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Abstract

Landslides were addressed as one of the natural hazards that can create extensive disasters. Effective assessment to locate
potential landslide events is crucial for planning and risk mitigation. This study, which is located in the Sumitro watershed,
Kulon Progo, Yogyakarta, presents a novel approach to landslide susceptibility assessment by integrating the Transient
Rainfall Infiltration and Grid-Based Regional Slope-Stability Model (TRIGRS) with the Flow-R model. Five key
parameters, namely slope, soil properties, groundwater level, soil thickness, and rainfall, were used to create the landslide
susceptibility zonation. TRIGRS was used to identify the landslide initiation, while Flow-R was used to create the run-out
area. The result was then validated through statistical evaluation using Area Under Curve (AUC) based on the landslide
inventory. Results show that landslide susceptibility zonation created from TRIGRS alone resulted in an AUC value of
0.679, while the combination of TRIGRS-Flow-R susceptibility zonation shows a better AUC value of 0.728. The increase
of the AUC value of almost 0.05 has enhanced the correlation between the landslide susceptibility zonation and landslide
inventory from “acceptable” to “excellent” correlation. This result demonstrates that integrating Flow-R with TRIGRS
improves the performance of landslide susceptibility zonation. This study offers a new perspective on creating landslide
susceptibility zonation by combining two methods, yielding more reliable results.
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1. Introduction

Landslides were addressed as one of the natural hazards that can create extensive disasters [1-3]. This disaster has
occurred continuously in several countries, especially mountainous areas with high rainfall intensity, such as Indonesia
[4]. The Indonesian government's efforts to mitigate the landslides are carried out with both physical and non-physical
methods, such as slope stabilization, landslide early warning systems (LEWS), landslide susceptibility zonation, and
even establishing regulations related to landslide mitigation [5]. Among those mitigation methods, creating a landslide
susceptibility zonation was the most common to apply [6]. This method does not need much money and can give early
information about the potential area to be affected by the landslide [7].
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Creating landslide susceptibility zonation remains challenging [8, 9]. Various methods have been developed to
generate landslide susceptibility zonation, which can generally be categorized into heuristic, statistical, and deterministic
methods [10, 11]. Heuristic or qualitative methods rely on expert judgment to assign weights to various factors
contributing to landslide occurrence [12]. Examples of heuristic methods are the Analytical Hierarchy Process (AHP)
and Weight of Evidence (WoE) [13-17]. Statistical methods, on the other hand, utilize historical landslide data to identify
correlations between landslide occurrences and potential causative factors [11, 18]. These approaches range from
simpler techniques like bivariate and multivariate regression to advanced machine learning algorithms [19, 20].
Examples of statistical methods are Frequency Ratio (FR), Logistic Regression (LR), Random Forests (RF), and
Artificial Neural Networks (ANN) [17, 21-23]. Deterministic methods, particularly physically-based modeling, offer
the most detailed analysis for landslide susceptibility zonation [11]. These methods simulate the physical forces acting
on slopes, such as gravitational forces, soil cohesion, and pore water pressure, to calculate the Safety Factor (SF) [24].
By modeling both the driving and resisting forces, physically-based modeling provides a mechanistic understanding of
landslide processes.

Every method used to establish landslide susceptibility zonation has its strengths and limitations. Heuristic methods
are simple and practical, particularly in areas with limited data [25]. This method relies heavily on expert judgment,
which can be highly subjective, making it better suited for preliminary assessments [12]. Statistical methods, especially
when integrated with machine learning, and deterministic methods (physically-based modeling) generally exhibit higher
accuracy and can effectively represent the relationships between landslide events and contributing factors [26]. Machine
learning models, being data-driven, are highly dependent on the quality and quantity of landslide inventory data for
training and validation [27, 28].

In contrast, the physically-based models, grounded in physical principles, require detailed geotechnical and
hydrological investigations to perform accurate modeling [29]. As a result, machine learning models are better used for
large-scale susceptibility assessments with good landslide inventory data but lack the data required for modeling, while
the physically-based models are more suitable for smaller areas with reliable geotechnical and hydrological data. In
mountainous areas where landslide inventories are poorly recorded, such as regions with tropical climates where rapid
vegetation growth often obscures landslide scars, creating good landslide inventories is challenging [30, 31]. Hence,
establishing landslide susceptibility zonation in small areas using physically-based models is the best option for this
location.

