0 water
L

Article

Integrating Rainfall Distribution Patterns and Slope Stability
Analysis in Determining Rainfall Thresholds for Landslide
Occurrences: A Case Study

Meen-Wah Gui *(, Hsin-An Chu !, Ming-Chien Chung ? and Lan-Sheng Chih 3

check for

updates
Academic Editors: Qihang Li,
Xiaoshuang Li and Jiang Song

Received: 17 March 2025
Revised: 15 April 2025

Accepted: 16 April 2025
Published: 21 April 2025

Citation: Gui, M.-W.; Chu, H.-A.;
Chung, M.-C.; Chih, L.-S. Integrating
Rainfall Distribution Patterns and
Slope Stability Analysis in

Determining Rainfall Thresholds for

Landslide Occurrences: A Case Study.

Water 2025, 17, 1240. https://
doi.org/10.3390/w17081240

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

Department of Civil Engineering, National Taipei University of Technology (Taipei Tech),

Taipei 106344, Taiwan; ge-10524@gov.taipei

Arbel Technical Consultants, Inc., Taipei 234620, Taiwan; yuyenpe@gmail.com

Geotechnical Engineering Office, Public Works Department, Taipei City Government, Taipei 110210, Taiwan;
ge-10913@gov.taipei

Correspondence: mwgui@ntut.edu.tw

Abstract: After a series of rainfall-related slope incidents that threatened immediately
protected entities, the Taipei City government initiated a slope deformation monitoring and
investigation program for potential landslides in its administrative districts and a review
of its current rainfall thresholds for landslide occurrences, which is the aim of this study,
in 2021 for better preparedness in facing the extreme weather- and climate-related natural
hazards. Due to the limited availability of historical data, this study employed a physically
based method to derive rainfall thresholds for landslide occurrences by integrating different
rainfall distribution patterns into infiltration and slope stability analyses. The study exam-
ined four rainfall patterns—uniform, intermediate, advanced, and delayed—to assess their
impact on slope failure mechanisms. Results indicate that advanced rainfall patterns (where
peak rainfall occurs early) trigger the fastest failures, while delayed rainfall patterns lead to
gradual groundwater accumulation, causing slope destabilization over longer durations.
The study also found that short-duration rainfall (24 h) mainly triggers shallow landslides,
whereas prolonged rainfall (72 h) leads to deep landslides. The study’s findings are crucial
for early landslide warning systems, which provide different mitigation strategies based
on the expected rainfall duration and provide a scientific basis for authorities to revise and
integrate new rainfall thresholds into their real-time landslide warning systems.

Keywords: rainfall thresholds; rainfall patterns; early landslide warning system; alert and
action warnings; slope stability; numerical analysis

1. Introduction

Rainfall-induced landslides threaten human lives and the natural environment, es-
pecially in mountainous regions. For example, in early August 2015, Typhoon Soudelor,
which triggered massive landslides in northern Taiwan, caused at least 8 people to die,
while 420 others sustained injury and approximately 100 people went missing in the Wulai
District during the storm on August 8 [1]. Fushan rainfall station, located upstream of
Waulai, recorded a cumulative rainfall of 253 mm within 3 h in a recurrence period of 100
to 200 years and a cumulative rainfall of 768 mm over 24 h in a recurrence period of more
than 200 years. This event highlighted the need for accurate prediction of the relationship
between the amount of rainfall and the initiation of landslides. The risk associated with
landslide events is expected to rise due to projected extreme climate conditions, making
accurate prediction crucial for effective risk reduction [2]. Rainfall thresholds, representing
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the amount of rainfall likely to initiate landslides, are crucial in landslide prediction for
early warning systems to issue timely alerts. Since landslides are rare and probabilistic
events, it is necessary to derive different threshold curves for different landslide probability
conditions to enhance the reliability and accuracy of landslide warnings [3].

Segoni et al. [4] presented a comprehensive review of advancements in the use of
rainfall thresholds for landslide forecasting between 2008 and 2016. They analyzed 107 peer-
reviewed studies, categorizing 115 thresholds based on publication details, geographic
scope, dataset features, and threshold definition methods and pointed out some positive
shifts in recent studies, such as a move toward more consistent and transparent ways of
defining rainfall thresholds, better record keeping with respect to landslides and rainfall,
and a growing use of probability-based thresholds to improve early warning systems.

Many studies have derived rainfall thresholds by statistically analyzing historical
rainfall and landslide data (e.g., He et al. [5], Abraham et al. [6,7], Jordanova et al. [8],
and Roccati et al. [9]). First, He et al. [5] employed a large landslide inventory covering
events between 1998 and 2017, quantile regression approaches, and a statistical modeling
technique to derive a rainfall threshold for predicting landslide occurrence nationally in
China. They defined a rainfall event continuous rainfall separated by a no-rainfall period
of at least 24 h and established two kinds of rainfall thresholds—accumulated rainfall-
duration thresholds and thresholds normalized by mean annual precipitation, based on the
merged rainfall product and the Climate Prediction Center morphing technique rainfall
product, respectively. They found that the thresholds vary for rainy and non-rainy seasons
and short versus long durations, and their rainfall event-duration threshold is lower than
that found in previous studies. Abraham et al. [6] explored the relationship between rainfall
and landslide occurrence in Wayanad, India, a region prone to landslides due to heavy
monsoons, using data on daily rainfall and landslide events between 2010 and 2018. They
found a rain gauge selected based on the most extreme rainfall performed better than the
nearest gauge. They used the statistical frequentist method to derive the power-law-based
rainfall intensity—duration thresholds for use in regional-scale early landslide warning
systems. However, for the prediction of rainfall-induced landslides in Kalimpong, India,
Abraham et al. [7] adopted the SIGMA (sistema integrato gestione monitoraggio alerts—an
integrated system for management, monitoring, and alerting) model initially developed in
Italy. The model used historical cumulative rainfall and landslide data between 2010 and
2015 to derive rainfall thresholds and defined four alert levels: “red”, “orange”, “yellow”,
and “green”. The validation of the SIGMA model correctly predicted slow movement
events, with only two missed alarms. However, the model produced a relatively high count
of false alarms.

