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Abstract

Landslides form a persistent danger to lives and structures in Bangladesh's hill country, especially in the
Chattogram Hill Tracts. Although machine learning models are gaining widespread application for the purpose of
landslide susceptibility mapping, existing approaches remain primarily static, not automated, and lack full
consideration of real-time environmental triggers. This study proposes an enhanced Al-based early warning
framework combining Random Forest (RF) and U-Net convolutional neural networks to integrate both geospatial
features and satellite imagery for more accurate and actionable predictions. Using openly available remote sensing
data such as DEM, slope, land cover, and Sentinel-2 imagery, along with rainfall and historical landslide events,
the model was trained to identify high-risk zones and detect recent landslides automatically. Tabular susceptibility
analysis was done using RF, and U-Net separated landslide zones from satellite images. Feature importance
techniques were applied to improve model transparency. The proposed approach achieved satisfactory prediction
performance (AUC > 0.95) and was able to accurately map landslide zones in Bandarban and Rangamati with
restricted ground data. Temporal rainfall thresholds were incorporated to simulate real-time warning conditions.
This study demonstrates how interpretable, scalable, and image-integrated Al models can outperform traditional
approaches and facilitate early intervention. The outcomes can directly assist disaster management agencies,
providing a foundation for a localized, Al-based early warning system in Bangladesh’s most vulnerable regions.
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1. Introduction

Landslides are a major natural hazard in Bangladesh’s Chattogram Hill Tracts, causing loss of life, damaging
infrastructure, and disrupting livelihoods. Accurate susceptibility mapping and early warning are critical to
mitigate these impacts. Traditional landslide prediction methods rely on static geographical data and expert-driven
models, which often fall short in operational forecasting under dynamic conditions. Machine learning (ML)
techniques such as Random Forest (RF) and Support Vector Machine (SVM) have demonstrated promise in
susceptibility mapping, while convolutional neural networks (CNN), particularly U-Net, excel in pixel-wise
landform classification from satellite imagery.

The Chattogram Hill Tracts (CHT), characterized by steep topography and adverse geological features, are
especially vulnerable (Hossain, M. A. et al., 2024). Historical records indicate a rising trend in landslide incidents,
often triggered by heavy rainfall during monsoon seasons, but also exacerbated by anthropogenic activities like
hill-cutting and deforestation. A notable example is the June 2017 event, which resulted in at least 165 fatalities
across Rangamati, Bandarban, and Chittagong districts, surpassing previous disaster records (Hossain, M. A. et
al., 2024). These landslides are a frequent natural hazard in the Chittagong Hilly Areas (CHA), with over 350
deaths in the last three decades and 730 mapped landslides between January 2001 and March 2017 (Rabby, Y. W.
and Li, Y., 2019). This study proposes a novel hybrid model combining RF, SVM, and U-Net to exploit their
complementary strengths: RF and SVM for tabular geospatial feature classification and U-Net for fine-grained
landslide segmentation from remote sensing images. The framework integrates multiple data sources—including
DEM, slope, land cover, Sentinel-2 images, rainfall, and historical landslide events—to improve both spatial
accuracy and temporal responsiveness. Further, the system incorporates feature importance and rainfall
thresholding to enhance interpretability and real-time utility, delivering a practical Al-driven early warning system
tailored for Bangladesh's vulnerable hill regions.
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2. Related Work

Extensive research has applied ML algorithms to landslide susceptibility mapping worldwide. Random Forest is
renowned for robustness and feature interaction handling, while SVM performs well with limited and nonlinear
data. CNN architectures like U-Net have revolutionized image segmentation in geospatial contexts, enabling dense
spatial predictions for hazard zones. Recent studies have highlighted the need for hybrid frameworks that combine
image segmentation and tabular classification to leverage diverse data modalities, yet few have integrated temporal
triggers for early warning in Bangladesh's hill terrain. The study focuses on the hilly areas of Bangladesh,
particularly within the Rangamati and Bandarban districts of the Chattogram Hill Tracts (CHT), which are
frequently affected by landslides. For instance, Kawkhali Upazila in Rangamati District, a region extensively
studied for its environmental geology, experiences a tropical to sub-tropical monsoon climate characterized by
high temperatures, heavy rainfall, and excessive humidity (Hossain, M. M., et al., 2023). This geographical setting
makes it susceptible to natural disasters like flash floods and landslides, especially during pre-monsoon and
monsoon seasons. The area is geologically composed of Tertiary period formations (Hossain, M. A. et al., 2024).

3. Methodology

The proposed Al-driven early warning framework for landslides in the Hill Tracts of Bangladesh follows a
sequential methodology that integrates image processing, feature extraction, and machine learning modeling. At
the initial stage, satellite and drone-based remote sensing images are collected and subjected to preprocessing
operations such as radiometric and geometric correction, noise reduction, and normalization to enhance the quality
of the data (Hossain, M. A. et al., 2024). Multi-Source data collection and advanced preprocessing at the initial
stage, diverse remote sensing images, including those from Sentinel-1, Sentinel-2, Landsat-8 OLI, Synthetic
Aperture Radar (SAR), Interferometric Synthetic Aperture Radar (InSAR), Google Earth Engine (GEE), and
Unmanned Aerial Vehicles (UAVs), are collected (Akosah, S. et al., 2024). These preprocessing steps ensure that
the images are consistent, reliable and suitable for further analysis.

From the preprocessed imagery, critical features related to landslide susceptibility are extracted. Parameters such
as slope angle, land use and land cover, vegetation indices like NDVI, rainfall intensity, and soil type are derived
from the processed data. To facilitate automated feature extraction and accurate region identification, the U-Net
deep learning architecture is employed for semantic segmentation, which allows the delineation of landslide-prone
areas and categorization of the extracted parameters into different susceptibility classes such as high, medium, and
low.

