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ABSTRACT: Traditional rainfall intensity–duration (I–D) thresholds for shallow landslides are predominantly empir-
ical and lack explicit linkage to internal slope hydrological processes, limiting their reliability under variable rainfall
conditions. This study establishes a physically based early warning framework by integrating critical suction stress–
depth profiles with rainfall I–D thresholds derived from limit equilibrium analysis and unified effective stress theory.
Requiring only rainfall data, the framework does not depend on real-time subsurface monitoring and thus remains
applicable in data-limited regions. Antecedent rainfall effects are incorporated through an antecedent rainfall duration
estimation method, enabling a physically interpretable definition of the initial slope infiltration state. Coupled transient
infiltration–stability simulations reveal that infiltration amount, rather than total rainfall depth, is the dominant
control on failure initiation. Variations in rainfall temporal distribution produce distinct infiltration responses: earlier
intensity concentrations promote more effective infiltration and earlier destabilization, whereas later-stage intensity
peaks enhance surface saturation and runoff, limiting infiltration and delaying failure onset. The proposed framework
advances existing physically based rainfall threshold studies by explicitly incorporating antecedent rainfall conditions
and rainfall temporal distribution into rainfall threshold analysis. Based on these findings, the rainfall pattern
associated with the earliest failure timing under comparable conditions is identified as a conservative basis for early
warning. Additional analyses considering incomplete rainfall records indicate that prediction performance depends on
rainfall update intervals, historical data completeness, and specification of antecedent rainfall conditions. Even under
partial data loss, reliable pre-failure warning remains achievable. The results provide a physically interpretable and
operationally robust basis for rainfall-triggered slope failure prediction.

KEYWORDS: Antecedent rainfall; infiltration-controlled instability; rainfall intensity–duration thresholds; shallow
slope failure; transient infiltration

1 Introduction
In common slope stability analysis methods, the empirical threshold method is the most widely used

preliminary prediction tool [1–4]. It mainly evaluates the possibility of landslide occurrence by comparing
expected rainfall characteristics (such as rainfall intensity and duration) with empirical thresholds for
rainfall–landslide occurrence [5–9]. It is applicable to landslide prediction and early warning across various
spatial scales, especially for large-scale shallow landslide phenomena. These empirical relationships are
usually expressed as power-law functions between rainfall intensity and duration; however, they neglect
the importance of hydrological processes within the slope during rainfall events. As a result, the predictive
performance of the model is reduced, leading to a large number of false alarms in early warning systems [10].
Recent studies have confirmed that integrating hydrological information, such as catchment water storage
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or antecedent soil moisture, can effectively enhance the accuracy of landslide prediction and strengthen
the reliability of empirical threshold methods [11,12]. Fusco et al. [13] further indicated that slope materials
and hydrological properties exert strong control over the timing and intensity of hydrological processes
associated with rainfall-induced landslides, thereby influencing hillslope hydrological responses across
different temporal scales.

On the other hand, existing research has focused on investigating the triggering mechanisms of rainfall-
induced shallow landslides and has progressively developed physically based assessment methods [14–18].
These methods reasonably account for soil hydraulic and mechanical properties, initial pore water pressure
distributions, and atmosphere–soil interactions. They employ analytical solutions or numerical simulations,
such as the finite element method and the finite difference method, to calculate rainfall infiltration–induced
changes in pore water pressure, thereby enabling a further evaluation of slope stability. Lu et al. [19]
proposed an evaluation approach that integrates geotechnical engineering methods, retaining the simplicity
of approaches based on rainfall and landslide historical data while enabling the description and quantification
of physical processes such as hydrological and mechanical processes. This approach enhances the predictive
accuracy of slope instability occurrence. Yang et al. [20] investigated the relationship between soil moisture
and rainfall, proposing relationships among soil moisture content, suction stress, and shear strength, and
developed a stability assessment model based on moisture variations by integrating numerical models,
thereby providing theoretical support for slope stability analysis. These studies highlight that incorporating
hydrological processes into slope stability assessments enhances the robustness and accuracy of landslide
early warning systems. Recent studies have also highlighted that adopting the wetting branch of the soil-
water retention curve (SWRC) together with the corresponding hydraulic conductivity function (HCF) can
improve the representation of rainfall infiltration processes by accounting for hydraulic hysteresis [21,22].

When examining the triggering mechanisms of slope failure, the influence of antecedent rainfall on
the moisture condition of the slope mass cannot be overlooked. Several studies have indicated that slopes
exhibit significantly different hydrological responses to rainfall under varying soil moisture conditions
[23–27]. Durukan [28] evaluated the effects of antecedent saturation and rainfall conditions on rainfall-
triggered slope failure mechanisms, highlighting the importance of considering initial wetness conditions
and rainfall characteristics in slope stability assessment. Traditional models commonly focus on rainfall
intensity and duration, but they may not fully capture variations in rainfall temporal distribution or the
impacts of short-duration and abrupt rainfall events [29–32]. Yeh and Tsai [33] investigated the effect of
variations in long-duration rainfall intensity on unsaturated slope stability and demonstrated that changes in
rainfall intensity can significantly influence pore water pressure responses and slope stability. Therefore, this
study further investigates the impacts of different rainfall patterns on slope stability. By integrating transient
rainfall simulations with analyses of rainfall temporal distribution, an early warning mechanism capable of
predicting failure timing is developed. In addition, an estimation method for antecedent rainfall duration is
proposed to explicitly define the critical temporal scale governing slope wetting conditions. This approach
enhances the applicability and predictive accuracy of I–D models under atypical rainfall conditions while
mitigating errors associated with uncertainties in rainfall data.

Existing rainfall threshold and early warning approaches may still exhibit reduced predictive accuracy
under extreme rainfall conditions or when data are insufficient, and their limitations become more evident
when non-uniform rainfall patterns or antecedent wetting states are involved. Although Lu et al. [19]
proposed a suction stress–based rainfall intensity–duration threshold curve method for slope instability
prediction, variations in rainfall patterns were not explicitly considered in their early warning procedure.
More recently, Zhao et al. [34] further incorporated rainfall temporal distribution into rainfall thresholds
for shallow landslides; however, the influence of antecedent conditions was not further examined. Therefore,
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the linkage among initial wetting conditions, infiltration evolution, and suction stress variation still requires
further clarification. To address these research gaps, this study constructs critical suction stress–depth
profiles based on the limit equilibrium method and the unified effective stress theory, and develops physically
meaningful rainfall threshold curves to enhance the understanding of slope failure development processes.
Additionally, this study proposes a method for estimating antecedent rainfall duration and defines simple
and explicit parameters and operational procedures. This approach overcomes limitations imposed by
data gaps while reasonably accounting for physical mechanisms, thereby addressing the shortcomings of
traditional forecasting methods. This study further analyzes the impacts of different rainfall patterns on
slope stability by incorporating rainfall characteristics into threshold models. Through transient rainfall
analysis, failure timing is predicted, thereby enhancing forecasting capability for non-uniform rainfall events.
The proposed methodology can be applied to shallow slopes lacking monitoring equipment and, when
combined with real-time weather forecasts, provides dynamic predictions and decision support for disaster
risk management.

The main contributions of this study are summarized as follows:

• The effects of different rainfall temporal patterns on physically based rainfall thresholds were system-
atically investigated, demonstrating how rainfall distribution influences infiltration behavior, failure
timing, and the distribution of rainfall intensity–duration (I–D) threshold curves.

• An antecedent rainfall duration estimation method was developed to account for antecedent wetting
conditions and initial infiltration conditions in physically based rainfall threshold analysis.

• A physically based shallow slope early warning procedure was established by integrating rainfall
pattern–dependent threshold curves with antecedent rainfall estimation, enabling rainfall warning
using rainfall information alone without relying on real-time subsurface monitoring.

2 Methodology
The overall framework of this study is illustrated in Fig. 1. First, critical suction stress depth profiles are

analyzed to identify potential slope failure mechanisms and corresponding failure depths under different
wetting conditions. Based on this analysis, physically based rainfall intensity–duration (I–D) threshold
curves are established to serve as the foundation for early-warning decisions. Second, an estimation method
for antecedent rainfall duration is proposed to evaluate the initial wetting condition of the slope prior to
the main rainfall event. Next, rainfall data are organized and rainfall events are segmented to accurately
define the duration and cumulative precipitation of each event, forming the basis for subsequent case
analysis and model application. Finally, transient rainfall simulations are conducted by integrating different
rainfall patterns with real-time rainfall forecasts, thereby establishing an early-warning procedure capable of
predicting the timing of slope failure. Through this five-stage workflow, a physically based, easy-to-use, and
flexible landslide prediction system is developed that is applicable across different scenarios and regions.

