

where NIR represents the near-infrared band, red represents the red band, and σ denotes the
length-scale parameter, which regulates the sensitivity between dense and sparse vegetation
pixels or regions. In this study, we introduced an independent method to estimate σ for
each pixel. This method calculates the median distance between the near-infrared and
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red reflectance values for each pixel, allowing the KNDVI to respond more precisely to
individual pixel characteristics and adapt to their specific features better.

(2) The dimidiate pixel model

FVC estimation was based on the KNDVI dataset. The formula is as follows [35].

FVC =
KNDVI − KNDVImin

KNDVImax − KNDVImin
(2)

where KNDVImax represents the KNDVI value corresponding to pure vegetation pixels,
where the value at the 95th percentile of the KNDVI is adopted. KNDVImin represents the
KNDVI value associated with pixels with no vegetation cover at all, where the value at the
5th percentile of the KNDVI is utilized.

2.3.2. The Spatiotemporal Variation in the FVC and a Future Trend Analysis

The Sen slope estimator is a robust non-parametric statistical method for trend analysis.
It features high computational efficiency and is well-suited to analyzing long-term time
series data. In this study, we employed this method to analyze the trends in the FVC. Its
calculation formula is as follows:

β = Median
( xj − xi

j − i

)
∀j > i (3)

where Median() represents the median value. If β is greater than zero, this indicates an
increasing trend in FVC; otherwise, it indicates a decreasing trend.

Meanwhile, this study employed the Mann–Kendall non-parametric test to assess the
significance of the trends in the vegetation index. This method is robust to the influence of
certain outliers, ensuring more reliable results. The calculation formula is as follows:

S =
n=1

∑
i=1

n

∑
j=i+1

sgn(xj − xi
)

(4)

sgn
(
xj − xi

)
=


+1 xj − xi > 0

0 xj − xi = 0
−1 xj − xi < 0

(5)

where S represents the test statistic, and sgn() denotes the sign function.
Additionally, this study employs a two-sided trend test at a given significance level

(set to 0.05 in this study). The specific calculation formula is provided in Equation (6), and
the criteria for determining trend significance are shown in Table 2.

Z =


S√

Var(S)
( S > 0)

0 ( S = 0)
S+1√
Var(S)

( S < 0)
(6)

Var(S) =
n(n − 1)(2n + 5)

18
(7)

where Z represents the test statistic, n denotes the number of data points in the time series.

Table 2. A significance judgment table for the trend test.

β Z Trend Significance

β > 0 Z > 2.58 Extremely significant increase
2.58 ≥ Z > 1.96 Significant increase
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Table 2. Cont.

β Z Trend Significance

β > 0 1.96 ≥ Z > 1.65 Slightly significant increase
1.65 ≥ Z No significant increase

β = 0 Z No significant change

β < 0

Z ≤ 1.65 No significant decrease
1.65 < Z ≤ 1.96 Slightly significant decrease
1.96 < Z ≤ 2.58 Significant decrease

2.58 < Z Extremely significant decrease

2.3.3. Identification and Analysis of the Driving Factors for FVC

(1) Traditional models

In this study, to systematically assess the advantages of the XGeoML model in iden-
tifying the drivers of spatial variation in FVC in the Greater Khingan Mountains, five
mainstream models were selected for a comparative analysis. These included the clas-
sical linear regression model (OLS) [36], the geographically weighted regression (GWR)
model [37], multiscale geographically weighted regression (MGWR) [38], and three ma-
chine learning models—LightGBM, Gradient Boosting Regressor (GBR), and Random
Forest (RF) [39,40]. Each model underwent a rigorous parameter optimization process,
with the optimal parameter combinations detailed in Table 3. The input features were
based on multi-year average raster data derived using the ArcGIS Raster Calculator, en-
compassing three dimensions: human factors, climate factors, and landform factors. The
target variable was the multi-year average FVC. After the model training, the output is
the FVC prediction results. The models’ accuracy was primarily evaluated using four key
metrics: the coefficient of determination (R2), the root mean square error (RMSE), the mean
absolute error (MAE), and the mean square error (MSE) [41]. These metrics comprehen-
sively reflect each model’s performance in terms of the prediction accuracy, goodness of fit,
and error control.

Table 3. Model parameter optimization.

Model Bandwidth Max Depth Number of Trees/
Number of Leaves Mtry Learning Rate

OLS / / / / /
GWR 110 / / / /

MGWR 160 / / / /
LightGBM / 10 74 / 0.12

RF / / 500 4 /
GBR / 6 / / 0.1

1. The OLS model was implemented using the dplyr package in R 4.4.2 for data prepro-
cessing and model construction.

2. The GWR model was constructed using the GWmodel package in R 4.4.2. In this study,
a bisquare kernel function was used to measure the weight relationships between sam-
ples at different spatial locations. This kernel function is characterized by a gradual
decrease in weight following a bisquare function as the distance between a sample and
the central point increases, effectively adjusting the weights based on sample prox-
imity. Additionally, an adaptive bandwidth approach was employed during model
construction, with the optimal bandwidth determined through cross-validation [37].
Through this optimization process, the GWR model is ensured to provide a more
precise analysis of the spatial relationships in complex spatial data environments.
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3. The MGWR model was downloaded from the School of Geographical Sciences and
Urban Planning, using a second-order kernel function to determine the bandwidth,
and cross-validation was applied for verification.

