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Abstract: Landslides are one of the most significant
natural hazards that cause extensive damage to life,
property, and infrastructure worldwide [3]. Advances
in geospatial technologies, remote sensing, machine
learning (ML), and deep learning (DL) have been found
to be effective for landslide detection, susceptibility
mapping, and risk prediction. This review consolidates
the insights from multiple studies into traditional and
modern techniques used for landslide monitoring while
throwing light on future research directions [1]. It
focuses on integrating ML and DL approaches with
remote sensing to upgrade early warning systems and
strategies of risk mitigation.

I INTRODUCTION

Landslides are one of the most destructive types of
natural hazards, with extensive damage to lives and
infrastructure and also with potential environmental
impacts[1]. Monitoring and assessment of risks are
strong means of minimizing such impacts.
Conventional approaches like manual surveys and
aerial image interpretation have limitations in terms
of scaling, accuracy, and efficiency when dealing
with large or remote areas[5]. In this regard, machine
learning has emerged as a transformative tool that
gives innovative solutions to addressing problems
associated with landslide detection, susceptibility
mapping, and risk prediction. Machine learning skills
are excellent in analyzing complex datasets derived
from various sources of data, including satellite
imagery, LIiDAR data, and digital elevation
models[9]. Using Support Vector Machines, Random
Forests, and ensemble algorithms, ML algorithms
identify the complex patterns and associations
between environmental and geological variables [4].
Detection of landslide-susceptible areas is performed
automatically, meaning that it drastically reduces
human participation while improving precision. As
such, ML models would be able to process high-
dimensionality input data to foresee susceptibility
based on historical events and environmental
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conditions thus supporting proactive risk-mitigation
policies[1].

The integration of feature selection dimensionality
reduction technique together with ensemble learning
further enhances the robustness of ML models'
efficiency. Methodologies allow extraction of the
most critical variables for the landslide prediction
along with maintaining computation efficiency[3].
Moreover, hybrid approaches, which integrate
multiple ML algorithms, have shown improved
predictive accuracy in susceptibility mapping.
Although ML has tremendous potential, challenges
remain: the requirement of good quality training
datasets and generalizability —across various
geographic and climatic regions[7]. The overcoming
of these barriers is a prerequisite for unlocking the
full capabilities of ML in landslide studies[4].

11 OBJECTIVE

The primary objective of this review paper is to
provide a comprehensive analysis of the
advancements in remote sensing and machine
learning (ML) methods for landslide detection,
susceptibility mapping, and risk assessment. It aims
to bridge the gap between traditional
geomorphological ~ techniques and  modern
computational approaches by evaluating the
strengths and limitations of both. This evaluation
highlights how ML methods have revolutionized
landslide studies by enabling scalable, accurate, and
automated solutions to address the challenges posed
by traditional methods. A key focus of the paper is to
explore the application of ML techniques in landslide
analysis. This includes examining how algorithms
like Support Vector Machines, Random Forests, and
ensemble methods have contributed to automating
data analysis, identifying landslide-prone areas, and
enhancing predictive accuracy. By delving into these
methodologies, the paper aims to provide insights
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into how ML models can process complex datasets,
extract relevant features, and predict susceptibility
effectively. The review also seeks to identify and
address the challenges that hinder the widespread
application of ML methods in landslide studies.
These  challenges include data  scarcity,
computational  constraints, and the limited
generalizability of models across diverse geographic
and climatic regions. At the same time, the paper
emphasizes opportunities to overcome these barriers,
such as leveraging data augmentation techniques,
hybrid frameworks, and advanced feature selection
methods.

Ultimately, the paper aims to synthesize findings
from the reviewed studies to propose a holistic
framework for integrating remote sensing and ML
techniques into landslide risk management. This
framework serves as a guide for future research,
focusing on developing scalable, accurate, and
efficient solutions tailored to diverse terrains and
socioeconomic contexts. By addressing these
objectives, the review contributes to advancing the
field of landslide risk management, inspiring
innovative research, and improving disaster
preparedness and response strategies.

