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ABSTRACT 
 

 
Investigating land cover change in mountainous regions is 

crucial for sustainable land use planning and enhancing climate 

adaptation strategies. This study examines the spatial and 

temporal patterns of land cover dynamics in the Mongol Altai 

Mountains over a 30-year period, and identifies the key climatic 

and topographic factors, collectively referred topoclimatic 

drivers, that influencing these changes. Landsat satellite imagery 

with a 30 m resolution was processed using the Random Forest 

(RF) algorithm in R to classify land cover types. A change 

detection matrix was employed to quantify transitions between 

land cover types, and the results were visualized using a Sankey 

diagram. To assess the impact of environmental variables, 

eXtreme Gradient Boosting (XGBoost) algorithm was applied 

and model interpretability was enhanced using SHAP (Shapley 

Additive exPlanations) values. The classification demonstrated 

high accuracy, with overall accuracy values of 92.5% for 1990 

and 93.7% for 2020. Over the study period, notable declines 

were observed in grasslands (−20.08%), tree-covered areas 

(−22.84%), and glaciers (−43.01%), while shrublands (26.82%) 

and artificial surfaces (36.28%) experienced substantial 

increases. XGBoost analysis identified vapor pressure, 

elevation, and wind speed as the most significant environmental 

factors driving land cover change. These factors demonstrated 

complex, non-linear relationships, highlighting the 

heterogeneous nature of high mountain ecosystems. The 

findings provide valuable insights for formulating climate-

responsive land management and conservation strategies in 

mountainous regions. 
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1. INTRODUCTION 

Land use and land cover change (LULC) 

represents a fundamental process linked to global 

environmental change, influencing both local and 

global ecosystems [1]. Cimate change has exacerbated 

desertification and land degradation, particularly in the 

middle and high latitudes of the northern hemisphere 

[2]. Mountainous regions, which are highly diverse in 

terms of geography, shape, altitude, vegetation, and 

climate, experiences the impacts of climate change in 

unique ways. Therefore, findings from one 

mountainous region cannot be directly applied to 

others due to these differences [3], [4]. Thus, this 

variability limits the applicability of regional research 

outcomes to other mountainous areas.  

The Altai Mountains, located in Central Asia, are 

important both ecologically and climatologically [5], 

[6]. In recent years, Mongolia has experienced 

substantial environmental and resource use changes, 

largely driven by rapid climate change [7], [8], [9]. 

While significant studies on land cover and land use 

change have been conducted at the national level and 

Mongolian Plateau, such as the research by Yu Zhang 

et al. [10] on the land cover changes in the Mongolian 

Plateau, Juanle Wang et al. [11]  on land cover changes 

from 1990 to 2010, and Junming et al. [12] on land 

cover changes in Mongolia from 1990 to 2021, and its 

drivers . In addition, numerous studies have been 

conducted at the regional and local levels on land 

cover and land use changes, as well as the factors 

influencing these changes [13], [14], [15], [16], [17], 

[18], [19], [20].  

Nevertheless, there remains a gap in the 

understanding of how these changes are influenced by 

climatic and topographic factors in mountainous 

regions. High mountain regions are particularly 

important for land cover change studies due to their 

sharp topographic gradients and climatic 

heterogeneity, which together create complex and 

spatially variable ecosystem responses [21], [22]. 

These areas are highly sensitive to elevation-

dependent warming, influencing vegetation zones, 

snow cover, and hydrological regimes. As a result, the 

combined effects of climatic and topographic drivers 

are amplified, exerting a significant influence on land 

cover dynamics [23], [24].  

The aim of this study is to investigate the patterns 

of land cover change in the Mongol Altai Mountains 

and explore the relationship between land cover 

changes with climatic and topographic variables. The 

findings from this research are expected to enhance the 

understanding of the spatial dynamics of land cover in 

mountainous regions and contribute to the 

development of sustainable land management and 

climate adaptation strategies for Mongolia’s highland 

ecosystems.  

2. STUDY AREA, DATA AND METHODS 

2.1 Study area 

The Altai Mountain Range extends approximately 

2,100 kilometers across China, Mongolia, Russia, and 

Kazakhstan [25]. Within this range, the Mongol Altai 

Mountainous area  stretches roughly 800 kilometers 

from Tavan Bogd Mountain in the northwest to the 

depression of Alag Lake in the southeast  [26].   

