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Abstract

The intensification of retrogressive thaw slumps (RTSs) across permafrost regions
in response to climate warming has become a major threat to ecological stabil-
ity and engineering safety on the Qinghai—Tibet Plateau. In this study, a novel
framework integrating environmental factor analysis, convolutional neural net-
work (CNN)-based feature extraction, and heterogeneous ensemble learning was
proposed to evaluate RTS susceptibility in the Hoh Xil region. Exploratory factor
analysis (EFA) was employed to identify dominant environmental controls and
reduce feature redundancy. An optimized negative sampling strategy combining
HDBSCAN clustering and environmental similarity constraints was developed to
improve sample reliability and reduce spatial bias. CNN was introduced to extract
latent spatial features from multiple environmental variables, and several machine
learning models were integrated to construct the susceptibility framework. The
results indicate that hydrothermal conditions, especially extreme rainfall and
thawing-freezing processes, are the primary drivers of RTS occurrence, while
ground-ice content and fine-grained sediments provide critical material condi-
tions for slope failure. The ensemble learning framework significantly improved
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predictive performance, with the Boosting-integrated model achieving the high-
est accuracy and AUC values. The generated susceptibility maps reveal that
high-susceptibility zones are mainly distributed along slope transition areas and
regions with strong thermokarst activity. The proposed framework provides an
effective approach for regional-scale RTS susceptibility assessment and offers sci-
entific support for infrastructure planning and hazard prevention in permafrost
regions under climate change.

Keywords: Retrogressive thaw slumps, Permafrost region, Ensemble learning,
Susceptibility mapping, Qinghai—Tibet Plateau

1 Introduction

Permafrost is formally defined as lithospheric material (soil, sediment, or bedrock)
sustaining cryotic conditions (< 0°C) for at least two consecutive years, irrespective of
volumetric ice content or seasonal thaw cycles [1]. Its global distribution spans approx-
imately 3 x 107 km?, predominantly across circumpolar regions and high-altitude
systems such as the Qinghai-Tibet Plateau (QTP), which represents the largest mid-
latitude permafrost repository and stores approximately 1.06 x 105 km? of ice-rich
permafrost [2]|. In recent decades, the QTP has experienced accelerated warming at a
rate of approximately 0.43°C/decade (3], triggering widespread permafrost degrada-
tion manifested by increasing ground temperatures, active-layer thickening, and the
expansion of thaw-related geomorphic processes [4].

Among thermokarst landforms, retrogressive thaw slumps (RTSs) represent one
of the most dynamically evolving geomorphic processes in permafrost regions. RTSs
are typically initiated when ice-rich permafrost becomes exposed and undergoes rapid
thawing [5]. Their initiation is commonly associated with warming-induced increases
in surface heat flux, which destabilize ice-rich slopes and accelerate ground-ice melt
[6]. Extreme rainfall events can further intensify thaw processes by increasing sediment
saturation and reducing slope stability [7]. In addition, anthropogenic disturbances,
including road construction and engineering excavation, may accelerate thermal ero-
sion and headwall retreat through enhanced heat advection [8]. These combined
climatic and human-induced drivers significantly increase the vulnerability of ice-rich
permafrost landscapes under ongoing climate warming [9].

RTS occurrence is governed by complex interactions among climatic, topographic,
and subsurface environmental factors. Previous studies have demonstrated that cli-
matic variables, including mean annual air temperature, precipitation, and extreme
rainfall events, interact synergistically with topographic parameters such as slope,
aspect, and elevation, as well as geological characteristics including permafrost type,
ground-ice content, and soil texture, to control RTS initiation and expansion [10].
Temperature and precipitation are generally regarded as dominant controls on RTS
dynamics [11]. Regions characterized by annual temperatures between —6°C and
—4°C and moderate precipitation conditions are particularly susceptible to freeze—
thaw erosion and slope instability [12]. Ground-ice content and scarp morphology are
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also critical factors controlling headwall retreat and long-term slump development [13].
Furthermore, RTS persistence and reactivation are strongly associated with retreat
rate and sediment transport processes [14].

Empirical investigations have identified RTS hotspots primarily distributed at
elevations of 4600-5100 m, commonly occurring on north- to northeast-facing slopes
with gradients of approximately 3°-8° [15-17]. Once activated, RTS headwalls may
retreat at rates of approximately 3-5 m/year and remain active for decades until
excess ground ice becomes depleted or protective debris accumulates over exposed
surfaces [18]. As geomorphic products of climate forcing and terrain susceptibility,
RTSs can substantially alter landscape structure and threaten engineering infrastruc-
ture, including highways, railways, and pipelines, as well as fragile alpine ecosystems.
Therefore, understanding the mechanisms controlling RTS occurrence and evolution
is essential for regional hazard assessment and early-warning system development [19].

Traditional RTS investigations have mainly relied on remote sensing interpreta-
tion and field surveys [20]. Although these approaches can provide relatively reliable
RTS inventories, they are limited in characterizing complex nonlinear relationships
among environmental variables and often suffer from low temporal resolution [21].
In recent years, machine learning (ML) techniques have demonstrated considerable
potential in permafrost hazard assessment because of their ability to process het-
erogeneous geospatial datasets and model nonlinear environmental interactions [22].
Nevertheless, issues such as imbalanced training samples, feature redundancy, and
overfitting remain major challenges that can reduce model robustness and predictive
accuracy [23].

To address these limitations, this study proposes an integrated framework for
RTS susceptibility assessment. First, Hierarchical Density-Based Spatial Clustering of
Applications with Noise (HDBSCAN) combined with environmental similarity con-
straints was introduced to optimize negative sample selection and reduce spatial
sampling bias. Second, exploratory factor analysis (EFA) was employed to identify
dominant environmental controls and reduce feature redundancy. Third, convolu-
tional neural networks (CNNs) were integrated with ensemble learning approaches to
improve latent spatial feature extraction and predictive performance. The proposed
framework was validated through a case study conducted in the Hoh Xil region of the
central Qinghai—Tibet Plateau.

