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Abstract

Landslides are one of the major hazards in volcanic areas, causing loss of life, property damage, and degradation of the
environment. The western slopes of Mount Lawu, a stratovolcano in Central Java Province, Indonesia, are especially prone to
landslides because of steep topography and increasing human activities. The rapid population growth and land use changes, driven
by tourism and agricultural expansion, have increased the vulnerability of the area. This study examines the performance of the
weight of evidence (WoE) method in mapping landslide susceptibility over the western slopes of Mount Lawu, with a focus on the
interaction between environmental factors and land use. The parameters considered in this research include slope, lithology,
distance from lineaments, roads, and rivers, rainfall, and land use. The spatial datasets used included a digital elevation model
(DEM) at a scale of 1:16,000, as well as slope, river, lineament, and land-use data at a scale of 1:25,000, and lithology data at a
scale of 1:50,000. All of these datasets were processed and analyzed using ArcGIS Pro. The WoE analysis resulted in the landslide
susceptibility map, which divided susceptibility into four classes: high, moderate, low, and very low. The model achieved an
accuracy of 0.81, demonstrating strong predictive capability. The landslide susceptibility map showed high-risk zones along steep
slopes, near rivers, and close to roads, particularly in northern Ngargoyoso and western-southern Tawangmangu Districts. These
results highlight the utility of the WoE method for developing the landslide susceptibility map with good accuracy. A landslide
susceptibility map can be used to evaluate existing land use and to create spatial planning-based landslide disaster risk reduction.
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1. INTRODUCTION characteristics of Java Island, consisting of volcanic
and sedimentary rocks, as well as the presence of

The world's regional geology shows that the unstable soil layers, contribute to the high landslide

most significant geological activity occurs along
tectonic plate boundaries, particularly in the Pacific
Ring of Fire. Indonesia is located at the center of
intense geological activity, where interactions
between the Eurasian, Indo-Australian, and Pacific
plates create conditions that favor the occurrence of
carthquakes and volcanic eruptions [1][2]. Java
Island is part of a volcanic arc formed by the
subduction of the Indo-Australian plate beneath the
Eurasian plate. This process not only produces
active volcanoes but also triggers landslides,
especially in steep and weathered materials.

Land change and urbanization in

mountainous

use

areas increase the risk of

[31[4].

can

landslides In addition, the geological
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risk in the area [5][6]. Moreover, its position on the
equator allows Indonesia to have high rainfall
intensity. This condition triggers
landslides in Indonesia [7], resulting in significant

losses of life and property [8]. Data from the

numerous

National Disaster Management Agency (BNPB)
states that during 2020-2022, more than 500 people
died, and 10,000 were injured due to landslides [9].

Mount Lawu, a strato-type volcano dominated
by andesite lava, lies on the border of Central and
East Jawa [10]. Its steep slopes, high rainfall, and
intensive land use make the western flank of
Karanganyar Regency prone to landslides [11][12].
Urbanization and tourism development, while
providing economic benefits, exacerbate slope
instability through land conversion, erosion, and
poorly managed drainage [4][6][10][11]. Areas with
slopes steeper than 30%, combined with heavy
rainfall and agricultural use, are particularly
vulnerable to landslides [12][13]. In 2022, the
Karanganyar Local Disaster Agency (BPBD)
recorded 210 landslide events on the western slope,
concentrated in high-risk zones with steep terrain
and intensive human activity [14][15]. Some of the
landslide occurrences documented during field
surveys are shown in Figure 1.
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Figure 1. Landslide occurrences in the western slope of mount Lawu.

Based on data from Indonesia’s Statistical Center
Agency, land use changes in Karanganyar Regency
in 2013 and 2022 were significant. Land change
from 2013 to 2022 is dominated by the type of
residential land use, with as much as 11,946 ha
[16]. While the use of rice fields, water bodies, and
vegetation experienced a reduction in area.
Spatially, land use changes occurred in all sub-
districts. The sub-districts with the highest land use
change are Jatiyoso sub-district with an area of
7,536 ha, Tawangmangu sub-district with 6,235 ha,
and Gondangrejo sub-district with 6,111 ha [17].
The area of agricultural land has also shrunk, from
719 ha in 2018 to 55 ha in 2022. On the other hand,
dryland has increased, from 6284 ha in 2018 to
6947 ha in 2022 [18].

Despite the frequent landslide occurrences and
substantial risks to communities, comprehensive
landslide susceptibility mapping specific to the
western slope of Mount Lawu remains scarce.
Existing research has often been fragmented,
focusing on general assessments that may overlook
critical environmental and anthropogenic factors
contributing to landslides in this region. This gap
highlights the need for conducting detailed, region-
specific analyses to identify areas most vulnerable.
Accurate landslide susceptibility maps are crucial
for guiding disaster risk reduction strategies,
enhancing land use management, and mitigating the
adverse impacts of landslides on both property and
human life [19]-[21].

