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Abstract

Physically-based model is an important method for refined assessment of landslide hazard at large scale. The traditional
infinite slope model homogenizes the slope’s structure and morphology, discretizing the slope into grid units and neglect-
ing the interactions between different parts of the slope. However, slope units constitute the fundamental elements for
stability analysis of natural slopes. Moreover, landslide bodies or slopes prone to landslides exhibit significant spatial
heterogeneity. In order to realize the landslide hazard assessment in slope units, this study proposes a physically-based
model called representative profile model (RPM). RPM takes the slope unit as the assessment unit and couples the slope
surface morphology, Quaternary deposits thickness and ground water level. In order to represent the information of the
slope unit within a single cross-section, the elevation range of the slope unit is divided with a uniform interval into some
elevation segments. Each segment is assigned the average grid values of its respective elements. Then, a representative
profile can be generated, consisting of ground surface, sliding surface, and ground water level. RPM also integrates the
slices method and the Monte Carlo method to calculate the failure probability, allowing a physically-based hazard assess-
ment in slope unit at a large scale. This study automates the process of RPM model through secondary development of
ArcGIS. RPM model were applied in Tiefeng Township, Chongqing, China. The results validated by ROC curves and
field investigation represent good performances, which could provide evidence of the potential of RPM for the landslide
hazard assessment at regional scale.

Keywords Landslide hazard assessment - Large scale - Physically based model - Slope unit - ArcGIS secondary
development
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the results of the susceptibility assessment to complete the
hazard zoning. This method first analyses the spatial prob-
ability of landslide occurrence based on geological condi-
tions or mathematical models (Guzzetti et al. 2000; Zhou
et al. 2024) and then solves for the temporal probability
of landslide occurrence by combining historical landslide
inventories and events such as rainfall or earthquakes that
induce landslides, and finally multiplying the spatial and
temporal probabilities to obtain the landslide hazard (Lom-
bardo et al. 2020). Currently, many studies are focusing on
the comparison of susceptibility modeling methods based
on machine learning (Chen et al. 2021; Xie et al.2021; Kim
et al. 2021; Pradhan et al. 2023; Yang et al. 2023; Yang et al.
2024; Agboola et al. 2024), aiming to improve the accuracy
of hazard evaluation by improving the accuracy of suscepti-
bility assessment (Liu et al. 2021; Chang et al. 2023; Achu
etal. 2023). However, such methods do not consider enough
the physical mechanism of the landslide occurrence process,
and only focus on the relationship between characteristic
indexes and landslide occurrence, and the interpretability of
their evaluation results is insufficient (Merghadi et al. 2020;
Goetz et al. 2015; Yu et al. 2024; Vandromme et al. 2020).
The accuracy of this method relies on a large amount of his-
torical landslide data and extremely high data accuracy, and
for this reason, a large number of studies have focused on
landslide data logging (Xu et al. 2014; Al-Najjar et al. 2021;
Woodard et al., 2025).

Currently, physically-based methods have also been
introduced from single landslide stability analysis to land-
slide hazard assessment at a regional scale. This type of
method has a clear physical-mechanical model and does not
rely on historical landslide inventories which are rare and
difficult to obtain worldwide (Marin et al. 2021; Liu et al.
2023; Thomas et al. 2023). The assessment results of phys-
ically-based models are highly interpretable because they
can be verified by historical landslides (Peres et al. 2018; Ji
et al. 2025).

The majority of physically-based models are based on
the limit equilibrium method (LEM) or numerical simu-
lation method (NSM) that use geotechnical constitutive
models, simplifying the landslide or slope to a one-dimen-
sional (1D) infinite slope, a two-dimensional (2D) profile,
or a three-dimensional (3D) model and expresses landslide
hazards by safety factors or failure probabilities (Michel et
al. 2014; Van den Bout et al. 2021). In general, 1D infinite
slope theory is adopted by most physically-based models
applied to regional landslide hazard assessment. The ones
that are being employed more frequently among these 1D
physically-based models are SHALSTAB (Michel et al.
2014; Wang et al.2020), SINMAP (Lin et al., 2021), TRI-
GRS (Alvioli et al. 2016), and FSLAM (Guo et al. 2022;
Durmaz et al. 2023; Cui et al. 2024a, b). The infinite slope
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model takes the grid as the fundamental unit to calculate
the stability factor of each grid unit, without considering
the interactions with surrounding units (Tran et al. 2018;
He et al. 2021; Oguz et al. 2022). It allows for very fast
calculations and is suitable for infinite plane slopes of
similar soil thickness (Zhuang et al. 2017; Wu et al. 2015).
However, this method is not suitable for high precision
landslide hazard assessment as it ignores changes in slope
surface and soil thickness (Viet et al. 2017). The 2D profile
method is the preferred method for analyzing the stabil-
ity of a single landslide, which is based on detail survey
data and calculates the slope stability or failure probabil-
ity using slice splitting and LEM. The method itself has
been relatively mature while the high cost of obtaining
landslide structure information is still the main reason that
restricts the promotion of this method at a regional scale
(Thiebes et al. 2014). 3D models are commonly employed
for assessing the hazards of individual landslides due to
the complex computational processes involved when using
numerical simulation models (NSM) or improved LEM.
Currently, Scoops 3D (Rashid et al. 2020; Liu et al. 2024a,
b; Xue et al. 2024; Mergili et al. 2014; Palazzolo et al.
2021) and other models reduce the landslide’s sliding sur-
face to a straight plane or ellipsoid for computation, which
is out of step with the landslide’s actual circumstances and
has a low calculation efficiency.

However, despite these advances, existing physically
based models still face challenges in simultaneously cap-
turing the three-dimensional geological complexity of slope
units, representing spatial heterogeneity in soil thickness
and topography, and maintaining computational efficiency
for regional-scale mapping. To address this gap within the
specific context of colluvial landslides, we propose the
Representative Profile Model (RPM), a two-dimensional
physically based framework that distills three-dimensional
slope-unit information into a single, high-fidelity represen-
tative profile. RPM is designed primarily for slopes com-
posed of loose Quaternary colluvial deposits, where the
potential sliding surface typically develops near the inter-
face between the colluvium and the underlying bedrock. The
model generates multiple segmental lines across each slope
unit to capture variations in colluvial thickness, groundwa-
ter level, and surface morphology, and then averages these
data to construct a representative cross-section. This profile
is analyzed using the residual thrust method coupled with
Monte Carlo simulation to estimate the failure probability.
By reconciling detailed geomechanical characterization
with computational efficiency comparable to one-dimen-
sional models, RPM provides a physically interpretable
and spatially explicit tool for regional-scale assessment of
colluvial landslide susceptibility and hazard, rather than for
deep-seated or structurally controlled rockslides.
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Methodology
Representative profile model

The Representative Profile Model (RPM) (Fig. 1) is a newly
developed physically based model designed for regional-
scale assessment of colluvial landslides. By abstracting the
three-dimensional geological information of slope units into
two-dimensional representative profiles, RPM enables effi-
cient and physically interpretable slope stability analysis.
The model integrates the digital elevation model (DEM),
groundwater level, and Quaternary deposit thickness to
determine the potential slip direction and segment each
slope unit according to elevation. These segments are then
used to construct two types of representative profiles: (i) a
double-line profile, composed of the ground line and slip
surface, which is used for landslide susceptibility assess-
ment; and (ii) a triple-line profile, consisting of the ground

DEM

Groundwater level

line, slip surface, and saturation line, which incorporates
groundwater level and is used for landslide hazard assess-
ment. Through these profiles, RPM effectively captures both
topographic relief and internal structural variability within
each slope unit.