4. We constructed the LightGBM and Random Forest (RF) models using R 4.4.2. The RF
model was implemented via the RandomForest package, with the hyperparameters
mtry (number of features randomly selected at each split) and ntree (number of deci-
sion trees) optimized using the caret package. The LightGBM model was developed
within the tidyverse integration framework, focusing on tuning key hyperparameters:
max_depth (maximum tree depth), learning_rate, and num_leaves (number of leaf
nodes). To enhance the models’ robustness and generalization, we applied strati-
fied random sampling to splitting the dataset into training and validation sets at a
7:3 ratio. Hyperparameter optimization was performed using Grid Search (GSS), and
the models’ generalization was improved further through 5-fold cross-validation.

5. We constructed the GBR model using Python 3.13.2’s scikit-learn library. The model
was implemented via the ensemble module, with the hyperparameters learning_rate
and max_depth (maximum depth of the individual regression estimators) optimized.
The model was developed within a pipeline that included preprocessing steps: one-
hot encoding for categorical features (including soil) and standard scaling for nu-
merical features. To enhance the model’s robustness and generalization, we ap-
plied random sampling to splitting the dataset into training and validation sets at a
7:3 ratio. Hyperparameter optimization was performed using Random Search with
5-fold cross-validation.

(2) The XGeoML model

XGeoML integrates XAI and ML models within the fundamental assumption of
geographic weighting to develop an interpretable spatial machine learning framework
that accurately captures and explains spatial variability. In this model, “X” represents XAI
models (including LIME and SHAP) to clarify the decision-making process and enhance
the interpretability; “Geo” represents the GWR model, which increases the sensitivity to
geographic nuances by incorporating spatial dependencies; and “ML” represents machine
learning models, which process and analyze the complexity and nonlinearity of geospatial
data [28]. In this study, the specific workflow of the XGeoML model was as follows: First,
an appropriate initial bandwidth and spatial weighting scheme were selected. Then, a local
machine learning model (GBR) was constructed for each spatial point and trained using
leave-one-out cross-validation. Next, an iterative search was conducted to determine the
optimal bandwidth that maximized the model performance. After identifying the optimal
bandwidth, it was integrated with the machine learning model, and SHAP tools along with
feature importance were applied to generating interpretable spatial variation coefficients.
Finally, partial dependence estimation was performed for selected features to analyze
the nonlinear relationships between the features and the response variable. The specific
structures and parameters selected for the XGeoML model in this study are presented in
Table 4.

Table 4. Optimal parameters and accuracy of XGeoML models.

Model XAI Geospatial ML Bandwidth

XGeoML SHAP GWR GBR 260
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The Geo module in XGeoML utilizes the GWR model to characterize spatial variability,
which is calculated as follows:

Sw(β) = ∑n
i=1wi

(
yi − xT

i β
)2

; Sw(β) = ∑n
i=1wi

(√
wiyi −

√
wix

T
i β
)2

(8)

wi = exp

(
−

d2
i

2σ2

)
(9)

where Sw(β) represents the weighted sum of squared errors, measuring the discrepancy
between the model’s predicted values and the actual values, with the goal of minimizing
this value to obtain the optimal model parameters β; n is the number of samples; and wi

is the spatial weight for the i-th observation point, reflecting its spatial relationship with
other points, which is determined by the chosen spatial weight kernel function. The term
yi denotes the true value of the response variable at the i-th observation point, while xi

represents the vector of explanatory variables and xT
i is its transpose. Additionally, di

indicates the distance between the target point and the i-th point, and σ is the bandwidth
parameter, controlling the rate at which the spatial weights decay with increasing dis-
tance. A larger σ value results in a slower decrease in weight over distance, indicating a
broader range of influence. This formulation allows the GWR model to effectively cap-
ture spatial heterogeneity by assigning different weights to observations based on their
spatial proximity.

In the ML module, this study selects the Gradient Boosting Regressor (GBR) as the
model for analyzing the complexity and nonlinear characteristics of geospatial data within
the XGeoML framework. GBR is a widely used machine learning algorithm that integrates
multiple weak learners and employs gradient descent to optimize the objective function,
effectively capturing complex relationships within the data. Moreover, it demonstrates
strong robustness in data processing, as it is insensitive to outliers and can adapt to
different data distributions. Additionally, GBR offers high flexibility, with numerous
tunable hyperparameters that allow users to optimize the model for various scenarios.
Furthermore, it can seamlessly be integrated with other techniques to enhance performance
and adaptability [42].

In the XAI module, the SHAP model was chosen in this study to explain the decision-
making process of XGeoML. Compared to the LIME model, SHAP exhibits better stability,
as LIME generates different samples each time it resamples, which may lead to variations
in feature importance when the model is refitted [43]. Additionally, SHAP is more effec-
tive in handling correlations between feature variables, addressing a key limitation of
LIME, which performs normal sampling and ignores feature correlations. This reduces the
risk of generating irrational samples. Moreover, while LIME provides only local explana-
tions, SHAP offers both local and global explanations, making it superior in terms of the
comprehensiveness and granularity of the model’s interpretability [43,44].