A critical research gap is the limited integration
of anthropogenic drivers into susceptibility models,
particularly land-use changes driven by agricultural
expansion, tourism development, and settlement
growth. Risks of landslides on settlements are
assessed using a combination of statistical and
spatial approaches. These models primarily focus
on physical parameters (slope, lithology, soil type,
and rainfall) and vulnerability assessment, with
relatively limited attention to the dynamic role of
land-use change and spatial planning [22]. Previous
studies rely on medium-scale maps (1:100,000 or
broader),  which  often local
geomorphological and geological conditions. This
limits the accuracy of susceptibility and risk
models, especially in heterogeneous
regions such as Karanganyar. Higher-resolution
datasets and detailed scale maps (e.g., 1:50,000 or
better) are needed to capture localized topography,

generalize

volcanic

geological, and fragmented land-use patterns that
critically influence landslide occurrence.

There is a gap in evaluating the integration of
susceptibility models with spatial and land-use
planning frameworks. Although existing studies
have produced susceptibility and risk maps, limited
effort has been made to explicitly connect these
outputs with the development of land use and their
evaluation. This creates a mismatch between
scientific evidence and policy application, reducing
of disaster risk reduction
strategies. Therefore, this research aims to utilize

the effectiveness
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higher-resolution datasets to enhance the detail and
accuracy of landslide susceptibility maps, and to
link the findings with spatial planning evaluations,
particularly in identifying settlement areas and
agricultural expansion zones that overlap with
moderate- to high-risk classes. Investigation of
landslide potential can be done through various
methods. There are three main categories of
landslide hazard mapping methods, namely
heuristic methods, statistical methods, and
deterministic approaches. Statistical method is
considered the most feasible [23]-[25] because the
heuristic method relies on expert knowledge in
preparing landslide hazard maps, which inherently
has limitations due to subjectivity. In comparison,
the deterministic approach requires detailed
geotechnical and hydrological data. Statistical
methods are ensured to have low subjectivity and
are easier to apply to an area with unique regional
characteristics [26].

Statistical methods such as the weight of
evidence (WoE) method are widely used for
landslide hazard mapping [27][28]. The WoE
method is based on information from the
relationship between parameters and event data so
that areas with potential landslides can be predicted
[25]. It has been applied to landslide susceptibility

mapping in various parts of the world with high
accuracy [19]. WoE is the most used weighting for
landslide susceptibility mapping because it is
simple, easy to use, and not time-consuming [29].
The WOoE results determine whether a variable
increases or decreases the likelihood of a landslide.
A positive WoE indicates variables favoring the
event, while a negative WoE indicates variables that
may reduce it. WoE is inseparable from logistic
regression models, where WoE variables are often
the main predictors in building accurate models to
forecast landslide susceptibility [30][31].

Several other methods have been applied in
volcanic and mountainous regions of Indonesia to
assess landslide susceptibility. Earlier study on the
slopes of Mount Lawu employed the analytic
hierarchy process (AHP) method in combination
with weighted overlay analysis to delineate risk
zones, highlighting the roles of land use and slope
steepness in triggering landslides [7][14][21].
Several volcano-related case studies in Indonesia
and abroad have explored diverse statistical
approaches, such as the frequency ratio, logistic
regression, statistical index, and index of entropy, to
compare predictive performances and reduce
subjectivity [20][23]-[25]. Applications of WoE in
tropical volcanic environments remain scarce, as
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Figure 2. Landslide points location, green dots represent points for validation, blue dots represent points for
the model.
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most existing works still focus on sedimentary or
tectonically stable regions [16][25]. Recent research
combined WoE and logistic regression to strengthen
predictive capability in highly landslide-prone
volcanic terrains [26]. However, volcanic regions
such as Mount Lawu present unique challenges due
to their steep slopes, unconsolidated pyroclastic
lithology, and high levels of human pressure on the
landscape [19][25]-[31]. Therefore, this research
contributes to the existing body of knowledge by
demonstrating the adaptability of WoE in volcanic
environments and addressing a significant gap in the
literature on landslide susceptibility modeling.

The application of WoE also plays an important
role in decision-making. Variables with high WoE
can be the focus of Ilandslide susceptibility
prevention or mitigation efforts. By incorporating
WoE in vulnerability evaluations, research can
identify and prioritize the most significant factors.
In addition, WoE can be used in multivariate
analyses, researchers  to
combinations of variables that have a synergistic or
complementary landslide
susceptibility. Thus, proper understanding and

allowing evaluate

influence on

application of WoE can improve the accuracy of
landslide vulnerability analyses [32].

The WoE method for landslide susceptibility
mapping presents a very important framework
through which the impacts of one of the most
common natural disasters — landslides - can be
preliminarily forecast and possibly mitigated.
Therefore, it brings the question "Can WOoE be
applied in volcanoes, especially in Mount Lawu,
Central Java, Indonesia?". Previous studies have
demonstrated the applicability of the Weight of
Evidence (WoE) method for landslide and hazard
risk assessment geomorphological
settings [33]-[36]. However, its application in
volcanic environments remains relatively limited.

in various

Building upon these existing studies, the results of
this research are expected to contribute to the
refinement of a more comprehensive and adaptable
WoE-based framework for risk assessment across
different environmental contexts, including volcanic
regions. In addition, earlier research has emphasized
the importance of understanding local communities’
perceptions of volcanic hazards in supporting
effective risk mitigation and management strategies
[37][38]. Consistent with these findings, this study

provides further insights that may support the
development of more context-specific and socially
informed risk reduction approaches.