 

Figure 1. Study area  and reference samples 

This study focuses specifically on the Mongol 

Altai Mountains as the study area. The region spans a 

total area of 69376.6 km2, with elevations ranging 

from 1210 to 4374 m above sea level, reflecting 

significant topographic variability.  

2.2 Materials 

Satellite data 

Medium-resolution (30 m) Landsat satellite 

imagery was used for land cover classification and 

analysis. The datasets were sourced from NASA 

Earthdata  [27] and accessed on 5 April 2025.  

Table 1. Satellite data  

Satellite Band used Year 

Landsat 5 TM Bands 1-5, 7 1988-2022 

Landsat 8 OLI Band 2-7 2018-2022 

Landsat 9 OLI-2 Band 2-7 2021-2022 
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Given the extensive and mountainous relief of the 

study area, image selection was carefully adjusted to 

minimize cloud cover and ensure high-quality visual 

data. As such, imagery was chosen from within a one 

or two year range of the target dates, and in some 

cases, images from up to ±4 years were used to 

compensate for limited cloud-free observations. To 

ensure seasonal consistency, only summer images 

(June to August) were selected, thereby minimizing 

phenological variation and ensuring comparability 

across years. In addition to the satellite imagery, 

surface elevation data were derived from the 

Advanced Spaceborne Thermal Emission and 

Reflection Radiometer (ASTER) Global Digita l 

Elevation Model (GDEM) with a spatial resolution of 

30 meters [28].  

Climate data 

To characterize the climatic conditions of the study 

area, several high-resolution monthly climate 

variables were obtained from the TerraClimate dataset 

[29]. The selected variables included minimum air 

temperature (Tmin), maximum air temperature 

(Tmax), precipitation, wind speed, and vapor pressure 

(i.e., the partial pressure of water vapor in air). 

TerraClimate provides data at an approximate spatial 

resolution of 4 km (~1/24°), derived from a 

combination of ground-based meteorological 

observations and climate reanalysis products [29]. The 

climate data were downloaded in NetCDF format from 

the TerraClimate repository, maintained by the 

Climatology Lab at the University of California, 

Merced [29].  

The variables were processed using R and ArcGIS 

software to generate spatial layers that corresponded 

with the acquisition periods of the Landsat imagery, 

used in the analysis. 

2.3 Data Pre-Processing 

Atmospheric and radiometric corrections were 

performed on Landsat 5 TM, Landsat 8 OLI, and 

Landsat 9 OLI-2 imagery to reduce atmospheric 

distortions and ensure cross-sensor consistency. To 

enhance the spectral separability of land cover classes 

and improve classification accuracy, a set of spectral 

indices related to vegetation, water, built-up areas, and 

snow cover were estimated (Table 2).  

Each index was estimated using the spectral bands 

specific to each satellite sensor. In addition, 

topographic variables such as slope and elevation were 

derived from the ASTER GDEM dataset with a spatial 

resolution of 30 m. 

Table 2. Overview of key remote sensing indices and 

topographic variables used in the land cover classification 

Sources Variables Formula, Reference 

Landsat 

5 TM, 
Landsat 
8 OLI, 

Landsat 
9 OLI-2 

NDVI (NIR – Red) / (NIR + Red),  [30] 

EVI 
G × (NIR – Red) / (NIR + C1 × Red 
– C2 × Blue + L),          [31] 

SAVI 
((NIR – Red) / (NIR + Red + L)) × 
(1 + L),                              [32] 

OSAVI 
(NIR – Red) / (NIR + Red + 0.16),                                     

[33] 

DVI NIR – Red,                            [34] 

MNDWI 
(Green – SWIR1) / (Green + 
SWIR1),                                [35] 

NDBI 
(SWIR – NIR) / (SWIR + NIR),                                     
[36] 

NDSI 
(Green – SWIR) / (Green + SWIR),                                  
[37] 

Aster 

DEM 

Slope Steepness 

Elevation Distance above sea level 

Abbreviations: NDVI (Normalized Difference Vegetation 

Index), EVI (Enhanced Vegetation Index), SAVI (Soil 

Adjusted Vegetation Index), OSAVI (Optimized Soil 

Adjusted Vegetation Index), DVI (Difference Vegetation 

Index), MNDWI (Modified Normalized Difference Water 

Index), NDBI (Normalized Difference Built-up Index), NDSI 

(Normalized Difference Snow Index), DEM (Digital 

Elevation Model), TWI (Topographic Wetness Index), TPI 

(Topographic Position Index). 

