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ABSTRACT

Hong Kong, with 60% of its terrain on natural slopes, faces elevated landslide risks from
extreme precipitation and typhoons, making it a critical case study for this hazard. Within this
context, contemporary landslide early warning systems are constrained by a critical efficacy—
efficiency trade-off. Simplistic regional models (e.g., Intensity-Duration thresholds) generate
high false-alarm rates by neglecting spatial variability and rainfall randomness, while
sophisticated physical models are computationally challenging for real-time use. Persistent
gaps include a focus on surface displacement over internal hydro-mechanical processes,
vulnerability to data loss during extreme weather, and a lack of automation in stability-analysis
workflows. To address these challenges, the primary objective of this research is to develop an
operational, three-tiered framework that bridges the gap between data-driven and deterministic
landslide models through: (1) a foundational critical review that synthesizes fragmented
knowledge on monitoring technologies, prediction models and failure mechanisms; (2) a data-
driven regional screening model to capture spatiotemporal trigger randomness; (3) a deep
learning-enhanced subsystem for forecasting critical subsurface precursors; and (4) an
automated stability tool that resolves the parameterization bottleneck and delivers end-to-end

Factor of Safety analysis.

The pursuit of these objectives is operationalized through a tripartite framework
founded on a comprehensive review of monitoring and prediction paradigms: a) Tier 1
establishes a multi-data-driven classifier that moves beyond binary decisions to
probabilistically categorize slopes as low-risk, high-risk, or ambiguous “warning” cases
requiring deeper analysis. The model was developed from a uniquely curated 1984-2022
regional dataset of Hong Kong natural hillside incidents, combining antecedent rainfall
sequences and spatial features. Methodologically, it addresses real-world spatial-temporal
imbalance with tailored preprocessing and applies a dual-threshold strategy for nuanced risk

gradation; b) Ambiguous cases identified by the probability model activate the deep learning-
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enhanced subsurface tier 2. Two methodological innovations are central: (1) multi-parallel
LSTM networks with a novel independence-oriented time-series windowing for operationality;
and (2) a multi-node prediction framework technique designed to handle data loss and forecast
critical precursors (volumetric water content, matric suction, earth pressure). This tier is
operationalized as OWHK (Operational VWC Forecasting Model for Shallow Layers in Hong
Kong), which fuses LSTM-based forecasting; and ¢) Tier 3 introduces the Automated
Parameterization Tool (APHs), which uses multi-LSTM networks to derive advanced soil
parameters directly from standard lab data. Building on APHs, a hybrid multi-deep learning
pathway predicts a regional Soil Saturation Index (SSI) from real antecedent rainfall sequences
and terrain factors and computes the infinite-slope Factor of Safety, directly linking hydrologic

response to geotechnical mechanics.

The efficacy of this framework is demonstrated through rigorous testing and validation.
The Tier 1 classifier achieved an Area Under the ROC Curve of 0.92, successfully categorizing
slopes while reducing false alarms. The Tier 2 OWHK model forecasted VWC with high
accuracy (MAE < 0.6%, R? > 0.92) across 15 sensors at three instrumented sites.
Complementary LSTMs predicted earth pressure and matric suction with RMSEs of 1.62 kPa
and 3.18 kPa, respectively. An extended VWC framework provides both point and interval
predictions (MAE 0.35-1.22%) and propagates VWC into FOS calculations (R* 0.89). The
APHs workflow achieved a parameterization accuracy of 99.4% through seven novel multi-
parallel deep LSTM networks. This accuracy was validated against a conventional reference
case (99.6%) and an experimental laboratory study, both showing strong agreement between
simulated and measured results. The tool significantly accelerates parameterization, delivering
precise results in seconds. The Tier 3 hybrid SSI-FOS pathway was externally validated against
the deterministic GeoStudio model for the 2005 Fei Ngo Shan landslide, showing excellent
agreement (FOS MAE 0.06-0.07). It also correctly assessed the stability conditions of the

independent 2023 Yiu Hing Road landslide.
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Collectively, these results lead to several key conclusions: (a) A tiered structure
integrating data-driven Al with physics-based modeling is essential for achieving both regional
scalability and geotechnical accuracy in operational early warning systems; (b) The 1D-CNN
architecture demonstrates superior performance for prediction, offering optimal balance
between precision and computational efficiency compared to LSTM and GRU alternatives; (c)
For subsurface forecasting, a multi-parallel LSTM structure with specialized networks
targeting distinct hydrological regimes proves more effective than single-model approaches;
(d) Volumetric Water Content emerges as the most critical and physically consistent predictive
feature addressing rainfall spatiotemporal uncertainty; (¢) The APHs tool represents a
breakthrough in automation with accuracy surpassing traditional empirical methods; (f) A
hybrid pathway fusing data-driven Soil Saturation Index with physics-based Factor of Safety
calculations enables successful regional-scale, time-aware stability assessment; (g) Hillslope
geometry constitutes a first-order control mechanism, with convergent slopes showing
particular vulnerability to rapid moisture buildup and antecedent-condition-driven failure
timing; (h) The "effective non-rainfall duration" provides a crucial metric for quantifying slope

recovery time.

In summary, the significance of this work is threefold, directly addressing the initial
research gaps: a) Theoretical: It establishes a direct, learned link between rainfall triggers,
subsurface hydrology, and geotechnical stability mechanics; b) Methodological: It pioneers
novel techniques including a dual-threshold risk grader, independence-oriented windowing for
operational forecasting, multi-parallel LSTM architectures, and a hybrid SSI-to-FOS coupling;
c) Practical: It delivers a suite of operational tools: a multi-model, multi-event landslide
forecaster, OWHK, a subsurface response predictor, APHs, and an SSI-FOS automated

stability tool.
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CHAPTER 1: INTRODUCTION

This chapter serves as the foundational component of the thesis, establishing the research
landscape, defining the scope of the investigation, and outlining the strategic approach for the
study. It begins by presenting the broad context and specific problem of rainfall-induced
landslide forecasting, using Hong Kong as a critical case study. The chapter then systematically
articulates the core Problem Statement, identifying the critical efficacy-efficiency trade-off in
existing early warning systems. Following this, specific Research Gaps are detailed to pinpoint
the precise limitations in current literature and practice. The chapter subsequently presents the
study's Objectives, which are designed to directly address these gaps, and provides a brief
overview of the overarching Methodology and the novel three-tiered framework developed to
achieve these aims. Finally, it concludes with a summary of the Thesis Organization, providing
a roadmap for the reader by outlining the content and sequence of the remaining chapters.

