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study’s main methodological contribution is integrating a bivariate model (Information
Value) with an expert-based approach (AHP) to account for the relative importance of
conditioning factors in landslide susceptibility mapping.

Material & Methods: First, a landslide distribution map was prepared. Eleven factors,
including lithology, slope angle, elevation, aspect, clay content, soil pH, distance to roads,
faults, rivers, land-use, and rainfall, were incorporated into the model. The relative
importance of these factors was determined using the AHP, and susceptibility maps were
prepared using IV and hybrid IV-AHP models. Accuracy was assessed using the ROC curve
and area under the curve.

Findings: The results identified distance to roads, slope angle, and lithology as the most
conditioning factors. The AUC was 0.770 for the IV model and 0.816 for the [V-AHP model.
The IV and IV-AHP models classified approximately 29% and 32% of the Firozkuh Watershed
as highly and very highly susceptible, respectively.

Conclusion: The results show that a considerable proportion of the watershed is classified
as highly susceptible to landslides. Both the IV and IV-AHP models demonstrated satisfactory
predictive performance, supporting their application for landslide susceptibility assessment
in the watershed. The main limitation of this study is the unavailability of several important
conditioning factors, and future research should evaluate additional statistical and machine
learning models.

Keywords: Firozkuh Watershed; Information Value; IV-AHP Model; ROC Curve; Susceptibility Mapping.
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Introduction

In mountainous regions, landslides are
among the most common and destructive
hazards, causing loss of life and economic
damage [!. Mass movements and landslides
are natural hazards; however, human
activities, including land-use change, urban
expansion,road constructioninmountainous
areas, and other anthropogenic
interventions, have increased landslide
occurrence in recent years. These events can
introduce substantial quantities of soil and
sediment into river systems, thereby
generating debris flows and altering
sediment transport regimes 2. Since the
beginning of the 21st century, landslide
magnitude and impacts have increased in
many regions Bl Human activities are
responsible for a substantial proportion of
fatal landslides, and the frequency of such
events has increased over time .
According to national reports, landslides
between 1982 and 2007 caused 187 fatalities
and widespread infrastructure damage,
including 6 km of railways, 252.67 km of
roads, 46 km of rural roads, and 3 km of
forest roads ©°l. The total economic loss from
mass movements, particularly landslides,
during this period is estimated at 126,893
billion Rials Pl Landslide susceptibility
mapping is a key component of landslide
risk managementand is widely implemented
using various modeling techniques. A
susceptibility map identifies areas likely to
experience future landslides [¢. Landslide
susceptibility mapping commonly classifies
terrain by its relative likelihood of landslide
occurrence, with zones categorized by their
degree of susceptibility ["l. Developing rapid,
accurate automated landslide assessment
methods is increasingly important for

effective hazard mitigation and risk

management, supporting stakeholders,
authorities, managers, and policymakers 8,
Landslide occurrence results from complex
interactions among tectonic, hydrological,
geomorphological, and climatic processes,
geological conditions, vegetation cover, and
erosion. Consequently, robust analytical
models are needed to assess slope instability
21 reliably.

Although various methods have been
developed for Ilandslide susceptibility
mapping, no single approach has yet been
recognized as universally applicable to all
study areas and environmental conditions
Bl Comparing multiple models within a
given study area is essential to determine
the most appropriate approach. Researchers
then identify the best-performing model
based on established performance metrics
and predictive accuracy .