We have carried out a secondary development of ArcGIS
using the C#.NET framework to build the Representative
Profile Model (RPM) into an automated analysis pro-
gram (Fig. 2). The graphical user interface (GUI) of RPM
integrates all functional modules required for large-scale
slope stability analysis. The software enables automatic
extraction of essential data—including the digital eleva-
tion model (DEM), groundwater level, and Quaternary
deposit thickness—within each slope unit, and performs
slope segmentation, geometric parameter calculation, and
representative profile generation in an integrated environ-
ment. Specifically, RPM includes (i) the slope unit seg-
mentation and data processing modules (Fig. 2a, b,c),

Soil thickness R s 4

v — . Potential Slip Direction

3]

—— Ground Line

Potential Slope
slip unit
direction segmentation

Fig. 1 Sketch map of RPM (Left: data inputs including DEM, ground-
water level, and soil thickness; middle: extraction of potential slip
direction and slope-unit segmentation; right: generation of double-line

vy .— Potential Slip Direction

[a]

—— Ground Line
—— Slip Surface

Susceptibility Assessment

|

—n Potential Slip Direction

3 —— Ground Line

—— Saturation Line
Slip Surface

Low :385

and triple-line representative profiles used for landslide susceptibility
and hazard assessment.)
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Fig.2 Graphical user interface (GUI) of
the RPM (a-b: interfaces for generating
segmented lines and dividing slope units;
c: interface for automatic data extrac-
tion and processing; di—d:: modules for
double-line profile generation and failure
probability calculation; ei—ez: modules
for triple-line profile generation and
failure probability calculation)

@ Springer
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which automatically generate segmented lines, divide
slope units, and extract geometric attributes such as aver-
age aspect, slope, and elevation; (ii) the double-line profile
generation and calculation modules (Fig. 2d:, d2), which
exclude groundwater influence and are used for landslide
susceptibility assessment; and (iii) the triple-line profile
generation and calculation modules (Fig. 2e1, e2), which
incorporate groundwater level and are applied for landslide
hazard assessment. This design allows the entire modeling
workflow—from data preparation to failure probability
computation—to be completed efficiently and reproduc-
ibly within a single platform.

Figure 3 shows the overall workflow of the Represen-
tative Profile Model (RPM), which consists of four main
stages. First, the required datasets—including slope units,
digital elevation model (DEM), Quaternary deposit thick-
ness, and groundwater level—are prepared as the funda-
mental inputs for regional slope stability analysis. From

Step 1:DataPreparation = e e

Schematic diagram of key steps

these datasets, additional terrain attributes such as aspect
and slope gradient are derived to support hydrological and
geometric analyses. Second, the slip direction of each slope
unit is determined based on its average aspect, and the slope
is subdivided into multiple elevation segments accord-
ing to topographic relief. These steps define the geometric
framework required for constructing representative profiles.
Third, the intersection points between the slip direction line
and elevation segments are used to generate the representa-
tive profiles. For each segment, the average soil thickness
and groundwater level are computed, enabling the creation
of double-line and triple-line profiles that respectively rep-
resent unsaturated and saturated conditions. Finally, the
stability of each slope unit is evaluated using the limit equi-
librium method (LEM) combined with the Monte Carlo
method to estimate the failure probability. The resulting
susceptibility and hazard maps provide a physically based
assessment of landslide potential across the study area.
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Slope units’ segmentation and information extraction

The average aspect of a slope unit can, to some extent, rep-
resent its potential sliding direction. Once the potential slid-
ing direction of a slope unit has been determined, there are
numerous parallel potential sliding lines in the internal space
(Fig. 4b). The profile of RPM should be obtained from the
most representative potential slip direction line, which sets
a constraint on the potential sliding line’s spatial placement
inside the slope unit. The potential sliding direction lines
are generated through the following way in the automated
program we developed for RPM:

1. Calculate the average of the aspect values for all raster
within each slope unit.

2. Create an average aspect line EF along the slope unit’s
average aspect, and then create an enclosing rectangle
ABCD of the slope unit (Fig. 4a), with the short side
perpendicular to EF.

3. Join the midpoints of the lines AB and CD, MN, to gener-
ate the slope unit’s representative profile line (Fig. 4b).

The infinite slope model assumes the ground line and slip
surface are two parallel straight lines, ignoring the slope’s
true topographic relief. RPM proposed in this paper

divides the slope unit into several segments by construct-
ing segment lines, so that the profile shapes of different
height zones of the slope unit can be accurately charac-
terized. In theory, the more segmental lines there are, the
closer the representative profile is to the actual slope shape
(Fig. 5). The segmental lines are constrained by the fol-
lowing requirements: (i) they are perpendicular to the
potential sliding direction lines; (ii) they are located within
the slope unit and intersect the slope unit boundary; and
(iii) The number of segment lines is n. The intersection of
the segment lines with the potential sliding direction lines
should divide the potential sliding direction lines equally
into n+ 1 segments.

Once the slope units have been segmented, several pieces
of information need to be extracted from each segment to
provide the necessary data for the subsequent generation
of the representative profiles. The information extracted in
this step are mainly the average thickness of the Quater-
nary deposits, the average depth of ground water, and the
average longitudinal length in each segment. The average
thickness and depth of ground water are extracted from
a raster-based mapping of the Quaternary deposits thick-
ness and the ground water depth. The average longitudinal
length is the distance between the intersection of the seg-
mental line and the potential slip direction line.

Fig. 4 Determining the position of the representative profile line

@ Springer

Slope Unit

———p Potential Slip Direction

———>p Representative Profile Line




Bulletin of Engineering Geology and the Environment (2026) 85:70

Page70f28 70

Y

O
|
|
I
|
|
|
|
|
|
|
|
|
|
|
|
|

|
|
|
|
|
|
I
|
|
|
|
I
|
|
|
|
I
|

Ground Line(n=2)

Ground Line(n=3)

Ground Line(n=4)

---------------- Actual Ground Line

|
| |
| |
I |
| |
| |
| |
| |
| |
| |
| |
| |
| |

0 L/4 L/3 L2|/5

Fig.5 Sketch map of segmental lines (n is the number of segmental lines)

Representative profile generation
Double lines representative profile

Double lines representative profile (Fig. 6) is made up
of a ground line and a slip surface. Based on this type
of profile, stability and failure probability can be calcu-
lated for each slope unit under natural conditions. As the
regional landslide hazard susceptibility assessment is an
analysis of the probability of occurrence for landslides
under basic disaster-prone geological environmental con-
ditions, it is not necessary to consider the influence of

L/2 3L/5

|
|
|
| I
.
| |
I I
1 | |
2L/3 3L/4 4L/5 L X

dynamic triggering factors, such as rainfall. Therefore,
the failure probability calculated from the double line
representative profile can be applied to the landslide sus-
ceptibility zoning.