1.1. INTRODUCTION

Landslides represent a pervasive and destructive global geological hazard, defined as the
downward movement of slope-forming materials when shear stresses exceed the available
shear strength of the ground. These events can be triggered by various mechanisms, including
earthquakes, volcanic activity, and rainfall, as illustrated in Figure 1.1. Among these, rainfall-
induced landslides are particularly consequential in regions experiencing intense precipitation
events, which are becoming more frequent and severe due to climate change (Wu et al., 2020).
Hong Kong stands as a paramount case study for this specific hazard. Its unique topographic
and climatic profile, a mountainous city with over 60% of its land area comprising natural
slopes (Geotechnical Engineering Office, 2016), subjected to an average of 2398 millimeters
of annual rainfall from typhoons and rainstorms (HKO, 2019), creates a high-risk environment
that manifests in over 300 reported landslides annually. The catastrophic potential is grimly

exemplified by historical events such as the 1972 Po Shan Road landslide (Figure 1.2), which



obliterated apartment blocks and claimed 156 lives (HKO, 2015). Over the past half-century,
landslides have been responsible for approximately 500 fatalities in Hong Kong, mirroring a
devastating global trend that saw nearly 60,000 deaths from non-seismic landslides between
2004 and 2016 (Froude & Petley, 2018), as visualized in Figure 1.3. This enduring threat,
despite extensive mitigation efforts, underscores the critical and continuous need for advanced

research into rainfall-induced landslide mechanisms (Song et al., 2017).
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Figure 1.1. Landslide causative factors
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Figure 1.2. Po Shan Road's 1972 collapse (Cheng et al., 2009)(Photo by Geotechnical

Control Office, Hong Kong Government)
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Figure 1.3. Fatal non-earthquake landslides from 2004 to 2016 (Froude & Petley, 2018)

The diversity of landslide phenomena is captured by detailed classification systems,
such as the one by Hungr et al. (2014), which categorizes 32 distinct types based on material
composition and movement mechanisms. While this provides a valuable framework, this

dissertation narrows its focus to shallow, rainfall-induced landslides (Figure 1.4), which are



among the most frequent and destructive types in subtropical regions like Hong Kong
(Formetta & Capparelli, 2019). These failures typically involve a relatively thin mantle of soil
and colluvium, often 3 to 5 meters thick (Zhang et al., 2011), and their initiation is governed
by complex hydro-mechanical processes within the vadose zone. A naive approach to risk
mitigation involves the widespread reinforcement of all slopes using engineering structures
like soil nails and retaining walls (Huang & He, 2023). However, this is economically and
logistically impractical given the vast number of slopes. A more sophisticated and efficient
paradigm advocates for a proactive cycle of monitoring, data analysis, and prediction to enable

targeted and timely intervention.
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Figure 1.4. Schematic representation of shallow rainfall-induced landslides.

The successful implementation of this paradigm is hampered by the inherent
complexity of slope systems. Slope engineering is an unpredictable, non-linear, and dynamic
domain where stability is influenced by a multitude of geological and environmental factors
(Dai et al., 2021), many of which exhibit significant randomness and uncertainty (Wu et al.,
2021). In this context, Artificial Intelligence (AI) and, more specifically, Deep Learning (DL)
have emerged as transformative tools. DL algorithms are capable of constructing complex, non-

linear mappings between input data and outputs, making them exceptionally suited to model



the intricate behaviors of geotechnical systems (Ma et al., 2020; Phoon & Zhang, 2023). The
strengths of DL, including its versatility, its ability to autonomously extract salient features
from raw data, and its independence from rigid prior assumptions (Zhang et al., 2022), have
led to its successful application across geotechnical engineering, from landslide susceptibility
mapping and displacement prediction to slope stability analysis (Huang et al., 2023; Azmoon
etal., 2021; Song et al., 2019; Kumar et al., 2020a; Chiang et al., 2022; Huang et al., 2023; Dai
et al., 2022; Filipovi¢ et al., 2022).

Physically, rainfall-induced landslides constitute a time-dependent problem where
slope stability deteriorates during rainfall infiltration and recovers during subsequent drainage
periods. The hydrological process is governed fundamentally by the soil's hydraulic
conductivity, which controls the rate at which infiltrating rainwater moves through the
unsaturated zone. Soils with higher hydraulic conductivity permit rapid infiltration and deeper
wetting front propagation, while lower conductivity soils promote surface runoff and localized
pore-pressure buildup near the surface. This process is further modulated by surface flux
conditions and storage capacity, where infiltrating rainwater progressively fills soil pores and
displaces air (Zhang et al., 2011). The loss of matric suction upon wetting is a key destabilizing
mechanism in unsaturated soils (Valentino et al., 2014), and failure can occur due to localized
water accumulation even before full saturation is reached (Gerscovich et al., 2006). The slope's
recovery, or "healing," is a function of the non-rainfall duration (the antecedent period), with
longer dry periods allowing for greater drainage and strength recovery (Bontemps et al., 2020).
While advanced numerical methods, including coupled hydro-mechanical analyses and the
Material Point Method (MPM), can simulate these physical processes, they are often hamstrung
by extensive parameter requirements and computational demands, rendering them unsuitable

for real-time early warning. Consequently, there is a pressing need for a novel framework that



leverages the predictive power of data-driven models, capable of providing accurate, timely,
and operational warnings to safeguard communities and infrastructure.

1.2. PROBLEM STATEMENT

The fundamental challenge in landslide risk reduction lies in accurately and reliably answering
two critical questions: where will a landslide initiate, and when will it occur? While substantial
research has been dedicated to this field, a definitive and operationally viable solution remains
elusive. Contemporary approaches are bifurcated into two problematic camps. On one end of
the spectrum are simplistic empirical models, such as Intensity-Duration (I-D) thresholds.
While computationally efficient and easy to implement regionally, these models are notoriously
prone to high false-alarm rates. This is primarily because they grossly oversimplify reality by
neglecting spatial variability (e.g., differences in soil properties, slope geometry, and land
cover) and the intrinsic randomness of real rainfall patterns, including the crucial role of
antecedent moisture conditions (Hong et al., 2018). On the opposite end are sophisticated
physically-based deterministic models. These models, which can simulate internal processes
like pore-water pressure generation and suction loss with high fidelity, are computationally
intensive and require extensive, often unavailable, geotechnical parameters. This makes them
prohibitively slow and costly for real-time, regional-scale early warning applications.

This fundamental trade-off is exacerbated by several persistent and interconnected
operational gaps, which this thesis directly confronts: a) Many existing systems and studies
prioritize surface manifestations, such as displacement, while overlooking the critical internal
hydro-mechanical precursors that are the true harbingers of failure. The monitoring and
prediction of key subsurface variables, such as Volumetric Water Content (VWC), which is a
direct indicator of infiltration and a precursor to failure (Tohari et al., 2007; Suk et al., 2022);
matric suction, a key component of shear strength in unsaturated soils (Davar et al., 2022); and

earth pressure, which reveals the kinematic forces within the slope (Chuan et al., 2013), are not



adequately integrated into operational forecasting frameworks; b) Rainfall alone is an
insufficient predictor. Studies have shown a low direct correlation between rainfall and
landslide movement (Hemalatha et al., 2019) because the infiltration process is modulated by
a host of unmonitored factors like evapotranspiration, surface runoff, and soil characteristics
(Granata et al., 2023). Furthermore, the subsurface response to rainfall is not instantaneous; it
exhibits complex temporal lags and spatial variability due to the antecedent moisture state, soil
hydraulic properties, and slope geometry (Uwihirwe et al., 2020; Sasahara, 2017). This is
vividly demonstrated in field data from Tung Chung (Figure 1.5), where sensors for VWC,
suction, and earth pressure at different locations and depths show distinctly different and lagged
responses to the same rainfall event; ¢) The reliance on wireless sensor networks for monitoring
introduces critical points of failure. These networks are susceptible to power depletion and
communication breakdowns precisely during the extreme weather events they are meant to
monitor, leading to data loss (Kumar et al., 2020b; Mucchi et al., 2018). Most proposed
solutions to this problem come from a computer science perspective, neglecting the
geotechnical implications of losing critical physical data; and d) The workflow from data
collection to an actionable stability assessment is fragmented and manual. Key steps,
particularly geotechnical parameterization and Factor of Safety (FOS) computation, lack

automation, creating a delay that undermines the "early" aspect of early warning.
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Figure 1.5. Sample landslide subsurface responses: VWC (WTDRI1A), suction (TC1C), earth
pressure (EP1A), and groundwater (BH7) (Geotechnical Engineering Office 2010a-c).