2. MATERIALS AND METHODS

2.1. Study Area

The research location, located in the western
slope of Mount Lawu, encompasses a range of
elevations, from relatively low-lying areas to higher
mountainous terrain, with a total area of 118.61
km?. The landscape is characterized by lush forests,
fertile valleys, and cascading rivers, contributing to
its scenic beauty and ecological significance. The
research location also intersects with several rivers
and streams, which contribute to its diverse and
dynamic geomorphology. The study area features
diverse landforms formed by volcanic processes.
The volcanic activity in the area has led to the
formation of volcanic cones, lava flows, and ash
deposits, which contribute to the region's rugged
terrain.

The study area is also situated within the Sunda
Arc, a tectonically active region characterized by
subduction-related volcanism. The area is underlain
by a complex assemblage of volcanic rocks,
including basalts, andesites, and dacites, which are
associated with the activity of Mount Lawu and
other nearby volcanic centers. These volcanic rocks
are often overlain by layers of volcanic ash, tuff,
and pyroclastic deposits, reflecting the region's
volcanic history. The interplay of volcanic and
fluvial processes has shaped the landscape over
millions of years, creating a unique and complex
terrain that offers valuable insights into the Earth's
geological history and processes. In general, the
geological structure is dominated by faults and
straight lines from west to east and northwest to
southeast, caused by the tectonic forces of Java
Island [39].

2.2. Data Collection

The secondary data used include the National
Digital  Elevation = Modelling  (DEMNAS),
topography map (Rupa Bumi Indonesia), and the
Geological Map. Spatial data for all factors causing
landslide (slope, alignment, lithology, distance from
road, distance from river, land use, and lineaments)
were prepared in raster format and processed with

[5D PANDAWA



J. Multidiscip. Appl. Nat. Sci.

[ H- i = _‘: ) T‘o—s«n loo—zzoo s:o—o

! i T\ B0} MAGET

‘ A DN A ¥

i, \ N A

| Lithology 1

‘ 1 Ceto Lava (Qceto) LA ; '\

] 1 Lahar of Mount Jobolarangan

‘ (i) O :
A 1 LavaofMountLawu 4 Qi) ' T &

f 1 10 Lava of Mount Lawu 5 (QviS) e

‘ | I Lava of MountLawu 7 (Qui7) A f

] 14} I Limestone (Qims) S \

‘ i | Pyroclastic Fiow of Mount }:\

18 1 Jobolarangan ,

! 17 Pyroclastic Flow of Mount lawu g A |

\ - (& 7

Distance From Lineamet

B 0-50m ||| . 0-200m
¥ 7 50-100m 1| e 200-200m
‘ [ >100m

>400m

Rainfall

g PR \
COAR 0 Rt

1l Distance From Road ]
‘ B 3500 - 4000 mm/year
{4l W 0-40m B 3000 - 3500 ™MM/year
tj| = 40-80m | o 2500 - 3000 mm/year
‘ i 2000 - 2500 _M™/¥ear
(e) ()

Water Body
B Forest
Bushes
Plantation
1} Rice Field
[ Settlement

Figure 3. Parameters of the landslide susceptibility map, i.e., (a) slope, (b) lithology, (c¢) distance from riv-
er, (d) distance from lineaments, (e) distance from road, (f) rainfall, and (g) land use.

Topographic parameters such as slope, rivers,
and lineaments are extracted from the digital
elevation model (DEM) with a scale of 1:16,000
from Indonesia’s Geospatial Information Agency.

the UTM Zone 49S projection system, with the
same pixel size. Data processing was conducted in
ArcGIS Pro licensed by Universitas Gadjah Mada,
Indonesia.
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Table 1. Weight of evidence calculation.

Factors Class C
Pyroclastic Flow of Mount Jobolarangan 0.39
Pyroclastic Flow of Mount Lawu 0.81
Limestone 3.50
. Lahar of Mount Jobolarangan -0.21
Lithology
Ceto Lava -0.26
Lava of Mount Lawu 4 -1.88
Lava of Mount Lawu 5 -14.37
Lava of Mount Lawu 7 -18.11
>80 -2.03
Distance from road (m) 40-80 0.67
0-40 1.68
>400 1.07
Distance from lineaments (m) 200400 -0.39
0-200 0.28
2,000-2,500 -0.05
Rainfall (mm/year) 2300-3,000 04z
3,000-3,500 -0.24
3,500-4,000 1.69
0-2° 0.71
2-8° 0.58
8-15° 0.52
Slope
15-25° 0.07
25-45° -1.10
>45° -0.99
>100 m 0.23
Distance from the river (m) 50-100 m -0.09
0-50 -0.25
Forest -0.73
Shrubland/ Dryland Farming -0.57
Land use Plantation -1.14
Rice Field 1.52
Settlement 0.37

Lithology is developed based on previous research,
utilizing a scale of 1:50,000 and field verification.
Field validation was conducted by collecting
representative rock samples, which provided
additional support for the lithological classification.
Land use parameters are taken from data from the
Karanganyar Regency Public Works and Spatial
Planning Office with a scale of 1: 25,000, and

verified with an identification from Google images.
To address the variability in dataset scales, all
inputs were adjusted, and the final map was set at a
scale 1 of 50,000. In detail, the parameters used in
this study have the following class divisions.