SHAP, known as Shapley Additive Explanations, was proposed by Lundberg and
Lee (2017) and is based on coalitional game theory (1953). This method considers all
input features as contributors to the model’s predictions and quantifies their influence by
computing the SHAP values for each feature. A positive SHAP value indicates that the
feature has a positive impact on the prediction, while a negative SHAP value suggests a
negative impact. The larger the absolute SHAP value, the more significant the feature’s
contribution. The predicted value of a given sample is obtained by adding the baseline
value to the sum of the SHAP values of all input features for that sample. By integrating
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theoretical foundations with empirical knowledge, SHAP serves as a powerful tool for
verifying the reliability of model predictions [44]. The calculation formula is as follows:

∅i = ∑
S⊆N(i)

|S|!(|n| − |S| − 1)!
n!

[ f (S ∪ {i} − f (s))] (10)

where ∅i denotes the set of explanatory variables i; N denotes the set of all explanatory
variables; S denotes the subset of features without the feature j; |S| and |n| are the sets of
explanatory variables in subset S and subset n, respectively; |S|! and (|n| − |S| − 1)! are
factorial operations; and f (S ∪ {i}) and f (s) denote the model results with and without
the explanatory variables i, respectively.

3. Results
3.1. Spatiotemporal Variations in FVC

From 2001 to 2022, the FVC values in the study area ranged from 0.072 to 0.505
(Figure 3a), indicating generally favorable vegetation growth conditions. Spatially, FVC
exhibited a “high in the north, low in the south” distribution pattern, demonstrating
significant spatial heterogeneity. By integrating the spatial distribution of land use in
the Greater Khingan Mountains region (Figure 1), it was observed that high FVC values
were primarily concentrated in forested areas, particularly in mixed coniferous–broadleaf
forests. In contrast, extremely low FVC values were mainly found for impervious surfaces,
suggesting that human activities had an inhibitory effect on FVC. The TS trend analysis
(Figure 3b) revealed that FVC in the study area exhibited an overall increasing trend from
2001 to 2022, with an average growth rate of 0.008 (10a)−1. Specifically, 63.37% of the
study area showed an increasing FVC trend, while 36.63% exhibited a decreasing trend.
The results of the MK test, used to validate the TS trend analysis, indicated (Figure 3c)
that 4.51% of the study area experienced a significant decline in FVC (including extremely
significant, significant, and slightly significant trends), whereas 17.48% of the area exhibited
a significant increase in FVC.

 

Figure 3. (a–c) Changes in FVC trends and significance test results from 2001 to 2022: (a) represents
the spatial distribution of FVC; (b) represents the variation trend of FVC; (c) represents the significance
test of FVC variation trend.
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In summary, from 2001 to 2022, FVC in the Greater Khingan Mountains region demon-
strated an overall increasing trend, with notable spatial variations. The vegetation recovery
was more pronounced in the southern and eastern regions, whereas certain areas still
experienced a declining trend.

3.2. Global Results
3.2.1. Model Comparison

The models’ performance was assessed using statistical metrics, including R2, RMSE,
MAE, and MSE. As shown in Table 5, the XGeoML model outperformed the other models
across all evaluation parameters. This finding suggests that the XGeoML model is well-
suited to identifying the driving factors of FVC in the Greater Khingan Mountains.

Table 5. Parameter performance of OLS, GWR, RF, and XGeoML models.

Models R2 RMSE MAE MSE

OLS 0.396 0.0545 0.044 0.0030
GWR 0.705 0.0381 0.030 0.0015

MGWR 0.756 0.0364 0.030 0.0015
LightGBM 0.755 0.0347 0.026 0.0012

RF 0.751 0.0346 0.026 0.0012
GBR 0.741 0.0359 0.027 0.0013

XGeoML 0.777 0.0331 0.025 0.0011

3.2.2. Global Relative Importance Influence Analysis of Driving Factors on FVC

The XGeoML model was used to compute the absolute Shapley values (|SHAP|)
for all samples, quantifying the overall impact of each driving factor on the spatial dif-
ferentiation of FVC. Figure 4a presents the global feature importance, which considers
all samples and calculates the mean |SHAP| value for each driving factor. Among all
selected factors, elevation had the greatest influence on the spatial differentiation of the
FVC, with a mean |SHAP| value of 0.011, indicating that elevation was the dominant factor
affecting the spatial distribution of FVC. This was followed by POP (0.007), GDP (0.006),
and slope (0.005). The effects of MAT, MAP, TMIN, TMAX, soil type, and aspect were
relatively similar, whereas nighttime light had the lowest mean |SHAP| value, suggesting
its minimal impact on spatial variation in FVC.

Figure 4. (a,b) Global and local importance of drivers: (a) represents the global feature importance;
(b) represents the local feature importance.

Figure 4b illustrates the local feature importance by plotting the Shapley values of
each sample for each feature, where the y-axis represents the driving factors and the x-axis
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represents the SHAP values. A value greater than 0 indicates a positive influence, while
a value less than 0 indicates a negative influence. The local feature importance analysis
(Figure 4b) revealed that elevation, POP, GDP, slope, soil type, TMIN, and aspect generally
had a positive effect on spatial variation in the FVC, meaning that an increase in these
factors was typically associated with higher FVC values. In contrast, factors such as the
MAT and the MAP exhibited a weak positive impact on FVC, whereas nighttime light
showed no significant influence on the spatial differentiation of FVC.

3.2.3. Nonlinear and Threshold Influence Analysis of Driving Factors on FVC

Local dependence plots (LDPs) and SHAP values were used to reveal the nonlinear
and threshold effects of driving factors on the spatial differentiation of FVC in the Greater
Khingan Mountains (Figure 5).

