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Abstract

Avalanche susceptibility mapping is vital for disaster prevention and infrastructure safety
in cold mountain regions under climate change. Traditional machine learning (ML) ap-
proaches have demonstrated strong predictive capacity, yet their limited interpretability
and difficulty in identifying threshold effects hinder their broader application in geohaz-
ard risk management. To overcome these limitations, this study develops an explainable
ML framework that integrates remote sensing data, topographic and climatic variables,
and SHapley Additive exPlanations for the Kanas Scenic Area transportation corridor in
the Chinese Altay Mountains. The framework evaluates five classifiers: Random Forest,
XGBoost, LightGBM, Soft Voting, and Stacking, and using sixteen conditioning factors
that capture topography, climate, vegetation, and anthropogenic influences. Results show
that LightGBM achieved the best performance, with an AUC of 0.9428, accuracy of 0.8681,
F1-score of 0.8750, and Cohen’s kappa of 0.7366. To ensure transparency for risk decisions,
SHAP analyses identify Terrain Ruggedness Index, wind speed, slope, aspect and NDVI
as dominant drivers. The dependence plots reveal actionable thresholds and interactions,
including a TRI plateau near 5-7, a slope peak between 30° and 40°, a wind effect that satu-
rates above about 2.5 m s !, and a near-river high-risk belt within 0-2 km. The five-class
map aligns with independent field observations, with more than three quarters of events
falling in moderate to very high zones. By integrating explainable ML with remote sensing,
this study advances avalanche risk assessment in cold region transportation corridors and
strengthens the robustness of regional susceptibility mapping.

Keywords: avalanche susceptibility mapping; machine learning; explainable artificial
intelligence; natural hazard monitoring; hazard assessment

1. Introduction

Avalanches, as a distinctive type of geohazard in cold mountainous regions, are rapid
downslope movements of snow masses triggered by the sudden collapse of unstable
snowpacks. They pose severe threats to human life, transportation corridors, and alpine
infrastructure [1-3]. Their occurrence typically results from the combined influence of steep
terrain, wind-driven snow deposition, heavy snowfall, sharp temperature fluctuations,
and insufficient vegetation anchoring [4,5]. In mountainous regions—especially along
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remote transportation corridors—sudden avalanches can sever vital routes and isolate
communities [6,7]. Ongoing climate warming and more frequent extremes further elevate
avalanche risk on mountain roads, as rising temperatures, snowpack instability, and al-
tered precipitation regimes increase both the frequency and unpredictability of events [8,9].
Avalanches typically arise in cold mountainous environments where sustained snow ac-
cumulation, low temperatures, and strong winds interact to form unstable snow layers.
Prolonged subfreezing conditions promote weak layers through faceting and depth-hoar
growth, while intermittent thaw—freeze cycles and wind deposition enhance snowpack
stratification. Subsequent loading or temperature variations can then cause shear stress
to exceed snow cohesion, triggering avalanches. Northern Xinjiang’s Altay Mountains
exemplify such an avalanche-prone setting: lasting snow cover, high winds, and large
diurnal temperature ranges accelerate snow metamorphism and instability. In mid-high
latitudes such as China’s Altai Mountains, frequent avalanches have been documented
along roads in the Kanas Scenic Area; for example, multiple avalanches on 8 January
2024 caused road closures and stranded thousands of visitors. Avalanche susceptibility
mapping—which delineates areas prone to future avalanches from environmental and
climatic indicators—is a powerful tool for infrastructure planning, early warning, and
disaster mitigation in vulnerable mountain corridors [10]. Because susceptibility is strongly
conditioned by local terrain, climate, and surface characteristics, region-specific modeling is
essential. A deeper understanding of the physical mechanisms and spatiotemporal patterns
of avalanche occurrence not only improves prediction accuracy but also supports targeted
mitigation strategies and reliable risk zoning for fragile mountain corridors [11].

The growing availability of high-resolution topographic data, meteorological reanal-
ysis products, and advanced data processing has made Geographic Information Sys-
tems (GIS) and Remote Sensing (RS) indispensable for detailed spatiotemporal analy-
ses of avalanche susceptibility [12]. GIS and RS enable the extraction of high-quality
topographic, surface, and climatic variables at fine spatial resolutions, providing critical
inputs for susceptibility modeling and risk mapping [13]. To address the complexity of
mountain environments, a broad spectrum of modeling approaches has been developed,
typically grouped into physical, statistical, and ML methods. Physical models such as
RAMMS and SNOWPACK simulate avalanche release and runout using snow mechan-
ics, mass-movement theory, and dynamic flow equations [14,15]. Statistical approaches
including Frequency Ratio (FR), Information Value (IV), and Certainty Factor (CF) quantify
empirical relationships between historical avalanches and conditioning factors within multi-
criteria frameworks [16]. In addition to conventional statistical approaches, multi-criteria
decision analysis (MCDA) frameworks have also been applied for avalanche susceptibility
mapping, where factor weights are determined through expert judgment or analytical
hierarchy processes [17]. While statistically based models are relatively simple and inter-
pretable, they often struggle to capture the inherently nonlinear interactions that govern
avalanche processes [18].