111 TOOLS AND TECHNIQUES USED

Remote Sensing Tools

Remote sensing technologies play a vital role in
landslide detection and monitoring[5]. The satellite-
based systems include Landsat, Sentinel, GeoEye,
IKONOS, and World View, providing high-
resolution optical imagery required for the detection
of topography and vegetation changes. Radar
systems, such as Synthetic Aperture Radar (SAR)
and Differential SAR (DInSAR), allow the detection
of surface deformation, thus providing crucial data
for the understanding of landslide dynamics. Aerial
platforms, such as High-Resolution Digital Elevation
Models (HR-DEM) derived from LIDAR and UAVSs,
provide unprecedented detail in the mapping of
terrains, especially in areas with dense vegetation.
Ground-based systems, including Terrestrial Laser
Scanning (TLS) and radar, provide localized, high-
precision data crucial for detailed analysis of
landslide events. These tools collectively enable a
multi-scale approach to studying landslides, allowing
researchers to integrate global observations with site-
specific details.

Machine Learning Techniques

ML is the foundation for most of the modern
technological innovations that are offering solutions
to problems of different natures in different fields[7].
In landslide detection, monitoring, and prediction,
ML has become a transformative approach for the
analysis of vast datasets, the extraction of meaningful
patterns, and automation of decision-making
processes. Landslides, being threats to life,
infrastructure, and the environment, demand timely
and precise interventions. Traditional methods,
relying on manual surveys and field inspections, are
usually time-consuming and resource-intensive. ML
has overcome these problems by providing scalable,
accurate, and efficient solutions.

Machine learning is based on algorithms that learn
from data to improve predictions or classifications
over time[9]. In landslide detection, supervised
learning methods, particularly Convolutional Neural
Networks (CNNs), are commonly used. CNNs are
also very efficient in processing high-resolution
satellite imagery to identify landslide-prone areas by
analyzing patterns in terrain features, vegetation
changes, and geological structures. Advanced
techniques, such as attention-boosted CNNs, enhance
the model's ability to focus on critical areas,
improving accuracy and robustness. For example,
spatial-channel attention mechanisms in CNN
architectures have been shown to be effective in
distinguishing  landslides  from  surrounding
environments, with impressive detection rates.

Beyond detection, ML plays a vital role in monitoring
landslides by integrating data from loT-based sensor
networks. Sensors measuring soil moisture, seismic
activity, tilt angles, and rainfall provide real-time
data, which ML algorithms analyze to classify
regions into safety zones. Models like Support Vector
Machines (SVMs) and Random Forests (RFs)
interpret these parameters to identify early warning
signs of landslide activity[8]. ML combination with
sensor data increases responsiveness and reliability
of the monitoring system in terms of time so that it
could warn the authorities of issues, in due course of
which measures may be taken as precautionary
methods.

Another area for ML usage is the application to
landslide management where it may use analysis on
weather and geological characteristics with human
influences through history in landslide possibility.
Time-series analysis and regression techniques
combine with RNNSs to model prolonged instances of
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rain events or earthquakes which are likely
precursors. Prediction accuracy may even be
supplemented from remote sensing inputs, mainly
data from multispectral and radar imagers of sub-
surface motions and gradual shifts over time.

There are several advantages of ML in landslide
studies[9]. First, it automates labor-intensive
processes, minimizes human error, and has the ability
to scale for large applications. Furthermore, ML is a
good method to combine multimodal data sources
such as satellite imagery, ground-based sensors, and
environmental records for more comprehensive and
robust analyses. Despite this, challenges include
scarcity of high-quality labeled datasets, variability in
geological and environmental conditions, and high
computational requirements in processing large
datasets.

The future trends of ML for landslide management
would include the use of big data analytics, edge
computing, and real-time monitoring technologies.
Integration of ML with innovations like drones,
advanced sensor networks, and cloud-based
platforms will increase its efficiency and
accessibility. Therefore, machine learning provides a
strong and versatile framework to address the
challenges of landslide detection, monitoring, and
prediction, making it an indispensable tool in disaster
risk reduction and management.

Deep Learning Models

Deep learning models, especially CNNs, have made
landslide detection and monitoring highly advanced,
thus being a highly effective solution to an old
environmental challenge. Landslides pose a great
threat to life, infrastructure, and ecosystems;
therefore, there is a great need for landslide
identification in real time for the proper management
of disasters. The traditional methods involving
manual surveys and field inspections are often labor-
intensive, costly, and time-consuming. Deep
learning, able to process vast datasets and extract
meaningful patterns, has really changed the game in
this area.

CNNs, in particular, as known for their ability to
analyze spatial and visual data, form the main body
of such deep

learning models. They really start to shine when
processing high-resolution satellite imagery and
Digital Elevation Model (DEM) data at identifying

the kinds of features that are common with landslides,
such as altered terrain patterns and vegetation
changes and geological structures. The architecture
of such models consists of several layers of
convolutions, pooling, and fully connected neurons,
allowing for the extraction of hierarchical spatial
features. This layered approach helps the model learn
low-level details like edges and textures, as well as
high-level patterns that indicate landslides.