In many cases, applying the deterministic method through a physically-based model has shown promising results
[32, 33]. However, many of them focus solely on landslide susceptibility zonation without considering secondary
hazards, such as debris flows, which can substantially expand the area affected by the initial landslide [32, 34, 35]. This
study introduces a new approach to landslide susceptibility assessment by combining the Transient Rainfall Infiltration
and Grid-Based Regional Slope-Stability Model (TRIGRS) with the Flow-R model. TRIGRS simulates the transient
stability of slopes under varying rainfall conditions, providing a dynamic assessment of potential landslide initiation
points [36, 37]. By incorporating the effects of rainfall infiltration on pore-water pressure, TRIGRS offers a more
accurate prediction of landslide occurrences. This program has proven to give good results in mountainous areas [38].
Flow-R, on the other hand, is used to model the run-out behavior of landslides and debris flows. This model estimates
the propagation and impact zones of landslides identified by TRIGRS, allowing for a comprehensive analysis of
landslide initiation and debris flow pathways [39]. The integration of these two models addresses a critical gap in existing
landslide susceptibility assessment, which often overlooks the complex interactions between rainfall, slope stability, and
debris flow dynamics. By employing this combined approach, we aim to create a more robust and detailed landslide
susceptibility zonation that identifies areas susceptible to landslides and predicts the potential extent of debris flow
impact. This approach addresses the limitations of traditional landslide susceptibility zonation and offers a
comprehensive tool for understanding and managing landslide risks in susceptible regions.

The structure of this article is organized as follows: Section 1 contains the introduction and background of this study.
Section 2 provides an overview of the study area, while section 3 outlines the data required for the analysis. Section 4
describes the methodology, including the integration of TRIGRS and Flow-R models, as well as the validation process.
Section 5 presents the results and discussion, including comparisons with previous studies. Finally, Section 6 concludes
the study, highlighting key findings and offering recommendations for future research.

2. Study Area

The study area is located in the Sumitro Watershed, which lies in the Menoreh Mountains, Kulon Progo, Yogyakarta,
Indonesia. Numerous landslides have occurred at this location, mostly when the rainfall season is coming. Apart from
high rainfall intensity, steep slopes, humid climate, and dense trees are the causes of landslides in the research area. The
research area covers approximately 8,510 hectares, with most of the terrain consisting of forests, plantations, and
agricultural land. Refer to (Figure 1) for a visual depiction of the study area (source: https://tanahair.indonesia.go.id
with modifications).
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Figure 1. Study area in Sumitro Watershed

The geological setting within the research location encompasses the Jonggrangan, Kebobutak, and Sentolo
formations. The Kebotbutak formation, identified as Middle Miocene in age, is characterized by Sandstone, Silt, Clay,
Tuff, and Agglomerate rocks. Positioned above the Kebobutak Formation, the Jonggrangan Formation consists of
carbonate sandstone, granular limestone, and reef limestone. Meanwhile, the Sentolo formation, belonging to the Late
Miocene-Pliocene period, comprises agglomerate, marl, and limestone. The geological structure at the research site
features three normal faults: the first fault aligns in a west-east direction, the second fault runs north-south, creating a
steep topographic sequence, and the last fault has a northeast-southwest orientation, resulting in steep topography from

west to east. A visual representation of the geological conditions is illustrated

https://geologi.esdm.go.id/).
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Figure 2. Geological condition of the research area
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3. Data