2.2.1. Slope
Slope degrees represent the angle of inclination

[§) PANDAWA
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of a slope relative to the horizontal plane to provide
a standardized and easily interpretable way to
quantify the steepness of terrain [40][41]. The slope
map was generated from DEMNAS (DEM scale
1:16,000) using ArcGIS Pro. To enhance
geomorphological interpretation, a  hillshade
derived from the DEM was overlaid to provide a
clearer visualization of terrain morphology. The
DEM raster was first projected into UTM Zone 49S
and clipped to the study boundary. The slope tool
(spatial analyst > surface > slope) was then applied
to calculate slope values in degrees. The slope class
is divided into 6 slope classes, namely 0-3°, 3-5°, 5
—8.5°%, 8.5-24°, 24-45°,>45° [40][42].

2.2.2. Lithology

Lithology data were obtained from a previous
geological map [43]-[49], conducted at a scale of
1:50,000, and verified through field checking. The
map was georeferenced, digitized, and polygonized
in ArcGIS Pro. Field validation was also conducted
by recording rock types and structures with GPS
points, and adjustments were made to polygon
boundaries accordingly.

2.2.3. Distance from Rivers
River networks were delineated from the DEM
using the hydrology toolset (spatial analyst >

hydrology > flow accumulation and stream
definition). The resulting river polyline shapefile
was buffered at 0-50, 50-100, and >100 m using

the Buffer tool [50].

2.2.4. Lineaments

Lineament features that are assumed to represent
structural weaknesses in the rock mass. These
features can facilitate processes such as weathering
and groundwater infiltration, ultimately increasing
the likelihood of slope failure [50]. Lineaments
were digitized from DEM-derived hillshade and
geological maps, then converted into vector
polylines. The Buffer tool (analysis > proximity >
buffer) was applied with distances of 0-200, 200-
400, and >400 m to represent zones of structural
influence, assuming that the closer to the lineament,
the rock/soil will disintegrate and be more
weathered [50][51].

2.2.5. Distance from Road

Road data were obtained from Indonesia’s
Geospatial Information Agency, then digitized and
projected into UTM Zone 49S. Buffer zones were
generated in ArcGIS Pro using the Buffer tool at
distances of 040, 40-80, and >80 m. The
classification reflects the assumption that slopes
closer to roads experience greater disturbance from
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Figure 4. Landslide susceptibility (LS) map.
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cut-and-fill construction, drainage alteration, and
vibration [50].

2.2.6. Rainfall

The classification of rainfall in this study is
based on the interpolation of 2022 rainfall data
collected from the Meteorology, Climatology, and
Geophysics Agency (BMKG) weather stations in
Karanganyar Regency. Rainfall data from
meteorological stations were compiled in Excel
with latitude and longitude coordinates. The table
was imported into ArcGIS Pro and converted into a
point shapefile (XY table to point). Rainfall values
interpolated using the inverse distance
weighting (IDW) tool (spatial analyst >
interpolation > IDW). The interpolation raster was
clipped to the study area and reclassified. The
classification class of rainfall refers to the weather
station data around the study area, namely, with
2,000-2,500, 2,500-3,000, 3,000-3,500, and 3,500
—4,000 mm/year.

were

2.2.7. Land Use

Sentinel-2 imagery was preprocessed in Google
(GEE),
correction and image clipping to the study boundary
from the images in 2022. The classified land use

Earth Engine including atmospheric

raster was exported into ArcGIS Pro. The raster was
resampled and reclassified into five categories:
forest, shrubland/dryland farming, plantation, rice
field, and settlement. Accuracy assessment was
conducted using random stratified sampling and
confusion matrix calculation, confirming an overall
accuracy of 96%. The land use classification class
refers to the classification made from the data
source of the Karanganyar Regency Public Works
and Spatial Planning Office.

The landslide data was collected from the Local
Disaster Management Agency of Karanganyar and
field observation. There are 210 landslide data
points in 2022, as shown in Figure 2. This data was
used to evaluate the accuracy and predictive
performance of the landslide susceptibility model.
The landslide inventory dataset was randomly
partitioned using the ArcGIS Geostatistical Analyst
“Subset Features” tool, which allows for stratified
random selection of spatial point features. In this
process, 70% of the landslide points were allocated
for model training, while the remaining 30% were

set aside for validation. This ratio (70:30) follows
common practice in landslide susceptibility studies
[52][53].

2.3. Analysis Method

The analysis method used is WoE. The WoE
method is a statistical model that calculates the
weight of predictive factors (trigger factors) based
on the presence or absence of landslides in the
study area, assuming that the factors allegedly
triggering landslides are unrelated. This model
requires spatial data on landslide occurrence points
and triggering factors [26][54]. The WoE compares
the distribution of existing landslide occurrence
points with various landslide-triggering factors. The
model is applied to evaluate the relationship
between each variable predicted to be a landslide
trigger factor and landslide occurrence, using both
prior (unconditional) and posterior (conditional)
probabilities. Prior probability is the probability of
an event derived from the same event in the past
within a period [19][54].

The probability of change due to additional
information is called posterior probability. The
conditional probability of landslide existence
considering additional factors can be formulated as
shown in Equation (1) [55].

