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Probabilistic and physically‑based modelling 
of rainfall‑induced landslide susceptibility using 
integrated GIS‑FORM algorithm

Abstract  The susceptibility mapping of rainfall-induced landslides 
is an effective tool for predicting and locating disaster-prone zones 
at the regional scale. One of the most important parts of landslide 
susceptibility models is the hydrological model. In this context, the 
present study considers three pore water pressure (PWP) profiles 
with surface runoff to estimate the spatiotemporal variation of 
wetting front depth (WFD) during rainfall episodes. To reason-
ably simulate the inherent uncertainty and variability involved 
in the hydrogeomechanical properties of the surficial soil layers 
at the regional scale, probabilistic analysis based on the recursive 
first-order reliability method (FORM) is employed to calculate the 
probability of slope failure. The regional time-dependent landslide 
susceptibility mapping is realised using a newly developed model 
called Physically-based probabilistic modelling of Rainfall Land-
slides using Simplified Transient Infiltration Model (PRL-STIM). 
The proposed model is applied in a representative area that suf-
fered extensive rainfall-induced landslides in July 2013 (Niangni-
angba Town, Gansu Province, China). The results indicate that the 
PRL-STIM model achieved a satisfactory prediction accuracy of 
75% AUC compared to existing models like transient rainfall infil-
tration and grid-based regional slope-stability model (72%) and 
the probabilistic analysis results based on the first-order second 
moment method (74%). It also performed well in predicting the 
spatial distribution of shallow landslides, with a success rate of 
81.6%. Regarding the model efficiency, the completion of a raster 
file for calculating the landslide probabilities of the study area 
(including 711,051 cells) requires only 17.1 s. It is thus hoped that 
the proposed calculation framework of PRL-STIM that considers 
various uncertainties (e.g., nonlinearity of the physical model, non-
normal probability distributions, random variable cross correla-
tions, etc.) in geotechnical parameters is better suited for landslide 
susceptibility mapping at the regional scale, where only limited his-
torical event data is available.

Keywords  Landslide susceptibility · Slope stability · Rainfall 
transient infiltration · Probabilistic analysis · First-order reliability 
method (FORM)

Introduction
In the background of global warming and climate change, extreme 
rainfall events are no longer a scarcity (Kendon et al. 2023). There-
fore, it is of paramount importance to investigate rainfall-induced 
landslides, which frequently pose significant natural hazards in 
mountainous regions (Emberson et al. 2021) and have the potential 
to cause immeasurable devastation (Haque et al. 2016). The initial step 
in addressing this issue involves conducting a landslide susceptibility 

assessment, which aims to estimate the spatial probability of slope 
failures while considering potential governing factors that exhibit 
significant uncertainties and even spatial-temporal variations (Ji 
et al. 2022). Due to the complexity of uncertainty propagation and 
the necessity of accurate prediction of future events, probabilistic 
and/or statistical analysis methods often serve as the fundamental 
tool for producing landslide susceptibility results in those geohazard-
vulnerable regions (Marin and Mattos 2020; Oguz et al. 2022). The 
quantitative methods for landslide susceptibility mapping can be gen-
erally summarised into two types (Gatto et al. 2023): (1) the ‘black box’ 
method embedding either the knowledge-driven or the data-driven 
methods using machine learning and statistical data mining tech-
niques (Pham et al. 2016; Chae et al. 2017; Liu et al. 2023) and (2) the 
physically-based modelling (PBM) method that considers intrinsic 
failure mechanisms and available information of physical parameters 
(Li et al. 2022; Durmaz et al. 2023).

On the one hand, data-driven methods concentrate on analysing 
the associations between landslide prediction and triggering fac-
tors (Chang et al. 2023). Recently, the adoption of machine learn-
ing (ML)-based data-driven methods has been increasing. These 
approaches facilitate the development of rather accurate mathemat-
ical models that link causative factors to susceptibility levels utilis-
ing historical landslide databases (Pradhan 2013; Dou et al. 2020). 
It should be noted that, in regions with limited data availablity, ML 
methods may encounter challenges in generating reliable results 
(Segoni et al. 2018; Huang et al. 2023). However, recent advance-
ments in data-driven methods are addressing some of these chal-
lenges. For instance, Bordoni et al. (2021) have developed a novel 
data-driven approach based on the multivariate adaptive regression 
splines technique to dynamically forecast both spatial and temporal 
probabilities of rainfall-induced regional shallow landslides.

On the other hand, the PBM methods primarily focus on uti-
lising the inherent mechanism of slope failure and its variation in 
response to changing environmental conditions, thus exhibiting 
enhanced capability and reduced application limitations. Conse-
quently, they are frequently employed for quantitative evaluation 
of landslides at a regional scale (Fell et al. 2008). For predicting rain-
fall-induced shallow landslides, the analysis commonly focuses on 
modelling the change of groundwater table due to lateral flow or ver-
tical flow of rainfall infiltration. Iverson (2000) combines the infinite 
slope stability calculation with a transient, one-dimensional analyti-
cal solution for pore pressure response to steady-state and transient 
rainfall infiltration. The infiltration model employed in transient 
rainfall infiltration and grid-based regional slope-stability model 
(TRIGRS) is based on the linearized solution introduced by Iverson 
and extended to Richards equation by Baum et al. (2002, 2008). In 
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addition, other well-known models such as the stability index map-
ping (SINMAP), shallow slope stability model (SHALSTAB), shallow 
landslides instability prediction (SLIP) and Scoops3D are also fre-
quently employed in predicting rainfall-induced shallow landslides 
at the regional scale (Montgomery and Dietrich 1994; Pack et al. 
1998; Montrasio et al. 2011; Tran et al. 2018). It is important to note 
that while models like SINMAP and SHALSTAB consider shallow 
translational landslides controlled by steady-state groundwater 
flow, the TRIGRS model focuses on slope failures occurring below 
the wetting front temporarily saturated due to rainfall infiltration 
(Zizioli et al. 2013). However, the assumption of steady-state flow 
may not be valid in regions characterised by highly variable rainfall 
patterns. The SLIP model assumes that slope instability is primar-
ily attributed to the presence of partially saturated soils, which can 
be found either at the failure surface (soil-bedrock contact) or at a 
higher elevation. The Scoops3D evaluates the slope stability calcula-
tion by utilising the limit equilibrium method, such as the ordinary 
Fellenius or the simplified Bishop approach, based on the spherical 
failure surface (Reid et al. 2000, 2015). However, it does not incorpo-
rate the hydrological model.

To account for the distinct dynamics of surface and subsurface 
flows, rigorous rainfall infiltration models have been developed by 
integrating the hydrological and geotechnical characteristics of 
slopes with infiltration and seepage in recent years. The Green-
Ampt model (1911) is one of the widely recognised PBMs for this 
purpose, and numerous studies have adapted it to include real-time 
precipitation data and changes in groundwater table over time, such 
as the YS model (Kim et al. 2014) and spatial prediction of rainfall-
induced shallow landslides (SPRIn-SL) (Raimondi et al. 2023). Note 
that these models suit particularly for shallow landslides assuming 
a well-defined surficial soil depth above the bedrock. In general, 
hydrological models that describe shallow landslides can be cat-
egorised into two primary types that can be called ‘vertical flow’ 
and ‘lateral flow’ in a simple way. Medina et al. (2021) proposed an 
integrated approach considering both types to simulate the final 
water table position by accounting for the soil thickness, which is 
given by the depth of the soil-bedrock contact. However, in some 
cases of shallow landslides, the failure surface is not located at the 
soil-bedrock contact (Jiang et al. 2023). Additionally, more sophis-
ticated rainfall-induced landslide models encompass the entire 
rainfall process by coupling the precipitation, infiltration, evapo-
ration and transpiration processes (e.g. Rahardjo et al. 2007). For 
PBM of the regional landslide susceptibility, it is vital to emphasize 
the fast calculations while considering the complex processes of 
rainfall infiltration and surface runoff. As a computational trade-
off, the one-dimensional Richards equation being further simpli-
fied by Lumb (1962) offers some novel insights for rapid rainfall 
mechanism calculations (Sun et al. 1998; Lee et al. 2009; Zhang et al. 
2016). This aspect also constitutes a pivotal component of the PBM 
proposed in this paper.

