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Abstract—Landslides in hilly areas can occur due to
natural factors like heavy rainfall, earthquakes, and soil
moisture, or man-made causes such as unplanned
construction. These events can cause significant damage
to property and loss of life. Machine learning (ML)
algorithms are increasingly being used for automatic
landslide prediction and detection, especially using
satellite images. Despite progress, challenges remain in
achieving fully automatic detection with high accuracy
due to the difficulty in obtaining appropriate training
datasets. This study reviews fifty papers on ML and deep
learning techniques for landslide classification, aiming to
identify gaps in research. A comparison of various
methods is presented, highlighting their accuracy. Based
on these findings, a novel approach using a modified
version of the deep learning model ResNetl01 is
proposed, achieving a 96.88% accuracy when tested on
an augmented Beijing dataset of 770 satellite images. The
article provides a comprehensive overview of the current
state of landslide detection using ML and deep learning,
and suggests potential areas for further research.
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II. OBJECTIVE

This research seeks to create an automated system for
detecting and classifying landslides through satellite
imagery and machine learning techniques. Landslides
can be extremely hazardous, threatening both lives and
structures, particularly in vulnerable regions like the
Himalayas and the Western Ghats. Traditional
methods for landslide detection often fall short due to
their reliance on limited data sets, which can hinder
accurate forecasting. This study reviews 50 analyses
relating to machine learning and deep learning to
pinpoint the weaknesses in existing techniques. As a
result, it proposes enhancements to a model called
ResNet101 to develop a more effective classification
approach. The wupgraded model achieved an
impressive accuracy rate of 96.88% by leveraging a
comprehensive dataset from Beijing. The goal is to
bolster risk assessment by integrating cutting-edge
classification methods with real-time landslide
monitoring. Improved prediction capabilities will aid
disaster response teams in minimizing infrastructure
damage and safeguarding lives. Ultimately, the
findings aim to enhance landslide risk management
and foster international collaboration in disaster
prevention efforts.

III. LANDSLIDE DATASET

Landslide datasets are crucial for predicting and
assessing landslide-related risks. The **NASA Global
Landslide Catalog (GLC)** provides comprehensive
reports on landslides worldwide, while the **USGS
Landslide Inventory** offers valuable spatial data and
hazard maps. In addition, the **Copernicus
Emergency Management Service (EMS)** supplies
satellite imagery of affected regions. For those
involved in remote sensing analysis, the **Google
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Earth Engine** has datasets from Sentinel-1, Sentinel-
2, and Landsat available. You can also explore labeled
landslide datasets for machine learning on
**Kaggle®*. Furthermore, **NRSC/ISRO**
produces hazard zonation maps specifically for Indian
regions. These resources empower researchers to
develop Al-based models for detecting landslides,
enhancing early warning systems and improving
disaster management efforts worldwide.

IV. LANDSLIDE IMAGES

Images of landslides play a crucial role in detecting,

classifying, and establishing early warning systems.
High-resolution satellite imagery from platforms like
NASA Earth data, Google Earth Engine, and
Copernicus EMS offers clear before-and-after
snapshots of regions susceptible to landslides. These
visuals help monitor changes and pinpoint affected
areas over time. Moreover, sites like Kaggle offer
labeled datasets of landslide images, which are
extremely valuable for training machine learning and
deep learning models. In India, the NRSC Bhuvan
platform provides satellite imagery of landslide-
affected regions, supporting hazard mapping
initiatives. By analyzing these images, researchers can
create accurate models to predict landslides and
develop effective disaster management and risk
reduction strategies.

V. CONVOLUTIONAL NEURAL NETWORKS

Convolutional Neural Networks (CNNs) have become
a go-to option for detecting and classifying landslides
in satellite images due to their ability to automatically
recognize critical spatial features. By examining high-
resolution images, CNNs can identify patterns,
textures, and shifts in the landscape that signal the
occurrence of landslides. Recent research has
spotlighted models like ResNet101, which can achieve
remarkable accuracy rates of up to 96.88% in
pinpointing areas affected by landslides. By training
with datasets from resources such as NASA, Google
Earth Engine, and Kaggle, CNNs can make highly
accurate predictions. Their deep learning architecture
enables them to learn features across multiple layers,
making them especially effective at navigating the
complexities of satellite imagery. This capability is
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invaluable for creating automated landslide
monitoring systems and early warning tools.