In summary, the central problem is the absence of an integrated framework that
seamlessly bridges data-driven forecasting with a foundational understanding of landslide
physics. Therefore, a critical need exists for an intelligent system that not only handles
spatiotemporal complexities and operational vulnerabilities like data loss but also automates
the workflow from monitoring to stability assessment. Such a system should be grounded in a
comprehensive review of mechanisms and methods to achieve both high accuracy and
operational practicality for landslide early warning.

1.3. RESEARCH GAPS

Despite advances in the available literature, this thesis directly addresses the following research
gaps, which are derived from the outlined problem statement: a) Lack of a comprehensive
review of subsurface monitoring techniques and prediction models for rainfall-induced
landslides; b) Limited examination of rainfall's random effects, as models often reduce its
complexity to cumulative totals, ignoring spatiotemporal patterns and antecedent conditions;
¢) Over-reliance on surface data (e.g., displacement) in many models, neglecting critical
internal hydro-mechanical processes; d) Neglect of geotechnical perspectives in data-loss

solutions, with most studies focusing solely on computer science aspects; e) Use of



oversimplified analytical methods like regression, which fail to capture the dynamic, non-linear
behavior of slope systems; f) Rare implementation of automated, end-to-end workflows for
geotechnical parameterization and stability analysis.
1.4. RESEARCH OBJECTIVES
To bridge the identified research gaps and resolve the critical efficacy-efficiency trade-off, this
thesis is guided by a primary aim: the development of a multi-tiered Al-enhanced approach for
operational landslide prediction and stability assessment. This overarching goal is
operationalized through the following four specific objectives:
e Understand and study factors and mechanisms governing landslide initiation, and critically
review and evaluate existing monitoring systems and predictive methodologies.
e Design a spatiotemporal model for shallow, rainfall-induced landslides using historical
records and data-driven techniques to capture triggering randomness.
e Establish an integrated prediction framework that fuses landslide subsurface hydrological
and mechanical responses to improve early-warning accuracy.
e Streamline and automate the stability-analysis workflow, including parametrization and
FOS computation.
1.5. RESEARCH METHODOLOGY
To overcome the critical limitations of existing landslide prediction models, this study pioneers
a three-tiered framework that strategically integrates data-driven and deterministic approaches.
This hierarchical methodology is designed to intelligently allocate computational resources,
ensuring both regional scalability and site-specific geotechnical accuracy. The framework,
illustrated in Figure 1.6, operates as follows: The first tier leverages incident records and
diverse geospatial data to formulate a preliminary decision model using multi-data-driven
models (Long short-term memory (LSTM), gated recurrent unit (GRU), and 1D convolutional

neural network (CNN), were employed alongside a logistic regression (LR) benchmark, with



forecasting probabilities compared to a deterministic seepage stability model). This model
classifies forecasting into three categories: Failure not expected: low-risk zones; Warning
signs: forecasting of potential instability is observable; and Failure expected: high-confidence
predictions of landslide occurrence. This preliminary decision process ensures that cases with
clear high or low risk are identified swiftly. However, due to uncertainties inherent in
heterogeneous datasets, some cases will fall into the “warning” category, necessitating a more
refined analysis.

For warning signs (ambiguous cases), a secondary analytical layer (Tier 2) that
integrates subsurface monitoring techniques is introduced. Although monitoring is critical for
tracking landslide processes and predicting disasters, it is often hampered by challenges such
as data collection limitations, inherent randomness, and triggering uncertainties. This study
leverages DL (novel multi-parallel LSTM networks with independence-oriented time-series
windowing) to enhance the characterization of subsurface responses, effectively capturing
spatiotemporal dependencies while addressing both triggering uncertainties and monitoring
inaccuracies. The proposed model enhances early warning by providing real-time, dynamic
updates for subsurface forecasts. These forecasts subsequently feed into a deterministic
analysis during the third stage of focused evaluation, further refining predictive reliability and
establishing a robust framework for hazard assessment. A key innovation is its multi-node
prediction framework, which is explicitly designed to mitigate data loss from field sensors,
ensuring robust operational forecasting.

The final tier directly addresses the primary bottleneck of deterministic models, their
extensive input data requirements, by introducing a multi-faceted approach to automated
stability evaluation. The cornerstone is the Automated Parameterization Tool (APHs), which
employs LSTM networks to derive advanced soil parameters from standard laboratory tests

with high accuracy, effectively overcoming the critical parameter acquisition hurdle. This
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enables two distinct analytical pathways: First, a rapid hybrid approach that couples data-driven
saturation forecasting (Soil Saturation Index, SSI) with infinite-slope stability analysis (FOS)
for efficient, regional-scale early-warning. Second, for scenarios requiring high-fidelity
assessment, a comprehensive deformable analysis that utilizes the automatically derived
parameters for coupled hydro-mechanical modeling to simulate slope deformation and estimate
debris volume and travel distance. By seamlessly embedding the subsurface forecasts from Tier
2 into these calibrated physical models, this tier creates a robust, closed-loop workflow that
integrates the swift responsiveness of data-driven methods with the precision of geotechnical
mechanics, thereby significantly mitigating uncertainties and enhancing predictive reliability

for actionable risk assessment.
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Figure 1.6. Research methodology workflow covering all study objectives.
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1.6. THESIS ORGANIZATION

This thesis is structured to systematically address the research objectives. Chapter 2 provides
a comprehensive literature review, critically evaluating existing monitoring and prediction
methodologies to formally identify the research gaps that this study aims to fill. Chapter 3
delineates the overall research methodology, detailing the novel three-tiered framework and
the specific analytical techniques developed to bridge these gaps. Chapter 4 describes the data
collection framework, including the instrumentation, curated historical datasets, and the
specific case study sites in Hong Kong that form the basis of the analysis. Chapter 5 presents
the core analysis and results, validating the performance of each tier of the proposed framework
against geotechnical benchmarks and historical events. Chapter 6 translates these research
findings into practical output, presenting the operational web-based applications and automated
tools developed for landslide forecasting. Finally, Chapter 7 concludes the thesis by
synthesizing the key findings, underscoring the theoretical, methodological, and practical

significance of the work, and providing recommendations for future research.
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CHAPTER 2: LITERATURE REVIEW

2.1. INTRODUCTION

This chapter presents a comprehensive systematic review of previous research related to
landslides. This literature review proceeds as follows: First, a comprehensive analysis of
subsurface monitoring systems is presented, covering displacement sensors, force and stress
gauges, groundwater instrumentation, temperature probes, and early warning indicators. Next,
the geotechnical and hydrological theory behind rainfall-induced landslides is outlined. Current
prediction methodologies are then surveyed, including deterministic physical models,
physically causative frameworks, and empirical-statistical thresholds, emphasizing their
practical applications. Two stages of examination are undertaken: a macroscopic overview
tracing each method’s evolution in relation to technology and boundary conditions, followed
by a microscopic deep dive into individual system features. The review concludes by
identifying key research gaps, offering targeted recommendations, and presenting a graphical
chart that synthesizes the reviewed literature.