In recent years, ML has emerged as a powerful alternative due to its capability to
handle high-dimensional, multi-source, and strongly interacting datasets [19]. Unlike
rule-based or traditional statistical methods, data-driven ML models can effectively learn
nonlinear relationships between avalanche occurrence and conditioning factors such as
terrain characteristics, snow accumulation patterns, and meteorological influences. A range
of classifiers—e.g., Logistic Regression (LR) [20], Support Vector Machine (SVM) [21], Multi-
ple Discriminant Analysis (MDA) [22], and Generalized Additive Model (GAM) [23]—have
been used individually to produce susceptibility maps with promising skill. Recent studies
highlight that ensemble learning further improves accuracy by aggregating the strengths of
multiple classifiers [24,25]. For instance, Akay demonstrated the effectiveness of tree-based
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ensemble algorithms in Turkey’s alpine regions [26], while Iban and Bilgilioglu employed
XGBoost and SHAP to interpret avalanche susceptibility across spatial scales [27]. Similarly,
Liu et al. and Fang et al. integrated ensemble learning with factor analysis to improve
prediction reliability in mountainous environments [28,29]. These works collectively rep-
resent the state of the art in data-driven avalanche modeling, yet they remain primarily
focused on predictive performance rather than interpretability. Consequently, the lack
of a unified explainable framework limits the operational use of ML models in practical
risk assessment. Among these, tree-based methods such as Random Forest (RF), eXtreme
Gradient Boosting (XGBoost), and Light Gradient Boosting Machine (LightGBM) achieve
notable gains in accuracy and stability [27,30]. Additional ensemble strategies, such as
Soft Voting and Stacking, have also been explored to further optimize predictive perfor-
mance [31]. Despite their strong predictive skills, conventional ML models often struggle
to explain complex variable interactions and spatial heterogeneity of triggers in mountains.
Limited transparency and physical interpretability can reduce credibility and usability in
operational risk management, particularly in highly heterogeneous cold regions. Address-
ing this interpretability gap is therefore critical to bridge the divide between data-driven
predictions and physically meaningful avalanche processes.

To improve model transparency and trustworthiness, explainable artificial intelligence
(XAI) has attracted increasing attention [32]. Among XAI techniques, SHapley Additive
exPlanations (SHAP) is particularly effective, as it quantifies the marginal contribution
of each conditioning factor to model predictions based on cooperative game theory and
provides both global and local explanations through summary and dependence plots [33].
Compared with conventional feature importance measures, SHAP enhances interpretability
by not only ranking variables but also revealing nonlinear responses and interactive effects,
thereby aligning model outputs with physical processes relevant to avalanche initiation and
runout [34]. Previous research has made significant progress in applying ML to avalanche
susceptibility modeling, achieving higher predictive accuracy through ensemble methods
and multi-source data integration. However, most studies have primarily focused on
improving model performance rather than interpretability. Even when explainable methods
such as SHAP have been adopted, their application has largely been limited to displaying
global feature importance, without further exploring localized threshold effects, nonlinear
responses, or cross-factor interactions that govern avalanche formation [35]. This gap
prevents current models from providing physically meaningful insights or supporting real-
world monitoring and early warning. Addressing this interpretability challenge represents
a critical step toward bridging data-driven prediction with process understanding.

Building on these developments, this study proposes an integrated and interpretable
avalanche susceptibility modeling framework that combines multiple ensemble ML classi-
fiers with a SHAP-based explanatory approach. The framework is applied to the Kanas
Scenic Area transportation corridor in the Altay Mountains, northwestern China, aiming to
(1) evaluate and compare the performance of advanced ensemble learning algorithms under
complex alpine conditions, (2) enhance model interpretability by quantifying threshold
effects and factor interactions using SHAP, and (3) generate a high-resolution susceptibil-
ity map aligned with field validation to support disaster prevention and infrastructure
planning in cold mountain regions..

2. Study Area

The study area is the Kanas Scenic Area in northern Altay City, Xinjiang, China (Figure 1),
located on the southern flank of the Altai Mountains (48°30'20” N, 87°07'37" E). The Altai
range extends from 85°54’ to 90°58' E and from 45°37’ to 49°10’ N, spanning nearly 500 km
within China. Relief exhibits a pronounced NW-SE gradient, with Youyi Peak reaching 4374 m
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and valley floors descending to ~1000 m, forming a stepped landscape of glaciated highlands,
steep midslopes, and dissected piedmonts. Kanas Scenic Area is characterized by deep-incised
gorges, marked elevational contrasts, and clear altitudinal vegetation belts that include glacial
and periglacial zones, coniferous forests, alpine meadows, and semi-arid shrublands.
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Figure 1. Location map of the study area. The red rectangle marks the Kanas Scenic Area, and the
blue arrow indicates the zoomed-in direction. The lower panel shows the road network, avalanche
points, and weather stations within the Xinjiang Kanas National Geopark.

The region experiences a cold-temperate climate characterized by long, severe winters
and a short growing season. Situated deep within the Eurasian continent and far from
maritime moisture sources, and further influenced by complex topography, it develops
distinctive microclimates. The mean annual temperature is —0.2 °C, with winter extremes
down to about —40 °C. Mean annual precipitation is ~1000 mm, over 70% of which falls
during the warm half of the year. Winters (October—April) are dominated by persistent
snow cover, with >70 snowfall days annually and a snow season lasting >200 days. Snowfall
typically begins in late August above 1400 m, and seasonal snow depth can reach 1-2 m.

From the perspective of avalanche susceptibility, Kanas Scenic Area presents a highly
vulnerable snow-hazard environment. Steep terrain, heterogeneous forest cover, intense
convective snowfall, and strong wind redistribution during the snow season jointly create
conditions conducive to avalanche occurrence. Major transportation corridors and associ-
ated tourist infrastructure traverse known avalanche-prone zones and face direct impact
risk. Recent events have not only interrupted traffic but also underscored the urgent need
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for predictive avalanche mapping. The region’s climatic and geomorphic setting makes it a
natural testbed for applying remote sensing and explainable machine learning to avalanche
susceptibility analysis.

3. Materials and Methods
3.1. Avalanche Inventory

An avalanche inventory is a prerequisite for susceptibility modeling: it provides
georeferenced records of past events and serves as the dependent variable for model
training and validation. All avalanche samples were randomly partitioned using an
80/20 split, with 80% allocated to the training set for model fitting and 20% reserved for
the test set for independent performance evaluation. During the 2023-2024 snow season,
226 avalanche events were documented within the Kanas Scenic Area. The inventory
was compiled primarily from field surveys and on-site unmanned aerial vehicle (UAV)
campaigns (Figure 2).

Figure 2. UAV imagery illustrating site conditions and observed avalanche morphological features.