2.1 Construction of Critical Suction Stress–Depth Profiles
The critical suction stress of a slope refers to the suction stress corresponding to the limit equilibrium

state (FS = 1) under a given slope angle and shear strength conditions. It is an intrinsic property of the slope,
governed solely by its shear strength parameters and slope geometry, and is independent of soil suction or
moisture content. Although soil suction and moisture content influence the transient evolution of pore water
pressure and seepage behavior, thereby affecting the timing of slope failure, the critical suction stress at a
given depth is a steady-state quantity. Therefore, it represents an intrinsic mechanical property of the slope.
Once the slope angle and soil shear strength parameters are fixed, the critical suction stress profile with depth
is determined.
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Figure 1: Research flowchart.

The unified effective stress theory developed by Lu and Likos [35] and Lu et al. [36] was adopted in this
study. Accordingly, the effective stress in variably saturated soils can be expressed as follows:

σ ′ = σ − σ s (θ) (1)

where σ is the total stress [ML−1T−2], and σ s (θ) is the suction stress [ML−1T−2], expressed as a function of
matric suction or soil moisture content and referred to as the Suction Stress Characteristic Curve (SSCC) [35].
This function is derived from the Soil-Water Retention Curve (SWRC) and is jointly governed by matric
suction and the effective degree of saturation.

Under saturated conditions, pore water pressure in soils may be either in a compressive state (i.e.,
positive relative to atmospheric pressure) or in a tensile state (i.e., negative relative to atmospheric pressure),
depending on the imposed boundary conditions. Under a hydrostatic pressure distribution, the maximum
negative pore water pressure that a soil can sustain, which represents the lower limit at which it remains
saturated, is an intrinsic property known as the air-entry pressure. When pore water pressure falls below
this pressure, the soil enters an unsaturated state. Under unsaturated conditions, suction stress constitutes a
component of the internal effective stress. When the soil becomes saturated, the contribution of suction stress
approaches zero and is replaced by pore water pressure. This is consistent with the concept of pore water
pressure in Terzaghi [37] theory, reflecting the continuity of effective stress across the saturated–unsaturated
transition.

{σ s (θ) = −Se × ψ
σ s (θs) = uw

(2)

where Se is the effective degree of saturation of the soil [–], ψ is the matric suction [ML−1T−2], and uw is the
pore water pressure [ML−1T−2].
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Therefore, regardless of whether the soil is saturated or unsaturated, its shear strength can be described
by the Mohr–Coulomb failure criterion [37]:

τ f = c′ + σ ′ (θ) tan ϕ′ (3)

When examining rainfall-induced slope failures, the failure plane typically occurs at shallow depths and
is generally parallel to the slope surface. Therefore, this study employs an infinite slope model, as shown
in Fig. 2a, which allows the failure plane to form at any depth, with its specific location determined by the
prevailing hydrological and mechanical conditions. Based on this, for a homogeneous slope with a given
slope angle (β), the Factor of Safety (FS) under variably saturated conditions can be expressed by applying
the unified effective stress theory to the limit equilibrium formulation proposed by Duncan et al. [38] as
follows [39]:

FS (z, β, ϕ, c′) = tan ϕ′

tan β
+ 2c′

γz × sin 2β
− 2σ s (z)

γz × sin 2β
× tan ϕ′ (4)

where z is the depth [L], γ is the unit weight of the soil [ML−2T−2], ϕ′ is the effective internal friction angle
[-], and c′ is the effective cohesion [ML−1T−2]. Eq. (4) indicates that the variation of suction stress with depth
σs(z) is the only variable that changes with rainfall conditions and governs the evolution of the factor of
safety. Therefore, when the slope reaches a critical state (FS = 1), the distribution of the critical suction stress
can be expressed as follows [19]:

FS = 1→ σ s (z) = c′

tan ϕ′
+ γz (cos2 β − sin 2β

2 tan ϕ′
) (5)

When the geometric conditions and mechanical properties (β, ϕ′, c′) of a slope are known and fixed,
and the variation in soil unit weight (γ) is relatively small [40], the corresponding critical suction stress
profile exhibits a unique functional relationship with depth z, as shown in Fig. 2b. Here, dw denotes the
initial critical depth constrained by hydrostatic pressure conditions, whereas df represents the critical failure
depth at which changes in soil suction stress induced by rainfall infiltration ultimately trigger slope failure.
Consequently, the critical suction stress profile is intrinsic to a given slope and is determined by its geometric
and mechanical properties.

2.2 Development of Suction Stress–Based Rainfall Intensity–Duration Threshold Curves
The rainfall intensity–duration (I–D) threshold curve reflects the hydrological and mechanical char-

acteristics of a slope and is primarily controlled by its hydraulic properties and critical suction stress.
To establish the threshold curve, transient rainfall infiltration is first simulated to obtain the temporal
evolution of suction stress within the slope. The simulated suction stress profiles are then compared with
the critical suction stress profile developed in Section 2.1 to determine the critical failure time under each
rainfall condition. This study employed HYDRUS [41] to simulate rainfall infiltration, and the corresponding
computational procedure is illustrated in Fig. 3.
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Figure 2: (a) Conceptual model of an infinite slope; (b) Critical suction stress–depth profile.

Figure 3: Coupled variably saturated flow and stress computation procedure.

The simulated variables include matric suction, soil water content, hydraulic conductivity, and temporal
and depth-dependent variations of suction stress. The governing equation for seepage flow is based on the
transient unsaturated flow equation proposed by Richards [42] and is expressed as follows:

∂θ(h)
∂t

= ∇ ⋅ K(h)∇H +W (6)

where θ is volumetric water content [-]; t is time [T]; h is pressure head [L]; H is the total head [L]; W is the
source sink term [T−1]. θ(h) and K(h) are functions varying with pore water pressure, corresponding to the
SWRC and the Hydraulic Conductivity Function (HCF), respectively. This study employs the SWRC model
proposed by van Genuchten [43] expressed as follows:
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θ(h) = θr + (θs − θr)(
1

1 + α ∣ψ∣n
)

m

(7)

where θs is the saturated water content [–]; θr is the residual water content [-]; ψ is the matric suction
[ML−1T−2]. The parameters α [M−1LT2] and n [-] are fitting parameters of the SWRC, with m = 1/n. In
addition, Mualem [44] further derived a hydraulic conductivity function applicable to unsaturated soils
based on the above SWRC model, which is expressed as follows:

K(h) = Ks ⋅ Sl
e ⋅ [1 − (1 − S1/m

e )
m
]

2
(8)

where l denotes the pore-connectivity parameter and is commonly assumed to have a value of 0.5.
Together, Eqs. (6)–(8) describe the hydraulic properties of unsaturated soils and characterize the transient
water movement within the slope during rainfall infiltration. Based on these constitutive relationships,
transient rainfall infiltration was simulated using the HYDRUS software package [41]. According to the finite
element framework proposed by Reddy [45], the hydrological response of the slope during rainfall infiltration
was computed, and the simulated volumetric water content was subsequently converted into suction stress
using the unified effective stress formulation proposed by Lu and Likos [35], as defined in Eq. (2).

The critical suction stress–depth profile established under the condition of FS = 1 is shown in Fig. 4a.
The blue curve represents the critical suction stress distribution with depth, corresponding to the limit equi-
librium state of the slope as defined by Eq. (5). The red dashed curve represents the rainfall-induced suction
stress profile simulated using HYDRUS-2D. The initial suction profile was established based on hydrostatic
equilibrium; therefore, the initial pressure head and the corresponding matric suction varied linearly with
depth. However, after rainfall infiltration began, the suction stress profile evolved dynamically in both time
and depth through the numerical solution of the Richards equation, resulting in a nonlinear distribution.

Figure 4: (a) Critical suction stress–depth profile; (b) Suction stress–based rainfall intensity–duration threshold curve.