Five parameters were used to generate landslide susceptibility zonation using combinations of TRIGRS and Flow-
R. The first parameter, slope, derived from the Digital Elevation Model (DEM), is universally acknowledged as a critical
factor in landslide susceptibility, as it directly influences the gravitational forces acting on a slope [40]. Soil properties
(e.g., cohesion, internal friction angle, and unit weight), groundwater level, and soil thickness were obtained through
field investigations and laboratory tests. These parameters are essential for assessing slope stability and are key inputs
for TRIGRS, which calculates changes in shear strength and pore water pressure resulting from rainfall infiltration [33,
36]. The final parameter, rainfall intensity, is a primary landslide trigger in the study area. Rainfall intensity is a crucial
input for TRIGRS, driving the simulation of transient infiltration and its effect on slope stability [36]. Rainfall values
were adopted from a previous study proposed by Rifai et al. [4]. Landslide inventories in the research area are also
needed to measure the performance of the susceptibility zonation [41]. Details of each parameter used are as follows:

3.1. Digital Elevation Model (DEM)

The topographic information employed in this research used the National Digital Elevation Model (DEMNAS),
which can be accessed at (https://tanahair.indonesia.go.id/demnas/). DEMNAS possesses a spatial resolution of 0.27
arcseconds, corresponding to 8.1 meters, and utilizes the EGM 2008 vertical datum. In this context, arcseconds represent
a unit of distance in raster data, signifying the distance between adjacent pixel cells. The topographic data was derived
using ArcGIS software, and this data supplied essential information on slope inclination within the study area. The study
area's topography, illustrated in Figure 3, exhibits significant elevation variations ranging from 14 to 842 meters. The
higher elevations are concentrated in the upper part of the study area, while the lower elevations are found in the bottom
section. The DEM data plays a crucial role in constructing a surface flow direction model, facilitating the assessment of
water distribution and runoff routing in the research area.
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Figure 3. Digital Elevation Model of Sumitro Watershed

3.2. Soil Properties, Groundwater Level, and Soil Thickness

The soil properties data were obtained through laboratory testing using nine soil samples collected directly from the
research site (Figure 4-a shows the method used to get the soil sample). The soil properties data consist of hydraulic and
mechanical values of the soil. The hydraulic properties are diffusivity, saturated permeability coefficient (k), residual
moisture content (0r), saturation moisture content (0s), and the inverse of capillary water height (o). The mechanical
properties are bulk density (), cohesion (c), and internal friction angle (¢). All of the soil properties were obtained
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from laboratory-scale testing. Besides the soil properties, an investigation of groundwater level and soil thickness was
also conducted in the study area. Groundwater level measurement is based on the water level in wells or springs found
at the research location (shown in Figure 4-b), while the soil thickness is based on the visual observation of the exposed
soil layer (shown in Figure 4-c). In total, there were nine points of groundwater level measurement and ten points of soil
thickness observation from the study area. The distribution of soil sampling, groundwater level measurements, and soil
thickness observations is shown in Figure 5.

Figure 4. (a) Soil sampling (b) GWL measurement (c) soil thickness observation
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Figure 5. Distribution of soil sampling, GWL, and soil thickness observation

Simplification needs to be done on the geotechnical data that has been obtained to get good TRIGRS results [24,
42]. In this study, the mean value of soil properties, groundwater level measurement, and soil thickness observation
were chosen to represent the study area [43]. Table 1 shows the resume of the soil properties, groundwater level
measurement, and soil thickness observation used in this study.

Table 1. Soil investigation result of the study area (in average)

Soil hydraulic properties Soil mechanical properties GWL  Soil Thickness
dif (m/s) k (m/s) 0s  or a ¢ (N\/m?) 6 yNmy) (M (m)
2.4 %103 123x10® 023 006 0.09 14.100 35 22.300 5.1 22

3.3. Rainfall Intensity

Rainfall intensity is a parameter that often triggers landslides; many landslide events occur during the rainy season
[44]. Estimating rainfall intensity that can trigger landslides (rainfall threshold) always becomes an interesting topic for
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discussion. Rainfall thresholds for landslides may differ based on each area's characteristics [45]. In order to identify
the landslide potential of the research area, the rainfall threshold for landslide was used as an input to TRIGRS. The
rainfall threshold used is based on research conducted in the near study area by Rifai et al. [4], with an intensity value
of 44 mm/day. Rifai et al. [4] calculated rainfall thresholds using rainfall data from Singkung Rainfall Station from 2016
to 2021. The research took place in the Girimulyo district, under the Kulon Progo regency, part of Menorah Mountain.
The single rainfall value was applied to the whole research area.

