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Abstract: Landslides are one of the most destructive natural
hazards, posing significant threats to infrastructure, human life,
and economic activities, particularly in mountainous regions.
This study focuses on assessing landslide susceptibility in
Azarshahr County, East Azerbaijan Province, Iran, using a
combination of Support Vector Machine (SVM) and Logistic
Regression (LR) techniques integrated with Geographic
Information Systems (GIS). A total of 12 factors influencing
landslide occurrence, including slope aspect, distance to the
cities, elevation, drainage density, faults’ unsafe radius, rainfall,
distance to the river, distance to roads, slope angle, temperature,
and weathering, were analyzed. The study employed advanced
GIS-based spatial analysis and machine learning methodologies
to classify landslide-prone areas into distinct susceptibility zones
ranging from very low to very high risk. Results demonstrated
the superior predictive capability of the SVM model for handling
nonlinear relationships, while LR provided insights into the
relative contributions of each factor. The susceptibility map
revealed that significant portions of Azarshahr County are
categorized as moderate to high-risk zones, particularly in areas
with steep slopes and high rainfall. The outcomes offer valuable
insights for land-use planning, disaster mitigation strategies, and
community safety initiatives. This study highlights the
effectiveness of integrating machine learning techniques with
GIS for natural hazard assessment, providing a replicable

framework for landslide susceptibility mapping in other
vulnerable regions.
Keywords: Landslide susceptibility, Geohazards, Logistic

regression, Machine learning, Azershahr.

I. INTRODUCTION

Landslides are among the most devastating natural disasters,
causing significant destruction to infrastructure, agriculture,
and human settlements worldwide. They occur as a result of the
gravitational movement of rock, soil, or debris down a slope,
often triggered by natural factors such as heavy rainfall,

earthquakes, or volcanic activity. Human-induced activities like
deforestation, mining, and construction also play a significant
role in exacerbating landslide risks (Marjanovi¢ et al., 2011).
Understanding landslide susceptibility is critical not only for
minimizing the loss of life and property but also for ensuring
sustainable development in vulnerable regions (Nikoobakht et
al., 2022).

Generally, landslide susceptibility refers to the likelihood of
landslide occurrence in a specific area based on inherent and
external conditions (Huang & Zhao, 2018). It is a crucial
component of disaster risk reduction strategies, particularly in
regions with high population densities or valuable infrastructure
(Ermini et al., 2005). As landslides can occur without warning,
susceptibility studies provide a proactive approach by identifying
potential high-risk areas and allowing for preemptive measures.
Such studies are integral for policymakers, urban planners, and
environmental managers aiming to safeguard communities and
optimize land use (Zézere, 2002).

In recent decades, Geographic Information Systems (GIS)
and remote sensing technologies have emerged as indispensable
tools in landslide susceptibility mapping. These technologies
allow for the collection, integration, and analysis of diverse
spatial data, enabling researchers to explore the complex
interactions between environmental, geological, and climatic
factors (Stizen & Doyuran, 2004). With GIS, vast datasets can be
visualized and processed efficiently, while remote sensing
provides high-resolution imagery to capture topographical and
land-use changes. Together, these tools enable a systematic
approach to identifying landslide-prone  zones  with
unprecedented accuracy (Azarafza et al., 2018). As known,
landslide occurrences are influenced by a multitude of factors
that vary depending on the geographic and climatic context.
Common contributing factors include slope gradient, soil type,
rock structure, land cover, precipitation levels, and seismic
activity (Erener & Diizgiin, 2012). For instance, steep slopes and
weak soil cohesion significantly increase the likelihood of
landslides during intense rainfall. Additionally, human activities
such as deforestation and improper land-use practices further
exacerbate the risk by altering natural drainage patterns and
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destabilizing slopes. The interplay of these factors is critical for
understanding and predicting landslide events (Reichenbach et
al., 2018). Traditional statistical methods have long been used for
landslide susceptibility mapping; however, their limitations in
capturing complex relationships between variables have paved
the way for machine learning techniques. Machine learning
algorithms, such as Support Vector Machines (SVM) and
Logistic Regression (LR), have proven effective in analyzing
nonlinear and multidimensional data (Huang & Zhao, 2018).
SVM, in particular, excels in classifying landslide-prone areas by
identifying subtle patterns in the data. LR, on the other hand,
offers a simpler and more interpretable approach, making it
suitable for binary classifications like determining landslide
presence or absence (Pourghasemi et al., 2018).