2.4 Training and Validation Sample 

Preparation 

In this study, a total of 2200 reference samples 

were generated through visual interpretation of 

Landsat imagery,  supplemented by auxiliary data  

(Figure 1). To facilitate model development and 

assessment, the samples were randomly divided using 

the R programming language, with 70% (1540 points) 

allocated for training and 30% (660 points) for 

validation. A stratified random sampling approach 

[38], [39] was employed to ensure proportional 

representation of all land cover classes, thereby 

enhancing the robustness and reliability of the 

classification process. 

2.5 Land cover classification and land cover 

change 

RF algorithm is widely recognized for its 

robustness and accuracy in land cover classification, 

particularly due to its capacity to handle high-

dimensional data, reduce overfitting, and provide 

reliable classification results [23]. In this study, land 

cover in the Mongol Altai Mountains was classified 

for the years 1990 and 2020 using the RF algorithm 

implemented in the R programming environment via 

the randomForest package. Input variables included 

Landsat spectral bands, derived spectral indices and 
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topographic variables such as elevation and slope 

(Table 2). 

Land cover was classified based on the Food and 

Agriculture Organization’s Land Cover Classification 

System (LCCS) and the Land Cover Meta Language 

(LCML) framework (FAO, 2010). The classified 

categories followed the LCML framework (FAO, 

2010) were coded accordingly: grassland (A23), tree-

covered area (A11), shrubs and herbaceous vegetation 

(A12/A22), sparsely naturally vegetated area (B1), 

terrestrial barren land (D1), permanent snow and 

glaciers (E2), and inland water bodies (F1). Due to 

spectral confusion between built-up areas and other 

classes, built-up areas (C-1) were manually digitized  

using ArcGIS for ensuring reliable classification using 

spectral indices. 

To quantify the intensity and direction of land 

cover change over the study period, we employed a 

comprehensive land cover change degree model based 

on a transition matrix approach. This model captures 

the aggregated extent of land cover conversions 

between classes and expresses the result as a 

percentage per year, allowing for consistent 

comparison across time intervals. The formula used is 

as follows [40]: 

𝐿𝐶 = [
∑ ∑ ∣𝑛

𝑗=1 𝛥𝐿𝑈𝑖−𝑗∣
𝑛
𝑖=1

2 ∑ 𝛥𝐿𝑈𝑖
𝑛
𝑖=1

] ×
1

𝑇
× 100%                           (1) 

Where, 𝛥𝐿𝑈𝑖−𝑗   is the area converted from land 

cover type i to type j, 𝛥𝐿𝑈𝑖  -is the total change area of 

type i,  n-is the total number of land cover categories, 

T- is the study period, which is 30 years, 𝐿𝐶 - 

represents the annual intensity of land cover change.  

2.6 Accuracy assessment 

Classification performance was assessed using 

standard accuracy metrics derived from the confusion 

matrix. These included Overall Accuracy (OA), the 

Kappa coefficient, and the 95% Confidence Interval 

(CI) for OA. OA quantifies the proportion of correctly 

classified samples among all validation points out of 

the total, while the Kappa coefficient provides a 

measure of agreement adjusted for the agreement that 

might occur by chance, offering a more statistically 

rigorous assessment of model performance.  

To further assess classification reliability, the 

Accuracy Lower and Accuracy Upper bounds of the 

95% confidence interval were calculated. The 

Accuracy Null metric estimates the accuracy of a 

random classifier, and the Accuracy p-Value tests 

whether the model significantly outperforms random 

classification. All accuracy statistics were computed 

using the confusion Matrix function from the caret 

package in R [41]. The relevant equations are as 

follows: 

𝑂𝐴 =
∑ 𝑛𝑖𝑖
𝑘
𝑖=1

𝑁
                                                            (2) 

Where, 𝑛𝑖𝑖 -Number of correctly classified samples in 

class i, 𝑁- total number of validation samples, k- total 

number of classes 

𝑘 =
𝑃𝑜−𝑃𝑒

1−𝑃𝑒
                                                                 (3) 

Where, 𝑃𝑜 -Observed agreement, 𝑃𝑒 -expected 

agreement. 