Accurate susceptibility mapping of rainfall-induced shallow 
landslides at the regional scale is significantly challenging due to 
various uncertainties in geotechnical, geological and hydrologi-
cal parameters (Zhang et al. 2014; Lee and Park 2015; Park et al. 
2019). The probabilistic analysis integrated with PBM can compre-
hensively deal with those uncertainties for landslide susceptibil-
ity mapping (Zhang et al. 2018; Hwang et al. 2023). Several PBM 
methods, such as GEOtop-FS, HIRESSS and TRIGRS-P, have been 

previously extended into probabilistic analysis by simulating a 
single parameter uncertainty (Simoni et al. 2008; Raia et al. 2014). 
Other widely employed probabilistic analysis techniques, such 
as the first order second moment (FOSM) and point estimation 
method (PEM), have also been utilised in probabilistic landslide 
susceptibility assessment (Kaynia et al. 2008; Park et al. 2017). How-
ever, these approaches exclusively assume the input parameters to 
follow the normal distribution to estimate the probability of failure 
(POF), which potentially overlooks the more realistic statistical dis-
tributions and correlations among random variables, and can lead 
to significant prediction errors. Monte Carlo simulation (MCS) was 
proposed as another possible tool for probabilistic analysis. The 
advantage of MCS is the fact that it approximates the probabil-
ity of a specific event by simulating failure scenarios and random 
variables without the use of a probability density function. The 
application of MCS in landslide susceptibility assessment has been 
extensively explored (Broeckx et al. 2019; Li et al. 2022), including 
the utilisation of the TRIGRS model (Lee and Park 2015; Marin and 
Mattos 2020). However, given its nature as a computationally exten-
sive simulation method, the MCS technique has exhibits inherent 
deficiencies when used for fast regional landslide susceptibility 
assessment with PBM. Considering the comprehensive nature of 
probabilistic information, including statistical distribution, corre-
lation matrices of random variables and computational efficiency, 
leveraging the first-order reliability method (FORM) could be a 
viable approach. This method not only ensures rapid convergence 
but also accommodates potential non-normal distributions and 
parameter cross-correlation. However, only a limited number of 
studies have addressed the simultaneous achievement of fast and 
accurate prediction of shallow landslides by employing physical 
models and efficient probabilistic algorithms.

The previous literature review reveals two primary hurdles with 
existing landslide susceptibility models: hydrological modelling 
and physical parameter uncertainties. Many existing hydrologi-
cal models often fail to balance quick computational speed with 
the accurate simulation of complex processes, particularly rainfall 
infiltration and surface runoff, which are essential for region-scale 
shallow landslide predictions. Moreover, despite the proficiency of 
MCS and similar probabilistic methods in addressing parameter 
uncertainty, their computational demands pose practical limita-
tions on their application for regional probabilistic landslide sus-
ceptibility analysis.

The main goal of this study is to present a novel PBM approach 
that can effectively capture the failure mechanisms of rainfall-
induced shallow landslides by integrating a simplified hydrologic 
model of transient infiltration and a probabilistic approach for the 
soil properties. The approach is named ‘Physically-based proba-
bilistic modelling of Rainfall Landslide using Simplified Transient 
Infiltration Model (PRL-STIM)’. We notably investigate the tempo-
ral variations in wetting front depth (WFD) resulting from tran-
sient infiltration induced by rainfall, while accounting for surface 
runoff. To enhance the computational efficiency, the rainfall infil-
tration is estimated using an approximate solution derived from 
the one-dimensional Richards model. Finally, the fast batch proba-
bilistic analysis based on the recursive algorithm of the FORM is 
employed to effectively produce the probability of PBM landslides 
over regional areas, thereby providing a practical framework for 
conducting rainfall-induced landslide susceptibility mappings. 
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Furthermore, the practical feasibility of the proposed model will 
be demonstrated through its application to the Niangniangba area 
landslides in China.

Study area and data source

General settings
The study area in Niangniangba Town is located in the southern 
foothills of the western Qinling Mountains, Gansu Province, China. 
It is characterised by rugged terrain with complex valleys and 
mountains. The small basin in the northeastern section of Niangni-
angba Town is the focal study area as depicted in Fig. 1 following a 
relative literature report (He et al. 2021). This basin covers an area 
of 53.81 km2, and the elevation ranges from 1416 to and 2138 m a.s.l., 
with an average elevation of 1777 m a.s.l. (Fig. 2a).

The surface layer comprises Quaternary strata with a complex 
origin, including both landslide accumulation layer (Q4del) and 

diluvial layer (Q4pal) deposits. The Q4pal strata are limited to the 
residual valley terrace and have a loose structure and low density. 
The soil layer is relatively thin and underlain by various rock strata 
including Pleistocene Malan loess, Neogene mudstone and sand-
stone, Anshan period granite, Upper Devonian slate, and quartz 
sandstone (He et al. 2021). This geological composition increases 
the susceptibility of this study area to new landslides during 
rainfall.

The study area, situated in a transition zone between semi-
humid and semi-arid climates, features a temperate continental 
climate with an average annual relative humidity of 66% and an 
average annual precipitation of 500.7 mm (1981–2010). Eighty-five 
percent of the annual precipitation falls between April and October; 
specifically, the period from July to September experiences the most 
concentrated precipitation, contributing 68% of the annual total. 
Consequently, heavy rainfall is identified as the primary factor in 
triggering geological disasters in this study area.

Fig. 1   The Niangniangba study area. a Location inside China. b Google Earth image. c Digital elevation model (DEM). d Slope angle map 
including the landslides observed during the 2013 episode
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The 2013 landslide episode

The catastrophic geological hazards resulting from this rainfall 
primarily consist of shallow landslides characterised by a mix of 
weathered rock and gravelly soil on a small scale (He et al. 2021). 
The clustering pattern of landslides shown in Figure 1c is evident 
following the occurrence of  rainfall events. Notably, the orienta-
tion of the underlying mudstones aligns with the slope direc-
tion. Composed of weathered rocks and gravelly soil, these land-
slides typically have a thickness not exceeding 3 m and exhibit 
significant regional and clustering characteristics. An inventory 
of shallow landslides was obtained following the results of He 
et al. (2021), while recent Google Earth images were used to iden-
tify the detailed locations of actual landslides in remote areas of 
Niangniangba Town. Most landslides are observed between 1506 
and 2047 m a.s.l. (Fig. 2a). The terrain slope varies from 22° to 33°, 
which makes it more prone to landslides (Fig. 2b).

In the month preceding the landslide, the study area underwent 
four heavy rainfall events, which triple the average for that period. 
The cumulative rainfall from 21 to 23 July amounted to 104.3 mm. 
To accurately assess the slope instability and the potential for land-
slides due to heavy rainfalls, we simulated the rainfall commencing 
exactly at noon on the day. This timing is optimal to encompass the 
actual rainfall period, which, as indicated in Fig. 3, extends from 
12:00 pm on July 21 to 6:00 am on July 22.

Data availability

The PRL-STIM model proposed in this study requires three main 
types of input parameters: topographic parameters (elevation, 
slope angle, flow direction) derived from the digital elevation model 
(DEM), geotechnical parameters and rainfall information. The 
model utilises a 12.5-m-resolution DEM downloaded from ALOS 
PALSAR (https://​search.​asf.​alaska.​edu). The original DEM was 

Fig. 2   Effect of elevation (a) and slope angle (b) on landslide occurrence in the Niangniangba study area during the 2013 episode

Fig. 3   Rainfall conditions during the July 2013 episode

https://search.asf.alaska.edu
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filled to produce the raster file of topography and earth slopes. This 
process is automatically performed by the PRL-STIM v1.0 software. 
The single-flow D8 algorithm determines the flow direction of the 
cell grid, thus completing the entire processing of the required data.

Additionally, the spatial data of soil thickness and soil type are 
necessary for PRL-STIM as well. The covered soil varies from areas 
of direct bedrock exposure to locations with a sedimentary depth 
of several meters. According to He et al. (2021), the region is pre-
dominantly characterised by drab soil and brunisolic soil, primarily 
composed of loamy-silty clay, accounting for over 80% of the land 
area. The soil thickness in the study area typically ranges from 0.1 
to 3.0 m. The geological and soil conditions in all regions are simi-
lar. Therefore, the corresponding soil type is treated as a single class 
as listed in Table 1. The model parameters adopted including soil 
porosity (n), saturated unit weight of soil ( �sat ), saturated coefficient 
of permeability (ks) and rainfall intensity (IR) are listed in Fig. 3. 
It should be noted that the initial and final degrees of saturation 
(S0 and Sf, respectively) can be calculated based on the initial and 
final volumetric water content, as referenced in He et al. (2021). 
The detailed transformation formula is presented in section ‘The 
hydrological model’.

Methodology

Model description
The infinite slope theory

The infinite slope model calculates the factor of safety (FS) based 
on limit equilibrium analysis and is suitable for assessing shallow 
landslides with planar failure surfaces. It has been widely used to 
evaluate susceptibility for rainfall-induced landslides with shallow 
failure surfaces parallel to the slope and integrated with GIS for 
regional-scale analysis. In this study, some reasonable assumptions 
are made as follows: (1) the sliding surface is parallel to the slope 
surface, (2) the sliding surface overlaps with the rainfall infiltration 
wetting front (zw) and (3) infiltration seepage in the soil is consid-
ered. (4) The WFD should not exceed the maximum soil depth.