Finally, to provide early warning systems in Slovenia with a more accurate rainfall
threshold for shallow landslides, Jordanova et al. [8] used an automatic tool (CTRL-T) to
analyze historical rainfall and landslide data and used the statistical frequentist approach
to derive reliable power-law-based thresholds that connect the accumulated-event rainfall
with the duration of the rainfall event. They found that areas with higher average rainfall
can withstand more precipitation before landslides and that sedimentary rocks are more
prone to landslides than magmatic and metamorphic rocks. Likewise, Roccati et al. [9],
who investigated the relationship between rainfall and shallow landslide initiation in the
Portofino promontory, a Mediterranean area prone to landslides, also used the frequentist
approach to analyze the long-term rainfall trends in the region using historical landslide
and rainfall data between 1910 and 2019 and derived the intensity—duration threshold.
They used the statistical Mann—Kendall test and the Theil-Sen non-parametric regression
technique to detect increasing trends in short-duration precipitation and rainfall rates. They
also proposed that a potential increase in future landslide risk is likely to be due to more
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frequent threshold exceedance. However, empirically derived thresholds may be ineffective
for landslide prediction over large areas [2].

Some studies (e.g., Abraham et al. [10], Dikshit et al. [11], and Deng et al. [12])
have used probabilistic approaches to derive the rainfall threshold. Firstly, using the
rainfall and landslide data between 2010 and 2018, Abraham et al. [10] derived a regional-
scale rainfall intensity—duration threshold for landslide occurrence in the Idukki district
of India. They found the significance of antecedent rainfall on landslide events; as the
number of days before landslide events increases, the distribution of events shifts toward
antecedent rainfall conditions, with bias increasing from 72.12% to 99.56% as the temporal
window expands from 3 to 40 days. Dikshit et al. [11] assessed the rainfall threshold and
landslide susceptibility for the Samdrup Jongkhar-Trashigang highway region in eastern
Bhutan using the Poisson probability model and the analytic hierarchy process (AHP),
respectively. They derived the rainfall thresholds using 30-day antecedent rainfall data
and landslide events occurring between 2014 and 2017 to identify areas prone to landslides
along the highway. Deng et al. [12] employed landslide events occurring between 2010
and 2020 and probability quantile regression methods to investigate rainfall thresholds
for shallow landslides in areas with different lithological units in Guangzhou, China.
They used accumulated event rainfall and rainfall event duration data to derive rainfall
thresholds. They found that intrusive rock units are particularly susceptible to landslides
and that continuous rainfall lasting for 1 to 10 days significantly affects shallow landslides
in Guangzhou.

In recent advancements, Distefano et al. [13] applied artificial neural networks to
refine landslide prediction using precipitation and soil moisture data. They used data from
two case studies in Sicily (Italy) and the Bergen area (Norway) to test the approach across
varying climatic and geomorphological conditions. Their artificial neural network system
adopted different combinations of precipitation duration, intensity, cumulative amount,
and soil moisture at different depths to determine landslide-triggering rainfall thresholds.
They concluded that landslide-triggering systems using soil moisture and precipitation
data outperform those using precipitation data only.

Guo et al. [14] integrated hydrological models with slope stability analysis to provide
a mechanistic understanding of rainfall infiltration. They analyzed rainfall thresholds
for shallow landslides in the Rasuwa district of Nepal, an area highly susceptible to
landslides, especially after the 2015 earthquake. The study used a physically based model,
combining a dynamic hydrological model with an infinite slope stability model to simulate
landslide stability conditions based on rainfall data and terrain characteristics for effective
landslide risk reduction in a data-scarce environment. They found that a 15-day intensity-
antecedent rainfall threshold performed best; the approach provided a crucial step towards
developing a landslide threshold for vulnerable, data-scarce, and landslide-prone areas.
Insufficient hydrological and geotechnical parameters on a large scale may hamper the use
of deterministic methods [3].

Researchers such as Bordoni et al. [15], Ligong et al. [16], and Gonzalez et al. [17]) have
applied hybrid methods and conducted reviews of methods and publications concerning
rainfall thresholds. For example, Bordoni et al. [15] employed empirical and physically
based methods to derive rainfall thresholds for shallow landslides in the northern Italian
Apennines. The empirical thresholds used statistical analysis of rainfall and landslide
events between 2000 and 2018, while the physically based models integrated slope hydrol-
ogy and stability analyses using data from a test site, which was significantly prone to
shallow landsliding. The study concluded that the physically based thresholds showed
better reliability than empirical thresholds in predicting slope failures because they take
into account the antecedent soil hydrological conditions. Meanwhile, in Malaysia, Ligong
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et al. [16] presented an update for the development and application of rainfall thresholds
for sediment-related disasters. Conventionally, researchers in Malaysia determine rainfall
thresholds using empirical models. The study examine data collection, threshold identifi-
cation, and validation of models to improve landslide and mudflow management. They
concluded that the validation process is the key to successfully applying rainfall threshold
in Malaysia. Finally, after conducting a systematic review of publications from 2008 to
2021 on rainfall thresholds for the prediction of landslide occurrence, Gonzalez et al. [17]
found that 69.3% of the studies involved only statistical methods, with intensity—duration
and cumulative rainfall identified as key parameters to define rainfall thresholds; typical
limitations such as short data collection periods and failure to register the time of landslide
occurrence compromise the relationship between rainfall data and the occurrence of land-
slides. Relations concerning geological-geotechnical conditions, the time scales of rainfall
data, rain-gauge density for categorization of thresholds, and the criteria used to define the
cumulative rainfall period have also attracted limited attention.

In summary, deriving rainfall thresholds for landslide occurrences is critical to land-
slide hazard assessment and early warning systems. Three commonly employed ap-
proaches, i.e., empirical-statistical approaches, physically based (hydro-mechanical) mod-
els, and probabilistic approaches, may be used to derive thresholds based on their method-
ological frameworks, as well as their applications in geomorphology and engineering
geology. Hybrid approaches may also be employed, which may combine either two of the
above three methods or Al-based machine learning approaches [13,18].