Field observations were conducted following major snowfall events, focusing on road
corridors along the 5232, X852, and G219 highways where avalanche activity is common.
Ground records included geotagged photographs, GPS-delineated outlines of avalanche
debris, and visual confirmation of crown fracture lines and runout paths. In selected
high-hazard areas, UAV-based photogrammetry was employed to validate satellite-derived
detections and to refine debris boundaries in steep and forested terrain [36]. High-resolution
terrain data were acquired using a DJI Matrice 300 RTK UAV equipped with a Zenmuse
H20 camera (DJI, Shenzhen, China). The flight altitude was 500 m, with 80% longitudinal
and 70% lateral overlap. The resulting 0.2 m DEM and DOM.

The final avalanche dataset was converted to point-format centroid coordinates repre-
senting initiation or release areas. Each point was assigned a binary label, and an equal
number of non-avalanche points was randomly sampled from slopes with no observed
activity to ensure class balance. All points were then linked to topographic, vegetation, and
meteorological predictors extracted from the geospatial database for avalanche suscepti-
bility modeling. The performance of all models was evaluated using the 20% test subset
of the avalanche inventory, which included 45 independent avalanche events randomly
selected from the 2023-2024 snow season. These unseen samples were used exclusively
for quantitative performance assessment (AUC, F1, k, and accuracy), ensuring unbiased
validation of the predictive models.
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3.2. Avalanche Conditioning Factors

Selecting factors for avalanche susceptibility modeling requires careful consideration
of local environmental complexity, dominant triggering mechanisms, data availability, and
the need for model interpretability [23]. In the Kanas Scenic Area, avalanche occurrence
is primarily influenced by the combined effects of slope steepness, snow accumulation
and wind-driven redistribution, vegetation cover, and meteorological extremes. Guided by
expert knowledge from regional avalanche monitoring and control, evidence from prior
studies, and data accessibility, we selected 16 conditioning factors that are mechanistically
linked to local avalanche processes. These variables capture potential instability mech-
anisms across topographic setting, snow distribution, climatic forcing, and vegetation
conditions, and align with dominant triggers such as slope breaks, wind transport, and
intense snowfall.

The selected factors include: topographic metrics—elevation, slope, aspect, curvature,
plan curvature (PlanCurv), profile curvature (ProfCurv), local terrain relief (Relief), Topo-
graphic Wetness Index (TWI), Topographic Position Index (TPI), and Terrain Ruggedness
Index (TRI); surface and vegetation indicators—distance to rivers (DistRiver), land use (LU),
and Normalized Difference Vegetation Index (NDVI); and snow-season meteorological
variables—daily maximum air temperature (Tmax), precipitation (Precip), and maximum
wind speed (MaxWind).

3.2.1. Data Sources

Table 1 summarizes the datasets used to derive the 16 conditioning factors. Ten terrain
variables—elevation, slope, aspect, curvature, ProfCurv, PlanCurv, Relief, TWI, TPI, and
TRI—were extracted from the 12.5 m ALOS PALSAR digital elevation model (DEM) using
the Spatial Analyst tools in ArcGIS 10.8. The NDVI layer was obtained from NASA's
MOD13A3 monthly NDVI composite. Land use information was taken from the China
Land Cover Dataset (CLCD) at 30 m resolution, developed by Wuhan University from
annual Landsat observations [37].

Table 1. Data and data sources.

Factor Unit Data Source Original Resolution Data Type
Elevation m
Slope °
Aspect °
Curvature -
Profile Curvature - .
Plan Curvature ] ALOS PALSAR DEM 12.5m Topographic
Relief m
TWI -
TPI -
TRI -
Distance to River m Hydrological vector map 1:200,000 Hydrological
Land Use Class CLCD 30 m Land cover
NDVI - MODI13A3 (NASA) 1 km Vegetation index
Maximum Temperature °C
Precipitation mm ERA5-Land (CDS) 0.1° Meteorological
Maximum Wind Speed ms~!

Snow-season meteorological variables included Tmax, Precip, and MaxWind, retrieved
from the ERA5-Land reanalysis provided via the Copernicus Climate Data Store. River
polylines were sourced from the National Earth System Science Data Center and used to
compute a Euclidean DistRiver. Because the native spatial resolutions differ markedly
across sources, all raster datasets were harmonized to 12.5 m to avoid scale mismatch
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and interpolation artifacts. Continuous variables were resampled using bilinear inter-
polation, whereas categorical layers were resampled using nearest-neighbor to preserve
class integrity. The resampled products underwent visual cross-checks and consistency
assessments to ensure conformity with the original spatial patterns, thereby improving
factor-layer coherence and the reliability of inputs for susceptibility modeling.

All spatial layers were projected to the WGS 1984 UTM Zone 45N coordinate system
to ensure spatial consistency. Raster layers were resampled to a uniform resolution of
12.5 m using bilinear interpolation and overlaid using the spatial analyst tools in ArcGIS
10.8. Factor extraction for each avalanche and non-avalanche point was conducted through
the “Extract Multi Values to Points” tool, ensuring a one-to-one correspondence between
sample points and conditioning variables. The Kanas Scenic Transportation Corridor,
covering highways 5232, X852, and G219, was delineated using road vector data with
a 3 km bulffer zone to define the analysis area. Avalanche and non-avalanche samples
were extracted within the buffered corridor through overlay analysis for model training.
Topographic predictors for susceptibility mapping were derived from the 12.5 m ALOS
PALSAR DEM, whereas UAV-derived DOM/ = 0.2 m DEM were used only for site-specific
mapping and validation of avalanche outlines and were not included as model predictors.
Statistical modeling was implemented in Python 3.10(scikit-learn/XGBoost, fixed random
seed) using a 1:1 presence-background sample and an 80/20 train—test split.

