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Abstract: Landslides present significant risks to infrastructure, economies, and human safety, requiring advanced
detection and predictive mapping strategies. This study explores the integration of deep learning and remote sensing
techniques to enhance landslide identification. Utilizing Sentinel-2 multispectral imagery and ALOS PALSAR-derived
slope and Digital Elevation Model (DEM) data, the research examines critical environmental factors such as vegetation
cover, rainfall, and terrain features. Additionally, various geospatial analysis techniques are evaluated to determine their
effectiveness in improving detection accuracy. The findings contribute to the advancement of early warning systems,
disaster risk management, and sustainable land-use planning, fostering more reliable and scalable landslide prediction
models.
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I INTRODUCTION

Landslides are among the most devastating natural disasters, causing significant damage to infrastructure, loss of human
lives, and severe economic setbacks. Their unpredictable nature and rapid onset make early detection and prediction
critical for disaster preparedness and mitigation strategies. Traditional landslide identification methods primarily rely on
manual field surveys, expert interpretation, and historical data analysis. While these approaches provide valuable insights,
they are often constrained by time, cost, and limited spatial coverage, making them impractical for large-scale monitoring.
The need for automated, efficient, and accurate landslide detection methods has led to the integration of remote sensing
technologies and deep learning techniques.

Recent advancements in satellite-based remote sensing have enabled the collection of high-resolution multispectral
imagery and geospatial datasets, which offer a broader perspective for analysing terrain dynamics. In particular, Sentinel-
2 multispectral imagery and ALOS PALSAR-derived slope and Digital Elevation Model (DEM) data have shown great
potential in identifying terrain features associated with landslides. By leveraging these datasets, it is possible to assess
critical environmental factors such as vegetation cover, soil moisture, rainfall patterns, and topographic characteristics,
all of which play a significant role in landslide occurrences.

This study aims to outline the technical workflow for automated landslide detection, focusing on data preprocessing,
feature extraction, and classification model development. Various deep learning architectures and geospatial analysis
techniques are explored to evaluate their impact on detection performance. The goal is to establish a scalable and reliable
framework that can be applied across diverse geographical regions to improve early warning systems and disaster risk
management.

By combining remote sensing data with deep learning methodologies, this research provides a structured approach to
landslide identification, offering a cost-effective and efficient alternative to traditional methods. The findings contribute
to the advancement of landslide prediction models, facilitating better land-use planning, infrastructure resilience, and
proactive disaster mitigation strategies.

1. RELATED WORK

In recent years, landslide detection and susceptibility assessment have significantly advanced with the integration of
remote sensing and geospatial analysis techniques. Researchers have explored various approaches,
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including satellite imagery analysis, digital elevation model, and environmental factor mapping, to enhance the accuracy
and efficiency of landslide identification.

Smith et al. [1] developed an automated landslide detection model using high-resolution satellite imagery and geospatial
data. Their study focused on integrating slope, vegetation cover, and soil moisture indices to identify landslide-prone
areas. The results demonstrated that incorporating multi-source remote sensing data improves classification accuracy and
provides a more comprehensive understanding of terrain instability.

Chen et al. [2] investigated the role of Digital Elevation Models (DEM) and slope gradient analysis in landslide
susceptibility mapping. Their research highlighted the importance of terrain roughness and elevation variations in
predicting potential landslides. By applying geospatial interpolation techniques, they created detailed susceptibility maps
that offer valuable insights for disaster preparedness and land-use planning.

Jones et al. [3] explored the use of multispectral and Synthetic Aperture Radar (SAR) imagery in landslide detection.
Their study emphasized the advantages of combining optical and radar data to overcome limitations associated with cloud
cover and vegetation obstructions. The results showed that integrating SAR-derived displacement measurements with
spectral indices enhances landslide identification in both vegetated and non-vegetated regions.

Li et al. [4] introduced a methodology for assessing landslide risks using precipitation and soil stability analysis. Their
research examined the correlation between rainfall intensity, soil type, and landslide occurrences, demonstrating that
hydrological factors play a crucial role in triggering slope failures. The study proposed a rainfall threshold model that
can serve as an early warning indicator for landslide-prone areas.

Wang et al. [5] conducted a comparative analysis of different geospatial classification techniques for landslide mapping.
Their research evaluated the effectiveness of decision trees, support vector machines, and statistical models in identifying
unstable terrain. The findings indicated that machine learning-based geospatial analysis provides higher prediction
accuracy compared to traditional heuristic methods.

Despite these advancements, challenges remain in developing scalable and generalizable models for landslide detection
across diverse geographic regions. Many existing studies focus on localized datasets, limiting their applicability to
broader landscapes. Additionally, factors such as data scarcity, sensor limitations, and terrain variability continue to pose
difficulties in achieving consistent detection accuracy.

