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Abstract

Global climate change has increased the frequency of rainfall-
induced disasters, such as landslides, even in previously
safe regions, highlighting the need for accurate and region-
generalizable prediction systems. Landslide datasets are im-
balanced and regionally heterogeneous, as events are rare
and influenced by local rainfall, soil, and vegetation. Existing
methods either use physically grounded anomaly detection,
which performs reasonably in data-scarce regions but may
miss complex spatiotemporal patterns, or deep learning mod-
els, which capture complex patterns but often misinterpret
rare safe conditions. To combine their strengths, we propose
a hybrid framework that distills knowledge from physical
models and applies region-conditioned supervised contrastive
learning to learn latent representations generalizable across
regions. Using a three-layer tank model to simulate the Soil
Water Index, the framework jointly trains on physical outputs
and disaster labels, integrating interpretable cues with deep
representations. Evaluated on rainfall and terrain data from
22 Japanese regions using a Leave-K-Region-Out scheme,
the proposed method achieved 50% higher PR-AUC in un-
seen regions compared to state-of-the-art baselines, demon-
strating its potential for region-agnostic, physically informed
landslide prediction.

Introduction
Global climate change has made the development and
enhancement of disaster management systems a pressing
worldwide issue (Malik et al. 2022; Newman and Noy 2023;
Association et al. 2022). In recent years, large-scale disasters
have frequently occurred even in areas previously consid-
ered safe, and the impact of these disasters is expanding (As-
sociation et al. 2022). Although hard countermeasures for
disasters, such as levees and other physical infrastructures,
have advanced significantly due to technological progress, it
has become clear that these measures alone are insufficient
(Kazama and Noda 2012). Therefore, effective disaster in-
formation is crucial to reduce human casualties and mini-
mize social impacts (Suppasri et al. 2013).

The effectiveness of disaster information depends on ac-
curate disaster prediction, which allows people to secure
time for evacuation and move to safe locations. Among
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natural hazards, rainfall-induced disasters (e.g., landslides,
floods) are particularly sensitive to climate change, and
shifts in rainfall patterns may cause disasters to occur in
regions that were previously unaffected (Association et al.
2022). Especially, landslides (including slope failures and
debris flows) are responsible for approximately 40% of fa-
talities from natural disasters, representing a direct threat
to human life(Association et al. 2022). This study focuses
on predicting landslides, which are among the most life-
threatening disasters.

Landslide disasters are rare events, which leads to datasets
being dominated by non-disaster observations and class im-
balance between positive and negative samples. For in-
stance, in a weather-related dataset in one year, only a few
landslide events may be recorded, while normal observa-
tions can number in the thousands. In some regions, histor-
ical disaster records may be absent due to the lack of past
landslide occurrences (Fig. 1). In this work, we refer to such
regions as ”non-disaster regions.”

In addition, the occurrence of hydrological landslide de-
pends heavily on region-specific factors, such as rainfall in-
tensity and duration, soil properties, vegetation conditions,
and infrastructure development (Dhakal et al. 2025; Korup,
Seidemann, and Mohr 2019). As a result, the mechanisms,
frequency, and effective predictive indicators for landslides
vary by region. Even within the same region, regional char-
acteristics may change over time due to seismic activity, cli-
mate change, and urbanization. Thus, the data distributions
of landslides are non-independent and non-identically dis-
tributed (non-IID) across regions, which makes it challeng-
ing to directly transfer a prediction model trained in one re-
gion to another or to fine-tune a model in a new area with
scarce occurrence data. While landslide prediction by bi-
nary classification may work in a single region where suffi-
cient landslide occurrence data is accumulated, it is a signif-
icant challenge to predict landslides across multiple regions,
which include non-disaster regions.