Advanced mechanisms, such as attention modules,
are added to the CNN architecture to improve the
performance of these models. Attention-Boosted
CNNs further refine the process of feature extraction
by focusing on the most important spatial and
channel features, improving the model's ability to
distinguish between landslides and complex, varied
backgrounds like forests, urban areas, and barren
landscapes. These attention mechanisms mimic the
human visual system by emphasizing relevant parts
of the input data while suppressing less important
details. Spatial-channel attention modules are
integrated to make the models more precise in
identifying landslide-prone regions.

These models are trained on labeled datasets
consisting of images of landslide and non-landslide
regions. Usually, the dataset is split into training and
testing subsets to test the model's accuracy. Data
augmentation techniques like rotation, flipping,
scaling, and cropping are applied to artificially
expand the dataset to enhance the generalizability of
the model. This way, the model is made to work well
in a wide range of geographical and environmental
conditions.

One remarkable outcome of these advancements is
the performance of the models in real-world
applications. For instance, in a study using Attention-
Boosted CNNSs, the model achieved an impressive
Fl-score of 96.62%. This metric highlights the
model’s robustness and reliability in accurately
detecting landslide-prone areas. Such high precision
is critical for practical deployment, where timely and
accurate detection can save lives and prevent
infrastructure damage.

Deep learning in landslide detection provides far
higher scalability, automation, and efficiency
compared with traditional approaches. However,
challenges are still to be overcome, such as in the
availability of high-quality labeled datasets and
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computational resources for large datasets. However,
the potential of applying deep learning in landslide
monitoring and management will increase with
discoveries and breakthroughs in attention
mechanisms, big data analytics, and real-time sensor
integration. Deep learning models,when these
technologies become more evolved, will form
essential tools for the reduction of landslide risk
worldwide and provide very timely and accurate,
actionable insights on such regions.

Support Vector Machine

Support Vector Machines is a supervised algorithm
in machine learning that can very well classify any
landslide and find its detection power widely used.
Due to the robustness in performing classification as
well as regression task, Support Vector Machines can
help classify areas based on several factors of the
environment, geology, and climatic changes involved
in landslides.

SVM performs its work to identify the appropriate
hyperplane by maximizing the space between data
points belonging to other classes. Inputs could
include slope angle, soil type, vegetation cover,
rainfall intensity, and closeness to faults or rivers as
the input feature in landslide detection. These inputs
are mapped onto some higher-dimensional space,
where the SVM finds the best decision boundary.

One of the key advantages is that SVM can be used
for non-linear relationships by kernel functions,
including the RBF or polynomial kernel. In landslide
predicting, landslide factors, which are many times
related in complex, nonlinear ways.

SVM is particularly good for small to medium-sized
datasets, which are common in landslide studies due
to the lack of historical data. It is also less prone to
overfitting than other algorithms, especially when
regularization techniques are applied.

SVM has been applied in landslide detection to
generate  susceptibility maps through area
classification according to the probability of
landslide occurrence. Such maps are useful for risk
assessment and disaster management as they indicate
the high-risk zones.

SVM has its own strengths, but it is very sensitive to
the choice of parameters and computational
resources, especially for large datasets. However, it

is still a useful tool in geospatial and environmental
analysis for landslide detection

IV. METHOLOGIES

Landslide Detection

Landslide detection is a crucial process that aims to
identify the areas affected by slope failures, including
source and deposition zones. Traditionally, landslide
detection was carried out through manual field
surveys and aerial photograph analysis, which,
although reliable, were time-consuming and
expensive. The integration of remote sensing
technologies with machine learning (ML) and deep
learning (DL) methods has revolutionized landslide
detection by enhancing accuracy and efficiency.

Machine learning algorithms especially those using a
convolutional neural network have become key tools
in detecting landslides. These methods learn complex
representations of data hence are able to distinguish
landslide-related features such as scarp or run-out
track from the rest. For instance, CNN-based
methodologies can be adopted to process large
satellite images containing high resolutions using
other inputs besides DEMs hence enhancing the
detection ability of subtle changes in topographies
that are more indicative of the landslide. The human
visual system-inspired attention mechanisms help
these models to pay more attention to distinctive
landslide features in the presence of complex
backgrounds.