2.2 SEARCH STRATEGY AND FRAMEWORK

The existing literature offers extensive reviews, as summarized in Table 2.1. However, it is
revealed that many reviews focus on single methodologies; scientometric analysis is
infrequently applied; and the knowledge remains fragmented across different approaches.
Consequently, a comprehensive review synthesizing this fragmented knowledge into a unified
framework is needed. With that in mind, this study adopts quantitative (scientometric) and
qualitative (systematic) methods to investigate the available literature. The techniques above
assist researchers in improving systematic review reporting (Wuni & Shen, 2020). Figure 2.1
illustrates the methodical flow for a systematic review, which consists primarily of three
processes: identification, screening, and eligibility. Regarding scientometric analysis, Figure

2.2 demonstrates the steps of the scientometric analysis, which mainly consist of gathering
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bibliometric data, exporting bibliometric data to an appropriate program (VOS software (van
Eck & Waltman, 2010)), evaluating data, and discussing results. In the identification process,
keywords, search databases, and inclusion and exclusion criteria were utilized to filter the
papers acquired. This study focuses on Scopus and Web of Science as preliminary search
database sources for landslide prediction. Keywords are identified after selecting a search
database, such as (“landslide prediction” ), (“landslide monitoring”), and ("landslide or
landslides" and "machine learning or artificial intelligence or deep learning" ) to consider
several possible prediction and monitoring techniques.

Table 2.1. Summary of existing literature reviews.

Study Approach Content
(Angeli et al., 2000) Systematic Address the management, challenges, and remedies of diverse systems.
(Shamshi, 2004) Systematic A brief overview of landslide monitoring equipment was provided.

An examination of the geotechnical and hydrological factors

influencing rainfall-triggered landslides.

Explaining the process of acquiring and constructing an improved

monitoring system with an emphasis on rating its effectiveness

(Eyo et al., 2014) Systematic Utilizing inexpensive GPS technology in various applications.

(Chae et al., 2017) Systematic Asse.ssir.lg lands.lide §u.sceptibil.ity, mod.eling runout. scenarios,
monitoring landslide activity, and implementing early warning systems.

(Segoni et al., 2018) Systematic Establishing thresholds for rainfall-induced events.

(Merghadi et al., 2020) Systematic Utilizing machine learning algorithms to assess landslide susceptibility.

(Shano et al., 2020) Systematic Various forecasting methods center around statistical models.

(Yanbin et al., 2022) Systematic Utilization of machine learning models for landslide susceptibility

(Zou & Zheng, 2022)  Scientometric Confiu.cting scientometric ar?al.ysis, explor.ing constrained physical
prediction methods, and examining case studies.

(Huang et al., 2022a) Bibliometric  Assessing landslide susceptibility using Geographic Information Systems.

(Petrucci, 2022) Systematic Identifying the main factors contributing to landslide-related fatalities.

(Lapenna & Perrone, 2022)  Systematic Explore the applications of time-lapse electrical resistivity tomography.

Utilizing photonic technology to monitor deformation in slopes and

tunnels and temperature and soil humidity in agricultural soil.

(Huang et al., 2023) Systematic Continuous monitoring through Global Navigation Satellite Systems.

(Auflic et al., 2023) Bibliometric Evaluation of landslide monitoring methods through questionnaire analysis.

Deterministic and susceptibility models for landslide prediction.

Systematic & Thresholds are derived from empirical data and physical principles.

scientometric An overview of methods for monitoring subsurface conditions.

Exploring time series models for landslide prediction.

(Zhang et al., 2011) Systematic

(De Graff, 2011) Systematic

(Breglio et al., 2023) Systematic

This study
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Figure 2.1. Methodological flow for systematic review.
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Figure 2.2. Methodological flow for scientometric analysis.

Inclusion and exclusion criteria were applied to filter the results and prioritize the most
relevant studies to the research question. This research used the following criteria: (1) research
focusing on the aforementioned keywords, (2) studies published after 2000, (3) articles
published in peer-reviewed journals, and (4) studies published as articles and review
submissions. The exclusion criteria were as follows: (1) papers published in a language other
than English, (2) studies with no full text accessible, (3) manuscripts published in a subject
area other than engineering, and (4) publications published in a source type other than a journal.
The (PRISMA) procedure (Moher et al., 2009) was then used to evaluate and assess the
collected articles (Figure 2.3). The backward and forward snowballing approach was then used
to locate additional studies that could not be found using Scopus, Web of Science, and Google
Scholar searches (Wohlin, 2014). The scientometric analysis began after performing a
screening process to analyze the connections among authors, keywords, publications, and
countries within certain research areas. The scientometric analysis was conducted with the
open-source VOSviewer software application version 1.6.20 (van Eck & Waltman, 2010). This
scientometric review was used to provide citation and co-authorship analyses of nations,
organizations, authors, and keywords involved in the study topic. The primary goal of
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scientometric analysis is to guarantee that the findings are relevant enough to be included in a

systematic review (see Figure A1).
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Figure 2.3. PRISMA: Screening and selection flow diagram.

2.3. LANDSLIDE MONITORING TECHNIQUES

2.3.1. Surface VS Subsurface Monitoring Techniques

Surface and subsurface techniques have advantages and disadvantages, highlighting the need
to utilize these systems best. For instance, surface monitoring (Figure 2.4) systems can provide
information about ground movement (in millimeter-scale) and near-surface soil moisture with
good spatial resolution and are helpful for wide-area surveillance. However, these systems have
some limitations: a) it is challenging to collect data in real-time (Rosi et al., 2011), b) they are
affected by dense vegetation and shadows, and c) they are highly affected by weather
conditions such as fog or snow (Mucchi et al., 2018). Additionally, these systems cannot detect

the subsurface mechanism of the slope (Auflic et al., 2023). To illustrate, slope instability arose
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from the inner subsurface area, which surface systems could not detect. The slope surface can
deform macroscopically only when the slope mass changes sufficiently (Deng et al., 2021). As
a result, surface techniques are suitable for national-scale studies (i.e., hundreds to thousands
of km? (Oguz et al., 2022). These methodologies are appropriate for creating landslide
susceptibility maps. However, such maps cannot provide early warning indications or predict
disasters. These objectives can only be met by knowing the inner mechanism and monitoring

subsurface conditions.
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Figure 2.4. Surface monitoring techniques.

The subsurface monitoring systems (Figure 2.5) have the advantage of collecting the
actual inner mechanism of the slope in real-time. Additionally, they have the following
capabilities: a) monitoring deep displacement to locate where the landslide will initiate (Chuan
et al., 2013) through several techniques, as illustrated in Figure 2.5. In addition, they can track
the actual subsurface stresses and hydrological response and provide early warning signs for
emergencies. However, they are incredibly costly when applied to national scales. As a result,
they are suitable for local scales (i.e., single slope to 10 km? (Oguz et al., 2022). Additionally,
they need additional research to improve their durability, precision, environmental impact, and

maximum measuring range, as Mucchi et al. (2018) recommended when comparing other
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surface methods (Table 2.2). As a result, this study will focus on local scales, the subsurface

mechanism, and inner monitoring of the slope.
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Figure 2.5. Subsurface monitoring systems.