To address this issue, existing studies (Teja, Dikshit,
and Satyam 2019; KURAMOTO et al. 2001) have widely
adopted region-specific anomaly detection models that are
grounded in physical knowledge of landslide mechanisms.
These models focus on a limited set of explanatory vari-
ables, such as soil water index and cumulative rainfall,
that are physically known to exhibit a positive correlation



with landslide occurrence(KURAMOTO et al. 2001; Yue
et al. 2025). By restricting the analysis to physically mean-
ingful variables, these models ensure that the computed
anomaly scores are aligned with actual landslide risk, en-
abling reasonable predictions even when occurrence data are
scarce. Recently, deep learning models for anomaly detec-
tion(Collini et al. 2022; Xie, Zhou, and Chai 2019; Wang
et al. 2017; Khalili et al. 2024; Collini et al. 2022) have been
explored to handle more complex spatio-temporal structures
and diverse observational data. However, when raw spatio-
temporal inputs are provided directly, the resulting anomaly
scores often reflect statistical rarity rather than true haz-
ard potential. For example, rare but safe patterns, such as
unusual terrain formations or atypical rainfall distributions,
may be incorrectly assigned high anomaly scores. Conse-
quently, the predictive performance of such purely data-
driven approaches is often limited.

Thus, the two approaches exhibit complementary
strengths and limitations: physically grounded anomaly de-
tection models provide wide applicability, whereas deep
learning models offer strong representational capacity for
capturing complex spatiotemporal patterns. To bridge these
advantages, we propose a hybrid framework that distills
knowledge from physically grounded anomaly detection
models while incorporating region-conditioned supervised
contrastive learning to obtain latent representations that gen-
eralize across regions. For the physical component, we em-
ploy the three-layer tank model proposed by (KURAMOTO
et al. 2001), which has been widely used by meteorologi-
cal agencies worldwide(Yue et al. 2025). This model sim-
ulates the Soil Water Index (SWI) and quantifies the statis-
tical deviation of current rainfall events from historical ob-
servations as an indicator of hydrological abnormality. Our
prediction model is trained using both the outputs of this
physical model and the actual disaster occurrence labels.
This joint training enables the model to learn effectively
even in non-disaster regions where no past disaster events
are recorded. To further improve regional generalization, we
proposed region-conditioned contrastive learning as a pre-
training method, which prevents the latent representations
from separating by region. By combining the broad appli-
cability and physical interpretability of the anomaly detec-
tion model with the strong representational capacity of deep
learning models for capturing complex spatiotemporal pat-
terns, our framework effectively addresses the scarcity and
regional heterogeneity of landslide occurrence data, which
leads to region-agnostic and physically grounded landslide
prediction.

To evaluate the predictive performance of the proposed
method, rainfall and terrain data spanning two years across
Japan were collected, and data from 22 regions where land-
slides occurred were used for evaluation. The proposed
method was assessed using a Leave-K-Region-Out manner,
in which K regions are excluded from training and the model
is evaluated on these held-out regions. To appropriately mea-
sure performance on class-imbalanced disaster data, PR-
AUC and Precision were employed as the main metrics. The
proposed method achieved a 50% higher PR-AUC in unseen
regions compared to other state-of-the-art methods.

Non-Disaster 
Regions

Figure 1: Landslide Data Distribution

Related Work
Landslide Prediction
With the recent global climate change, the frequency of
landslides has increased even in regions that were previously
considered at low risk, highlighting the growing importance
of accurate and reliable landslide prediction. Traditional
landslide prediction methods have primarily been algorithm-
based approaches (Teja, Dikshit, and Satyam 2019; Ho and
Lee 2017; Nguyen et al. 2019; Liu et al. 2020). For exam-
ple, (Teja, Dikshit, and Satyam 2019) proposed a statistical
early warning method using an Indian dataset to evaluate the
collapse volume causing landslides in specific regions. How-
ever, these approaches do not account for the spatiotemporal
dependencies of landslides, such as soil distribution, eleva-
tion, and water accumulation due to rainfall, and thus are
limited in terms of regional generalization and prediction ac-
curacy.