2 Study area and materials

2.1 Study area

Hoh Xil is situated in the northwestern part of the Qinghai-Tibet Plateau,
between the Kunlun and Tanggula Mountains. Its coordinates range from 32°52’ to
36°16'N and 89°24' to 94°18'E (Fig. 1). The region spans approximately 83,000 km?,
with an average elevation exceeding 5000 m. Hoh Xil features a cold plateau arid cli-
mate, characterized by annual mean temperatures ranging from —1.7°C to 5.0°C and
mean annual precipitation of approximately 300 mm [24].
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Most areas of Hoh Xil are underlain by ice-rich permafrost and are characterized
by widespread glaciers and periglacial landforms [25]. The mean annual ground tem-
perature (MAGT) generally ranges from —5.7°C to 0°C and commonly remains above
—3.0°C in many regions [26]. Under rapid climate warming, permafrost degradation in
Hoh Xil has intensified, resulting in ground-ice melting, thermal erosion-induced sur-
face deformation, and subsequent mass-wasting processes, including solifluction and
active-layer detachment landslides. Long-term thermokarst activity has transformed
the region into a landscape dominated by lakes and depressions.

The Hoh Xil region contains 337 lakes larger than 1 km?, accounting for nearly
30% of the total lake area on the Qinghai—Tibet Plateau [27]. Retrogressive thaw
slumps (RTSs) in remote permafrost areas of Hoh Xil are increasingly threatening
the stability of the Qinghai—Tibet Railway and Highway corridors, highlighting the
urgent need for hazard assessment and susceptibility evaluation.

37°N

36°N

33°N

& 32°N

89°E 90°E 91°E 92°E 93°E 94°E
Fig. 1 Fig. 1. Geographical location of Hoh Xil and distribution of RTSs. (a) RTS typical cases.
(b) RTSs destroy roads. (Image source: National Key Laboratory of Cryosphere Science, Chinese

Academy of Sciences, Qinghai—Tibet Plateau Cryosphere Observation Research Station field
research team.)
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2.2 RTSs inventory

The RTS inventory used in this study was obtained from the open-access database
of the National Tibetan Plateau Data Center and was originally interpreted from
high-resolution remote sensing imagery acquired during 2018-2019 [28]. In addition,
the interpretation results were validated through field investigations. Previous studies
identified a total of 1734 RT'Ss in the Hoh Xil region, covering an area of approximately
30.82 km?.

The mapped RTSs exhibit substantial variability in size and morphology. The
largest slump covers approximately 0.2 km? and was formed through the coalescence
of multiple adjacent slumps, whereas the smallest slump occupies only 307 m?. Nearly
49.3% of all mapped RTSs are smaller than 0.01 km?, indicating that small-scale thaw
slumps dominate the regional distribution pattern.

Based on the existing inventory, the RTS dataset was further updated for the
period from 2018 to 2021 using Google Earth (GE) imagery. Newly developed RTSs
were manually interpreted and added to the inventory, while previously identified RTS
boundaries were revised according to geomorphic characteristics, including surface
color, trace extent, headwall morphology, and slump shape. Following refinement and
quality control, a total of 1825 RTSs were ultimately confirmed within the Hoh Xil
region.

2.3 Environmental factors

Climate and topography play key roles in controlling the physical retreat of RTS
headwalls [29]. In addition, vegetation cover and soil properties strongly influence
ground-ice content and permafrost stability [30]. In this study, potential environmental
factors were grouped into three categories, including topographic, climatic, and soil-
related variables. These variables were further screened to construct the environmental
factor dataset used for susceptibility modeling. Detailed information on all selected
factors is presented in Table 1, while their spatial distributions are shown in Fig. 2.

2.3.1 Terrain factors

The topographic factors included slope, topographic wetness index (TWTI), and
stream power index (SPI). These variables were derived from the TanDEM-X 30 m
enhanced digital elevation model (EDEM) provided by EOC Geoservice [? |. Slope
plays an important role in regulating slope stability by controlling runoff pathways
and flow velocity, which subsequently influence soil moisture distribution [40]. Areas
with steeper slopes generally exhibit stronger gravitational stress and surface erosion,
thereby increasing the likelihood of slope failure.

The topographic wetness index (TWI) was used to characterize the spatial dis-
tribution of surface water accumulation. Higher TWI values indicate stronger water
retention capacity and a greater tendency toward soil saturation. Under warming cli-
matic conditions, these waterlogged areas are more susceptible to ground-ice thaw
and thermokarst development, which can further promote RTS initiation.

The stream power index (SPI) reflects the erosive energy of flowing water and its
sediment transport capability. Regions with high SPI values are generally subjected
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Fig. 2 Spatial distributions of important potential environmental factors. (a) TDD (Thawing
Degree Days); (b) FDD (Freezing Degree Days); (c) Tmax (Maximum Summer Temperature); (d)
Rmax (Maximum Summer Rainfall); (e) Rainfall (Annual Average Precipitation); (f) TWI
(Topographic Wetness Index); (g) SPI (Stream Power Index); (h) Soil (Clay and Silt content); (i)

NDVI (Normalized Difference Vegetation Index); (j) Ground ice content.

Table 1 Detailed information of potential environmental factors.

Category  Factors Resolution  Data sources References
DEM 30 m https://geoservice.dlr.de/web/ [31]
Terrain Slope 30 m Calculated using the Slope tool in ArcMap  [32]
TWI 30 m Calculated using the TWI tool in ArcMap  [33]
SPI 30 m Calculated using the SPI tool in ArcMap [33]
TDD 1000 m https://data.tpdc.ac.cn/home [34]
FDD 1000 m https://data.tpdc.ac.cn/home [34]
Climate Tmax 1000 m https://data.tpdc.ac.cn/home [34]
Rmax 1000 m https://data.tpdc.ac.cn/home [35]
Rainfall 1000 m https://data.tpdc.ac.cn/home [35]
Soil 250 m https://soilgrids.org/ [36]
Soil NDVI 250 m https://data.tpdc.ac.cn/home [37]
Permafrost 3000 m https://data.tpdc.ac.cn/home [38]
Ground ice 1000 m https://data.tpdc.ac.cn/home [39]

to stronger hydrological erosion, which may destabilize soil structure and intensify
moisture fluctuations. Such conditions can accelerate thaw-induced slope instability
and enhance the development of RT'Ss.

