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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 
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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-
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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 f� 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 6= 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 6= yk) are negative pairs. This maintains dis-
criminability between classes independent of region.
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