First of all, to describe the variation of WFD (zw) caused by 
the rainfall infiltration, the Mohr–Coulomb criteria incorporat-
ing unsaturated soil strength with three different PWP profiles 
were adopted, as outlined by Rahardjo et al. (1995). As shown in 
Fig. 4, profile A represents the situation where the matric suction 
is reduced to zero at the ground surface and the suction increases 
with depth until it reaches the hydrostatic line at depth zw. This 
also illustrates a gradual advancement of the wetting front, which 
is commonly encountered in fine-grained soils. Profile B portrays 
a distinct advancement of the wetting front, which is frequently 
encountered in soils of coarse-grained soils. Profile C exhibits a 
temporary rise of the groundwater table, which is often observed in 
soils with a high-permeability layer above and a lower-permeability 
layer below the wetting front.

In general, the three different PWP profiles can be formulated 
as follows (Huang et al. 2022):

where uw is the PWP at a vertical depth of z (0 ≤ z ≤ zw), γw is the 
unit weight of water, hc is the initial suction head at z = zw before 
rainfall infiltration, hc =

(
H − zw

)
cos2� and β denotes the slope 

angle.
The effective shear strength of the soil ( �f ) is given by

where c′ and �′ denote the soil effective cohesion and friction angle, 
respectively.

The total normal stress and shear stress at the base of the sliding 
soil element are

where �sat denotes the saturated unit weight of soil, the uniform load 
of the tree is set as qt and zw denotes the WFD.

(1)uw(z) =

⎧
⎪⎨⎪⎩

−
z

zw
�whc for profile A

0 for profile B

�wz(cos�)
2 for profile C

(2)�f = c
�
+ �tan�

(3)G =
(
�sat × zw + qt

)
cos2�� = (�sat × zw + qt)sin � cos �

Table 1   Selected values of soil parameters

COV coefficient of variation
a The mean of hs is assumed to be the value obtained from the soil depth model calculation

Soil class Parameters Unit Probability dis-
tribution

COV Mean ( �) Standard devia-
tion

Drab soil and brunisolic soil cs kN/m2
Normal 0.10, 0.20, 0.30 18.5 � = � COV

� ° 20

n – 0.12

Sf – 1

S0 – 0.67

�
sat

kg/m3 25

log(ks) m/h 0.000025

hs m hsi
a
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The resistive shear stress developed at the sliding base can 
be given by

where c
′

d
 and �

′

d
 denote the mobilised strength parameters (the 

cohesion and the angle of friction, respectively, that develop along 
the potential failure surface), and � is the effective stress parameter 
(Huang et al. 2022).

Thus, combining Eq. (3) with Eq. (4)

At the limit equilibrium state, Eq. (5) can be written as

The FS can be calculated by considering the relationship 
between mobilised strength and effective strength (Cui et al. 2022)

Or

(4)�d = c
�

d
+ ��tan �d

� = cd
� + (σ − �uw)tan �d

�

(5)�d = c
�

d
+ (�satzwcos

2� + qtcos
2� − �uw)tan �d

�

(6)
(
�sat × zw + qt

)
sin � cos � = c

�

d
+
(
�sat zwcos

2� + qt cos
2� − �uw

)
tan �d

�

(7)

{
tan �

�

d
=

tan ��

FS

c
�

d
=

c�

FS

(8)FS =
cs�

�sat × zw sin � cos �
+

tan ��

tan �
−

�uw
�sat × zw

tan ��

sin � cos �

where c
�
= c

�

s
+ c

�

r
 , and c

′

s
 and c

′

r
 denote the soil cohesion and root 

cohesion, respectively.
For simplicity, the c

′

r
, qt is neglected in this study, and the FS 

can be described as follows:

Therefore, Eq. (9) is the general expression of FS for the PWP 
profiles shown in Fig. 4a, and uw is calculated by Eq. (1) with 
z = zw . The effective stress parameter � = 1 is adopted for satu-
rated soil slopes (Huang et al. 2022).

It is worth pointing out that the upper bound FS value for 
a given infiltration length ( zw ) can be determined based on 
profile B

In contrast, the identical thickness of the groundwater table 
would yield different results for the same infiltration length when 
using PWP profile B (e.g. in FSLAM (Medina et al. 2021))

Note that another well-known physically-based model is the 
TRIGRS model, which assesses pore water pressure responses 

(9)FS =
cs

�

(�sat × zw + qt)sin � cos �
+

tan ��

tan �
−

�uw
γsat × zw

tan ��

sin � cos �

(10)FS =
cs

�

�sat × z sin � cos �
+

tan ��

tan �

(11)FS =
cs

�

�sat × z sin � cos �
+

(
1 −

zw
z

�w

�sat

)
tan ��

tan �

Fig. 4   The rainfall-infiltration infinite slope stability model incorporating unsaturated soils and three PWP profiles. a Overview of PWP profiles 
A, B and C (adapted from Rahardjo et al. (1995)). b Variation of the degree of saturation with soil depth (adapted from Lumb (1962))
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perpendicular to the slope surface under varying rainfall intensities 
and timings, accounting for both transient and steady states during 
heavy rainfall (Iverson 2000). This model generates diagrams that 
illustrate the pressure head distribution for each period by integrat-
ing temporal and spatial dimensions (Ji and Cui 2023). The model 
utilises digital terrain to evaluate the slope stability at the regional 
scale based on the infinite slope (Montgomery and Dietrich 1994). 
In this model, for an approximately infinite slope, the sliding sur-
face of each grid extends indefinitely. It treats every fixed depth as 
a plane parallel to the ground while disregarding forces between 
adjacent grid cells in the sliding mass. The FS of each grid cell can 
be calculated as follows (Baum et al. 2002, 2008):

where Ψ(z,t) denotes the ground-water pressure head as a function 
of depth z and time t.

The hydrological model
Although the governing one-dimensional transient flow in unsatu-
rated soil can be expressed by the conceptual infiltration model, 
this model is widely employed to assess slope instability based on 
the WFD and PWP profiles. The soil under rainfall is fully satu-
rated near the surface, and near-saturated (Sf = 0.8 to 0.9) down to 
a depth of zw. For long duration and heavy rainfall, the diffusion 
of infiltrated water can be neglected and the analytical solution of 
zw which resulted from the one-dimensional Richards equation is 
given as follows (Lumb 1962; Zhang et al. 2011; Huang et al. 2018):

where ks is the saturated coefficient of permeability, n is the soil 
porosity, Sf is the final degree of saturation and S0 is the initial 
degree of saturation.

Equation (13) is appropriate when encountering the case of 
IR ≥ ks where IR denotes the rainfall rate (m/h). Based on this, a gen-
eralized wetting front equation was proposed by Sun et al. (1998). 
The corresponding zw can be expressed as follows:

where θ0 is the initial volumetric water content corresponding to 
the u0, and θs is the final volumetric water content.

The parameters n and S0 are not explicitly given and are 
referred to the soil water characteristic curve (SWCC) in Zhang 
et al. (2011, 2016)

In the case of rainfall intensity, IR will change with time and the 
zw is evaluated through a modified infiltration model according to 
Eqs. (13), (14) and (15)

(12)FS(z, t) =
tan ��

tan �
+

c
�
− Ψ(z, t)�wtan ��

�satz sin � cos �

(13)zw =
kst

n(Sf − S0)

(14)zw =
IRt

�s − �0

(15)

{
Sf =

�s

n

S0 =
�0

n

(16)zwti = zwti(i−1) + Δzwti

where zwti denotes the WFD at ti, and Δzwti denotes the increased 
WFD at ti. Meantime, the Δzwti can be rewritten by introducing a 
component of cos� (Lee et al. 2009)

Note that the zwti is controlled by the entire depth of the soil (hs)

Runoff model
Following the TRIGRS model (2002, 2008), the infiltration (IR) is 
calculated at each cell as the sum of the precipitation (P) and any 
upslope cell runoff (Ru), subject to the constraint that it must not 
exceed the saturated hydraulic conductivity (ks)

At each cell where P + Ru exceeds ks, the excess is considered 
runoff (Rd) and is diverted to an adjacent downslope cell.