3.2.2. Topographic and Vegetation Factors

Topographic characteristics strongly influence snow deposition, wind-driven redistri-
bution, and the physical conditions that lead to avalanche release. The factors considered
here include elevation, slope, aspect, curvature, ProfCurv, PlanCuryv, local relief (Relief),
TWI, TPI, and TRI (Figure 3). Figure 3a depicts the elevation distribution across the study
area; elevation modulates snow depth, temperature variability, and the duration of seasonal
snow cover, particularly in high basins with limited insolation [38]. Slope is a primary
determinant of gravitational instability [39]; avalanche-prone slopes typically fall within
25-45°, where shear stress exceeds the shear strength of the snowpack [40]. Aspect in-
fluences formation processes by regulating melt rates and exposure to storms; leeward
slopes commonly receive wind-deposited snow, whereas sun-exposed slopes may wet
earlier—both pathways can promote instability [41].
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Figure 3. Thematic map of avalanche conditioning factors (a) Elevation; (b) Slope; (c) Aspect;
(d) Curvature; (e) PlanCurv; (f) ProfCurv; (g) Relief; (h) TWI; (i) TPL (j) TRI; (k) DistRiver; (1) LU;
(m) NDVI; (n) Tmax; (o) Precip; (p) MaxWind.

Curvature metrics (Curvature, ProfCurv, PlanCurv) capture surface geometry and
shape spatial patterns of snow accumulation and drainage. Concave slopes tend to accu-
mulate snow, while convex breaks often serve as release zones [42]. Relief, TPI, and TRI
characterize local variability and prominence, which are closely linked to potential release
areas and terrain traps. Finally, NDVI indicates vegetation density: low NDVI typically
reflects sparse cover or bare ground that provides limited mechanical anchoring and is
more susceptible to overloading, whereas higher NDVI on forested slopes can enhance
stability by intercepting snowfall and reducing wind exposure.

3.2.3. Meteorological Factors

Meteorological forcing is a primary trigger of avalanche events and largely governs
the timing and magnitude of releases. Three variables were considered: snow-season
daily maximum air temperature, seasonal cumulative precipitation, and maximum wind
speed. These fields were obtained from ERA5-Land and downscaled to 12.5 m using
inverse distance weighting to produce the grids shown in Figure 3. Tmax regulates the
thermal state of the snowpack; sustained temperatures above 0 °C promote meltwater
percolation, loss of cohesion, and wet-snow avalanches [43]. Precip represents moisture
input and loading; intense or persistent precipitation increases overburden and may initiate
failure, while rain-on-snow under near-freezing conditions can accelerate weakening.
MaxWind is particularly important in mountains, where strong winds transport snow
from windward to leeward slopes, forming dense, cohesive slabs and cornices that are
often unstable and prone to collapse [44]. Together, these meteorological variables capture
dynamic atmospheric conditions that interact with static topography to control avalanche
occurrence, and their inclusion improves representation of both background and triggering
conditions in susceptibility modeling.

All topographic and vegetation variables represent static conditions, while meteorological
factors were composited from two consecutive snow seasons (November—-April 2022 /2023
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and 2023/2024) to ensure temporal consistency with the recorded avalanche events. This
temporal alignhment ensures that the remote-sensing—derived predictors correspond directly to
the period of avalanche occurrence. Meteorological factors were derived from ERA5-Land for
two recent snow seasons (November—April 2022/23 and 2023 /24) and composited to match
the 2023 /24 avalanche inventory period.

3.3. Methodology

This study followed five main steps. First, avalanche and non-avalanche samples were
prepared from field surveys and UAV data, and 16 conditioning factors were extracted using
GIS. Second, multicollinearity among factors was assessed with Pearson’s correlation and
the variance inflation factor (VIF) to ensure model robustness. Third, five classifiers—RF,
XGBoost, LightGBM, Soft Voting ensemble, and Stacking ensemble—were trained and
evaluated using stratified sampling and multiple performance metrics. Fourth, the SHAP
framework was applied to interpret feature contributions at global and local scales. Fi-
nally, the best-performing model was used to produce the avalanche susceptibility map,
and the predicted probabilities were partitioned into five susceptibility classes for spatial
visualization. Figure 4 summarizes the workflow.
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Figure 4. Schematic diagram of the workflow of this study.

3.3.1. LightGBM

LightGBM is an efficient tree-based ensemble learning algorithm developed to improve
the training speed, scalability, and accuracy of gradient boosting frameworks [45]. It builds
decision trees in a leaf-wise manner rather than level-wise, prioritizing the leaf with the
highest loss reduction, which enhances convergence and allows the model to capture
complex feature interactions more effectively.

The model iteratively fits a series of regression trees to the residuals of previous
predictions by minimizing a regularized objective function. The general formulation of the
additive model is expressed as:

Fu(x) = ;“ifi(x) 1

where f;(x) denotes the regression tree added at the i-th iteration and «; is the correspond-
ing learning rate. Each tree is constructed to optimize a second-order Taylor approximation
of the loss function, which incorporates both gradient and Hessian information. Regular-
ization terms are included to control model complexity and mitigate overfitting.
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LightGBM introduces two novel techniques—gradient-based one-side sampling
(GOSS) and exclusive feature bundling (EFB)—to reduce computational cost without com-
promising model accuracy. GOSS retains instances with large gradients while randomly
sampling from those with small gradients, accelerating convergence. EFB bundles mutually
exclusive features to reduce dimensionality, particularly beneficial in high-dimensional
sparse datasets.

In this study, LightGBM was employed to construct the avalanche susceptibility model
using a set of 16 environmental predictors, including topographic, meteorological, and
vegetation-related factors. The model was trained using stratified sampling to address class
imbalance, and missing values were handled through median imputation. Hyperparame-
ters were optimized via manual tuning and cross-validation, with the number of trees set
to 300, the learning rate to 0.05, and the maximum tree depth to 5.

3.3.2. Random Forest

Random Forest is a bagging-based ensemble method that constructs multiple decision
trees using bootstrapped samples of the training data [46]. Each tree is built independently,
and predictions are aggregated through majority voting to reduce variance and improve
generalization. The final output is given by:

§ = majority vote { f1(x), f2(x),..., fr(x)} ()

where f;(x) denotes the prediction of the f-th tree and T is the total number of trees. In
this study, the RF model consisted of 300 trees with a maximum depth of 15. Balanced
class weights were applied to address data imbalance, and missing values were handled
by median imputation. RF was included as a robust baseline due to its tolerance to
multicollinearity and ability to assess variable importance.