To address this limitation, machine learning methods that
capture the spatiotemporal dependencies of landslides have
been proposed (Collini et al. 2022; Xie, Zhou, and Chai
2019; Zhang et al. 2021). For instance, (Collini et al. 2022)
employed CNNs to model spatial dependencies for landslide
prediction, while (Xie, Zhou, and Chai 2019) used LSTMs
to predict ground displacement as an indicator of impending
disasters. Although these methods show promise in terms
of accuracy, real-world deployment of landslide prediction
systems requires ensuring high recall to prevent situations
where residents cannot evacuate. At the same time, disaster
information must maintain high precision to minimize false
alarms, as low-accuracy predictions may undermine public
trust. Since landslides are rare and extreme events, achiev-
ing both high recall and high precision is challenging from
the perspective of class imbalance, yet many existing stud-
ies do not sufficiently consider the class imbalance problem
or the precision requirements specific to disaster prevention
systems. Moreover, most prior studies are limited to case
studies, providing insufficient evaluation of regional gener-
alization.

In contrast, the proposed system addresses class imbal-
ance in landslide prediction and the precision requirements
specific to disaster prevention systems. The system’s perfor-

2



mance is evaluated using PR-AUC and precision at 80% re-
call on a large-scale dataset rather than on isolated case
studies. Specifically, rainfall, topography, and landslide data
spanning two years across Japan were collected, and the
system was evaluated on 22 regions where disasters oc-
curred.

Learning from Scarce and Imbalanced Data
Disaster prediction requires handling limited and imbal-
anced data due to the uneven frequency of events. Exten-
sive research has addressed this class imbalance problem
(Johnson and Khoshgoftaar 2019; Valverde-Albacete and
Peláez-Moreno 2014; Tasci et al. 2022; Alsaui et al. 2022;
Singh, Ranjan, and Tiwari 2022). Representative approaches
include data-level and algorithm-level methods. Data-level
methods balance the training data by adjusting class ratios
through undersampling or oversampling. SMOTE (Chawla
et al. 2002) and its variants are widely used and have been
reported to be effective for simple machine learning mod-
els. Algorithm-level methods include cost-sensitive learn-
ing, which introduces class weights into the loss function,
and Focal Loss (Lin et al. 2017), which focuses on difficult
samples. Ensemble learning methods (Liu et al. 2017; Dı́ez-
Pastor et al. 2015) that combine multiple classifiers have also
been shown to handle imbalanced data effectively. However,
these approaches are mainly effective for shallow networks
or single-modality data, and their utility is limited for large-
scale deep learning models that need to capture complex
spatiotemporal features such as subsurface water accumu-
lation. This limitation arises because it is difficult to stably
learn high-level latent representations from minority data,
which are strongly affected by sampling bias.

To overcome this challenge, this study proposes a new
learning framework combining a hybrid architecture that
integrates physical model knowledge with supervised con-
trastive pretraining. The proposed architecture uses the
physical model to reproduce fundamental hydrological be-
haviors, while the deep learning model learns the devia-
tion from the physical model output. This design appropri-
ately constrains the search space of the machine learning
model and reduces the relative impact of class imbalance by
learning deviations from the physical model rather than di-
rectly predicting the occurrence of events. Furthermore, su-
pervised contrastive learning with spatiotemporal data aug-
mentation enables the model to acquire robust and general-
izable latent representations even from limited disaster oc-
currence data.

Domain Adaptation Techniques
When applying disaster prediction models to different re-
gions, distribution shifts caused by differences in topogra-
phy, climate, and land use are known to significantly degrade
performance, even if the model achieves high accuracy in
the training region (Zhou et al. 2022; Ozeki et al. 2024).
To address this, regional adaptation methods using transfer
learning or meta-learning frameworks have been proposed
(Jin, Chen, and Yang 2022; Dong et al. 2024; Chen et al.
2022). These methods adapt to new regions via fine-tuning
on a small amount of labeled data and are effective when

sufficient disaster occurrence data are available in the target
region. However, because disasters are rare events, new re-
gions often lack such data, limiting the applicability of these
methods.