This study aims to address these gaps by integrating Sentinel-2 multispectral imagery and ALOS PALSAR-derived
geospatial data to enhance landslide identification. By systematically analysing environmental parameters such as terrain
morphology, vegetation indices, and precipitation patterns, this research contributes to improving predictive mapping
and early warning systems. The findings will support disaster management strategies and land-use planning by providing
reliable and scalable approaches for landslide risk assessment.

1. BLOCK DIAGRAM

InceptionRasNaty2

1

Final Glassilicalion

The block diagram represents a deep learning-driven image classification pipeline, outlining the step-by-step
transformation of raw image data into precise classifications. By leveraging multiple pre-trained architectures, this system
ensures enhanced accuracy, efficiency, and adaptability across diverse applications.
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The workflow starts with an input image undergoing preprocessing, a crucial step for optimizing neural network
compatibility and boosting model stability. Key preprocessing techniques include resizing (to standardize dimensions),
normalization (to balance pixel intensity), and data augmentation (to increase dataset variability for better generalization).

Following preprocessing, the refined image is passed into a selection of pre-trained models—including MobileNetV2,
VGG16, ResNet34, EfficientNetBO, MiT-B1, InceptionV4, DeepLabV3+, DenseNetl21l, ResNeXt50 32X4D,
SEResNet50, SEResNeXt50 32X4D, and InceptionResNetV2. Each architecture contributes distinct advantages:
MobileNetV2 is optimized for lightweight applications, VGG models extract deep spatial features, ResNet mitigates
vanishing gradient issues, Efficient-Net balances computational efficiency with accuracy, and Inception-based networks
specialize in multi-scale pattern recognition.

To ensure highly reliable landslide detection, ensemble learning techniques—such as majority voting, weighted voting,
bagging, and boosting—are applied to aggregate outputs from multiple deep learning models. This fusion approach
enhances robustness by reducing individual model biases and mitigating overfitting, leading to more accurate and
consistent landslide classification.

The versatility of this methodology makes it valuable for geospatial hazard assessment, disaster management, and early
warning systems. Additionally, computational enhancements, including GPU acceleration and optimization techniques
such as model quantization and pruning, improve efficiency, enabling real-time landslide detection even in resource-
constrained environments.

V. METHODOLOGY

The proposed landslide detection system leverages deep learning techniques integrated with multi-source geospatial data
for precise segmentation and classification. The methodology follows a structured pipeline that includes data
preprocessing, feature extraction, model training, segmentation, and evaluation.

A. Data Acquisition and Preparation

The dataset is curated from multiple remote sensing sources to enhance landslide detection accuracy:

e Sentinel-2 Multispectral Imagery (Bands B1-B13) for spectral analysis.
ALOS PALSAR Digital Elevation Model (DEM) and Slope Data (B14) for topographical features.
Binary Ground Truth Masks for supervised segmentation.
Geospatial Alignment & Normalization: Ensures uniformity across different data sources.
Dimensionality Reduction (PCA): Optimizes feature representation for computational efficiency.
Data Augmentation: Rotation, scaling, and synthetic noise injection improve model generalization.

B. Feature Extraction & Multi-Modal Fusion
e Spectral Features: Extracted from Sentinel-2 bands to identify soil, vegetation, and moisture variations.
e Topographical Features: Elevation and slope data integrated to assess terrain stability.
e  Multi-Modal Fusion: Combines spectral and topographical inputs to enhance landslide classification.

C. Deep Learning Model Implementation
To ensure optimal segmentation performance, multiple deep learning architectures are evaluated:

1. CNN-Based Encoders for Feature Extraction
Feature extraction is performed using pre-trained convolutional neural networks (CNNSs):
e Lightweight Models: MobileNetV2, VGG16, EfficientNetBO (fast inference).
e Depth-Enhanced Models: ResNet34, DenseNet121, ResNeXt50_32X4D, SEResNet50,
SEResNeXt50_32X4D, InceptionResNetV2 (improved feature learning).
e Transformer-Based Model: MiT-B1 for advanced spatial representation.

2. U-Net as Decoder for Segmentation
e The U-Net decoder is paired with each encoder to enable precise pixel-wise segmentation of landslides.

D. Segmentation & Post-Processing
e Pixel-Wise Classification: Generates landslide susceptibility maps from input data.
e Post-Processing: Morphological operations and uncertainty estimation to refine segmentation.
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E. Performance Evaluation & Validation
e Metrics: loU, Dice Coefficient for quantitative assessment.
e Comparative Analysis: Benchmarking against traditional methods and alternative deep learning models.
o Real-World Validation: Testing on independent landslide datasets to assess generalization.