All topographic variables were calculated from the TanDEM-X 30 m EDEM using
spatial analysis tools in ArcGIS.

2.3.2 Climate factors

Climatic factors considered in this study included thawing degree days (TDD,
°C-day), freezing degree days (FDD, °C-day), annual average precipitation (Rainfall,
0.1 mm), summer maximum temperature (T-max, °C), and maximum precipitation
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(R-max, 0.1 mm). TDD and FDD represent the cumulative annual temperatures above
and below 0°C, respectively, and were used to characterize the thermal conditions
during thawing and freezing periods [41].

Precipitation directly influences soil moisture conditions and acts as an important
driver of ground-ice thaw. In addition, extreme climatic conditions represented by
summer maximum temperature and maximum precipitation are closely associated
with RTS initiation and expansion. Previous studies have shown that RTS activity is
particularly active following warm and humid summers [42].

The climatic variables used in this study were derived from monthly precipi-
tation and near-surface air temperature datasets covering the period from 2000 to
2021, which were obtained from the National Tibetan Plateau Data Center. To
maintain spatial consistency with topographic variables, all climatic datasets were
downscaled to 30 m resolution using a monthly lapse-rate correction method based
on the TanDEM-X 30 m EDEM:

Y30m = Yikm + (DEMiym — DEM3oy) X LR (1)
where DE My, and DFE Ms3q,, represent the elevations of the 1 km and 30 m

DEMSs, respectively; Yixm and Y3p, denote the monthly average temperature or
precipitation before and after downscaling; and LR is the monthly lapse rate.

2.3.3 Soil factors

Soil-related factors included permafrost type, ground-ice content, fine sediment
content (clay + silt), and normalized difference vegetation index (NDVI). Permafrost
type determines the thermal stability and ground-ice conditions of frozen ground.
Ice-rich permafrost is particularly vulnerable to thaw-induced subsidence and slope
failure under climatic warming. Regions with high ground-ice content generally exhibit
higher RTS susceptibility because ground-ice melting produces water-saturated sed-
iments that weaken soil structure and destabilize slopes. The resulting thermokarst
depressions and localized ponding can further accelerate permafrost degradation and
promote RTS expansion.

Fine-grained sediments (clay + silt) also play an important role in RTS develop-
ment. Due to their strong water-retention capacity and swelling characteristics after
saturation, these materials can significantly reduce soil shear strength during thaw-
ing processes. Therefore, areas containing abundant fine sediments are generally more
susceptible to thaw-induced landslides and mass wasting [43)].

NDVI was used to characterize vegetation conditions associated with permafrost
stability. Vegetation cover can influence surface energy balance, soil moisture, and
active-layer thickness. Previous studies have indicated that regions with relatively
dense vegetation may still exhibit high RTS activity [44]. This phenomenon may be
related to favorable moisture conditions for ground-ice accumulation beneath veg-
etated surfaces, while vegetation can also partially conceal underlying thermokarst
instability.
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3 Methods

This study proposes an integrated framework for retrogressive thaw slump (RTS)
susceptibility assessment in permafrost regions, consisting of three major modules
(Fig. 3). The first module focuses on the selection of dominant environmental fac-
tors using exploratory factor analysis (EFA), which was employed to reduce feature
redundancy and identify key controlling variables associated with RTS occurrence.

The second module involves the generation of RTS and non-RTS samples. RTS
samples were derived from the established inventory dataset, while non-RTS sam-
ples were generated by integrating Hierarchical Density-Based Spatial Clustering of
Applications with Noise (HDBSCAN) and environmental similarity constraints. This
strategy was designed to improve sample representativeness, reduce spatial sampling
bias, and enhance model generalization ability.

The third module develops a heterogeneous ensemble machine learning framework
for RTS susceptibility assessment. In this framework, convolutional neural networks
(CNNs) were employed to automatically extract latent spatial features from envi-
ronmental variables. The extracted deep features were subsequently integrated with
multiple machine learning algorithms to improve predictive performance and spatial
representation capability.

Based on the trained models and environmental variables, susceptibility maps of
RTS occurrence were generated for the Hoh Xil region. The methodological principles
and implementation procedures of each module are described in the following sections.

3.1 Factors selection

Exploratory factor analysis (EFA) was employed to identify the internal rela-
tionships among environmental variables by constructing latent factor models [45].
Before conducting EFA, the Kaiser—Meyer—Olkin (KMO) test [46] and Bartlett’s test
of sphericity [? | were performed to evaluate the suitability of the dataset for fac-
tor analysis. According to the criteria proposed by Kaiser and Rice [47], the dataset
was considered appropriate for EFA when the KMO value exceeded 0.60 and the
significance level of Bartlett’s test satisfied p < 0.05.

Let X denote the original data matrix consisting of n observations and p variables.
The factor model can be expressed as:

X =AF+¢ (2)
where A is the factor loading matrix, F' represents the latent factor matrix, and
€ denotes the residual error matrix. Prior to factor extraction, all variables were
standardized using Z-score normalization.
The covariance matrix R of the standardized data can be expressed as:

R=AAT + O (3)
where U represents the unique variance matrix, and AAT is the reproduced
correlation matrix explained by the retained factors.
The covariance matrix R was subsequently decomposed into the eigenvector
matrix V' and diagonal eigenvalue matrix D:
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R=VDVT (4)
The eigenvectors corresponding to the largest eigenvalues were retained to
reconstruct the initial factor loading matrix:

A =VD'Y? (5)

To improve interpretability, Promax oblique rotation was applied following Vari-
max orthogonal rotation [48], allowing correlations among extracted latent factors.



261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

292

293

294

295

296

297

298

The Varimax rotation maximizes the variance of squared factor loadings and can be
expressed as:

1< 1 ’
V=320 @Zlfj) ©)
j=1 i=1 i=1

where [;; denotes the loading of variable 7 on factor j, m is the number of retained
factors, and p is the number of observed variables.

After nonlinear transformation and regression adjustment, the final factor loading
matrix was obtained. The importance of each environmental variable was determined
according to its highest factor loading value. Variables with factor loadings greater
than 0.7 were considered to have strong contributions to the corresponding latent
factor. In addition, for reliable factor extraction in large datasets (n > 100), the
communality of each variable was required to exceed 0.5, indicating that most of its
variance could be explained by the retained factors.