3.3.3. XGBoost

XGBoost is a scalable and regularized variant of the traditional gradient boosting
algorithm, designed for efficient learning on structured data [47]. Like other boosting
methods, XGBoost builds an ensemble of weak learners in a stage-wise manner, where each
new tree is trained to minimize the residual error of the ensemble’s current predictions.

XGBoost introduces several improvements, including shrinkage, column subsampling,
and explicit regularization terms, which help to control overfitting and enhance model
generalization. The regularized objective function is defined as:

n K

L£(0) = ;Z(yi,]?i) +1;Q(fk) ©)
1 T

Ofy) =T+ 54} o} (4)
j=1

Here, [ is the loss function, () penalizes model complexity via the number of leaves T
and their weights wj, and 7, A are regularization coefficients.

In this study, the XGBoost model was configured with 150 trees, a learning rate of 0.08,
and a maximum depth of 5. Feature preprocessing and sampling procedures were aligned
with those used in the RF and LightGBM models. The inclusion of XGBoost enables
comparison with other boosting and bagging algorithms under a consistent framework.

3.3.4. Stacking Ensemble

Stacking is a meta-learning strategy that integrates the predictions of multiple base
classifiers by training a higher-level learner to combine them. In this study, logistic re-
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gression was used as the meta-learner, while LightGBM, XGBoost, and RF served as base
learners. During training, out-of-fold predictions from the base learners were used as input
features to the meta-learner, which helps reduce overfitting and improve generalization.
The stacking ensemble enables the complementary strengths of different algorithms to be
leveraged within a unified framework.

3.3.5. Soft Voting Ensemble

The soft voting ensemble aggregates the probabilistic outputs of multiple classifiers
by computing the weighted average of predicted class probabilities. In this study, equal
weights were assigned to LightGBM, XGBoost, and RF. The final class label was determined
by selecting the class with the highest average probability. Soft voting is particularly
effective when individual models exhibit diverse yet complementary decision boundaries,
and it enables performance gains with minimal additional complexity.

3.3.6. Shapley Additive Explanation

To enhance the interpretability of avalanche susceptibility models, this study employed
SHAP, a unified framework based on cooperative game theory. SHAP quantifies the
marginal contribution of each predictor to individual predictions by computing Shapley
values, which represent the average marginal contribution of a feature across all possible
coalitions [48].

Given a trained model f(x), the SHAP value ¢; for feature i is calculated as:

bi= ),

SCN\{i}

'S'!(N&f “Drsutiy) - £5)] ©)

where N is the set of all input features, and S is a subset of features not containing i. This
formulation ensures local accuracy, consistency, and missingness.

We used the TreeSHAP algorithm to compute SHAP values for each test sample,
attributing model outputs to individual features. TreeSHAP provides computational
efficiency and exact attribution for tree ensembles, making it suitable for high-dimensional
inputs. We then generated global and local SHAP plots based on all 226 avalanche instances,
visualizing the average influence of each input and the marginal interaction patterns, and
thereby identifying the key determinants of avalanche susceptibility. Feature importance
was ranked by the mean absolute SHAP values, and no fixed threshold was imposed.

3.4. Performance Assessment

The performance of avalanche susceptibility classifiers was assessed using four widely
adopted evaluation metrics: overall accuracy (Acc), F1-score, Cohen’s kappa coefficient
(x), and the area under the receiver operating characteristic curve (AUC). These indicators
provide complementary perspectives on model reliability and are particularly suited for
imbalanced datasets common in avalanche occurrence. The formulas are defined as follows:

TP+ TN
A= TP T TNTFPLEN ©)

.. TP
Precision = TP L EP (7)

TP
Recall = TP+ EN (8)
Precisi R

F1 — score — 2 x recision X Recall ©)

Precision + Recall
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e
p _ (TP+FP)(TP+ FN) + (TN + FP)(TN + FN) an
‘ (TP + TN + FP + FN)?

In these equations, TP (true positives) and TN (true negatives) denote avalanche and
non-avalanche instances correctly classified, respectively, while FP (false positives) and
FN (false negatives) represent misclassifications.

Accuracy reflects overall classification correctness. The F1-score provides a balanced
measure of precision and recall, making it robust for uneven avalanche-to-non-avalanche
ratios. Cohen’s kappa quantifies the level of agreement between predictions and obser-
vations beyond chance expectation. AUC is derived from the receiver operating charac-
teristic (ROC) curve and measures the threshold-independent discriminative capacity of
a model; values close to 1 indicate excellent separability, whereas values near 0.5 imply
random performance.

4. Results
4.1. Multicollinearity Results

To evaluate potential multicollinearity among the 16 conditioning factors, we com-
puted the Pearson correlation matrix and VIFs. As shown in Figure 5, the meteorological
variables—Precip, Tmax, and MaxWind—exhibit relatively high VIFs, approaching or
slightly exceeding the commonly used threshold of 10, indicating moderate to high mul-
ticollinearity. By contrast, most terrain and land-cover variables, such as NDVI, LU, and
curvature, have low VIFs (<4), suggesting minimal redundancy. Despite the elevated VIFs
for the meteorological set, these variables were retained due to their theoretical relevance to
avalanche formation in cold regions and their expected contribution to model skill. More-
over, the mean VIF across all factors remains within acceptable bounds, and no variable
showed excessive inflation warranting exclusion.

Precip
Tmax
MaxWind ]
TWI
TRI
PlanCurv
Slope
TPI
ProfCurv
Relief

Conditioning Factor

Elevation
DistRiver
LU

Curvature
NDVI ——- VIF=10

Aspect VIFeS

0 2 4 6 8 10
Variance Inflation Factor

Figure 5. VIF values of the 16 avalanche conditioning factors.