The use of SVM and LR in landslide studies offers
complementary strengths. SVM is adept at handling large and
complex datasets with nonlinear relationships, making it highly
effective for regions with diverse geological and climatic
conditions. LR, while simpler, provides clear insights into the
relative importance of various contributing factors. By
combining these methods, researchers can achieve both high
accuracy and a deeper understanding of the factors influencing
landslide susceptibility. This hybrid approach also allows for the
validation and comparison of results, ensuring robustness in the
findings (Kalantar et al., 2018). Despite advancements in
technology, landslide susceptibility mapping is not without
challenges. Data availability and quality often pose significant
barriers, particularly in remote or underdeveloped regions. The
heterogeneity of geological formations and climatic conditions
also complicates the modeling process, requiring careful
calibration and validation (Pourghasemi et al, 2018).
Furthermore, the dynamic nature of landslides, influenced by
changing environmental and anthropogenic factors, necessitates
continuous monitoring and updating of susceptibility maps to
remain relevant (Siizen & Doyuran, 2004).

This study focuses on assessing landslide susceptibility in
Azarshahr County by integrating SVM and Logistic Regression
models within a GIS framework. Azarshahr County, situated in
the East Azerbaijan Province of Iran, provides an ideal case
study for landslide susceptibility analysis due to its diverse
topography and climatic conditions (see Figure 1). The region is
characterized by steep slopes, loose soil formations, and periodic
heavy rainfall, all of which contribute to a high incidence of
landslides. Additionally, the area's expanding agricultural and
urban activities further increase vulnerability by disrupting
natural stability. Understanding the susceptibility patterns in
Azarshahr is crucial for the safety and development of local
communities. The research aims to identify the most influential
factors contributing to landslide occurrence and map high-risk
zones with precision. By utilizing GIS for spatial analysis and
remote sensing for data acquisition, the study ensures a
comprehensive and systematic approach. Validation of the results
will be conducted through field surveys and statistical evaluation,
ensuring reliability and accuracy in the findings. The outcomes
of this research have significant implications not only for
Azarshahr County but also for similar regions worldwide. The
integration of advanced modeling techniques with GIS provides a
replicable framework for landslide susceptibility studies in other
vulnerable areas. Additionally, the findings can guide local

authorities in implementing targeted mitigation measures, such as
slope stabilization, reforestation, and land-use planning.
Ultimately, this study contributes to the broader goals of disaster
risk reduction and sustainable development in landslide-prone
regions.

II. MATERIALS AND METHOD

Support Vector Machines (SVM) and Logistic Regression
(LR) are widely used in landslide susceptibility assessments due
to their ability to handle complex data patterns and provide
interpretable results (Siizen & Doyuran, 2004). SVM works by
finding the optimal hyperplane that separates landslide-prone and
non-prone areas based on input factors such as slope angle,
lithology, and rainfall (Pourghasemi et al., 2018). It uses key data
points, called support vectors, to define this boundary, ensuring
robustness and precision. For non-linear relationships often
observed in landslide data, SVM employs kernel functions to
project data into higher dimensions, enabling the identification of
intricate patterns. This makes SVM highly effective for mapping
susceptibility in diverse terrains, where geological and
environmental factors interact in complex ways (Huang & Zhao,
2018). LR complements landslide studies by estimating the
probability of landslide occurrence based on linear relationships
between predictors and outcomes. It uses a logistic function to
map input variables like soil type, land use, and drainage density;
to a probability scale, offering a straightforward classification
into landslide-prone or safe zones. Logistic Regression’s
simplicity and interpretability make it a reliable choice for
preliminary assessments or as a benchmark for comparing
advanced models.
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The study focuses on Azarshahr, a region with diverse
geological and environmental conditions, making it prone to
landslides. The first step involves collecting spatial and
environmental datasets critical for assessing landslide
susceptibility. A total of 12 factors influencing landslide
occurrence, including slope aspect, distance to the cities,
elevation, drainage density, faults’ unsafe radius, rainfall,
distance to the river, distance to roads, slope angle, temperature,
and weathering (Figure 2). Data is obtained from remote sensing,
geological maps, and field surveys. A landslide inventory is
compiled from historical records and on-site investigations,
which is crucial for model training and validation. The inventory
is divided into two sets: 70% for training the models and 30% for
testing. Before modeling, the collected data undergoes
preprocessing, such as normalization to ensure consistency in
scale and statistical checks like variance inflation factor (VIF)
analysis to address multicollinearity among factors. Table 1 is
provided the triggering factors impact and inflation factor
assigned for each of the factors accordingly (Figure 3).