To overcome this limitation, zero-shot domain adaptation,
known as domain generalization, has been studied (Zhou
et al. 2022; Wang et al. 2025). Domain generalization typ-
ically aims to learn domain-invariant latent representations
by introducing adversarial learning against a region classi-
fier (Ozeki et al. 2023). However, adversarial learning-based
methods face challenges as the number of regions increases:
the region classifier can become unstable, and training may
fail to converge.

In this study, we introduce a constraint during the pair-
ing stage of contrastive learning that prevents data from the
same region from being pulled together. This approach sup-
presses excessive separation of latent representations by re-
gion, allowing the proposed method to learn features that
are robust to inter-regional distribution shifts and to gener-
alize effectively to unseen regions.

Proposed Method

The proposed landslide prediction system is designed to
address two major challenges in landeslide prediction: (1)
the scarcity of landslide occurrences data, and (2) data het-
erogeneity among regions. To tackle these challenges, our
framework combines region-conditioned pre-training and
fine-tuning with knowledge distillation from a physically
grounded anomaly detection model. Figure 2 provides an
overview of the proposed system. The prediction pipeline
consists of two main stages: pre-training and fine-tuning. In
the pre-training stage, a machine learning model is trained
using region-conditioned supervised contrastive learning,
which encourages the model to acquire latent representa-
tions primarily driven by class (i.e., disaster occurrence)
while preventing the representations from being dominated
by region-specific features. This enables the model to gener-
alize across regions, including those without prior landslide
occurrences.

Following pre-training, the model undergoes a fine-tuning
stage in which knowledge is distilled from a physics-based
anomaly detection model. Specifically, the outputs of the
three-layer tank model, which simulates hydrological condi-
tions and computes anomaly scores based on the Soil Water
Index and rainfall deviations, are used as soft targets. This
knowledge distillation allows our prediction model to learn
meaningful patterns even in non-disaster regions, ensuring
stable and physically interpretable predictions where histor-
ical landslide data are absent.

The key strengths of the proposed system are twofold:
first, the pre-training method provides region-agnostic la-
tent representations that capture the essential characteristics
of landslide events; second, fine-tuning with knowledge dis-
tillation from a physically grounded model ensures that the
predictive model remains accurate and interpretable, even in
regions without prior disaster occurrences. In the following
sections, we describe the proposed system in detail.
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Figure 2: System Overview

Model Architecture
The machine learning model of the proposed system is de-
signed to integrate both physically grounded knowledge and
raw observational data to effectively predict landslide occur-
rence. The model receives three types of inputs: (1) outputs
from the physical anomaly detection model, (2) spatial data
such as terrain and soil properties, and (3) spatiotemporal
rainfall intensity data. The output of the physical model rep-
resents the degree of abnormality for a given rainfall event,
serving as a meaningful indicator for landslide prediction.
By incorporating this information as part of the ML model
input, the system leverages physically interpretable signals
to guide learning, particularly in regions with scarce histori-
cal landslide events.

Spatial features are extracted from terrain-related data
using a two-layer Convolutional Neural Network (CNN),
which captures local spatial patterns and correlations.
Spatio-Temporal features from rainfall observations are pro-
cessed using CNN-Transformer which consists of two-layer
CNN and three-layer Transformer. The CNN-Transformer
encodes temporal dependencies and complex interactions in
the rainfall sequence. The Spatio-temporal features are sum-
marized by applying a mean pooling operation over the se-
quence length to obtain a fixed-size representation. Finally,
the spatial features from the CNN, the summarized spatio-
temporal features from the CNN-Transformer, and the phys-
ical model output are concatenated into a single feature
vector, which serves as the input to downstream prediction
heads (e.g., for binary landslide occurrence classification or
metrics learning). This design ensures that the model effec-
tively integrates heterogeneous information from physical
simulations and observational data, providing a robust basis
for the subsequent pre-training and fine-tuning stages.