The Pearson correlation matrix (Figure 6) corroborates these findings. While most
factor pairs show weak-to-moderate associations (|r| < 0.7), several expected geometric
linkages are evident. For example, slope correlates strongly with Relief (r = 0.97) and
TRI (r = 0.99), and TPI correlates with PlanCurv (r = 0.83) and overall curvature (r = 0.96).
Linear relationships between meteorological and topographic variables are limited, im-
plying complementary roles in the model. Although some multicollinearity is present, no
variables were removed. This decision reflects the use of tree-based ensemble classifiers,
which are nonparametric and split-based and are inherently robust to multicollinearity. Re-
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taining all 16 factors also enables a more comprehensive assessment of feature contributions
in the subsequent SHAP interpretability analysis.
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Figure 6. Pearson’s correlation coefficient matrix.

4.2. Classifier Performance

To assess the predictive capabilities of different models in avalanche susceptibility
mapping, five classifiers were evaluated: XGBoost, RF, LightGBM, Soft Voting, and Stacking.
Each model was trained and tested using a stratified split (80% training, 20% testing), and
performance was evaluated based on AUC, Acc, Fl-score, and Kappa coefficient, the
specific results are shown in Figure 7.

LightGBM 0.7366
0.90

XGBoost 0.6926
0.85

3

§ RF 0.6927
0.80

Stack-vl 0.7365
-0.75

Soft-Vote 0.7365
. -0.70

AUC Acc F1 Kappa

Figure 7. Classifiers’ performance comparison.

LightGBM outperformed the other classifiers, achieving the highest AUC (0.9428),
accuracy (0.8681), F1-score (0.8750) and Kappa coefficient (0.7366), indicating its superior
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ability to distinguish between avalanche-prone and non-prone areas. XGBoost and RF
exhibited comparable performance with AUCs of 0.938, Acc of 0.8462, and slightly lower
Kappa values (0.692). The ensemble classifiers, including the Soft Voting and Stacking
models, also demonstrated strong performance, with the Stacking model reaching an AUC
of 0.943 and balanced scores across all evaluation metrics.

The ROC curves (Figure 8) further illustrate the discriminative power of the models.
All classifiers showed good separation capability, with ROC curves closely following the
upper-left boundary of the plot, confirming the robustness of tree-based ensemble methods
in avalanche susceptibility modeling.
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Figure 8. ROC curves.

4.3. SHAP-Based Feature Importance

The SHAP summary plot and feature importance ranking of the LightGBM model
are shown in Figures 9a and 9b, respectively. These results reveal the contribution and
direction of each conditioning factor to avalanche susceptibility across the entire study area.

Figure 9a illustrates the SHAP summary plot derived from the LightGBM model,
highlighting the relative importance and directional influence of the 16 conditioning factors
used in avalanche susceptibility modeling. Each dot represents an individual sample, with
its horizontal position indicating the corresponding SHAP value and its color denoting the
original feature value. Red dots indicate higher feature values, whereas blue dots represent
lower values. From top to bottom, the features are ranked according to their mean absolute
SHAP values (Figure 9b).

The top five most influential variables are TRI, maximum wind speed, slope, aspect,
and NDVI, all of which exert significant impacts on the model output. Among them, TRI
was identified as the most influential factor, suggesting that areas with greater terrain
variability are more prone to avalanches. Maximum wind speed also plays a critical role,
reflecting the importance of wind redistribution in snow loading and slab formation—both
of which are central to avalanche triggering mechanisms. Slope ranks third, aligning with
established understanding that avalanches are more likely to occur on moderately steep to
steep slopes, particularly between 30° and 45°. Aspect and NDVI also exhibit substantial
influence. South-facing slopes, which receive greater solar radiation, and areas with sparse
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vegetation are more susceptible to surface instability due to snowpack weakening or lack of
anchorage. In contrast, variables such as curvature, TPI, and land use show narrow SHAP
value distributions and lower importance, indicating limited contributions to the model.
Interestingly, several factors, including precipitation and elevation, display both positive
and negative SHAP effects across their value ranges, reflecting their nonlinear roles and
environmental dependence in avalanche initiation.
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Figure 9. Schematic diagram of feature ranking (a) Summary plot of SHAP values; (b) Factor
importance plot.

4.4. SHAP Dependence Plots

To reveal the nonlinear responses and pairwise interactions between conditional fac-
tors, the study used TreeSHAP to calculate SHAP values and plot dependency diagrams.
Primary variables were selected by global importance and mechanistic relevance. For
each primary variable, the secondary variable used for coloring was chosen based on the
strongest interaction signal together with physical interpretability; when multiple candi-
dates were comparable, we preferred combinations that produced clearer color gradients
and aligned with known avalanche processes. In each plot, the x-axis is the raw value of
the primary variable, the y-axis is its SHAP value, and point colors encode the secondary
variable, which allows simultaneous inspection of the marginal effect and its modulation.

Figure 10a shows a strong positive relationship between TRI and SHAP values. The
contribution increases rapidly and reaches a plateau at approximately 5-7, with limited
marginal gains beyond about 7. Steeper slopes amplify the positive effect most clearly
when slope is at least 30°, whereas slopes of 15° or less markedly weaken the TRI gain.
Figure 10b indicates a generally monotonic increase in SHAP with maximum wind speed
and a saturation at higher values. The contribution changes sign near 2.0-2.3 m s~ and
then levels off for values above about 2.5 m s~!. Larger TRI values are associated with
stronger positive wind effects; lower TRI weakens them.

