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Highlights 

What are the main findings? 

• A Hybrid CNN-SwinT model achieved high accuracy in earthquake-induced land-
slide susceptibility mapping and outperformed individual deep learning models.  

• Integrating long-term mean soil moisture as a static hydrological conditioning factor 
improved model performance of earthquake-induced landslides. 

What are the implications of the main findings? 

• Climatological Soil moisture information should be considered as complementary 
hydrological conditioning factors to improve the reliability of hazard mapping. 

• The proposed framework provides an effective approach for high-resolution land-
slide susceptibility mapping and risk management in seismically active areas. 

Abstract 

Assessing earthquake-induced landslide (EQIL) susceptibility is essential for hazard mit-
igation in mountainous regions. While background hydrological variations influence 
slope stability, long-term mean soil moisture is rarely incorporated into deep learning-
based landslide susceptibility mapping (LSM). This study proposes a hybrid Convolu-
tional Neural Network and Swin Transformer (CNN-SwinT) framework that integrates 
long-term mean soil moisture as a static covariate to represent persistent background 
moisture conditions. The model couples the local spatial feature extraction of CNNs with 
the hierarchical contextual representation of Swin Transformers to capture multi-scale 
spatial dependencies. Using Minxian County of China as the study area, thirteen condi-
tioning factors were selected via multicollinearity and information gain ratio analyses. 
The dataset was split into training (70%) and validation (30%) sets. Performance compar-
ison against standalone CNN and SwinT models revealed that the hybrid CNN-SwinT 
achieved the highest accuracy (0.856) and AUC (0.95), with predicted high-susceptibility 
zones closely aligning with historical inventories. However, these reported metrics reflect 
a random, spatially non-independent split, and spatial block cross-validation is recom-
mended for future operational deployment. The results demonstrate that incorporating 
long-term mean soil moisture provides critical complementary hydrological information 
that enhances predictive performance. These findings indicate that the proposed hybrid 
framework is reliable and effective for high-resolution EQIL susceptibility mapping. 
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1. Introduction 
Landslides are catastrophic geomorphic hazards in mountainous regions worldwide, 

causing extensive damage to infrastructure, economic disruption, and fatalities [1,2]. In 
tectonically active mountainous areas, earthquake-induced landslides serve as a second-
ary hazard that can severely intensify the social consequences of seismic events. A com-
prehensive understanding of the geographic occurrence and controlling mechanisms of 
earthquake-induced landslides is therefore crucial for effective hazard reduction, land-
use planning, and sustainable regional development [3]. Consequently, Landslide Suscep-
tibility Mapping (LSM) has become a widely adopted analytical technique for identifying 
landslide-prone regions by evaluating the spatial relationships between geo-environmen-
tal variables and historical landslide inventories [4]. 

Surface roughness and high-resolution topographic features have shown significant 
improvement in landslide susceptibility assessments [5,6]. Ultimately, climate fluctua-
tions, hydrological conditions, geology, and topography interactively influence the occur-
rence of landslides. According to [7–9], soil moisture exerts a profound impact on slope 
stability by controlling pore-water pressure and lowering effective shear strength. Slope 
stability depends heavily on soil moisture because it directly affects pore-water pressure, 
soil cohesion, and effective stress. Rainfall penetration increases soil moisture content, 
which weakens soil shear strength and elevates the risk of slope failure [9]. Because hy-
drological processes exert a dominant influence on landslide occurrence, soil moisture 
provides crucial information regarding subsurface instability [10]. 

Furthermore, the use of high-resolution remote sensing data enhances the accuracy 
of landslide susceptibility modeling by better representing spatial variability [11]. Thus, 
integrating soil moisture into landslide susceptibility modeling enhances the reliability of 
the assessment and provides a more physically realistic depiction of slope hydrological 
processes [12]. Recent studies indicate that combining traditional influencing factors with 
high-resolution soil moisture data can significantly enhance landslide susceptibility mod-
eling, resulting in more accurate susceptibility maps [13]. 

Even in the absence of adverse rainfall events, climate variability can significantly aid 
in identifying the preconditioning slope states susceptible to failure by altering climato-
logical moisture conditions. Climate variability influences long-term hydrological condi-
tions that affect slope susceptibility by modifying the spatial distribution of soil moisture 
and groundwater storage. Consequently, spatial long-term mean soil moisture infor-
mation provides valuable insights into the hydrological controls driving slope instability, 
even when event-specific climatological soil moisture observations are unavailable [14–
16]. Therefore, the predictive reliability of landslide susceptibility analysis depends heav-
ily on the integration of hydrological data, particularly in seismically active regions. 