Pre-training Stage: Region-Conditional
Contrastive Learning (RCCL)
Landslide prediction is influenced by region-specific factors
such as topography, soil properties, and vegetation, caus-
ing data distributions to vary across regions. Hence, it is
crucial for a trained model to generalize to unseen regions,
i.e., to have strong regional generalization performance. To
address this, we propose Region-Conditional Contrastive
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Figure 3: Model Architecture

Learning (RCCL) as a pretraining approach. RCCL aims
to learn environment-invariant class representations across
multiple source domains by extending positive pairs in su-
pervised contrastive learning (e.g., SupCon(Khosla et al.
2020)) based on regional conditions.

In conventional SupCon, the latent representations are
learned to separate samples by class. However, in practice,
samples from the same class but different trained models
must generalize from different classes in the same region
(Fig. 2). This occurs because regional features dominate,
causing latent representations to reflect regional differences
more than class-specific features, which decreases regional
generalization. To resolve this, pretraining enforces class in-
variance in the feature extractor fθ output, minimizing the
conditional contrastive loss LMI to bring same-class sam-
ples from different regions closer. For an anchor sample xu

in batch B, pairs are defined as:

• Positive pairs (pos(u)):All samples xv that belong to the
same class but originate from different regions [(yu =
yv)∧(ru ̸= rv)] are defined as positive pairs, where y de-
notes the class label and r denotes the region. This design
encourages class-level feature alignment across regions,
thereby mitigating regional bias.

• Negative pairs (neg(u)): All samples xk of a different
class (yu ̸= yk) are negative pairs. This maintains dis-
criminability between classes independent of region.
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This pairing allows the model to learn discriminative and
robust features independent of regions. The conditional con-
trastive loss LMI is defined as:

Lu
MI =

−1

|pos(i)|
∑

p∈pos(i)

log
exp (sim(zi, zp)/τ)∑

a∈neg(i) exp (sim(zi, za)/τ)

(1)

Fine-Tuning Stage: Knowledge Distillation from
Physics Anomaly Detection Model
After the region-conditioned pre-training stage, the model is
fine-tuned to perform landslide prediction in a supervised
manner. In this stage, the feature extractor obtained from
pre-training is used as a backbone, while a classification
head is trained, and the feature extractor is further adjusted.
The fine-tuning process is guided by three main loss com-
ponents. At first, to address the severe class imbalance be-
tween landslide and non-landslide samples, we employ the
Focal Loss (Lin et al. 2017), which emphasizes the contribu-
tion of hard-to-classify, minority class samples. Compared
to feature extractors, classifiers have fewer parameters and
are prone to overfitting. Thus, we introduce Stochastic Fea-
ture Augmentation (SFA) in the latent space for classifier
fine-tuning. SFA perturbs the latent feature vector with ran-
dom noise to improve model robustness, providing a simpler
and more efficient alternative to data-space augmentation (Li
et al. 2021). SFA enables learning robust decision bound-
aries that are stable under distribution shifts across regions.
Specifically, for a latent feature vector zi obtained by the
feature extractor FΘ, an augmented feature ẑi is generated
as:

ẑi = A(zi) = α⊙ zi + β

where the noise α ∼ N (1, σ1I) and β ∼ N (0, σ2I) are
sampled from data-independent multivariate Gaussian dis-
tributions. I is the identity matrix, and σ1 and σ2 are scalar
hyper-parameters controlling noise intensity. During train-
ing, the augmented features ẑi are used to train the classifier.

