
 

 

International Journal of Innovative Research in 

Computer and Communication Engineering 
(A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal) 

 
 

         Impact Factor: 8.771 Volume 13, Issue 4, April 2025 
 



© 2025 IJIRCCE | Volume 13, Issue 4, April 2025|                                        DOI: 10.15680/IJIRCCE.2025.1304019 

 
 

IJIRCCE©2025                                                       |     An ISO 9001:2008 Certified Journal   |                                                   3161 

Artificial Intelligence Techniques for 

Landslides Prediction using Satellite Imagery 
 

E Poongodi 1, K Sreeram 2, R Arikrishnan 3, M Mugilan 4, A David 5 

Department of Computer Science and Engineering, Mahendra Institute of Technology, Namakkal, Tamil Nadu, 

India1,2,3,4,5 

 

ABSTRACT - Landslides, caused by natural factors such as heavy rainfall, earthquakes, and soil moisture, or man-made 

factors like unplanned construction, can result in significant economic and human losses. Due to their unpredictable 

nature, there is an urgent need for efficient early detection and prediction systems. Traditional landslide detection methods, 

such as field surveys and remote sensing, often lack real-time efficiency and accuracy. Recent advancements in artificial 

intelligence (AI) and machine learning (ML) have enabled automatic prediction and classification of landslides using 

satellite imagery.This research explores various AI-based techniques to enhance landslide prediction accuracy, focusing 

on the integration of satellite image processing, feature extraction, and deep learning classification models. A prototype 

model utilizing the ResNet101 deep learning architecture with attention mechanisms is proposed, achieving a 

classification accuracy of 96.88% on an augmented dataset of landslide-prone regions. By leveraging advanced computer 

vision techniques, this model offers a reliable, scalable, and automated solution for landslide monitoring, which can 

significantly improve disaster preparedness and mitigation efforts. 

 

KEYWORDS: Landslide classification, satellite image classification, deep learning, ResNet101, AI-based prediction, 

landcover classification. 

 

I. INTRODUCTION 

 

The Landslides are one of the most devastating natural disasters, causing significant loss of life, infrastructure damage, 

and economic setbacks worldwide. The increasing frequency of landslides due to rapid urbanization, deforestation, and 

climate change has highlighted the urgent need for efficient and accurate prediction systems. Traditional methods such 

as geological surveys and remote sensing have limitations in terms of time efficiency, scalability, and real-time 

monitoring. To address these challenges, this study explores the application of Artificial Intelligence (AI) and Machine 

Learning (ML) techniques for landslide prediction and classification using satellite imagery. By leveraging deep learning 

models such as ResNet101, this research aims to develop an automated landslide detection system capable of analysing 

terrain patterns and classifying landslide-prone areas with high accuracy. The proposed system integrates multi-spectral 

satellite data, geospatial analysis, and environmental factors such as rainfall, soil moisture, and seismic activity to enhance 

prediction capabilities. The ultimate goal is to create a robust AI-based framework that can provide real-time monitoring, 

early warning alerts, and improved decision-making for disaster management authorities, minimizing the impact of 

landslides on human life and infrastructure. 

 

Challenges in Landslide Detection: 

• Lack of real-time monitoring – Traditional geological surveys and sensor-based approaches provide data after 

the disaster has occurred. 

• Data scarcity – High-resolution datasets for landslide-prone regions are limited. 

• Terrain complexity – Variations in soil types, slope stability, and vegetation make prediction challenging. 

• Integration of multiple parameters – Climate conditions, topography, and anthropogenic factors must be 

considered together for accurate predictions. 

 

Role of Artificial Intelligence in Landslide Prediction 

AI and deep learning techniques provide a scalable, automated, and highly accurate approach to landslide detection. By 

analysing multi-spectral satellite images and combining historical landslide data with real-time sensor information, AI-

based models can: 
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1. Detect high-risk areas before landslides occur. 

2. Classify terrain stability based on geospatial patterns. 

3. Improve early warning systems for disaster prevention. 

 

METHODS OF DETECTING AN OIL SPILL 

This study explores multiple machine learning and deep learning-based methods for landslide detection, including image 

classification, geospatial analysis, and data fusion techniques. 

1. Satellite Remote Sensing 

 Satellite remote sensing involves using optical, infrared, and radar-based imaging systems to monitor landscape changes. 

• Optical sensors capture visible and near-infrared images to identify vegetation loss and soil displacement. 

• Synthetic Aperture Radar (SAR) penetrates cloud cover, capturing topographical data even in adverse weather 

conditions. 