For a given rainfall intensity, the infiltration process was simulated until the rainfall-induced suction
stress profile first intersected the critical suction stress profile. The depth of this first intersection was defined
as the critical landslide depth (df ), and the corresponding simulation time was defined as the failure time.
In addition, the hydrostatic critical depth (dw) was determined from the intersection between the critical
suction stress profile and the hydrostatic limit (i.e., the gray region where σs > uw), representing the depth at
which the slope reaches the critical condition under hydrostatic conditions.
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By repeating this procedure under different rainfall intensities, multiple pairs of critical rainfall intensity
and failure duration were obtained to construct the rainfall intensity–duration (I–D) threshold curve,
as shown in Fig. 4b. Rainfall conditions above the threshold curve indicate unstable conditions, whereas
those below the curve correspond to stable conditions. The red point in Fig. 4b represents one critical I–D
combination determined from the first intersection shown in Fig. 4a.

2.3 Definition of Antecedent Rainfall Duration
Previous studies investigating the effects of antecedent rainfall have commonly employed regression

analyses based on cumulative rainfall over a fixed number of days prior to slope failure, or have estimated soil
moisture conditions using the Antecedent Precipitation Index (API) [46,47]. However, such approaches often
require long-term and high-resolution continuous observational data, thereby increasing data requirements
and limiting the applicability of the models. To overcome this limitation, this study proposes an estimation
method for the duration of antecedent rainfall, which derives key parameters based on critical suction
stress–depth profiles. This approach enables the assessment of the time span over which antecedent rainfall
influences slope wetting conditions and stability, even in the absence of complete records of slope failure
events. First, based on the assumptions of the limit equilibrium method and considering the influence of
hydrostatic pressure, this study describes the evolution and migration of the critical depth at which the factor
of safety within the slope reaches its minimum during rainfall infiltration, ultimately reaching the critical
failure depth. The time required for this critical depth to migrate to the critical failure depth is defined as the
duration of antecedent rainfall, which quantifies the temporal influence of rainfall on slope stability.

DA =
d f − dw

Kav g
(9)

where DA is the antecedent rainfall duration [T], d f is the critical failure depth [L], and dw is the hydrostatic
critical depth [L]. The parameter Kavg represents the average seepage velocity [LT−1], denoting the seepage
velocity from the slope surface to the critical failure depth, thereby providing a more accurate description of
soil infiltration behavior and its impact on slope stability.

2.4 Rainfall Event Separation and Rainfall Event Analysis
Because rainfall in Taiwan is predominantly associated with the Mei-yu (plum rain) season and summer

convective precipitation, the rainfall pattern classification proposed by Lu et al. [19] cannot effectively
distinguish the characteristics of local rainfall events. Therefore, this study replaces the conventional
hydrological breakthrough time with the antecedent rainfall duration DA to establish a more representative
rainfall ensemble. For rainfall segmentation, this study adopts the definition of the rainfall frequency index
R10 proposed by the Expert Team on Climate Change Detection and Indices (ETCCDI), defined as the
number of days with cumulative daily rainfall exceeding 10 mm [48–50]. This indicator aims to simplify the
identification of extreme rainfall events, with a daily rainfall of 10 mm typically representing rainfall events of
moderate intensity or higher. It has been widely applied across most climate zones. To meet the requirements
of hourly rainfall data used in this study, the definition of the R10 indicator has been converted from a “daily
scale” to an “hourly scale” to enhance its ability to identify short-duration heavy rainfall events.

R10 =
N=24
∑
i=1

Pi (10)

where Pi represents the rainfall amount [L] during the i-th hour [L], and N denotes the total number of hours
[T] within the analysis period. If the cumulative rainfall over the preceding 24 h satisfies Pi ≥ 10 mm, the
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corresponding time is identified as the onset of a rainfall event. The termination of a rainfall event is defined
as the time when the 24-h cumulative rainfall falls below Pi < 10 mm, as illustrated in Fig. 5. The red and
green dashed lines indicate cumulative rainfall reaching the threshold for rainfall onset, representing past and
present time points that satisfy the onset criterion, respectively, while the gray dashed line corresponds to the
cumulative rainfall decreasing to the threshold defining rainfall termination. Whenever a rainfall event meets
the termination criterion, the cumulative rainfall is reset to zero. Subsequent rainfall is regarded as a new
antecedent rainfall event only when the rainfall onset criterion is satisfied again. Because a rain-free period
often exists between rainfall termination and the onset of subsequent rainfall, hydrological processes within
the slope may continue even after surface rainfall has ceased. Therefore, in this study, such rain-free periods
are also taken into account to evaluate their influence on slope stability and potential failure conditions.
Subsequently, all rainfall events occurring within the antecedent rainfall duration DA are integrated to derive
a set of antecedent rainfall events capable of influencing slope failure. By combining these events with rainfall
forecasts, prediction points can be superimposed onto the rainfall intensity–duration (I–D) threshold curve,
allowing the stability state of the slope to be assessed based on the threshold relationship.

Figure 5: Method for constructing rainfall event sets.

2.5 Landslide Early Warning System
The rainfall combination method developed in this study can be applied to slope early warning

procedures based on rainfall intensity–duration (I–D) threshold curves proposed by the U.S. Geological
Survey [51,52]. The slope early warning procedure uses Quantitative Precipitation Forecasts (QPF) provided
by meteorological agencies as model inputs. The overall workflow is illustrated in Fig. 6 and is described
as follows:

Step 1: Initiation of the Landslide Early Warning Procedure
Following the termination of the previous rainfall event, the time at which the cumulative rainfall over

the subsequent 24 h reaches 10 mm is identified as the onset of the current rainfall event, as indicated by the
green dashed line in Fig. 5. At this time, the landslide early warning procedure is initiated.

Step 2: Establishment of the Rainfall Initial Point
To mark the onset of the current rainfall event on the rainfall intensity–duration (I–D) threshold curve

and to ensure that the early warning procedure can accurately identify subsequent rainfall-induced failure
behavior, this study, the position of the rainfall initial point is determined based on different combinations
of antecedent rainfall events. The position of the initial point is constrained to lie below the threshold curve,
indicating that the warning procedure is initiated while the slope remains in a stable state. If the rainfall initial
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point lies above the threshold curve, it implies that the slope has already reached failure conditions prior to
the onset of rainfall, rendering the system incapable of predicting the failure timing. Considering that the
influence of antecedent rainfall diminishes over time, rainfall events that are furthest from the rainfall onset
are progressively excluded. The combination with the longest antecedent rainfall duration that remains below
the threshold curve is selected as the rainfall initial point, ensuring that the prediction system is activated
under stable conditions.

Step 3: Integration of Rainfall Forecasts
After confirming that the slope remains in a stable condition prior to rainfall onset, stability prediction

for subsequent rainfall events can be conducted. Subsequent rainfall data are obtained from QPF. The system
dynamically updates the prediction information based on the latest rainfall forecasts and continuously gen-
erates new rainfall prediction points. These points are sequentially plotted on the rainfall intensity–duration
(I–D) threshold curve for stability assessment.

Step 4: Stability Analysis and Prediction of Rainfall-Induced Failure Timing
Before the termination of the subsequent rainfall event, the system continuously evaluates the position

of each prediction point on the rainfall intensity–duration (I–D) threshold curve. If any prediction point
reaches or exceeds the threshold curve, it indicates that the rainfall conditions at that time have attained the
critical threshold for slope failure. The time corresponding to this prediction point is then defined as the
predicted failure time and is used as a key basis for assessing slope failure risk within the early warning system.

Figure 6: Workflow of the slope early warning procedure.

2.6 Evaluation of the Early-Warning Performance of the Rainfall Threshold Model
To evaluate the performance of the rainfall threshold curve model based on critical suction stress

in predicting shallow landslides, this study compared the model prediction results with long-term actual
observational data. Based on this comparison, an error matrix was constructed to quantify the prediction
accuracy of the model. The error matrix can be divided into four scenarios [53,54], as shown in Table 1,
including hits, where landslide events are successfully predicted; misses, where actual landslide events are
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not predicted; false alarms, where landslides are predicted but do not actually occur; and correct negatives,
where neither a warning is issued nor a landslide occurs.

Table 1: Error matrix.