Figure 5. The local dependence of the driving factors behind FVC: red line represents variation trend.

The impact of elevation on FVC exhibited a distinct nonlinear relationship with a
threshold effect, forming an inverted U-shape. When the elevation ranged from 200 to
600 m, the SHAP values increased significantly, indicating that this elevation range was
favorable for vegetation growth. When the elevation exceeded 500 m, the SHAP values
transitioned from negative to positive, suggesting a local effect shift in how elevation
influences vegetation growth. The SHAP value peaked at around 600 m, highlighting the
strongest positive impact of elevation on FVC at this point. However, as the elevation
continued to increase, the SHAP values gradually declined, turning negative at approxi-
mately 1200 m, indicating that high elevations may suppress vegetation growth. The slope
generally exhibited a relatively stable positive effect on FVC below 26◦, meaning that an
increase in slope was typically associated with higher FVC values. Aspect influenced FVC
by affecting soil moisture and the distribution of solar radiation. In the study area, when
the aspect ranged between 50◦ and 150◦, the SHAP values increased with aspect, likely due
to favorable sunlight and moisture conditions that supported vegetation growth. However,
when the aspect exceeded 225◦, the SHAP values shifted from positive to negative, indi-



Remote Sens. 2025, 17, 2375 14 of 26

cating that certain aspect orientations may have an adverse effect on FVC. The impact of
soil type factors on FVC showed significant fluctuations in the SHAP values, suggesting
complex spatial variations. This trend may be associated with differences in the soil’s
physicochemical properties required by different types of vegetation.

In the study area, the influence of GDP and POP on FVC exhibited a nonlinear variation
trend, with their SHAP values showing a “decline-followed-by-rise” pattern. As economic
activity and population growth intensified, land development and urban expansion likely
exerted negative impacts on FVC, leading to lower SHAP values. The SHAP values for the
nighttime light factor were predominantly zero, likely due to the low level of urbanization
in the Greater Khingan Mountains. Limited nighttime light pollution and minimal direct
urban disturbances contributed to the weak influence of urbanization on vegetation growth.
Furthermore, as the region is primarily covered by forest ecosystems, the spatial extent of
nighttime lighting is restricted, resulting in an insignificant impact on FVC.

The SHAP values for MAT showed no significant overall variation. However, when
the MAT exceeded the 0 ◦C threshold, the direction of the changes in the SHAP values
shifted slightly toward a positive influence. This trend suggests that temperatures rising
above freezing benefits vegetation growth, likely because the suppression of photosynthesis
and metabolic activities due to low temperatures diminishes, thereby promoting an increase
in FVC. The SHAP values for TMAX gradually decreased as the maximum temperature
increased, indicating that excessively high maximum temperatures may suppress FVC.
This effect is likely related to drought stress induced by high temperatures. In contrast,
TMIN exhibited a positive effect on FVC, with the SHAP values increasing as the minimum
temperature rose. This pattern suggests that higher minimum temperatures help reduce the
risk of nighttime frost damage, creating a more stable growth environment for vegetation.
FVC’s response to MAP demonstrated a clear threshold effect. When the MAP ranged
between 350 and 500 mm, the SHAP values were positive, indicating that moderate precipi-
tation levels promote vegetation growth. However, when the precipitation dropped below
350 mm or exceeded 500 mm, the SHAP values turned negative. This pattern suggests
that both insufficient and excessive rainfall can negatively impact vegetation, likely due to
water stress or excessive waterlogging.

3.2.4. Interaction Effects of Driving Factors on FVC

Quantifying the effects of individual driving factors was insufficient to fully reveal
the mechanisms underlying the spatial differentiation of FVC. Therefore, it was necessary
to investigate the synergistic effects among multiple factors and their combined influence
on the spatial pattern of FVC further. Figure 6 shows the interaction effects between the
driving factors calculated using the SHAP algorithm. The interaction effects revealed by
SHAP represented the additional impact on the spatial variation in FVC resulting from the
joint contribution of two driving factors, excluding their individual main effects. Nighttime
light exhibited no significant interaction with the other variables, suggesting that this
factor had a very limited contribution to the spatial differentiation of FVC when acting in
combination with others and demonstrated a high degree of independence. In contrast, the
interaction between elevation and slope was the strongest, indicating a possible synergistic
mechanism between these two topographic factors in regulating hydrothermal conditions
which played a key role in the vegetation distribution. In addition, a strong interaction
was observed between POP and GDP, suggesting that socioeconomic factors associated
with the intensity of human activity also exerted a notable impact on FVC when acting
together. Overall, aside from nighttime light, most of the driving factors showed strong
interaction effects with elevation. For instance, the interaction between elevation and POP
was prominent, possibly reflecting the indirect regulatory effect of human activities on the
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vegetation cover across different altitudinal gradients. These results further confirmed the
dominant role of elevation in driving the spatial variation in FVC in the study area.

Figure 6. The interactions between driving factors behind FVC’s spatial differentiation. The position
of each point indicates the strength of the interaction, while the density and spread of the points
reflects the extent to which the interaction between two factors influence FVC variation. Each point
corresponds to a sample, and its color coding is related to the feature value: the closer the color is to
red, the greater the corresponding feature value of that sample; the more it leans towards blue.