Landslide detection techniques today rely on the
backbone of remote sensing data. Diverse datasets
include optical satellite imagery, multispectral
sensors, LIDAR, and synthetic aperture radar (SAR)
data, which are important for landslide inventories
and their monitoring process. These multispectral
sensors are able to detect changes in vegetation and
soil properties, whereas LIDAR and SAR are very
efficient in the detection of terrain deformation even
at thick cloud cover or night time. The combination
of these data sources increases the resolution in both
space and time to detect a wide area and track
landslides in near real-time .

Broadly, landslide detection techniques fall under
two categories: pixel-based and object-based
methods. Pixel-based approaches classify individual
pixels in imagery as landslide or non-landslide, while
object-based methods group neighboring pixels into
segments for classification based on spatial
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relationships. Both techniques rely on supervised
learning, in which labeled datasets train algorithms to
improve the detection accuracy. Although less
common, unsupervised methods cluster data into
categories based on similarities without any
predefined labels.

This has, therefore led to significant advancement in
landslide risk management with the integration of
ML and remote sensing. For example, through the
application of attention-boosted CNNs, detection
accuracy can reach as high as 96% as highlighted in
various  research  works. These advances
notwithstanding, several challenges are yet to be
overcome. They include large-scale computational
resources to enable such analysis, availability of huge
labeled datasets, and addressing bias in the training
data. Future work includes generalizing models,
automating data labeling, and integrating various
remote sensing technologies to develop all-inclusive
early warning systems.

Mapping and Monitoring

Landslide mapping and monitoring are very essential
to understand their dynamics and to mitigate
associated risks. Mapping involves identification of
source and deposition zones in the affected areas,
hence providing inventories required for hazard
assessment. Traditional methods used in landslide
mapping included field surveys and aerial
photograph analysis, but this has changed greatly
with the advancement of remote sensing
technologies[6]. The detailed datasets available in
high-resolution satellite imagery, multispectral
sensors, LIiDAR, and synthetic aperture radar help in
the identification of landslides. Machine learning
(ML) and deep learning (DL) methods include
convolutional neural networks (CNNSs), improving
the accuracy in mapping by discovering landslide
features through DEMs and imagery. In contrast,
monitoring is concerned with tracking landslides
over time to predict landslide movements and
monitor risks. With the help of remote sensing tools
such as SAR and multispectral satellites, continuous
observation of terrain changes is possible. Ground-
based techniques, including interferometric radar and
GNSS, provide real-time data for localized
monitoring. All these methods combined with ML
algorithms improve the prediction and early warning
systems and thus make landslide risk management
more effective and efficient..

Prediction and Susceptibility Evaluation

Prediction and susceptibility evaluation are integral
parts of landslide risk management, which is the
process of predicting potential occurrences and
identifying areas prone to slope failures. These
processes help prioritize interventions, enhance early
warning systems, and minimize loss of life and
property. Advances in remote sensing, machine
learning (ML), and geospatial analysis have
significantly improved the precision and efficiency of
these tasks.

Landslide forecasting involves predicting when and
where a landslide might occur, using real-time
monitoring and analysis of the contributing factors.
Contributing factors include rainfall, seismic activity,
and human-influenced changes in which the triggers
observed lead to patterns and thresholds prior to
landslides[4]. The remote sensing techniques
deployed include, mainly: satellite-based synthetic
aperture radar (SAR) and multispectral imagery for
the detailed data of ground movement, vegetation
changes, and soil moisture. This information is
supplemented by ground-based systems, such as
interferometric radar and piezometers, which provide
localized, high-resolution measurements. Machine
learning models, including support vector machines,
random forests, and neural networks, process these
datasets to predict potential landslide events with
increasing accuracy. Temporal modeling, using
rainfall thresholds or deformation rates, further
enhances predictive capabilities, enabling early
warnings and evacuation planning[7].

Susceptibility evaluation, on the other hand, involves
detecting potential vulnerability points through
intrinsic and extrinsic causes. Such intrinsic causes
comprise geology, steepness of slope, soil type and
hydrology, while extrinsic causes comprise rainfall
intensity, land-use, and seismic activity. GIS
platforms have widely been employed in
amalgamation of all these factors into susceptibility
maps.  Statistical models, including logistic
regression and weights-of-evidence, were mainly
applied before. However, machine learning
approaches have proven more effective in recent
years. Models like decision trees and convolutional
neural networks (CNNs) excel in identifying
complex, non-linear relationships among variables,
yielding highly accurate susceptibility maps[6].