Because landslide assessment is important,
researchers have used numerous models to
assess landslide susceptibility. These include
statistical approaches such as the Frequency
Ratio model %, the Index of Entropy !, and
the Weight of Evidence (WoE) model [1213],
Other widely used methods include fuzzy
logic approaches [%, logistic regression
models ), and machine learning algorithms
89,1516.17.18] Deep learning methods 1929,
Several studies have shown that bivariate
statistical models can achieve acceptable
predictive accuracy despite their
methodological simplicity [1*13]. Nevertheless,
a key limitation of bivariate approaches is
their inability to account for the relative
importance and interactions among landslide
conditioning factors, as each factor is
evaluated independently. Overlay analysis of
the landslide inventory map with the
conditioning factor maps, together with field
observations, revealed that some factors



exert a substantially greater influence on
landslide occurrence than others. Therefore,
to produce a more reliable landslide
susceptibility map, the relative importance of
the conditioning factors should be taken into
account. This limitation is not addressed by
conventional bivariate statistical models,
which assign weights to the classes of each
factor independently without considering the
relative importance of the factors themselves.
To address this limitation, a hybrid method
was used that combines the “Information
Value” with the "Analytic Hierarchy Process”.
In this hybrid method, class weights of each
factor are estimated using the IV model, while
the relative significance of the factors is
determined through AHP. The hybrid method
can generate a susceptibility map that
captures relationships between landslides
and their conditioning factors while
incorporating expert knowledge about their
importance. A Kkey consideration when
applying hybrid susceptibility models is that
their advantage becomes more evident where
certain conditioning factors influence
landslide occurrence far more than others.
Under such conditions, incorporating the
relative importance of the conditioning
factors can improve the model’s predictive
performance. Although previous studies have
integrated bivariate statistical methods with
expert-based  weighting,  this  study
contributes by applying and evaluating the
established IV-AHP framework in the
Firoozkuh Watershed, rather than proposing
anew methodology. The framework combines
class-specific weights derived from the
Information Value (IV) model with the relative
importance of landslide-conditioning factors
determined using the Analytic Hierarchy
Process (AHP), thereby integrating inventory-
based evidence with expert knowledge. The

resulting landslide susceptibility —map
provides a regional basis for identifying
landslide-prone areas and supporting land-
use planning.

Both the IV and AHP models have been
widely applied as standalone approaches in
susceptibility = assessment, and their
predictive capabilities have been confirmed
by numerous studies. For example, Alsabhan
et al. (3, Qazi et al. Y, Fagbohun et al. 2%,
and Wang et al. 2 have successfully applied
the IV model. In contrast, the AHP approach
has shown reliable performance in
investigations reported by Ali et al. [2%,
Asmare 1?1 and Vardhan et al. 2%, These
findings highlight the potential of both
methods and provide a strong basis for
integrating them into a hybrid modeling
framework.

In this study, the Firozkuh Watershed was
chosen as the study area. The northern part
of this watershed shows high landslide
susceptibility due to complex geology, high
rainfall, steep slopes, and land-use changes,
particularly from road construction.
Furthermore, one of Iran’s principal
transportation routes, connecting the capital
city to Mazandaran Province, passes through

the watershed, increasing its strategic
importance.

Materials & Methods

Study Area

TheFirozkuh Watershedislocatedineastern
Tehran Province. The Watershed covers
about 1,450 km? and extends between
35°40" and 35°57' N latitude and 52°19’
and 53°07' E longitude (Figure 1). This
watershed is characterized by mountainous
terrain, with elevation ranging from 1,712
to 3,941 m. The watershed includes the
cities of Firozkuh and Arjmand. The region



has a semi-arid climate and belongs to the
Turanian climatic zone '?’. The Firozkuh
Watershed comprises four major land-
use categories: rangeland, agriculture,
residential areas, and bare land, with
rangeland representing the dominant land-
use type. In this watershed, landslides are
a major contributor to soil erosion due to
climatic, hydrological, and topographic
conditions.
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Figure 1) Location of the Firozkuh Watershed in
Tehran and Iran.