The final infiltration (I), which is different from the rainfall 
intensity (IR), can be calculated by considering the saturated 
hydraulic conductivity as follows:

Determination of the soil thickness of shallow landslides
Determination of the potential soil thickness is a challenging task 
for shallow landslide analysis on the regional scale (Segoni et al. 
2012). The soil depth is frequently assumed to be a constant value 
across the full area when applying the infinite slope in the assess-
ment of regional slope stability. There are some empirical models 
of the soil cover thickness to determine the spatial distribution of 
the soil thickness in the research region and therefore estimate the 
possible sliding depth of potential shallow landslides (Saulnier et al. 
1997), for example the GIST model (Catani et al. 2010; Segoni et al. 
2012) and topographic-based models, such as Z-model, S-model 
and Sexp model (Salciarini et al. 2006; Tran et al. 2018). Addition-
ally, recent advancement has seen the integration of machine learn-
ing algorithms with the empirical model (GIST-RF) which is a sig-
nificant step forward in estimating soil thickness, as demonstrated 
by Xiao et al. (2023).

The Z-model is widely recognised as a simplistic approach and 
has been also extensively utilised in numerous studies to ascertain 
soil thickness (Li et al. 2022; Hwang et al. 2023). To achieve fast 
regional landslide susceptibility assessment, we have chosen to 
adopt the Z-model in this study as well

(17)

{
ksΔt

(�s−�0)cos �
, IR ≥ ks

IRΔt

(�s−�0)cos �
, IR ≥ ks

(18)zwti =

{
hs, zwti ≥ hs
zwti , zwti ≥ hs

(19)IR =

{
P + Ru,P + Ru < ks
ks, P + Ru ≥ ks

(20)Rd =

{
P + Ru − ks,P + Ru − ks > 0

0, P + Ru − ks < 0

(21)I =

{
ks, IR ≥ ks
IR, IR < ks
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where hmax and hmin are the maximum and minimum soil thickness, 
respectively; Zi is the elevation of a cell; and Zmax and Zmin are the 
maximum and minimum elevation, respectively.

Implementation of FORM with HLRF‑x recursive algorithm
The computation of FS using Eq. (9) can be very fast, thus making 
it possible for regional landslide prediction. However, the model 
input parameters are by no means deterministically available at a 
regional scale. To account for these uncertain input parameters, the 
physical model in terms of FS can be mathematically extended into 
the probabilistic description, such that:

where Pf is the POF, the vector x = (cs, tanø, β, n, γsat, …) denot-
ing a collection of random variables (of input parameters), f(x) is 
the joint probability distribution function of random variables x 
and FS(x) is a functional format of Eq. (9).

This integral equation for Pf is nearly impossible to solve at 
speed, not to mention for regional landslide analysis. Alterna-
tively, an efficient approximate solution known as the FORM can 
be adopted, which has the following necessary recipes:

where Φ(⋅) denotes the standard normal cumulative distribution 
function, βf is called the reliability index, x∗

i
 denotes the most prob-

able failure point (MPP) value of ith random variable (denoted in 
terms of random variable x) and uN

i
 and �N

i
 denote the equivalent 

normal mean and standard deviation of the ith variable, respec-
tively, and they contain important information of x’s semi-proba-
bility distribution functions; R is the correlation matrix. A detailed 
explanation can be found in Low and Tang (2007).

FORM is a semi-probability calculation method that is well 
known in geotechnical engineering failure analysis. The funda-
mental concept of the FORM probabilistic calculation is to find 
the reliability index (RI) evaluated at the MPP’s x values. In this 
work, we adopt the fast recursive algorithm HLRF-x proposed by 
Ji and Kodikara (2015) to implement the FORM calculation into 
GIS. In brief, the HLRF-x recursive algorithm for locating the MPP 
in the space of random variables defined by vector x (x-space) is 
written as follows:

where �k =
[
�N
k

]T
�
[
�N
k

]
 is the transformation matrix, �k is the vec-

tor of random variables in x-space and �N
k

 is the vector of equiva-
lent MV to convert random variables into the normal distribution. 

(22)Zmodel ∶ hi = hmax −
Zi − Zmin

Zmax − Zmin

(hmax − hmin)

(23)

Pf = ∫g(�)<0 f (�) d �,with limit state function (LSF) ∶ g(�) = FS(�) − 1

(24)Pf = Φ(−�f )

(25)�f =

√[
xi

∗ − ui
N

�N
i

]T
�−1

[
xi

∗ − ui
N

�N
i

]

(26)

�k+1 = �N
k
+

1

∇g
(
�k
)T

Tk∇
(
�k
)
[
∇g

(
�k
)T(

�k − �N
k

)
− g(�k)

]
�k∇g(�k)

Furthermore, the diagonal matrix �N
k
=

⎡⎢⎢⎣

�N
k,i

⋯ 0

⋮ �N
k,n

⋮

0 ⋯ �N
k,m

⎤⎥⎥⎦
 , �N

k,i
 is the 

equivalent normal standard deviation of the ith random variables 
evaluated at xk and R is the correlation matrix of all random vari-
ables. ∇g(�k) denotes the gradient vectors of the LSF evaluated at �k
.

On the other hand, the FOSM is another popular probabilistic 
approach for processing the uncertainty resulting from the input 
parameters in regional landslide susceptibility assessment (Marin 
et al. 2021). This method is based on the Taylor series expansion 
of the performance function about the mean value, using directly 
the mean value and partial derivative of the LSF to evaluate the 
failure probability. Other complicated statistical information of the 
random variables, such as the distribution type, and the correla-
tion between random variables are ignored and, hence, may lead 
to unrealistic prediction results.

Brief description of PRL‑STIM v1.0

General overview

The fast batch computation of POF using the FORM with the 
HLRF-x algorithm in the GIS platform may encounter some chal-
lenges that are not discussed in other uncertainty propagation 
methods such as FOSM or MCS. For example, the recursive algo-
rithm used by HLRF-x requires multiple calculations, which are 
difficult to perform using standard grid computations in popu-
lar GIS-related software such as ArcGIS; analysing the necessary 
dataset for topographic and geomorphological parameters is time-
consuming and often requires utilising geospatial technology on 
multiple software platforms. To overcome these challenges, we 
developed a Windows-based software that allows users to auto-
matically perform the probabilistic PBM and generate landslide 
susceptibility mappings, named ‘the PRL-STIM v1.0’. The software 
workflow is shown in Fig. 5.

Software inputs and outputs
Herein, the input data and output results required for this soft-
ware are briefly mentioned. The software allows users to import 
frequently used file formats: raster and text files, i.e..tif and.csv. 
These input files include the DEM, the maximum and minimum 
value of soil depth, mechanical and hydraulic property data, physi-
cal parameter data with statistical information, and spatial distri-
bution of soil types. A correlation matrix (R) can be imported as 
a separate CSV file. The CSV files used for landslide susceptibility 
distribution parameters must include seven columns with the cor-
responding probability distribution parameter values. Parameters 
defining ten common types of probability distributions are referred 
to relevant literature (Low and Tang 2007).

The software outputs include FS, WFD, soil depth, RI and POF, as 
well as CDF of POF files. The software will automatically process ras-
ter datasets that include soil cohesion, friction, slip depth, slope angle 
and unit weight, among others. The rainfall model was automated in 
this software to obtain the WFD and to evaluate FS using Eqs. (9), (15), 
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(16), (17) and (18). Probabilistic analysis was conducted using the GIS-
FORM with HLRF-x recursive algorithm, as illustrated in Fig. 5. The 
POF of each array element was estimated, and the results were written 
automatically to raster files. These outputs generate a series of raster 
layers for a rapid geological hazard assessment.

Sensitivity analysis of PRL‑STIM

To evaluate the potential impact of each input variable on the 
resulting FS value and to identify the most effective variables for 
probabilistic simulation, such as FORM, the sensitivity analysis is 
conducted for the PRL-STIM model. The ranges of physical param-
eter values used for the sensitivity analysis are listed under the 
‘Values’ and ‘Default value’ columns, as detailed in Table 2.

It is noted that beneath the Niangniangba area, a low-permea-
bility layer underlies the loamy-silty clay, which may hinder deep 
water infiltration and lead to a perched water table above the bed-
rock. The upper soil layer is susceptible to saturation during rain-
fall, and slow drainage may be observed due to the reduced per-
meability of the underlying stratum. Water accumulation between 
these layers may increase pore water pressure in the upper soil, 
potentially causing landslides. Thus, profile C is chosen as the 

representative PWP profile for this study (Fig. 4) and correspond-
ing results are presented as well.

Assessment of model performance

To assess the model’s performance, we employ both the widely 
recognised ROC analysis and the %LRclass index. Additionally, the 
results of the TRIGRS model are used for comparative analysis. 
Furthermore, to enhance the accuracy assessment of probabilistic 
models, we incorporate the FOSM method along with the FORM 
within the probabilistic analysis module of PRL-STIM.