The RPM uses the slope unit as the basic unit for the over-
all slope stability calculations. It assumes that the potential
sliding surface intersects the slope at its leading and trail-
ing edges, specifically at points P1 and P4. The ground line
consists of the two endpoints of the potential slip direction
line and the intersection of the mean slope line and the seg-
ment line, the vertical coordinates of each point being the
corresponding DEM value.

@ Springer
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Fig.6 Sketch map of double-line
representative profile (a: slope-
unit segmentation; b: initial slip
surface—blue line shows ground
line shifted downward by each
segment’s mean Quaternary-
deposit thickness hi, hz, hs—and
smoothed slip surface shown by
the orange line with transition
points M and N; ¢: slice divisions,
slices 1-7)
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The initial slip surface was determined by translating
each segment of the ground line downward by the aver-
age thickness of the Quaternary sediments in that seg-
ment. These segments are represented by the blue lines
Q,Q,, Q,Q;, and Q,P, in Fig. 6b. However, the segments
of the initial slip surface did not connect seamlessly. To
address this, the RPM introduced transition points (M and
N in Fig. 6b) to smooth the surface. Transition point M is
located at the midpoint of the line segment M;M,, where
M1 is a point on Q;Q,, and the distance M;Q, is 1/9 of
Q,Q,. The other transition points are determined similarly.
This empirically determined ratio provides a smooth tran-
sition and stable surface geometry without significantly
altering the original slip surface shape. The other transition
points are defined in the same manner.

Triple lines representative profile

For rainfall-induced landslides, the hydrological response
is an important factor affecting landslide stability. In order
to characterize the influence of hydrological factors on
slope instability, RPM adds saturation lines to the double
lines representative profiles to form triple lines represen-
tative profiles (Fig. 7). The shear strength parameters in
the saturated state are used in the stability calculations for
those parts of the slices located below the saturation line,
while the shear strength parameters in the natural state are
used for those parts of the slices located above the satura-
tion line. Furthermore, in stability calculations, RPM con-
siders the effect of hydrodynamic pressure. Following the
determination of the factor of safety, the failure probability
P, for each slope unit under various rainfall conditions
is solved using the Monte Carlo method as the basis for
landslide hazard zoning.

The saturation line in the triple lines representative profile
is generated using ground water level raster data obtained
through TRIGRS, a USGS slope stability analysis program
based on the infinite slope model. TRIGRS calculates the
ground water level in the study area after a rainfall event
based on input conditions such as initial ground water level,
rainfall intensity, rainfall duration, and infiltration rate (Saa-
datkhah et al. 2016). The results of TRIGRS may have nega-
tive ground water levels, meaning that there is an overflow
of ground water at the raster. If the average ground water
level in a section of the slope unit is negative, our program
sets the saturation line corresponding to that section of the
cell to be consistent with the ground line. Additionally, in
the triple lines representative profile, the saturation line is
determined using the same method as for the slip surface
(see subsection 2.3.1).

Slope failure probability analysis method

RPM employs the residual thrust method for assessing slope
stability, incorporating dynamic water pressure to account
for ground water effects within the traditional residual thrust
equations (Ozbay et al., 2015; Huang et al. 2025) (Fig. 8).
The residual thrust method is based on several simplify-
ing assumptions, including a pre-defined slip surface, rigid
body failure, homogeneity of soil properties along the slip
surface, and two-dimensional analysis (Duncan et al., 2014;
Abramson et al., 2001). Building upon the classical factor
of safety analysis, RPM also integrates the Monte Carlo
method to enhance the reliability of slope unit failure prob-
ability calculations.
The factor of safety F can be described by Eq. (1) :

n—1

n—1
R [ 11%; | + Rn
j=1

i=1

FS: n—1 n—1 (1)
S Ile ] +1n
i=1 j=1

Where R; is the anti-sliding force of the slice ¢, T is the
slip force of slice 7, and ¥ ; is the transfer coefficient when
the residual sliding force of slice ¢ is transferred to slice
1+ 1 (i =j). These two variables can be described by
Eq. (2) ~ (4), respectively.

Ri = Nitampi + Clll (2)
T; = Wisind ; + Fsycost ; 3)

Yj =cos(0;—6;41)— sin 4
(0 —0is1)tang @

Where W, is the weight of slice i, 6 ; is the angle of incli-
nation of the bottom of slice ¢, N, is the component force
of slice 7 in the normal direction of the slip surface, and Fy
is the hydrostatic pressure. These variables can be described
by Eq. (5) to (8) respectively.

N; = Wicost ; — Fypsinae — Fyy, 5)
Fop = ,sina (6)
Fopy =7 Vi Q)
Wi =7 Viu +7 satVid ®)
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{ Fig. 7 Sketch map of triple-line representative profile (a: the yellow
line is the segmentation line dividing the slope unit into three seg-
ments, the blue line with black arrows represents the potential sliding
direction; b: the black line represents the ground line, the blue line
represents the smoothed infiltration line, the orange line represents the
smoothed slip surface, the light blue shading represents groundwater)

Where ¢; is the cohesion of the rock and soil body on the
slip surface of slice i, ¢ ; is internal friction angle of slice
i, l; is the length of slice ¢, Fyy, is the pore water pressure
at the bottom of slice ¢, v, is the water weight, V, is
the volume above the saturation line of slice 7, V;4 is the
volume below the saturation line of slice ¢, v is the natu-
ral weight of the geotechnical body, and + ,,; is saturated
weight of the geotechnical body.

The Monte Carlo approach (Li et al. 2022), a statistical
simulation method that repeatedly samples random vari-
ables to estimate the probability of a given outcome, is
incorporated into the automatic analysis program devel-
oped for RPM. Users can specify the number of simu-
lations N, and the program automatically assigns N
random shear strength parameters following a normal dis-
tribution, then calculates N corresponding stability fac-
tors F using the residual thrust method. The number of
cases where Fs < 1isdenoted as M, and the failure prob-
ability is estimated as Eq. 9.