3.4. Landslide Inventories

Information on landslide events was obtained from the local government and communities; this data was verified
through field investigation using the method proposed by Samodra et al. [46]. The landslide events recorded in this study
are those with a minimum width of 5 m x 5 m. In total, 99 landslide events were selected as landslide inventories during
2012-2021. Most of the landslide events are located in the upper part of the research area, where the slope is relatively
steeper than the other part. Examples of landslide events in the study area are shown in Figure 6, while the landslide
inventories are shown in Figure 7.
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Figure 7. Landslide inventories in study area 2012-2021
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4. Method

Five parameters—slope, soil properties, groundwater level, soil thickness, and rainfall—were used as inputs in
TRIGRS to create the landslide initiation zonation. The TRIGRS result, along with the DEM, was then used as input in
Flow-R to produce the final landslide susceptibility zonation. Meanwhile, the landslide inventory was obtained from
local governments and communities, and field investigations were conducted to validate the data. The selected landslide
inventory was then used to calculate the Area Under the Curve (AUC) for both TRIGRS and the TRIGRS-Flow-R
combination. The overall workflow of this study is shown in Figure 8.
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Figure 8. The workflow of this study

4.1. Identification of Source Area

Transient Rainfall Infiltration and Grid-based Regional Slope Stability (TRIGRS) is a computational program
written in the FORTRAN language, designed to model the transient effects of rainfall infiltration on slope stability by
calculating changes in groundwater column height and safety factors of slopes [36, 38]. This program integrates
hydrological and geotechnical processes, providing a physically-based approach to assessing rainfall-induced landslides.
TRIGRS calculates rainfall infiltration into the soil, simulating the increase in pore-water pressure and its impact on
slope stability. The model assumes Darcy’s law governs the infiltration process and applies a simplified version of
Richard’s equation to evaluate unsaturated and saturated flow conditions. The parameters computed are output in ".ascii"
format, representing numerical values within grid cells. They can be easily linked to Geographic Information System
(GIS) software for visualization and spatial analysis of results. The spatial resolution of TRIGRS outputs aligns with the
input Digital Elevation Model (DEM) data, which, in this study, has a resolution of 0.27 arcseconds, equivalent to 8.1
meters. The parameters used in TRIGRS include rainfall, slope gradient, soil depth, groundwater level, soil permeability,
soil diffusivity, volumetric and residual water content, cohesion, internal friction angle, and soil unit weight.

Theoretically, TRIGRS uses a 3D coordinate system (xyz) to model the interaction of rainfall infiltration and slope
stability [33]. The slope-stability analysis is based on the limit equilibrium method, where the safety factor is determined
as the ratio of resisting forces (shear strength of the soil) to driving forces (shear stress induced by gravity and pore
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water pressure). Rainfall infiltration increases the pore-water pressure, reducing the soil's effective stress and decreasing
its shear strength [37]. The TRIGRS model employs a linearized solution of Richards' equation for unsaturated flow,
coupled with analytical equations for saturated flow, to calculate transient pore-pressure changes [47]. These
calculations are based on de Luiz Rosito Listo et al. [33] and Guzzett et al. [44] works, which provide a detailed
derivation of the hydrological model and its application to slope stability. Specifically, TRIGRS considers the geometry
of the slope by utilizing the xyz coordinate system, where x represents slope inclination, y represents topographic
contours, and z represents vertical depth relative to the x-y plane. The horizontal slope angle is denoted by 8. The vertical
depth (Z) within this framework is described by Equation 1:

Z=xsind + zcos b 1)

If the depths Z and z are equal, the equation simplifies to Z = z/cos d.

This theoretical approach allows TRIGRS to predict landslide initiation due to rainfall infiltration [36]. By combining
hydrological and geotechnical theories, TRIGRS provides detailed and spatially explicit predictions of slope stability.
This capability is valuable for determining landslide susceptibility zonation, as it identifies areas prone to slope failure
with high accuracy.