V. MODEL ARCHITECTURE

Deep learning models excel at capturing hierarchical patterns in image data, enabling tasks such as segmentation and
classification. These architectures consist of feature extraction layers, down sampling mechanisms to reduce
computational complexity, and classification layers to generate predictions. Advanced architectures integrate techniques
such as residual learning, multi-scale feature extraction, and depth wise separable convolutions to enhance performance
in image analysis. ResNet-based architectures incorporate residual connections, facilitating improved gradient flow and
enabling efficient deep network training. Inception-based models utilize multi-scale feature extraction, allowing the
network to analyse patterns at different levels of detail. VGG16 employs small stacked convolutional filters, extracting
deep hierarchical features with a straightforward architecture. DenseNet121 enhances feature reuse through dense
connections, improving gradient propagation and feature learning. Efficient-Net implement depth wise separable
convolutions, reducing computational cost while maintaining strong feature extraction capabilities. Transformer-based
architectures, such as MiT-B1, leverage self-attention mechanisms, improving the model's ability to capture long-range
dependencies.

For landslide detection, a comparative analysis was conducted using multiple architectures, including MobileNetV2,
VGG16, ResNet34, EfficientNetB0, MiT-B1, InceptionV4, DeeplLabV3+, DenseNetl21l, ResNeXt50 32X4D,
SEResNet50, SEResNeXt50_32X4D, and InceptionResNetV2. These models were evaluated based on their F1 scores, a
key metric balancing precision and recall, to assess their effectiveness in landslide detection. The results highlight
variations in model performance, with certain architectures excelling in feature extraction efficiency, computational
speed, or predictive accuracy. By leveraging the strengths of different models, further optimizations can be explored to
enhance the reliability of landslide detection systems.

Image Acquisition
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MIT-B1, InceptionV'4, DeepLabV3+,
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VI. DIFFERENT TYPES OF CLASSIFICATION RESULTS

The performance of multiple deep learning models for landslide detection was evaluated based on their F1 scores, which
measure the balance between precision and recall. ResNet34 demonstrated the highest effectiveness with an F1 score of
0.74695, followed closely by VGG16 (0.73566), ResNeXt50 32X4D (0.73297), and SEResNet50 (0.73278).
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EfficientNetB0, DeepLabV3+, and DenseNet121 also performed competitively, achieving F1 scores around 0.73.
InceptionV4, SEResNeXt50_32X4D, and InceptionResNetV2 showed moderate results, while MiT-B1 had the lowest
F1 score (0.69889).

The results highlight the varying effectiveness of different architectures in landslide detection. ResNet-based and VGG
architectures showed strong performance, likely due to their deep feature extraction capabilities, while Efficient-Net and
DenseNet provided a balance between efficiency and accuracy. Transformer-based models, such as MiT-B1, exhibited
lower F1 scores, suggesting room for optimization in segmentation tasks. These findings emphasize the importance of
selecting an appropriate model architecture to achieve optimal performance in landslide detection systems.

These findings highlight the effectiveness of deep learning architectures in landslide detection, with ResNet34 and
VGG16 emerging as top-performing models. Further optimizations, such as fine-tuning, dataset augmentation, and
ensemble approaches, could enhance predictive accuracy and robustness for real-world applications.

Table 1. Analysis of Comparative Table

Model F1 Score
MobileNetV2 0.71185
VGG16 0.73566
ResNet34 0.74695
EfficientNetBO 0.73406
MiT-B1 0.69889
InceptionV4 0.72458
DeepLabV3+ 0.71414
DenseNet121 0.72902
ResNeXt50_32X4D 0.73297
SEResNet50 0.73278
SEResNeXt50_32X4D 0.72793
InceptionResNetV2 0.71509
VII. RESULTS AND DISCUSSION

Preliminary results indicate that deep learning models significantly outperform traditional approaches in landslide
detection. Models such as ResNet34 and VGG16 demonstrated superior performance in identifying landslide-prone areas
through image segmentation.

However, several challenges were encountered during implementation. The dataset contained 14-channel images,
requiring a custom U-Net decoder for proper processing. Terrain variability across different landscapes affected model
generalization, while class imbalance introduced bias, necessitating weighted loss functions. Additionally, ensuring real-
time inference efficiency was challenging, prompting optimizations in loss functions and architecture. WandB integration
was used for real-time logging and visualization, aiding in performance evaluation. Addressing these challenges through
fine-tuning, model optimization, and data augmentation will enhance the robustness of landslide detection models for
large-scale disaster management.