ROC analysis
The ROC analysis and its corresponding area under the ROC curve 
(AUC) are widely employed as the most significant metrics for 
assessing model performance. This index offers a balanced analy-
sis of model accuracy and false positive rate (FPR), with higher 
AUC values indicating better prediction performance. Balanced 
accuracy (BA) and accuracy (ACC) are also utilised as the evalu-
ation index. The probability of detection (POD) is also calculated 
by comparing the number of true positive detections with the 
total number of actual targets, such as observed landslides. The 
resulting value ranges from 0 to 1, with a higher value indicating 

Input data • Topographical

information

• Geological information

• Geotechnical parameters

• Hydrological parameters
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time 
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Fig. 5   Flow chart illustrating the work process of PRL-STIM v1.0
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better performance of the model. In contrast to the ROC curve, the 
POD focuses solely on the number of correctly detected targets. In 
this study, to avoid predicting stable regions as unstable, namely 
neglecting the existence of false positives, we have additionally cho-
sen 5000 random points within the non-landslide region (i.e. actual 
stabilisation areas) to improve the model test.

Landslide ratio index (%LRclass)
Apart from the aforementioned indexes, the LRclass index has also 
been widely utilised to assess the performance of PBM (Salciarini 
et al. 2017). The LRclass (landslide ratio for each predicted FS class) 
proposed by Park et al. (2013) illustrates the correlation between 
the percentage of landslides within a specific class (FS or POF com-
pared to the landslide inventory) and the corresponding percentage 
of area predicted as landslides in each FS or POF class, considering 
that areas of failure may not necessarily be present within these 
classes.

The %LRclass was introduced by Tran et  al. (2018) through 
modification of Eq. (27). It preserves the initial definition of the 
numerator as the percentage of slope failure locations included in 
each FS grade, which should be computed based on the number of 
landslides per FS/Pf grade rather than the number of failure grid 
cells (Park et al. 2013). The FS grades for this study were deter-
mined based on stable and unstable conditions. Two FS grades 
were utilised: FS < 1 (representing unstable conditions) and FS ≥ 1 
(indicating stable conditions). Regarding POF, various classes were 
examined. The LRclass percentage index for the FSi class represents 
the corresponding proportion of the total LRclass value among all FSi 
classes. A larger value of %LRclass means better model performance, 
i.e. higher prediction accuracy.

(27)

LRclass =
% of contained landslide locations in each FS∕POF class

% of predicted landslide areas in each FS∕POF class

Analysis of results

Results from the sensitivity analyses of model parameters
The sensitivity analysis revealed several interesting outcomes 
regarding the model’s behaviour. As shown in Fig. 6, the FS val-
ues exhibit significant variations across the rainfall intensity (IR) 
range of 1.23 to 59.22 which highlights the crucial role of rain-
fall conditions. Consequently, the sensitivity analysis outcomes 
unequivocally establish that the parameter of rainfall intensity 
holds utmost significance within this proposed model. In addi-
tion, the corresponding FS also exhibits obvious variations imme-
diately afterwards, ranging from 1.23 to 26.50, solely by adjusting 
the value of ks. The subsequent significant change in sensitivity 
was observed in soil depth (hs). Specifically, as hs increased from 
0.01 to 3, the corresponding FS decreased from 17.75 to 1.23. This 
indicates that the model performance will be influenced by soil 
depth. For the remaining parameter, the FS change is also more 
significant when adjusting the terrain slope. However, as the slope 
is derived from the DEM, it is not included in the sensitivity analy-
sis. For soils with a permeable layer (i.e. profile C), subsequent 
findings have demonstrated the pivotal influence of friction angle 
on slope stability. Furthermore, soil cohesion also exerts a sub-
stantial impact on slope stability. Conversely, the impact of satu-
ration weight on the model appears to be relatively insignificant. 
The initial saturation and porosity exhibit negligible effects on 
the model when compared to other parameters.

In summary, while most physical parameters play significant 
roles in this rainfall-induced shallow landslide model, it is crucial 
to properly define ks, hs, c, � and Sf, based on the results of Fig. 6.

(28)%LRi
class

=
LRi

class∑n

i=1
LRi

class

Table 2   Parameters values for model verification and susceptibility

Parameter type Parameter Unit Values Default 
value

Rainfall intensity IR mm/h 0.2/3/4/52 52

Geometry � ° 15/22.5/30/37.5/45 30

hs m 0.1/1.0/1.5/2.0/2.5/3.0 3.0

Soil cs kN/m2 9.25/13.875/18.5/23.125/27.75 18.5

� ° 16/24/32/40/48 32

n – 0.06/0.09/0.12/0.15/0.18 0.12

Sf – 0.6/0.7/0.8/0.9/1.0 1

S0 – 0.27/0.37/0.47/0.57/0.67 0.67

�
sat

kg/m3 12.5/18.75/25/31.25/37.5 25

log(ks) m/s 0.005/0.00036/0.000025/0.00000167/0.00
0000125

0.000025
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Results of the application to the study area

The main results revealed several interesting outcomes regarding 
the application of proposed PRL-STIM which include the wetting 
front depth and the deterministic and probabilistic landslide sus-
ceptibility assessment.

Analysis of WFD
The WFD was computed through the proposed model based on the 
hourly rainfall intensity, as well as the geotechnical and hydrogeo-
logical parameters. Figure 7a–h illustrates the spatial distribution 
of the WFD at different time instants. The minimum WFD is 0.1 m 
below the ground as shown in Fig. 7a, and values of 0.01 ~ 0.07 m 
dominate the research area, which represents the relatively dry 
condition after rainfall 3 h. These results suggest that after 3 h of 
rainfall infiltration, the WFD is still shallow. Figure 7d shows the 
spatial distribution of WFD after 6 h of rainfall infiltration, with 
most WFD values between 0.1 and ~ 0.15 m. Nevertheless, the sharp 
increase in rainfall intensity, as depicted in Fig. 7a, led to a rapid 
augmentation in WFD (as shown in Fig. 7i), thereby exacerbating 
instability across the entire study area. Figure 7f shows the spatial 
distribution of WFD after 9 h of rainfall, and the maximum value 
reaches 2.7 m, which means that the rainfall water infiltrates nearly 
the entire soil thickness. Furthermore, Fig. 7i shows the changes and 
trend of the ratio between WFD and soil depth (SD) at different 
rainfall durations from 0 to 16 h. After 9 h of rainfall infiltration, the 
WFD/SD reached the maximum value and remained stable thereaf-
ter, which implies the soil was saturated. It is worth noting that this 
specific time (21:00) corresponds to the period during which the 

highest number of recorded landslides was reported (He et al. 2021). 
The relationship between WFD and slope stability will be further 
discussed in section ‘Deterministic versus probabilistic analysis’.

Deterministic versus probabilistic analysis
For simplicity, we ignored the statistical correlations between 
uncertain model parameters in this section and used a coefficient 
of variation (COV) value of 0.3 to compare deterministic and prob-
abilistic simulation results. The specific model parameters are pre-
sented in Table 1.

To effectively illustrate the deterministic outcomes of varying 
landslide susceptibility levels during the rainfall episode, as shown 
in Fig. 8, we present the proportionate variation of unstable areas 
with continuous rainfall. Figure 8 shows the tempo-spatial distribu-
tions of landslide susceptibility at the beginning, after 6 h and 9 h of 
rainfall infiltrations. Overall, it shows that the landslide susceptibility 
in terms of FS increases significantly with the rainfall duration. The 
WFD increases slowly during the first 4 h of rainfall, and the unstable 
area is almost zero. After 6 h of continuous rainfall (17:00), only a 
negligible proportion of the area (0.4%) exhibited an FS < 1.0. Sub-
sequently, at the end of 6 h of rainfall, there was a noticeable increase 
in potentially unstable regions, accounting for approximately 12% 
of the total area surveyed. The incidence of failure areas continued 
to escalate rapidly and reached a significant level (38%) after 9 h 
of precipitation exposure. The fact that the proportion of unstable 
areas remains unchanged despite continuous rainfall is noteworthy.

Figure 9 shows the probabilistic analysis results. Specifically, 
the selection of a suitable POF threshold is significant for evaluat-
ing the landslide susceptibility. The five following threshold levels 
were adopted: I (very low) POF ≤ 0.01, II (low) 0.01 < POF ≤ 0.1, III 

Fig. 6   Sensitivity of the input parameters of the proposed model considering the PWP profile C (the calculated FS value is added next to each 
dot). Each dot indicates a parameter value listed in Table 1
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(moderate) 0.1 < POF ≤ 0.5, IV (high) 0.5 < POF ≤ 0.9 and V (very 
high) POF ≥ 0.9 (Ji et al. 2022). To investigate the temporal varia-
tion in probabilistic landslide susceptibility, we present the pro-
portionate variation of unstable areas with continuous rainfall 
under different POF thresholds. As shown in Fig. 9, the propor-
tion of unstable areas is already close to 100% after 5 h of rainfall 
when POF was set as 0.1. This indicates the POF threshold value 
is obviously unreasonable. For the case of using a POF threshold 
of 0.9, the proportion of unstable areas is not significant; i.e. 
the unstable areas are less than 1% after 9 h of rainfall. This also 
clearly implies the value is unsuitable. Instead, a POF thresh-
old of 0.5 predicts a very noticeable region of instability, which 
is considered a significant threshold for regional probabilistic 
landslide susceptibility assessment in this study. This value has 
also been adopted in other relevant literature (Silva et al. 2008; 
Medina et al. 2021).