The SVM model is designed to classify areas as landslide-
prone or non-prone based on conditioning factors. Given the
complex and non-linear nature of landslide-triggering processes,
an RBF (radial basis function) kernel is chosen. Parameters such
as the penalty term (C) and kernel coefficient (y) are optimized
through grid search and cross-validation to ensure the model's
accuracy. The training phase involves the algorithm identifying a
hyperplane that best separates the two classes while maximizing
the margin. Once trained, the SVM model is applied to the entire
study area to predict landslide susceptibility. The results are
integrated with GIS to produce a susceptibility map, highlighting
high, moderate, and low-risk zones across Azarshahr. LR is
implemented as a complementary method to SVM, providing a
probabilistic approach to landslide prediction. The model
establishes a logit relationship between landslide occurrence and
conditioning factors, estimating the probability of landslide
events.
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Table 1 The effective triggering factors with impact on susceptibility analysis

Class Triggering factors Resolution Data source VIF index
Morphologic Slope aspect +30m DEM 1.39
Elevation +30m DEM 1.17
Slope angle +30m DEM 0.92
Curvature +30m DEM 0.85
Geologic Drainage density +30m Geological data 1.35
Faults’ unsafe radius +30m Landsat TM, IWRM* 1.12
Distance to the river +30m Landsat TM, IWRM* 1.44
Weathering +30m Geological data 1.52
Climatologic Rainfall +30m Landsat TM, IMO+ 1.63
Temperature +30m Landsat TM, IMO+ 1.09
Human-activity Distance to roads +30m DEM, Google Map 1.85
Distance to the cities +30m DEM, Google Map 2.00

Note: *Iran Water Resources Management Company (IWRM); fIran Meteorological Organization (IMO)
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Fig. 3 The process flowchart for the studied methodology

The regression coefficients for each variable are determined
using maximum likelihood estimation (MLE), ensuring a
statistically robust model. The probabilities calculated for each
spatial unit are classified into susceptibility classes based on pre-
defined thresholds (Pourghasemi et al., 2018). The susceptibility
map generated using LR provides a straightforward and
interpretable overview of landslide risks, serving as a benchmark
for model comparisons and practical applications. The
effectiveness of both SVM and LR models is evaluated using
accuracy metrics, including the Receiver Operating
Characteristic (ROC) curve and the Area Under the Curve
(AUC). These metrics indicate the models’ ability to distinguish
between landslide-prone and non-prone areas. Validation against
the test dataset and field observations ensures the reliability of
the predictions.