M
Study area and data

Geologic setting and distribution of landslides

The study area is located in Tie Feng Township, north of
Wan Zhou District, Chongqing, with longitude 108°20"34"
to 108°26'59" east and latitude 30°55'31" to 31°00'18"
north (Fig. 9). Tie Feng Township is 11.76 km long from
east to west and 5.28 km wide from north to south, with
a total area of 52.18km”. The climate in the study area is
subtropical monsoonal moderate and humid, with plenty
of sunshine and rainfall. The area was selected as the study
site mainly because of its high data availability and rep-
resentativeness of rainfall-induced colluvial landslides
in southwestern China. Specifically, Tie Feng Township
provides well-documented geological, hydrological, and
geomorphological datasets—including a detailed landslide
inventory, over 1200 Quaternary deposit thickness mea-
surements, and comprehensive rainfall records—which
are essential for calibrating and validating the proposed
physically based model.

The north-south profile of the study area forms a dis-
tinct “V” shape (Fig. 9b), with the central valley dividing
it into an anaclinal slope on the north side and a cataclinal
slope on the south. The Triassic (T), Jurassic (J), and Qua-
ternary (Q) formations are exposed in Tie Feng Township,
and their orientation is nearly east-west. The Triassic
outcrops include the fourth section of the Badong Forma-
tion (T,b,), consisting chiefly of marl and shale, and the
Xujiahe Formation (T,Xj), dominated by detrital quartz
sandstone, silty mudstone, and shale. The Jurassic, from
oldest to youngest, comprises the Pearl Chong Formation
(J,z), characterized by detrital quartz sandstone, mud-
stone, silty mudstone and shale; the Ziliujing Formation
(J,,2), featuring quartz sandstone, bioclastic sandstone,
rudaceous limestone and shale; the Xintiangou Formation
(J,x), made up of detrital quartz sandstone, shale and silty
mudstone; and the Lower Shaximiao Formation (J,xs),
dominated by detrital quartz sandstone, mudstone and
locally calcareous mudstone.

The study area lies on the northwestern flank near the
hinge of the Tiefengshan anticline (Fig. 9¢), which trends
50°@70° with its axis convex toward the NNW; the hinge
zone is occupied by T,b strata. Both flanks expose units
from J, ,z to J,xs: the northwestern flank dips 8°@30°
(locally up to 47°), while the southeastern flank dips
45°@87°, with beds near the axis generally steep to over-
turned. Due to the differences in geological environment,
the composition and thickness of the Quaternary deposits
(Q) vary in the study area.

There are 23 colluvial landslides in the study area, as
identified in the regularly updated landslide inventory col-
lected from the local government. The landslides range
in size from 984.97 m? to approximately 1.04 x 10¢ m2.
The landslide material mainly consists of colluvial depos-
its and landslide deposits. The sliding surface of colluvial
landslides is at the boundary between bedrock and overly-
ing Quaternary deposits. Some landslides have been inves-
tigated through drilling, with the sliding body thickness
ranging from 2 m to 10 m, classified as medium-thickness
and shallow landslides. The dip directions of the strata
in the study area are approximately 330°. The southern
slopes are mostly consequent slopes, while the northern
slopes are predominantly reverse slopes. Therefore, the
majority of the landslides in the study region are on the
south side of the study area, in the consequent slope areca
(18 landslides). Only a few smaller landslides are found
on the north side of the study area’s reverse slope (5 land-
slides). The slopes of the colluvial landslides in the area
generally range from 10° to 20°, with varying degrees of
topographical undulation. Topography is the main factor
controlling landslide boundaries. The lateral boundaries
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of landslides often develop along valleys. Rainfall is the
primary trigger for landslides in the study area, with most
landslides experiencing instability or rapid deformation
during heavy rainfall periods. Some landslides are influ-
enced by road cutting.

In addition to colluvial slides, the study area expe-
rienced a major translational rockslide on 5 September
2004 (Fig. 9a). While an exceptionally intense rainfall
event (200 mm/day) provided the initial trigger, the pri-
mary driver was toe cutting during road-construction exca-
vation at the slope’s front edge. This failure was further
aggravated by the underlying dip-slope structure and the
presence of soft, interbedded rock layers on the southern
flank. The resultant debris has since remained a readily
mobilizable source for downstream soil-slide activity. In
the aftermath, local authorities recognized that unregu-
lated, large-scale engineering works significantly height-
ened landslide risk. They therefore implemented stringent
management measures, and, owing to these controls, no
similar incidents have been recorded in the years that fol-
lowed. Moreover, Du et al. (2025) demonstrate that the
construction of rural roads in Tiefeng Township has led
to the formation of numerous steep rock slopes; the exca-
vation process fractures the rock masses on these slopes,
generating large volumes of unstable rock and triggering
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rockfalls. As for debris flows, or earth flows, none have
been recorded in the local government’s disaster inventory.
Overall, rainfall-induced colluvial landslides remain the
dominant hazard type in the study area. Accordingly, the
RPM model was specifically developed and calibrated to
simulate this type of failure. The choice of this study area
is therefore appropriate for evaluating the performance
and applicability of RPM.

Slope units

Since grid cells do not account for the entirety of a landslide,
the RPM uses slope units as the fundamental units of analy-
sis. Slope units are considered to be watersheds delineated
by ridge lines and valley lines (Xie et al. 2014; Zeng et al.,
2024; Xiao et al., 2020; Zhang et al., 2024). In this study, a
total of 1237 slope units were generated using hydrological
analysis methods (Alvioli et al. 2020; Yan et al. 2017; Huo
et al., 2011) within the ArcGIS environment (Fig. 10). The
average size of the slope units was 0.0334 km?, with the vast
majority being smaller than 0.05 km?. Among the 23 land-
slides identified, the smallest area was 9.85 % 10 km?, the
largest was 1.04 km?, and the average area was 0.03 km?.
Thus, the slope units generated in this study are dimension-
ally consistent with the landslides.
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Fig.9 The study area and distribution of landslides (a: Distribution of landslides and geological formations in the study area; b: A—A’ profile show-
ing the lithological units within different strata of the study area; ¢: Geological structures of the study area)

Field investigation of quaternary deposits

The Quaternary deposits in the studied area are very well
developed, however, the types and thickness of the depos-
its vary greatly in terms of spatial distribution. Quaternary
deposits are extensively developed in the study area, but
their types and thicknesses vary greatly across the region.
The Quaternary deposits are mainly classified into two cat-
egories: residual deposits, and landslide and collapse depos-
its. Residual deposits are continuously distributed along
the crest and upper to middle portions of the dip slopes on
the southern side of the study area. Due to well-developed
surface vegetation in these areas, surface runoff has limited
erosive and transport capacity, so the thickness of resid-
ual deposits is closely related to the underlying bedrock

lithology. Softer rocks (such as siltstone interbedded with
mudstone, or shale) tend to produce thicker residual depos-
its, while harder rocks (such as quartz sandstone) are asso-
ciated with thinner residual layers. Residual deposits are
generally dense, fine-grained, and have a high soil-to-rock
ratio (Fig. 11b). Collapse deposits are mainly distributed on
the western side of the study area, where the alternation of
soft and hard strata, together with favorable lateral free-face
conditions, promotes their formation. Collapse deposits are
characterized by loose structure, a high proportion of rock
fragments, and significant heterogeneity (Fig. 11a). Over-
all, due to lithological differences, areas underlain by softer
rocks are characterized by gentler slopes and thicker col-
lapse deposits, whereas areas with harder rocks have steeper
slopes and thinner collapse deposits.
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Fig. 10 Slope units of study area

To study the spatial distribution of Quaternary deposits
thickness in Tie Feng Township, 1211 Quaternary depos-
its thickness sample points were collected in the study area
during the field investigation (Fig. 11). Considering the
objective differences in shear strength parameters for differ-
ent types of Quaternary deposits, we have taken the values
of shear strength parameters for different types of deposits
based on previous survey data (Wang et al. 2020a, b; Xiao
et al. 2020) in the area as shown in Table 1.