Table 2.2. A comparison of Wi-GIM, RTS, and GB-In-SAR (Mucchi et al., 2018)

Case Wi-GIM RTS GB-In-SAR

Cost (Area = 100000 m?) 5220 euro 18150 euro 58100 euro
Environmental impact Good Very good Very good
Installation effort Excellent Good Very good

Influence of rain/snow Very good/Very good Good/Good Poor/Very good

Completeness of measurement Very good Excellent Excellent
Durability Fair Good Excellent
Precision Fair (2-3 cm) Very Good Excellent
Maximum range Fair Excellent Excellent

2.3.2. Subsurface Mechanical Response Monitoring.

Movement monitoring is one of the most extensively used ways of determining a landslide's
mechanical state. Table 2.3 highlights the advantages, disadvantages, and applications of each
movement method. Tables 2.4 and 2.5 give more insights into movement approaches, taking
into account other parameters such as cost, precision, range, initial accuracy, spatial resolution,
maximum displacement, dynamic range, loading orientations, and sliding position.
Extensometers, time domain reflectometry, acoustic emission (AE), fiber Bragg grating, and

tilt systems are all illustrated in Figure 2.5.
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Table 2.3. The pros and cons of each movement monitoring sensor.

Sensor Characteristics Cons Usage
Extensometers e Have high temporal resolution (36 e Cannot detect the e Appropriate for
mm/s). sliding initiation depth  translational
e Have high precision (0.011 +0.0083  or zone. landslides
mm).
e Measure surface movement at a single
point.
Conventional e Outperforms extensometers, o Limited spatial e Appropriate for
inclinometers accounting for subsurface movement. resolution along its  narrow, shallow
length (0.5 — 1 meter). bandwidth landslides
e Not  suitable  for
sensitive deformation.
Time domain e Able to extract information about the e Quantifying the o Suitable for slow-
reflectometry exact location of the sliding surface displacement is  moving landslides
(TDR) and e Has an excellent spatial resolution of ~ challenging
0.05 m
e The coaxial cable costs less than the
inclinometer by 55%
AE e More  flexible  compared to e Not suitable for fast- e Suitable for slow-
inclinometers moving and large  moving landslides
e Suitable for minor and sensitive  deformation
movement monitoring

Optical fiber-
based
inclinometers

High initial accuracy of 0.98 mm
Suitable measuring range of 36 mm
Low cost of 0.45USD/m

High spatial resolution of 10 mm

Can be combined with FBG and
BOTDA to monitor large arecas

e Their application is
limited as it s
necessary to have too
many wires.

Best suited for rock
landslides

Tilt sensors

Able to detect the direction of a
landslide with  two-directional
deformations

Has a good accuracy of 0.0025 °
Suitable measurement range of (-30 °©
to +30 °)

Can be combined with inclinometers
to create multimodal systems.

o Title sensors are single
points unsuitable for
monitoring large areas.

Sensors with short
rods are suitable for
circular slip surfaces.
Sensors with long
bottom fixed rods are
suitable for shallow
landslides.

Inclinometers e Can detect micro-movements. o A proper e Suitable for both
based on strain e The Strain Gauge Deep Earth Probe understanding of the shallow and deep-
gauges (SG-DEP sensor) can give 360-degree  initial conditions is  seated landslides
directional measurements. required, as if the
Soil e They have low stiffness compared to ~ casing is stiffer than e Preferred for fast
deformation conventional methods. the surrounding soil, it Jandslides
sensors (SDS). e Able to track minor movement of 1~ Will be difficult to
mm with a suitable range of 25 mm. track  the  minor
movement or the
movement in  the
shallow strata above
the stiff layer.
Acceleration e It can detect any movements e Necessitate advanced e Suitable for fast
sensors regardless of the external triggering,  data processing to  transitional landslides
where linear acceleration is the most  better correlate the  without tilting
influential characteristic. accelerations  (linear

and gravitational) with
motion.
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Table 2.4. Comparison among GPS, Extensometer, IN, TDR, and AE.

System Range Precision Displacement Cost (USD)

GPS - 3 mm Surface High (6000-
10000/station)

Extensometer Up to 1000 mm 0.011+ 0.0083 mm Surface High (600-

(Setiono et al., 2023) 1500/station)

Inclinometer (IN) <50 mm (Dixonet +0.01 mm per 500 mm Deep High (600/sensor)

al., 2015)
TDR 60 mm (210-mp) 0.5 mm (Chung et al., Deep Low (6-10/m)
2022)
AE > 500 mm 0.0001 mm/h to 400 mm/h  Deep Low

Table 2.5. A comparison between IN, TDR, SOF, COFT, PSCFODS, and FBG-based

inclinometer.
Method Initial Max. disp. Spatial Dynamic Loading Sliding Price
accuracy (mm) resolution range direction location (USD/m)
(mm)
IN 0.01 <50 500 mm - Yes Yes 30
TDR 0.5 mm 60 (210- 50 mm 0-20.4 Yes Yes 13.5
mp)

SOF 0.3 3.6 - 0-3.3 No No 0.03
COFT 0.98 36 - 0-34 Yes Yes 0.45
PSCFODS 0.98 36 250 mm - Yes Yes 0.2
FBG 0.02 50 100 mm - Yes Yes -

However, movement monitoring cannot thoroughly analyze the failure mechanism.
Conversely, landslides may be predicted by tracking the ground pressure and sliding force in
real-time, as sliding force is the most helpful measure for determining the kinematic features
of landslides (Chuan et al., 2013). Instruments such as seismic vibrations and earth pressure
cells can be buried in the soil (Askarinejad et al., 2018; Ma et al., 2017). Moreover, a cable
anchor system can be installed, as shown in Figure 2.6, where the status of slope safety is
determined by the actual force in the anchor (Tao et al., 2019). Figure 2.7 illustrates the
monitoring system and monitoring curve phases, which are categorized into three groups: (1)

the steady stage, (2) the steadily increasing stage, and (3) the stable stage (Tao et al., 2019).
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Figure 2.6. Schematic representation of several subsurface movement systems.
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Figure 2.7. Sliding force monitoring system (Adapted with permission from Tao et al., 2019).