Predicted Landslide No Landslide Predicted
Observed landslide Hits Miss

No landslide observed False alarm Correct negative

Since shallow landslides are low-frequency hazard events, the overall accuracy is easily influenced by the
proportion of non-event samples and may overestimate the model performance. Therefore, this study adopts
Probability of Detection (POD), False Alarm Ratio (FAR), and Threat Score (TS) as the primary evaluation
indicators to analyze the feasibility and predictive accuracy of the practical early warning system developed
in this study. The evaluation indicators are described as follows:

• Probability of Detection (POD):

This represents the proportion of actual landslide events that are successfully predicted by the model.
It is used to measure the model’s ability to detect landslide events that actually occur. The POD value ranges
from 0 to 1, with higher values indicating better predictive capability of the model for landslide events. The
definition is as follows [55]:

POD = Hits
Hits +Misses

(11)

• False Alarm Ratio (FAR):

This represents the proportion of warning signals issued by the model in which no landslide event
actually occurs. It is used to evaluate the extent of false warnings generated by the model. A lower FAR value
indicates higher reliability of the model’s warning results. The definition is as follows [55]:

FAR = False alarms
Hits + False alarms

(12)

• Threat Score (TS):

This metric comprehensively considers hits, misses, and false alarms, and is used as an indicator to
evaluate the overall predictive performance of the model. The TS value also ranges from 0 to 1, with
higher values indicating better overall prediction performance of the model in balancing landslide detection
capability and false alarm control. The definition is as follows [56]:

TS = Hits
Hits + Falsealarms +Misses

(13)

In summary, this study establishes an early warning performance evaluation framework based on the
confusion matrix and the metrics POD, FAR, and TS, while avoiding the use of overall accuracy to reduce
potential bias. This framework can be further applied to compare the effects of different rainfall conditions
on early warning performance, providing a basis for subsequent analyses.
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3 Study Area

3.1 Study Area and Geological Setting
The Babao-Liao landslide site is located in Dongxing Village, Zhongpu Township, Chiayi County,

Taiwan, as shown in Fig. 7. It lies in the southern segment of the western foothills and represents a
mountainous slope that is highly sensitive to rainfall. The terrain is generally steep, dominated by fifth-
and sixth-grade slopes with inclinations exceeding 40○, and elevations ranging from approximately 400
to 580 m. The slope morphology is strongly influenced by structural planes and drainage patterns, and
areas of exposed slope surface are observed. The slope mass is primarily composed of muddy sandstone
and sandy shale of Miocene to Pleistocene age. These lithologies are highly fractured and contain well-
developed structural joints. Owing to the combined influence of typhoons and southwesterly monsoon flows,
the region experiences high annual rainfall, with a mean annual precipitation of approximately 2900 mm.
Rainfall is mainly concentrated between April and September during the Mei-yu season and the summer
rainy period. As a result, the Babao-Liao area frequently experiences short-duration, high-intensity rainfall
events during the rainy season, which have repeatedly triggered slope failures. The dominant failure mode
in this area is shallow landsliding, which is closely associated with the reduction in shear strength of loose,
weathered surface soils after saturation. Rainfall infiltration into the subsurface progressively increases pore
water pressure, ultimately inducing slope failure.

Figure 7: Location map of the Babao-Liao landslide area from Yang et al. [20].
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The Babao-Liao area exhibits high susceptibility to slope failure and has well-documented records of
slope failure events, making it a suitable case site for validating the proposed early warning system. According
to the engineering geological borehole data at the main analysis location, BH-10CI, the colluvial deposits in
the Babao-Liao area mainly consist of brown soils mixed with gravels and are classified as low-plasticity clay
based on the Unified Soil Classification System (USCS). Since particle-size analysis was not conducted at
BH-10CI, particle-size analysis data from a nearby borehole, BH-08, were used as supplementary information
to characterize the fine-particle content and soil classification of the study area, as shown in Fig. 8. The results
indicate that the sand content is approximately 32%–39%, the silt content is approximately 39%–54%, and
the clay content is approximately 6%–12%.

Figure 8: Particle-size distribution curve of the Babao-Liao soil sample.

The soil hydraulic parameters reported by Yang et al. [20] were adopted in this study and are summarized
in Table 2. Among these parameters, the saturated water content (θs), residual water content (θr), air-entry
parameter (α), and pore-size distribution parameter (n) were obtained by fitting the SWRC to soil water
characteristic test data, whereas the saturated hydraulic conductivity (Ks) was adopted from the calibrated
results reported by Yang et al. [20]. The procedure for determining the van Genuchten (1980) model
parameters is described as follows:

(1) The relationship between volumetric water content and matric suction was established using soil water
characteristic test data.

(2) The van Genuchten model was fitted to the soil-water retention curve (SWRC) using a nonlinear least-
squares method, with θs, θr, α, and n simultaneously treated as fitting parameters.

(3) The optimized values of the saturated water content (θs) and residual water content (θr) were obtained
directly from the simultaneous fitting procedure.

(4) The optimized values of the air-entry parameter (α) and pore-size distribution parameter (n) were also
obtained directly from the same simultaneous fitting procedure. The parameter α primarily controls
the location at which the SWRC begins to decline (air-entry region), whereas n primarily controls the
slope of the SWRC and reflects the soil pore-size distribution.

Based on the adopted van Genuchten–Mualem hydraulic parameters, the corresponding soil hydraulic
functions, including the SWRC, SSCC, and HCF, were further established, as shown in Fig. 9. These curves
describe the unsaturated hydraulic behavior of the selected soil and serve as the hydraulic input functions
for the HYDRUS-2D simulations.
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Table 2: Parameters used in the study case.

Soil Parameters Numerical Value Unit
Effective cohesion c′ 10 kPa

Effective friction angle ϕ′ 15 degree
Soil unit weight γ 21 kN/m3

Soil depth Z 4 m
Slope angle β 45 degree

Saturated water content θs 0.486 –
Residual water content θr 0.0001 –

Air-entry value α 0.66 m−1

Pore-size distribution parameter n 1.166 –
Saturated hydraulic conductivity Ks 0.004 m/h

Figure 9: Hydraulic properties of materials (a) SWRC; (b) SSCC; (c) HCF.

3.2 Numerical Model Configuration and Boundary Conditions
In this study, the SW-01 rain gauge station was selected as the target location for analysis. A conceptual

infinite slope model was established with a soil layer thickness of 4 m and a groundwater table located
26 m below the ground surface. Previous studies have reported that approximately 33.57% of the Babao-
liao landslide area belongs to the sixth slope class (55%–100% slope, corresponding to a slope angle of
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approximately 29○–45○), representing the dominant slope category in the study area [57]. Therefore, a slope
angle of 45○, corresponding to the upper limit of the sixth slope class, was adopted in this study.

The conceptual infinite slope model is illustrated in Fig. 10, with the simulation domain extending
from the slope surface to the soil–bedrock interface. The initial hydraulic conditions were established under
hydrostatic equilibrium, with the groundwater table assumed to be parallel to the slope surface and located
below the bedrock. The upper boundary was specified as an atmospheric boundary condition, with excess
rainfall automatically converted into surface runoff when the rainfall intensity exceeded the soil infiltration
capacity. The left and lower boundaries were assigned as no-flux boundaries, whereas the right boundary at
the soil–bedrock interface and the boundary below the bedrock were specified as seepage and constant-head
boundaries (pressure head = 0 m), respectively. The hydrostatic equilibrium state was subsequently adopted
as the initial condition for the transient rainfall infiltration simulations.

Figure 10: Hydrological boundary conditions of the numerical model.

The boundary and initial conditions used in the rainfall infiltration analysis are described as follows. The
upper boundary was specified as an atmospheric boundary condition with a prescribed rainfall flux. Under
unsaturated conditions, the rainfall intensity (Is) was applied to the slope surface as the infiltration flux.
When the rainfall intensity exceeded the infiltration capacity of the soil and the surface became saturated,
the actual infiltration flux was automatically governed by the soil hydraulic conductivity and the pressure
head gradient.

q (z = 0, t > 0) =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

Is Unsaturation

−K(h) ⋅ ∂h
∂z

Saturation
(14)

Where Is denotes the rainfall intensity [LT−1], K(h) represents the hydraulic conductivity as a function
of pressure head [LT−1], and ∂h/∂z is the pressure head gradient [-]. When the groundwater table is located
at a depth of z = Hwt [L], the matric suction is zero:

ψ (z = Hw t , t = 0) = 0 (15)
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Assuming hydrostatic equilibrium as the initial condition, the distribution of matric suction expressed
as pressure head with depth can be expressed as follows:

ψ (z, t = 0) = z −Hw t (16)

This expression indicates that, under hydrostatic equilibrium, matric suction varies linearly with depth,
and its distribution is mainly governed by the position of the groundwater table. This distribution was
adopted as the initial condition for the subsequent rainfall infiltration analysis. Subsequently, in the transient
infiltration analysis, rainfall intensity was incorporated into the calculation as the upper atmospheric flux
boundary condition in the HYDRUS-2D model, as shown in Eq. (14). The Richards equation, Eq. (6), was
then numerically solved to calculate the temporal and spatial variations in pressure head and volumetric
water content within the slope under different rainfall intensities. The influence of rainfall intensity on
volumetric water content was therefore reflected through the transient infiltration process. Finally, the
simulated volumetric water content, or the corresponding effective degree of saturation derived from the
SWRC, was converted into suction stress using Eq. (2).