 

𝐶𝐼95% = 𝑂𝐴 ± 𝑧 ∙ √
𝑂𝐴(1−𝑂𝐴)

𝑁
                                  (4)   

Where, 𝑧 - 1.96 (for 95% confidence level), 𝑁 - 

Number of validation samples; 

2.7 Analysis of Driving Factor 

A variety of statistical and machine learning 

approaches, including logistic regression, support 

vector machines, random forests, and gradient 

boosting methods, have been employed to assess the 

influence of environmental variables on land cover 

change [42], [43]  Among these, eXtreme Gradient 

Boosting (XGBoost) has demonstrated superior 

predictive performance and computational efficiency, 

particularly in modeling complex, non-linear 

relationships and variable interactions [44]. Therefore, 

in this study, the XGBoost algorithm was applied to 

evaluate the influence of climatic and topographic 

variables on land cover change between 1990 and 

2020. 

Table 3. Explanatory variables used in the XGBoost 

model and their data sources. 

№ Variable Name Data Source 

1 
Elevation (DEM) 

ASTER 

GDEM 

2 Slope Calculated 

from 

ASTER 

GDEM 

3 Aspect 

4 Topographic Position Index (TPI) 

5 Topographic Wetness Index (TWI) 

6 Mean Temperature (tmean) TerraClimate 

7 Maximum Temperature (tmax) TerraClimate 

8 Minimum Temperature (tmin) TerraClimate 

9 Precipitation (ppt) TerraClimate 

10 Wind Speed (ws_mean) TerraClimate 

11 Vapour Pressure (vap_mean) TerraClimate 

 

A total of explanatory variables, including both 

topographic and climatic factors, were used in the 

XGBoost model. These variables, along with their data 

sources, are listed in Table 3. All variables were 

selected based on relevance to land cover dynamics 
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and availability of consistent spatial data over the 

study area. 

The model was trained using the XGboost package 

in R with a binary logistic objective (binary:logistic), 

a  maximum tree depth of 6, and 100 boosting 

iterations. To interpret the relative contribution of each 

variable, SHapley Additive exPlanations (SHAP) 

values were calculated. SHAP provides a unified 

framework for interpreting model outputs by 

quantifying the marginal contribution of each feature 

to individual predictions, thus enabling both global 

and local interpretability. The influence of 

environmental drivers was further examined using 

SHAP summary and dependence plots, which 

visualized feature importance and interaction effects, 

respectively.  

3. RESULT AND DISCUSSION 

3.1 Overview of Classification Results 

An analysis of land cover change in the Mongol 

Altai Mountains over the past 30 years (1990–2020) 

revealed pronounced shifts in land cover classes at the 

total area of the study area  (Figure 2). The most 

notable expansion was observed in sparsely natural 

vegetated areas (LC4), which increased by 12.2%. In 

contrast, grasslands (LC2) exhibited the most 

substantial reduction, declining by 5.9%.  

Additionally, terrestrial barren land (LC5) also 

showed  a marked decrease of 5.7%, while moderate 

reductions were recorded in tree-covered areas (LC1) 

and permanent snow and glaciers (LC6), both of which 

declined by 0.6%. Inland water bodies (LC7) 

experienced a slight decrease of 0.2%. Meanwhile, 

shrubs and herbaceous vegetation (LC3) demonstrated 

a minor increase of 0.7%. 

When comparing the area changes for 3 decades 

only within the specific land cover classes (Figure 3), 

the most significant increase was recorded in artificial 

surfaces (LC8), which expanded by 36.28%, followed 

by shrubs and herbaceous vegetation (LC3) with a 

26.82% increase, and LC4, which grew by 26.60%. On 

the other hand, the substantial decline was observed 

LC5, which contracted by 49.94%. This was 

accompanied by major losses in permanent snow and 

glaciers (LC6) (−43.01%), LC1 (−22.84%), LC7 

(−21.66%), and LC2 (−20.08%). These results, 

categorized under LC1 to LC8, reveal substantial 

spatial shifts in land cover composition, reflecting the 

cumulative effects of climatic and terrain-related 

drivers across the region. 