To incorporate physically grounded information, we dis-
till knowledge from the anomaly detection model. Let q de-
note the output probability from the physical model and p
the output from the ML model. The distillation loss is given
by the Kullback–Leibler divergence:

LKD = KL(q||p) =
∑
i

qi log
qi
pi

(2)

This loss encourages the ML model to mimic the anomaly
scores of the physical model, ensuring physically inter-
pretable predictions even in non-disaster regions. The total
fine-tuning loss is a weighted combination of the three com-
ponents:

Ltotal = LFocal + λ1LFocal-SFA + λ2LKD (3)

where LFocal is ordinal Focal loss for labeled data,
LFocal-SFA is the Focal Loss computed on the augmented la-
tent vectors, LKD is distilliation loss from anomaly detection

model, and λ1, λ2 are hyperparameters that control the rel-
ative importance of SFA and knowledge distillation, respec-
tively. In addition, the Focal Loss itself has hyperparameters
αt and γ. In this study, λ1 = 3 is used for fine-tuning the
landslide prediction model. During inference, the SFA mod-
ule is disabled, and FΘ operates deterministically.

Evaluation

Data Collection and Configuration

To evaluate the proposed method, we collected data on land-
slide occurrences in Japan over two years (2021 and 2022).
Since landslides depend on multiple factors, we focused on
standard variables widely used in previous studies to con-
struct the dataset. Unlike some prior systems, our proposed
system does not rely on additional observation devices and
can operate using generally accessible data. We selected 22
regions where more than three landslide events were con-
firmed during the observation period. Each region covered
an area of 1 km × 1 km, and the regional division was based
on Japan’s MESH3 boundaries.

Landslide Events: We collected 253 landslide events that
occurred in Japan between 2021 and 2022. Each event is an-
notated with the occurrence date and location (latitude and
longitude up to six decimal places). The temporal resolution
of the data is daily, and the proposed system predicts land-
slide occurrences at this daily granularity, which is sufficient
for evacuation planning.

Rainfall: As shown in previous studies (Xie, Zhou, and
Chai 2019), time-series rainfall data are crucial for landslide
prediction. Even small cumulative rainfall over long periods
can trigger landslides due to short-term intense rainfall, and
vice versa. The dataset includes rainfall data from January
1, 2021, to December 31, 2022.

Soil Properties: Soil moisture is an important factor
for landslide occurrences (Xie, Zhou, and Chai 2019; KU-
RAMOTO et al. 2001). Soil slipperiness and drainage ca-
pacity significantly influence disaster risk. The dataset rep-
resents soil in 10 categories, including artificial pavements.

Vegetation: Roots of plants and trees stabilize groundwa-
ter and soil, so surrounding vegetation also affects landslide
risk. In this study, 11 vegetation categories are defined.

Elevation and Slope Angle: Elevation and slope an-
gle closely relate to water accumulation and gravitational
effects, making them important for landslide prediction.
Steeper slopes are generally associated with higher disaster
risk. Elevation is represented as a continuous value, while
slope angle is classified into 8 directions.

An example of the dataset is shown in Fig. 4. The data
were collected at a 1 km mesh resolution based on Japan’s
MESH3 boundaries. For training and evaluation, days with-
out landslide occurrences were treated as negative cases. To
ensure the quality of negative samples, we used all data from
rainy days in each region, resulting in a total of 3,567 sam-
ples in our dataset. The experimental settings are summa-
rized in Table 1.
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Rain fall

Elevation Vegetation

Soil

Figure 4: Positive sample from the dataset on July 3, 2021,
in Shizuoka Prefecture. Top-left shows rainfall, with color
intensity indicating rainfall amount. Bottom-left shows el-
evation, with red indicating higher areas. Top-right shows
soil properties, and the bottom-right shows vegetation cate-
gories.