Antecedent rainfall can cause natural slopes to deviate from hydrostatic initial conditions, thereby
affecting the timing of shallow slope failure [23,58]. Based on the critical suction stress–depth profile shown
in Fig. 4a, the average critical failure depth df of the slope in the study area is determined to be 1.78 m, and
the critical hydrostatic depth dw is 0.98 m. Subsequently, by computing the volumetric water content profile
under critical conditions, the average seepage velocity from the slope surface to the critical failure depth
is estimated as Ks = 0.002 m/h. Accordingly, the antecedent rainfall duration DA for the study area can be
calculated using Eq. (9):

DA =
d f − dw

Kav g
= 1.78 m − 0.98 m

0.002 m/h = 400 h (17)

The results indicate that the antecedent rainfall duration that should be considered for the study area is
approximately 400 h, equivalent to about 16 days, suggesting that rainfall occurring within this period may
exert a significant influence on slope stability. This finding is consistent with the results reported by Chen
et al. [59], who analyzed 283 geological hazard events in Taiwan and identified a critical antecedent rainfall
period ranging from 15 to 18 days. The agreement between these results demonstrates the rationality and
reliability of the estimation proposed in this study.

4 Results and Discussion

4.1 Sensitivity Analysis of SWRC Assumptions
Rainfall infiltration is inherently a soil wetting process, and different assumptions regarding the SWRC

may influence the infiltration process and slope stability analysis. Therefore, this study adopted the wetting-
path assumption proposed by Yang and Yeh [18] to conduct a sensitivity analysis of the air-entry parameter
(α). At the onset of rainfall, the hydraulic state of the soil follows the initial drying curve. As rainfall
infiltration proceeds and the hydraulic path reverses, the hydraulic state transitions to the wetting scanning
curve and gradually approaches the main wetting curve with increasing wetting. In the sensitivity analysis,
the α value of the wetting path was set to 1.5 and 2 times that of the drying path (i.e., αw = 1.5αd and 2αd),
while all other SWRC shape parameters were kept unchanged. The numerical model simultaneously accounts
for hydraulic hysteresis in both the SWRC and the HCF, allowing the effects of the wetting path on water
retention characteristics and unsaturated hydraulic conductivity to be reflected in the simulated rainfall
infiltration, surface runoff, and slope failure delay. In addition, three representative rainfall intensities of
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2, 4, and 8 mm/h, corresponding to approximately 0.5, 1, and 2 times the saturated hydraulic conductivity
Ks, respectively, were selected to compare the influence of different SWRC assumptions under varying
infiltration conditions.

The failure delay under different SWRC assumptions is summarized in Table 3. When the rainfall
intensity exceeded the saturated hydraulic conductivity (I = 8 mm/h), the rainfall supply exceeded the
infiltration capacity of the soil, resulting in surface runoff under all three scenarios. An increase in the α
value shifted the wetting SWRC toward lower matric suction, resulting in lower matric suction at the same
volumetric water content and consequently shortening the failure delay.

Table 3: Sensitivity analysis of failure delay under different air-entry parameter (α) assumptions.

SWRC Assumption I = 8 mm/h I = 4 mm/h I = 2 mm/h
Drying curve (α) 77 108 206

Wetting curve (1.5α) 72 104 216
Wetting curve (2α) 70 98 220

When the rainfall intensity was close to the saturated hydraulic conductivity (I = 4 mm/h), the wetting
path caused the surface soil to approach saturation more rapidly, leading to earlier initiation of surface runoff.
On the other hand, the wetting path produced lower matric suction at the same volumetric water content,
allowing the soil to approach the critical failure state more rapidly. As a result, the differences among the
various SWRC assumptions were relatively limited under this rainfall condition.

When the rainfall intensity was lower than the saturated hydraulic conductivity (I = 2 mm/h), the
three SWRC assumptions resulted in different cumulative infiltration amounts. Under the drying-path
assumption, rainfall continued to infiltrate into the soil with little restriction from surface runoff. In contrast,
under the wetting-path assumption, hydraulic hysteresis reduced the unsaturated hydraulic conductivity
represented by the HCF, allowing surface runoff to occur even under low-intensity rainfall conditions. The
generation of surface runoff reduced the effective infiltration reaching the critical depth, thereby slowing
the increase in volumetric water content and the dissipation of matric suction at that depth, ultimately
prolonging the time required for the slope to reach the failure condition.

Overall, the differences in failure delay among the various SWRC assumptions under low-intensity
rainfall conditions were approximately 10–15 h, corresponding to an approximately 5%–7% variation in the
resulting rainfall intensity–duration (I–D) threshold curves. After considering the wetting path, the failure
delay under low-intensity rainfall conditions increased because hysteresis in the HCF promoted surface
runoff and reduced the effective infiltration reaching the critical depth, thereby prolonging the time required
for water to propagate to the critical depth. In contrast, the I–D threshold curve established using the drying-
path assumption with complete rainfall infiltration predicted an earlier failure time. Therefore, it can be
regarded as the conservative lower bound of the predicted failure time window, maintaining a conservative
basis for early warning when accounting for the uncertainty associated with the wetting-path assumption of
the SWRC.

4.2 Sensitivity Analysis of Rainfall Intensity–Duration Threshold Curves
To evaluate the influence of various parameters on the critical suction stress curve and the rainfall

intensity–duration threshold curve, a sensitivity analysis was conducted for the study area. Since the critical
suction stress profile is derived from the limit equilibrium method in Eq. (5) under the condition of FS = 1,
parameters such as soil unit weight, slope angle, internal friction angle, cohesion, and soil layer thickness
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directly affect the critical condition of the slope. These parameters further influence the position and shape
of the I–D threshold curve. The parameter settings used in the sensitivity analysis are listed in Table 4.

Table 4: Slope geometry and soil parameters used for sensitivity analysis.

Soil Parameters Numerical Value Unit
Soil unit weight γ 19–23 kN/m3

Slope angle β 40–50 degree
Effective cohesion c′ 5–15 kPa

Effective friction angle ϕ′ 10–20 degree
Soil depth Z 3–5 m

The results of the sensitivity analysis are shown in Fig. 11. The degree of influence, ranked from highest
to lowest, is cohesion > internal friction angle > soil unit weight > slope angle > soil layer thickness. Among
these parameters, cohesion, which represents the intercept of the Mohr–Coulomb failure criterion, produces
the largest upward and downward shifts in the threshold curve when varied. The internal friction angle has
the second greatest influence. Soil unit weight and slope angle exert a moderate influence on failure delay
by altering the gravitational driving component. In contrast, soil layer thickness has the weakest effect on
the suction stress distribution and infiltration pathways. This is likely because, in the Babao-Liao case, the
groundwater table is located far below the soil–bedrock interface, making it difficult for rainfall infiltration
to induce groundwater level rise and deep-seated failure, thereby resulting in the lowest sensitivity. The
results of this analysis not only serve as a basis for physical model calibration and parameter setting, but also
suggest prioritizing field testing of highly sensitive parameters, such as cohesion and internal friction angle,
in engineering practice. This approach improves the accuracy and reliability of rainfall threshold design
under conditions of parameter uncertainty. The parameter sensitivity ranking established in this study can
also serve as a reference for slope stability assessment and disaster prevention design.

Figure 11: (Continued)
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Figure 11: Sensitivity analysis of rainfall intensity–duration threshold curves to mechanical parameters: (a) unit weight,
(b) slope angle, (c) cohesion, (d) friction angle, (e) soil thickness.