During the last two decades, methodological approaches to landslide susceptibility 
assessment have substantially shifted from traditional statistical methods to sophisticated 
machine learning (ML) and deep learning (DL) frameworks [17–21]. It has been demon-
strated that ML-based techniques are highly effective at capturing intricate, nonlinear re-
lationships between landslide events and environmental influencing factors. Deep learn-
ing approaches demonstrate superior performance in landslide susceptibility mapping by 
effectively capturing complex spatial patterns [8]. In particular, Convolutional Neural 
Networks (CNNs) have been increasingly integrated into DL architectures due to their 
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capacity to automatically extract spatial features from multi-dimensional datasets perti-
nent to slope instability [22,23]. Concurrently with CNN-based advancements, the field of 
geospatial analysis has embraced Swin Transformer-based architectures. These architec-
tures offer advanced capabilities for modeling contextual interactions and long-range spa-
tial dependencies within environmental data [2,24,25]. 

Building on these developments, hybrid and ensemble learning techniques have 
emerged as a viable means of enhancing the generalizability and robustness of landslide 
susceptibility models [26–28]. In landslide susceptibility mapping, hybrid frameworks 
have shown remarkable stability and predictive accuracy by combining complementary 
learning mechanisms, such as convolutional feature extraction and attention-based con-
textual refinement [29]. Furthermore, recent studies have highlighted the significance of 
ensemble and explainable AI approaches for addressing the spatial heterogeneities and 
uncertainties inherent in geohazards [30–32]. 

Despite these noteworthy analytical advancements, the application of remotely 
sensed soil moisture data in EQIL susceptibility mapping remains highly limited. Fewer 
studies have examined soil moisture as an influencing factor for seismic landslide suscep-
tibility, even though it has been thoroughly investigated in connection with rainfall-in-
duced landslides [33]. From a geotechnical perspective, increased soil moisture can reduce 
effective stress and shear strength, thereby increasing slope susceptibility under seismic 
loading [34–37]. Although event-specific climatological soil moisture may influence earth-
quake-triggered landslides, the present study focuses on evaluating whether long-term 
spatial soil moisture information provides additional predictive value as a static hydro-
logical conditioning factor in landslide susceptibility mapping. The present study over-
comes the limitations of previous work by establishing a novel deep learning framework 
that utilizes a CNN, a Swin Transformer, and a proposed hybrid CNN-SwinT model, 
while incorporating long-term mean soil moisture as a regulating influencing factor for 
landslide susceptibility mapping. Accordingly, the objective of this study is not to quan-
tify the effect of transient climatological soil moisture immediately before an earthquake, 
but rather to investigate whether incorporating long-term spatial soil moisture infor-
mation can improve EQIL susceptibility predictions. The performance of each model was 
investigated using an identical experimental environment. To quantify the impact of soil 
moisture, each model was evaluated under two distinct scenarios: with and without the 
inclusion of soil moisture data. Ultimately, this study aims to increase the reliability of 
landslide susceptibility mapping in Minxian County, Gansu, China, and to provide sound 
scientific guidance for regional land-use strategies and risk mitigation. As a consequence 
of the technical review presented, the following contributions can be highlighted: 

1. Methodological innovation: Developed a novel hybrid CNN-SwinT deep learning 
framework that successfully integrates localized convolutional feature extraction 
with attention-based, long-range spatial dependency modeling for LSM. 

2. Hydrological integration gap-filling: Pioneered the application of remotely sensed 
long-term spatial soil moisture data as a static hydrological conditioning factor 
within earthquake-induced LSM, addressing a critical oversight in conventional seis-
mic hazard frameworks. 

3. Controlled Empirical Validation: Quantified the predictive significance of soil mois-
ture through a controlled, dual-scenario comparative analysis (modeled with and 
without hydrological data) under uniform experimental conditions, demonstrating a 
marked improvement in classification accuracy and spatial consistency. 

The proposed approach has been successfully applied to provide a reliable, high-res-
olution susceptibility map for Minxian County, Gansu, China, establishing a scalable, 
transferable framework to guide regional land-use planning and disaster risk reduction 
strategies in seismically active mountainous terrains. 
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2. Materials and Methods 
2.1. Study Area and Created Landslide Inventory Map 

Minxian belongs to the south of Dingxi city, Gansu province, which lies between the 
latitudes of 34°0′N and 34°50′N and the longitudes of 103°40′E and 105°0′E. It is located 
on the eastern edge of the Tibetan Plateau, which is tectonically very active due to ongoing 
collision between the Indian and Eurasian plates, and is affected by the East-Kunlun and 
West Qinling strike-slip faults. Among these faults is the Lintan-Dangchang fault, which 
was ruptured on 22 July 2013 by a Mw 5.9 earthquake [38]. The area is distinguished by 
rough mountainous terrain and a deep carved river-valley system connected to the Tao 
River. The elevation varies between 2208 and 3351 m with steep slopes and noticeable 
relief. Climatically, the region lies in a humid to cold semi-humid transitional zone with 
an average of 600 mm of precipitation annually, which promotes earthquake-induced 
landslides. A week before the 2013 earthquake, a noteworthy accumulation of 10–20 mm 
rainfall was measured, which could have impacted the pre-event slope saturation condi-
tions [39]. 

