2025 International Conference on Computing and Communication Technologies (ICCCT) | 979-8-3315-3757-9/25/$31.00 ©2025 IEEE | DOI: 10.1109/ICCCT63501.2025.11020333

2025 International Conference on Computing and Communication Technologies (ICCCT)

LANDSLIDE DETECTION SYSTEM USING REMOTE SENSED IMAGE
CLASSIFICATION

Hirendirran P
Dept of IT

Neela.K
Assistant Professor,IT
Sri Sairam Engineering College

Chennai, India Chennai, India

Sri Sairam Engineering College

secl22it04(@sairamtap.edu.in

Mahendran G

Dept of IT

Sri Sairam Engineering College
Chennai, India

sec21it073 @sairamtap.edu.in

neela.it@sairam.edu.in

Abstract---In this work, a novel technique for identifying and

predicting landslide wusing remote sensing and image
classification. Landslide pose a serious threat to
communities and infrastructure and require careful

monitoring. Our system uses machine learning techniques
and high-resolution satellite photos to identify key features in
the terrain that indicate landslide-prone areas. We classify
earthquakes-prone areas using convolutional neural networks
(CNN) and spectral analysis. The effectiveness of the system
is demonstrated through extensive use of historical
landslide data, demonstrating its potential as an early
warning system for landslide mitigation and resource
allocation.

Keywords— Big learning and multilayer neural networks are
similar., performance comparisons, fine-tuning, classification
of remote-sensed images, and transfer learning.

I INTRODUCTION

Landslides are one of the biggest threats and seriously
threaten human life, infrastructure and the
environment. Solving these problems requires an
evaluation process that can detect and predict in a
timely manner. The combination of remote sensing
technology and advanced image classification
techniques provides a great way to create optimal
ground performance. presents that apply the capabilities of
remote sensing images and machine learning techniques to
solve terrain detection problems. Integration of satellite
and aerial imagery along with powerful classification
techniques helps identify and define earthquake-prone
areas. This project's inspiration comes from the need to
provide effective protection to reduce impact from the
ground. Comprehensive  coverage and immediate
response are not available in most cultures; This
underlines the urgent need for new solutions that can
provide early warning and prevention assistance. Our
planning process aims to clearly identify and predict
earthquake-prone areas using high-resolution remote
sensing images and cutting-edge image categorisation
algorithms. spectral information and spatial features
obtained from these images, the system tries to identify
the main features that indicate the possibility of an
earthquake.

II. LITERATUREREVIEW

Quality Assessments of Deep Learning Models for Remote
Perceptual (2022). There is that much Part Evaluation and
comparison of frameworks for deep learning Convolutional
CNN-FE, or the Neural Network Feature Separator Chapter
View photos. Use CNN-FE, or Neural Network Feature
Separator and deep fine-tuning In this article, study samples
are used as a comparison sample. Deep Learning Algorithm
for Analysis of Location Images category. We analyzed
study samples of the UCM dataset and Chapter measurement
accuracy, precision, recall, fl score, Detailed study is given
in Section algorithm The CNN-FE is a neural network
feature extractor. control detection images as well as
distribution performance has been improved. Because It's
time to use paper to show the model PartProves that deep
learning standards are met There arebest results in the UCM
dataset.

Using Deep Reinforcement Learning to Identify Anomalies
(2022): For many years, The usage of finding anomalies has
been utilised to find and identify anomalies in facts.
Numerous methods have been created to identify
irregularities. But that simplest is the application of machine
learning, which although efficient, continues to be limited to
large anonymous data. Deep reinforcement learning (RL)-
based techniques outperform existing supervised or
unsupervised and other unsupervised detection methods. A
systematic literature review (SR) is presented in this work.
examining the DRL model to analysis vulnerabilities in
applications. This SLR aims to analyze the DR framework
for non-objective applications, introduce DRL techniques in
addition to compare Their work. with other values. Deep
Learning for Malaria Parasite Detection and Enumeration at
the Point of Care: Malaria in rural and remote areas of
tropical countries remains a public health problem. Early
diagnosis, timely treatment and effective treatment are the
basis for controlling malaria and reducing the number of
malaria cases and deaths worldwide, and are also the key to
eliminating malaria. Rapid diagnostic tests (RDTs) remain
the main method of malaria diagnosis.
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Real- Time Tiny Part Defect Detection System in
Manufacturing. Instant small defect detection system
in production. It proposes a small-scale
vulnerability check based on short-term screen
testing (SSD) and deep Ilearning. Finally, we
combine real-time product search with mean
difference-based mechanical object detection
algorithm to solve the invisible problem. We use a
0.8cm darning needle as the test item. When the
conveyor belt speed reaches a certain speed, system
fault detection is at its highest level. 7.67 m/min.5.
Implementation of a modified search dehumidification
algorithm for integrated, quasi-simultaneous radiometer and
radar observations. Estimated soil moisture compared to
field measurements probes are considered as ground truth.
Error statistics and time series results for the reference area
are presented here along with the results obtained from
them. Returns the total RMSE and unbiased RMSE of the
algorithm covering all reference pixels included in the run.
In the simplicity of Section the following The radar part of
the algorithm does not need a parameter/curve fit or forward
model, and the hybrid radar radiation calculation method
does not need a data recommendation letter. .