With 55% of its land covered by slopes [19], Taipei City has seen an increase in
landslides due to extreme rainfall events. The lack of localized or regional-scale rainfall
thresholds for landslide occurrences has resulted in Taipei City relying solely on a few
generalized thresholds, often leading to inaccurate warnings (false positives) and severe
damage. Thus, deriving accurate and site-specific rainfall thresholds is important to
protect the lives of city residents and their properties. In 2012, Typhoon Saola caused
several slope failures in Nangang District, Taipei, displacing retaining walls and damaging
infrastructure. Several rainfall-related slope issues in the following years have prompted
the Taipei City government to initiate a slope deformation monitoring and investigation
program for potential landslides in its administrative districts and to review its current
rainfall thresholds for the prediction of landslide occurrences, which is the aim of this study,
in 2021 in order to improve preparedness for extreme weather- and climate-related natural
hazards. Due to the limited availability of historical landslide data, determining rainfall
threshold using the empirical-statistical method would be ineffective and unreliable. Thus,
this study adopted a combined geotechnical and physically based method to derive site-
specific thresholds for landslide occurrences. The main methods employed in this study
involve a series of boreholes, slope monitoring, and numerical analyses that integrate
different rainfall distribution patterns into infiltration and slope stability analyses.

2. Background of the Study Slope
2.1. Site Topography

The study slope is situated in Nangang District, Taipei City—specifically, the slope be-
low the Baoshutang Tea Garden, bounded by coordinates of N 2,768,800 m to N 2,768,900 m
and E 316,600 m to E 316,700 m [20] (Figure 1). Google Earth satellite image revealed that
the topography of the study site in December 2006 (Figure 2a) already had frame beams
installed to stabilize the left-hand side of the study site. The study site shows a trend of a
high elevation in the northeast to a low elevation in the southwest. The lithology of the
Miocene Daliao Formation, primarily composed of shale and sandstone, makes up the site.
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Figure 1. Layout showing the locations of boreholes and monitoring devices at the study site.

During Typhoon Sinlaku in 2008, the site experienced a shallow landslide to the left of
the stabilized slope (Figure 2b), prompting the authorities to undertake further remedial
measures, such as the installation of frame beams for slope protection and longitudinal
drainage ditches across the whole slope. The topography remained unchanged throughout
2010 (Figure 2c), but in July 2011 (Figure 2d), a substantial area of the surface of the opposite
slope was exposed, indicating a shallow slope failure had occurred between December
2010 and July 2011. In 2012, Typhoon Saola displaced the retaining walls of the platform
west of the residential building (Figure 2e). Subsequently, Typhoon Soudelor (August 2015)
and Typhoon Dujuan (September 2015) caused further displacement of the retaining walls
of this platform, breaking the drainage ditch behind the wall. The vegetation on the slope
has been growing lushly since October 2016 (Figure 2f-h), primarily due to the absence
of typhoons during this period. For improved preparedness in light of extreme climate
change, the Taipei City government initiated a program to monitor the deformation of
slopes in Taipei City and to formulate a specific disaster response plan, which includes
site-specific rainfall thresholds for the prediction of landslide occurrence for the benefit of
the protected entities on this slope. The disaster response plan designates residents and
property as protected entities.
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(8) (h)

Figure 2. Google Earth satellite images showing the evolution of the study slope from Dec 2006 to Jul
2023: (a) Dec 2006: study site featuring frame beams; (b) Jan 2010; shallow landslide detected on site;
(c) Dec 2010: unchanged terrain; (d) Jul 2011: exposed slope face revealed; (e) Jan 2014: retaining-wall
displacements; (f) Oct 2016: lush vegetation growth; (g) Oct 2017: lush vegetation growth; (h) Jul
2023: lush vegetation growth (Google Earth Pro [21]).
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2.2. Rainfall Distribution Patterns

Typhoons are responsible for 47.5% of the annual rainfall on the island of Taiwan [22].
By considering the temporal, intensity, and distribution characteristics of rainfall and
the role and circulation patterns of typhoons in causing rainfall, Huang [23] categorized
typhoon-related rainfalls on the island into four distribution categories. According to
Huang [23], the first category is associated with a prolonged retention period and is more
destructive because of its heavy and prolonged rainfall. The second category is often
associated with two heavy rainfalls, where an approaching typhoon causes the first rainfall,
while the second, which is usually more intense than the first rainfall, is due to peripheral
circulation after the typhoon has left. The third category also has two rainfall events, but
the first rainfall is more intense than the second, and there is a longer interval between the
two rainfalls. In contrast, the fourth category is associated with single-peak distribution,
which usually occurs after a typhoon has left behind strong wind and rainfall [23].

Figure 3 shows how this study defines a rainfall event. An effective rainfall begins
when the hourly rainfall exceeds 4 mm and ends when the hourly rainfall remains below
4 mm for a continuous period of three hours [24]. The interval between the start and end of
an effective rainfall is defined as a continuous rainfall event. In contrast, the time from the
start to the end of a rainfall event, including short periods without rain during the event, is
defined as rainfall duration (in hours) [24].

40 - 140
~30F Event begins ; Rainfall event . —Event ends 130
g Rainfall > 4 mm | © Rainfall < 4 mm
é | i for 3 consequtive hrs
=20+ 420
&
[=}
kS
A0t 110

N — —,

0 10 20 30 40 50 60 70 80
Time (Hours)

Figure 3. Definition of a rainfall event.

The fourth category, i.e., the single-peak distribution pattern, can be further sub-
categorized into four rainfall distribution patterns—uniform, intermediate, advanced, and
delayed (Figure 4, [25-27])—each of which strongly impacts the local climate, ecosystems,
and water management practices. These patterns have the same amount of rainfall, but
their maximum intensity occurs at different times [27]. A uniform pattern is where the
rainfall is evenly distributed over time (Figure 4a). An intermediate or middle-peak
distribution is when the distribution resembles a bell or Gaussian curve in which the
rainfall is concentrated around the middle of the rainfall duration (Figure 4b). An advanced
pattern is where the peak rainfall occurs earlier in the time frame under analysis; in
other words, it shows a skewed distribution where the rainfall intensity declines sharply
after the initial peak, leading to less rainfall intensity towards the latter part of the end
of the duration (Figure 4c). A delayed pattern is the opposite of an advanced pattern,
characterized by a significant peak in the latter part of the rainfall duration (Figure 4d).
The rainfall pattern significantly impacts the type and time of failure in slope warning
assessments. Theoretically, a uniform rainfall pattern may lead to shallow slope failures due
to the consistent accumulation of water near the surface; a delayed rainfall pattern might
cause groundwater to rise slowly, leading to delayed and triggered deep failure, while an
advanced pattern might induce rapid infiltration and immediate instability [28,29].
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Figure 4. The four temporal rainfall patterns used in this study. All patterns produce the same

amount of rainfall.