The spatial distribution of landslides in a susceptible area can be exposed using a 
landslide inventory. Therefore, landslide inventory is essential for landslide susceptibility 
assessment [40]. The landslide inventory of Minxian-Zhangxin [41] was acquired from 
USGS. Using the landslide inventory, 871 landslide samples were extracted as shown in 
Figure 1c, and about the same number of non-landslide samples were chosen randomly 
for further analysis. To create a balanced dataset, an equal number of non-landslide loca-
tions were randomly selected within the study area where no landslide incidents were 
documented. Random sampling of non-landslide locations is a widely adopted strategy 
in landslide susceptibility mapping because reliable inventories of stable slopes are gen-
erally unavailable, making random selection from documented non-landslide areas a 
practical and commonly accepted approach [42,43]. To reduce potential sampling bias and 
improve spatial independence between the positive and negative samples, a 1 km buffer 
was generated around the mapped landslide polygons using the Buffer tool in ArcGIS 
Pro. Non-landslide samples were then randomly selected only from areas outside the 
buffer zone, thereby minimizing the inclusion of potentially unstable transitional areas 
and improving the reliability and representativeness of the training dataset. 
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Figure 1. Overview of region (a), the location of the study area (b), and the generated landslide 
inventory map (c). 

2.2. Landslide Causative Factors 

LSM operates on the premise that future slope failures are likely to occur under en-
vironmental conditions similar to those that triggered past events. Consequently, the me-
ticulous selection of landslide causative factors is essential to enhance model reliability 
and interpretability. Even though landslides are influenced by numerous factors [4], it 
makes sense to focus on the most important ones to reduce uncertainty. Thirteen causative 
factors, including elevation, aspect, plane curvature (PLC), slope, hillshade, lithology, 
peak ground acceleration (PGA), normalized difference vegetation index (NDVI), domi-
nant soil (DOM), land use, distance to river (DTR), rainfall, and soil moisture supported 
by resources, were considered in this study (Table 1). The soil moisture data provide spa-
tially consistent information on long-term soil moisture conditions and are considered an 
important hydro-environmental factor influencing post-seismic slope instability. 

Table 1. Detailed information on the employed landslide causative factors. 

LIFs Source Values  Scale/Resolution 

Elevation (m) 
http://www.gscloud.cn (accessed on 20 October 

2024) 
2208–3351 m  30 × 30 m 

Lithology http://gsd.cgs.cn/ (accessed on 15 November 2023) Gneiss, Schist 1:50,000 

Land Use 
http://www.resdc.cn/ (accessed on 30 November 

2023) 
MH, HH, HM 30 × 30 m 

Dominant Soil 
http://www.resdc.cn/ (accessed on 30 November 

2023) 
Haplic, Calcic, Luvic, Dys-

tic, Eutric 
1:1,000,000 
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DTR (km) 
https://www.webmap.cn/mapDataAction.do (ac-

cessed on 31 December 2023) 
1–5 km 1:10,000 

Rainfall 
https://doi.org/10.5281/zenodo.7949858 (accessed on 

8 January 2024) 
65–197.52 mm 30 × 30 m 

Soil Moisture 
http://dx.doi.org/10.11888/Terre.tpdc.272415 (ac-

cessed on 8 January 2024) 
0.272–0.376 m3/m3 30 × 30 m 

PGA 
http://earthquake.usgs.Shakemap.gov (accessed on 

25 October 2023) 
0.02–0.18 g  30 × 30 m 

NDVI Landsat-8 −0.275–0.689 30 × 30 m 
PLC (1/m) DEM (USGS EarthExplorer)  −4.954–4.998 30 × 30 m 
Slope (°) DEM (USGS EarthExplorer)  0–64° 30 × 30 m 

Aspect DEM (USGS EarthExplorer)  
North, East, South, West, 

North-west 
30 × 30 m 

Hillshade DEM (USGS EarthExplorer)  0–254 30 × 30 m 

2.3. Methodology and Modeling Procedure 

The methodology of this research was based on deep learning techniques using Con-
volutional Neural Network (CNN), Swin Transformer (SwinT), and hybrid CNN-SwinT. 
Multicollinearity tests were conducted on all influencing factors to assess data reliability 
before modelling [34]. The significance of soil moisture was then demonstrated by quan-
tifying factor importance using the information gain ratio (IGR) approach, which is ex-
plained in Section 2.3.2. Landslide and non-landslide samples were used under compara-
ble environmental circumstances to generate a balanced landslide inventory. Figure 2 de-
picts the overall methodological flow. 

 

Figure 2. Proposed methodology workflow. 

CNNs are deep learning architectures designed to process grid-structured data 
through integrated convolutional, pooling, and fully connected layers [44]. By leveraging 
stacked convolutional layers with local receptive fields, CNNs effectively extract localized 
spatial features while maintaining parameter efficiency [45,46]. Consequently, they are 
widely utilized in LSM for their capacity to computationally efficiently capture fine-scale 
geomorphological and hydrological patterns—such as slope morphology and soil mois-
ture variations—from multi-channel conditioning factors [47]. This makes CNN-based 
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models highly effective when local spatial features dominate landslide-triggering mecha-
nisms. 