2. Machine Learning Algorithms 

 Machine learning models analyse historical landslide patterns and classify risk zones. 

• Support Vector Machines (SVM) – Used for binary classification of stable vs. unstable terrain. 

• Decision Trees & Random Forests – Identify features such as soil type, slope angle, and drainage networks. 

• K-Nearest Neighbors (KNN) – Compares spatial similarities to previous landslides. 

3. Deep Learning Techniques 

 Deep learning models use neural networks to automatically extract complex features from satellite imagery. 

• ResNet101 – A deep CNN model that enhances prediction accuracy. 

• U-Net & Mask R-CNN – Specialized in image segmentation for detecting landslide boundaries. 

4. Geospatial Analysis & Thematic Weighting 

 This approach assigns risk scores to different geographical zones based on factors like: 

• Topography – Elevation and slope stability. 

• Drainage patterns – Water accumulation that increases landslide susceptibility. 

• Urban development – Infrastructure in high-risk zones. 

 

5. Environmental Parameter Integration 

• Rainfall Data – Heavy rains often trigger landslides. 

• Soil Moisture Index – Helps determine terrain stability. 

• Seismic Activity Reports – Earthquakes increase the probability of landslides. 

 

MOTIVATION 

The motivation behind this research stems from the urgent need for early landslide detection systems that can minimize 

damage to human life, infrastructure, and the environment. 

Key Motivating Factors: 

• Rising fatalities – Thousands of deaths occur annually due to landslides. 

• Economic damage – Infrastructure and agricultural losses exceed billions of dollars worldwide. 

• Lack of predictive accuracy – Existing models lack real-time monitoring capabilities. 

By leveraging AI-driven prediction models, landslide-prone areas can be monitored in real-time, improving early warning 

systems and disaster response planning. 

 

ABRIDGEMENT 

Landslides are unpredictable natural disasters that pose a significant risk to both human life and infrastructure. The 

frequency of landslides has increased due to a combination of environmental changes and human activities, making the 

need for an efficient, scalable, and real-time landslide prediction system more crucial than ever. This research aims to 

bridge the gap between traditional landslide detection methods and modern artificial intelligence-driven techniques by 

leveraging deep learning algorithms, remote sensing technologies, and environmental data integration. 

 

The primary objective of this study is to develop a robust AI-based system for landslide detection and classification using 

satellite imagery and deep learning techniques. By analysing large-scale satellite datasets, the proposed model aims to 

improve prediction accuracy, automate feature extraction, and enhance risk assessment in landslide-prone regions. The 

research particularly focuses on Convolutional Neural Networks (CNNs), specifically the ResNet101 model, which has 
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demonstrated superior performance in image classification tasks. Additionally, attention mechanisms are incorporated to 

improve feature selection and reduce false positives in landslide classification. This study also investigates the integration 

of environmental parameters, such as rainfall patterns, soil moisture levels, and seismic activities, to enhance the 

predictive capabilities of the AI model. By fusing geospatial data with AI-driven classification techniques, the system 

can provide real-time risk assessments and early warnings for disaster management authorities. The findings from this 

research can be applied to various geographic regions, providing a scalable solution for global landslide monitoring. 

 

II. RELATED WORKS 

 

The field of landslide detection and classification has seen significant advancements over the past decade, with 

researchers exploring various machine learning and deep learning techniques. Traditional approaches, such as geospatial 

analysis and remote sensing, have been widely used to identify landslide-prone regions. These methods typically involve 

thematic mapping, geological surveys, and satellite image interpretation. However, they often lack real-time monitoring 

capabilities and require manual intervention, making them inefficient for large-scale applications. 

 

Several studies have implemented machine learning models such as Support Vector Machines (SVMs), Decision Trees, 

Random Forests, and K-Nearest Neighbors (KNN) for landslide classification. While these techniques have shown 

moderate success, they rely heavily on handcrafted features, making them less adaptable to complex terrain variations. 

Recent research has focused on hybrid approaches, combining multiple ML algorithms to improve classification accuracy. 

For example, studies have explored Random Forest combined with geospatial feature extraction, achieving improved 

landslide susceptibility mapping. 

 

Deep learning has emerged as a powerful alternative to traditional machine learning techniques. CNN-based architectures 

such as U-Net, Mask R-CNN, and ResNet have demonstrated remarkable accuracy in satellite image classification. 

Recent advancements in transfer learning and attention mechanisms have further improved the feature extraction process, 

reducing false positives and enhancing model generalization. This research builds upon these existing works by 

introducing a ResNet101-based AI model with integrated environmental data, significantly improving classification 

accuracy and prediction reliability. 