3.3. Primary Factors Influencing FVC Identified at the Local Scale

To analyze the dominant effects of the driving factors at the local scale further, this
study statistically analyzed the SHAP values for the driving factors at the county scale.
Figure 7 shows the spatial distributions and area proportions for each dominant factor.

(1) The local dominant effects of overall driving factors: Among all driving factors,
elevation, GDP, POP, and soil type exhibited the strongest local dominant effects.
Elevation had the most significant local dominant effect on the spatial differentiation
of FVC in the Greater Khingan Mountains, covering 63.2% of the study area, mainly
concentrated in 12 counties, including Genhe City, Ergun County, and Huma County
(Figure 7a). These areas are characterized by mountainous and high-elevation terrain,
with significant topographic variation leading to substantial differences in vegetation
type and distribution. POP was the second most influential local driving factor,
covering 21.1% of the study area (Figure 7e), mainly in Tahe County, Morin Dawa
Daur Autonomous Banner, and Ewenki Autonomous Banner (Figure 7a).

(2) The local dominant effects of different driving factors: Of the human drivers, POP
and GDP had the strongest local dominant effects. POP had the widest range of
influence (Figure 7f), covering 74% of the study area, where the population density
is relatively high and human activities are frequent. This indicates that changes in
POP may be an important factor affecting FVC. GDP had localized effects mainly
in Mohe City, Ergun City, and Huma County (Figure 7b), where economic activities
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such as agriculture and tourism have led to land use changes, thereby impacting FVC.
For instance, tourism development in Mohe City and Ergun City might have caused
ecological changes in these regions. Climate drivers had dominant effects in different
counties, among which the dominant effect of MAP covered 47.4% of the study area,
mainly the southern part of the region (Figure 7g). This suggests that FVC changes in
these areas may be closely related to water availability. MAT, TMIN, and TMAX had
local dominant effects on the northern part of the study area (Figure 7c), likely due to
the extremely cold climate in this region, where the vegetation is more sensitive to
temperature fluctuations. For example, Genhe City, known as “China’s Cold Pole”,
has recorded extreme winter temperatures as low as −58 ◦C. In the landform drivers,
elevation had the most significant local dominant effect, covering 74% of the study
area (Figure 7h). This effect was mainly distributed in the high-elevation areas of the
Greater Khingan Mountains, where the rugged topography made the vegetation and
FVC highly sensitive to changes in elevation. Soil type had a certain dominant effect
in some plain areas, such as New Barag Left Banner, suggesting that soil type is a key
factor influencing changes in FVC in these regions (Figure 7d).

Figure 7. (a–h) The spatial distributions of the main effects of the driving factors: (a) represents the
spatial distribution of dominant factors among the total driving factors; (b) represents the spatial
distribution of dominant factors among human driving factors; (c) represents the spatial distribution
of dominant factors among climate driving factors; (d) represents the spatial distribution of dominant
factors among landform driving factors; (e) represents the area proportion of dominant factors among
all driving factors; (f) represents the area proportion of dominant factors among human driving
factors; (g) represents the area proportion of dominant factors among climate driving factors; and
(h) represents the area proportion of dominant factors among landform driving factors.

4. Discussion
4.1. The Advantages of the KNDVI-XGeoML Framework

This study developed a KNDVI-XGeoML coupled framework, integrating nonlinear
vegetation index optimization with spatially interpretable machine learning to simulta-
neously enhance the retrieval accuracy for FVC and improve the analysis of its driving



Remote Sens. 2025, 17, 2375 17 of 26

mechanisms. In investigating the spatial differentiation of FVC drivers, this study quanti-
fied the nonlinear relationships and the threshold effects of human drivers, climate drivers,
and landform drivers on changes in FVC, offering an advantage over the traditional linear
models [21]. Compared with the global nonlinear fitting methods of the traditional ma-
chine learning models, the XGeoML model employed in this study integrated the spatial
weighting method of GWR and the nonlinear fitting capability of machine learning to con-
struct multiple localized nonlinear models, considering the effects of spatial autocorrelation
between FVC and its driving factors. This improvement compensated for the limitations of
traditional machine learning models in ignoring spatial dependencies among variables and
enhanced its ability to identify key driving factors [45]. In addition, XGeoML combined
with the SHAP method enhanced the interpretability of the model. This integration not
only quantified the global and local impacts of human activities, climate, and landform
drivers on variations in FVC but also unveiled the mechanisms of the driving factors in
different regions. By mitigating the black-box effect inherent in machine learning models,
this approach enhanced the transparency and reliability of the results [46]. Furthermore,
the results from the model comparison demonstrated that the KNDVI-XGeoML framework
exhibited distinct advantages in analyzing the spatiotemporal dynamics compared to tradi-
tional models such as OLS, GWR, MGWR, LightGBM, GBR, and RF. For instance, in the
FVC retrieval experiments, the XGeoML model achieved an R2 value of 0.777, outperform-
ing the GWR model (R2 = 0.705) and thereby significantly improving the model’s accuracy
in identifying driving factors.

In summary, this framework realized an end-to-end optimization process from FVC re-
trieval to the driving mechanism analysis, providing robust scientific support for ecosystem
management and policy decision-making. Overall, the construction of the KNDVI-XGeoML
coupled framework offered a novel methodological approach to FVC retrieval and ecologi-
cal driver analysis while also serving as a valuable tool for regional ecosystem management
and sustainability planning.