CNN is a deep learning architecture with a specific ability to process images [46]. A 
CNN comprises one or more layers, including convolutional, pooling, and fully connected 
layers. This arrangement allows for the effective extraction of localized spatial data while 
keeping parameter efficiency [45,46]. 

Transformer-based approaches have recently gained substantial traction in geospa-
tial analysis due to their capacity to capture global spatial features beyond the restricted 
receptive fields of conventional CNNs [48]. The Swin Transformer addresses this by uti-
lizing window-based self-attention with a shifted-window mechanism, creating a hierar-
chical architecture that learns contextual features while avoiding the quadratic computa-
tional costs of global self-attention [43]. While Swin Transformer base models excel at cap-
turing large-scale spatial interactions and show significant potential in integrating land-
slide-influencing factors for susceptibility mapping [25], they may underperform when 
landslide initiation is heavily governed by fine-scale, localized variables. 

Recent studies have shown that frameworks based on Swin Transformers are suffi-
ciently adaptable to capture the spatial dependence hierarchy in LSM without compro-
mising computational viability [25]. Inspired by the hierarchical mechanism, this study 
proposes a hybrid CNN-SwinT architecture that blends window-based attention with 
convolutional feature learning. In the proposed model, the CNN branch is responsible for 
extracting fine-scale local characteristics from multi-channel landslide-influencing factors. 
While the Swin Transformer employs hierarchical shifted-window attention for global-
scale spatial dependencies. This hybrid architecture improves learning robustness in pre-
diction under the same experimental environment while avoiding the computational cost 
of global attention mechanisms and enabling effective multi-scale feature learning. 

2.3.1. Data Processing, Factor Evaluation, and Multicollinearity Test 

Spatial consistency was ensured by reprojecting all thematic layers to WGS84/UTM 
Zone 47, resampling them with bilinear interpolation to 30 × 30 m resolution [17,49], and 
clipping them to the research boundary. Using ArcGIS Pro, the layers were created and 
aligned with the DEM grid to maintain pixel-level coherence. The invalid values were 
handled in accordance with [1]. This process facilitates faster and more reliable model 
convergence by reducing scale disparities across features. 

Selecting the appropriate influencing factors is crucial for accurate modelling. Estab-
lishing unimportant or marginally significant factors could increase noise and obscure the 
signal from significant landslides, reducing prediction accuracy. On the other hand, high 
factor correlations can lead to data redundancy, reducing model performance and intro-
ducing bias in the weights assigned to features during training. To address these issues, a 
collinearity test and factor importance analysis were conducted before creating the land-
slide sample dataset. 

A strong relationship between the influencing factors that cause landslides is referred 
to as multicollinearity in statistics. Predictive modelling may be biased because of this 
relationship, which can lead to an imbalanced parameter estimation between the predic-
tors and the outcome [50]. The multicollinearity test was employed to examine the pres-
ence of a linear relationship between variables [24]. The variance inflation factor (VIF) and 
Tolerance were used to assist in this evaluation. VIF was computed as shown in Equation 
(1), and the reciprocal of the VIF was defined as tolerance (TOL). Equation (2) shows the 
coefficient of determination R2, which was used in VIF computation. VIF = 1 11 − Rଶk = 1TOL (1)
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Rଶ = 1 −  ∑ (𝑦𝑖 − 𝑦ු𝑖ଶ௡௜ୀଵ∑ (𝑦𝑖 − 𝑦ത𝑖ሻଶ௡௜ୀଵ  (2)

R2 typically falls in the range of 0 to 1. Strong multicollinearity occurs when a factor 
is explained to a significant extent by the remaining factors, as indicated by values of (R2) 
that are close to 1. Higher VIF values signify a level of factor redundancy accordingly. A 
factor is considered highly collinear with a VIF value greater than 5, or occasionally 10 in 
less strict criteria, and will not be further examined. 

Consequently, a uniform dataset was created for modelling according to the pre-pro-
cessing step and analysis of causative factors [17]. Every factor layer was spatially aligned 
and stacked into a multichannel data structure of size (H, W, C), where C represents the 
number of causative factors, while H and W, show spatial dimensions. Rather than treat-
ing each pixel as an independent training sample, the stacked data cube was used to gen-
erate fixed-size image patches centered on labeled pixels. Each patch, therefore, contained 
both the central pixel and its surrounding neighborhood, allowing the CNN–SwinT 
model to learn local spatial structures together with contextual information. To improve 
sample quality, only patches whose dominant class label was consistent with the central 
pixel label were retained for model training, while inconsistent patches were discarded. 
The historical landslides yielded 871 landslide locations in total. To create a balanced da-
taset, an equal number of non-landslide locations were randomly created inside the study 
area where no landslide incidents were documented. To prevent spatial overlap with ac-
tual landslides, the non-landslide points were randomly selected only from areas outside 
the 1 km buffer established around the mapped landslide polygons, thereby reducing the 
inclusion of potentially unstable transitional zones and improving spatial independence 
between the two classes. To reduce sampling bias, a balanced dataset was generated with 
comparable environmental circumstances. Following that, the dataset was then randomly 
split into 70% training and 30% validation respectively. The same patch-level random par-
tition was applied consistently to all CNN, SwinT, and Hybrid CNN–SwinT experiments, 
both with and without soil moisture, to ensure a fair comparison of the contribution of 
soil moisture under identical experimental conditions. The performance of the model was 
then evaluated using the validation dataset. 