The ROC curve is a powerful tool for evaluating the
performance of predictive models in landslide susceptibility
analysis (Frattini et al., 2010). It visually represents the trade-off
between a model's true positive rate (sensitivity) and false
positive rate (l-specificity) across different classification
thresholds. By plotting these rates, the ROC curve helps assess
how well a model distinguishes between landslide-prone and
non-prone areas. A model that performs perfectly will have a
curve that closely hugs the top-left corner of the plot, indicating
high sensitivity with minimal false positives. In landslide
susceptibility studies, the AUC derived from the ROC curve is a
key metric for quantifying model accuracy (Cantarino et al.,
2019). AUC values range from 0 to 1, with higher values
indicating better discrimination. For example, an AUC of 0.85
means the model has an 85% chance of correctly distinguishing
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between landslide-prone and non-prone areas (Cantarino et al.,
2019). This makes the ROC-AUC particularly useful for
comparing different models, such as SVM and LR, in terms of
their predictive performance (Das et al., 2010). In practice, the
ROC curve helps researchers and planners identify the most
reliable model for creating accurate susceptibility maps, ensuring
effective risk assessment and mitigation strategies.

The comparative analysis helps identify the strengths of each
model. For instance, SVM may excel in handling non-linear
relationships, while LR provides simplicity and transparency,
aiding decision-makers in understanding the factors contributing
to landslide susceptibility. The susceptibility maps derived from
SVM and LR models are essential tools for disaster risk
management and urban planning in Azarshahr. High-risk zones
identified by the models can guide the prioritization of mitigation
strategies, such as slope stabilization, improved drainage
systems, and reforestation efforts. Urban planners can use these
maps to avoid high-risk areas during infrastructure development
and allocate resources effectively. The integration of advanced
machine learning models like SVM with traditional approaches
such as LR ensures a comprehensive understanding of landslide
risks, promoting sustainable land-use planning and reducing
potential damages in the region.

SVM and LR are highly effective tools for landslide
susceptibility analysis in Azarshahr due to their ability to handle
diverse datasets and deliver reliable predictions. Azarshahr’s
landslide-prone terrain involves complex interactions between
various factors such as slope, lithology, rainfall, and proximity to
faults and rivers. SVM excels in capturing non-linear
relationships  within these datasets by employing kernel
functions, allowing it to model the intricate patterns associated
with landslide triggers. Its capacity to maximize the margin
between landslide-prone and non-prone areas ensures precise
classification, making it ideal for the region’s diverse geological
and environmental conditions. LR, on the other hand, offers a
probabilistic approach that is straightforward and interpretable,
making it particularly valuable for understanding the contribution
of each factor to landslide occurrences. In Azarshahr, where
decision-makers need clear and actionable insights, LR’s ability
to quantify the influence of variables like slope angle, drainage
density, and rainfall on landslide probability is crucial. It
simplifies the decision-making process by providing a clear
threshold for susceptibility classification, enabling stakeholders
to prioritize mitigation strategies effectively. Combining SVM
and LR in landslide analysis for Azarshahr ensures a balanced
approach. While SVM provides high accuracy and handles
complex data structures, LR adds value through its simplicity and
transparency. Together, they create robust susceptibility maps
that not only highlight high-risk zones but also offer insights into
the underlying causes of landslides. This dual-method approach
enhances disaster preparedness and supports sustainable urban
planning, helping to mitigate landslide risks in the region
effectively.

III. RESULTS AND DISCUSSION

As previously mentioned, this study aimed to produce a
landslide susceptibility map for Azarshahr County, located in
East Azerbaijan Province in the northwest of Iran. The region is

characterized by complex geological formations, diverse
topography, and varying climatic conditions, making it prone to
landslides. By analyzing the interplay of environmental and
anthropogenic factors, this research seeks to identify high-risk
zones and provide critical insights for disaster mitigation and
land-use planning. Azarshahr County, located in East Azerbaijan
Province in northwest Iran, is a region highly susceptible to
landslides due to its unique geological, topographical, and
climatic characteristics. The county is situated in a mountainous
area with steep slopes, diverse lithological formations, and active
tectonic zones. These factors, combined with frequent rainfall
and temperature variations, create a favorable environment for
slope instability. Human activities, such as road construction,
deforestation, and improper land use, further exacerbate the risk
of landslides in this region. Historically, Azarshahr has
experienced at least 12 significant landslides, which have caused
considerable damage to infrastructure, agricultural land, and
local communities. These events highlight the region's
vulnerability and the need for effective landslide susceptibility
assessments. By understanding the factors that contributed to
these past incidents, researchers can better predict and mitigate
future landslides, ensuring the safety of residents and the
sustainability of the local environment.