4.3 Influence of Rainfall Patterns on Infiltration Response and Threshold Relationships
To investigate the impact of different rainfall patterns on failure conditions, this study established

three representative non-uniform rainfall patterns (advanced, intermediate, and delayed) based on uniform
rainfall threshold conditions, and plotted their corresponding failure threshold curves. Referring to the four
typical rainfall patterns used by Ran et al. [60], the rainfall distributions were redistributed based on the
cumulative rainfall and rainfall duration defined by the uniform rainfall threshold curve, as shown in Fig. 12.

Fig. 13 illustrates changes in matric suction and suction stress at the critical failure depth for four typical
rainfall patterns, with an average rainfall intensity of 3 mm/h and a rainfall duration of 136 h. The temporal
variation in matric suction explains the differences in infiltration behavior induced by different rainfall
patterns, while changes in suction stress reflect variations in the soil effective stress state. Among all rainfall
patterns, the advanced rainfall pattern induces changes in matric suction at the earliest stage. The rapid
increase in water content leads to an increase in suction stress, thereby allowing failure conditions to be
reached earlier. This is followed by the uniform and intermediate rainfall patterns. Because uniform rainfall
delivers a greater rainfall amount during the early stage than the intermediate pattern, the matric suction
response occurs slightly earlier. Under uniform rainfall, the relatively steady infiltration rate causes suction
stress to increase gradually, resulting in failure occurring later than under the advanced rainfall pattern.
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Meanwhile, the rainfall intensity of the intermediate pattern increases progressively over time, and the rate of
matric suction reduction exceeds that of the uniform rainfall pattern during the middle stage of precipitation;
however, subsequent changes in suction stress are insufficient to reach failure conditions. In contrast, the
delayed rainfall pattern exhibits the latest onset of changes in matric suction, reflecting a pronounced delay
in the infiltration process and consequently postponing the time at which the wetting front reaches the
failure depth. Because the intermediate and delayed rainfall patterns are more prone to generating surface
runoff, the resulting infiltration is insufficient to reach failure conditions. This indicates that variations in
rainfall patterns modify the boundary infiltration conditions; therefore, assessing slope stability solely based
on cumulative rainfall may underestimate the influence of rainfall temporal distribution on slope failure.

Figure 12: Typical rainfall patterns: (a) uniform, (b) advanced, (c) delayed, and (d) intermediate.

Figure 13: Analysis results of matric suction and suction stress at critical failure depth under four typical rainfall
patterns: (a) matric suction and (b) suction stress.
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These findings are consistent with those reported by Ran et al. [60], who also found that the advanced
rainfall pattern triggered the earliest slope failure under identical rainfall depth and duration. Their study
primarily attributed this behavior to greater infiltration during the early stage of rainfall. Similarly, the
present study shows that the advanced rainfall pattern promotes earlier wetting-front propagation and
suction stress reduction, leading to earlier failure. In contrast, the delayed rainfall pattern produced higher
rainfall intensity in the later stage, when the slope surface was closer to saturation, thereby increasing surface
runoff and reducing effective infiltration. As a result, the delayed rainfall pattern did not trigger failure
under the conditions considered in this study. While Ran et al. [60] mainly focused on the influence of
rainfall patterns on failure timing, the present study further demonstrates that these differences in infiltration
behavior are reflected in the distribution of physically based rainfall intensity–duration (I–D) threshold
curves, highlighting the importance of considering rainfall temporal distribution in physically based slope
early warning.

The rainfall intensity–duration threshold curves under different rainfall patterns are shown in Fig. 14.
For the intermediate and delayed rainfall patterns, the changes in suction stress within the slope do not
reach the critical failure value under any rainfall condition because the infiltrated rainfall is insufficient.
Consequently, a critical state cannot be achieved, and corresponding rainfall threshold curves cannot
be established. In contrast, the advanced rainfall pattern typically results in delayed failure under most
conditions (I >Ks), because the excessively high rainfall intensity during the early stage causes a large portion
of rainfall to be converted into surface runoff. However, when the rainfall intensity I is less than or equal
to the saturated hydraulic conductivity (Ks), compared with uniform rainfall, the advanced rainfall pattern
promotes infiltration and rapid downward migration of the wetting front due to intense early rainfall. This
leads to a rapid decrease in suction stress within the slope and allows failure conditions to be reached earlier,
advancing the failure time by approximately 6–30 h. When the rainfall intensity decreases to 1.5 mm/h,
the difference in failure delay between the advanced and uniform rainfall patterns reaches a maximum of
30 h. This indicates that the advanced rainfall pattern is more likely to trigger failure under identical rainfall
conditions and thus exhibits higher hazard potential. Therefore, the threshold curve associated with the
advanced rainfall pattern can serve as an important basis for issuing earlier warnings in the early warning
system, providing effective alerts before slope failure occurs.

Figure 14: Rainfall threshold curves for multiple rainfall patterns (failure not triggered under intermediate and delayed
rainfall conditions).
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4.4 Application of the Slope Failure Early Warning System to the Study Case
Rainfall-induced shallow slope failures depend, to a significant extent, on the actual amount of water

infiltrating into the slope body rather than solely on rainfall patterns themselves. In comparison, infiltration
amount more directly reflects the potential impact of rainfall on changes in slope moisture conditions and
stability. Differences in infiltration rates may also cause failure timing to occur earlier or later, thereby
affecting the accuracy of early warning timing. Therefore, under conditions where the rainfall intensity I is
less than or equal to the saturated hydraulic conductivity (Ks), that is, when rainfall can fully infiltrate into the
slope, the slope early warning system proposed in this study uses the combined “advanced+ uniform” rainfall
patterns as the criterion for identifying failure conditions. This approach encompasses the range of infiltra-
tion variations potentially induced by different rainfall patterns, thereby enhancing the conservativeness and
practical applicability of risk assessment.

The prediction results of this study are evaluated with reference to two different rainfall threshold curves,
corresponding to the “Predicted Failure Time” and the “Warning Time”, as illustrated in Fig. 15. The predicted
failure time is estimated based on the uniform rainfall threshold curve, which represents failure timing under
antecedent wetting conditions where the initial infiltration state has approached a relatively stable condition,
and is therefore considered representative of failure timing under most rainfall scenarios. Therefore, it serves
as the primary basis for decision-making in the early warning system. The warning time is estimated using
the advanced rainfall threshold curve. Under rainfall conditions where the rainfall intensity is lower than
or equal to the saturated hydraulic conductivity (I ≤ Ks), the advanced rainfall pattern may result in earlier
failure due to the temporal distribution of rainfall. Therefore, it is used as a supplementary reference for
issuing earlier warnings in the system. To characterize the temporal distribution of actual rainfall and rainfall
patterns, this study employs the QPF issued by the Central Weather Administration as input for subsequent
rainfall simulations and failure timing prediction. The minimum forecast update interval of the QPF is
6 h. Considering practical operational requirements and consistency with the QPF forecast timescale, the
permissible error range for predicted failure timing is set to 6 h.

Figure 15: Criteria for slope failure early warning.

This study used slope failure data from the Babao-Liao area in Chiayi County on 3 August 2021 as
a validation case. The effectiveness of the developed slope failure early warning system was evaluated by
comparing the simulated failure time with the actual failure occurrence time. The criteria for identifying
slope failure events follow the Technical Guidelines for Landslide Countermeasure Design and Implemen-
tation proposed by the Japan Landslide Countermeasure Technical Association in 1978, in which a daily
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displacement exceeding 0.1 mm is defined as significant movement. For the rainfall event considered, the
cumulative displacement reached 1.06 mm over a duration of 144 h, satisfying the definition of significant
movement and thus serving as the basis for subsequent validation of the early warning system performance.
If the discrepancy between the simulated prediction time and the actual failure time is within 6 h, meaning
that the error is smaller than the rainfall forecast interval, it is considered an effective prediction. Conversely,
if the discrepancy exceeds 6 h, it is classified as an ineffective prediction. Furthermore, if the actual failure
time falls between the warning time and the predicted failure time, although the exact timing of failure is not
precisely predicted, the early warning system can still issue warnings before actual damage occurs. Therefore,
this scenario is also categorized as an Effective Prediction, as illustrated in Fig. 15.