2.3.2. Information Gain Ratio (IGR) Analysis 

Attribute mean (AM) values were computed using Gain Ratio analysis to evaluate 
the importance of the conditioning factors [51]. Higher AM values indicate a stronger cor-
relation with landslide occurrence, signifying greater relevance to susceptibility model-
ing. Because all selected factors exhibited positive AM values, they were retained for sub-
sequent analysis and modeling stages. Figure 4 shows the AM factor values. 

2.3.3. Optimal Model and Experimental Hyperparameter Setting 

All the experiments were conducted using Python 3.10 and the TensorFlow 2.X 
framework on a Linux workstation equipped with an Intel chip, a multi-core CPU, 128 GB 
RAM, and four NGPUs (GPUs). The model was optimized using the Adam optimizer, 
which provides stable and effective convergence, and the cross-entropy loss function was 
used for the binary classification of landslides. The network architecture and training hy-
perparameters were selected based on commonly adopted configurations reported in pre-
vious CNN-Swin Transformer-based landslide susceptibility studies, together with pre-
liminary experiments to achieve stable convergence and minimize overfitting [52]. To 
make sure that the models converged without overfitting, a batch size of 32 was employed, 
and each model was trained for 200 epochs. Early stopping, batch optimization, dropout, 
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and L2 regularization were incorporated during training to further improve model gen-
eralization and reduce the risk of overfitting [53]. CNN employed 3 × 3 convolutional ker-
nels, with 32 and 64 filters, followed by 2 × 2 max pooling, as well as a fully connected 
layer of 128 neurons with a ReLU activation function. The SwinT used the GELU activa-
tion function with 2 transformer blocks, 8 attention heads, 3 × 3 patch size, and an embed-
ding dimension of 128 to learn global-spatial information. Under the training settings, the 
hybrid CNN-SwinT feature fusion technique was carried out by concatenating the joint 
local and global feature learners (Figure 3, Tables 2 and 3). To ensure a fair comparison, 
the same network architecture and hyperparameter settings were consistently applied to 
all CNN, Swin Transformer, and hybrid CNN-SwinT models, including the experiments 
with and without soil moisture. 

Table 2. Details of Computer Hardware. 

Items Parameters 
CPU Intel(R) Core (TM) i5-(server-class processor) 
GPU 4 × NVIDIA GeForce RTX 3090 (24 GB VRAM each, PCIe) 

Memory 128 GB RAM 
Hard Disk High-capacity local storage (multi-terabyte) 

Table 3. Managed hyperparameters for the optimal setting. 

Models Parameter Settings 

Convolutional Neural 
Network (CNN) 

Convolutional Kernel size: 3 × 3; filters: 32, 64; max pooling 
size: 2 × 2; dense layer size: 128; activation function: ReLU; opti-

mizer: Adam; batch size: 32; number of epochs: 200 

Swin Transformer 
(SwinT) 

Patch size: 3 × 3; embedding dimension: 128; swin transformer 
blocks: 2; attention heads: 8; activation function: GELU; opti-

mizer: Adam; batch size: 32; number of epochs: 200 

Hybrid CNN-SwinT 

CNN branch: convolutional kernel size: 3 × 3; filters: 32, 64; max 
pooling size: 2 × 2; dense layer size: 128 

SwinT branch: patch size: 3 × 3; embedding dimension: 128; 
swin transformer blocks: 2; attention heads: 8; feature fusion: 
concatenation; activation function: ReLU; optimizer: Adam; 

batch size: 32; number of epochs: 200 
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Figure 3. Procedure of hyperparameter settings of the proposed model. 

To quantify the impact of soil moisture, three models, including CNN, SwinT, and 
hybrid CNN-SwinT, were trained twice with and without soil moisture while keeping the 
same training procedure, architecture, and hyperparameters. This controlled ablation de-
sign enables a fair contribution of soil moisture across different model architectures under 
identical experimental conditions. 

3. Results 
3.1. Multicollinearity Analysis 

Every influencing factor in the research domain was evaluated for collinearity. Table 
4 displays VIF and tolerance, demonstrating no substantial multicollinearity. Therefore, 
all the factors can be included in LSM analysis as they exhibit VIF scores lower than 5. 

Table 4. Multicollinearity analysis results. 