Results
Quaternary deposits thickness
In the RPM, the accuracy of the Quaternary deposits thick-

ness data will directly affect the reasonableness of the slices
in the calculated profile of each slope unit, which in turn

@ Springer

affects the accuracy of the final stability calculation results.
Therefore, this paper proposes a coupled data mining and
machine learning approach to obtain the accurate spatial
distribution of the thickness of the Quaternary deposits in
the study area.

Firstly, 13 factors that may affect the distribution of
the thickness of the Quaternary deposits were proposed,
and then the correlation was analyzed using the Maximal
Information Coefficient (MIC), which measures both linear
and nonlinear relationships between variables, with higher
MIC values indicating stronger associations. The calcula-
tion results are shown in Table 2. The MIC of six factors,
including slope, aspect, flow direction, topographic relief,
profile curvature, and slope structure, are of the same order
of magnitude, and their correlation with the thickness of
Quaternary deposits is more significant than the other seven
factors, Therefore, they are selected as the indicators for
predicting the thickness of Quaternary deposits.



Bulletin of Engineering Geology and the Environment (2026) 85:70 Page 150f28 70

108°20'0"E 108°21'0"E 108°22'0"E 108°23'0"E 108°24'0"E 108°25'0"E 108°26'0"E 108°27'0"E -
1 1 1 1 1 1 1 1 -
°
1 N o
-
o
z £
S o
31 B
= ]
z £
5 o
71 E
2 Qa&w : R
z £
= o
3 B
= ]
o Quaternary Deposit Thickness Sample Points =
o o <2m O 4~6m °
2 -2
Y2 $ O 2~4m O >6m S
(2] ’ oM
ﬁ Residual Deposit
km Collapse And Landslide Deposit
0 1 2 3 4
1 1 1 Ll I 1 1 Ll
108°20'0"E 108°21'0"E 108°22'0"E 108°23'0"E 108°24'0"E 108°25'0"E 108°26'0"E 108°27'0"E

Fig. 11 Field survey points for Quaternary deposits (a: a field survey point of collapse deposits with a thickness of approximately 4 m; b: a field
survey point of landslide deposits with a thickness of approximately 1.9 m)

Table 1 Shear strength parameters of different types of quaternary deposits

Type of Quaternary deposits c(kPa) @ (®) v (KN/m®)
Natural Mean/Variance Saturated Natural Saturated Natural Saturated
Mean/Variance Mean/Variance Mean/Variance Mean/Variance Mean/Variance
Residual deposits 10.9/2.8 8.72.4 12.1/3.4 9.3/2.7 21.6/4.3 22.4/4.2
Collapse and landslide deposits ~ 9.1/2.7 7.4/2.2 10.4/4.1 8.1/3.2 15.3/4.1 17.6/4.1

80% of the 1,211 thickness sample points in the study
area were used as the training set, and the remaining 20% as
the test set. This sampling ratio has been widely adopted in
previous studies (Yang et al. 2023; Tang et al. 2023; Huang
et al. 2024). Six machine learning models were employed to
predict the thickness of the Quaternary deposits (Table 3),
each combining an optimization algorithm with a basic pre-
dictive model to improve performance. Specifically, Particle
Swarm Optimization (PSO; Marini et al., 2015), Genetic
Algorithm (GA; Lambora et al. 2019), and Grey Wolf Opti-
mization (GWO; Mirjalili et al. 2014) were used as opti-
mization algorithms, while Support Vector Machine (SVM;

Pisner et al., 2020), Extreme Learning Machine (ELM;
Wang et al. 2022), Back Propagation Neural Network
(BPNN; Suliman et al., 2015), and Least Squares SVM
(LSSVM; Leong et al. 2021) served as the base models. The
six combinations (PSO-SVM, PSO-ELM, PSO-BPNN,
PSO-LSSVM, GA-SVM, and GWO-SVM) were trained
using six selected indicators as input variables and the mea-
sured Quaternary deposit thickness as the target variable.
Model performance was then evaluated on the test set to
identify the one with the highest prediction accuracy.

As shown in Table 3; Fig. 12, the predicted values of
each model in the test set fit the true values well overall,
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Table 2 Results of factor correlation degree mining

Factors MIC
Slope 0.6977
Aspect 0.5285
Flow Direction 0.4696
Elevation 0.0752
Water Catchment 0.0417
Topographic Relief 0.6933
Stratum 0.0486
Distance From Water System 0.0525
Distance From Cliff 0.0637
Profile Curvature 0.2141
Plane Curvature 0.0784
Structure of Slope 0.3271
NDVI 0.0943
Table 3 Error indexes of each model

Model MSE RMSE Q C
PSO—SVM 401.22 1.42 0.47 0.79
PSO—ELM 202.24 1.01 0.28 0.78
PSO—BPNN 689.08 1.86 0.81 0.83
PSO—LSSVM 705.32 1.88 0.83 0.71
GA—SVM 198.57 1.00 0.23 0.76
GWO—SVM 152.24 0.87 0.19 0.83

but some models occasionally had large deviations. Model
performance was evaluated using four commonly used sta-
tistical indicators: mean squared error (MSE) and root mean
squared error (RMSE), which measure the average and root-
average magnitude of prediction errors; Q, which reflects
the model bias; and C, which represents the correlation
between predicted and observed values. GWO-SVM out-
performs the others in the test set, with MSE of only 152.24,
RMSE of only 0.87, and Q of only 0.19, and the best overall
accuracy. The GWO-SVM model was used to carry out the
prediction of the thickness of the Quaternary deposits in the
study area, and the results are shown in Fig. 12.