VI. FEATURE MAPS

Feature maps play a vital role in Convolutional Neural
Networks (CNNss) as they bring out the spatial details
in satellite images. When it comes to recognizing
landslides, these feature maps reveal critical patterns,
including changes in vegetation, variations in slope
textures, shifts in the soil, and distinctive terrain
features. As an image moves through the different
convolutional layers, the CNN generates several
feature maps that focus on various parts of the image,
each with different levels of detail. This enables the
model to distinguish between areas affected by
landslides and those that are not. Utilizing high-
resolution satellite data significantly enhances the
feature extraction process, which boosts the accuracy
of the classification. In short, feature maps are
essential for the effective and automated detection of
landslides.

VII. LANDSLIDE METADATA

Landslides, which are often caused by factors like
heavy rain, earthquakes, and saturated soil, can
significantly impact people's lives and the structures
around them. This problem is particularly severe in
India, where about 12.6% of the land faces risk from
such events. Areas like the Himalayas and the Western
Ghats are especially at risk, particularly in high-risk
seismic zones IV and V. To improve the accuracy of
landslide predictions, researchers are now applying
machine learning and deep learning techniques to
analyze key factors like slope and rainfall data. A
refined ResNetl101 deep learning model, tested on an
enhanced dataset, has reached an impressive accuracy
rate of 96.88% in identifying landslides from satellite
images. This highlights its potential for improving risk
management and disaster response efforts.

VIII. PRINCIPAL COMPONENT ANALYSIS

Principal Component Analysis, helps us understand
complex data. It picks out important details and
removes unnecessary information. When studying
landslides, PCA looks at key factors like slope angle,
rainfall, and soil type. These factors are broken down
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into main components, revealing essential insights.
This process improves machine learning by
identifying the true causes of landslides. By cutting out
irrelevant data, PCA provides a clearer picture of
patterns and connections, helping us see where
landslides might occur. This clarity is crucial for
making accurate predictions and effectively managing
risks. PCA is particularly useful for working with large
data sets, such as satellite images.

IX. OUTPUT FEATURES

To detect landslides, we need to evaluate several
important factors, including the steepness of the
slopes, rainfall intensity, soil moisture, recent seismic
activity, and the land's topography. Satellite imagery
provides additional insights, such as land elevation,
types of vegetation, and current land usage. This
information assists machine learning models in
recognizing risk patterns and assessing the probability
of landslides. Sophisticated models, such as a
modified ResNet101, leverage this data to effectively
identify and predict landslide events. Techniques like
Principal Component Analysis help eliminate
irrelevant information, allowing for a sharper focus on
the most critical elements. This approach enhances
strategies for managing disaster risks and aims to
mitigate the impact of landslides.

X. LANDSLIDE CLASSIFICATION

The landslide classification system operates through a
network of interconnected layers within machine
learning models, including an output layer. These
layers consider various factors like slope, rainfall, and
seismic activity, all derived from satellite imagery. By
leveraging these complex layers, the model can
analyze detailed data and recognize patterns that
distinguish areas prone to landslides from those that
are safe. The output layer organizes the input data
according to what the model has learned during
training. This method has led to the development of a
refined ResNet101 model, which boasts an impressive
accuracy of 96.88%, effectively identifying regions
that are highly vulnerable to landslides versus those
that are considered secure. This framework is essential
in Al-driven prediction systems, greatly enhancing the
efficiency of disaster risk assessment and
management.
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XI. CONCLUSION

This project demonstrates the potential of artificial
intelligence in transforming disaster management and
risk assessment for landslides. By leveraging satellite
imagery and advanced machine learning techniques,
we can create a scalable, real-time, and highly accurate
prediction system. The integration of deep learning
models enables the analysis of complex and multi-
dimensional data, overcoming many of the limitations
of traditional methods. The Al-based landslide
prediction system can be a game-changer for
governments, disaster management agencies, and
researchers, providing them with the tools needed to
anticipate and mitigate the impact of landslides
effectively. Future work will focus on enhancing the
model’s performance by incorporating additional data
sources, such as seismic activity and underground
water levels, and exploring the use of generative
models for more detailed risk mapping. This project
paves the way for a data-driven approach to disaster
prevention, protecting lives and property worldwide.
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