Influencing Factors Tolerance VIF 
Elevation 0.238 4.20 
Rainfall 0.512 1.95 

Soil Moisture 0.531 1.88 
Dominant Soil 0.548 1.82 

NDVI 0.589 1.70 
PGA 0.603 1.66 

Land Use 0.611 1.64 
Aspect 0.668 1.50 
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Distance to the river 0.762 1.31 
Curvature 0.796 1.26 

Slope 0.803 1.25 
Hillshade 0.815 1.23 
Lithology 0.931 1.07 

3.2. AM-Based Importance Analysis 

The relative importance of influencing factors ranked by AM is shown in Figure 4. 
The elevation contributes the most with the AM value 0.066. It is noteworthy that soil 
moisture ranks second with the AM value 0.049, indicating its significance and independ-
ent influence on landslide occurrence, and that it is not solely influenced by conventional 
topographic and geologic factors. The AM values of PGA and rainfall are 0.043 and 0.037, 
which show the combined effect of hydrological and seismic activity. Alongside the mod-
erate influence of lithology, hillshade and aspect have secondary influence with the AM 
values 0.031, 0.018, and 0.012 respectively. In contrast, the remaining factors have a rela-
tively small impact on performance, with the distance to the river having the lowest AM 
value of 0.004. Overall, these findings collectively highlight the significance of soil mois-
ture for landslide susceptibility. 

 

Figure 4. Relative importance of Influencing Factors. 

3.3. Comparison of Generated LSM 

Using CNN, SwinT and hybrid CNN-SwinT, landslide susceptibility maps were cre-
ated and classified (Figure 5). The results showed that the high-risk zones are near known 
landslide sites, while moderate-risk zones are transition belts that shift into low-hazard 
areas corresponding to thematic spatial areas. Comparison of CNN, SwinT, and hybrid 
CNN-SwinT exhibited different spatial patterns, i.e., CNN characterized class boundaries 
and precise spatial features, while SwinT showed a weak class transition and regional 
distribution of susceptibility on coarse scales. Integrated CNN-SwinT then generated 
higher connectivity in transition zones and reduced fragmentation of high susceptibility 
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zones, leading to the most spatially coherent maps and consistent quantitative perfor-
mance with spatial trends. 

 

Figure 5. Landslide susceptibility map including (a,c,e) and excluding (b,d,f) soil moisture along-
side other causative factors. 

The predictability of the model was then evaluated using the area under the curve of 
the receiver operating characteristic (AUC-ROC) as well as overall accuracy (Equation 
(3)), precision (Equation (4)), recall (Equation (5)), F1-score (Equation (6)), and Matthew’s 
correlation coefficient (MCC) (Equation (7)). OA = TP + TNTP + FP + TN + FN (3)

Precision = TPTP + FP (4)

Recall = TPTP + FN (5)

F1 = 2 ∗ Precision × RecallPrecion + Recall  (6)
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MCC = TP ×  TN − FP ×  FNඥ(TP + FPሻ × (TP + FNሻ × (TN + FPሻ × (TN + FN) (7)

where TP (True Positive) and TN (True Negative) denote the accurately identified land-
slide and non-landslide samples. False Positive (FP) is a non-landslide that is predicted as 
a landslide, whereas False Negatives (FN) are the landslides that are predicted to be non-
landslides. Overall accuracy (OA) shows the percentage of samples that were accurately 
identified out of all the predictions by the model. Precision is the percentage of accurately 
predicted landslide samples out of all that were identified as landslides. Recall denotes 
the percentage of accurately predicted landslide samples out of all actual landslides. F1-
Score shows the harmonic mean of precision and recall, providing a single metric balanc-
ing both metrics. MCC spans from −1 to 1 and accounts for TP, TN, FP, and FN. Accurate 
predictions have an MCC of 1, random predictions have an MCC of 0, while complete 
discrepancies between predictions and observations have an MCC of −1. 

Based on these metrics, integrating the soil moisture with the proposed hybrid CNN-
SwinT dedicated the highest OA values of 0.856 and 0.950 among the evaluated models 
under the adopted experimental framework. CNN consistently outperforms SwinT in sin-
gle modelling, with OA and AUC values of 0.835 and 0.92. The hybrid model improved 
prediction ability and higher spatial continuity are consistent with the IGR analysis, which 
identified soil moisture as an important regulator of the potential information of land-
slides. This demonstrates that using soil moisture as a causative factor improves both the 
classification robustness and spatial representation under the adopted experimental con-
dition. 

3.4. Model Evaluation 

Table 5 presents a performance comparison of the evaluated models, demonstrating 
that the hybrid CNN-SwinT model achieves superior performance when soil moisture 
data is incorporated. This hybrid configuration yielded the highest overall accuracy (OA 
= 0.856) and area under the receiver operating characteristic curve (AUC = 0.950), outper-
forming the standalone CNN (OA = 0.835, AUC = 0.920) and SwinT (OA = 0.823, AUC = 
0.901) models. Additionally, the hybrid model achieved a recall of 0.902, an F1-score of 
0.867, and a Matthews correlation coefficient (MCC) of 0.712, indicating enhanced robust-
ness and class discrimination. The notable increase in AUC (from 0.930 to 0.950) under-
scores the model’s heightened sensitivity to hydrological variables. 

Table 5. Model Evaluation Metrics. 