From the predicted results (Fig. 13), the thickness of
Quaternary deposits is thinnest at the cliffs of the reverse
slopes in the northern part of the study area. Similarly, thin
accumulations are observed on both sides of the deeply
incised gullies in the southern part. The eastern and west-
ern sides of the study area, characterized by dip slopes,
exhibit substantial thicknesses ranging from 3 to 9 m. This
may be attributed to the slope structure and the combina-
tion of alternating soft and hard stratigraphic lithologies,
which are prone to landslide disasters. Historically, this
area has experienced landslide events, leading to the for-
mation of thick landslide deposits. For example, a large
bedding plane landslide (Minguochang landslide) was
induced by heavy rainfall on the eastern side of the study
area. Additionally, on the reverse slopes in the northern
part of the study area, thicker Quaternary materials have
accumulated at the foot platforms of cliffs due to the depo-
sition of landslide materials. The slope materials on the
northern and southern sides mainly comprise residual
slope deposits, with a thickness of approximately 1-3 m.

Ground water level

The spatial distribution of groundwater levels is a key
input parameter for the RPM. In this study, we employed
TRIGRS model, which has been widely used to simulate
rainfall-induced changes in subsurface hydrology at the
slope scale and provides reliable estimates of ground-
water level distribution for landslide hazard assessment.
TRIGRS simulates the dynamic response of pore water
pressures and groundwater levels to rainfall infiltration
by solving the one-dimensional vertical flow equation,
making it particularly suitable for capturing the transient
hydrological processes that control shallow landslide
initiation (Iverson et al., 2000). Its ability to account for
both saturated and unsaturated flow allows for realistic
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Fig. 12 Accuracy of each model
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Fig. 13 Prediction of quaternary deposits thickness

Table 4 Simulation parameters (h is the thickness of quaternary deposits)

Working initial infiltra-  rainfall time(s)
condition water tion intensity(m/s)

level(m) rate(m/s)
Weak rainfall 1.5h 1077 3.86x1077 172,800
Storm rainfall 1.5h 1077 1.16x10°° 259,200

prediction of groundwater table fluctuations under dif-
ferent rainfall scenarios. Using TRIGRS, we simulated
groundwater level distributions across the study area under
both intense storm and mild rainfall conditions. The initial
settings used in the TRIGRS simulations (Tran et al. 2017;
Salciarini et al. 2008; Baum et al., 2010) are detailed in
Table 4, and the resulting groundwater level distributions
are presented in Fig. 14.

The results of the ground water level simulations for
the two rainfall conditions were shown in Fig. 14. Ground
water level in the study area gradually rises with increasing
rainfall intensity and rainfall duration. During the storm

rainfall conditions, the ground water level in the whole
area of Tie Feng Township was generally high, with the
shallowest part being only about 0.5 m from the surface
and the infiltration line being closer to the slope surface.
Ground water overflow occurs locally due to the relatively
thin Quaternary deposits.

Landslide susceptibility assessment

A total of 1237 slope units were divided in the study area,
and the double lines representative profile of each slope
unit was generated using the self-developed RPM integra-
tion assessment program. The failure probability calcu-
lated based on the double lines representative profile was
used as the grading standard for assessing the susceptibil-
ity of colluvial landslide in the study area.

The results of susceptibility zoning are shown in
Fig. 15. Of the 1237 units, 1 (0.08%) unit belong to the
very high susceptibility zone, 39 (3.15%) units belong to

@ Springer



70 Page 18 of 28

Bulletin of Engineering Geology and the Environment

(2026) 85:70

108°20'0"E 108°21'0"E 108°22'0"E 108°23'0"E 108°24'0"E 108°25'0"E 108°26'0"E 108°27'0"E 108°20'0"E 108°21'0"E 108°22'0°E
n ! n n | I N 1

108°23'0"E
n

108°24'0"E 108°25'0"E 108°26'0"E
L n n

108°27'0"E
n

T
31°0'0"N

IN 1N

30°59'0"N
30°59'0"N
30°59'0"N

30°58'0"N
30°58'0"N

30°58'0"N

30°57'0"N
30°57'0"N
30°57'0"N

30°56'0"N
30°56'0"N
30°56'0"N

Groundwater level (m)
High : 4.621

Groundwater level (m)
High:4.621

Low :-6.935

2 3 4 Low : -6.935

T T T
30°57'0"N 30°58'0"N 30°59'0"N

T
30°56'0"N

T T T T T T T T T T T
108°20'0"E 108°21'0"E 108°22'0"E 108°23'0"E 108°24'0"E 108°25'0"E 108°26'0"E 108°27'0"E 108°20'0"E 108°21'0"E 108°22'0"E

108°23'0"E

108°24'0"E 108°25'0"E 108°26'0"E

108°27'0"E
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the high susceptibility zone, 279 (22.55%) units belong to
the medium susceptibility zone, and 918 (74.22%) units
belong to the low susceptibility zone. On the whole, the
slope units in the central part of Tie Feng Township near
County Road X550 and the northeastern part of the town-
ship are more prone to colluvial landslides, because the
slope units in this area are mostly cataclinal slope struc-
tures with thick overlying Quaternary deposits, which
provide good material conditions for colluvial landslides
to occur. Of the 22 historical colluvial landslides, 3 land-
slides (13.64%) are in very high susceptibility areas, 15
landslides (68.18%) are in high susceptibility areas, 3
landslides (13.64%) are in medium susceptibility areas
and 1 landslide (4.54%) are in low susceptibility areas.
The overall accuracy of the assessment results is relatively
high and in line with the actual situation.

In order to quantitatively assess the accuracy of the cal-
culation results, ROC curves were plotted for the failure
probability P of 1237 slope units, where the state vari-
able was set to 1 for units where landslides occurred and
0 for units where no landslides occurred. The ROC curve
provides a graphical representation of the model’s ability to
distinguish between positive and negative cases, while the
area under the curve (AUC) quantifies its overall discrimi-
native power, with values closer to 1 indicating better per-
formance. As shown in Fig. 16, the AUC value of the failure
probability P, reached 0.93, indicating that the results of
the susceptibility assessment are consistent with the actual
situation, and RPM’s performance for susceptibility assess-
ment was relatively good.

Landslide hazard assessment

In this section, the self-developed integrated assessment
software for RPM is used to generate the triple lines repre-
sentative profile for each slope unit, and the failure prob-
ability calculated based on the triple lines representative
profile is used as the grading criterion for evaluating the
hazard of colluvial landslide in the study area. The results
of the landslide hazard assessment under weak rainfall
conditions are shown in Fig. 17. Overall, most of Tiefeng
Township under weak rainfall conditions is dominated by
low to moderate landslide hazard, with a small number of
high-risk units occurring in the centre of township, and
only one slope unit assessed as being at very high risk,
with three historical landslides distributed within this unit.
The number of medium hazrad units in Tiefeng Township
under weak rainfall conditions has increased more signifi-
cantly compared to the results of the susceptibility assess-
ment that did not take into account the effects of rainfall
and ground water.