Figure 10c aspect shows directional windows. East—southeast aspects near 80-140° and
west—southwest aspects near 220-270° present higher positive contributions. Northwest—
north aspects near 300-360° and north-northeast aspects near 0—40° present negative
contributions. Greater terrain relief increases the absolute magnitude of the aspect signal;
small relief reduces it toward zero. Figure 10d NDVI displays a non-monotonic pattern.
The highest contributions occur at NDVI values of about 0.65-0.75. Contributions decline
rapidly when NDVI exceeds 0.75 and remain low when NDVI is below 0.60. South-centered
aspects tend to elevate the peak within 0.65-0.75 and intensify the decline at high NDVIL.
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Figure 10. SHAP dependency plots of different principal factors with their interactors: (a) TRI-Slope,
(b) MaxWind-TRI, (c) Aspect—Relief, (d) NDVI-Aspect, (e) DistRiver-Tmax, and (f) TWI-TRIL

Figure 10e DistRiver defines a near-channel belt of high contribution. SHAP values
are highest within 0-2 km, decay rapidly over 2-5 km, and level off beyond about 10 km.
Warmer daily maxima amplify the near-channel effect, whereas colder conditions attenuate
it. Figure 10f TWI shows a near-monotonic decrease. Suppression strengthens beyond
approximately 7-8 and is most pronounced for TWI of at least 10. The negative effect is
stronger where TRI is 3 or less; TRI of 6 or greater partially offsets it.

4.5. Avalanche Susceptibility Maps and Field Validation

Capitalizing on its strong performance, LightGBM together with 16 avalanche con-
ditioning factors was used to generate the road-corridor susceptibility map for the Kanas
Scenic Area. As shown in Figure 11, the map highlights potential avalanche risk as a
function of the relevant conditioning variables. Among available classification schemes,
the Jenks natural breaks method is widely used and is particularly effective near class
boundaries because class intervals are derived from the data, which optimizes grouping.
Accordingly, the LightGBM-derived probabilities were classified using natural breaks
into five ordinal classes—very high, high, moderate, low, and very low—providing a
standardized framework for comparison.
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Figure 12 presents the spatial distribution of these susceptibility classes together with

the corresponding avalanche samples. The results indicate extensive moderate-to-high
susceptibility along the road network. LightGBM estimates that 18.15% of the study
area falls in the very high class, 8.00% in high, 50.32% in moderate, 19.54% in low, and
3.99% in very low. Notably, about 76% of inventoried avalanche events occur within the

moderate-or-higher classes, which supports the realism of the susceptibility map.
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Based on the spatial distribution of avalanche susceptibility predicted by the model,

avalanches were found to be primarily concentrated along the midsection of the S232 route,

particularly on both sides of the river valley, as well as the middle and lower sections of
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the X852 route. During the field investigation conducted throughout the 2023-2024 snow
season, multiple avalanche events were identified around the scenic corridor. These events
were all located in areas classified as high or very high susceptibility on the model-derived
map, indicating a strong agreement between the evaluation results and actual conditions.
Selected field-observed avalanche events are presented in Figure 13.

Figure 13. Spatial distribution of avalanche susceptibility classes and field-verified avalanche loca-
tions. Panels (A-G) correspond to different representative road sections along the 5232, X852, and
G219 corridors.

In addition to the visual comparison, a spatial overlay analysis was conducted between
the susceptibility map and field-recorded avalanche locations to quantitatively assess model
reliability. The results showed that 76% of the mapped avalanche initiation zones fell within
the moderate-to-very-high susceptibility classes. This spatial correspondence indicates a
strong predictive agreement between the model and real-world avalanche occurrences.

Furthermore, field validation using UAV orthophotos and GPS-marked avalanche
debris confirmed that the observed crown lines, deposition zones, and runout paths were
accurately captured within the high-susceptibility belts predicted by the model. These belts
are predominantly distributed along the middle sections of the 5232 and X852 routes, coin-
ciding with steep slopes (>30°) and areas of high TRI (>6), where dense snow accumulation
and wind redistribution were observed during field campaigns.

Overall, the high spatial agreement between model predictions and observed
avalanche paths demonstrates the practical validity of the proposed framework for iden-
tifying critical hazard zones and prioritizing monitoring and mitigation along mountain
transportation corridors.

5. Discussion
5.1. Comparison with Previous Studies

The findings of this study are generally consistent with previous research on avalanche
susceptibility modeling using machine learning. Similarly to Akay and Iban [26,27], our
results confirm that ensemble tree-based algorithms, particularly LightGBM, achieve high
predictive performance and robustness in complex alpine terrain. The identification of key
conditioning factors such as slope, TRI, and wind speed also aligns with Maggioni et al.
and Liu et al. [49,50], who emphasized the dominant role of topography and meteorological
forcing in avalanche occurrence.
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Beyond confirming these patterns, this study advances the literature by integrating
SHAP-based explainable analysis to move from “which factors matter” to “how and where
they matter.” Specifically, the SHAP dependence plots quantify nonlinear thresholds and
pairwise interactions—for example, the slope peak around 30—40°, the TRI plateau near
5-7, and the wind-speed transition around 2.0-2.5 m s~!—thus linking model outputs to
physically interpretable processes. Earlier ML work largely emphasized overall accuracy or
global feature rankings; our approach complements those efforts by exposing factor response
curves and interaction windows that are directly actionable for monitoring and early warning
(e.g., prioritizing sensor placement on steep, high-relief, wind-exposed slopes).

Methodologically, we also complement studies that rely solely on statistical validation
by incorporating independent field verification with UAV imagery and GPS-mapped
events. The strong spatial agreement between mapped high-susceptibility zones and
observed avalanches (~76%) reinforces the operational reliability of explainable ML for
hazard zoning in alpine transportation corridors. Taken together, these contributions
position our framework as an incremental yet practical step from accurate prediction
toward interpretable, site-aware decision support.

5.2. Thresholds and Interactions: Implications for Avalanche Monitoring and Early Warning

The SHAP dependence plots revealed several critical thresholds and interactions that
provide valuable insights for avalanche monitoring and early warning in the Kanas Scenic
Area transportation corridor.