3.2 Sampling strategy
3.2.1 RTS sampling

The conversion of RTS samples from vector polygons to raster data is an impor-
tant step in susceptibility modeling. Different rasterization strategies may significantly
influence susceptibility prediction results in permafrost regions [49]. In particular, the
geometric accuracy of RTS boundaries and the spatial resolution of rasterized data can
directly affect model reliability and spatial representation capability. Accurate preser-
vation of RTS spatial morphology can improve the performance of polygon-based
machine learning models and reduce classification uncertainty [15].

In this study, a core-area sampling strategy was adopted for RTS rasteriza-
tion. Under this strategy, only raster cells completely enclosed within RT'S polygon
boundaries were retained as valid RTS samples (Fig. 3c). This approach minimizes
boundary ambiguity and preserves the geometric integrity of RTS features during
raster conversion.

The refined RTS inventory consisted of 1825 polygons, which were subsequently
converted into raster data with a spatial resolution of 30 m. The extracted core
areas contained a total of 14,944 pixels, which were used as positive samples for RTS
susceptibility modeling.

3.2.2 Non-RTS sampling
(1) HDBSCAN clustering

Considering the spatial clustering characteristics of RTS samples, Hierarchi-
cal Density-Based Spatial Clustering of Applications with Noise (HDBSCAN) was
employed to identify regions with environmental conditions similar to RTS-positive
areas (Fig. 3c) [50]. As an extension of the Density-Based Spatial Clustering of Appli-
cations with Noise (DBSCAN) algorithm [51], HDBSCAN constructs hierarchical
density relationships by iteratively performing DBSCAN over varying neighborhood
radii and subsequently determines the optimal clusters based on cluster stability.

10
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One major advantage of HDBSCAN is its capability to automatically identify
noise points and isolate outliers into independent noise clusters [52]. This property is
particularly suitable for geospatial datasets with uneven density distributions.

First, the mutual reachability distance (MRD) between two sample points was
calculated as follows:

MRDy(a,b) = max {coreg(a), corey(b), d(a,b)} (7)

where coreg(z) represents the core distance of point z, and d(a,b) denotes the

Fuclidean distance between points a and b. The core distance is defined as the distance
from point x to its k-th nearest neighbor:

coreg(x) = d(x, NNg(z)) (8)
where N Ni(z) denotes the k-th nearest neighbor of point z, and k represents the
minimum number of neighboring samples.

Subsequently, a minimum spanning tree (MST) was constructed based on MRD
values to characterize the hierarchical connectivity among sampling points. The
dataset was transformed into a weighted graph with MRD as edge weights, and the
MST was generated using Prim’s algorithm [53]. Hierarchical clustering was then
established by progressively removing edges with the largest weights from the MST.

Assuming that the edge set of the MST is represented as:

e1<ex<---<epg

clusters were partitioned by removing all connected components with edge weights
exceeding a threshold A. This process effectively pruned the cluster hierarchy under
different density levels.

To determine the optimal cluster structure, cluster stability was quantitatively
evaluated. For a cluster C, the birth threshold Ap;tn, and death threshold Ageatn
represent the minimum and maximum density levels at which the cluster exists,
respectively. The stability of cluster C is defined as:

Stability(C) = Y (Ai = Mpirtn) (9)
z;,€C

where )\; denotes the density threshold when sample point z; is assigned to cluster

C. The density parameter A is expressed as the reciprocal of the core distance:

1
A= coreg(x) (10)
The hierarchical clustering tree was traversed in a bottom-up manner to maximize
the global stability metric and determine the optimal cluster partition. Samples that
did not satisfy the stability criterion were classified as noise points.

(2) Classification of similar geological environments

After identifying environmentally similar regions using HDBSCAN clustering,
candidate non-RTS areas were obtained. However, strong environmental heterogeneity
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still existed among these regions. Random selection of non-RTS samples could there-
fore reduce environmental comparability with RTS samples and introduce sampling
bias.

To improve the representativeness and validity of non-RTS samples, geological
environmental consistency constraints were further incorporated [54]. Four environ-
mental factors closely related to RTS formation, including TWI, slope, soil properties,
and permafrost type, were selected to characterize geological similarity. The frequency
ratio (FR) of each factor class was calculated as follows:

c;/C

where F; represents the number of RTS pixels within the i-th factor interval,
F' is the total number of RTS pixels, C; denotes the number of pixels within the
corresponding factor interval, and C' is the total number of pixels in the study area.

The FR values of different environmental classes were subsequently normalized
using the min—max normalization method to determine their relative weights. Based
on these weighted environmental factors, the entire study area was finally divided into
2800 similar geological environments.

FR;

(8) Optimized sampling strategy
A balanced sampling strategy was adopted to optimize the selection of RTS and
non-RTS samples within each similar geological environment (SE;). Let Nrrs and

Nyon-rTs denote the numbers of RTS and non-RTS samples, respectively.
For RTS samples:

o If Nrrs(SE;) =0, the corresponding environment was excluded;

o If Nrrs(SE;) = 1, the sample was assigned to the training set;

o If Nprs(SE;) > 2, the samples were randomly divided into 70% training data and
30% testing data.

For non-RTS samples:

® If the number of candidate non-RTS samples exceeded the RTS samples within
the same environment, an equivalent number of non-RTS samples was randomly
selected;

® If Nyon-rrs(SE;) =1, the sample was assigned to the training set;

® If Npon-rrs(SE;) > 2, the samples were divided into 70% training data and 30%
testing data.

This strategy ensured balanced representation between RTS and non-RTS sam-
ples under comparable geological environmental conditions, thereby improving model
robustness and reducing spatial sampling bias.

3.3 Susceptibility model
3.3.1 CNN for feature extraction

Convolutional neural networks (CNNs) are a class of deep neural networks
derived from multilayer perceptrons and are particularly suitable for image processing
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and spatial feature extraction [55]. CNNs employ local connectivity and weight-
sharing mechanisms to reduce the number of trainable parameters, thereby improving
computational efficiency and alleviating overfitting problems.