Methodology

The methodology of this study consists
of four steps: (1) preparing a landslide
inventory map; (2) creating maps of
effective factors on landslide susceptibility
and determining their relative importance

using the AHP; (3) landslide susceptibility
mapping using IV and IV-AHP approaches;
and (4) assessing the accuracy of the models
to identify the most appropriate model in
the Firozkuh Watershed. Figure 2 presents
the research methodology flowchart.
Data Preparation

Landslide Inventory Mapping

The Tehran Provincial Department
of Natural Resources and Watershed
Management prepared the preliminary
landslide map. We then verified, updated,
and completed this inventory map using
high-resolution Google Earth imagery and
investigations. Because
different types of mass movements are
controlled by distinct mechanisms and
conditioning factors, we recorded and

extensive field

included only landslide occurrences in
the inventory. Based on extensive field
surveys conducted throughout the study
area, it is believed that nearly all existing
landslides were identified and included
in the inventory. However, the available
landslide inventory does not include
landslide occurrence dates. Consequently,
regarding the timing of
landslide events was not included in the
landslide inventory map. A total of 102
landslides were identified within the
study area, with individual landslide areas
ranging from 700 to 105,000 m?. To develop
and validate the susceptibility models,
70% of the landslides in the inventory
map were randomly selected for modeling,
and 30% for validation [?. To minimize the
risk of overestimating model performance
due to spatial autocorrelation, we imposed
a minimum separation distance of 3
km between the training and validation
datasets. Figure 3 shows examples of
landslides in the study area.

information
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Figure 2) The flowchart of the research process for the landslide susceptibility mapping.

/i

Figure 3) Examples of landslides in the Firozkuh
Watershed.

Data Collection
The number of factors used for landslide
susceptibility assessment is not standardized,

as it varies with landslide characteristics,
landscape conditions, and input data
qulity [2] - Select factors based on their
comprehensiveness, practical relevance,
physical significance, measurability, and
relative independence % Following a
comprehensive literature review %1217 field
surveys, and an assessment of data availability,
we selected and incorporated eleven factors
into the spatial database (Figure 4). The
selected factors include geological variables
(lithology and distance to faults), topographic
variables (slope angle, elevation, and aspect),
soil properties (clay content and pH),
proximity-related variables (distance to roads
and rivers), land-use, and rainfall, all of which
are widely recognized as important factors
influencing landslide susceptibility. Although
additional conditioning factors may be used in
different landslide susceptibility studies, this
study aimed to select representative factors
from the major categories of topography,
geology, soil, and land cover. The selected
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Figure 4) Maps of landslide conditioning factors in the Firozkuh Watershed.
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Figure 4) Maps of landslide conditioning factors in the Firozkuh Watershed.

factors were chosen because previous studies
frequently identified them as important
contributors to landslide occurrence and
because they represent their respective
environmental characteristics. We also
considered data availability and quality when
selecting the conditioning factors.

A DEM map was derived from a digitized
1:25,000-scale topographic map. We did
not use the DEM directly as model input;
we used it only to generate the other maps.
Elevation strongly controls environmental
conditions, including temperature,
precipitation patterns, and human activities
(land-use changes and road construction),
all of which influence landslides. Using the
10 m resolution DEM, topographic variables
including slope angle, aspect, and elevation
class were generated. Slope angle is a key
conditioning factor in landslide assessment
because it strongly affects slope stability
and the mechanisms that govern landslide

initiation and propagation. Aspectinfluences
the distribution of temperature, moisture,
solar radiation, and vegetation cover, which
in turn affect landslide occurrence [
The stream network was extracted from a
1:25,000-scale topographic map, and the
map of distance to streams was generated
using the Euclidean Distance tool in ArcGIS
9.8 software. Distances to faults and roads
were also calculated using the Euclidean
Distance tool in ArcGIS 10.8. The land-use
map was derived from Landsat imagery
with a 30-m spatial resolution acquired in
2023. A lithological map (1:100,000 scale)
was generated in a GIS environment based
on geological map data provided by the
Geological Survey of Iran. We collected soil
samples at a depth of 30 cm and analyzed
them in the laboratory to determine clay
content and soil pH 3%, We prepared the soil
map using 30 soil samples and the Inverse
Distance Weighting (IDW) interpolation



technique 1. The rainfall distribution map
was generated using precipitation data
from 11 meteorological stations provided
by the Iran Meteorological Organization and
interpolated using the IDW method. All of
the conditioning factor maps were classified
using the natural break method BY,
Prioritization of landslide conditioning
factors using AHP