4.2. Spatiotemporal Trends in FVC

From 2001 to 2022, FVC in the Greater Khingan Mountains showed an overall increas-
ing trend. Spatially, high FVC values were mainly concentrated in the northern and central
parts of the study area, exhibiting significant spatial heterogeneity. This conclusion was
consistent with the findings of Shi et al. [47], Gong [48], and Huang et al. [49]. This trend
was primarily attributed to a series of ecological protection policies implemented by the
government, particularly those aimed at forest conservation and vegetation restoration.
For example, the Natural Forest Protection Program (NFPP), launched in 2000, strictly
limited commercial logging activities and promoted natural forest recovery and ecological
balance, thereby driving FVC growth [50]. Additionally, the Grain for Green Program
(GFGP), introduced in 2001, not only facilitated the conversion of farmland into forested
land but also expanded forest areas through afforestation efforts. The combined effects of
these policies have steadily increased the forest FVC in the Greater Khingan Mountains. To
validate this conclusion, this study applied a land use transition matrix analysis (Figure 8),
which showed that the forested area in the Greater Khingan Mountains increased by
4003.76 km2 from 2001 to 2022. This result further confirmed the significant effectiveness of
the aforementioned ecological protection policies. Thus, government-led ecological projects
have played a crucial role in promoting forest vegetation restoration, providing a solid
foundation for regional ecological improvements.
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Figure 8. The land use transfer matrix for the Greater Khingan Mountains.

4.3. Driving Factors of the Spatial Differentiation in FVC

The global and local results of the SHAP analysis indicated that among the landform
drivers, elevation was the most significant factor influencing the spatial variation in FVC in
the Greater Khingan Mountains. Specifically, the response of FVC to elevation exhibited a
distinct nonlinear pattern: when the elevation was below 600 m, FVC gradually increased
with increasing elevation; however, beyond 600 m, FVC progressively decreased as the
elevation rose, although it remained higher than that in low-elevation areas. This finding
aligned with the terrain threshold effect reported by Gao et al. [51]. Previous studies have
demonstrated that spatial variation in FVC is a result of multiple factors interacting [52],
and the spatial distribution of the driving factors, along with their SHAP values, further
revealed the interactions between elevation and the other drivers. In particular, the human
activity factors (POP and GDP) exhibited significant differences across elevations. In the
high-elevation regions, both the POP and GDP were relatively low, with correspondingly
lower SHAP values. This suggested that high elevation acted as a natural barrier to human
activities, thereby mitigating their negative impact on FVC [53,54]. Additionally, prior
research has shown that elevation indirectly influences FVC by affecting the environmental
conditions for vegetation growth, a finding consistent with our results [55]. Further analysis
of the spatial distribution of the driving factors revealed that in the higher-elevation regions,
MAT, TMAX, TMIN, and MAP were all at moderate levels. This suggested that elevation
may have influenced FVC indirectly by modulating climate factors. Among the landform
drivers, aside from elevation, slope was identified as the second most influential factor
affecting the spatial variation in FVC. When the slope was less than 4◦, the FVC was
generally low; however, the FVC showed a gradual increasing trend within the slope
range of 8◦ to 26◦. The spatial distributions of the driving factors (Figure 9) indicated that
slope was closely related to elevation, with high-slope areas often corresponding to higher
elevations. Meanwhile, the interaction analysis in Section 3.2.4 further confirmed that a
significant interaction existed between slope and elevation. Their synergistic effect was an
important driver of the spatial heterogeneity in FVC. This suggested that slope not only
directly affected vegetation growth but also indirectly influenced vegetation coverage by
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regulating elevation and other environmental factors, such as soil moisture and nutrient
conditions. Based on this, it was inferred that the relatively lower FVC in areas with slopes
of less than 4◦ was mainly due to the relatively flat terrain providing favorable conditions
for human activities, which increased the land use intensity and thereby limited the growth
of natural vegetation. In contrast, areas with slopes between 8◦ and 26◦ experienced less
human disturbance, partly because of the steeper slopes, combined with higher elevation.
Additionally, the terrain within this slope range was conducive to retaining soil moisture
and accumulating nutrients, creating more suitable ecological conditions for vegetation
growth, thus resulting in relatively higher FVC values [54]. By comparison, aspect had
a relatively minor overall impact on FVC, particularly when contrasted with elevation
and slope. However, differences across aspects were still observed, which was consistent
with previous findings [56]. For instance, southeast-facing slopes exhibited the highest
FVC values. This may have been due to variations in the soil moisture and exposure to
solar radiation across different aspects, which in turn influenced vegetation growth [57].
Therefore, future studies should integrate solar radiation and soil moisture data to elucidate
further the mechanisms through which aspect drives the spatial variation in the FVC in the
Greater Khingan Mountains.