Table 1: Experimental settings

Parameter Search range
(bold: default value)

Batch size {8, 16, 32, 64, 128}
Temperature τ {0.3, 0.5, 0.8}
Learning rate {1-e3, 1-e4, 1-e5}
Optimizer AdamW
Pretraining epochs 100
Fine-tuning epochs 50
CTLGNet (Transformer) layers {3, 6}

Evaluation Metrics
Our proposed system aims to predict landslides accurately.
In disaster prediction, recall is especially important as it
directly affects residents’ evacuation actions. At the same
time, maintaining precision is necessary to avoid excessive
false alarms, which can undermine trust. Thus, we adopt pre-
cision at 80% recall as the main evaluation metric, and we
refer to the precision at 80% recall simply as precision here-
after. To further assess whether the method correctly ranks
the severity of each event, we also use PR-AUC on the test
data. PR-AUC reflects the model’s ability to rank actual
events higher than non-events and evaluates the reliability
of predictions beyond simple correctness. Correct ranking is
critical in disaster prevention, as events with a higher likeli-
hood should be prioritized for warning residents.

Comparison with State-of-the-Art Methods
We evaluated the proposed method by comparing predic-
tion accuracy with state-of-the-art approaches. Prediction
performance was measured both within trained regions and
on K unseen regions (Leave-K-Region-Out). We compared
the proposed method with SWI-EWS (KURAMOTO et al.
2001), CTLGNet (Zhao et al. 2024), PGNN-0 (Daw et al.
2022), and MMD-AAE (Li et al. 2018).

SWI-EWS (KURAMOTO et al. 2001): Uses a fixed-
parameter three-layer tank model to calculate soil water in-
dex (SWI) from rainfall, then statistically evaluates the ab-
normality of rainfall events in the target region using past
rainfall data to predict landslides.

CTLGNet (Zhao et al. 2024): A deep learning model
combining CNN and Transformer to capture spatio-temporal
features of landslides. If no model is specified for other base-
lines, CTLGNet is used.

PGNN-0 (Daw et al. 2022): Incorporates hydrological
model predictions as inputs to ML models, leveraging phys-
ical knowledge for the target task. In this study, SWI-EWS
outputs were used as inputs.

MMD-AAE (Li et al. 2018): A region generalization
framework that simultaneously learns the main task and ad-
versarially enforces region-invariant feature extraction.

As mentioned in the Introduction, anomaly detection
models can be trained without disaster occurrence data,
making them more applicable to non-disaster regions than
binary classification-based landslide prediction models.
However, deep spatio-temporal anomaly detection models
tend to produce false detections in patterns that are unusual
but not hazardous. To examine the characteristics of both
binary classification and anomaly detection approaches us-
ing deep learning, the anomaly detection models with the
aforementioned comparison methods are also evaluated. In
Table 2, the anomaly detection versions of the comparison
methods are denoted as ”AD”. In the specific implemen-
tation, each target model was first trained in an end-to-end
manner, after which only the feature extractor was reused to
perform training using non-occurrence data as normal sam-
ples.

As described in the Evaluation Metrics section, we used
PR-AUC and precision at 80% recall to evaluate model per-
formance. Table 2 presents these metrics for each method
in the training regions. To prevent time-series leakage, the
data were aggregated daily and stratified according to disas-
ter occurrence labels, with 20% of the data reserved as the
test set. The results demonstrate that the proposed method
outperforms all baseline approaches, achieving 52% higher
precision than the best alternative. Compared with SWI-
EWS and CTLGNet, the proposed method effectively lever-
ages limited and imbalanced data by integrating hydrologi-
cal knowledge with deep learning. Compared with PGNN-
0, it not only incorporates hydrological outputs as inputs but
also employs skip connections to constrain the output space
with hydrological predictions, enabling more effective fea-
ture extraction and deeper integration of physical and deep
learning models. As a result, precision improved by 56% rel-
ative to PGNN-0. Furthermore, Table 2 indicates that land-
slide prediction using anomaly detection among the com-
pared methods exhibits lower accuracy than the other ap-
proaches. This is likely because the inputs consist of com-
plex spatio-temporal data, where the degree of abnormality
does not necessarily correspond to the level of hazard, mak-
ing it difficult to accurately predict landslide occurrences.