The AHP derives the weights of the
conditioning factors through pairwise
comparisons. Each criterion was evaluated
using the nine-point fundamental scale, with
values ranging from 1 to 9 3234, To enhance
the reliability of the pairwise comparison
results, the comparisons were performed
by five experts with relevant expertise in
landslide studies, and the aggregated expert
judgments were used to construct the final
pairwise comparison matrix (Table 1). In
this study, we did not independently assign
individual judgments and then average or
sum them. Instead, all five experts jointly
discussed the appropriate weight for each
conditioning factor. Each expert presented
and explained their opinion, and after
considering the other experts’ views, the
group reached consensus on a single weight
for each factor. The group applied this
consensus-based procedure consistently
to all conditioning factors. Finally, the
group entered the pairwise matrix into
Expert Choice 11 software (Expert Choice
Inc,, Arlington, VA, USA) to calculate the
final factor weights. Using these weights,
all conditioning factors were prioritized
according to their relative importance.
Susceptibility Mapping

Information Value (1V)

The 1V is a statistical model widely used for
landslide susceptibility mapping **. Equation
(1) describes the Information Value Model.

Npix(Si)
D 1 i i
Veln ensclass _ Np1>.((N1.) E q (1)
Densmap SNpix(Si)
SNpix(Ni)

where IV denotes the information value
of a conditioning factor class; Npix(Si)
shows the number of landslide pixels
within class; Npix(Ni) shows the total
number of pixels in class; SNpix(Si) is
the total number of landslide pixels in
the study area; and SNpix(Ni) is the total
number of pixels in the study area B3%. In
this step, the conditioning factor weights
were calculated using 70% of the landslide
inventory, randomly selected for model
training. The remaining 30% was withheld
for independent validation and was not
used in the weight calculation. It should
be noted that, to account for differences
in landslide area, the landslides were
converted into raster maps, and the
number of pixels within each landslide
polygon was used as an input to the model.
Hybrid IV-AHP Model

In the proposed hybrid model, the AHP
derived the factor weights. The weight of
each conditioning factor class was calculated
using the Information Value (IV) method.
The AHP-derived weight for each
conditioning factor was multiplied by
the corresponding class weight from the
Information Value model to calculate the
final class weights. These weights were
subsequently assigned to the corresponding
thematic maps. Finally, the landslide
susceptibility map was produced in the GIS
environment by overlaying and integrating
the weighted factor maps.

Accuracy Assessment

Approximately 70% of the recorded
landslides were used to develop the landslide



Table 1) Pairwise comparison matrix of landslide conditioning factors in the Firozkuh Watershed.

Variable Slope Elevation Aspect Road Fault Stream Lithology Rain Clay Land-Use Soil pH

Slope 1 3 9 0.5 4
Elevation 0.33 1 6 0.33 3
Aspect  0.11 0.17 1 0.11 0.20
Road 2 2 2 1 5
Fault 0.25 0.33 5 0.20 1
Stream 0.33 0.50 5 0.25 2
Lithology 0.50 2 7 0.33 3
Rain 0.25 0.33 5 0.17 0.50
Clay 0.20 0.25 3 0.14 0.33
Land-use 0.14 0.17 2 0.12  0.20
SoilpH 0.17 0.20 2 0.14 0.33

3 2 4 5 7 6
2 0.5 B 4 6 5
0.20 0.14 0.20 0.33 0.50 0.50
4 3 6 7 8 7
0.50 0.33 2 3 5 3
1 0.50 B B 5 4
2 1 4 5 6 6
0.33 0.25 1 2 3 3
0.33 0.20 0.50 1 3 2
0.20 0.17 0.33 0.33 1 0.50
0.25 0.17 0.33 0.50 2 1

susceptibility models, and the remaining
30% were applied to validate the models.
For model development and validation, non-
landslide samples were randomly selected
across the study area. To minimize spatial
dependence, a minimum separation distance
of 3 km was maintained between landslide
and non-landslide samples. The validation
results provided an independent assessment
of the predictive performance 3°. The ROC
curve was generated using Eq. (2)