Figure 18 shows the results of RPM calculations under
storm rainfall conditions. The number of medium hazard
units increased compared to the weak rainfall conditions.
There are 63 high-hazard units in study area, mainly con-
centrated along County Road X550, showing a continuous
distribution. There are 13 very high-hazard units, mainly
located along the downward slope on the east side of
County Road X550. However, there are also individual
units in the north and south anaclinal slope sections of the
study area that are high and extremely high hazards. The
majority of the historical colluvial landslides are in high
and extremely high-hazard units, with a few in medium to
low-hazard units. It is necessary to maintain a focus on the
areas where the extremely high-hazard units are located
during storm rainfall in the flood season and to have some
geohazard managers stationed nearby to assist in evacuat-
ing residents in the event of a dangerous situation.

Discussion
Comparison with TRIGRS

To further illustrate the advantages of RPM for assessing
hazard of colluvial landslides at a regional scale, we used
the widely used TRIGRS to calculate the landslide hazard
of the study area (the calculation parameters are shown in
Table 1), and the results were compared with those of RPM.

Figure 19 illustrates the differences in the results of
the two models under heavy rainfall conditions. As rain-
fall increases, both TRIGRS and RPM calculations show
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Fig. 17 Hazard zoning of colluvial landslides under weak rainfall conditions

a significant increase in the overall instability of the
study area, and the area near the middle of the study area
is assessed as a high hazard area in both models’ calcula-
tions, indicating that the landslide hazard assessment capa-
bilities of TRIGRS and RPM are similar over a larger area.
However, the stability calculation accuracy of the TRIGRS
model is still unsatisfactory in local areas. Our field investi-
gation of a slope unit with sliding roadbeds, cracked house
walls and small roadside collapses within the unit (Fig. 19d,
e) indicates that the slope unit is currently in a less stable
state, but the TRIGRS calculations show that the unit is in
a largely stable state, which is clearly unreasonable. As a
comparison, the representative model assesses this slope
unit as very high risk, which is more in line with the results
of the field survey.

This case study demonstrates that the RPM model has
superior landslide hazard assessment capabilities compared

@ Springer

to the TRIGRS model on a regional scale. The primary
reason is that RPM uses slope units in calculating stabil-
ity, whereas TRIGRS uses raster units and assumes a paral-
lel relationship between the sliding surface and the ground
surface. Numerous previous studies have proven that slope
units better characterize the structure of landslide topogra-
phy than raster units for landslide disasters (Burton et al.
1998; Li & Lan, 2020; Wang et al. 2025; Liu et al., 2025).

Raster units discretely partition the complete slope unit,
with each evaluation unit representing the stability of an
independent raster, unable to reflect the true structure of the
entire slope (such as the slope face gradient variations, the
potential sliding surface morphology, and the interactions
between different parts of the slope). Consequently, TRI-
GRS results in high-hazard evaluation units concentrated in
steeper areas, failing to accurately depict the overall stabil-
ity of slope units prone to landslides.
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Fig. 18 Hazard zoning of colluvial landslides under storm rainfall condition

For example, in Fig. 19, the thickness of Quaternary
deposits at points a and b are notably thin, and the overall
profile exhibits a pattern of a steep rear and a gentle front.
This configuration is generally unfavorable for landslide
formation. Stability calculations for the representative pro-
file indicate that it has not reached a high hazard status.
However, TRIGRS identified this location as a high hazard
area because it only assesses the stability of each raster
individually. Nevertheless, field investigations revealed
that the slope at this location showed no signs of land-
slide deformation. Furthermore, with regard to point d
and e, the raster units around point d are less stable due to
the steeper gradient, while the raster units around point e
are more stable due to the gentler gradient. Such a spatial
distribution of raster stability makes it difficult to recog-
nize the overall poor stability of the slope. In contrast, the
RPM method uses complete, independent slope units for
evaluation. By extracting segments, it presents the overall

two-dimensional structural characteristics of the landslide
through representative profiles. For example, in the slopes
shown in Fig. 18, points d and e, the lower part of the
slope has a steeper gradient while the upper part is gentler.
Considering the sliding surface depth and groundwater
level changes, the overall stability of the slope is calcu-
lated to be low, thus providing direct scientific guidance
for regional geological disaster risk management. There-
fore, compared with the infinite slope theory, RPM is more
suitable for landslide susceptibility and hazard assessment
at a regional scale.

Sensitivity analysis of key parameters in RPM
RPM utilizes three-dimensional real surface data, deposit
depth, and groundwater level data, segmenting slopes

according to elevation. Within each segment, it uses the
average values of these factors to achieve a more accurate
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two-dimensional representation of the slope’s three-dimen-
sional characteristics. In this process, the determination of
the number of segments involves a degree of subjectivity
and relies on experiential judgment. Since the number of
segments is a critical factor in RPM, directly affecting the
accuracy of the terrain profiles generated for each slope
unit, this subsection specifically discusses the optimal set-
ting of the number of segments.

Theoretically, increasing the number of segments results
in terrain profiles that more closely approximate the actual
slope, thereby yielding a more precise estimation of slope
failure probabilities. However, the benefits associated with
increasing the number of segments are not unlimited. To
illustrate this point, we evaluated the RPM’s predictive per-
formance (expressed as the AUC value) and computational
cost using a double-segment profile configuration by vary-
ing the number of segments from 1 to 6 (Fig. 20). The results
indicate that increasing the segments from 1 to 3 substan-
tially improved the RPM’s AUC from 0.636 to 0.930, while
the corresponding computational time remained acceptable
(within 10 min). However, further increasing the segments
to 4, 5, and 6 resulted in negligible improvements in the
AUC (a maximum increase of only 0.003), whereas com-
putational time rose sharply to 286 min—approximately 28
times longer than with 3 segments. Therefore, for the study
area examined here, three segments represent the optimal
setting, achieving high predictive accuracy (AUC=0.930)
with minimal computational cost (10 min).

Furthermore, the sensitivity of slope units of different
sizes to the number of segments also varies. To investigate

Number of Segment

areas of the four slope units; ¢, trends of RPM-calculated failure prob-
ability Ps for each slope unit as the segment-line count increases)

this variability, we selected two smaller-scale slope units
(S1=0.013914 km?, S3=0.026272 km?) and two larger-
scale slope units (S2=0.103406 km?, S4=0.082643 km?)
for further sensitivity analysis (Fig. 21a, b). Among these
units, two had previously experienced landslides (S1, S2),
while the other two had not (S3, S4). The results indicate
that for smaller-scale slope units, the failure probability cal-
culated by RPM generally does not change once the number
of segments reaches three. In contrast, larger-scale slope
units require additional segments before their failure prob-
ability converges (Fig. 21c). Therefore, when implementing
RPM in practice, careful consideration should be given to
the scale of the slope units. For larger slope units, it may be
necessary to set a higher number of segmentation lines to
achieve the most accurate calculation of failure probability.