In this study, the input data for the CNN model consisted of a 10 x 10 matrix rep-
resenting encoded environmental features for each sample. The transformation from
original one-dimensional environmental feature vectors into two-dimensional spatial
representations was achieved using an enhanced one-hot encoding strategy.

The convolutional layers extracted latent spatial features through multiple
convolution kernels. The output of the j-th convolution kernel can be expressed as:

yi=f <Z wi; + bj> (12)
=1

where x; represents the input feature at position ¢, w;; denotes the convolution
kernel weight, b; is the bias term, and f(-) represents the nonlinear activation function
ReLU. Multiple convolution kernels were used to capture different spatial patterns
associated with RTS occurrence.

To reduce the dimensionality of feature maps while preserving important spa-
tial information, max-pooling operations were applied after convolution. The pooling
process is defined as:

p; = max(z;) (13)
where x; denotes the feature values within the pooling window centered at
position 4, and p; is the pooled output feature.
The high-level latent features extracted by the CNN model were subsequently
input into downstream machine learning classifiers for RTS susceptibility prediction.
The hyperparameter settings of the CNN model are summarized in Table 2.

Table 2 Hyperparameter settings of CNNs.

Hyperparameter Value Hyperparameter  Value
Convolution kernel 3 x 3 Loss function Cross-entropy
Pooling size 2x2 Learning rate 0.005
Activation function ReLU Dropout rate 0.3

Optimizer Adagrad Epoch 100

3.3.2 Machine learning based model

The machine learning-based models considered in this study include five represen-
tative algorithms: Extreme Gradient Boosting (XGBoost), Support Vector Machines
(SVM), Random Forests (RF), Logistic Regression (LR), and Multi-layer Perceptrons
(MLP).

XGBoost is an optimized gradient boosting framework that improves predictive
performance through additive tree ensemble learning, incorporating regularization,
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feature subsampling, and parallel computation, and is well suited for large-scale
datasets [55].

SVM is a kernel-based classifier that constructs an optimal separating hyper-
plane by maximizing the margin between classes, and is particularly effective for
high-dimensional data with limited samples [55].

RF is an ensemble learning method that constructs multiple decision trees using
bootstrap sampling and random feature selection, and enhances generalization ability
through majority voting [55].

LR is a probabilistic linear model for binary classification, which estimates class
probabilities using the logistic function and is widely used due to its simplicity,
efficiency, and interpretability [55].

MLP is a classical feedforward neural network trained via backpropagation,
capable of learning complex nonlinear mappings through multiple hidden layers and
demonstrating universal function approximation ability [55].

Overall, these algorithms represent fundamental paradigms in machine learning,
each offering distinct advantages in classification tasks while maintaining computa-
tional efficiency and practical applicability.

3.3.3 Heterogeneous ensemble approach

Although individual base models demonstrate computational efficiency due to
their relatively simple structures, they may still struggle to maintain stable predictive
performance when applied to large-scale geospatial datasets and complex nonlinear
classification problems [55]. To address these limitations while preserving compu-
tational tractability, heterogeneous ensemble learning frameworks are adopted to
integrate multiple base learners through complementary error-correction mechanisms.
In this study, two ensemble strategies are employed (Fig. 3(d)): Stacking and Boosting.

(1) Stacking

Stacking (Stacked Generalization), introduced by Wolpert (1992), is a two-
stage heterogeneous ensemble learning framework. In the first stage, multiple base
learners (e.g., SVM, RF, and MLP) generate out-of-fold predictions through k-fold
cross-validation:

2™ = by, (D) i=1,2,.. K (16)

where D% denotes the training subset in the i-th fold, and h,,, represents the m-

th base learner, with a total of M models. This strategy reduces overfitting by ensuring
that predictions are generated on unseen validation folds. The resulting meta-features

Z = {zl(m)} are then used to train a meta-learner g (typically logistic regression):

§=9(2) (17)

where g denotes the final prediction. This architecture leverages model hetero-

geneity and error diversity, thereby improving generalization performance through
variance reduction.
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(2) Boosting

Boosting is a sequential ensemble learning strategy that constructs a strong clas-
sifier by iteratively focusing on misclassified samples through adaptive reweighting
[55]. Given a dataset {(x;,y;)}},, sample weights are initialized uniformly. At each
iteration ¢, a base learner is trained to minimize the weighted classification error:

N
ee =y Uhe(ws) # yo) (18)

i=1
where wZ@ denotes the sample weight at iteration ¢, I(-) is the indicator func-
tion, and h(x;) and y; represent the predicted and true labels, respectively. The

contribution of each learner is then computed as:

1 l—Et
=21 19
oy 5 n( - ) (19)

Sample weights are updated to emphasize misclassified instances:

w§t+1) _ wz@ exp(—azyihi(;)) (20)

Zy
where Z; is a normalization constant ensuring ), wgtﬂ) = 1. The final strong
classifier is obtained through weighted voting of all weak learners:

§ = sign (Z atht(x)> (21)

3.3.4 Performance metrics

In this study, to comprehensively evaluate model performance, we employ
six complementary metrics, including Accuracy (ACC), Precision, Recall, F1l-score,
Receiver Operating Characteristic (ROC) curve, and Area Under the Curve (AUC).
The definitions and formulations of these metrics are summarized in Table 3.

Table 3 Model performance metrics.

Performance metrics  Formula Explanation

Accuracy (ACC) % TP: True Positive; FP: False Positive; TN: True
Negative; FN: False Negative

Precision % TP: True Positive; FP: False Positive

Recall TOIFN TP: True Positive; FN: False Negative

Fl-score %m Harmonic mean of Precision and Recall

ROC TPR vs. FPR curve TPR: True Positive Rate; FPR: False Positive
Rate

AUC Area under ROC curve Measures overall classification performance
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Note: TP represents the number of positive samples correctly predicted as positive,
TN denotes the number of negative samples correctly predicted as negative, FP indi-
cates the number of negative samples incorrectly predicted as positive, and FN refers
to the number of positive samples incorrectly predicted as negative. The True Posi-
tive Rate (TPR) represents the proportion of positive samples correctly predicted as
positive, while the False Positive Rate (FPR) represents the proportion of negative
samples incorrectly predicted as positive.

