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Abstract— Landslides pose significant threats to life, 

infrastructure, and the environment in hilly and 

mountainous terrains. These disasters are often triggered 

by both natural causes such as intense rainfall or seismic 

activity and human interventions like unregulated 

development. In recent years, artificial intelligence (AI) 

methods have been increasingly applied to the task of 

landslide detection and prediction using satellite imagery. 

While various semi-automated approaches have shown 

promise, fully automated systems with high accuracy 

remain limited. This research investigates and compares 

numerous AI-driven classification methods from existing 

literature and identifies prevailing gaps in current 

methodologies. A novel solution is introduced using a 

modified ResNet101 deep learning model trained on an 

augmented dataset comprising 770 high-resolution 

satellite images of landslide-prone areas. The proposed 

model achieves an accuracy of 96.88%, outperforming 

many prior techniques. The study serves as a foundation 

for further innovation in disaster prediction systems by 

providing insights into both current challenges and 

promising AI-based solution.  
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I. INTRODUCTION 

  The  Landslides represent one of the most frequent and 

destructive types of natural disasters, particularly in 

topographically complex regions such as mountainous and 

hilly terrains. These mass movements of rock, earth, or debris 

down slopes are capable of causing significant damage to 

critical infrastructure, displacing populations, disrupting 

transportation networks, and leading to severe economic and 

environmental consequences. The increasing incidence of 

landslides in recent years is attributed to both natural and 

anthropogenic triggers. These include prolonged or intense 

 
 

rainfall events, seismic activities, geological and 

geomorphological instability, unregulated construction, 

deforestation, and land-use changes. Additionally, the effects 

of climate change—such as more erratic precipitation 

patterns and increased soil saturation—have further 

aggravated slope instability in vulnerable regions, leading to 

more frequent and severe slope failures. Conventional 

methods of landslide detection and hazard mapping typically 

involve field surveys, geological inspections, and manual 

interpretation of aerial or satellite images. 

 

 

II. LITERATURE SURVEY 

Social and Environmental Impacts of Landslides. 

This paper presents a comprehensive overview of the 

social and environmental consequences triggered by 

landslides in mountainous and urbanizing regions. Turner 

delves into the multifaceted impacts landslides exert, 

including loss of human life, displacement of communities, 

economic disruption, and irreversible environmental 

degradation. The study emphasizes the influence of both 

natural triggers—such as rainfall and seismic events—and 

anthropogenic activities like unregulated construction and 

deforestation. It also addresses the delayed and cascading 

effects that landslides may have on infrastructure and 

livelihoods. Highlighting case studies across different 

geographical locations, the author emphasizes the need for 

integrating environmental risk assessments into planning and 

development strategies. The paper concludes by advocating 

for interdisciplinary approaches combining geotechnical 

analysis, urban planning, and socio-economic evaluations to 

mitigate landslide vulnerability. This article serves as a 

critical reference for disaster management policy-makers and 

geoscientists aiming to address the broader implications of 

landslide hazards. 
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ShuklaThis study investigates the causes and evolution of 

landslide reactivation at Kotrupi in Mandi district, Himachal 

Pradesh, using temporal satellite datasets. The authors 

analyze multi-temporal imagery and Digital Elevation 

Models (DEMs) to assess terrain instability and 

morphological changes over time. The methodology 

combines remote sensing techniques with GIS-based tools to 

track deformation patterns and vegetation loss, which are 

crucial indicators of reactivation. Key insights are drawn on 

slope steepness, hydrological influence, and anthropogenic 

stress factors contributing to the instability. The research 

highlights the utility of open-source satellite data (e.g., 

Landsat, Sentinel) for early warning and post-disaster 

assessment in remote Himalayan terrain..[2] 

III. Existing System 

 The Over the past two decades, numerous machine 

learning and remote sensing techniques have been employed 

to detect and classify landslide-prone areas using satellite 

imagery. Traditional systems largely depend on classical 

machine learning approaches such as Support Vector 

Machines (SVM), Decision Trees (DT), Random Forests 

(RF), and K-Nearest Neighbors (KNN), often coupled with 

handcrafted feature extraction methods. One of the widely 

used techniques is the Extended Local Binary Pattern (ELBP) 

for capturing texture information in satellite images, 

followed by classification using SVM. Although such models 

have demonstrated moderate success in specific case studies, 

their application is constrained by region-specific tuning and 

sensitivity to image noise. 