 

III. EXISTING SYSTEM 

 

Current landslide detection systems rely primarily on remote sensing techniques, manual geological surveys, and 

geospatial analysis. While these methods have been widely used, they suffer from several limitations that reduce their 

effectiveness for real-time landslide monitoring and prediction. 

1. Remote Sensing and SAR-Based Detection 

Satellite-based remote sensing plays a crucial role in landslide monitoring. Optical satellites provide high-resolution 

images, while Synthetic Aperture Radar (SAR) enables terrain monitoring even in cloudy conditions. However, SAR-

based detection techniques often suffer from environmental noise and false positives, making them less reliable in 

complex terrains. 

2. Geospatial Analysis and GIS-Based Mapping 

Geospatial Information Systems (GIS) have been extensively used to identify high-risk zones by analysing factors such 

as terrain elevation, slope stability, drainage networks, and soil composition. However, GIS-based models rely on 

historical data and thematic mapping, making them unsuitable for real-time landslide prediction. 

3. Manual Geological Surveys 

Field-based geological surveys remain one of the most accurate but time-consuming methods for landslide detection. 

These surveys involve physical inspections, soil testing, and slope stability analysis. However, they are expensive, labor-

intensive, and impractical for large-scale monitoring. 

Limitations of the Existing System 

1. Lack of Real-Time Monitoring: Most existing methods rely on post-event analysis, making them ineffective 

for early warning systems. 

2. Environmental Noise in Satellite Data: SAR-based techniques are affected by weather conditions, vegetation 

cover, and terrain variations, leading to misclassification errors. 

3. Limited Automation: Traditional landslide detection methods require manual feature extraction, making them 

slow and inefficient for large datasets. 
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4. Scalability Issues: GIS-based models and geological surveys are difficult to scale for continuous monitoring 

across vast geographic regions. 

Due to these limitations, there is a growing need for AI-driven landslide detection models that can provide automated, 

real-time monitoring with higher accuracy and reliability. 

 

IV. PROPOSED SYSTEM 

 

The proposed AI-based landslide detection system integrates deep learning, remote sensing, and environmental data 

analysis to enhance prediction accuracy and automate landslide classification. Unlike traditional models, this system 

leverages advanced CNN architectures, particularly ResNet101, along with attention mechanisms to improve feature 

extraction and classification. 

Key Features of the Proposed System: 

1. ResNet101 Deep Learning Model: 

o Utilizes deep feature extraction techniques to identify landslide-prone areas with high precision. 

o Overcomes the limitations of manual feature selection by automatically learning hierarchical 

representations of terrain features. 

2. Integration of Multi-Spectral and SAR Data: 

o Combines optical satellite images with radar-based terrain data to improve classification robustness. 

o Reduces misclassification errors caused by environmental noise. 

3. Attention-Based Mechanisms for Improved Accuracy: 

o Enhances feature selection by focusing on relevant terrain patterns while ignoring irrelevant 

background noise. 

o Reduces false positives and improves the model's ability to distinguish landslide vs. non-landslide 

regions. 

4. Real-Time Monitoring and Risk Assessment: 

o Provides continuous updates on terrain stability, enabling early warning alerts for disaster management 

authorities. 

o Utilizes geospatial data and meteorological parameters to refine predictions. 

5. Automated Feature Extraction and Classification: 

o Eliminates the need for manual intervention, making the system scalable and efficient for large datasets. 

o Supports global deployment for landslide monitoring in diverse geographic regions. 

 

SYSTEM ARCHITECTURE  

 

 
 

Fig.No. 1 System Architecture For Landslide Detection 

 

The system architecture consists of four primary modules, each playing a crucial role in landslide detection and 

classification. 

5. Data Preprocessing Module 

• Enhances image clarity using Contrast Limited Adaptive Histogram Equalization (CLAHE). 

• Removes environmental noise and optimizes spatial resolution. 
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2. Feature Extraction Module 

• Uses ResNet101’s deep convolutional layers to extract hierarchical terrain features. 

• Applies attention mechanisms to focus on landslide-prone areas while ignoring irrelevant features. 

6. Classification Module 

• Implements SoftMax layers to categorize regions as landslide or non-landslide. 

• Uses training data from diverse geographic locations to improve model generalization. 

7. Visualization and Decision Support Module 

• Provides real-time geospatial mapping of landslide-prone areas. 

• Integrates with disaster management systems for early warning alerts. 