III. HARDWARE TOOLS

A. Satellite or UAV Imaging Systems: Using satellites or
Higher-resolution cameras on unmanned aerial vehicles
(UAV) or indicators to capture remote sensing images of the
target. Examples include satellites such as Landsat, the
Sentinel series, or drones with multi-spectral or
hyperspectral sensors

B.Communication Equipment.Slope inclinometer, also
known as slope indicator, is used to determine the
amplitude, speed, direction, depth and type of soil-rock flow
movement. This information is often necessary to
understand the causes, behavior and treatment of mudslides.

C. C. Module for the Global System for Mobile
Communication (GSM):This module is utilised. to send
messages also present position to a mobile phone
acts using Google Maps in emergency situations.
The Internet of Things applications, the module can
be linked to the internet. worldwide system for
mobile communications 8500/9800/100/190MHz SM
module combined with Satellite navigation using GPS
technology. Baud rate can be adjusted between 1200-
115200. This model is used to send messages And then
present position to a mobile phone number in emergency
situations. The module can connect for the of Things on the
internet. Key features include frequency bands, GPS
integration, configurable baud rate, and IoT connectivity.
These applications include emergency alerts, location
tracking, and IoT devices.

D. The module for the Global Positioning System
(GPS): This module contains USART manner of
communication 15, which communicates together using
serial communication with the processor. Ground, R, T, and
Ve are its four pins. The GPS module (EO-MV2) is utilised
for navigation.. This model prints out the product by
simply checking its position in the world. This sensor
provides the best performance even in the harshest
environments.

E. Raindrop sensor: The purpose of this sensor module to
measure this amount of rainfall. It operates on the
resistance concept. It gauges humidity. Where the sensor for
rain detects dampness or water falling The Arduino receives
a signal from the sensor. The servo motor is activated via
Arduino. starting The wipers' motion. The sensor is usable to
measure rainfall in farming and for automatic windscreen
wiper control while driving.

IV.PROPOSEDWORK

An earthquake is a destructive event that can cause serious
material damage, loss of life and financial loss. Effective and
timely detection of earthquakes is important to reduce these
effects. This study was designed to develop a landslide
detection system that uses remote sensing images to
accurately identify and monitor earthquake-prone areas.
Data collection methods: Satellite images: High resolution
satellite images will be obtained from a variety of sources
including Sentinel-2, Landsat 8 and commercial providers.
Pre-Processing: To improve image quality and consistency,
the image will go through preliminary steps such as radio
processing, geometric correction, and cloud removal. Feature
extraction: Spectral features: Extract the Normalised
Difference Vegetation Index (NVI), spectral bands, and
indices and other spectral features to describe vegetation and
soil features. Terrain Characterization: Integrating a extract
slope, aspect, and elevation data is crucial to understanding
the impacts of land on the landscape. Image weight vector
machines are used for categori sation. and other way to
analysis the slow to phone the all the richest way (RF), as
well as with convolutional structure (CNN) to accumulate
images as terrestrial and non-terrestrial. Training and
implementation: Develop a robust training curriculum that
includes field and non-field field recordings. Authentication
will be done using cross-verification methods and ground
truth data to ensure authenticity. Integration and Analysis:
GIS Integration: Integrate classified images with geographic
information systems (GIS) to analyze spatial patterns and
correlations with environmental factors. Risk Mapping:
Using modern technology, it should raise the precision and
time at land surveying, Finally, contributing when the safer
land survey. , a stronger community. This is a step forward in
hazard management
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v. METHODOLOGY AND TECHNIQUESUSED
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Figure: Architecture Diagram

1. Data Acquisition and Preprocessing:

Satellite Images: Get the best satellite images covering the
target area and capturing various spectral bands (visible
light, near infrared, etc.).