First, terrain-related thresholds were clearly identified. Avalanches are most likely
to occur on slopes between 30° and 40°, particularly when combined with high terrain
ruggedness (TRI ~ 5-7). These findings suggest that slope-ruggedness combinations can
be prioritized for ground-based monitoring stations, drone inspections, or remote sensing
surveillance. Second, climatic drivers demonstrated actionable thresholds. Maximum
wind speed exhibited a transition zone around 2.0-2.3 m s~ !, with susceptibility increasing
rapidly before saturating above 2.5 m s~ 1. Such thresholds can be translated into real-time
warning triggers using local meteorological stations, especially when high winds coincide
with rugged terrain that favors snow redistribution. Third, vegetation and land-surface
indicators provide additional guidance. Moderate vegetation cover (NDVI ~ 0.65-0.75)
was associated with peak susceptibility, whereas denser vegetation (>0.75) reduced insta-
bility. Monitoring NDVI changes via satellite or UAV imagery may therefore help detect
areas where vegetation loss could amplify avalanche risk. Fourth, hydrological and micro-
climatic effects were evident. Areas within 0-2 km of river valleys exhibited the highest
susceptibility, especially under warmer daily maximum temperatures. This highlights the
importance of focusing patrols and structural mitigation measures along riverside road sec-
tions. Similarly, TWI values exceeding 7-8 showed a strong suppressive effect on avalanche
probability, but this stabilizing role weakened in highly rugged terrain, suggesting that
moisture can shift from protective to adverse under specific geomorphic conditions.

Overall, these thresholds and interactions extend the utility of ML-based susceptibility
mapping by offering physically interpretable benchmarks for operational monitoring and
early warning. Integrating such findings into local hazard management can support the
development of threshold-based risk indices and adaptive alert systems, thereby enhancing
preparedness for sudden avalanches in high-altitude transportation corridors.

5.3. Contributions, Limitations, and Future Directions

This study makes both scientific and practical contributions by integrating machine
learning with explainable Al for avalanche susceptibility mapping in alpine transportation
corridors. The use of SHAP enhanced model transparency and revealed the relative
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importance of topographic, climatic, and vegetation-related factors, thereby bridging
data-driven modeling with physically interpretable mechanisms. These insights provide
actionable guidance for disaster risk management: for instance, high TRI and steep slopes
highlight zones requiring structural mitigation, while wind-exposed and sparsely vegetated
slopes suggest the value of snow fences or reforestation programs. The strong agreement
between predicted high-risk zones and observed avalanche events further validates the
operational reliability of the framework, supporting its utility for proactive zoning and
early warning in regions with limited monitoring infrastructure. Beyond the Kanas Scenic
Area, the methodology offers a replicable template that balances predictive skill with
interpretability, making it transferable to other alpine regions facing similar hazards.

Nevertheless, several limitations should be acknowledged. First, the reliance on
ERA5-Land datasets introduces uncertainties, as its coarse resolution may miss micro-scale
triggers such as short-lived gusts and localized snow redistribution, and prior studies
have reported systematic biases in high-elevation terrain [51,52]. Second, despite its strong
performance in the study area, transferability to other alpine regions with differing cli-
mate regimes, snowpack structures, or terrain types remains untested. Third, the current
approach focuses on static susceptibility mapping, emphasizing spatial predisposition
without accounting for the rapid temporal evolution of snowpack properties. Finally,
while the SHAP framework enhances model transparency and factor ranking, it does not
directly incorporate snow physical processes such as slab cohesion, weak layer evolution,
or internal stress distribution. Coupling interpretable machine learning with process-based
avalanche dynamics models may yield hybrid frameworks that balance accuracy, physical
realism, and interpretability.

Future research should therefore prioritize three directions: expanding validation
across multiple snow seasons and alpine regions to test robustness; incorporating higher-
resolution meteorological and snowpack observations to refine environmental covariates;
and combining interpretable ML with process-based models or real-time remote sensing
indicators to enable spatiotemporal forecasting and dynamic early-warning systems. Pur-
suing these directions will support the development of more reliable, interpretable, and
practically applicable avalanche forecasting tools for cold mountain regions.

6. Conclusions

This study proposes and validates an explainable ML framework for mapping snow
avalanche susceptibility along the transportation corridor of the Kanas Scenic Area in the
Altai Mountains, China. The main findings are as follows:

Among the five ML classifiers tested, Random Forest, XGBoost, LightGBM, Soft Voting
and Stacking, LightGBM achieved the highest scores across all metrics (AUC = 0.9428,
accuracy = 0.8681, F1-score = 0.8750, Cohen’s k = 0.7366), indicating strong capability for
delineating avalanche-prone zones and making it the preferred model for susceptibility
mapping in this study.

Incorporating SHAP markedly improved model transparency. Global results identified
TRI, MaxWind, slope, aspect, and NDVI as the dominant drivers. Dependence plots
quantified actionable thresholds and interactions, including a TRI plateau at ~5-7, a slope
peak at 30-40°, a MaxWind sign change at 2.0-2.3 m s~ ! with saturation above 2.5 ms~!, a
hump-shaped NDVI response with an optimum at 0.65-0.75, a near-river 0-2 km high-risk
belt amplified by Tmax, and TWI suppression beyond 7-8 that is partially offset under high
TRI. These interpretable patterns align predictions with physical processes and support
corridor-scale risk mitigation.

Using LightGBM with 16 conditioning factors, we produced a susceptibility map
classified by Jenks natural breaks into five classes: very high 18.15%, high 8.00%, moderate
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50.32%, low 19.54%, and very low 3.99%. Spatial validation with 2023-2024 avalanche
events shows that more than 75% of inventoried occurrences fall within the moderate-to-
very-high classes, demonstrating the reliability of the map and its practical value for hazard
zoning, infrastructure planning, and targeted risk reduction along high-elevation roads.

Limitations include reliance on reanalysis meteorology over complex terrain and
a static mapping design. Future work will incorporate higher-resolution/downscaled
forcings and event-time predictors, couple the data-driven outputs with physics-based
avalanche dynamics for consequence mapping, and evaluate transferability via cross-
region tests and spatial cross-validation with explicit uncertainty quantification. Over-
all, integrating remote sensing, ensemble ML, and explainable Al enhances the inter-
pretability, accuracy, and usability of avalanche susceptibility assessment for cold region
transportation corridors.
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