Between 2003 and 2021, the island recorded 38 typhoon-related heavy rainfalls; of the
38 rainfalls, 5 were associated with the first category, 6 with the second category, another
6 with the third category, and 21 with the fourth category. Further classifying the fourth
single-peak category into sub-rainfall distribution pattern,1 falls into the advanced pattern,
16 into the intermediate pattern, 3 into the delayed pattern, and 1 into the uniform pattern.
Thus, the intermediate rainfall pattern is not only the most prevalent but also the most
predominant rainfall pattern.

2.3. Site Geology

To collect data for detailed study, a ground investigation via a series of boreholes was
conducted to establish the soil and rock profiles, as well as the material parameters, for
the numerical analysis. A monitoring system, which included crack meters, tiltmeters,
inclinometers, and an observation well, was set up on the study site. The instrumentation
locations are shown in Figure 1. The geological cross-section (A-A) derived from the
information of the borehole logs of borehole Nos. S01, S02, S04, and SO05 from the site
investigation, in which boreholes S01, S04, and S05 were drilled to a depth of 40 m, is
shown in Figure 5. It was discovered that the site was covered by a layer of fill between
depths of 0 and 2.15 m, a weathered sandstone—shale (SS/SH) inter-layer between 2.15 m
and 21.25 m, and a fresh sandstone—shale (5S/SH) inter-layer between 21.25 m and 40 m.

Between 2021 and 2023, four typhoons brought heavy rains to the island of Taiwan:
Typhoon Chanthu (7 September 2021), Typhoon Kompasu (10 October 2021), Typhoon
Nesat (10 October 2022), and Typhoon Mawar (29 May 2023). Among these events, Typhoon
Kompasu and Typhoon Nesat, together with the 24 May 2022 Plum Rain, brought rainfall
exceeding 300 mm. Figure 6 shows the historical rainfall intensity and the corresponding
groundwater levels versus elapsed time records before and after these three rain events.
Elapsed time is adopted because rainfall duration explicitly measures the time from the
start to the end of a continuous or intermittent rainfall event. In contrast, the elapsed time
considers the time frame from any moment until a specific time, including dry periods.
The groundwater level during Typhoon Kompasu (Figure 6a) and the 24 May 2022 Plum
Rain (Figure 6b) was measured via the dual-function inclinometer/observation well (504)
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while that during Typhoon Nesat (Figure 6c) was taken as the reading from observation
well W01 because S04 was found to be damaged during Typhoon Nesat. The locations of
504 and W01 are shown in Figures 1 and 5, respectively. S04 is located on the vegetated
sloping terrain near the crest of the slope, while W01 is located on the crest of the slope
with a paved surface.

Protected Entities
Buildings  Road

280 - 280
Fill —+
] Weathe:F i
260 | B - H 260
E - eni S 1 -
= T i SS/SH 3
.2 240+ i Interlayer  gq L 240
§ ,,,,,,, i h Projected
m so4 WO gip ~
2204 05 Projected Projected 520
Projected
Not To Scale
200 T 200
0+000 0+100 0+200

Figure 5. Geological cross section (A-A) of the study slope.

In all three plots, groundwater levels rise in response to rainfall, but the magnitude
and timing of the response vary with well location and surface conditions. In addition,
all responses show a lag effect, in which the groundwater level increases after sustained
or intense rainfall, although not instantly. The groundwater level in Figure 6a,b shows a
more sensitive response to rainfall; the groundwater levels rise more sharply and earlier
after rainfall begins than in Figure 6c. The reason is likely due to faster down-slope lateral
water movement down-or higher infiltration rates on the sloping terrain. The groundwater
level in Figure 6a,b also tend to decline faster after rainfall ends, suggesting better drainage
or runoff pathways on the vegetated terrain. In contrast, Figure 6¢c shows a more gradual
and buffered response, where the groundwater level increases more slowly, even during
intense rainfall. This scenario is likely due to the low level of rainfall infiltration through
the impervious paved surface. Moderate groundwater recharge in W01 is primarily caused
by delayed vertical seepage or subsurface lateral inflow from up-slope or adjacent areas.
Table 1 quantitatively compares the regular day and peak groundwater levels recorded in
504 and W01 within these 180 days; the result indicates that these rainfall events caused
the groundwater level of the study slope to rise by at least 2.09 m.

Table 1. Peak groundwater levels recorded during the three rain events.

. Observation . . Rise in Water
Rain Event Well No. Before Rain (m) After Rain (m) Level (m)
Typhoon Kompasu S04 —16.10 —13.66 2.44
May 24 Plum rain S04 —16.36 —13.10 3.26
Typhoon Nesat W01 —13.64 —11.55 2.09
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Figure 6. Rainfall intensity and groundwater level recorded during (a) Typhoon Kompasu (10~16
October 2021), (b) May 24 heavy Plum Rain (24~29 May 2022), and (c) Typhoon Nesat (10~19
October 2022).

Figure 7 shows the horizontal displacement profiles recorded by the dual-function
inclinometer/observation well (S04) and a standard inclinometer well (S05) between
12 November 2021 and 19 October 2022. The initially smooth, zig-zag horizontal dis-
placement profiles in Figure 7a,b reveal that the first 24 m of the ground could be subjected
to compression by downward negative friction of the weathered SS/SH inter-layer [30].
On 19 October 2022, the profile went haywire, and eventually, the dual-function inclinome-
ter/observation well was found to be damaged and had to be replaced by a standard
inclinometer (504*) (Figure 1). Figure 7c shows a sudden increase in the horizontal displace-
ment to a value slightly less than 150 mm on 19 October 2022 during Typhoon Nesat, and
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Figure 7c,d indicate the existence of a shear zone at depths between 13 and 15 m [30,31].
The lateral movements recorded by inclinometers S04 and S05 raise concerns regarding the
stability of the study slope.

0 0 — . .
S5F 1 S5r 1
10 | 1 10 r .
15+ 1 15+ .
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=201 1 20 - - - §
153 —8—2021-11-12
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30 - 1 30 - > 2022-07-18 [
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5t S5t 1
10 - 10 + .
15+ 151 .
E
=201 20 - 1
&
a
25 25 1
30 - 30 - 1
35r 35r 1
(c) SO5 A-side (d) SO5 B-side
40 — : : 40 — : :
0 50 100 150 0 50 100 150
Displacement (mm) Displacement (mm)

Figure 7. Horizontal displacement profiles measured by inclinometers: (a) S04 A side; (b) S04 B side;
(c) SO5 A side; (d) SO5 B side.