After 4 h of continuous rainfall (i.e. at 16:00), it was observed 
that none of the study areas exhibited POF > 0.5, indicating over-
all stability across the entire region. However, by the 6-h mark, 
there was a notable surge in the proportion of potentially unstable 
regions, reaching approximately 10%. Subsequently, due to persis-
tent heavy precipitation, roughly 33% of the study area was classi-
fied as high-susceptibility regions by the 9-h mark (i.e. 21:00). This 
trend continues to the end of the rainfall with approximately 34% 
of areas remaining unstable, as depicted in Fig. 9.

Regarding the predicted landslides (Figs. 8, 9) utilising the PRL-
STIM, the evolution of potential landslides (unstable areas) of this 
case study can be broadly categorised into three distinct phases:

Stage I: From the onset of rainfall until 4 h, the intensity of pre-
cipitation remained low, resulting in a cumulative rainfall of only 
9.1 mm. We contend that achieving soil saturation and the forma-
tion of a sliding surface at this stage poses a considerable challenge. 

Fig. 7   Temporal evolution of WFD during the rainfall episode. a–h Maps of WFD from 4 to 12 h after rainfall initiation. i Ratio between wet-
ting front and soil depth in the entire study area
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Additionally, low-intensity rainfall provides insufficient external 
conditions for the occurrence of shallow landslides.

Stage II: The occurrence of landslides was predominantly 
observed during periods of heavy rainfall. Within a span of 5 h, 

Fig. 8   Results of the deterministic analysis. Time evolution of the unstable areas and three landslide susceptibility maps (at the beginning of 
the rainfall and 6 h and 9 h after the rainfall). Inset shows the change of WFD/SD ratio during the rainfall episode

Fig. 9   Results of probabilistic analysis. Time evolution of the unstable areas and three landslide susceptibility maps (at the beginning of the 
rainfall and 6 h and 9 h after the rainfall). The upper plot shows the change of WFD/SD ratio during the rainfall episode
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from the 4th to the 9th hour after rainfall initiation, there was an 
escalation in hourly precipitation intensity from 6 to 13.6 mm, 
accompanied by a cumulative increase in rainfall from 9.4 to 
82.3 mm. The combination of intense precipitation within a short 
duration and pre-existing substantial rainfall led to rapid satura-
tion of the shallow topsoil layer, resulting in a significant reduc-
tion in rock and soil mass stability and a subsequent dramatic rise 
in landslide probability.

Stage III: After the 10th hour, rainfall continues persistently, 
resulting in the WFD aligning with the soil body depth, indicating 
a fully saturated state of the soil body. Consequently, no new exter-
nal factors contribute to sliding forces according to Eq. (9) and thus 
there is no further alteration in the unstable area.

The aforementioned discussion visually demonstrates changes 
in landslide susceptibility areas during rainfall using PRL-STIM, 
thereby providing a scientific foundation for real-time early-warn-
ing systems for rain-induced landslides.

Probabilistic results considering COVs in the proposed rainfall 
model
Probability analysis relies on the correct identification of uncer-
tainty in the input data, and a key factor in the accuracy of pre-
dicted POF is the COV for the input data.

To assess the impact of different COVs (0.10, 0.20 and 0.30), 
we assumed all parameters followed a normal distribution and 

compared their effects on landslide susceptibility at 23:00 local time 
(after 11 h, final condition). As mentioned earlier, a threshold POF 
value of 0.5 was deemed appropriate. Therefore, our initial focus 
lies on areas with POF values exceeding 0.5. Figure 10a–c illustrates 
that the spatial distribution of landslide sensitivity becomes more 
significant with an increase of COV.

As depicted in Fig. 10d–f, the variations in different susceptibil-
ity levels with rainfall over time were observed under three COVs. 
At the 5-h mark, the majority of areas were classified as having 
low susceptibility (POF ≤ 0.01). Notably, all areas exhibited a POF 
below 1% at a COV of 0.1. As the COV increased to 0.2, approxi-
mately 99.9% of areas were identified as having very low suscepti-
bility (0.01 < POF ≤ 0.1). When the COV reached 0.3, nearly all areas 
(99.4%) were categorised as having moderate-level susceptibility 
due to parameter uncertainties that indicated potential slope failure 
in the future despite relatively high values of FS (> 1.5). This further 
emphasizes the importance of considering parameter variability in 
probabilistic landslide susceptibility analysis.

The sensitivity of landslides exhibits distinct trends across dif-
ferent COV values. From a probabilistic analysis perspective, the 
standard deviation represents the dispersion or variability of data, 
while the COV indicates the relative magnitude of this dispersion 
by normalizing it with respect to the mean. A higher COV in a nor-
mal distribution suggests greater variability. Distributions with 
higher COVs may exhibit wider tails in their probability density 

Fig. 10   Probabilistic landslide susceptibility analysis under different COVs. POF spatial distribution map. a COV = 0.1. b COV = 0.2. c COV = 0.3. 
Percentage of the total study area with different susceptibility areas at different rainfall moments. d COV = 0.1. e COV = 0.2. f COV = 0.3
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function, thereby increasing the likelihood of landslide occurrence 
due to exceptionally large values present in these tails. Therefore, 
when conducting regional probabilistic landslide analysis, care-
ful consideration must be given to parameter COVs as they play 
a crucial role.

Probabilistic results accounting for statistical correlation and 
non‑normal distribution
Accurate probabilistic landslide susceptibility assessment necessi-
tates the consideration of interdependencies among potential phys-
ical parameters associated with landslides. In the case of landslides, 
multiple random variables such as terrain elevation, rainfall and 

soil type may affect POF, especially for parameters like soil cohe-
sion (c) and friction angle (ϕ) that do not follow a normal distribu-
tion. Hence, to ensure accurate landslide susceptibility analysis, it is 
imperative to simultaneously consider correlation and non-normal 
distribution in determining POF.

To achieve this, it is ideal to adopt the lognormal distribution 
for simulating the distributions of c and ϕ, as suggested by Ji and 
Kodikara (2015). Assuming that the remaining parameters are deter-
ministic allows for investigating a negative correlation between c and 
ϕ without any interference from other random variables. To incor-
porate the impact of correlation on probability landslide analysis, a 
negative correlation coefficient of − 0.5 was considered.

Fig. 11   Probabilistic landslide susceptibility analysis under parameter correlations and non-normal distribution. POF distribution map. a Nor-
mal: �

c,� = 0 . b Normal: �c,� = −0.5 . c lognormal: �c,� = 0 . d lognormal: �c,� = −0.5 . Percentage of the total study area with different suscepti-
bility levels for increasing rainfall duration. e Normal: �

c,� = 0 . f Normal: �c,� = −0.5 . g lognormal: �c,� = 0 . h lognormal: �c,� = −0.5

Fig. 12   Results of the ROC analysis for the inventory of the 2013 landslide episode comparing the ‘Factor of Safety’ and ‘Probability of Fail-
ure’. a ROC curves and AUC values of TRIGRS and PRL-STIM (FS and POF). b ROC curves and AUC values with/without buffer zone around 
inventory points
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Figure 11a–d depicts the outcomes observed at 23:00, following 
11 h of rainfall. It is noteworthy that employing different statisti-
cal distributions, such as normal and lognormal, featuring varied 
cross-correlations, can result in discrepancies in the POF in the 
context of regional probabilistic landslide assessments. Figure 11e–h 
illustrates the temporal changes in susceptibility levels associated 
with rainfall for three different parameter distributions, consider-
ing both correlated and uncorrelated parameters. At the 5-h mark, 
a majority of areas exhibited moderate susceptibility, with nearly 
100% likelihood for the normal distribution (with a COV value of 
0.3), compared to no areas showing very low susceptibility for the 
lognormal distribution. When considering correlated parameters, 
regardless of whether they followed a normal or lognormal distri-
bution, almost all areas were classified as having low susceptibility 
levels.

Regarding the correlation of parameters, the stronger the nega-
tive correlation of the parameters, the more sensitive the distri-
bution of the POF. This means that the potential of landslides 
increases as the correlation of parameters increases. Consequently, 
minor inaccuracies in determining the value of a single parameter 
will have a more substantial influence on the other parameter. This 
heightened sensitivity renders POF highly responsive to even slight 
modifications in parameter values.