Figure 9. The spatial distributions of FVC drivers: (a) represents the spatial distribution of TMIN;
(b) represents the spatial distribution of TMAX; (c) represents the spatial distribution of nighttime
light; (d) represents the spatial distribution of elevation; (e) represents the spatial distribution of
MAT; (f) represents the spatial distribution of aspect; (g) represents the spatial distribution of MAP;
(h) represents the spatial distribution of POP; (i) represents the spatial distribution of GDP;
(j) represents the spatial distribution of slope; and (k) represents the spatial distribution of soil type.
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POP and GDP were identified as key driving factors influencing the spatial variation
in FVC. The variation trend in their SHAP values suggested a nonlinear negative impact on
FVC, characterized by an initial intensification followed by a subsequent weakening. This
trend likely reflected the dual effects of human activities on the FVC at different stages. In
regions with a low population density and weak economic activity, human disturbances
were minimal, and ecosystems remained relatively stable, allowing FVC to be maintained at
a higher level. However, as the POP and GDP increased, the intensity of human activities—
such as deforestation, land development, and infrastructure expansion—escalated, leading
to a decline in FVC. Notably, in areas with a high POP and GDP, despite frequent human
activities, these regions often exhibited greater environmental awareness and were subject
to stricter ecological restoration and sustainable development policies. Initiatives such as
urban greening programs and ecological restoration projects implemented by governments
contributed to the recovery of FVC. This suggested that appropriate environmental gov-
ernance measures could effectively mitigate the negative impact of human activities on
FVC [58].

The dominant effects of the temperature-related factors (MAT, TMAX, and TMIN) and
MAP on FVC were roughly equivalent (Figure 7). Furthermore, the spatial distribution of
these climate drivers, as illustrated in Figure 9, revealed significant spatial heterogeneity
in MAT, TMAX, TMIN, and MAP. This implied that climate factors influenced FVC by
shaping distinct water–heat combinations across different vegetation types. Specifically,
the adaptability and growth conditions of the vegetation in different regions were likely
determined by their respective hydrothermal mode, ultimately leading to spatial variations
in the FVC. Therefore, climate factors not only directly affected vegetation growth but also
indirectly shaped the FVC distribution patterns by regulating the water–heat balance across
different regions.

4.4. Policy Recommendations for Ecological Security Barrier Construction

Figure 10 shows the spatial distributions of the SHAP values for the drivers of FVC.
Based on the influence of the dominant FVC drivers across different counties, this study
established natural-environment-dominated zones and human-activity-dominated zones.
Implementing refined zoning management strategies tailored to the local conditions aimed
to support the formulation of scientific policies that would promote sustained regional
growth in FVC, long-term ecological stability, and sustainable development.

(1) Natural-environment-dominated zones: The natural-environment-dominated zone
areas accounted for 73.6% of the study area. The dominant effect of elevation on
the FVC showed both positive and negative spatial differentiation across different
counties. Specifically, in Ergun City, Chen Barag Banner, Hailar District, Yakeshi
City, and Horqin Right Front Banner, elevation had a positive effect on the spatial
variation in FVC. The average elevation in these areas ranged from 650 to 900 m, and
they were less influenced by human activities. The moderate terrain provided favor-
able water–heat conditions and ecological stability, which contributed to vegetation
growth. Therefore, in the construction of ecological barriers in these counties, the
threshold effect of elevation should be fully considered. A low-elevation transition
zone (200–500 m) and a mid-elevation core zone (500–600 m) should be defined, with
human activity buffer zones established in the transition areas. Strict restrictions
on the construction of tourism facilities and the expansion of arable land ought to
be implemented to minimize human interference and maintain the positive effect
of elevation on FVC. In contrast, in Jiagedaqi District, Huma County, Arong Arun
Banner, Genhe City, Jalaid Banner, Oroqen Autonomous Banner, and Zhalantun City,
elevation showed a negative effect on the spatial variation in FVC. In areas with lower
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elevation (e.g., Jiagedaqi District, with an average elevation of 483 m), the urban
expansion and economic activities had significantly suppressed vegetation growth. In
higher-elevation areas, negative effects stemmed from uneven water–heat conditions
which restricted vegetation growth [59]. Therefore, in these counties, urban expan-
sion should be controlled to reduce its impact on FVC by delineating ecological red
lines, optimizing the land use management, and strictly protecting forest resources.
Additionally, optimizing the vegetation structures in high-elevation areas could im-
prove the cold and drought resistance of ecosystems—such as promoting cold- and
drought-resistant tree species and increasing the proportion of mixed coniferous and
broadleaf forests—which would enhance ecosystem stability and resilience. At the
same time, climate-adaptive management should be strengthened, a long-term eco-
logical monitoring system should be established, and extreme weather events should
be closely monitored to ensure stable vegetation restoration. The influence of soil type
on FVC cannot be overlooked. In particular, Arxan City exhibited a positive dominant
effect of the soil type on FVC, likely due to its high soil fertility and optimal pH levels,
which provided essential nutrients and favorable conditions for plant growth [60].
Additionally, soil type influences microbial diversity and activity, further contributing
to vegetation development [61]. Given these drivers, future vegetation restoration
initiatives—such as afforestation and grassland restoration—should prioritize areas
with suitable soil types. Moreover, establishing a long-term monitoring system to
examine the relationship between soil properties and FVC would provide valuable
scientific insights for policy formulation. To safeguard these high-quality soil re-
sources, relevant laws and regulations should be enacted to prevent soil degradation.
Conversely, in New Barag Left Banner, soil type exerted a dominant negative effect
on FVC, suggesting that unfavorable soil conditions hindered vegetation growth.
Consequently, future ecological barrier construction in this region should focus on
soil improvement strategies. Measures such as applying organic amendments and
soil conditioners could enhance the soil’s structure and fertility, ultimately promoting
vegetation recovery.