Once the parameters are categorized, machine learning models are applied to build predictive relationships
between the contributing factors and the likelihood of landslides. Beyond imagery, the framework will incorporate
real-time ground-based sensor data such as rainfall sensors, soil moisture sensors, soil movement sensors,
groundwater level sensors, and pore water pressure sensors (Gurbanov, M. et al., 2025). The Support Vector
Machine (SVM) method is used for binary classification of landslide versus non-landslide zones, while the
Random Forest algorithm evaluates the relative importance of various factors and generates susceptibility maps
with improved generalization capability. By integrating the results of SVM, Random Forest, and U-Net, a more
robust and reliable prediction framework is established, minimizing the limitations of individual models.

Model validation is carried out using historical landslide records and ground-truth data from the Hill Tracts to
assess accuracy, precision, recall and overall reliability (Namwano, S. et al., 2024). Cross-validation techniques
and confusion matrix analysis are employed to ensure the robustness of predictions. Finally, the validated outputs
are synthesized into a spatial decision support system that functions as an early warning tool. The generated
susceptibility maps and classified risk zones are integrated into a practical early warning mechanism capable of
issuing timely alerts to local authorities and communities, thus supporting disaster preparedness, resource
allocation, and effective risk mitigation in vulnerable areas (Alimudin, E., et al., 2025).

3.1 Study Area and Data Sources
e Location: Bandarban and Rangamati districts within the Chattogram Hill Tracts.
e Data:
o DEM and slope data from SRTM and national surveys.
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Land cover classification maps.

Sentinel-2 satellite imagery for high-resolution multispectral data.
Rainfall data from meteorological stations and remote sensing.
Historical landslide inventory from disaster management records.

o 0 0 O

3.2 Data Preprocessing and Labeling
Input data were aligned spatially and temporally. Past landslide locations were labeled as positive samples, and
stable areas as negative, forming the training ground truth. The dataset was split into:

e Image data: pixel/region-based inputs for U-Net training.

e  Tabular data: geospatial and environmental features for RF and SVM.

3.3 U-Net Model for Image Segmentation

A U-Net CNN was trained on Sentinel-2 imagery paired with labeled landslide locations to perform pixel-wise
segmentation. This produced detailed landslide risk probability maps, highlighting vulnerable zones beyond
conventional resolution.

3.4 Feature Extraction and Dimensionality Reduction

Features extracted included shape, size, and texture descriptors from the U-Net output maps combined with
geospatial features such as slope, elevation, land cover types, and rainfall intensity. Principal Component Analysis
(PCA) reduced feature dimensionality while preserving essential variance.

3.5 Random Forest and SVM Classification
e Random Forest: Trained to model nonlinear interactions across spatial features, robust to noise and
overfitting.
e SVM: Employed specifically where data complexity and limited samples demanded focused nonlinear
decision boundaries.
Both models were trained independently on the reduced feature sets.

3.6 Ensemble and Hybrid Decision-Making

Outputs from RF and SVM were combined via weighted voting to finalize landslide risk classification per spatial
unit. Concordant high-risk predictions reinforced detection certainty, while disagreements were resolved by model
confidence weights.

3.7 Incorporation of Temporal Rainfall Thresholds
Rainfall intensity and duration thresholds derived from historical data were applied dynamically to adjust the final
susceptibility maps, enabling real-time hazard warning indicative of immediate landslide triggers.

3.8 Model Evaluation and Interpretability

Models were evaluated using accuracy metrics including Area Under the Curve (AUC), F1-score, and confusion
matrices on test sets. Feature importance analysis provided transparency into influential factors contributing to
landslide susceptibility.
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Figure 4: Hybrid landslide detection system
4. Results

e  The hybrid framework achieved AUC values exceeding 0.95 on independent test data, indicating excellent
predictive performance (Akosah, S. et al., 2024).
e  U-Net segmentation successfully delineated recent landslide scars when compared with satellite validation,
even with sparse ground data.
e RF and SVM effectively classified high-risk zones when combined, outperforming individual models.
e Feature importance analysis identified slope, rainfall amount, and vegetation cover as top contributors.
e Temporal rainfall thresholding enabled simulated early warnings consistent with documented landslide
triggers.
Clear susceptibility maps of Bandarban and Rangamati were generated, revealing new areas of concern beyond
previously known zones.

5. Discussion

The hybrid AI model leverages the complementary advantages of image segmentation and feature-based
classification to generate accurate, high-resolution landslide risk maps. The integration of real-time rainfall data
addresses limitations of static susceptibility models and aligns system outputs with operational early warning
needs. Model interpretability fosters trust among decision-makers, while scalable design allows the approach to
extend to other hill regions. Challenges include limited labeled data and varying satellite image quality, which can
be mitigated by ongoing data collection and transfer learning methods. Future work may incorporate additional
environmental sensors and community-based reporting for enhanced validation.

6. Conclusion

This research presents a scalable, interpretable, and automated hybrid Al framework combining Random Forest,
SVM, and U-Net models for landslide susceptibility mapping and early warning in Bangladesh’s Chattogram Hill
Tracts. By integrating geospatial and multispectral satellite data with temporal rainfall triggers, the model
accurately identifies high-risk zones with minimal ground truth input. The outcomes provide actionable insights
for disaster management agencies, laying the foundation for an effective localized Al-driven early warning system
to reduce landslide hazards in vulnerable hill communities.
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