. P{F;|L} %
M’G-I' =Ln (P{Fjl |E}) = P{P}-l_ﬂ E} (1)
P{L}

Meanwhile, the conditional probability of a
landslide without a factor can be formulated as
shown in Equation (2) [56].

o
vt ) P 0D @)
P{L}

where P : Probability, F; : the presence of factor
j of class i, Fj,- : absence of factor j of class i, L : no
landslide, L: the presence of landslide, W,»f
likelihood ratio stating that the ratio in the case of
presence, of factor F; then a landslide L occurs or
does not occur, and W};": likelihood ratio stating that
the ratio in the case of absence of factor F; then a
landslide L occurs or does not occur. Correlation
measurements can also be measured by contrasting
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weights, as shown in Equation (3) [55].
VVcontrastji = VVji+ - VV}i_ (3)

The number of pixels for each parameter class is
calculated using those equations. The number of
pixels in each class can be defined in Equations (4)

= (N [57].

Npix1 = Nslclass )]
Npix2 = Nslide - Nslclass 5)
Npix3 = Nclass - Nslclass 6)

Npix4 = Nmap - Nslide - Nclass + nslclass )

where: Nslide = the Number of pixels with a
landslide in the map, Nclass = the Number of pixels
in the class, Nslclass = the Number of pixels with a
landslide in the class, and Nmap = the Total number
of pixels in the map.

From these results, the contrast weight (C) value
is calculated, where the contrast weight is the
difference between the positive and negative
weights. The magnitude of this contrast value
reflects the overall spatial association between each
causal factor class and landslide. A positive contrast
value indicates a positive spatial association, while
a negative value indicates a negative spatial
association. The formula is shown in Equations (8)
and (9) [19].

C=W;i - Wy 8)
Wmap =3 C 9)
LSI=} Wmap (10)

The landslide susceptibility (LS) is generated by
combining each factor's weighted maps (Wmap)
through a spatial summation process (Equation
(10)). The LS wvalues were reclassified by the
natural breaks method [19]. This approach was
selected because it minimizes variance within
classes while maximizing variance between classes,
thereby producing categories that better represent
the natural distribution of susceptibility values. In
contrast, alternative approaches, such as the quartile
method, divide the data into equal-sized groups
regardless of the underlying distribution, which
may oversimplify variations in heterogeneous
volcanic terrains, such as Mount Lawu. The use of
natural breaks thus ensures that the classification

reflects meaningful thresholds in the data rather
than arbitrary intervals. The classification of
landslide susceptibility into four categories (very
low, low, moderate, high, and very high) according
to the Indonesian National Standard of Landslide
Susceptibility Zonation (SNI 8291:2024). This
classification system provides a standardized
framework for assessing the susceptibility of areas
to landslides based on various factors.

The area under the curve (AUC) was calculated
to evaluate the model’s performance. For the
success rate curve (SRC), the AUC is determined
by plotting the ratio of successful predictions
against the total actual data. Mathematically, the
AUC can be computed using the trapezoidal
method, where the area under the curve is
approximated by summing the areas of trapezoids
formed between consecutive points, as shown in
Equation (11).

n—1
AUszw-(le*xf) (11)
i=1

Here, xi and xi + 1 represent the cumulative
proportion of samples, while yi and yi + 1 are the
success rates at each point. For the prediction rate
curve (PRC), the AUC is calculated similarly, but
the y-axis represents the ratio of correct predictions
to all predictions made by the model. The
trapezoidal method is applied to integrate the area
under the curve, providing a numerical measure of
overall model performance [58].

Alongside the WoE analysis, the Information
value (IV) method was also applied to provide a
comparative statistical perspective. While WoE
emphasizes the weight of spatial associations, the
IV method offers a straightforward measure of how
strongly each factor contributes to landslide
occurrence. The IV value for each factor is
calculated using conditional and prior probabilities.
Conditional probability is obtained by dividing the
number of landslide pixels in each subclass by the
total pixels of that subclass, while prior probability
is derived from the ratio of total landslide pixels to
the total pixels of the entire study area. The value
for IV calculation can be obtained through Equation
(12) as follows [59].
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IV =Z{(% of non events - % of events)} xWoE (12)

An Information Value (IV) of less than 0.02 is
categorized as unpredictable. If the IV falls within
the range of 0.02 to 0.10, its predictive power is
considered weak. An IV between 0.1 and 0.3
indicates a medium predictive strength, while an IV
greater than 0.3 reflects strong predictive power
[60].

3. RESULTS AND DISCUSSIONS

Slope is a critical factor influencing landslide
occurrence, and the western slope of Mount Lawu
is predominantly characterized by steep gradients
ranging from 24-45° to >45°. These steep slopes
are particularly susceptible to various types of
landslides due to the instability caused by the
weight of overlying soil and material. Slopes within
the 24-45° range experience increased pressure and
shearing potential, while slopes >45° are subject to
even higher instability due to the significant load
exerted at the base of the slope. These conditions
are further exacerbated by groundwater flow, where
infiltrating water reduces shear strength, alters soil
properties, landslide
particularly during intense rainfall. The slope
parameter map (Figure 3(a)) highlights the
distribution of these steep gradients across the study

and increases risks,

area. The study area is dominated by diverse
volcanic lithologies associated with Mount Lawu’s
eruptive history [43]-[49]. The lithology in the
study area consists of Pyroclastic Flow of Mount
Jobolarangan (Qvpfj), Pyroclastic Flow of Mount

Lawu (Qvl), Limestone (Qlms), Lahar of Mount
Jobolarangan (Qljb), Ceto Lava (Qceto), Lava of
Mount Lawu 4 (Qvl4), Lava of Mount Lawu 5
(Qvl5), Lava of Mount Lawu 7 (Qvl7), as shown in
Figure 3(b).