4.2. Run-Out Modeling

The source area obtained from TRIGRS and topography data was used as the main input to create a susceptibility
map with Flow-R. Flow-R is a flow assessment of gravitational hazard on a regional scale [48]. Flow-R was first
introduced by Pascal et al. [49]. This program uses Matlab to calculate the spreading area of debris flow [49]. Flow-R
has been used to estimate debris flow susceptibility maps in several places, showing promising results [11, 48]. Flow-R
only shows results in the probabilistic area that may be affected by the landslide, and it does not give information about
the volume or velocity of the landslide [48].

The propagation of run-out modeling in flow-R is divided into two steps: calculate the direction in which debris flow
will follow and the run-out distance [49]. The flow direction calculation is based on research by Horton et al. [39]. The
run-out distance calculation using simple energy balance algorithms is shown in Equation 2 [49].

Eliin = El?in +AEz§ot - E}r (2

where E' kin is the kinetic energy of the cell in direction i, E° kin is the Kinetic energy of the central cell, E' pot is the
change in potential energy to the cell in direction i, and E' f is the energy lost in friction to the cell in direction i. Some
conditions are defined so that there is always at least one cell where the flow can run so that run-out distance algorithms
only determine if it flows further or stops [49]. Data needed to run the Flow-R beside the source area is only DEM.

4.3. Validation

Statistical validation using Area Under Curve (AUC) based on landslide and debris flow inventories was applied to
derive the model performance. AUC is generated from the Receiver Operating Characteristic (ROC) curve based on
sensitivity and specificity value [17, 50]. To calculate the AUC, the sensitivity (True Positive Rate) and 1-specificity (1-
True Negative Rate) were plotted against each other in the graph across various thresholds [51]. This study calculated
sensitivity and specificity by comparing the landslide susceptibility map generated from the model with the observed
landslide inventory. The susceptibility map was reclassified into two categories: stable and unstable. Unstable areas
represent high landslide susceptibility zones, while stable areas represent low susceptibility zones. Sensitivity measures
the proportion of correctly identified unstable areas relative to all actual unstable areas, as determined by the landslide
inventory, while specificity measures the proportion of correctly identified stable areas relative to all actual stable areas,
as derived from regions not included in the landslide inventory. A higher sensitivity indicates that the model effectively
captures most of the observed landslide events, while higher specificity suggests that the model accurately excludes
stable areas from being falsely classified as unstable.

AUC values range from 0 to 1, where a value of 1.0 represents perfect accuracy, 0.5 indicates no predictive power
(equivalent to random guessing), and values below 0.5 suggest poor performance [5]. The minimum value of AUC to
show good performance is higher than 0.6 or categorized as satisfactory [15], as it demonstrates the model's ability to
capture the underlying relationship between input parameters and observed landslides. Further, Yang & Berdine [52]
categorized an AUC value of 0.6-0.7 as an acceptable correlation where the model provides fair predictive capability,
0.7-0.8 as an excellent correlation showing strong predictive power and reliable identification of landslide-prone areas,
and above 0.8 as an outstanding correlation where the model is highly accurate in its predictions.
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5. Results and Discussion
5.1. Landslide Susceptibility Zonation Based on TRIGRS

The TRIGRS model was used to calculate the Safety Factor (SF) based on five parameter inputs, as described before.
The results of the TRIGRS modeling are shown in (Figure 9). The result is divided into two classes based on stability,
which represents the SF value. Following the existing regulation (SNI) N0.8291 on Determination and Compilation of
Landslide Zonation [53], the area is considered as high movement (unstable) if the SF is less than 1.2 and vice versa.