Models OA Precision Recall F1 MCC AUC 
CNN with SM 0.835 0.811 0.873 0.841 0.672 0.92 
CNN without SM 0.824 0.805 0.867 0.838 0.659 0.903 
SwinT with SM 0.823 0.803 0.858 0.829 0.643 0.901 
SwinT without SM 0.814 0.802 0.827 0.816 0.628 0.893 
Hybrid CNN-SwinT with SM 0.856 0.852 0.902 0.867 0.712 0.95 
Hybrid CNN-SwinT without SM 0.836 0.842 0.881 0.845 0.668 0.93 

This superior predictive performance is further supported by the receiver operating 
characteristic (ROC) curves in Figure 6. While the integration of soil moisture consistently 
improved metrics across all architectures, each model was evaluated using a single train-
ing realization. Consequently, these improvements indicate consistent performance gains 
within the specific experimental framework rather than statistically significant differ-
ences. Future research should validate the robustness of these findings through repeated 
experiments across multiple random seeds and formal statistical significance testing. 
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Figure 6. Comparison of the ROC curves among examined models with/without soil moisture. 

4. Discussion 
The hybrid CNN-SwinT model outperformed both the standalone CNN and SwinT 

models, achieving an overall accuracy of 0.856 and an AUC of 0.95, compared with AUC 
values of 0.92 and 0.901 for the CNN and SwinT models, respectively [54]. This improve-
ment can be attributed to the complementary strengths of convolutional and transformer 
architectures. CNNs are highly effective at extracting local spatial features and texture 
information from neighboring pixels. In contrast, Swin Transformers employ hierarchical 
self-attention to model long-range spatial dependencies and contextual relationships 
across multiple spatial scales [22,34,48]. The hybrid architecture, therefore, provides a 
more comprehensive representation of the complex interactions among topographic, ge-
ological, seismic, and hydrological conditioning factors, resulting in improved predictive 
performance. Similar improvements achieved by combining convolutional neural net-
works with transformer-based architectures have also been reported in recent geospatial 
and hazard-mapping studies. The standalone Swin-Transformer showed lower perfor-
mance because the static image-patch inputs favor CNN-based local feature extraction. By 
combining CNN-based and Swin Transformer, the proposed hybrid model effectively 
captures both local and global spatial information, leading to improved prediction perfor-
mance [30,42]. 

Among the thirteen conditioning factors, long-term mean soil moisture was ranked 
as the second most informative variable by the IGR analysis (AM = 0.049), exceeding both 
rainfall and PGA. The inclusion of this variable consistently improved model perfor-
mance, increasing AUC, MCC, recall, and the spatial coherence of the susceptibility maps. 
It is important to note that the soil moisture dataset used in this study represents the long-
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term mean spatial distribution of soil moisture rather than the transient moisture condi-
tions immediately preceding the 2013 earthquake. Consequently, the improved prediction 
performance should be interpreted as the contribution of a climatological soil moisture 
covariate that captures persistent spatial variations in hydrological conditions, rather than 
direct evidence of climatological or event-specific soil moisture effects. Persistent spatial 
patterns of soil moisture are closely related to terrain, drainage conditions, vegetation 
cover, soil properties, and long-term climatic conditions, all of which influence slope sta-
bility and landslide susceptibility [35,55,56]. 

The observed improvement is consistent with established geotechnical principles in-
dicating that soil moisture influences slope stability through its control on pore-water 
pressure, matric suction, and effective stress [35,57]. However, because the present study 
employed a climatological soil moisture dataset rather than event-specific observations, 
the results should not be interpreted as quantifying the influence of climatological mois-
ture immediately before the earthquake. Instead, they demonstrate that incorporating 
long-term spatial moisture patterns provides complementary environmental information 
beyond conventional topographic, geological, and seismic conditioning factors, thereby 
improving susceptibility prediction. 

Despite the strong predictive performance of the proposed framework, several limi-
tations should be acknowledged. The long-term mean soil moisture dataset was incorpo-
rated as a static spatial conditioning factor and subsequently resampled to a spatial reso-
lution of 30 × 30 m to match the remaining predictor variables. While this approach effec-
tively represents persistent spatial variations in background hydrological conditions, it 
cannot capture the transient evolution of soil moisture associated with short-term precip-
itation, seasonal variability, or pre-earthquake hydrological conditions. Therefore, en-
hanced model performance should be interpreted as reflecting the value of a climatologi-
cal hydrological predictor rather than the direct influence of climatological soil moisture 
before the 2013 earthquake. 

Future research should incorporate temporally resolved soil moisture observations 
derived from satellite missions (e.g., SMAP or ESA CCI Soil Moisture) or land surface 
model products (e.g., GLDAS) to investigate how transient hydrological conditions pre-
ceding seismic events influence earthquake-induced landslide occurrence. Integrating dy-
namic soil moisture information with hybrid deep learning architectures may further im-
prove susceptibility mapping by accounting for both the spatial distribution and temporal 
evolution of hydrological processes. Furthermore, the proposed framework was evalu-
ated using a single earthquake inventory from the Minxian study area. Although the re-
sults demonstrate good predictive performance within this region, the transferability of 
the proposed framework to other earthquake events or different geological and geomor-
phological environments has not yet been verified. Future studies should validate the pro-
posed framework using independent landslide inventories from multiple earthquake 
events and geographically distinct study areas to comprehensively assess its robustness 
and practical applicability. In addition, the application of hybrid or ensemble deep learn-
ing models across multiple earthquake events and different physiographic settings would 
provide a more comprehensive assessment of model generalizability and robustness [18]. 