Rivers intersecting the western slope also play a
significant role in landslide occurrence. Rapid water
flow can erode riverbanks, destabilize adjacent
slopes, and increase the likelihood of landslides.
Proximity to rivers affects groundwater levels, with
rising groundwater saturation decreasing slope
stability. Rivers that flow through or near steep
slopes create conditions conducive to slope failure
due to erosion and changes in hydrological patterns
(Figure 3(c)). Lineaments further influence
landslide susceptibility on the western slope of
Mount Lawu. These features act as zones of
slopes
reducing their stability. Lineaments also serve as

structural weakness, intersecting and
pathways for groundwater flow, concentrating
stress and altering the mechanical properties of soil
and rock. When these structural features intersect
volcanic formations such as pyroclastic deposits or
weathered volcanic rocks, they create areas of
heightened landslide risk, particularly during heavy
rainfall or seismic activity (Figure 3(d)). Road
networks constructed on the western slopes also
contribute to landslide susceptibility. Roads built in
steep areas can disrupt slope stability, especially
when poorly designed drainage systems allow
rainwater to seep into the surrounding soil,
increasing moisture and reducing soil strength.
Additionally, frequent traffic, particularly from

heavy vehicles, can compact soil and alter its
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physical properties, further heightening the risk of
landslides. The mountainous terrain of Mount
Lawu’s western slope limits road network
expansion, leaving many areas with slopes >45°
and 24-45° more prone to landslide hazards (Figure
3(e)).

Rainfall is another significant factor influencing
landslides on the western slope of Mount Lawu.
With annual rainfall ranging from 2,000 to 4,000
mm/year, the area experiences frequent high-
intensity rainfall events that can saturate slopes and
increase pore water pressure, reducing soil strength.
Prolonged rainfall weakens slope materials over
time, amplifying landslide risks (Figure 3(f)). The
land use map of Ngargoyoso and Tawangmangu
districts in Karanganyar Regency illustrates the
spatial distribution of major land use types (Figure
3(g)). Forest arecas dominate the eastern and
southeastern parts of the region, particularly around
Berjo, Tengklik, and Blumbang villages, reflecting
the steep mountainous terrain. Plantations are
widely distributed across mid-slope zones such as
Kemuning, Puntukrejo, and Plumbon,
agricultural activities are intensive. Bushes and

where

mixed vegetation are scattered across transitional
landscapes between forested and cultivated areas.
Rice fields are concentrated in relatively flat valley
bottoms and lower slopes, particularly in Dukuh,
Jatirejo, and Nglegok villages. Settlements appear
as dense clusters, especially in Tawangmangu,
Kalisoro, Gondosuli, and parts of Ngargoyoso
villages, where human activities are most
concentrated.

The WoE analysis provides insights into how
various environmental factors, and their specific
classes, contribute to landslide susceptibility in the

vicinity of Mount Lawu. The inventory data were

Table 2. Information value (IV) result.

Factors v

Lithology 1.63
Distance to road 0.98
Land use 0.59
Rainfall 0.26
Slope 0.20
Distance to lineament 0.02
Distance to river 0.01

carefully georeferenced to ensure spatial accuracy,
with each landslide polygon delineated based on
scarp boundaries and depositional areas. The WoE
analysis reveals contrast (C) values that correspond
to diverse susceptibility levels associated with
predictor variables, which can be wused to
understand their impact on landslide hazard. The
results of the C-value calculation were used in the
creation of the landslide susceptibility map, as
shown in Table 1.

The results indicate that three parameters exert
the strongest influence on landslide susceptibility.
Lithology emerges as the most decisive factor, with
limestone showing the highest positive contrast (C
= 3.50) due to its fractured and highly weathered
structure, while massive lava flows of Mount Lawu
(C = -14.37 to -18.11) provide strong natural
resistance. Land use also plays a critical role, where
rice fields (C = 1.52) markedly increased risk
through soil saturation, whereas forests and
plantations show stabilizing effects (C = -0.73 to -
1.14). Rainfall exerts a decisive role, with areas
receiving 35004000 mm/year showing a high
positive association (C = 1.69), confirming that
extreme precipitation is a critical trigger of slope
failure in the study area. Interestingly, gentle to
moderate slopes (0-15°) show higher positive
0.52-0.71), while steeper
slopes (>25°) exhibit negative associations. This
contrast can be explained by the accumulation of

contrast values (C =

thick weathered soil and colluvium on gentler
slopes, which become highly unstable when
saturated by rainfall. In contrast, very steep slopes
are often dominated by thin soil cover or exposed
bedrock, reducing the likelihood of shallow
landslides despite stronger gravitational forces.