D TP+) TN

PN

Eq. (2)
AUC=

where P and N denote the numbers of
landslide (positive) and non-landslide
(negative) samples, respectively. TP (true
positives) and TN (true negatives) show
the number of correctly classified landslide
and non-landslide samples, respectively 3¢l
We used the Landslide Density Index (LDI)
as an additional measure to validate the
maps. This index is calculated by dividing
the landslide density in the high and very
high susceptibility classes by the landslide
density in the remaining susceptibility

classes. A higher value indicates higher
predictive accuracy 37

Findings

IV model

Based on the IV model, the weights of all
classes within the conditioning factors were
calculated, and the obtained results are
presented in Table 2.

AHP model

The results indicated that distance to
roads received the highest weight (0.264),
followed by slope angle (0.193), lithology
(0.142), elevation (0.113), distance to
rivers (0.085), distance to faults (0.063),
rainfall (0.047), clay content (0.034), soil
pH (0.025), land-use (0.019), and slope
aspect (0.015), indicating that the roads and
topographic conditions are the dominant
factors controlling landslide occurrence in
the Firozkuh Watershed. Furthermore, the
calculated consistency ratio (CR) was 0.04,
indicating acceptable consistency in the
pairwise comparisons and confirming the
reliability of the AHP results.

Landslide Susceptibility Maps

To generate the susceptibility map using
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Table 2) IV and IV-AHP values of conditioning factor classes.

1712-2280 337 607341 -0.6523 -0.0737

RS VA () 2650-3060 439 297164 0.3269 0.0369

0-8 54 377828 -2.0088 -0.3877

Slope (degree) 20-35 899 486174 0.5514 0.1064

F 159 194830 -0.2665 -0.0040

NE 143 156635 -0.1544 -0.0023

Aspect SE 432 236264 0.5402 0.0081

SW 139 137855 -0.0550 -0.0008

NW 134 183597 -0.3782 -0.0057

300-800 309459 -0.0424 -0.0112

DistancetoRoad (meter) 8001500 M2 2503 0064 00171

1500-2500 254 328181 -0.3195 -0.0844

0-500 691 411168 0.4558 0.0387

1150-1850 331041 -0.8286 -0.0704

pistance o Stream (meter) _

2700-3800 88 127148 -0.4313 -0.0367

0-1200 342 255834 0.2270 0.0143

Distance to Fault (meter) 2500-4000 151 263705 -0.6209 -0.0391

>6200 742 580583 0.1820 0.0115

Bare land 321 430963 -0.3579 -0.0068
Land-use

Residential 0 13505 -9.5741 -0.1819
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Rainfall (mm) 50-540 359 36459 0.0788 0.0037
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Table 2 Continued) IV and [V-AHP values of conditioning factor classes.

Czl

0 2313 -7.8096 -1.1090

Elm

83 160043 07199 -0.1022

Jd

0 640 -6.5248 -0.9265

0 4185 -8.4026 -1.1932

Ktzl
Geology/Lithological Units

Murm

619 223749 0.9543 0.1355

65 49526 0.2086 0.0296

Pgkc

0 57307 -11.0195 -1.5648

Qftl

0 201217 -12.2754 -1.7431

TRe

the IV model, all layers were classified, and
the information value for all classes was
calculated using Equation (1). In the hybrid
approach, class weights were multiplied
by the corresponding conditioning factor
weights obtained through AHP. The resulting
values became the final conditioning-factor
class weights used for susceptibility mapping.
These values were then assigned to the factor
classes and integrated in ArcGIS 10.8 to
produce the final susceptibility maps (Figures
5 and 6). Landslide susceptibility maps were
classified into four classes using the natural

ECOPERSIA

0 10866 -9.3567 -1.3287

break method.
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Figure 5) Landslide susceptibility map using the IV
model.
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Figure 6) Landslide susceptibility map using the IV-
AHP model.