2.3.3. Subsurface Hydrological Monitoring.
As for rain monitoring, which is considered to be the main triggering feature in Hong Kong,
Rain gauges are widely adopted and can be classified into mechanical, optical, electrical,
visual, and radar types, with mechanical rain gauges (tipping-bucket rain gauges - TBRs) being
the most widely used and accurate. The mechanical type can monitor rainfall directly, whereas
the other approaches use indirect measurement (Hu et al., 2022). Traditional TBRs suffer from
limited measurement accuracy and significant abrasion under heavy rainfall conditions,
making real-time rainfall monitoring and rain energy harvesting impossible. Hu et al. (2022)
developed a novel TBR based on multiple triboelectric nanogenerators (TENG) units, a self-
powered wireless sensor with a high measurement range (0 to 288 mm/d) and resolution (5.5
mm). However, a single issue with using rainfall data is that the rainfall criteria do not account
for the underlying landslide process. Thus, better landslide prediction requires knowledge of
subsurface variations in matric suction, moisture content, groundwater variability, etc.
Subsurface water monitoring includes site investigation and laboratory sampling,
optical fiber and AE methods, electrical permittivity tools, geophysical techniques, and IoT

applications. Tensiometers, for example, are commonly used to measure suction (Minardo et
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al., 2021), whereas piezometers are utilized to monitor groundwater levels (Prabha et al., 2017,
Ramesh & Rangan, 2014; Ramesh & Vasudevan, 2012). Recent research has focused on
moisture dynamics as an appropriate technique for representing the antecedent effect and
infiltration-surface run-off dynamics. The VWC measurement shows the antecedent influence
of rainfall. Several strategies can be utilized for these purposes: The drying approach for
evaluating soil moisture in a laboratory has remarkable accuracy, but it is a labor-intensive
operation (Xiaochun et al., 2022); AE approaches have difficulties in correlating soil moisture
to acoustic waves since it is influenced by soil density, void ratio, effective stress, etc (Kong et
al., 2017); Fiber Bragg grating (FBG) may detect up to 37% VWC (Leone et al., 2017) as
visualized in Figure 2.8; Ultrahigh-frequency radio-frequency identification (UHF RFID)
sensors with self-charging capabilities may detect soil moisture levels as high as 16%
(Pichorim et al., 2018); The smart aggregate (SAs) technique can monitor soil moisture up to
30 % (Kong et al., 2017); Geophysical approaches, such as electrical resistivity tomography
(ERT), can provide information about large areas rather than isolated points with plot-scale
variations. This method can detect soil moisture as deep as 2 meters (Wicki & Hauck, 2022;
Xiaochun et al., 2022). The disadvantages of electrical resistivity are decreased resolution with
depth and the lack of direct information (Chen et al., 2018a). IoT technology is becoming
increasingly prevalent (Marino et al., 2023). Similarly, MEMS sensors offer a potential option
for providing real-time data at a reasonable cost (Abraham et al., 2020a; Chu et al., 2021).
However, these approaches use point sensors with low spatial resolution and considerable
power consumption. Soil temperature monitoring, especially in the shear band zone, is found
to be an essential subsurface feature to monitor as the thermal sensitivity plays a crucial role in
the slope stability analysis (Segui & Veveakis, 2021; Segui & Veveakis, 2022). However, this
method necessitates a preliminary analysis to determine the position of the shear band before

installing the temperature monitoring system (thermometers). Another approach that may be
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utilized for early warning indications is surface temperature monitoring, since it has been
observed that moving mass temperatures are significantly greater than nonmoving mass
temperatures (Ma et al., 2017). However, the published literature on this subject is sparse and

requires further study.
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Figure 2.8. An optimized version of the optical soil moisture instrument (Leone et al., 2017)

2.3.4. Subsurface Warning Monitoring.

The monitoring systems illustrated above focus on accurately quantifying the inner landslide
response. However, they may fail to deal with emergency cases (Wang et al., 2017). Warning
signs monitoring techniques aim to initiate signs without accurately quantifying the landslide
response. The elastic wave techniques track subsurface moisture variations in the study area. It
is preferred to single-point monitoring systems since it is damage-free and may be less
expensive when covering a larger area (Chen et al., 2018a). Figure 2.9 compares traditional
sensors (point sensors) with the elastic wave approach. Figure 2.10. a depicts how monitoring
wave velocity can provide a failure alert. The difference in wave velocities shows a highly
saturated zone that may be utilized to design a successful landslide prediction system since the
internal structure of soil particles, shear modulus, void ratio, soil moisture content, and soil

deformation impact it. Figure 2.10. b shows the elastic wave response throughout rainy seasons
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(i.e., yielding). It was found that wave velocity decreased consistently with rainfall as moisture
and movement increased, and a noticeable drop in wave velocity was observed after failure.
However, this technique lacked field deployment due to the following challenges: a) this
system requires a constant high-power source; b) the wave frequency must be investigated, as
powerful waves may affect slope stability and weak waves may be affected by noise; and c)
available studies investigate a single soil layer, necessitating investigation of layered soils.
Low-frequency AE (infrasonic) signals can monitor multiple landslides in the same way as
elastic waves can. Zhang et al. (2020) demonstrated that the infrasonic approach may detect
subsurface microscopic variations produced by sliding forces (i.e., changes in void ratio or
porosity). At failure, they can record a high-energy infrasonic signal that indicates macroscopic
soil change and can be associated with sliding force. However, external noise, such as wind,

thunder, and motor traffic, impacts this approach, which must be filtered out.
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Figure 2.9. Comparison between elastic wave velocities and conventional methods (Adapted
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with permission from (Irfan et al., 2017), Elsevier)
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Figure 2.10. a) Shear wave signal versus time, b) Elastic wave velocity during rainfall events
(Adapted with permission from (Irfan et al., 2017), Elsevier)

Motakabber and Ibrahimy (2015) designed a differential capacitor-type sensor warning
system with an underground penetration wire and a capacitor gauge. When the soil begins to
move, the development of the force-on-force plate and the penetration wire causes a change in
the differential capacitor, providing warning signals. (Lin et al., 2018) used a self-powered
timbo-like triboelectric force and bend sensor (TTEFBS) to detect subsurface movement. The
sensor has a rapid reaction time (<6 ms), long-term durability (>40000 cycles), and high
compression and bending sensitivity (5.20 V/N and 1.61 V/rad). Wang et al. (2017) used an
accelerometer to send warning signals for any rapid movement. Kuang (2018) examined the
chemiluminescence-based method, in which the reactants are stored in separate compartments
and, when deformed, quickly produce light, making them simple to detect using low-cost
optoelectronics. Since chemiluminescence is entirely passive, no electricity is required to
function. On the other hand, this technology is sensitive to small deformations.

2.3.5. Data Collection Systems.

If the monitoring systems fail to deliver data appropriately, it indicates that the system failed
to fulfill its goal. Data can be collected manually or via wiring systems or wireless networks.
The manual and wire techniques confront several obstacles, such as the difficulty of
constructing in dangerous areas, human-caused destruction, natural disaster damage, etc
(Yueshun & Wei, 2013). Conversely, wireless sensor networks (WSN) offer several benefits

over conventional methods, including a) covering a greater area with less wiring, b) collecting
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and analyzing data from multiple points, ¢) installing WSN without the need for pre-existing
infrastructure, d) being less susceptible to environmental impacts; e¢) being more energy-
efficient than conventional systems (Giri et al., 2019; Khoa & Takayama, 2018; Mucchi et al.,
2018; Ramesh & Vasudevan, 2012; Rosi et al., 2011; Yueshun & Wei, 2013). Figure 2.11
depicts the WSN's components: sensor nodes, sensor topology structure, gateway, and
monitoring center. The nodes deliver monitored data, the gateway connects the nodes to the
internet, and the monitoring center stores, processes, and analyzes the data. Mesh, star, and tree
architectures are commonly utilized (Jeong et al., 2020). LoRa modulation technology is a
viable solution for node communication (Ragnoli et al., 2022). However, WSN has energy
consumption, memory size, and communication difficulties (Kumar et al., 2020b; Mucchi et
al., 2018), as numerous researchers have attempted to overcome these challenges, as illustrated
in Table 2.6. However, among the methods illustrated, employing advanced methodologies
such as DL algorithms and accounting for the geotechnical characteristics and the prediction