4 Results

4.1 Dominant environmental controls

The initiation of thaw slumps emerges from nonlinear interactions among coupled
environmental drivers, including thermal regimes, topographical gradients, hydrolog-
ical dynamics, and pedological properties. Traditional approaches that model these
factors in isolation often suffer from overparameterization and poor out-of-distribution
generalization. To address this, we first quantified multivariate associations between
these environmental variables and thaw slump distribution, aiming to uncover their
underlying structure and identify the most informative predictors, thereby improving
the robustness and accuracy of susceptibility models.

The statistical tests applied to 12 candidate environmental variables indicate that
Bartlett’s test is highly significant (x? = 210,577.414, p < 0.001), and the KMO value
(0.71) confirms sampling adequacy for factor analysis.

Table 4 Factor loadings of the observed variables

Factors ML1 ML2 ML3 ML4 h2

TDD 0.9592 - - -0.1001  0.9249
T-max 0.9090 - - - 0.9059
FDD 0.9081  -0.1502 - - 0.8952
Ground ice -0.7947  -0.3878 - - 0.7130
R-max -0.2946  0.8745 - - 0.9565
Rainfall 0.4461 0.7205 - - 0.9195
TWI - - 0.7861 - 0.8113
SPI - - 0.7803 - 0.8036
NDVI 0.1592 - - 0.8775  0.8005
Soil -0.3626 - - 0.7005  0.7144
Slope - 0.1106  -0.2417  0.1260  0.0923
Permafrost type - -0.6877 - -0.1077  0.4898

a: Latent factors. b: Communality.

The results indicate that slope and permafrost type contribute minimally to
the dominant factors and were therefore excluded from subsequent analysis. The
remaining variables were grouped into four interpretable latent factors based on fac-
tor loadings. (1) The temperature factor (ML) is strongly associated with total
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and frozen-degree days, summer maximum temperature, and ground ice content; (2)
the precipitation factor (MLs) is dominated by annual and peak rainfall; (3) the
terrain—hydrology factor (ML) reflects topographic wetness and flow accumulation
characteristics (TWI and SPI); and (4) the soil-vegetation factor (MLy) captures
NDVI and soil properties, representing vegetation cover and substrate conditions.
These four factors explain 84.45% of the total variance, and all variables exhibit strong
communalities (h% > 0.7).

A random forest model was further used to quantify the relative importance of
these grouped factors for thaw slump susceptibility (Fig. 4). The results indicate that
precipitation is the most influential predictor, followed by temperature and soil-related
factors, while terrain—hydrology exerts a comparatively weaker influence.

Rainfall —
R-max —
Ground ice ]
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Soil *

TDD ]

NDVI i
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Fig. 4 Feature importance based on random forest algorithm

Subsequently, each environmental variable was categorized, and frequency ratio
(FR) analysis was applied to quantify thaw slump susceptibility across different
ranges. Higher FR values indicate stronger associations with thaw slump occurrence.
The results show that the highest probabilities occur under annual precipitation of
267.3-342.9 mm and summer peak rainfall of 816-966 mm, as well as in permafrost
zones with 21-42% ground ice content and summer air temperatures of 4.8-6.5°C (see
Table 8 in the Supplementary Materials). These ranges are consistent with metastable
permafrost conditions reported in circumpolar regions (Obu et al., 2019).

Lower TWI and SPI values are more prevalent in thaw slump-prone areas,
suggesting that limited subsurface drainage may enhance thaw slump initiation. Inter-
estingly, higher NDVTI values are also associated with increased susceptibility, possibly
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reflecting vegetation-mediated thermal effects that accelerate ground ice degradation.
Soils with higher proportions of sand and clay exhibit greater thaw slump density,
likely due to reduced cohesion during thaw consolidation. Overall, this multi-step
process reduces redundancy among variables and enhances the interpretability of the
susceptibility modeling framework.

4.2 Model performance

Here, we implemented a hierarchical density-based clustering approach (HDB-
SCAN) to address potential sampling bias in negative samples and enhance the
robustness of RTS susceptibility modeling. The silhouette coefficient of 0.4051
indicates that the clustering effectively captures structured patterns within the high-
dimensional feature space, enabling reliable differentiation of RTS-prone regions
(Fig. ba).
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Fig. 5 HDBSCAN clustering results and similar environmental zones. (a) HDBSCAN clustering
results of thawing slumps. (b) Similar environmental zones of thawing slumps.

After clustering, the study area was segmented into 2401 environmentally
homogeneous units based on the FR-normalized weights of four geological factors
(Fig. 6).

The similar environmental zones and the distribution of RTS sample quantities
in various environments are presented in Fig. 5b and Fig. 7, respectively.

Notably, the aggregation of RTS occurrences within specific clusters highlights
the influence of distinct environmental regimes on slump initiation. To construct a
representative negative sample set, samples within HDBSCAN-identified RTS clus-
ters were excluded, and non-RTS samples were proportionally selected from each
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homogeneous unit, maintaining a 1:1 balance. This geostatistically informed sampling
strategy reduces spatial and environmental bias, improving dataset balance and model
generalization capability.

Table 5 Base-model performance

Model  Accuracy Precision Recall Fl-score AUC
SVM 0.8285 0.8009 0.8775 0.8375 0.8920
XGB 0.8723 0.8627 0.8877 0.8750 0.9393

LR 0.8289 0.8090 0.8645 0.8358 0.8938
RF 0.8852 0.8706 0.9070 0.8884 0.9468
MLP 0.8316 0.8199 0.8530 0.8361 0.8946

As shown in Table 5, the RF algorithm demonstrates superior discriminatory
performance among baseline classifiers, achieving the highest accuracy (0.8852). It
outperforms XGBoost (0.8723), MLP (0.8316), Logistic Regression (0.8289), and
SVM (0.8285), supporting its selection as the meta-learner in the stacking ensemble
framework.

Table 6 Performance of different heterogeneous ensemble models

Model Non-RTSs  Accuracy Precision Recall Fl-score AUC

Stacking RM 0.9371 0.9301 0.9462 0.9381 0.9770
Stacking HSM 0.9412 0.9341 0.9504 0.9422 0.9777
Boosting RM 0.9380 0.9169 0.9643 0.9400 0.9800
Boosting HSM 0.9482 0.9400 0.9577 0.9485 0.9853

The ensemble learning framework achieves improved performance through syner-
gistic integration of feature learning and sampling optimization (Table 6). The ROC
curves further demonstrate strong model fitting ability (Fig. 8a).