 

 

Figure 2. Land cover changes from 1990 to 2020 

 
Figure 3. Area change for each land cover class 

3.2 Land Cover Transition Matrix and 

Sankey Diagram Interpretation 

To visualize the magnitude and direction of land 

cover changes, a  land cover transition matrix was first 

constructed. This matrix quantifies the extent to which 

land shifted from one category to another over the 

study period, offering a detailed representation of 
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inter-class transitions. To enhance interpretability, the 

transition data were further visualized using a Sankey 

diagram generated in R via the networkD3 package. In 

this diagram, the width of each stream represents the 

area of land that transitioned from a specific land cover 

class in 1990 to a different class in 2020. 

 
Figure 4. Sankey diagram of land cover changes 

from 1990 to 2020 

Several notable transition patterns emerged from 

the analysis. These included the conversion of LC2 to 

LC4, indicating a shift potentially driven by land 

degradation processes. Likewise, LC6 showed 

significant retreat, with many areas transitioning into 

LC5 and LC4. These changes are indicative of broader 

climatic shifts, including glacial melting. 

Additionally, a  considerable fraction of LC5 was 

transformed into LC3, as well as into LC8, reflecting 

ongoing land use modifications (Figure 4).  

3.3 SHAP-Based Interpretation of Land 

Cover Change Drivers 

To gain a more detailed understanding of how each 

environmental variable influences land cover change, 

we employed both the SHAP summary plot (Figure 5) 

and a series of SHAP dependence plots (Figure 6). 

These visualizations provide insight not only into the 

average importance of each driver but also into the 

functional relationships between variable values and 

their contributions to model predictions by capturing 

nonlinear, threshold-based effects.  

As shown in Figure 5, vapor pressure (vap) was 

identified as the most influential variable, with a mean 

a SHAP value of 0.256. It was followed by elevation 

(DEM) with a SHAP value of 0.217, and wind speed 

(ws) at 0.197. High vapor pressure values (represented 

in purple on the plot) were associated with positive 

SHAP values, indicating that increased atmospheric 

moisture enhances the probability of land cover 

change. This may be attributed to improved vegetation 

productivity or climate-facilitated transitions. 

 
Figure 5. SHAP summary plot 

 

In Figure 6, Elevation (DEMa) showed a strong 

threshold pattern: SHAP values increased with 

elevation up to a mid-altitudinal range, after which 

their influence gradually diminished. This trend 

reflects the ecological zonation of mountainous 

regions, where mid-elevation zones are often more 

dynamic in terms of vegetation productivity and land 

cover transitions [45]. 

 
Figure 6. SHAP summary plot showing the relative 

importance of predictor variables in the XGBoost 
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model. Variables include elevation (DEMa), 

topographic wetness index (TWI), slope, aspect, 

maximum temperature (tmax), minimum temperature 

(tmin), precipitation (ppt_mean), wind speed (WS), 

and vapour pressure (vap) 

Precipitation (ppt_mean) showed a sharp increase 

in SHAP values from moderate to high levels, 

indicating that transitional land cover is more likely to 

occur in areas with moderate rainfall availability. 

Both maximum (tmax) and minimum temperature 

(tmin) exhibited inflection points, reflecting nonlinear 

effects of thermal conditions on land cover change. 

Extremely low temperatures were associated with 

negative SHAP values, indicating a suppressive 

influence on vegetation dynamics, particularly in high-

altitude or permafrost-affected areas. Conversely, 

moderate warming corresponded with increasingly  

positive SHAP values, suggesting that rising 

temperatures may promote vegetation expansion and 

changes in surface cover. This pattern is consistent 

with findings from the Russian Far East, where Wang 

et al. [46] reported that thermal regimes significantly 

influenced land use and cover changes, especially 

under warming trends that enhanced vegetation 

activity. 

Topographic variables such as slope, TWI, and 

aspect showed curvilinear relationships with land 

cover change. Moderate slopes contributed more 

positively, likely due to balanced drainage and 

moisture conditions, while steep and flat terrains had 

lower influence. Steep slopes limit vegetation through 

erosion and runoff, whereas flat areas may retain 

excess water and restrict plant diversity. These results 

support findings by Wang et al. [47], who highlighted  

the significance of terrain features in influencing land 

cover dynamics in complex landscapes. 