Accuracy Assessment

The AUC value was 0.770 for the IV model
and 0.816 for the IV-AHP model (Figure 7
and Table 3). AUC values can be categorized
as low (0.5-0.6), moderate (0.6-0.7), good
(0.7-0.8), very good (0.8-0.9), and excellent
(0.9-1.0) B8 Accordingly, the IV model
exhibited good predictive performance,
whereas the IV-AHP model demonstrated
very good predictive performance.
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Figure 7) ROC curve of the IV and IV-AHP models.

Table 3) Statistical performance metrics for the used
models.

Asymptotic 95 %
Model Area Standard Confidence Interval
Error — [ower Upper
Bound Bound
IV 0.770 0.012 0.746 0.795
IV-AHP 0.816 0.011 0.794 0.838

The LDI values for the IV and IV-AHP models
were 2.05 and 2.95, respectively. These

results agreed with the ROC analysis.

The area of each landslide susceptibility
class was calculated for both models
(Table 4). According to the susceptibility
maps, approximately 29% and 32% of the
Firozkuh Watershed were classified as high
and very high susceptibility by the IV and
[V-AHP models.

Table 4) Total area of susceptibility classes for the
models.

Susceptibility Classes Area (km?)

Model . Very

Low Moderate High High

1A 462.4 557.7 257.3 164.9

IV-AHP 424.5 570.5 268.5 188.8
Discussion

The AHP results indicated that distance to
roads, slope angle, lithology, and elevation
were the most important conditioning
factors. Human activities, particularly road
construction, have increasingly influenced
landslides. Road construction alters the
landscape’s geomorphological structure,
and slope cutting along hillsides disrupts
natural slope stability. These artificial slope
cutsreduceslope stability, therebyincreasing
the landslide occurrence in mountainous
areas 3%, Road construction also alters a
watershed’s hydrological response, changing
surface runoff patterns and accelerating soil
degradation %, The importance of distance
to roads as a key factor has also been
highlighted in other studies. For example,
Wang et al. ®%, Donati and Turrini ®!, and
Yang et al. *? identified road proximity as an
important factor controlling landslide
occurrence. Slope is the second most
important conditioning factor influencing
landslides because landslide likelihood is
strongly related to slope angle 3. Slope
influences seepage processes, shear stress,



and gravitational forces, which together
control slope stability and landslide
occurrence *4. Numerous previous studies
have identified slope as an important
conditioning factor influencing landslides ®
17.28,45] Lithology is another key conditioning
factor controlling landslides. This finding is
expected because lithology determines the
physical and mechanical properties of slope
materials 0. It is widely recognized that
lithological characteristics strongly influence
the properties of materials,and consequently
play a crucial role in influencing landslide
occurrence ?8, Lithological characteristics
have been recognized as a significant
conditioning factor for landslide occurrence
in numerous studies, including those by
Yuvaraj and Dolui 8, Huang et al. *7], and
Orefice and Innocenti 8], Elevation indirectly
influences several factors associated with
landslide occurrence, including temperature,
precipitation, and freeze-thaw processes [
11, Similarly, Guo et al. ¥ and Kailas et al. 1%
identified elevation as one of the most
conditioning factors controlling landslide
occurrence. Based on the information values
calculated using the IV model (Table 2), the
3060-3941 m elevation class exhibited the
highest landslide susceptibility. Low
elevations in the Firozkuh Watershed have
gentler slopes and therefore exhibit lower
landslide susceptibility. At higher elevations,
precipitation falls predominantly as snow.
Subsequent snowmelt enhances water
infiltration, increasing pore water pressure
and promoting landslides. Landslide density
across different slope classes showed that
slopes steeper than 20° exhibited the highest
Information Value (IV) scores. Steeper
slopes reduce slope stability by increasing
shear stress while decreasing the effective
cohesion of soil and weathered materials,