The unstable area is displayed in red and magenta color, while the stable area is in yellow and green color.
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Results of the TRIGRS show that most study areas belong to the stable class with a wide area of around 4770 ha
(69%), while the unstable area is around 1042 Ha (31%). Most of the unstable areas are located in the middle of the
map. (Figure 9) also shows the landslide location collected in this study. In total, more than half of the landslide events
were located in the unstable zone, precisely 68%. This result leads to an AUC value of 0.679 for landslide susceptibility
zonation, as shown in Figure 10. The AUC value of 0.679 shows an acceptable relationship between landslide
susceptibility zonation generated by TRIGRS and landslide inventories [52].
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Based on Figure 2, the geological setting of the study area is divided into two major formations. The Kebobutak
Formation dominates the upper to middle portions of the map, while the Sentolo Formation occupies the lower sections.
Most landslides in the study area occur within the Kebobutak Formation, making it the most vulnerable zone to slope
failures. This heightened susceptibility is due to a combination of geological, topographical, and hydrological factors.
The Kebobutak Formation is composed of sandstone, silt, clay, tuff, and agglomerate, which are inherently weaker
compared to the marl, limestone, and agglomerate that constitute the Sentolo Formation. Clay and silt layers tend to
retain water, leading to increased pore water pressure during rainfall, while tuff and agglomerate weather easily, breaking
down into weaker materials over time. The high permeability of sandstone and tuff facilitates significant rainfall
infiltration, often creating perched water tables that destabilize slopes. In contrast, the Sentolo Formation is less
susceptible to landslides. Its materials, particularly limestone and marl, are more durable and resistant to weathering.
Additionally, the low permeability of limestone and marl reduces pore pressure buildup, contributing to greater slope
stability. The topographical differences also play a key role in slope stability. The Kebobutak Formation is characterized
by relatively steep slopes and higher topographic values compared to the Sentolo Formation. These steeper slopes
amplify gravitational forces, further reducing the stability of the terrain. Together, these factors explain why most
landslides occur within the Kebobutak Formation.

5.2. Landslide Susceptibility Zonation with a Combination of TRIGRS and Flow-R

Based on the identification of the landslide source area with TRIGRS combined with DEM data, Flow-R is then run
to model the run-out. Only the very high and high classes are used as landslide source areas in Flow-R; this is because
those classes have SF below 1.2, which is categorized as an unstable slope. The result of the TRIGRS-Flow-R
susceptibility modeling is shown in Figure 11. The susceptibility zonation map was divided into four classes, namely:
very high (red), high (magenta), moderate (yellow), and low (green).
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Figure 11. TRIGRS-Flow-R Debris Flow Susceptibility Zonation

Figure 11 shows a wider unstable area compared to (Figure 9) because of the run-out modeling with flow-R. In
summary, the unstable area increased from 1042 ha to 1506 ha, while the stable area decreased accordingly. The addition
of 464 hectares of unstable area is attributed to the possibility that a landslide could trigger a debris flow, as modeled by
Flow-R. The direction of landslide material follows the contour, flowing toward areas with lower slopes. The study area
is located in a mountainous region characterized by high topography and steep slopes, which significantly influence the
run-out behavior of landslide material. Steeper slopes provide greater gravitational force, allowing the landslide
materials to travel faster and farther. High topographic relief further amplifies the potential energy available to debris,
resulting in extended run-out distances. As the material descends, it often follows natural channels or gullies, spreading
further when it reaches flatter terrain.
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The AUC value for this combined landslide susceptibility map increased from 0.679 to 0.728, as shown in Figure
12. This result also indicated that the combined landslide susceptibility map correlates better with the landslide
inventories. Based on Yang & Berdine [52], an AUC value of 0.728 indicates an “excellent” correlation between the
landslide susceptibility map and landslide events, while an AUC value of 0.679 only gives an “acceptable” correlation.
The additional unstable area in the susceptibility zonation is the primary factor contributing to increasing the AUC value.
The integration of run-out modeling makes the landslide's impact wider, which is not considered in standard landslide
susceptibility zonation. In run-out modeling, besides topography and slope, other parameters contributing to the
susceptibility zonation expansion include soil characteristics such as friction angle and flow mobility. These parameters
are critical in determining how far and in which direction the landslide material travels. A lower friction angle indicates
weaker resistance to movement, allowing debris to travel further downslope, while high flow mobility enables the
material to spread out over a wider area, particularly in flatter terrains or channels. When combined with steep slopes
and high topography, these factors significantly influence the accuracy of run-out predictions and, consequently, the
overall susceptibility zonation. This integration ensures that areas previously considered stable in standard susceptibility
zonation are now recognized as potentially unstable due to their proximity to potential run-out paths. This holistic
approach improves the model's predictive performance, as reflected in the increased AUC value, and enhances its
applicability for disaster risk management and mitigation planning, particularly in mountainous regions with complex
topography.
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Figure 12. AUC for TRIGRS-Flow-R Debris Flow Susceptibility Zonation