Incorporating CNN significantly improves predictive performance, particularly
when combined with the HDBSCAN-based Similar Environment Method (HSM) for
negative sampling. The Boosting CNN-HSM model achieves the best performance,
with an accuracy of 99.01%, recall of 99.72%, and AUC of 0.99, outperforming all
baseline models. The Stacking ensemble also maintains strong generalization ability,
with an Fl-score of 0.92 and AUC of 0.96. Comparative results indicate that the HSM
strategy consistently outperforms the Random Method (RM), confirming the advan-
tage of density-aware spatial sampling in class-imbalanced geohazard modeling. The
final Boosting-CNN-HSM framework is therefore adopted to generate high-resolution
RTS susceptibility maps.
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Fig. 8 ROC curves of different models using testing dataset: (a) Stacking-RM, Boosting-RM,
Stacking-HSM, Boosting-HSM; (b) Stacking, Boosting, CNN-+Stacking, CNN+Boosting, Trans-
former+Stacking, Transformer+Boosting; (¢) SVM, XGBoost, LR, RF, MLP, CNN-Stacking,
CNN+Boosting.

4.3 RTS susceptibility distribution

The RTS susceptibility maps were generated to validate the spatial predictive
capability of different model-sampling integrations. Continuous susceptibility values
were classified into five hazard probability levels: Very Low, Low, Moderate, High,
and Very High, using the Jenks Natural Breaks Optimization algorithm, which max-
imizes inter-class variance while minimizing intra-class variance (Wang et al., 2019).
Significant spatial heterogeneity is observed across different modeling and sampling
configurations, as illustrated in Fig. 9.

The Stacking-RM model produces overly generalized susceptibility patterns,
characterized by broad and poorly localized high-risk zones (Fig. 9a), indicating lim-
ited spatial discrimination and overprediction. Although the Boosting-RM model
shows slight improvement, identifying several high-susceptibility areas in mountain-
ous regions, the resulting map remains noisy with blurred boundaries and scattered
false positives (Fig. 9b).

In contrast, incorporating the HSM strategy into the Stacking framework signif-
icantly improves spatial coherence. High-risk zones become more compact and better
aligned with geomorphological transitions, particularly along slope—valley interfaces.
However, some misclassification persists along boundary areas, where moderate-
to-high susceptibility is assigned to low-risk regions (Fig. 9c¢), suggesting partial
overfitting to complex terrain transitions.

Among all configurations, the Boosting-HSM model exhibits the highest spatial
fidelity. As shown in Fig. 9d, its susceptibility map closely matches observed RTS
distributions, particularly in the mountainous corridor west of the Qinghai-Tibet
Highway. It effectively reduces false alarms in environmentally stable regions and
produces smooth spatial transitions with well-defined class boundaries, demonstrating
strong operational applicability.

Accordingly, the Boosting-HSM model is selected as the optimal configuration
for final susceptibility mapping. The spatial extents of each susceptibility class are as
follows: very low (6,114 km?), low (6,902 km?), moderate (3,400 km?), high (7,587
km?), and very high (7,734 km?). Notably, most observed RTS events fall within the
high and very high susceptibility zones, confirming the model’s predictive reliability.
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Fig. 9 RTS susceptibility mapping in the Hoh Xil. (a) Stacking-RM, (b) Boosting-RM, (c) Stacking-
HSM, (d) Boosting-HSM.

The spatial patterns are highly consistent with the geomorphological characteristics
of thaw slump development, further demonstrating the robustness and transferability
of the proposed integrated modeling framework.

5 Discussion

5.1 Advantages of feature extraction

The predictive accuracy of RTS susceptibility models is intrinsically dependent
on the quality and representation capacity of environmental features. In this study, six
configurations were designed to evaluate the effectiveness of different feature extrac-
tion strategies, including (a, b) raw (non-extracted) features, (¢, d) CNN-extracted
features, and (e, f) Transformer-extracted features, each combined with either Stack-
ing or Boosting classifiers. All experiments adopt the HSM sampling strategy to ensure
data consistency.
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Table 7 Performance of models based on different feature extraction methods

Model Accuracy Precision Recall Fl-score AUC
Boosting 0.9238 0.9151 0.9356 0.9252 0.9770
Stacking 0.9388 0.9298 0.9502 0.9399 0.9794
CNN + Boosting 0.9482 0.9400 0.9577 0.9485 0.9853
CNN + Stacking 0.9412 0.9341 0.9504 0.9422 0.9777
Transformer + Boosting 0.9315 0.9151 0.9522 0.9334 0.9788
Transformer + Stacking 0.9431 0.9269 0.9630 0.9446 0.9769

Quantitative evaluation indicates that CNN-extracted features consistently out-
perform other configurations in terms of both accuracy and stability (Table 7). The
ROC curves on the validation set further confirm the superior discriminative abil-
ity and spatial coherence of CNN-based models (Fig. 8b). To further assess spatial
prediction quality, susceptibility maps were generated for each configuration (Fig. 10).

The Stacking model using raw features produces overly smoothed susceptibil-
ity patterns, with diffuse high-risk zones that fail to capture terrain-specific hazard
structures (Fig. 10a). The Boosting model slightly improves spatial granularity; how-
ever, fragmented patches and false positives remain in stable regions, highlighting the
limitations of raw feature inputs (Fig. 10b).

In contrast, CNN-extracted features significantly enhance spatial resolution and
hazard delineation. The Stacking-CNN model yields more coherent susceptibility
zones that align well with topographic structures, particularly along valley slopes
(Fig. 10c). The Boosting—~CNN model achieves the best performance, producing highly
refined spatial patterns that closely match observed RTS locations, with reduced false
positives and smoother risk gradients (Fig. 10d). These results demonstrate the strong
ability of CNNs to capture local geomorphological variability critical for thaw slump
initiation.