Assumptions adopted by RPM

Landslide instability and failure is a non-linear process
impacted by a variety of elements such as rainfall, snowmelt,
and earthquakes (Gonzalez et al. 2017; Oliveira et al. 2016;
Lashgari et al. 2025; Oliveira et al., 2024). However, since
it is not possible to account for all of the influencing factors
when constructing the computational equations for a physi-
cally-based model, appropriate simplification of the influenc-
ing factors is necessary (Sun et al. 2016). Like other landslide
models based on the physical process, RPM has also been
simplified to some extent: (i) RPM averages the geologi-
cal parameters in each segment; (ii) The sliding mass slides
downward along the average slope direction. Furthermore, no
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single physically-based model can be applied to all types of
landslide stability assessment, and the same is true for RPM,
it is only applicable to the assessment of the stability of earthy
landslides that slide along the base cover interface. A poten-
tial future enhancement of the RPM would be to incorporate
the effects of seismic loading or to integrate the Newmark
method (Montoya et al., 2025); Pelaez et al. 2025) into the
stability calculation. This would enable the RPM to be used
for assessing the stability of earthquake-induced landslides.

Impact of slope unit quality

In addition, as the slope unit is the basic unit for RPM’s
landslide susceptibility and hazard assessment, the quality
of the slope unit will have a direct impact on the RPM’s
assessment outcomes. The slope units in this study were
delineated by extracting primary ridge-valley lines through
hydrological analysis, followed by manual adjustments
based on microtopography features. However, some issues
remain with the delineation of certain units, resulting in
a “rising then falling” pattern in the corresponding two-
dimensional representative profiles. This causes the initial
slices to slide in the opposite direction to the potential slid-
ing direction of the slope (Fig. 22), leading these initial
slices to provide “resisting forces” against sliding, which
is clearly not reasonable. To address this, the RPM code for
calculating safety factors has been optimized so that these
initial inverse slices are ignored in the calculation.
Currently, several scholars have proposed automated
methods for slope unit delineation (Alvioli et al.2016 ;
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Wang et al. 2019; Huang et al. 2021; Li et al. 2024; Woodard
et al. 2024), which are capable of producing higher-quality
slope units. Therefore, integrating these slope unit genera-
tion algorithms into the automated workflow of RPM would
be a highly promising improvement, potentially enhancing
both the applicability and accuracy of the model.

Regional-scale geotechnical parameters

As one of the physically-based models, RPM also has
the common limitation of the others, i.e., it is difficult to
obtain the precise shear strength parameters, especially at
a regional scale (Cai et al. 2017; Ip et al. 2021; Mathews et
al. 2024; Dahal et al., 2025). Limited by the lack of shear
strength parameters in the study area, this study cannot
obtain the spatial distribution law of mechanical param-
eters, so we can only give empirical values for each slope
unit according to their type of overlying quaternary depos-
its. However, since the RPM incorporates the Monte Carlo
method, the geotechnical parameters of each slope unit are
not identical—even for units with the same type of deposits.
This approach greatly minimizes the impact of parameter
uncertainty at the regional scale.

More accurate geotechnical parameters would, of
course, significantly improve the performance of the RPM
as well as all other physically-based models. Several pos-
sible approaches for improvement include: (i) utilizing
widely distributed InSAR data and back-analysis models to
invert geotechnical parameters at the regional scale (Med-
wedeff et al. 2025; Bunn et al. 2020); (ii) constructing large
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geotechnical engineering datasets based on extensive in-situ
sample testing, and employing data mining techniques to
identify and predict the spatial distribution patterns of geo-
technical parameters at the regional scale; and (iii) develop-
ing data-driven predictive methods that can account for the
spatial heterogeneity of geotechnical parameters.

The ease of use and transferability of RPM

RPM is well robust for tasks such as stability calculations
of slope units at a regional scale and evaluation of colluvial
landslide susceptibility and hazard. In order to improve the
transferability of the RPM, we have developed a software
package with a graphical interactive interface based on the
C#.NET language for the entire calculation process, which
allows users to quickly apply RPM to the assessment of
colluvial landslide susceptibility and hazard in other areas.
Unlike console programs based on Fortran language such
as TRIGRS, RPM has a Ul interface, which saves a lot of
tedious.txt format-based file calculation settings and data
conversion. The input and output of data are more intui-
tive, which reduces the user’s learning cost and is condu-
cive to rapid promotion.

Conclusions

In this study, a new physically-based model, the RPM,
was proposed, which was applied to assess landslide sus-
ceptibility and hazard in Tiefeng Town, Wanzhou District,
Chongqing Municipality, China. Compared with the tra-
ditional raster-based infinite slope model, the RPM model
significantly improved the accuracy of large-scale regional
susceptibility and hazard assessment of colluvial landslides.
The main contributions of this paper are as follows:

4. A physically-based, slope unit-based regional landslide
hazard assessment model—RPM—was developed,
and an automated calculation program for RPM was
implemented in C#. Unlike the traditional raster-based
infinite slope model, RPM uses slope units as the basic
calculation unit, which allows consideration of topo-
graphic variability and interactions between different
parts of a slope. RPM requires a digital elevation model
(DEM) and Quaternary deposit thickness data to gener-
ate a representative double line profile for each slope
unit, which is then used to calculate the failure probabil-
ity for susceptibility assessment. In addition, for hazard
assessment, RPM integrates groundwater level data to
generate representative triple line profiles.

5. Regional-scale Quaternary deposit thickness was pre-
dicted using machine learning methods. A dataset
was constructed based on 1,211 field measurements
of Quaternary deposit thickness, with 80% of the data
randomly assigned for training and 20% for testing.
Six machine learning models were established (PSO-
SVM, PSO-ELM, PSO-BPNN, PSO-LSSVM, GA-
SVM, and GWO-SVR). Error analysis indicated that
the GWO-SVR model performed best (MSE=152.4,
RMSE=0.87), and this model was used to generate a
high-resolution Quaternary deposit thickness map for
the study area—one of the key input datasets for RPM.

6. A case study was conducted in Tiefeng Township, Wan-
zhou District, Chongqing, demonstrating the effective-
ness of RPM and its advantages over the widely used
infinite slope model, TRIGRS. The TRIGRS model was
used to estimate groundwater levels under both mild
and intense rainfall scenarios. The RPM model was then
employed for landslide susceptibility and hazard assess-
ment. The results showed that the RPM method achieved
an area under the ROC curve (AUC) of 0.93, with 75%
of historical landslides occurring in units classified as
highly or extremely susceptible, indicating that RPM
provides an effective approach for regional landslide sus-
ceptibility assessment. Furthermore, field investigations
revealed that RPM-based hazard assessment results were
more accurate, whereas the TRIGRS model exhibited
significant overestimation and underestimation.

Although RPM has some limitations, such as the use of
simplified computational formulas, reliance on the quality
of slope units for accurate assessment results, and the chal-
lenge of obtaining high-precision geotechnical parameters
on a regional scale, it offers significant advantages over
traditional raster-based infinite slope models. By perform-
ing stability calculations based on slope units and account-
ing for the influence of topographic relief and interactions
between different parts of a complete slope, RPM aligns
more closely with the future trend of deterministic models
for regional-scale slope stability assessment.
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