thereby promoting landslide occurrence 51,
The aspect analysis indicated that the
southeastern and eastern aspects had the
highest information value weights. Reduced
soil moisture and sparser vegetation cover
on these slopes may reduce slope stability
and, consequently, increase landslide
susceptibility. It should be noted that the
difference in the Information Value weights
between these two aspectsand the remaining
aspect classes 1is relatively small, and
landslides are distributed across almost all
slope aspects in the study area. This pattern
suggests that slope aspect has only a limited
influence on landslide occurrence compared
with other conditioning factors, whose
effects appear more dominant. This
interpretation also aligns with the AHP
results, where slope aspect received the
lowest weight among all conditioning
factors. The highest information value
weight for the distance to stream factor was
obtained for areas located within 500 m of
streams. Stream erosion and groundwater-
level fluctuations can reduce slope stability
by undercutting slope toes and increasing
soil saturation. Consequently, landslide
susceptibility generally decreases with
increasing distance from streams [#17:3¢], The
highest landslide susceptibility = was
observed within 0-300 m of roads. Road
construction in steep, hilly terrain disturbs
natural slope geometry, weakens the rock
mass, and reduces slope stability *!l. Areas
located within 1200 m of faults exhibited
high susceptibility. Fault zones are generally
characterized by highly fractured soil. These
fractured materials have reduced mechanical
strength and are therefore more susceptible
to slope failure, particularly during
earthquakes 2. Among the lithological
units, kbv (Basaltic volcanic), ktzl (White to



pinkish orbitolina bearing limestone),
J1(Light grey, thin - bedded to massive
limestone), and murm (Light-red to brown
marl and gypsiferous marl with sandstone
intercalations) were associated with the
highestinformation value weights, indicating
a greater susceptibility to landslide
occurrence. These salt-bearing, fine-grained
materials readily absorb water, reducing
material strength and increasing slope
instability. Consequently, these formations
in the Firozkuh Watershed show higher
landslide susceptibility 2. Among the land-
use categories, rangelands exhibited the
highest landslide susceptibility. This pattern

likely reflects that rangelands are
predominantly located on steep slopes,
where  topographic conditions favor
landslides.

Although rangelands exhibited the highest
susceptibility, landslides were distributed
across all land-use categories. Therefore,
rangelands’ relatively high susceptibility
may reflect other conditioning factors, such
as elevation and slope, commonly associated
with this land-use type. This interpretation
is supported by the AHP results, which
assigned a relatively low weight to land use,
indicating that it is not among the dominant
conditioning factors controlling landslide
occurrence in the study area. Among the
rainfall classes, the 650-815 mm class had
the highest IV weight. Rainfall is a major

landslide  factor because infiltration
increases pore water pressure while
reducing soil shear strength, thereby

reducing slope stability and initiating slope
failure 131, Analysis of clay content and soil
pH classes revealed that the 14-22% clay
class and the pH class of 6-6.8 had the
highest information-value weights. This
pattern may be attributed to the fact that

soils with low to moderate clay content
generally contain higher proportions of silt
and sand, resulting in greater permeability
and faster rainfall infiltration. Consequently,
pore water pressure can rise rapidly during
intense or prolonged rainfall, reducing soil
shear strength and increasing slope
instability. Higher landslide occurrence in
low-pH soils may be explained by enhanced
weathering and dissolution of cementing
materials under acidic conditions, reducing
soil strength and structural stability [*.
Islam et al. **1 also support the role of soil pH
as an important factor influencing landslide
occurrence.