5.3. Discussion

Landslide susceptibility zonation is one of the simplest ways to identify areas prone to landslide hazards. Several
methods can be used to create landslide susceptibility zonation. According to Do et al. [11] at least three methods are
commonly employed: Heuristic, Statistical, and Deterministic. Among these, the heuristic approach is the most
generalized, suitable for covering broader areas but with less detail. In contrast, while requiring more extensive data, the
deterministic method provides the most detailed results, making it the most effective approach for generating landslide
susceptibility zonation in smaller areas where precise data can be obtained. TRIGRS is a deterministic method that
calculates the Safety Factor (SF) to determine susceptibility zones. Several researchers have explored combining Flow-
R with various landslide initiation models, yielding promising results. Do et al. [11] compared landslide susceptibility
zonation generated using a combination of Analytical Hierarchy Process (AHP), Weights of Evidence (WoE), and
Logistic Regression (LR) with Flow-R. In this approach, AHP, WoE, and LR were used to identify landslide initiation,
while Flow-R was used to propagate the run-out.

Similarly, Rahman et al. [16] combined AHP with Flow-R to create a landslide susceptibility zonation. However,
the combination of TRIGRS and Flow-R to generate landslide susceptibility zonation has not been done before. This
study explores this novel approach, integrating TRIGRS to identify landslide initiation zones and Flow-R to model the
run-out, providing new insights into creating more accurate and detailed landslide susceptibility zonation. (Figure 13)
summarizes studies that have attempted to combine AHP, WoE, LR, and TRIGRS with Flow-R to create landslide
susceptibility zonation.

Based on Figure 13, the best AUC result comes from the combination of AHP-Flow-R by Rahman et al. [16], with
an AUC value of 0.980. Following this are the combinations of WoE-Flow-R and LR-Flow-R, which achieved AUC
values of 0.882 and 0.865, respectively. Next is the combination of AHP-Flow-R by Do et al. [11], with an AUC value
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of 0.829. Notably, although both studies used the same AHP method, their AUC results differ. This condition is likely
due to different conditions of the research area, the quality of the landslide inventory data, or the various parameters
used to establish the landslide susceptibility zonation. In summary, all four studies above show very good AUC results,
with values above 0.8, indicating an outstanding correlation between the landslide susceptibility zonation and the
landslide inventory [38].

m AUC (landslide initiation) = AUC (combine with FlowR)
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Figure 13. Previous study in combination of AHP, WoE and LR with Flow-R

The TRIGRS method used in this study showed an AUC value of 0.679, which is considered an “acceptable”
correlation between the model results and the landslide inventory [52]. However, TRIGRS had the lowest AUC
compared to other methods used for landslide initiation. This result was unexpected, as deterministic methods like
TRIGRS typically yield higher AUC values than heuristic methods like AHP, WoE, and LR. The data quality used in
the deterministic model likely impacted the results. The process of collecting field data was less than ideal due to the
challenging terrain in the research area. Due to challenging field conditions, soil sampling, groundwater level
observations, and soil thickness measurements could only be conducted at a limited number of points. The tropical
climate in the research area led to dense vegetation cover, making accurate soil thickness measurements difficult. Soil
sampling was performed using simple manual tools, such as tubes inserted into the ground, as illustrated in (Figure 4.a).
This method restricted sampling to shallow depths of less than one meter and limited the locations where samples could
be collected.