3.4 Ecological implications 

The substantial reduction in grasslands (−20.08%), 

forests (−22.84%), and glaciers (−43.01%) across the 

Mongolian Altai reflects reduced ecosystem 

productivity and increased vulnerability to soil erosion 

and hydrological imbalance. These changes align with 

regional glacial retreat trends [48] and highligh t  

potential losses in ecosystem services such as carbon 

storage and moisture retention [49]. SHAP results 

suggest that climatic factors, particularly vapor 

pressure and wind speed, and terrain characteristics 

play critical roles. The observed shift toward 

shrubland may represent both climate adaptation and 

early-stage desertification [50]. 

3.5 Regional Context 

In contrast to relatively stable land cover dynamic 

reported in central and eastern Mongolia [51], [52], the 

Mongol Altai region shows pronounced ecological 

transformation. This accelerated change is consistent 

with findings from global alpine regions, which 

demonstrate heightened sensitivity to climatic 

warming and environmental stressors [52]. The 

substantial expansion of artificial surfaces (36.28%) 

and shrubland (26.82%) likely reflects intensifying 

land use pressures, shifts in vegetation patterns, and 

broader ecological responses to both anthropogenic 

and climatic influences. These transitions contribute to 

increased landscape fragmentation, with potential 

implications for biodiversity, habitat connectivity, and 

regional ecological stability.  

3.6 Accuracy and Evaluation 

RF model showed strong classification 

performance for both 1990 and 2020 land cover maps. 

In 1990, the overall accuracy was 92.5% with a Kappa 

coefficient of 0.91, and a 95% confidence interval 

ranging from 91.31% to 95.74%. For 2020, accuracy 

improved slightly to 93.7%, with a Kappa  coefficient 

of 0.915 and a confidence interval of 91.25%–95.73%. 

The null accuracy remained low in both years (17.15% 

and 17.42%, respectively), confirming the model’s 

reliability. These results suggest that the RF algorithm 

offers a dependable framework for long-term land 

cover change detection, with minimal classification 

error and high statistical confidence. 

4. CONCLUSION 

This study investigated the spatial and temporal 

dynamics of land cover change in the Mongol Altai 

Mountains over the past 30 years (1990–2020), and 

identified the main climatic and topographic drivers 

influencing these transformations. The analysis 

revealed a significant decline in ecologically critical 

land cover classes: grasslands (−20.08%), tree-

covered areas (−22.84%), and glaciers (−43.01%) 

coupled with marked expansions in shrublands 

(26.82%) and artificial surfaces (36.28%). These shifts 

indicate significant alterations in the composition and 

structure of the alpine ecosystem, likely driven by both 

anthropogenic pressures and climate-induced 

processes.  

The classification accuracy exceeded 92% in both 

years, confirming the reliability of the Random Forest 

algorithm. More importantly, SHAP-based 

interpretation of the XGBoost model provided new 

insights into the complex interactions between 
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topographic and climatic variables. Vapor pressure, 

elevation, and wind speed emerged as the most 

influential drivers, each showing nonlinear and 

threshold effects. For instance, mid-elevation ranges 

(2200–2800 m) exhibited the highest land cover 

transition probabilities, likely due to greater vegetation 

sensitivity and accessibility. Increased vapor pressure 

promoted vegetation growth or succession, while 

higher wind speed contributed to ecological 

instability. 

By integrating SHAP into the modeling 

framework, this study achieved high predictive 

performance and improved interpretability, bridging 

the methodological gap between data-driven modeling 

and ecological reasoning. This approach illustrates the 

potential of interpretable artificial intelligence to 

inform climate-adaptive land management and 

conservation planning.  

In conclusion, the Mongol Altai Mountains are 

undergoing pronounced and complex land cover 

transitions, driven by climatic and topographic 

variability. The results emphasize the critical need for 

elevation-sensitive conservation planning and 

highlight the utility of interpretable machine learning 

models in high-altitude environmental research. 

Moreover, future research should explore higher 

spatial resolution analysis and include additional 

biophysical and ecological indicators for further 

refining our understanding of land cover dynamics in 

mountainous ecosystems under accelerating 

environmental change. 
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