Landslide susceptibility mapping is crucial for Azarshahr
County due to its high vulnerability to landslides, which pose
significant threats to infrastructure, agriculture, and human
safety. The region’s steep terrain, active fault lines, and variable
climatic conditions make it essential to identify high-risk zones
for effective disaster risk management and sustainable land use
planning. To achieve this, we employed SVM and LR, two
powerful predictive modeling techniques, to analyze the
relationships between environmental and anthropogenic factors
and landslide occurrences. These models allowed us to create
accurate susceptibility maps, providing vital insights for local
authorities and planners to prioritize mitigation strategies and
minimize potential damages. The methodology of model
implementation has been discussed previously and process
flowchart has been provided in Figure 3.

Figure 4 presents the landslide susceptibility maps for the
studied region, developed using SVM and LR. These maps
highlight the spatial distribution of landslide risks across
Azarshahr County, providing a clear visual representation of high
and low-risk zones. The maps are instrumental in understanding
the county's varying susceptibility levels, offering -critical
insights for disaster management and urban planning. The
eastern part of Azarshahr County is classified as having high to
very high landslide susceptibility. This area aligns with locations
where 12 historical landslides have occurred, emphasizing its
vulnerability. The combination of steep slopes, proximity to
active fault lines, and high rainfall in this region makes it prone
to landslides. The overlap between high-risk zones and past
events also validates the accuracy of the models used,
showcasing their effectiveness in predicting landslide-prone
areas.

In contrast, the western part of the county, located within the
Urmia Lake plain, is classified as having low to very low
landslide susceptibility. This classification is attributed to the
relatively flat terrain, stable geological formations, and lower
influence of landslide-triggering factors in this area.
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Fig. 4 Landslide susceptibility maps for the study area were developed
using two models: (a) SVM, (b) LR

The minimal risk in this region underscores the importance of
terrain and environmental stability in reducing landslide
likelihood. The differentiation between high-risk zones in the
east and low-risk areas in the west demonstrates the models'
ability to capture the spatial variability of landslide susceptibility.
These maps not only highlight regions requiring urgent
mitigation measures but also provide a foundation for sustainable
land use planning. By focusing on high-risk zones and
minimizing development in these areas, local authorities can
reduce the impact of future landslides and enhance the region's
overall resilience.

IV. CONCLUSION

This study successfully developed landslide susceptibility
maps for Azarshahr County using Support Vector Machine
(SVM) and Logistic Regression (LR), providing valuable
insights into the spatial distribution of landslide risks in the
region. The results highlight the importance of predictive
modeling in identifying areas at high risk of landslides and the
need for effective mitigation measures. These maps serve as

essential tools for disaster risk reduction and informed decision-
making in land-use planning and urban development. The eastern
part of Azarshahr County was identified as having high to very
high landslide susceptibility, corroborated by the occurrence of
12 historical landslides in the region. This area’s vulnerability is
influenced by its steep slopes, active fault lines, and higher
precipitation levels, which act as primary triggering factors for
landslides. The models' accurate prediction of these zones
demonstrates their reliability and potential for application in
similar high-risk areas worldwide. In contrast, the western
region, located in the flat Urmia Lake plain, exhibited low to
very low susceptibility to landslides. The geological stability and
minimal slope angles in this area significantly reduce the
likelihood of landslide events. This contrast between the east and
west highlights the influence of topography, geology, and
hydrology on landslide susceptibility, underscoring the
importance of considering these factors in regional risk
assessments. Overall, the combination of SVM and LR provided
a comprehensive approach to landslide susceptibility mapping,
balancing  advanced  computational  techniques  with
interpretability. The findings underscore the need for targeted
mitigation strategies in high-risk zones while supporting
sustainable development in safer areas. By implementing the
insights gained from this study, local authorities can minimize
future landslide risks, safeguard communities, and promote long-
term resilience in Azarshahr County.
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