 

In another example, the Seeded Region Growing (SRG) 

algorithm has been used for segmenting multispectral 

images, which are later fed into classification model. 

IV. PROPOSED SYSTEM 

 

The To address the limitations of existing systems, the 

proposed model introduces a fully automated, deep 

learning-based framework that employs a modified version 

of the ResNet101 architecture. Unlike conventional models, 

this framework utilizes a deep residual network capable of 

learning complex spatial features and terrain patterns directly 

from raw satellite imagery, eliminating the need for manual 

feature engineering.The system architecture is divided into 

three primary phases: data acquisition, preprocessing, and 

classification. Initially, satellite imagery is collected from 

reliable sources, such as publicly available datasets and 

regional remote sensing platforms. The data includes images 

of both landslide-affected and unaffected regions across 

various geographical settings to ensure diversity and 

generalizability. 

 

In the preprocessing phase, advanced image enhancement 

techniques are applied, including Gaussian noise removal, 

contrast adjustment, histogram equalization, and semantic 

segmentation. These processes help in highlighting regions 

of interest while suppressing irrelevant background noise. 

Augmentation techniques such as flipping, rotation, and 

scaling are also employed to increase dataset variability and 

improve the model’s robustness. 

 

 
 

Fig: Architecture Digram 

 

Advantages 

 

The proposed deep learning framework offers multiple 

advantages over existing systems. Firstly, it eliminates the 

need for manual feature extraction by learning directly from 

raw data, thereby reducing labor costs and processing time. 

Secondly, the model is capable of capturing intricate spatial 

relationships and terrain dynamics through its hierarchical 

architecture. This results in improved classification 

performance across diverse datasets.. 

I. IMPLEMENTATION 

 

The To gather reliable satellite imagery of 

landslide-affected and unaffected regions.Satellite images are 

collected from public datasets and government repositories 

focusing on high-risk zones. To clean and prepare raw 

satellite images for analysis. Includes noise removal, contrast 

enhancement, and image segmentation to isolate regions of 

interest. To identify critical visual patterns in satellite 

imagery. Deep convolutional layers in the modified 

ResNet101 extract hierarchical spatial features. To learn 

patterns associated with landslides from labelled data.The 

deep learning model is trained on augmented datasets using 

cross-validation to avoid overfitting. To categorize input 

images into landslide and non-landslide classes.ResNet101 

outputs classification results along with probability scores. 

 

II. RESULT 

   The  proposed deep learning-based system for landslide 

prediction was rigorously evaluated using an augmented 

satellite image dataset comprising 770 high-resolution 

images collected from the Beijing region, representing both 

landslide and non-landslide terrain. The preprocessing stage 

involved denoising, contrast normalization, and 

segmentation to enhance image clarity and focus on regions 

of interest. The modified ResNet101 model was then trained 

and validated using an 80:20 train-test split, ensuring 

sufficient data for robust learning and accurate performance 

evaluation. 

Upon training, the model achieved a classification accuracy 

of 96.88%, which reflects its strong ability to differentiate 

between landslide-prone areas and stable zones. In addition 

to accuracy, other important performance metrics were 

calculated to comprehensively assess model reliability. The 

precision of the model stood at 95.6%, indicating the model’s 

effectiveness in reducing false positives—an essential 

requirement for practical disaster alert systems where 

over-alerting can cause resource misallocation. The recall 

metric reached 96.2%, signifying the model's high capability 

to correctly identify actual landslide regions without missing 

critical instances. 
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Fig: Resultant graph 

 

III. CONCLUSION 

 

This research presents a novel and fully automated 

solution for landslide detection and classification using 

artificial intelligence techniques applied to satellite imagery. 

By employing a modified ResNet101 deep neural network, 

the system successfully eliminates the reliance on manual 

feature engineering and leverages the power of deep learning 

to learn complex spatial patterns directly from raw image 

data. The proposed approach streamlines the entire prediction 

pipeline—from data collection to preprocessing, feature 

extraction, classification, and output generation—providing 

an end-to-end landslide detection framework that is both 

accurate and scalable. 
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