Discussion
The primary objective of this study was to investigate the feasi-
bility of employing probabilistic physically-based modelling for 
regional- scale prediction of rainfall-induced shallow landslide 
susceptibility proposing a simple and fast solution. While there 
have been numerous successful applications of probabilistic PBM 
in predicting rainfall-triggered shallow landslides, few studies have 
achieved a balance between computational efficiency and prediction 
accuracy. In this study, we propose a novel PBM approach called 
PRL-STIM, which successfully captures the mechanism of rainfall-
induced shallow landslides. This new model not only accounts for 
temporal variations in WFD resulting from transient infiltration 
induced by rainfall, but also incorporates the consideration of sur-
face runoff. In addition, a fast batch probabilistic analysis based 
on the recursive algorithm of the FORM is employed to effectively 
estimate the probability of landslide occurrence over large areas.

Comparison of performance analysis for different models

Comparison based on ROC analysis
The underlying assumption of our proposed model is that the 
rainfall-induced shallow landslide occurrence is closely related 

to the WFD. To assess the model’s performance, we employed the 
predicted outcomes following an 11-h rainfall event, which corre-
sponds to the time (23:00) when the number of landslides becomes 
constant. Additionally, we utilised the well-established TRIGRS as a 
benchmark for result analysis and conducted a comparative assess-
ment of probabilistic outcomes using FOSM.

Specifically, we adopted the basic physical parameters for TRI-
GRS modelling, including slope, soil depth, unit weights of water 
and soil, cohesion, internal friction, saturated hydraulic conductiv-
ity, diffusivity and both saturated and residual soil water content, 
as described in section ‘The infinite slope theory’. The detailed 
values have been documented in Table 1, which were also utilised 
by He et al. (2021). By inputting the rainfall intensity at different 
time points, the TRIGRS model automatically computes the cor-
responding FS and pore pressure head (ψ) at various moments. 
A noteworthy aspect is that the current TRIGRS model does not 
account for the uncertainty of input parameters, thus limiting its 
applicability solely to deterministic analyses.

Therefore, to compare the performance of FORM in PRL-STIM, 
the FOSM was introduced as a probabilistic alternative method, 
with its fundamental concept elucidated in section ‘Implementation 
of FORM with HLRF-x recursive algorithm’. The same probabilis-
tic parameters and statistical distribution were adopted, including 
cohesion and internal friction with a COV value of 0.3. It should 
be noted that while the FOSM method is commonly used for land-
slide susceptibility mapping (Kaynia et al. 2008), it only considers 
uncorrelated normal distributions for input parameters. Therefore, 
default normal parameters were employed for cohesion and inter-
nal friction in this study using both FOSM and FORM methods in 
PRL-STIM. The specific values are listed in Table 1.

The ROC curve is the highly significant and widely used method 
for evaluating model performance in prediction modelling. The 
AUC value can be utilised to quantitatively compare the predictive 
capabilities of PBM models. Figure 12a displays the ROC curves 
of different models investigated in this study. The corresponding 
AUC values for FS-based TRIGRS, FS-based PRL-STIM, POF-based 
PRL-STIM (FOSM) and POF-based PRL-STIM (FORM) models are 
0.72, 0.72, 0.74 and 0.75, respectively. It can be shown that both POF-
based PRL-STIM (FOSM) and POF-based PRL-STIM (FORM) mod-
els generally exhibit superior predictive performances compared 
to their FS-based counterparts (TRIGRS and FS-based PRL-STIM), 
indicating increased sensitivity when considering parameter uncer-
tainties probabilistically. FORM demonstrates higher prediction 
accuracy than FOSM under identical conditions. Additionally, 
regardless of employing different mechanisms to simulate rainfall 

Table 3   Confusion matrix comparing the effect of different buffers when using the POF = 0.5 as the threshold of safety level of slope stability

Radius of buffer 
zone

TP TN FP FN FPR POD AUC​ BA ACC​

0 284 1577 826 81 0.344 0.778 0.726 0.622 0.672

10 m 580 1552 742 137 0.323 0.809 0.757 0.743 0.708

20 m 2507 1580 739 442 0.319 0.850 0.791 0.766 0.776

30 m 5847 1535 722 741 0.320 0.888 0.814 0.784 0.835
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infiltration, the deterministic predictive performance of PRL-STIM 
remains acceptable or even comparable to TRIGRS.

As shown in Fig. 12b, the AUC value can further be improved after 
applying a buffer zone around the landslide points (due to the uncer-
tainty in the landslide inventory). When the buffer zone is 30 m, the 
AUC value increased to 0.81 and 0.89 based on FS and POF, respec-
tively. Since the landslide inventory of the 2013 episode has relatively 
low precision, adopting a buffer zone is reasonably justified.

Regarding the POD analysis and using 0.5 as the POF threshold 
(as listed in Table 3), the results show that the POD was 0.778 when 
no buffer zone was employed around the landslide points. When the 
buffer zone radius was increased to 30 m, the POD reached a value 
of 0.888. Additionally, the ACC increased from 0.672 (no buffer) to 
0.835 (30-m buffer). Therefore, the model performance significantly 
improves with the increase of the buffer zone, as further demon-
strated by a detailed presentation of the confusion matrix when a 
POF of 0.5 is adopted as a threshold.

Comparison based on %LRclass
To further evaluate the performance of PRL-STIM, the composite 
index LRclass and % LRclass were adopted in this study. As shown in 
Fig. 13a and b, the FS values were classified into five classes from 
extremely unstable (FS < 0.75) to extremely stable (FS > 1.50). The 
majority of landslides were accurately predicted through a com-
parative analysis between PRL-STIM results and observed land-
slides. However, the unstable areas were overestimated. The highly 
unstable zone comprises only 12% of the total area, yet it encom-
passes up to 23% of the landslides, whereas the highly stable zone 
accounts for 28% of the total area but exhibits only 5% occurrence 
of landslides. The unstable areas with FS < 1 constitute only 40% of 

total areas when FS = 1 is set as the stability threshold; however, they 
account for 75% of the total number of observed landslides. Moreo-
ver, as shown in Fig. 13c, there is a consistent agreement between 
the unstable area with continuous rainfall and the PRL-STIM, indi-
cating a trend of gradual change followed by a sudden increase. 
However, the proportion of unstable areas reaches approximately 
58% after a 9-h rainfall forecasted by TRIGRS. In contrast, when 
employing Scoops3D, around 53% of the total area was identified 
as unstable. It is also worth noting that the maximum proportion 
of unstable areas using PRL-STIM accounts for 40% of the total 
area, while TRIGRS and Scoops3D predict higher proportions of 
unstable areas, reaching 58% and 53%, respectively. This indicates 
that the calculated results of PRL-STIM are more conservative. The 
%LRclass calculated by PRL-STIM is 81% as presented in Table 4, 
comparing the values of 71% and 80% reported by TRIGRS and 
Scoops3D, respectively.

Comparison based on computational efficiency
Regarding computational efficiency, we also compared the outcomes 
of TRIGRS and PRL-STIM. For convenience, the Niangniangba region 
was once again utilised as the test subject with a raster resolution of 
12.5 m × 12.5 m, resulting in a total of 711,051 cells within the research 
area. The results demonstrate that completing a calculation using TRI-
GRS’ infinite-depth model takes approximately 8.8 s, while it takes 
around 153.7 s for the finite-depth slope calculation model to finish its 
computation. In comparison, PRL-STIM only requires approximately 
0.97 s to complete a deterministic analysis. Furthermore, even when 
employing the recursive FORM method, the completion of all prob-
ability evaluations can be achieved within a mere 17.1 s.

In summary, all these results indicate a satisfactory accuracy 
for PRL-STIM by comparing the landslide susceptibility map with 

Fig. 13   Prediction of the spatial distribution of shallow landslides employing PRL-STIM. a Map of FS distribution. b The proportion of the area 
of each FS class (observed and predicted). c Proportion of predicted unstable area by TRIGRS and Scoops3D
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observed landslides in the study area. Although different PBM 
methods cater to diverse requirements and necessitate further case 
outcomes, the application of our proposed PRL-STIM significantly 
enhances the landslide susceptibility mapping accuracy and efficiency.

Challenges and limitations

The challenges and limitations of assessing rainfall-induced 
shallow landslide susceptibility are undeniable. These primarily 
include the uncertainty in obtaining accurate physical param-
eters for regional slope assessments and the limitations related 
to model assumptions.