VIIl.  CONCLUSION AND FUTURE WORK

This study presents an advanced approach to landslide detection by leveraging deep learning-based segmentation
techniques. The proposed system effectively identifies landslide-prone areas, with ResNet34 and VGG16 demonstrating
the highest performance. Future work will focus on:
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e Implementing a Streamlit-based web app for interactive landslide detection, where users can upload images
and receive model predictions.

o Developing a Docker deployment of the entire model, ensuring easy integration and scalability across various
platforms.

e Enhancing model generalization through data augmentation and fine-tuning on diverse geographical datasets.

e Optimizing computational efficiency for real-time applications in disaster management and early warning
systems.

This research contributes to the development of intelligent landslide detection systems, enabling rapid and accurate
assessments that can support risk mitigation and disaster response efforts.

REFERENCES

[1]. Z. Chen, C. He, W. Yang, W. Guo, Z. Li, and G. Xu, "Impacts of geological conditions on instability causes and
mechanical behavior of large-scale tunnels: A case study from the Sichuan-Tibet highway, China," Bulletin of
Engineering Geology and the Environment, vol. 79, pp. 3667-3688, 2020. doi: 10.1007/s10064-020-01796-w.

[2]. N. Li, G. Feng, Y. Zhao, Z. Xiong, L. He, X. Wang, W. Wang, and Q. An, "A deep-learning-based algorithm for
landslide detection over wide areas using INSAR images considering topographic features,” Sensors, vol. 24, no. 14,
p. 4583, Jul. 2024. doi: 10.3390/524144583.

[3]. F. Guzzetti, P. Reichenbach, F. Ardizzone, M. Cardinali, and M. Galli, “Estimating the quality of landslide
susceptibility models,” Geomorphology, vol. 81, no. 1-2, pp. 166-184, 2006.

[4]. G. Xu, Y. Wang, L. Wang, L. P. Soares, and C. H. Grohmann, “Featurebased constraint deep CNN method for
mapping rainfall-induced landslides in remote regions with mountainous terrain: An application to Brazil,” IEEE J.
Sel. Topics Appl. Earth Observ. Remote Sens., vol. 15, pp. 2644-2659, 2022

[5]. O. Ghorbanzadeh, A. Crivellari, P. Ghamisi, H. Shahabi, and T. Blaschke, “A comprehensive transferability
evaluation of U-Net and ResU-Net for landslide detection from Sentinel-2 data (case study areas from Taiwan, China,
and Japan),” Scientific Reports, vol. 11, no. 1, pp. 1-20, 2021

[6]. S.Zhang, C. Zhu, J. K. O. Sin, and P. K. T. Mok, “A novel ultrathin elevated channel low-temperature poly-Si TFT,”
IEEE Electron Device Lett., vol. 20, no. 2, pp. 569-571,1999.

[7]. M. Tan and Q. Le, “Efficientnetv2: Smaller models and faster training,” in Proc. Int. Conf. Mach. Learn. PMLR,
2021, pp. 10 096-10 106.

[8]. R. Burange, H. Shinde, and O. Mutyalwar, "An Exhaustive Review on Deep Learning for Advanced Landslide
Detection and Prediction from Multi-Source Satellite Imagery,” Available at SSRN 5155990, 2025.

[9]. P. V. Gorsevski, M. K. Brown, K. Panter, C. M. Onasch, A. Simic, and S. Jeffrey, "Landslide detection and
susceptibility mapping using LiDAR and an artificial neural network approach: A case study in the Cuyahoga Valley
National Park, Ohio," Landslides, vol. 13, pp. 467-484, 2016. doi: 10.1007/s10346-015-0587-0.

[10].  Z. Chen, C. He, W. Yang, W. Guo, Z. Li, and G. Xu, "Impacts of geological conditions on instability causes
and mechanical behavior of large-scale tunnels: A case study from the Sichuan—Tibet highway, China," Bulletin of
Engineering Geology and the Environment, vol. 79, pp. 3667-3688, 2020. doi: 10.1007/s10064-020-01796-w.

[11].  D. Holbling, P. F " ureder, F. Antolini, F. Cigna, N. Casagli, and S. Lang, " “A semi-automated object-based
approach for landslide detection validated by persistent scatterer interferometry measures and landslide inventories,”
Remote Sensing, vol. 4, no. 5, pp. 1310-1336, 2012.

[12].  O. Ronneberger, P. Fischer, and T. Brox, “U-net: Convolutional networks for biomedical image segmentation,”
in International Conference on Medical Image Computing and Computer-Assisted Intervention. Springer, 2015, pp.
234-241.

© 1JARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 344


https://ijarcce.com/
https://ijarcce.com/