4.4.1 Influence of Rainfall Data Completeness on Predicted Failure Time
Since rainfall serves as a critical input variable in this study, its accuracy directly determines the

reliability of slope failure early warning systems. To investigate the impact of rainfall data completeness on
the accuracy of slope failure prediction, this study evaluates the performance of the proposed early warning
system under three rainfall data scenarios: (A) high data completeness with high accuracy, (B) high data
accuracy but incomplete coverage, and (C) high data completeness but insufficient accuracy. Under these
three data-condition settings, the impacts of antecedent rainfall duration and data completeness on the
prediction of slope failure timing can be systematically evaluated. This approach also allows verification of the
applicability of the proposed early warning system under different data availability conditions encountered
in practical applications. In this study, the scenario design is based on the rainfall data associated with Slope
Failure Event, and the complete rainfall event is illustrated in Fig. 16a. The early warning system detected
that the cumulative rainfall over the preceding 24 h reached 10 mm at 12:00 on 3 August, and this time was
therefore identified as the rainfall onset (green line). According to the rainfall field segmentation method,
the 400-h antecedent rainfall period was divided into four individual rainfall events. Based on the antecedent
rainfall duration correction, the results indicate that antecedent rainfall Events (1) and (2) are effective for
predictive analysis.

The three rainfall scenarios designed in this study are summarized in Table 5. Scenario (A) represents
a case with complete rainfall data, in which the antecedent rainfall includes two complete rainfall events.
Scenario (B) represents a case with incomplete data, where the rainfall record covers only part of the critical
period; in this scenario, rainfall data are assumed to include only rainfall Event (1), while data from other
rainfall events are missing. Scenario (C) represents a case with potential rainfall measurement errors, where
the rainfall data are assumed to be affected by spatial heterogeneity. In this scenario, the cumulative rainfall
of Event (1) is reduced by 25%, and rainfall Event (3) is incorporated to compensate for the total rainfall
amount, provided that slope stability is not affected. This scenario design is intended to mitigate the impacts
of data completeness and spatial heterogeneity on slope stability prediction, thereby enabling an evaluation
of the model’s adaptability under uncertain conditions.

In this study, the onset of slope failure was identified based on observed displacement data, where the
hourly displacement of the monitored gray points exhibited a clear downward movement and the spacing
between points gradually increased. This behavior was regarded as an indicator of slope failure initiation.
Accordingly, slope failure was confirmed to have occurred at 07:00 on 6 August, corresponding to the 67th
hour after rainfall onset, as shown in Fig. 16a. Following the initiation of rainfall at 12:00 on 03 August,
the rainfall distribution prior to the actual slope failure was relatively uniform. The maximum cumulative
rainfall over any 6-h period was only 31 mm, indicating that even in the absence of extreme rainfall intensity,
failure could still be triggered by persistently accumulated rainfall. The initial points for the three comparative
scenarios are illustrated in Fig. 16b.
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Figure 16: Slope failure event: (a) rainfall data and rainfall event segmentation, (b) initial points under different
scenarios, (c) complete rainfall data, (d) incomplete rainfall data, and (e) measurement error rainfall data.

Table 5: Assumed scenarios for slope failure events.

Scenario Rainfall Event
Combination

Cumulative
Rainfall (mm)

Rainfall
Duration (h)

Rainfall
Intensity (mm/h)

(A) Complete dataset (1) + (2) 288 191 1.51
(B) Incomplete dataset (1) 268 80 3.35
(C) Measurement error (1) × 0.75 + (2) + (3) 313 272 1.15
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The predicted failure time under conditions of complete rainfall data is shown in Fig. 16c. After the
slope experienced 191 h of antecedent rainfall, it entered the subsequent rainfall stage. Through continuous
integration of rainfall forecasts within the early warning system, slope failure predictions were repeatedly
updated. The results indicate that the rainfall prediction point intersected the warning line at the 239th hour
and reached the critical threshold line at the 263rd hour. This outcome suggests that within 24 h after reaching
the warning line, the slope may undergo premature failure due to sudden changes in rainfall patterns. At this
stage, the rainfall conditions had already reached the critical state for slope failure, implying that failure could
occur at any time. In contrast, the predicted failure time under conditions of insufficient antecedent rainfall
data is shown in Fig. 16d. After the slope experienced 80 h of antecedent rainfall, the rainfall prediction
point intersected the warning line at the 134th hour, and subsequently reached the critical threshold line
at the 158th hour, indicating that the rainfall conditions had reached the critical state for slope failure. This
scenario indicates that insufficient antecedent rainfall data cannot adequately represent the accumulation
of soil moisture within the slope, thereby affecting the determination of initial conditions and leading to
deviations in the prediction results. The predicted failure time under conditions of insufficient rainfall data
accuracy is shown in Fig. 16e. In this scenario, the cumulative rainfall of rainfall event (1) was reduced by
67 mm, and rainfall event (3) was incorporated to compensate for the total rainfall amount. After the slope
experienced 272 h of antecedent rainfall, the rainfall initiation point was located near the warning line.
However, the rainfall prediction point did not intersect the warning line until the 314th hour, indicating that
subsequent rainfall was relatively weak and that the warning threshold was reached mainly through steady
cumulative rainfall. The prediction point then reached the critical threshold line at the 338th hour, signifying
that the slope had entered the critical state for failure.

These results suggest that even when rainfall data contain measurement errors, as long as the cumulative
rainfall is reasonably represented, reliable prediction of slope stability can still be maintained.

This study compared the prediction results under the three scenarios with the observed displacement
data, as shown in Fig. 17.

• Scenario A: The predicted failure time was 12:00 on 06 August. The discrepancy between the predicted
and actual failure times was smaller than the rainfall forecast interval (6 h) and can therefore be regarded
as an effective prediction.

• Scenario B: The predicted failure time was 18:00 on 06 August, which is 11 h later than the actual failure
time. This exceeds the allowable prediction error range defined in this study (6 h), and according to
the prediction criteria, the result should be classified as an ineffective prediction. However, under this
scenario, the warning time was issued 12 h prior to the actual failure, indicating that the early warning
system was still capable of providing advance alerts despite incomplete rainfall data. Therefore, this
prediction result can be revised and classified as an effective prediction.

• Scenario C: The predicted failure time was 06:00 on 06 August. In this scenario, the cumulative rainfall
amount of rainfall Event (1) was reduced by 25%, and rainfall Event (3) was additionally incorporated
into the antecedent rainfall estimation process to account for rainfall measurement uncertainty and
spatial heterogeneity. The difference between the predicted failure time and the actual failure time was
only 1 h. These results indicate that the proposed antecedent rainfall estimation method can maintain
reliable predictive capability under rainfall measurement uncertainty and spatial heterogeneity.

The results indicate that even when anomalies occur in the rainfall data, the early warning system is
still able to issue effective warnings prior to actual slope failure through the establishment of a slope failure
warning time, demonstrating a certain degree of fault tolerance. However, the accuracy of the predicted
failure time remains influenced by the completeness of rainfall data, with more complete datasets leading
to more accurate predictions. When the cumulative rainfall amount of rainfall event (1) is reduced by 25%,
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the early warning system is still capable of accurately predicting the slope failure time. This suggests that the
early warning system proposed in this study does not rely on high-precision rainfall data; nevertheless, a
minimum level of data accuracy is still required. When data errors exceed a critical threshold, the prediction
accuracy decreases significantly.

Figure 17: Prediction results of slope failure events: (a) complete rainfall data, (b) insufficient rainfall data, and
(c) missing rainfall data.

4.4.2 Early-Warning Accuracy Analysis
This study uses the Babao-Liao landslide site in Chiayi County, Taiwan, as the research case. Rainfall

and slope displacement data measured at the SW-01 monitoring station in 2021 and 2023 were adopted
to analyze the prediction accuracy of the practical early-warning system. According to the rainfall event
segmentation method described in Section 2.4, a total of 36 rainfall events were identified, among which
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15 events exhibited a daily cumulative displacement exceeding 0.1 mm/day and were therefore classified as
landslide events. The definition of a landslide event follows Section 4.4, with daily cumulative displacement
exceeding 0.1 mm/day serving as the criterion for determining landslide events. When the rainfall forecast
point reaches the threshold curve for either the advanced-type or uniform-type rainfall pattern, the model
is deemed to have issued a warning signal. Based on this event classification, the results of the error matrix
are summarized in Table 6.

Table 6: Classification results of the error matrix.

Total Events Hits Miss False Alarm Correct Negative
36 9 6 0 21

Based on the classification results of the error matrix, the predictive performance evaluation indicators
of the model were calculated. The resulting POD, FAR, and TS are 0.60, 0.00, and 0.60, respectively. These
results indicate that the early-warning system can effectively avoid false alarms, but its ability to detect
landslide events remains relatively limited. However, the displacement threshold specified in the technical
guidelines may not necessarily be applicable to case slopes in different regions. Its applicability may still be
influenced by variations in geological conditions and slope characteristics; therefore, further verification and
adjustment are required in practical applications.