 

V. RESULT AND DISCUSSION 

 

 
 

Fig.No.2 Output Result accuracy of Landslide Detection 

 

 
 

Fig.No.3 Experimental results of ResNet101 

 

 
Fig.No.4 Performance of proposed model 
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Fig.No.5 Examples of landslide instances from Bijie dataset. 

 

The proposed AI-based landslide detection model was tested on the Bijie Landslide Dataset, containing 770 landslide 

images and 2000 non-landslide images. The dataset was split into training (70%) and testing (30%) sets for evaluation. 

The model achieved high performance with the following results: 

 

Metric Score (%) 

Accuracy 96.88% 

Precision 96.4% 

Recall 95.7% 

F1-Score 96.2% 

 

The ResNet101-based model outperformed traditional machine learning techniques, demonstrating improved 

classification accuracy and reduced false positives. The integration of attention mechanisms enhanced feature selection, 

making the model more reliable for landslide detection. 

 

A comparative analysis with existing methods such as SVM, Random Forest, and basic CNN architectures confirmed 

that the proposed model offers superior performance and generalization across different terrain types. The study also 

highlights challenges such as real-time implementation, computational efficiency, and dataset expansion, which can be 

addressed in future research. 

 

VI. FINDINGS 

 

Enhanced Prediction Accuracy 

The proposed AI-based landslide detection system demonstrates a significant improvement in prediction accuracy 

compared to conventional methods. By integrating deep learning models, data preprocessing techniques, and geospatial 

analysis, the system achieves high reliability in detecting landslide-prone areas. The use of ResNet101 with attention 

mechanisms enhances the model’s ability to extract critical features, reducing false positives and misclassifications. 

Real-Time Monitoring and Prediction 

The system is designed to provide real-time landslide risk assessments, which is a major advancement over traditional 

historical data-dependent approaches. By leveraging satellite imagery and multi-source data integration, the model 

enables early detection of potential landslides, allowing authorities to take preventive measures before disasters occur. 
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Integration of Multi-Source Data 

The study highlights the importance of integrating multiple data sources such as satellite imagery, SAR data, rainfall 

intensity, soil moisture levels, and seismic activity. This fusion of information enhances the accuracy and contextual 

understanding of landslide-prone areas, making the system more robust and adaptable to various environmental 

conditions. 

Impact Assessment and Risk Evaluation 

The system facilitates detailed impact assessment by analyzing terrain stability, vegetation loss, and landcover changes 

in landslide-prone zones. This information helps in identifying vulnerable areas, assessing infrastructure risks, and 

estimating potential environmental damage, aiding policymakers in formulating efficient disaster mitigation strategies. 

Decision Support for Disaster Management 

The system’s predictive capabilities are integrated with decision support tools to assist government agencies, 

environmental researchers, and urban planners in landslide-prone regions. By providing timely alerts and risk assessments, 

the system contributes to efficient disaster preparedness, resource allocation, and emergency response planning. 

Scalability and Adaptability 

The model is designed to be scalable across different geographic regions and adaptable to various environmental 

conditions. Its ability to process large-scale satellite data efficiently ensures that it can be deployed in diverse terrains, 

from mountainous regions to urban development zones. The system also supports future integration with additional 

datasets and real-time IoT sensor networks. 

Validation and Performance Comparison 

The findings include a comparative analysis of the proposed model against existing approaches, such as traditional 

machine learning methods and basic CNN architectures. The ResNet101-based deep learning model consistently 

outperforms other techniques, demonstrating higher precision, recall, and overall accuracy in landslide classification. The 

study also highlights areas where further improvements can enhance the model's robustness and real-time deployment 

efficiency. 

 

VII. CONCLUSION 

 

This study presents a deep learning-based landslide detection system that leverages satellite imagery, geospatial data, and 

AI-driven classification techniques. The integration of ResNet101 with attention mechanisms enhances the model’s 

ability to accurately identify and classify landslides, offering a significant improvement over traditional detection method. 

The research underscores the importance of multi-source data fusion, combining remote sensing, meteorological data, 

and machine learning techniques to improve prediction reliability. The system provides real-time risk assessments, 

allowing authorities to implement proactive disaster management strategies and minimize the environmental and 

socioeconomic impact of landslides. 

 

Furthermore, the study highlights the scalability and adaptability of the proposed model, making it suitable for various 

geographic locations. The results confirm that AI-based landslide detection is a valuable tool for disaster prevention, 

infrastructure planning, and environmental monitoring. Future research will focus on enhancing real-time capabilities, 

dataset expansion, and integration with IoT-based monitoring systems to further improve prediction accuracy. 
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