3. Materials and Methods

Using a physically based method, we derived the rainfall threshold of the study slope
through a series of finite-element analyses. The numerical model was built by considering
the slope’s geological features, and appropriate model elements and meshes were applied.
The numerical model was validated by simulating the rise of groundwater levels due to
the three heavy rainfalls; the numerical and site-recorded results were compared, and the
results show a close agreement. We can conclude that the condition of the study slope was
accurately simulated.
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Once the finite-element model was successfully calibrated, transient infiltration analy-
sis was implemented under the influence of the four rainfall distribution patterns to obtain
the pore—water pressure distribution in the slope for use in the subsequent stability analysis.
The stability results were interpreted to highlight critical failure mechanisms and derive
the corresponding rainfall thresholds.

3.1. Formulation of Numerical Analysis

The Midas simulation program [32] uses equilibrium equations to ensure that a system
remains in static equilibrium under applied loads by requiring the sum of forces and
moments acting on the system to be zero. The equation for linear static analysis is expressed
as follows:

[K{u} = {P} (1)

where [K] is the stiffness matrix and {U} and {P} are the displacement and load vector,
respectively.
The linear moment equilibrium equation for a small volume of a porous medium is
expressed as follows [32]:
V.-oc+pg=0 (2)

where p is the density of the porous medium; g is gravity acceleration; and ¢ is the total
stress of the porous medium, defined based on an extension of Bishop’s [33] stress relation-
ship that considers partially saturated states for Terzaghi’s [34] effective stress principle:

=0 —mxuy+ (1 —x)ug) (3)

where ¢ is the effective stress; m is the second-rank unit tensor; u,, and u, are the pore—
water and pore-air pressure, respectively; and y is the effective stress parameter. According
to Manenti et al. [35], who investigated a landslide on the slope of a water basin using a
mixture model that accounts for the effects of soil saturation, the influence of landslide
material saturation must be accounted for when simulating landslide dynamics because the
motion of the saturated layer is more susceptible to higher deformation due to pore-water
pressure that lowers the effective stresses in the solid matrix.
Richards’ [36] equation represents the flow of water through unsaturated soils:

oH
[Ce + SES}i +V . [-kV(H+2z)] =0 4)
where H is the pressure head; z is the elevation head; S, is the effective saturation; S is
the storage coefficient; k is hydraulic conductivity; and C. is the specific moisture capacity,
which is related to the volumetric water content () as follows:

a0

Cg:aiH

(5)
The storage coefficient (S), which quantifies how much water can be stored or released
from a unit volume of soil due to changes in the hydraulic head, is expressed as follows:

AV

Y ©)

where AV is the change in the volume of stored water and Al is the change in the
hydraulic head.
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To model soil behavior, particularly under large deformations, Midas uses constitutive
models that can represent both elastic and plastic responses of soils, i.e., the Mohr—Coulomb
failure criterion, which is commonly employed to define the yield surface:

T=c +0'tan¢g (7)

Thus, a combination of equilibrium equations, the Richards equation, the mass conser-
vation principle, and the constitutive model for soil behavior is used to analyze this study’s
problem effectively.

3.2. Material Parameters

The soil-water characteristic curve (SWCC) is the most important input parame-
ter in a typical rainfall infiltration analysis. The SWCC is usually represented by van
Genuchten’s [37] empirical formulation:

Gw = 9r+ (Gs —Qr)

1
M+ (azp)”]”/"] ®

where 0y, 6,, and 6, are the volumetric, residual, and saturated water contents, respectively;
1 is the soil matric suction; and a and n are two fitting parameters. The fitting parameters
for the study slope were a = 0.4369, n = 1.14, 6, = 0.025, and 65 = 0.5166.

The analysis adopted the hydraulic conductivity function proposed by van

Genuchten [37]:
2

1= ()™ 1+ (ap)"] "]

=k 1t @) /2

©)

where ks is the hydraulic conductivity of saturated soil; m is taken to be 1 — 1/n, with
referenced to Mualem [38]; and the two fitting parameters (a and n) are essentially the
same parameters used in the corresponding SWCC. The interconnection and reliability of
van Genuchten’s SWCC and hydraulic conductivity functions were previously validated
for silty soil by Gui and Hsu [39]. Table 2 shows the value of the saturated hydraulic
conductivity (ks) used in the study.

The numerical mesh used for the infiltration analysis is depicted in Figure 8. The
numerical model also included existing retaining walls and a row of retaining piles to mimic
the actual conditions at the site. Two-dimensional, triangular 3-node elements form the
numerical mesh, which is often used in geotechnical finite-element analyses to better adapt
to complex geometries, especially around irregular boundaries like slope faces, pile groups,
and retaining structures. The mesh is refined near the retaining walls, retaining piles, and
the slope crest area, and especially near the inclinometer (504) and observation well (W01),
where high-stress gradients and localized deformation are expected. The mesh becomes
progressively coarser in the deeper and more distant zones to help optimize computational
efficiency without compromising accuracy. In the mesh, both the left and right boundaries
are designated as permeable, while the bottom boundary is impermeable. Additionally, the
ground surface is configured as a rainfall infiltration boundary. The rainfall intensity used
for the analysis is shown in Figure 6. For solid mechanics analysis, the movement of the
left and right boundaries is restrained horizontally. In contrast, the bottom boundary is
restrained from both horizontal and vertical movements. The soil parameters used in this
study are shown in Table 2.
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Figure 8. Typical mesh used in the numerical analysis.

Table 2. Material properties used in the numerical analysis.