For regional generalization, the proposed method
achieved 66% precision on target regions, compared with
17% for MMD-AAE, representing approximately 50% im-
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Table 2: Performance comparison of the proposed and state-of-the-art methods (including anomaly detection variants)

Method All-in Leave-K-Out

PR-AUC Precision PR-AUC Precision

SWI-EWS (KURAMOTO et al. 2001) 0.21 0.08 0.21 0.08
CTLGNet (Zhao et al. 2024) 0.62 0.29 0.53 0.16
CTLGNet + AD 0.01 0.01 0.02 0.02
PGNN-0 (Daw et al. 2022) 0.61 0.27 0.60 0.37
PGNN-0 + AD 0.02 0.02 0.02 0.02
MMD-AAE (Li et al. 2018) 0.58 0.19 0.42 0.17
MMD-AAE + AD 0.02 0.02 0.01 0.01
Proposed 0.86 0.83 0.72 0.60

provement. MMD-AAE aims for domain-independent pre-
diction using adversarial learning, but increasing the num-
ber of domains can lead to unstable training and lower
performance in target regions. In contrast, the proposed
method learns meaningful representation through RCCL,
which doesn’t rely on adversarial training, and stochastic
feature augmentation contributes to improved regional gen-
eralization. Compared with PGNN-0, the proposed method
achieves 29% higher precision, demonstrating that while
incorporating hydrological knowledge contributes to the
model, pretraining with RCCL and fine-tuning with SFA are
crucial for obtaining region-independent latent representa-
tions and achieving region-generalized landslide prediction.

Ablation Study
The proposed method integrates three key components:
knowledge distillation from physics-based anomaly de-
tection models, region-generalized contrastive learning
(RCCL), and latent-space data augmentation. All of these
modules enable our system to predict landslides accurately,
even in non-disaster regions. To assess the contribution
of each component, we conducted an ablation study in
which individual modules were selectively disabled or re-
placed. Specifically, RCCL was replaced with supervised
contrastive learning (SupCon) (Khosla et al. 2020) during
the contrastive pretraining stage, and SFA was replaced with
standard fine-tuning based on focal loss. Knowledge distil-
lation from physics models was simply replaced with fine-
tuning using normal focal loss. Figure 5 presents the results
of these experiments. The full method consistently outper-
formed all ablated variants, demonstrating that each mod-
ule contributes to overall performance. These findings indi-
cate that the combination of knowledge distillation, region-
generalized contrastive learning, and latent-space augmen-
tation effectively addresses the challenges inherent in land-
slide prediction.

Conclusion and Future Work
In this study, we proposed a hybrid method combining phys-
ical models and deep learning to achieve region-independent
landslide prediction. By incorporating hydrological knowl-
edge based on a three-layer tank model, the proposed
method stabilizes learning while maintaining physical con-

Proposed w/o KD w/o RCCL w/o SFA0.0
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PR-AUC Precision
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0.4

0.6

0.8
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Figure 5: Ablation study on module contributions. ”w/o” in-
dicates a variant without a specific module. For example,
”w/o RCCL” uses SupCon instead of RCCL for pretraining.

sistency, even under limited and imbalanced disaster data
conditions. Moreover, supervised contrastive learning that
considers regional information suppresses the separation
of latent representations caused by non-IID characteristics
across regions, thereby improving generalization to unseen
areas. Experiments using data from 22 regions across Japan
demonstrate that the proposed method achieves up to 54%
improvement in precision compared to conventional deep
learning and statistical models for unseen regions. These
results indicate that the proposed method can detect early
signs of disaster occurrences without strongly depending on
regional characteristics. In future work, we will extend the
model to incorporate subsurface structural data from sources
such as borehole data and apply the approach to other types
of disasters, such as floods and inundations.
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