accuracy to overcome such challenges is lacking.
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Figure 2.11. Wireless network structure (Modified from (Jeong et al., 2020, Yueshun & Wei,
2013))
2.3.6. Subsurface Deployment Techniques.
One of the most important components of landslide monitoring is the placement of such
instruments in the field. Dust, vibrations, accidents caused by falling boulders, and other

hazards endanger the health and life of laborers who are installing monitoring systems. These
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systems are sometimes costly to build and operate, limiting their use to well-funded initiatives.
As a result, a MEMS system was recently developed that allows sensor modules to be lodged
in the ground using a tiny hammer, making it appropriate for shallow landslide monitoring.
Chuan et al. (2013) illustrated the deployment of any subsurface system where the process is
outlined in Figure 2.12. The procedure is visualized and employed by Sheikh et al. (2021), in
which the system consists of small-sized sensors (Figure 2.13). This process is as follows: (1)
soil removal; (2) installing a borehole; (3) removal of the borehole casing; (4) inserting a steel
rod; (5) mounting the tilt sensor;(6) powering and cabling the system.

Table 2.6. Literature-based studies regarding landslide monitoring data-related issues.

Study Issue Solution Notes
(Giri et al., 2019; Lowering the e WSNs can reduce data transmission during dry
Marino et al., 2023; frequency of  seasons by establishing thresholds for sensor
Prabha et al., 2017; data. collection and shutdown, or by increasing frequency
Wang et al., 2017; during wet seasons and decreasing during dry
Yang et al., 2017) seasons.
(Jeong et al., 2020; E Limiting  the e Ifa modest accuracy is accepted, there is no need to
Ramesh & Rangan, nerg}t/. number of  have many monitoring sensors.
2014) C(()g::f?szégn active sensors. e Geotechnical investigation is beneficial in creating a
techniques) susceptibility map to install sensors only in
vulnerable places.
(Lin et al., 2018; Improving the e These systems include Solar batteries, Zigzag-
Qiao et al., 2020; self- structured triboelectric, Nanogenerators, Wireless
Sheikh et al., 2021; rechargeability ~ power transfer, and Magnetic resonance wireless
Xu et al, 2020; of the power  power transfer
Yang et al., 2017) system
(De  Souza & Superficial and These models, such as:
Ebecken, 2012; Li shallow e Second-order polynomial equations for trend time
et al., 2021; Shentu statistical series.
etal.,2023; Wang & correlations. e Paired adaptive regressors cumulative sum for
Zhao, 2023) periodic data.
e Principal component analysis with artificial neural
networks.
Missing data . i/{n;zlél Feedback Optimizing Background Gray
(Post-issue .
. e Mean-based low-rank autoregressive tensor
techniques) .
completion
e Cubic spline interpolation
(Hemalatha et al, Machine e Assume similar geographical and geological
2019; Long et al., learning and  characteristics are comparable but different in
2022) multi-feature magnitude.
fusion transfer
(De Graff, 2011) Parallel e Install a spare system that can be used as a second
monitoring alternative for missing data.
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Figure 2.12. Subsurface deployment flowchart.
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Figure 2.13. Subsurface monitoring system deployment visualization (Sheikh et al., 2021).

It should be mentioned that field studies and laboratory testing are necessary before
placing any monitoring system in operation (Jeong et al., 2020). Basic details on the
classification of landslides, the characteristics of the soil profile, the location of the sliding
surface, etc., may be found in a site study. Four techniques of geographical distribution can be
used to choose the monitoring locations: random, matrix, vulnerable, and hybrid. On a slope
that is prone to landslides, the monitoring points in a random technique are placed at generic
random positions. With the matrix approach, the whole deployment area is divided into a matrix
of NxN cells, with one monitoring probe positioned in each matrix cell. To use the vulnerability
approach, monitoring stations are positioned in vulnerable (also known as crucial zones) that
are found by site inquiry, topographical mapping, and soil testing. The hybrid strategy uses
both the vulnerable and matrix techniques, i.e., it starts with the matrix and modifies the
monitoring device placements according to the most susceptible (i.e., crucial) areas. However,
the literature lacks proper optimization of the sensor distribution, where advanced numerical
modeling of the study area can predict the vulnerable location considering both the initial
conditions and the external triggering effect.
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Most of the preceding methods can offer a single measurement (e.g., displacement, soil
moisture, etc.); however, the possibility of high false alarms limits their usage. Thus, such data
should be correlated with other monitoring data, such as rainfall or soil moisture, to reduce
such effects. As a result, multi-monitoring systems are strongly advised. Multimonitoring
systems can be produced by combining the individual systems shown above or by designing a
single sensor node with many functionalities. Multifunctional sensor devices that make use of
MEMS sensors and WSNs are now commercially available. Table 2.7 reviews the literature on
multi-point monitoring field system characteristics and their limitation. For instance, Sheikh et
al. (2021) built prototype field experiments to investigate the relationship between tilt angle,
displacement, strain, ground level, and rainfall using wireless sensors (tilt sensor, pipe strain
gauge, water level gauge, and rain gauge) (refer to Figure 2.14).

Table 2.7. Literature multi-point monitoring field system

Study System Notes/Gaps
(Chuan et al., Pore water pressure sensors, a stress sensor, and a Focuses on designing the
2013) displacement sensor mechanical components of the
sensor.
(Ramesh & Piezometers, dielectric moisture sensors, strain The deep displacement system

has considerable stiffness that
may affect results.

It focuses on programming the
wireless system itself.

Vasudevan, 2012)  gauges, tilt meters, and weather stations

(Yunus et al.,

2015)

Soil moisture, vibration on land, slope angle, soil
temperature, air temperature, humidity, and
atmospheric pressure

(Quoc-Anh et al.,
2018)

Soil moisture, temperature, tilt meter, geophone
sensors, and weather station

(Jeong et al,

2020)

Rain gauge, tensiometer, soil moisture sensor, and
inclinometer

Lacks displacement monitoring.

(Yang et al., 2017)

Soil moisture, soil matric suction, ground vibration,
tilt, and rainfall sensors

Simply correlate the data.
No displacement monitoring.

(Abraham et al.,
2020b)

MEMS tilt sensor and VWC

Tilt and VMC only

(Sheikh et
2021)

al.,

Tilt sensor, pipe strain gauge, water level gauge, and
rain gauge

Mainly focus on the tilting
measurement.
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Figure 2.14. Subsurface monitoring system deployment visualization (Sheikh et al., 2021).

2.4. LANDSLIDE PREDICTION TECHNIQUES

2.4.1. Local VS National Prediction Models.

Landslide prediction is the process of accurately anticipating the spatial (location) and temporal
(timing) components of such occurrences (Valentino et al., 2014). Prediction is a crucial step
in reducing the landslide risk, as decision-making can take the necessary action earlier to save
civilians and infrastructure. Figure 2.15 depicts landslide prediction approaches, which are
classified into two groups based on the study region: local (i.e., single slope to 10 km?) and
national (i.e., hundreds to thousands of km?) scales (Oguz et al., 2022). The prediction approach
differs within the same category depending on the available data inventory. Empirical
techniques can be used locally with rainfall and historical landslide databases, physically based
causative models can consider surface or subsurface responses, and deterministic models can
simulate the physical process using field and laboratory investigations. At the national level,
landslide susceptibility, risk, and vulnerability maps can aid in identifying susceptible locations

within broad areas for development and planning reasons.
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Figure 2.15. Landslide prediction techniques classification.