Weathered

Materials Property Fill (F) SS/SH SS/SH
Bulk unit weight (kN/m?) 19.62 23.54 23.54
Saturated unit weight (kN/m?) 20.62 24.54 24.54
Poisson’s ratio of soil 0.35 0.35 0.30
Apparent cohesion, ¢’ (kPa) 0 8.0 49.0
Angle of internal friction, ¢’ (%) 26 28.4 294
Young’s modulus of soil (MPa) 10 40 80
Saturated hydraulic conductivity, ks (m/s) 2.75 x10~4 8.3 x107° 8.0 x10~8
SWCC Parameter a 2 10.6 10.6
SWCC Parameter n 1.41 1.37 1.37
Saturated water content, 6 0.45 0.46 0.46
Residual water content, 6, 0.067 0.034 0.034

4. Results
4.1. Calibration of Numerical Model

We verified the numerical model and soil hydraulic parameters via the simulation of
rainfall infiltration during the three heavy rainfall events (Figure 6), i.e., (i) Typhoon
Kompasu (10~16 October 2021), (ii) the May 24 Plum Rain (24~29 May 2022), and
(iii) Typhoon Nesat (10~19 October 2022). Table 3 compares the site-recorded and numeri-
cally calculated peak groundwater levels during the three rainfall events. The results show
that the maximum variation between the numerical and site-recorded valued is 6.67%. The
Root Mean Square Error (RMSE), which quantifies the absolute error in the predictions of
the observed and analyzed peak groundwater levels, is 0.54, indicating accurate predictions.
The coefficient of determination (R?), which indicates the degree to which the analyzed
data fit the observed data, is 0.9962, showing that the analyzed data fit the observed data
well. Although obtained with limited data points, the RMSE and R? results suggested that
the adopted numerical model and hydraulic parameters used to simulate groundwater
levels under varying rainfall conditions are reliable.

The subsequent stability analysis required the input of the pore-water distribution gener-
ated from the infiltration analyses. Figure 9 presents the factor-of-safety results from the stability
analyses for Typhoon Kompasu, the May 24 Plum Rain, and Typhoon Nesat.
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Table 3. Comparison between the observed and analyzed peak groundwater levels during the three
heavy rainfall events.

Observation Well

Rain Event No Observed (m) Analyzed (m) Variation (%)
Typhoon Kompasu S04 —13.66 —14.03 2.71
May 24 Plum rain S04 —13.10 —13.48 2.90
Typhoon Nesat Wo1 —11.55 —12.32 6.67
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%400 *0090004. 115
JAETY

) A2 TTTISORPPRPPR R TIXZL L2 SN E 5

230 s

B2 [

E) 11.3 8

£20 2

= 1123

< | | | I =

= 10 | 11.1

- LJI“MM ML

0 bl |

0 20 40 60 80 100 120 140 160 180

Elapsed time (Hrs)
(a)
50 1.6
§4O<uumu“ . 115
‘oo .
g Tees 114 8
>30 ."OAAA FOPPYPYTI1Ad ’ L’a
.4: Yy ey 7N
& {13 ‘*é
E20 S
= 1123
& | =
=
= 10 {11.1
i} Al |
0 e

1
0 20 40 60 80 100 120 140 160 180

Elapsed time (Hrs)
(b)

50 1.6
S 460068000y {15
E 40 ‘%Q’
E 0"" >
E TTN 114 8
230 2 TP E
§ 41.3 8
£20 2
= 112 §
Qg 1 1l 1) I =
= 10 r = 411.1
~ | || 4 Y244

0 Bealilies, 1

0 20 40 60 80 100 120 140 160 180
Elapsed time (Hrs)

(o)

Figure 9. Rainfall intensity and simulated factor of safety during (a) Typhoon Kompasu (10~16 Octo-
ber 2021), (b) the May 24 Plum Rain (24~29 May 2022), and (c) Typhoon Nesat (10~19 October 2022).
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The factor of safety at t = 0 prior to the landing of Typhoon Kompasu was about 1.50,
as shown in Figure 9a, and the rain brought by Typhoon Kompasu started to fall at ¢t = 20 h.
However, the safety factor remained unchanged until 12 h later, when it decreased to a
minimum value of 1.39 at the 108th hour. The factor of safety for the May 24 Plum Rain is
plotted in Figure 9b; the analysis result shows that the factor of safety decreased to 1.35
at the 96th hour. These results show that the slope was stable during Typhoon Kompasu
and the May 24 Plum Rain. With respect to Typhoon Nesat, Figure 9c shows that there is a
sharp decrease in the factor of safety at the 116th hour. It reaches the minimum value of
1.02 at the 148th hour, indicating the slope is critical.

4.2. Alert and Action Values

An alert value is a specific rainfall threshold that, when reached, triggers a warning or
alert to indicate the possibility of a hazard; the value serves to notify relevant authorities
and the public about potential risks associated with heavy rainfall. An action value refers
to when a specific rainfall threshold is reached, requiring the execution of pre-specified
responses, such as evacuation or other emergency actions. In other words, the alert value
informs potential hazards, while the action value initiates emergency responses.

Before determining the alert and action values, this study first defined four types of
cumulative rainfall: R1, R2, R3, and R4, where

1.  R1is the cumulative rainfall when the factor of safety (FOS) is one;

2 R2 is the cumulative rainfall recorded three hours before FOS = 1 is reached;
3.  R3is the cumulative rainfall recorded five hours before FOS = 1 is reached;
4 R4 is the cumulative rainfall when the FOS is 1.1.

The alert value is taken to be the minimum of {R1, R2, R3, and R4}, while R2 is
defined as the action value, which is the cumulative rainfall recorded three hours before the
slope acquired an FOS of one; three hours are deemed sufficient to implement emergency
response in Taipei City.

Based on the numerical model and the four rainfall distribution patterns (uniform,
intermediate, advanced, and delayed, as shown in Figure 4), the studied slope was analyzed
under the four rainfall distribution patterns with rainfall durations of 24 and 72 h to deter-
mine the corresponding 24 and 72 h cumulative rainfall thresholds. The total cumulative
rainfall values for the 24 and 72 h distributions are 720 mm and 2160 mm, respectively.

4.2.1. Short Duration: 24 h Rainfall

Figure 10a,b show the slope’s factor of safety versus elapsed time and cumulative
rainfall, respectively. Figure 10a and Table 4 reveal that the slope under the advanced
rainfall pattern failed (FOS = 1) at 8.8 h after the rain started; under the intermediate
rainfall pattern, the slope failed at 13.9 h, while under the uniform patterns, the slope
failure time was 15.70 h. As expected, under the delay pattern, the slope failed, at the
latest, at 18.9 h, towards the end of the rainfall duration. Under advanced rainfall patterns,
rainwater infiltrates quicker into the soil than under the other rainfall patterns, leading to
immediate saturation and weakening of the shear strength, which explains why landslides
occur faster under this condition.