Similarly, groundwater level measurements were only possible at sites with existing wells or springs, further limiting
the spatial coverage of the data. The uneven distribution of sampling locations, combined with the small number of data
points, resulted in an incomplete representation of the study area (Figure 5). To address this problem, we averaged the
data collected from the field and used it as a single representative value for the entire area. This approach, however, may
have contributed to the unexpected performance of TRIGRS, as the use of averaged data likely reduced the accuracy of
the model's predictions.

Despite these limitations, the integration of TRIGRS with Flow-R in this study improved the overall model
performance. The combined TRIGRS-Flow-R model produced an AUC value of 0.728, which is a significant
increase compared to using TRIGRS alone, with an AUC value of 0.679. The nearly 0.05 increase in AUC was a
very significant improvement compared to other studies listed above. Other studies demonstrated only small
increases in AUC values. The smallest improvement was seen in the LR-Flow-R combination, with an increase of
just 0.007. Followed by the combination of AHP-Flow-R by Rahman et al. [16] with a 0.02 increase. The
combinations of WoE-Flow-R and AHP-Flow-R by Do et al. [11] showed slightly higher increases, at 0.022 and
0.023, respectively. These findings suggest that, among the various methods tested, the TRIGRS-Flow-R
combination is particularly effective, offering promising results that could be replicated in other regions. This
improvement highlights the potential of combining deterministic models like TRIGRS, which excel in identifying
initiation zones, with Flow-R, a tool that is effective for modeling the run-outs.

Another issue in establishing landslide susceptibility zonation is that many stable areas are incorrectly classified as
unstable (False Positive Rate / FPR), leading to an overestimation of landslide susceptibility zonation. This condition
can raise another problem, such as eroding trust in the model’s predictions, increased costs for infrastructure
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development in areas that are not hazardous, and even reducing the overall efficiency of risk mitigation strategies. In
order to overcome this problem, field verification and community-based approaches can be applied. Field verification
involves conducting on-site assessments to validate areas categorized as unstable by the model. This process provides
ground-truth data, helping to identify and correct inaccuracies in the susceptibility zonation and improving its reliability
by incorporating real observations. Additionally, community-based approaches leverage local knowledge about
historical landslides, terrain conditions, and other contextual factors that the model might not capture. Engaging local
communities in the verification process of landslide susceptibility assessment improves the accuracy of the landslide
susceptibility zonation and fosters trust and collaboration between stakeholders. By combining field verification with
community input, false positives can be reduced, ensuring that the landslide susceptibility zonation is accurate and
practical for application.

6. Conclusion

This study addresses the critical need for improved landslide susceptibility zonation, particularly in mountainous
regions characterized by steep slopes and high rainfall intensity. Standard landslide susceptibility models often focus
solely on identifying landslide-prone areas without considering secondary hazards, such as the propagation of landslide
material, which can exacerbate the impact. In order to address this limitation, this research integrates hydrological and
geotechnical modeling (TRIGRS) with run-out analysis (Flow-R) to provide a more comprehensive assessment. The
results demonstrate that TRIGRS effectively identifies landslide-prone areas, achieving an AUC value of 0.679, which
is considered acceptable. However, landslides often extend beyond their initiation points due to material propagation
triggered by rainfall. By incorporating Flow-R to simulate run-out modeling, the AUC value increased to 0.728,
indicating enhanced accuracy and a better correlation between the susceptibility map and landslide inventories. This
improvement underscores the importance of including run-out modeling to capture the full extent of potential landslide
impacts.

While the integration of run-out analysis improves model accuracy, it also increases the size of the unstable zone,
which leads to a higher False Positive Rate (overestimating the landslide susceptibility zone). In the case of disaster
mitigation efforts, taking preventive steps against the risk of disaster threats would be better. In this case, making a
landslide susceptibility zonation map with the addition of landslide material propagation is a wise choice. To minimize
the False Positive Rate, field-based validation and community-based participatory mapping are recommended. These
strategies not only improve the accuracy of susceptibility zonation maps but also enhance their practical usability,
supporting local disaster preparedness initiatives. In conclusion, a combined approach of TRIGRS and Flow-R sets a
benchmark for future studies and provides valuable insights into improving landslide susceptibility zonation, particularly
in regions prone to cascading hazards.
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