An important benefit of ML-based methods is the
handling of large data sets that originate from a wide
range of sources, including DEMs, remote sensing
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imagery, and historical landslide inventories. Such
models categorize terrain into risk zones; authorities
can, therefore, utilize the available resources. For
instance, regions labeled as having high risks are
allocated funds for mitigation work, such as
stabilization of slopes, afforestation, or drainage.

It is critical to integrate prediction and susceptibility
evaluation to ensure that there is proper risk
management[3]. By integrating real-time monitoring
with pre-identified risk zones, authorities can
enhance early warning systems and respond
effectively to potential hazards. Despite all the
advancements, there are challenges, such as data
quality, computational demands, and model
generalization across regions. Improving data
collection  methods, leveraging  cloud-based
processing for large-scale analyses, and developing
region-specific models would help to overcome these
challenges.

In summary, landslide prediction and susceptibility
evaluation are indispensable tools for proactive
disaster management. The integration of remote
sensing, geospatial analysis, and machine learning
has transformed these processes, making them more
precise and scalable. As technology and data
availability improve, these methodologies will
continue to play a pivotal role in safeguarding
communities and infrastructure from landslide risks.

V. CONCLUSION

Conclusion and Insights on Landslide Detection,
Mapping, Monitoring, Prediction, and Susceptibility
Evaluation Landslides are one of the most significant
threats to human lives, infrastructure, and
ecosystems, and thus require advanced methods for
their detection, mapping, monitoring, prediction, and
susceptibility evaluation. The integration of remote
sensing, machine learning (ML), and geospatial
analysis has revolutionized these processes, making
them more precise, efficient, and scalable. The
following key conclusions and insights summarize
the advancements and challenges in this domain.
Detection and mapping have greatly been enhanced
by remote sensing technologies, such as high-
resolution satellite imagery, LIiDAR, and synthetic
aperture radar (SAR). These tools enable the
identification of landslide-affected areas over vast
regions with unprecedented detail. Machine learning
algorithms, such as convolutional neural networks
(CNNs), have further enhanced mapping by

automating feature extraction and classification,
thereby reducing the time and resources needed.
These methods are particularly effective in
generating landslide inventories and understanding
the spatial distribution of hazards. Monitoring has
evolved with real-time observation tools such as
ground-based radar, GNSS, and remote sensing
satellites. These technologies allow for continuous
tracking of ground displacement, deformation
patterns, and triggering factors such as rainfall and
seismic activity. The integration of monitoring data
with ML models has improved the accuracy of early
warning systems, providing timely alerts to prevent
disasters. However, monitoring remains challenging
in remote and inaccessible areas, highlighting the
need for cost-effective, automated systems. In
particular, risk proactivity management has crucial
reliance on prediction and susceptibility evaluation.
These analyses reveal landslide triggering processes
from a more nuanced understanding of interacting
geologic factors with rainfall as well as gradient and
topographic slopes. Susceptibility models, therefore,
identify hot spots on a basis that relates past
conditions with contemporary environment factors
while landslide prediction models based on actual
real-time information allow estimation of probability.

Despite these advancements, challenges still lurk.
Data quality and availability are still among the most
significant barriers, especially in developing regions
where access to modern technologies remains
limited. Further, ML models have very high
computing intensity and require a large amount of
extensive training data that makes mass deployment
further difficult. Additionally, generalizing models
across diverse geographic and climatic conditions
requires more research and must eventually produce
results with accuracy and reliability. The future is
bright, and emerging technologies are going to
integrate well in order to solve the challenges that
exist. Cloud computing and big data analytics can
help process large datasets, while sensors and
unmanned aerial vehicles (UAVS) can enhance data
collection in inaccessible regions. The use of open-
source platforms for data sharing and collaboration
can enhance global efforts to tackle landslide risks.

In conclusion, this integration of remote sensing, ML,
and geospatial analysis has revolutionized landslide
risk management. These technological advancements
enhance the detection, monitoring, prediction, and
susceptibility evaluation, thus helping to save lives,
protect infrastructure, and bring resilience to
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threatened communities. However, there remains a
need for scientists, policymakers, and practitioners to
continue innovating and collaborating as they work
toward addressing the still-existing challenges while
unlocking the complete potential of the technologies.
As global climate change increases the incidence and
intensity of landslides, adaptive, scalable, and
inclusive solutions for safeguarding the future will
prove to be all-important.
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