(2) Human-activity-dominated zones: Human-activity-dominated zones accounted for
26.4% of the study area. GDP and POP served as the dominant drivers of the FVC
in some regions, showing distinct spatial distribution patterns. One area where the
GDP played a dominant role was Mohe City. In this region, GDP had a negative
dominant effect on FVC. This indicates that human economic activities had negatively
impacted FVC. Mohe City is a well-known tourist destination in China, often referred
to as the “Arctic of China”. Its booming tourism industry has led to the expansion
of tourism infrastructure, such as road construction, which might place pressure
on vegetation. Therefore, future ecological barrier construction in this area should
focus on sustainable tourism management. This includes developing eco-friendly
tourism plans, raising tourists’ awareness about environmental protection, and limit-
ing tourism capacity. These measures aim to prevent over-tourism from damaging
the ecological environment. Additionally, tourism infrastructure development should
adopt Low-Impact Development (LID) practices to minimize the damage to vegeta-
tion. Legislation should also be strengthened to protect ecosystems, imposing strict
penalties for actions that harm vegetation, while exploring green economic models
to achieve a balance between economic development and ecological restoration. On
the other hand, POP emerged as the dominant negative factor affecting FVC in Morin
Dawa Daur Autonomous Banner, Ewenki Autonomous Banner, and Tahe County.
As illustrated in Figure 9, these three regions exhibited higher population densities,
which correlated with increased human disturbance and vegetation degradation [62].



Remote Sens. 2025, 17, 2375 22 of 26

To address this issue, ecological protection policies should be implemented to strictly
regulate land development, minimizing the unnecessary destruction of vegetation.
Additionally, raising public awareness about environmental conservation; encourag-
ing community participation in reforestation and vegetation restoration initiatives;
and establishing green buffer zones around urban areas would be essential in mit-
igating human-induced ecological stress. By integrating these measures, it might
be possible to achieve a sustainable balance between economic development and
environmental protection, ensuring long-term ecosystem stability while fostering
economic resilience.

Figure 10. Spatial distributions of SHAP values for FVC drivers: (a) represents the spatial distribution
of the SHAP values for soil type; (b) represents the spatial distribution of the SHAP values for
TMIN; (c) represents the spatial distribution of the SHAP values for TMAX; (d) represents the spatial
distribution of the SHAP values for nighttime light; (e) represents the spatial distribution of the SHAP
values for MAT; (f) represents the spatial distribution of the SHAP values for aspect; (g) represents the
spatial distribution of the SHAP values for MAP; (h) represents the spatial distribution of the SHAP
values for POP; (i) represents the spatial distribution of the SHAP values for GDP; (j) represents the
spatial distribution of the SHAP values for elevation; and (k) represents the spatial distribution of the
SHAP values for slope.
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4.5. Research Limitations and Future Directions

Although the KNDVI-XGeoML coupling framework constructed in this study pro-
vided significant insights into the spatial evolution of FVC and its driving mechanisms
in the Greater Khingan Mountains, certain limitations remained that should not be over-
looked. This study primarily focused on the spatial differentiation in the annual average
FVC from 2001 to 2022, revealing the effects of driving factors in the spatial dimension.
However, it did not fully account for the temporal dynamic variations in these mecha-
nisms. Consequently, the time-lagged effects of certain drivers and key turning points in
the long-term trends might have been overlooked. For instance, extreme climatic events
could have induced short-term fluctuations in FVC, yet these impacts might have been
masked when the data were averaged annually. Understanding how climatic variability
and anthropogenic influences affect the FVC dynamics across multiple temporal scales—
seasonal, interannual, and decadal—is essential for a comprehensive assessment of vegeta-
tion changes. Future research should focus on incorporating multiscale temporal analyses
and investigating the potential time-lagged and nonlinear responses of vegetation to
environmental drivers.

5. Conclusions
This study constructed a KNDVI-XGeoML coupled framework, integrating the TS

and MK methods to systematically reveal the spatiotemporal evolution characteristics
of FVC in the Greater Khingan Mountains region of China from 2001 to 2022, as well as
the driving mechanisms behind its spatial differentiation. (1) Past ecological policies in
the Greater Khingan Mountains region have effectively promoted vegetation restoration.
From 2001 to 2022, FVC exhibited an overall increasing trend. (2) The XGeoML model
demonstrated high applicability to analyses of the spatial heterogeneity of FVC. Compared
with the traditional models, the XGeoML model significantly improved the recognition
ability of FVC’s driving factors; effectively quantified the nonlinear and threshold effects
between FVC and its drivers; and solved the “black-box” problem of the traditional machine
learning models. (3) Except for nighttime light, all of the selected driving factors exhibited
nonlinear and threshold effects on FVC, with elevation exerting the most significant impact.
(4) The dominant influencing factors for FVC varied across different regions of the Greater
Khingan Mountains. In the northern alpine areas (Tahe County and Mohe City), FVC
was primarily influenced by POP and GDP, whereas in the southern region (Arxan City
and New Barag Left Banner), soil type properties played a dominant role. (5) Based on
the spatial distribution of the dominant influencing factors, this study divided the region
into natural-environment-dominated zones and human-activity-dominated zones, which
accounted for 73.6% and 26.4% of the study area, respectively. In the future, ecological
barrier construction in the Greater Khingan Mountains region should adopt differentiated
ecological management strategies aligned with the dominant influencing factors in order to
enhance the precision and effectiveness of ecological restoration efforts.
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