Therefore, this study conducted a sensitivity analysis on the daily displacement threshold used to define
landslide events in order to investigate the influence of different displacement thresholds on the predictive
performance of the model and to identify the threshold that yields the optimal prediction accuracy. The
analysis results are shown in Table 7. As the daily displacement threshold gradually increases, the number
of rainfall-induced failure events defined in the dataset correspondingly decreases. The increase in the POD
indicates that raising the displacement threshold helps reduce missed events (Misses). However, when the
displacement threshold becomes excessively high, some events previously classified as hits are no longer
identified as landslide events, which consequently increases the proportion of false alarms and leads to an
increase in the FAR. Considering the combined effects of hits, misses, and false alarms, this study adopts the
TS—which better reflects the overall predictive performance of the early-warning system—as the criterion
for determining the optimal threshold. Based on this criterion, a daily displacement threshold of 0.13 mm/day
was selected as the landslide event identification threshold for the Babao-Liao slope, and this value was used
for subsequent analyses.

Table 7: Sensitivity analysis of early-warning performance with respect to the daily displacement threshold.

Daily Displacement (mm/day) Landslide Event POD FAR TS
0.1 15 0.60 0.00 0.60
0.11 12 0.66 0.11 0.62
0.13 10 0.8 0.11 0.73
0.15 7 0.86 0.33 0.6

Since slope displacement data may be affected by external factors other than rainfall, this study uses box
plots to compare the distribution characteristics of rainfall amount (P), rainfall duration (D), and rainfall
intensity (I) under different prediction result scenarios. This comparison aims to examine the differences
between antecedent rainfall and subsequent rainfall across different prediction classifications under the
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displacement criterion of daily displacement (S) = 0.13 mm/day, thereby enhancing the capability of the slope
early warning system to identify high-risk rainfall events. The analysis results are shown in Fig. 18. Under
the subsequent rainfall condition, boundary values are observed between the 75th percentile of hits and the
25th percentile of misses in the distributions of rainfall amount and rainfall duration, as shown in Fig. 18d,e.
These boundary values further distinguish miss events from hit events, indicating that the proposed rainfall
amount and rainfall duration boundary values have practical value for identifying prediction outcomes.

Figure 18: Box plot analysis of rainfall amount (P), rainfall duration (D), and rainfall intensity (I) corresponding to
different prediction outcomes under the daily displacement criterion S = 0.13 mm/day: (a–c) antecedent rainfall; (d–f)
subsequent rainfall.

Based on the box plot analysis, this study conducted a re-evaluation of prediction accuracy by
incorporating rainfall amount (P = 150 mm) and rainfall duration (D = 24 h) into the existing displacement
criterion (S = 0.13 mm/day). The results are summarized in Table 8. When the rainfall-induced failure event
criterion considers only the subsequent rainfall amount (P), the POD increases to 1, and the TS reaches
the highest value of 0.86. The second-best performance is obtained when both subsequent rainfall amount
and rainfall duration (P + D) are considered. Therefore, rainfall events with a cumulative rainfall exceeding
150 mm represent the most suitable conditions under which the early-warning system developed in this study
achieves the best identification performance. In contrast, when rainfall amounts are below this threshold,
the predictive capability of the early-warning system becomes relatively limited.

Table 8: Reanalysis of prediction accuracy incorporating hydrological data.

Failure Criterion Landslide Event POD FAR TS
S 10 0.80 0.11 0.73

S + P 6 1.00 0.14 0.86
S + D 8 0.88 0.13 0.78

S + P + D 5 1.00 0.17 0.83

These results indicate that integrating this identification criterion into the activation mechanism of the
proposed early warning system, together with rainfall forecasts at different temporal scales, can improve
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prediction performance. Long-term rainfall forecasts can be used during the early stage of a rainfall
event to determine whether the cumulative rainfall has exceeded the activation threshold (P > 150 mm),
whereas short-term rainfall forecasts can capture the influence of rainfall temporal distribution on prediction
results. Overall, the integration of multi-temporal-scale rainfall information can effectively enhance the
capability of the slope early warning system to identify high-risk rainfall events and improve the reliability
of early warning.

5 Limitations and Suggestions
The physically based rainfall threshold analysis and early warning framework proposed in this study is

mainly developed under homogeneous soil-layer conditions. Recent studies have shown that the hydrological
response and failure behavior of layered slopes may be affected by soil-layer configuration, permeability
contrast, and interlayer failure mechanisms [61–63]. In addition, soil pore-size distribution and uncertainty
in SWRC parameters influence soil water retention and hydraulic conductivity behavior, thereby affecting
rainfall infiltration processes and the assessment of unsaturated slope stability [64,65]. Therefore, future stud-
ies may incorporate soil-property heterogeneity, soil-layer heterogeneity, and bimodal hydraulic behavior to
improve the applicability of the proposed framework under complex stratigraphic conditions.

In addition, the standard van Genuchten [43] hydraulic model was adopted in this study to describe
the relationship between the SWRC and the HCF based on the main drying path. Although the effects
of the wetting path and hydraulic hysteresis were evaluated through the sensitivity analysis in Section 4.1,
these conditions were not incorporated into the subsequent primary I–D threshold and early warning
system analyses. However, rainfall infiltration is essentially a soil wetting process, and previous studies have
indicated that the wetting path of the SWRC and its corresponding HCF may affect soil water content, matric
suction, and hydraulic conductivity during rainfall infiltration in unsaturated slopes [21,22]. Hydraulic
parameters obtained from field or laboratory measurements are commonly fitted using the main drying
path, whereas hydraulic parameters for the wetting path generally require additional measurements or
estimation. Therefore, future studies may further incorporate the wetting path, hydraulic hysteresis, and the
corresponding hydraulic conductivity function throughout the rainfall threshold and early warning analyses
to evaluate their effects on rainfall infiltration behavior and physically based rainfall threshold prediction.

6 Conclusions
This study develops a simplified slope failure early warning procedure by integrating critical suction

stress depth profiles with rainfall intensity–duration (I–D) threshold curves. The proposed procedure does
not rely on on-site real-time monitoring equipment and uses rainfall data alone as inputs. It further evaluates
the influence of rainfall characteristics on failure timing to improve prediction sensitivity to extreme and
sudden rainfall events. The results show that when peak rainfall occurs during the middle to later stages of
a rainfall event, shallow saturated zones are likely to develop within the slope, thereby reducing infiltration
rates and promoting surface runoff, which prevents the rainfall from reaching failure-triggering conditions.
This finding confirms that infiltration amount, rather than total rainfall, is the key factor controlling the
initiation of slope failure. The simulation results can be classified into steady-state and transient conditions
according to the initial soil infiltration state. Under the same infiltration amount, the rainfall pattern
combination that triggers failure at the earliest time—namely the “uniform + advanced” pattern—is adopted
as the basis for early warning. This approach simultaneously incorporates the effects of antecedent rainfall,
rainfall pattern, and infiltration conditions on the internal hydrological characteristics of the slope.

In addition, the predictive performance of the early warning system was validated using rainfall and
slope displacement data from the Babao-Liao landslide site. The results show that the POD, FAR, and TS
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values are 0.60, 0.00, and 0.60, respectively, indicating that the system can effectively avoid false alarms
but still has limited capability in detecting landslide events. Sensitivity analysis indicates that when the
daily displacement threshold is adjusted to 0.13 mm/day and the cumulative rainfall exceeds 150 mm,
the prediction performance improves further, with the TS increasing to 0.86. These results indicate that
incorporating both displacement and rainfall conditions can improve the prediction accuracy of the early
warning system.

Finally, this study investigates the influence of rainfall data completeness on slope failure prediction
results by simulating data-missing scenarios commonly encountered in practical applications. The results
indicate that early warning accuracy is primarily affected by factors such as the update interval of rainfall
forecast data, the completeness of historical rainfall records, and the specification of initial wetting condi-
tions. Even under conditions of partial data loss or forecasting uncertainty, the system is still capable of
issuing effective warnings prior to slope failure. Overall, the proposed early warning system is characterized
by operational simplicity, high flexibility, and stable predictive performance, demonstrating strong potential
for practical application under variable rainfall conditions.
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