Geospatial Data: Collection of extended data such as
elevation models, land cover maps, and historical waste data
for training and validation purposes.Feature

2. Extraction and Selection:

Spectral Analysis: Analyzing image features in images to
identify specific features associated with earthquake-prone
areas.

Texture Analysis: Search for texture patterns to identify
terrain features associated with land degradation.

Terrain Parameters: Provides terrain features such as slope,
aspect, curvature and elevation to define unstable terrain.

3. Image Classification Techniques:

Machine Learning Algorithms: Employ algorithms for
supervised learning. (like strange forest models and support
vector machines, convolutional network) to classify image
pixels into groups representing earthquake-prone areas and
stable zones.

Object-Based Image Analysis (OBIA): Leverage OBIA
technology to classify image objects based on shape,
content, and spectral information for more accurate land
cover classification.

4. Model Training and Validation:

Data peparation:Use log data from historical waste data and
ground truth data to train classification models.

Validation and evaluation: validate the model's performance
applying different metrics (F1 score, recall, accuracy, and
precision) on an independent validation dataset to evaluate
its performance in landslide assessment.

6. Monitoring and Updating: Regular monitoring:
Using a continuous process to upload new images and
update the land protection map.

7.Research and Publication:

Survey Research: Conduct field surveys to identify and
remediate earthquake-prone areas based on ground truth
surveys.

Reporting and Implementation: Using established processes
to ensure stakeholders receive timely and reliable sludge risk
information for disposal project management.

VI. EXPERIMENTALRESULTS

The result of the landslide detection on the whole The
shown of the together gathered vector machine, spectrum
valid way divert, and adjacent segment match are
94.36%, 84.50%, and 86.44%, calculated, whereas the
image produced by the best way technique can reach
97.91%.

10g

talcii %)

Proc

Methods
Proposed Linear Spectral Spectral
form SVM info Angle
divergence match

Figure : Landslide Detection Precision Comparison

VII. KEY FINDINGS

The proposed method shows high accuracy in determining
earthquake-prone areas based on spectral, textural and
topographic attributes obtained from remote sensing images.
The fact that the system not only gives good results in the
field of study, but also is widely seen in different regions or
regions shows that it can be used in many areas.

VIII PRATICAL IMPLICATION

The system allows early detection and mapping of landslide-
prone areas, allowing authorities to take preventive
measures, including land wuse planning, infrastructure
development and evacuation planning in high-risk areas. By
providing timely information about mudslide areas,
emergency responders and local authorities can better
prepare for major disasters, allocate resources effectively,
and develop response plans to minimize injury and damage.
Understanding the process can help urban planners,
engineers and policymakers make decisions about
infrastructure. It ensures the safety and durability of roads,
buildings and other infrastructure by helping prevent
construction when there is a substantial threat. The system
contributes protection of environment by identifying areas
at risk of earthquakes, helping to develop sustainable land
management  strategies, protecting ecosystems and
preventing soil erosion.
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IX. CONCLUSION

In summary, the creation and application of field surveys
through the main of all the testing distributed photo display
at an important priority in disaster management and risk
reduction strategies. This research shows the potential of
integrating cutting-edge machine learning and image
processing techniques with remote sensing to accurately
identify and predict landslide-prone areas. The creation and
application of demonstrate this system in identifying areas at
risk of mudslides using spectral, textural and terrain features
obtained from high- resolution satellite images. The
performance demonstrated in different fields demonstrates
the applicability of the system beyond the specific study area
and represents a significant advance in soil research.

X. FUTURE WORKS

Integrating multiple data sources, such as multi-temporal
satellite imagery, lidar data, and high-resolution drone
imagery, slows down and refines results to increase power
and accuracy in detecting subtle changes. Investigate
integrated systems that combine and leverage various
classification algorithms or models, thus potentially
increasing the overall performance and reliability pressure
on soil surveys. This makes it time to update the soil
conservation map. Using techniques to quantify uncertainty
in forecast models and assess the level of risk associated
with landslide-prone areas, providing more data and
information for decision-making processes
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