The models were trained and evaluated using a random 70/30 partition, which is 
commonly adopted in landslide susceptibility mapping to facilitate comparisons among 
competing models. However, because geospatial observations exhibit spatial autocorrela-
tion, random partitioning samples may place neighboring locations in both the training 
and validation datasets, resulting in optimistic estimates of predictive performance com-
pared with geographically independent validation strategies. This issue has been widely 
recognized in spatial prediction and environmental modelling, where conventional ran-
dom cross-validation can substantially overestimate model generalization performance 
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due to the violation of the assumption of independent observations [58–61]. Although 
convergence analysis, early stopping, and training-validation loss monitoring indicated 
stable model optimization without evidence of conventional overfitting, these procedures 
do not eliminate the influence of spatial dependence between training and validation sam-
ples. Therefore, the reported predictive performance should be interpreted as the perfor-
mance obtained under a random partitioning strategy. Future studies should evaluate the 
proposed framework using spatial block cross-validation or geographically disjoint hold-
out validation to provide a more rigorous assessment of model transferability and gener-
alization across independent geographic regions [59,60]. 

Deep learning models exhibit stochastic variability arising from random parameter 
initialization, data shuffling, and optimization processes. In the present study, model per-
formance was evaluated using a single training realization for each architecture under 
identical experimental settings. Although the proposed CNN-SwinT consistently outper-
formed the comparison models on evaluation metrics, the statistical significance of these 
differences was not formally assessed. Future studies should perform repeated experi-
ments using multiple random seeds and apply appropriate statistical tests, such as 
DeLong’s test for comparing ROC curves, to quantify the robustness of performance im-
provements [62]. 

5. Conclusions 
In this paper, a hybrid CNN-SwinT technique along with a standalone CNN and 

SwinT was developed for earthquake-induced LSM in Minxian County, Gansu, China. 
This technique captures both local and global spatial dependencies. Thirteen influencing 
factors were considered before modelling, multicollinearity and factor importance analy-
sis were conducted. To quantify the contribution of soil moisture, all the models were 
trained with and without soil moisture under a similar experimental environment. Based 
on evaluation metrics, OA, Precision, Recall, MCC, F1 score, and AUC values, the pro-
posed hybrid model outperformed standalone CNN and SwinT. Strong concordance be-
tween High and Very High susceptibility zones’ spatial distribution and ancient land-
slides demonstrated reliability and prediction ability. The findings indicate that long-term 
soil moisture is an important hydrological factor in earthquake-induced landslide suscep-
tibility and that its incorporation consistently improved classification accuracy and spatial 
consistency under the adopted experimental framework. Overall, this study emphasizes 
the significance of integrating long-term spatial soil moisture information as a static hy-
drological conditioning factor with advanced deep learning techniques for earthquake-
induced landslide susceptibility mapping. The reported predictive performance was ob-
tained under random patch-level training-validation partitions; therefore, future studies 
should evaluate the proposed framework using spatially independent validation strate-
gies, such as spatial block cross-validation, as well as independent earthquake inventories 
from different study areas, to further assess its generalization capability and transferabil-
ity. The proposed technique offers a scalable, computationally effective approach for mod-
elling geo-hazards. 

From a broader perspective, this study is useful in the context of global landslide 
research, as it highlights the importance of incorporating soil moisture in earthquake-in-
duced landslide susceptibility. As global climatic conditions keep altering soil moisture 
and precipitation regimes, the relation between pre-event saturation and seismic trigger-
ing is predicted to be more crucial in slope instability. As climate variability continues to 
influence precipitation regimes, incorporating spatial hydrological information into the 
susceptibility model is expected to become increasingly important for improving regional 
landslide hazard assessment. Although the proposed methodology demonstrated prom-
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ising performance in the Minxisn area, its applicability to other mountainous and seismi-
cally active regions should be validated using independent earthquake events and geo-
graphically distinct study areas before broader generalization can be made. In addition to 
advancing scientific knowledge of multi-factor landslide susceptibility modelling, this re-
search supports global initiatives in hazard mitigation and disaster risk reduction. 

To capture dynamic pre-seismic conditions effectively, future studies should focus on the 
integration of high-resolution temporal soil moisture data. Future studies should incorporate 
high-resolution time-series soil moisture datasets to investigate the influence of transient pre-
earthquake hydrological conditions on earthquake-induced landslide susceptibility. Predic-
tion accuracy may also improve using advanced deep learning models. The resilience and 
global applicability of the proposed framework can be improved by testing it in various geo-
logical and climatic regions while extending it to multi-hazard scenarios. 
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