The values of R1, R2, R3, and R4 for all four rainfall patterns, as derived from Figure 10b,
are summarized in Table 5 for comparison. Among these cumulative values, R1, the rainfall
corresponding to FOS = 1, i.e., when failure is defined, is the largest among. The alert value for
each of the four distribution patterns is the minimum of {R1, R2, R3, and R4}; the minimum
value of 207.7 mm is the 24 h alert value of the studied slope. The action value for each of the
four distribution patterns is R2, the cumulative rainfall recorded three hours before reaching
FOS = 1; the minimum of these R2 values, 304.6 mm, is the 24 h action value of the studied
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slope. The alert and action cumulative rainfalls are almost identical, with the advanced pattern
slightly higher than that of the intermediate pattern; however, the slope under the advanced
pattern failed five hours earlier than the slope under the intermediate pattern. A yellow alert is
triggered when 200 mm or more of rain is expected within 24 h as a practical approximation of
the 207.7 mm threshold, while a red alert is triggered when 300 mm or more of rain is expected
within 24 h as a practical approximation of the 304.6 mm threshold.

The yellow alert threshold is set slightly below the calculated minimum alert value
of 207.7 mm to identify potential risks early to allow for a buffer against potential un-
derestimation of rainfall and to provide time for preventive measures. It also aligns in
the simplification of communication and decision making by using a round number. The
yellow alert threshold may result in false alarms, but the benefits of detecting an early
warning outweigh the potential drawbacks. In contrast, the 300 mm red alert threshold
represents a higher risk level and requires immediate action. The choice of 300 mm should
be dynamically reviewed to ensure it can capture the most critical scenarios without causing

unnecessary panic.
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Figure 10. Relationship between factor of safety and (a) elapsed time and (b) cumulative rainfall,
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Table 4. The time at which FOS = 1.12 started to fall and reach its critical value under various 24-h
rainfall patterns (see Figure 10a).

Time When FOS = 1.12

Rainfall Pattern Begins to Fall Time When FOS =1 fe — 1
t; (Hours) tr (Hours) At (Hours)
Advanced 7.27 8.80 1.53
Intermediate 12.25 13.90 1.65
Delayed 17.28 18.90 1.61
Uniform 13.70 15.70 2.00

Table 5. Determination of the alert and action values for 24 h rainfall.

Cumulative .
R N T R
Pattern
Advanced pattern (mm) 426.2 309.6 216.0 363.7 216.0 309.6
Intermediate pattern (mm) 4339  304.6 207.7 3740  [207.7]  [3046]
Delayed pattern (mm) 451.9 326.4 252.0 379.3 249.0 323.0
Uniform pattern (mm) 471.1 390.0 330.0 398.3 321.1 381.1

Note(s): Rl is the cumulative rainfall when the FOS is one, R2 is the cumulative rainfall recorded 3 h before
an FOS of 1 is reached, R3 is the cumulative rainfall recorded 5 h before an FOS of 1 is reached, and R4 is the
cumulative rainfall when the FOS is 1.1. The numerical value in the boxes denotes the minimum value of the alert
and action value, respectively.

4.2.2. Long Duration: 72-h Rainfall

Figure 11a shows the relationship between the factor of safety and elapsed time for
four different 72 h rainfall distribution patterns. At t = 0 h, all patterns start with a factor
of safety of about 1.42, indicating a stable condition. As rain starts, the slope remains stable
until a specific time, depending on the distribution patterns, when it suddenly weakens
and the corresponding factor of safety drops drastically to 1.1. However, the slope is still
stable. The time at which the slope suddenly weakens and the time when its FOS =1 for
all rainfall patterns are summarized in Table 6.

Table 6. The time at which the FOS started to fall sharply and reach its critical value under various
72-h rainfall patterns (see Figure 11a).

. Time FOS Falls From Time FOS Fall To Time When FOS <1
Rainfall Pattern FOS; f FOS, t tort
Advanced 1.42 8 1.16 9 28.3
Intermediate 1.42 25 1.13 26 41.4
Delayed 1.36 38 1.11 39 52.1
Uniform 1.42 19 1.12 20 39.5

Table 6 shows that the advanced pattern is the most concerning, as the initially sta-
bilized slope weakened drastically eight hours after the rain started. However, it took
another 20.3 h before destabilization, while the delayed pattern remained safe for 38 h
before weakening sharply and took another 14.1 h before destabilizing. The differences
between the time when weakening started and destabilization highlight how different
rainfall distribution patterns influence the stability of the slope over time. The advanced
pattern initialized failure at % of the rainfall duration, while the delayed pattern initialized
failure at % of the rainfall duration. The advanced pattern reveals immediate risks and
requires immediate action as soon as rainfall starts.
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Figure 11. Relationship between factor of safety and (a) elapsed time and (b) cumulative rainfall
under a 72-h rainfall.

The values of various cumulative rainfalls (R1, R2, R3, and R4) for all four rainfall
patterns, as derived from Figure 11b, are summarized in Table 7 for comparison. Similar
to the procedures shown in Section 4.2.1, the 72-h rainfall’s action and alert values for the
studied slope are 494.5 mm and 1012.0 mm, respectively.

Table 7. Determination of the alert and action values for 72-h rainfall.

Accumulated Alert Acti

i er ction
Rainfall Rainfall R1 R2 R3 R4 Value Value
Pattern
Advanced (mm) 1357.3 1244.6 1165.4 494.5 4945 1244.6
Intermediate (mm) 1375.7 1217.1 1103.2 558.6 558.6 12171
Delayed (mm) 1138.1 1012.0 932.1 629.8 629.8 1012.0
Uniform (mm) 1185.9 1095.9 1035.9 592.1 592.1 1095.9

Note(s): R1 is the cumulative rainfall when the FOS is one, R2 is the cumulative rainfall recorded 3 h before an
FOS of one is reached, R3 is the cumulative rainfall recorded 5 h before an FOS of one is reached, and R4 is the
cumulative rainfall when the FOS is 1.2. The numerical value in the boxes denotes the minimum value of the alert
and action value, respectively.

One significant difference observed in the analysis between the 24 and 72 h long
rainstorms is the type of failure the slope acquired. In general, shallow failure is observed
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in the 24-h rainfall while deeper failure is observed in the 72 h rainfall (Figure 12). Intense
rain mainly triggers shallow landslides over a short period (one day). However, for a
prolonged rain that continues for a few days, the water infiltrates deeper into the ground
and causes deeper and more devastating failures.

Retaining piles
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I Weathered SS/SH Interlayer
SS/SH Interlayer

I Sliding zone
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Retaining piles

H ril
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(b)
Figure 12. Types of generated failure: (a) shallow failure (24 h rain); (b) deep failure (72 h rain).