The LS map generated from the WoE analysis
integrates these weighted factors, producing a
zonation of susceptibility classes ranging from very
low to high, as presented in Figure 4. High
susceptibility zones are concentrated in the eastern
part of Ngargoyoso and Tawangmangu districts,
particularly around Segorogunung, Girimulyo, and
parts of Tawangmangu villages. These areas are
characterized by steep slopes, dense settlement
patterns, and intensive land use, which amplify
slope instability. Moderate susceptibility zones are
distributed across mid-slope areas such as
Kemuning, Plumbon, and Kalisoro villages, where
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Figure 6. Land use map.

terrain gradients remain significant but slightly
more stable. Low susceptibility zones dominate
broader hilly landscapes, including Berjo, Tengklik,
and Blumbang villages, where slope inclination is
moderate and geomorphological conditions reduce
the likelihood of landslides. Very low susceptibility
areas are mainly found in flatter terrain and valley
bottoms, such as Puntukrejo, Nglegok, and Dukuh
villages, where geomorphological controls on slope
failure are minimal.

The two receiver operating characteristic (ROC)
curves (Figure 5) show the model's updated
performance metrics. Figure 5(a) shows the success
rate curve with an AUC value of 0.81, while Figure
5(b) shows the prediction rate curve with an AUC
value of 0.814. These values are classified as a
good model of landslide susceptibility map
performance and reliability in distinguishing
between landslide-prone and non-prone areas [26]
[29][34][36]. These results are consistent with other
WoE-based susceptibility models, such as Ethiopia
(AUC = 0.79) and Vietnam (AUC = 0.83) [16][17],
situating our model within a reliable performance
range. However, while the AUC values confirm the
robustness of the model, they also highlight an
inherent ROC
measures the model’s

limitation: analysis  primarily
ability to discriminate

between landslide and non-landslide areas, but does

not fully capture spatial prediction errors or the
balance between omission and commission errors.
This suggests that although the model achieves
comparably high discrimination power, further
validation using field-based inventories and
alternative statistical indices (e.g., precision, recall,
or Kappa coefficient) would provide a more
comprehensive assessment of its predictive
reliability. The slightly improved AUC value for the
prediction rate suggests that the model has
benefited additional
refinements.

from  calibration or

The IV can explain the high predictive
performance. The IV results confirm lithology as
the dominant controlling factor, followed by
distance to roads (IV = 0.98) and land use (IV =
0.59). Rainfall (IV = 0.26) and slope (IV = 0.20)
contribute moderately, while distance to lineaments
and rivers show only minor influence, as shown in
Table 2. This indicates that geological conditions,
infrastructure development, and land use are the
primary drivers of landslide susceptibility in the
study area.

The comparison between the landslide
susceptibility map (Figure 4) and the land use map
(Figure 6) underscores the role of vegetation and
land management in slope stability. High
susceptibility areas (red zones) overlap extensively
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with settlements, plantations, and rice fields,
highlighting the contribution of land conversion and
cultivation on steep slopes to slope instability. In
contrast, areas dominated by natural forests,
particularly on the upper slopes of Mount Lawu and
eastern Ngargoyoso, generally correspond to low or
very low susceptibility. Forest cover provides
critical protection by stabilizing soil and reducing
runoff, while fragmented forest patches near
settlements and road networks exhibit localized
increases in susceptibility, reflecting the influence
of anthropogenic disturbance.

The observed spatial correspondence between
high-susceptibility zones and areas of intensive land
use in Mount Lawu is consistent with previous
studies that emphasized the effectiveness of
statistical models in capturing the role of
geomorphological and anthropogenic factors in
slope instability [61][62]. The cross-tabulation of
land use with landslide susceptibility classes (Table
3) shows strong spatial patterns. In the high

susceptibility zone, rice fields dominate (1,039.84
ha, =80%), followed by settlements (=14%),
underscoring the vulnerability of irrigated
agriculture and built-up areas on steep slopes. In the
moderate class, rice fields (34%), forests (27%),
and plantations (25%) share almost equal
proportions, with settlements (312 ha) and shrubs
(319 ha) reflecting additional exposure. The low
susceptibility zone is the most extensive, dominated
by forests (41%) and plantations (40%),
highlighting their stabilizing role, though shrubs
(778 ha) remain less stable. The very
susceptibility class (=3% of the total area) is mainly
forest (37%) and plantations (22%), reinforcing the
protective effect of natural and managed vegetation
on gentler slopes.
Settlement areas

low

are predominantly located
within zones of moderate and high landslide
susceptibility. Out of a total 505.15 ha of
settlements, approximately 498.61 ha (98.7%) are
situated in these two classes, highlighting the

Table 3. Cross-tabulation of land use with landslide susceptibility classes.