The quality of the input data poses a significant limitation to 
this study, which is a common concern that has been extensively 
discussed by other researchers in the field of physicall-based land-
slide modelling (Tran et al. 2018; Park et al. 2019; Chen et al. 2020). 
The primary challenge lies in modelling regional landslide suscep-
tibility assessments, given the uncertainty in acquiring ideal physi-
cal parameters that are essential at the regional scale. Nonetheless, 
some studies, including those using the SPRIn-SL tool based on 
hydromechanical and geotechnical engineering theories, often 
treat all input parameters as constants (Raimondi et al. 2023). The 
outcomes derived from our sensitivity analysis and simulations 
conducted in the Niangniangba study area underscore the utmost 
importance of meticulously selecting appropriate parameter val-
ues, encompassing saturated permeability, cohesion, friction angle 
and other pertinent factors. The validation of soil thickness, a criti-
cal input parameter for PBM, was not conducted through actual 
measurements in this study. Instead, predictions were solely based 
on the soil depth model. The spatial distribution of soil thickness 
can be highly intricate and is influenced by various geomorpho-
logical factors. Consequently, numerous methods have been pro-
posed to predict the spatial distribution of soil depth as discussed 
in section ‘Determination of the soil thickness of shallow land-
slides’ (Salciarini et al. 2006; Catani et al. 2010; Segoni et al. 2012). 
While commonly employed for soil thickness determination, it is 
imperative to acknowledge that basic models such as the S-model 
and Z-model (Li et al. 2022; Hwang et al. 2023) do not capture the 
nonlinear nature of soil thickness, as highlighted by Segoni et al. 
(2012). To address this limitation, Raimondi et al. (2023) utilised 
polynomial regression and response surface analysis to predict 
the spatial distribution of soil thickness, while Xiao et al. (2023) 
proposed the GIST-RF method for effective estimation of soil 
thickness. Consequently, to enhance the advanced modelling of 
soil thickness in future versions, it is essential to incorporate a 

dedicated module tailored specifically for predicting soil thickness 
within the current PRL-STIM v1.0 assessment.

Considering the uncertainty of the above-mentioned param-
eters, the proposed model contains an appropriate approach to 
address the challenge of obtaining accurate parameter values at 
regional scales. The FORM-based HLRF-x has proven its advan-
tages by involving less computational cost for the failure probabil-
ity analysis (Ji et al. 2022). This approach is versatile to landslide 
probability calculations where the statistics of multiple inputs, 
the statistical correlation of random variables as well as different 
probabilistic distributions (such as normal and lognormal distri-
butions) are considered important factors when performing the 
regional-scale landslide susceptibility mapping. On the other hand, 
while PRL-STIM’s performance validation is based on the TRIGRS 
model, it is crucial to recognise the inherent diversity in triggering 
mechanisms between these methodologies. Our PRL-STIM model 
accounts for the propagation at the wetting front depth, whereas 
TRIGRS focuses on the rise of the perched water table. This distinc-
tion underscores the importance of using models with comparable 
mechanisms to enhance validation robustness and model efficacy. 
Nevertheless, the TRIGRS (Baum et al. 2002, 2008) has been exten-
sively used by researchers and acclaimed for its significant contri-
butions to shallow landslide prediction (Bordoni et al. 2015; Viet 
et al. 2017; Weidner et al. 2018). This also provides a solid foundation 
for accurate model validation. Our study, situated in Niangniangba, 
Gansu, China, benefits from abundant data suitable for implement-
ing the TRIGRS model (He et al. 2021; Wang et al. 2022; Zhang et al. 
2023; Shao et al. 2023). This creates favourable conditions for con-
ducting comparative validation using the TRIGRS model.

To sum up, the proposed model may facilitate susceptibility 
mapping in mountainous regions and the implementation of more 
advanced skills, both conceptual and mathematical. In any case, we 
would like to emphasize the fact that the PRL-STIM is very useful 
for practitioners, authorities and decision-makers in landslide sus-
ceptibility, hazard and risk zoning in mountainous areas affected by 
rainfall-induced shallow slope failures. Although numerous tools 
exist for automated analysis of regional slope stability, these tools 
typically necessitate multi-platform operation. Our developed PRL-
STIM v1.0 is a user-friendly, Windows-based software with broad 
applicability and portability across diverse geographical regions 
and environmental conditions.

Conclusions
Rainfall-induced shallow landslides often result in significant dam-
age and loss of life in mountainous regions. Conducting probabilis-
tic physically-based modelling for regional-scale shallow landslide 

Table 4   The %LRclass evaluations utilised to analyse the performance of different models

a Results are provided by He et al. (2021)

FS class % of slides % of predicted 
areas

LRclass %LRclass

This study TRIGRSa Scoops3Da

FS < 1 74.52 39.96 1.87 81.46 71.28 80.16

FS ≥ 1 25.48 60.04 0.42 18.54 28.72 19.84

Sum 100 100 2.29 100 100 100
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susceptibility analysis remains a challenging task. In this study, we 
propose a simplified transient model for rapid assessment of land-
slide susceptibility at the regional scale. The model accounts for 
rainfall infiltration at various time instants and can be effectively 
integrated with a fast computational framework predicting the 
probability of landslide failure at the regional scale. This is success-
fully achieved by implementing a GIS-FORM approach. Moreover, 
a user-friendly software named ‘PRL-STIM v1.0’ was developed to 
facilitate convenient utilisation of the model. The key findings can 
be summarised as follows:

1.	 The sensitivity analysis quantifies the impact of input param-
eters on the proposed model. The results indicate that the rain-
fall intensity (IR), saturated permeability coefficient and soil 
thickness are the most sensitive physical parameters. Among 
the remaining parameters of the model, soil cohesion and the 
internal friction angle exert the greatest influence. This means 
that small changes in these parameters may significantly affect 
the predictions of the model. Specifically, the model highlights 
the significance of rainfall intensity and permeability (nota-
bly, the saturated permeability coefficient), which affect water 
conditions in the soil, within the parameters associated with 
rainfall conditions. Conversely, when considering the other 
mechanical properties of soil, particular attention is given to 
the cohesion and internal friction angle. This suggests that 
the model considers both rainfall conditions and soil physi-
cal properties. Hence, the correctness and variability of these 
parameters should be carefully evaluated.

2.	 The prediction accuracy and computational efficiency of the 
PRL-STIM landslide assessment method were further applied 
and validated for the July 2013 rainstorm that affected the 
Niangniangba area and triggered multiple shallow landslides. 
On the one hand, the calculations confirmed the high computa-
tional efficiency of the model, since one run for a total of 711,051 
cells and the entire FORM analysis was performed within a 
mere 17 s. Regarding the comparison between susceptibility 
maps and the landslide inventory yielded satisfactory outcomes 
by using the ROC, POD and %LRclass analysis. When compared 
to the deterministic-based TRIGRS model as a benchmark, it 
was observed that the deterministic-based PRL-STIM achieved 
an AUC value of 0.72. In comparison to an AUC of 0.74 obtained 
using FOSM, the utilisation of FORM for probabilistic analyses 
resulted in a superior AUC value of 0.75, along with an esti-
mated %LRclass of 81.6%. The accuracy of the landslide suscep-
tibility map based on POF reached 89% when a 30-m buffer was 
applied around the initiation points, while an accuracy of 81% 
was achieved using FS. This implies that probabilistic analysis 
is proven to yield slightly more precise results.

3.	 The application of the PRL-STIM model to predict rainfall-
induced shallow landslides in the study area also reveals a strong 
correlation between unstable areas and the depth of the wetting 
front. Furthermore, incorporating a 50% probability of failure 
threshold effectively characterises the spatial distribution of 
susceptibility to regional landslide hazards. As rainfall continues, 
there is a gradual increase in the area prone to landslides, which 
can be accurately predicted using probabilistic analysis models. 
It should be noted that considering different physical parameters 
such as COV, statistical correlation and non-normal distribution 

significantly impacts the assessment of regional landslide prob-
ability.

In conclusion, the proposed PRL-STIM model enables the anal-
ysis of spatial distribution and temporal progression of shallow 
landslides under varying rainfall scenarios. It proves particularly 
valuable for disaster forecasting, especially in regions with limited 
data availability. This approach demonstrated satisfying perfor-
mance and may serve as a fast and straightforward tool for land-
slide mitigation where data-driven models are not available. How-
ever, it is crucial to note that despite the promising initial results 
exhibited by the PRL-STIM, further investigation is warranted to 
assess its performance across diverse geographical settings and 
under varying climatic conditions. Future research should focus on 
addressing these limitations and exploring the applicability of the 
PRL-STIM model with more suitable soil-depth prediction models 
to enhance accuracy and reliability. It is thus hoped that integrat-
ing this model into regular works of landslide risk management 
can contribute significantly to the field of environmental disaster 
prevention and mitigation.
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