As shown in the results, both models
achieved satisfactory accuracy in the
Firozkuh Watershed. A major advantage of
bivariate models, such as the IV model, is
their ease of implementation combined with
satisfactory predictive performance in
landslide susceptibility mapping 1323 34, A
key limitation of bivariate statistical models,
such as the IV model, is that they assign
weights independently to the classes of each
factor without considering the relative
significance of the factors themselves.
Assessing the relative importance of
landslide conditioning factors is essential in
landslide susceptibility mapping because a
dominant factor may mask the influence of
others, underestimating their contribution
to the final susceptibility map. To address
this limitation, a hybrid IV-AHP model was
developed by integrating the weights derived
from the IV model with the factor weights
obtained using the AHP. The IV-AHP model
achieved a higher AUC (0.818) than the IV
model (0.770), while the Landslide Density
Index (LDI) increased from 2.05 to 2.95.
These results suggest that the hybrid model
provided better overall discrimination and a



stronger concentration of landslides in the
higher-susceptibility classes. However, the
0.048 AUC difference is not statistically
significant without a formal statistical
comparison. Furthermore, because ROC-
AUC measures overall discrimination but
does not fully characterize the spatial
distribution of prediction errors, AUC and
LDI should be interpreted as complementary
indicators of model performance %7,

A key limitation of AHP is its reliance on
expert judgment in pairwise comparisons,
which may introduce subjectivity and
uncertainty into factor weights 8. Although
expert knowledge can incorporate local
environmental conditions, differences in
expertperceptionsand inconsistentpairwise
judgments may affect the resulting weights
and, consequently, the susceptibility map.
Therefore, the predictive performance of the
I[V-AHP model should be interpreted with
these uncertainties in mind. Future studies
could use sensitivity analysis to assess how
robust the results are to changes in factor
weights . The integration of the AHP with
bivariate statistical models has been adopted
in previous studies, including landslide
susceptibility © and badland erosion
mapping ¢ These hybrid approaches have
consistently achieved higher accuracy than
bivariate models.

According to the IV and IV-AHP models, the
high and very high susceptibility classes
occupied approximately 29% and 32%
of the Firozkuh Watershed, respectively.
These results indicate that a considerable
proportion of the watershed is vulnerable
to landslides and should be prioritized
in land-use planning. The Firozkuh
Watershed is highly susceptible to landslide
occurrence because of its physiographic
characteristics, mountainous topography,

and climatic conditions. Furthermore, the
watershed is traversed by the major Tehran-
Mazandaran Road, and ongoing land-use
changes, particularly road construction and
expansion, have further increased landslide
susceptibility in the area.

A key limitation of landslide susceptibility
assessment is the potential incompleteness
of the landslide inventory. Although we
combined Google Earth imagery with
extensive field surveys to improve landslide
identification, the study area’s complex
topography may have prevented us from
detecting all landslides, introducing
uncertainty  into  the  susceptibility
maps. Future studies could reduce this
uncertainty by  incorporating  high-
resolution imagery and object-based remote
sensing techniques. Geospatial datasets
and susceptibility maps provide valuable
information for sustainable development in
mountainous areas by supporting land-use
planning and the identification of landslide-
susceptible zones [®2. Landslides annually
cause substantial damage to residential
areas and infrastructure, particularly road
networks. Identifying landslide-prone areas
and integrating this information into land-
use planning and development control
effectively reduces future landslide losses.

Conclusion

The Firozkuh Watershed is highly susceptible
to landslides because of its climate,
complex topography, and geology. Given
the watershed’s importance, particularly
because the Tehran-Mazandaran road
traverses it, effective landslide management
is essential to reduce the risk of slope
failures. In this study, we applied the IV
model and a hybrid IV-AHP model to assess
landslide susceptibility. The validation



results showed that both methods provided
good predictive performance; however,
the hybrid IV-AHP model performed better
than the conventional IV model. The AHP
results identified distance to roads, slope
angle, lithology, and elevation as the most
important factors controlling landslide
occurrence. According to the IV and IV-AHP
models, approximately 29% and 32% of the
Firozkuh Watershed were classified into
high and very high landslide susceptibility
classes, respectively. These findings highlight
the need to prioritize these areas in land-use
planning and landslide management. One
limitation of the present study is the lack
of data for several potentially important
landslide-conditioning factors, including
soil depth, silt and sand content, and traffic
volume on the regional road network.
Future studies should also assess additional
approaches, including multivariate statistical
and data mining models, to identify the most
appropriate model for the study area.
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