Landslide susceptibility classes
High

Moderate

Low

Very Low

Grand Total

Land use Area (ha)
Forest 22.06
Plantation 18.56
Settlement 186.97
Rice-Field 1,039.84
Bushes 4.79
Forest 1,148.37
Plantation 1,065.72
Settlement 311.64
Rice-Field 1,445.02
Bushes 318.84
Forest 2,389.45
Plantation 2,296.20
Settlement 4.63
Rice-Field 104.30
Bushes 777.63
Forest 346.88
Plantation 202.28
Settlement 1.91
Rice-Field 43.32
Bushes 120.00
11,849.43

[5D PANDAWA



J. Multidiscip. Appl. Nat. Sci.

considerable exposure of human habitation to
landslide hazards. Specifically, 186.97 ha (37% of
the total settlement area) fall within the high-
susceptibility zone. Within this class, settlements
occupy 14.7% of the total high-risk area (1272.22
ha), underscoring the concentration of population
centers in terrain highly prone to slope instability.
The results confirm that rice fields and settlements
are  disproportionately concentrated in high
susceptibility zones, while forests and plantations
dominate low and very low categories. This contrast
highlights the substantial impact of anthropogenic
land use on slope instability, underscoring the
importance of land management strategies that limit
agricultural expansion and settlement development
on steep terrain.

It is important to compare the WoE approach
with other commonly used methods in landslide
susceptibility mapping to contextualize the
performance of the model. Although various
statistical and machine learning approaches, such as
logistic regression, random forest (RF), and support
vector machine (SVM), have been widely applied in
landslide susceptibility mapping, this study
employed the WoE method due to its transparency,
ability to manage categorical predictors, and proven
applicability in data-limited contexts. While ML-
based models may achieve higher predictive
accuracy, they often
homogeneous datasets

require
and

larger, more

involve complex

parameter tuning. In contrast, WoE provides

straightforward interpretability of  factor
contributions and performs reliably in volcanic
tropical regions characterized by heterogeneous
geospatial  data, thereby offering practical
advantages for local-scale disaster management.
Compared with machine learning approaches such
as RF or SVM, which often achieve higher
predictive WoE provides greater
data requirements,
making it more suitable for volcanic tropical

accuracy,
interpretability and lower
regions characterized by heterogeneous datasets.
Furthermore, landslide occurrence in the Mount
Lawu area is not solely governed by a single factor,
but is influenced by multiple factors, both
controlling and triggering. For instance, the steepest
slopes on the volcanic edifice are predominantly
underlain by compact lava and massive volcanic
rock, which impart relative stability and account for

fewer landslide events. Conversely, mid- and lower
slopes, where thick weathered deposits coincide
with intensive agricultural and settlement activities,
show higher susceptibility. This emphasizes the
necessity of adopting a multi-parameter approach to
better capture the interplay between geological and
human factors. This predictive capability is
creating  effective  landslide
susceptibility maps, which are crucial tools for
disaster risk management and land-use planning.
The model's ability to approach perfection in
classification ensures that it can be confidently used
to prioritize areas for landslide mitigation measures,
infrastructure development, and community safety
planning.

Despite the satisfactory performance of the WoE
model in predicting landslide susceptibility, several
limitations need to be acknowledged. First, the
variability in data resolution may affect the
accuracy of spatial relationships, particularly when
integrating datasets of different scales, such as a
DEM (1:16,000) and a lithology map (1:50,000).
Second, the WoE approach assumes conditional
independence among causative factors, whereas in

essential  for

reality, interactions such as between slope,
lithology, and rainfall may introduce correlations
that influence the weight calculation. Third, the
completeness of the landslide inventory remains a
potential source of bias, as unrecorded events could
lead to wunderestimation or overestimation of
susceptibility in certain areas. To address these
limitations, future should

employing higher-resolution DEM data, refining

studies consider
thematic maps, and constructing multi-temporal
landslide inventories that better capture the dynamic
nature of slope failures. Such improvements would
enhance the reliability and policy relevance of
susceptibility maps for disaster risk reduction in
mountainous regions.

4. CONCLUSIONS

High-risk zones are concentrated in the northern
Ngargoyoso  District,
Segorogunung, Berjo, and Girimulyo villages, and
in the western—southern areas of Tawangmangu
District, including Tengklik, Blumbang, and
Gondosuli villages. These locations are underlain
mainly by pyroclastic deposits and lahar units of

part  of particularly
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Mount Lawu, which are unconsolidated and highly
weathered, and in addition, land use dominated by
rice fields and settlements, which intensify
susceptibility due to slope modification, soil
saturation, and construction pressures. By contrast,
more stable areas with extensive forest and
plantation cover are predominantly found in the low
and very low susceptibility classes. The model
achieved an AUC of 0.81, indicating strong
predictive accuracy and confirming that the
landslide susceptibility map reliably captures both
geomorphological, geological, hydrological, and
anthropogenic factors that influence landslide
occurrence in the study area. WoE-based landslide
susceptibility maps inform zoning regulations by
restricting settlements in high susceptibility areas
and support infrastructure  planning and
development. Importantly, integrating these
susceptibility maps into local disaster risk reduction
and spatial planning frameworks offers a practical
strategy to mitigate future landslide risks in Mount
Lawu. Analysis of land use in the study area shows
that high-susceptibility areas are often settled or
cultivated, indicating a mismatch between current
land use and landslide risk. This highlights the need
for risk-informed spatial planning, in which
settlement already aligns with very low to low
susceptibility
appropriate. However, when the settlement area is
located in a moderate to high susceptibility zone,

zones, current practices  are

mitigation  measures such as  restricting
development, improving slope stabilization,
reforestation, and community empowerment are
recommended.
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