5. Discussion

Figure 13 shows the historical daily rainfall between 1 January 2008 and 31 December
2024; the daily rainfalls that exceeded 200 mm and 300 mm correspond to the alert and
action threshold, respectively. A total of 24 rainfall events recorded a daily rainfall exceed-
ing 200 mm /24 h, i.e., reaching the alert level, of which 12 had daily rainfall exceeding
300 mm/24 h, i.e., reaching the action level. The 12 events were Typhoons Sinlaku, Jangmi,
and Morakot (2009), Typhoons Fanapi and Megi (2010), the 10 June 2012 Plum Rain, and Ty-
phoon Saola (2012; retaining-wall displacement on the lower slope of the western platform
of the study slope); Typhoons Soudelor and Dujuan (2015; retaining-wall displacement on
the lower slope of the western platform), Typhoon Megi (2016; cracking on the western
platform), Typhoon Nesat (2022; cracking on the western platform and slope displacement
on the lower slope), and Typhoon Kongrey (2024).

Previously, alert and action warnings were based on higher rainfall amounts. However,
Typhoon Nesat in October 2022 showed that instability risks could happen with less rain
than expected and prompted engineers to lower the previous rainfall alert thresholds: from
400 mm/24 h to 200 mm /24 h for the alert threshold and from 500 mm /24 h to 300 mm/24 h
for the action threshold, as recommended. Based on the new alert (=200 mm /h) and action
(>300 mm/h) thresholds, on average, over 17 years, Taipei City would issue 1.41 yellow
alerts and 0.70 red alerts (calling for evacuation protocols) per annum. After implementing
the new alert and action thresholds, in July 2024, during Typhoon Kaemi, a cumulative



Water 2025, 17, 1240

21 of 24

rainfall of 206.5 mm/h triggered a yellow alert and, subsequently, a red alert (302 mm/h),
both of which were lifted after rainfall subsided. Two months later, heavy rains in late
September 2024 repeatedly activated yellow alerts (200-200.5 mm/24 h), which were
deactivated once the rainfall subsided below the threshold value. On 31 October 2024,
Typhoon Kongrey escalated from a yellow alert (200.5 mm/h) to a red alert (302 mm /h),
which was lifted on 1 November after the 6 h rainfall dropped to 4.5 mm. These incidents
suggest the need for dynamic threshold adjustments to ensure timely evacuations and
enhance slope safety management.
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Figure 13. Historical daily rainfall and typhoons recorded between 1 August 2008 and 31 December 2024.

5.1. Impact of Rainfall Patterns on Slope Stability

The study revealed that different rainfall distribution patterns significantly influence
the time of landslide initiation. The results presented in Figure 10 show that advanced
rainfall patterns, where peak rainfall occurs early, lead to the most rapid slope failure
(7.27 h). In contrast, delayed patterns resulted in the slowest slope destabilization due to a
gradual increase in groundwater levels because of prolonged infiltration.

Another important finding from this study is that heavy rainfall over a short period
(£24 h) tends to trigger shallow landslides. In contrast, more extended periods of rain
(>72 h) are more likely to cause deep landslides. This result is consistent with previous
studies, such as those conducted by Fathiyah and Erly [28] and Yang et al. [29], who found
that prolonged rainfall patterns contribute to deep rather than shallow failure surfaces.
This difference is vital for the development of early warning systems for landslides because
it suggests that different strategies might be needed to prevent or respond to these failures.

5.2. Practical Applications for Landslide Mitigation

This study provides a scientific basis for integrating numerical modeling into real-
world disaster preparedness strategies. The derived rainfall thresholds can be incorporated
into the following areas:

1.  Early warning systems, where automated rainfall sensors and slope monitoring units
can use the established thresholds to trigger real-time alerts [40,41];

2. Urban planning and infrastructure resilience, in which authorities can revise regu-
lations to restrict construction in high-risk zones where thresholds are frequently
exceeded [42,43];
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3. Disaster response protocols, where emergency response teams can use these data to
pre-position resources, such as temporary shelters and evacuation routes, in landslide-
prone areas [44,45].

5.3. Limitations of the Study

While this study provides valuable insights, future studies could address, for example,
the increasing frequency and intensity of typhoons due to extreme climate change, which
may render historical rainfall data less reliable for future predictions; therefore, dynamic
climate models should be incorporated to adjust thresholds accordingly.

Although the numerical model was calibrated using past events, real-time field mea-
surements, such as those collected by observation wells, soil moisture sensors, and incli-
nometers, should be used to validate and improve predictions under active storm condi-
tions. Further studies could also explore machine learning integration to maintain data
integrity [46] and enhance threshold prediction accuracy.

6. Conclusions

This study presented a physically based framework for defining rainfall thresholds to
improve early landslide warning systems. The results of this study reveal the importance
of integrating rainfall patterns, rainfall thresholds, and slope stability analysis into early
landslide warning systems. We identified critical rainfall thresholds, which can serve as a
basis for early landslide warning and risk assessment systems in Taipei City. The following
findings and conclusions are reported:

1. This study shows that different rainfall patterns influence the timing and types of
slope failure. Advanced rainfall patterns, where heavy rain occurs early, result in the
most rapid slope destabilization, while delayed patterns lead to more gradual and
deep failure due to prolonged infiltration.

2. This study shows that short-duration rainfall (24 h) mainly triggers shallow landslides,
whereas prolonged rainfall (72 h) leads to deep landslides. This finding is crucial for
early landslide warning systems, which provide different mitigation strategies based
on the expected rainfall duration.

3. Before this study, yellow and red warnings were based on higher rainfall amounts,
but recent storms showed that landslides can happen with less rain than expected.
Based on the findings of this study, the Taipei City government revised the alert and
action thresholds for issuing landslide warnings. This study suggests the importance
of adjusting the thresholds dynamically, as evidenced by Typhoon Nesat (2022) and
Typhoon Kongrey (2024), which triggered necessary evacuations. Implementing a
dynamic rainfall threshold framework into the early warning systems for landslide-
prone areas can improve rainfall-induced prevention strategies, protect lives, and
mitigate landslide risks in urban and mountainous areas.

4. To enhance the accuracy and applicability of rainfall thresholds, future studies should
incorporate real-time monitoring systems to improve numerical predictions, explore
machine learning and Al techniques, and incorporate dynamic climate models to
develop more dynamic and adaptive landslide prediction models.
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