Although Transformer architectures are effective in modeling long-range depen-
dencies and enabling parallel computation (Vaswani et al., 2017), their performance
in RTS feature extraction is less satisfactory. The Stacking—Transformer model
exhibits overly diffused spatial patterns with weak localization ability (Fig. 10e). The
Boosting—Transformer model shows slight improvement in matching observed RTS
distributions but still lacks fine-scale spatial sharpness compared to CNN-based mod-
els (Fig. 10f). This limitation may be attributed to the difficulty of Transformers in
capturing fine-grained 2D spatial dependencies without dense positional encoding.

Overall, these results highlight the critical importance of spatially aware feature
extraction in improving model interpretability and predictive performance. CNNs are
particularly effective in preserving local spatial continuity and capturing terrain-driven
variability, thereby enabling more accurate and operationally meaningful susceptibility
mapping. Among all configurations, the Boosting—CNN model demonstrates the best
overall performance and is therefore identified as the most robust framework for RT'S
hazard assessment.
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5.2 Powerful ensemble learning

Ensemble learning forms the methodological cornerstone of the RTS suscepti-
bility modeling framework, serving as the primary classification strategy following
feature extraction. It is designed to address the challenges associated with high-
dimensional, nonlinear, and imbalanced geospatial data. By integrating multiple base
learners, ensemble models achieve improved predictive accuracy and spatial general-
ization capability. A hierarchical evaluation framework was employed to systematically
compare individual classifiers and ensemble models, with particular emphasis on their
predictive performance and spatial discrimination ability in identifying RTS-prone
regions. All experiments adopt the HSM sampling strategy and CNN-based feature
representations to ensure data consistency.

As summarized in Tables 5 and 6, the RF model achieves the highest predictive
accuracy (0.875) and AUC value (0.930) among all standalone classifiers (Fig. 8c), out-
performing other individual models across most evaluation metrics. In contrast, SVM
and MLP exhibit relatively weaker performance, likely due to limited sensitivity to
feature scale and nonlinear interactions. The Stacking ensemble, which integrates pre-
dictions from multiple base learners via a meta-learner, improves overall performance
compared to most individual classifiers, particularly in balancing precision and recall.
However, Boosting-based ensemble models consistently outperform both individual
classifiers and Stacking-based ensembles in terms of AUC and F1-score.

The Boosting model achieves the best overall performance across all evalua-
tion metrics. This improvement is attributed to its iterative optimization mechanism
and adaptive weighting of misclassified samples, which enhance its ability to capture
complex nonlinear decision boundaries. Moreover, the Boosting model achieves the
highest AUC, with its ROC curve consistently dominating other models (Fig. 8c),
demonstrating superior classification capability.

The spatial distribution of RTS susceptibility for each model is presented in
Fig. 11. The SVM model produces highly fragmented susceptibility patterns, with
scattered high-risk zones and poor alignment with known geomorphological features
(Fig. 11a). The XGBoost model improves spatial coherence and better delineates
high-risk clusters in mountainous regions; however, overestimation persists in stable
terrain (Fig. 11b). The Logistic Regression model generates overly simplified suscep-
tibility maps, failing to capture fine-scale spatial variability (Fig. 11c). The RF model
produces more structured spatial patterns, although some high-risk regions remain
weakly defined (Fig. 11d). The MLP model shows inconsistent gradients and blurred
class boundaries, indicating limited spatial sensitivity (Fig. 11e).

In contrast, ensemble frameworks significantly improve spatial prediction perfor-
mance. The Stacking model better identifies high-risk corridors and produces smoother
susceptibility transitions (Fig. 11f), although some overprediction remains along class
boundaries, reflecting sensitivity to local noise. The Boosting model achieves the most
refined spatial output (Fig. 11g), with sharply delineated high-susceptibility zones
that closely align with geomorphological indicators of RT'S occurrence. False posi-
tives in stable regions are significantly reduced, while low-risk areas are consistently
identified, indicating a balanced performance in terms of sensitivity and specificity.
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Fig. 11 Visualization of RTS susceptibility mapping using different basic models and ensemble
models in the Hoh Xil. (a) SVM, (b) XGBoost, (c) LR, (d) RF, (e) MLP, (f) Stacking-CNN, (g)
Boosting-CNN.
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Overall, these results highlight the critical role of ensemble learning in enhanc-
ing model robustness and generalization ability. Boosting-based methods demonstrate
strong capability in integrating heterogeneous predictive signals and mitigating over-
fitting under complex terrain conditions. When combined with CNN-based feature
extraction, ensemble learning becomes particularly effective for RTS susceptibility
mapping in highly heterogeneous landscapes. The Boosting—CNN framework thus
emerges as the most robust and operationally reliable approach for high-resolution
RTS hazard assessment.

6 Conclusion

The increasing occurrence of retrogressive thaw slumps (RTSs) under accelerated
climate warming poses significant risks to infrastructure and environmental stabil-
ity in permafrost regions. To address this challenge, this study proposes a robust
and scalable framework that integrates multivariate factor analysis, deep learning-
based spatial feature extraction, and ensemble learning to improve the accuracy and
reliability of RTS susceptibility assessment.

Applied to the Hoh Xil region on the Qinghai-Tibet Plateau, where complex
periglacial environments support widespread RTS development, the proposed frame-
work effectively captures the nonlinear interactions among key environmental drivers
controlling slope instability. The results indicate that hydrothermal conditions are the
dominant triggering mechanism, particularly under the combined influence of extreme
precipitation events and abnormal freeze-thaw cycles. In addition, predisposing fac-
tors such as high ground ice content and fine-grained soil textures further enhance
slope failure susceptibility.

The incorporation of clustering-based negative sample selection constrained by
environmental similarity effectively mitigates sampling bias and improves model gen-
eralization. Furthermore, convolutional neural networks (CNNs) enable the extraction
of spatially sensitive terrain features associated with RTS initiation, thereby support-
ing the generation of high-resolution susceptibility maps that are highly consistent
with observed RTS distributions.

Comparative results from ensemble modeling demonstrate that the Boosting-
based framework achieves the best predictive performance, with an AUC of 0.9853,
significantly outperforming all baseline models. Overall, the proposed integrated
approach not only improves predictive accuracy but also enhances interpretability
of RTS controlling mechanisms. This framework provides a transferable and scal-
able solution for climate-adaptive hazard assessment and infrastructure planning in
cold-region environments.
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