2.4.2. Empirical-Statistical I-D Thresholds.
Rainfall thresholds are the lowest rainfall levels that could trigger landslides. This approach
has been used in several investigations since it is simple and relies on rainfall and previous
event statistics. For a specific location, the historical rainfall intensity (I) and duration (D) that
causes the slope to fail are studied using statistical regression models to develop a warning
threshold (Caine, 1980; Gariano et al., 2019; Hong et al., 2006; Zhao et al., 2019a). For
instance, (Peruccacci et al., 2017) present a generalized form of rainfall thresholds in Equation
2.1 using a recent CTRL-T model to extract rainfall features automatically (Gariano et al.,
2019; Melillo et al., 2018). While these thresholds may give acceptable accuracies, they may
also produce high false alarms since they are fixed and do not account for antecedent effects.

Recently, the literature has investigated additional features to better comprehend the
dynamic behavior of landslides. This is accomplished using the antecedent precipitation index
(API). To illustrate, when evaluating rainfall-induced landslides, it is essential to account for
the antecedent rainfalls, which can explain the temporal infiltration, storage, and evaporation
processes (Hong et al., 2018; Uwihirwe et al., 2020). The antecedent duration varies with the
slope characteristics and boundary conditions: this period might range from 1 hour to 30 days

or even more (Hong et al., 2018; Lee et al., 2014; Zhao et al.,2019b). Hong et al. (2018)
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efficiently demonstrated the antecedent effect using inter-event time definitions (IETDs), the
time intervals between two separate rainfall events, as represented in Figure 2.16. According
to the IETD, the effective antecedent effect is the rainfall quantity with a non-rainfall time of
no more than the IETD. However, as shown in Figure 2.17, these systems generate false

positive alarms (Uwihirwe et al., 2020; Zhao et al., 2019b).
E =(s+Ag)D (Equation 2.1)
Where E is the rainfall event, € is a scaling parameter, and ( is the shape parameter,

defining the intercept and slope of the power law curve, respectively. Moreover, Ag and A{

represent the uncertainties associated with the two parameters.
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2.4.3. Physically Based Causative Thresholds.
Section 2.4.2 shows that empirical thresholds possess a high false positive rate. This could be
illustrated as follows: Landslides are caused by severe rainfall or long-term antecedent effects.
Empirical thresholds can consider this mechanism in the case of heavy rainfalls, in which the
slope fails with a temporal reliance on the rainfall event. However, in the case of a long-term
antecedent influence, when the landslide event might occur with minimal rainfall or even
without rainfall, empirical thresholds are ineffective, emphasizing the need to consider
hydrological and mechanical responses into account such as moisture content (Bezak et al.,
2019), displacement (Bednarczyk, 2018), suction (Davar et al., 2022), groundwater level (Cao
et al., 2020), and topographic features (i.e., spatial soil thickness variation) (Ho et al., 2012).
Figure 2.18.a depicts the response of surface displacement, rainfall, and reservoir level
variation, whereas the landslide response exhibits temporal delay and a complicated process.
As a result, statistical techniques like linear regression analysis require previous knowledge
and skill to understand such complex behavior (Bednarczyk, 2018; Chen et al., 2018b;
Sasahara, 2017; Zhang et al., 2016). For example, Li et al. (2021) used the short-term
forecasting of landslides (STFL) formulation to predict deformation in the accelerated
deformation stage based on data from the primary and secondary phases (Equation 2.2 and
Figure 2.18.b). However, natural slopes are composed of more complex, non-uniform soil

layers, necessitating more complex algorithms to comprehend these kinds of responses better.
S=P(B" -1)/(P,-1) (Equation 2.2)
Where Py, P1, P2, and P; are the simulated parameters, t denotes time, and S denotes

displacement.
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Figure 2.18. Displacement response with rainfall and groundwater.

Al models have demonstrated exceptional accuracy in forecasting non-linear responses
(Tengtrairat et al., 2021). Figure 2.19 indicates the models for predicting surface displacement.
These models can be single models, although they can be enhanced utilizing hybrid systems
due to the dynamic nature of landslides and their triggers (Gao et al., 2020). To illustrate,
surface displacement has been found to have trend and periodic behaviors: the trend
components are simple to predict, whereas the periodic terms are more complex. The trend
behavior of landslides is primarily determined by the creep effect, which includes lithology,
structure, and stress state. In contrast, the periodic response is influenced by random events
such as rainfall (Lian et al., 2016). The prediction model's performance depends not only on
the intelligence model but also on the controlling factors. Discussing intelligence models is
governed by their controlling features, such as the high dependency between the model and the
features, dataset quality, sampling ratio, accuracy of inventory data, etc. As a result, there is no
superior model but a superior prediction (Han et al., 2021). Outdated or non-related features
can negatively affect the model, and it is better to remove these factors from the model (Cao et
al., 2016). It has been found that BPNN (Liu et al., 2016) and MLR (Krka¢ et al., 2020) provide
reasonable accuracy; however, these models are simple and cannot consider dynamic and non-

linear relationships. This is because the well-established dataset closely represents the physical
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mechanism. Marrapu et al. (2021) concluded that ANNs with an extensive dataset can achieve
higher accuracy than ANNs with a limited dataset. However, if the dataset lacks valuable

information, the model must be improved to fit these complex relations.
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Figure 2.19. Artificial models in landslide displacement prediction.
A comparison between all models, considering only the final accuracy and performance
of the models, is provided in Figure 2.20. The GM (1,1) model achieved the minimum RMSE

among all single models for total displacement, while the PSO-SVR-SVC hit the minimum

36



RMSE among all hybrid models. The maximum R? can be achieved for creep displacement by
adopting simple polynomial regression, whereas regarding periodic displacement, RS-SVR
records the maximum RZ. Generally, trend displacement can be predicted using simple
polynomial regression. However, the problem is the periodic displacement that exhibits

complex and non-linear behavior, necessitating hybrid models such as RS-SVR.
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Figure 2.20. Accuracies in predicting surface displacement.
An exhaustive assessment of time series models for landslide prediction is conducted
as illustrated in Table 2.8, revealing that DL networks perform very well in capturing dynamic

subsurface reactions. DL's advantages include adaptability across domains, simplicity of
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feature extraction, parameter optimization, and scalability. However, these skills are contingent
on a detailed knowledge of the underlying physical processes of landslides, the quality of the
monitoring data, and the empirical Hypertuning of the model parameters. This emphasizes the
importance of an effective monitoring system capable of accurately capturing the physical
response of the landslide, which is frequently delayed (i.e., the infiltration process depicted in
the following lines), as well as overcoming harsh environmental conditions and data collection
issues (refer to Table 2.6). The models above tried to predict the mechanical landslide response
regarding surface displacement. It should be noted that several responses can be integrated to
represent the slope response, such as the hydrological response (i.e., soil moisture,
groundwater, suction, etc.). However, such hydrological responses are lacking due to the
shortage of geotechnical data, while displacement prediction is widely adopted due to the
availability of monitoring data.

Table 2.8. Summary of the time series modeling main findings in the literature

Criteria Main finding

* Studies use two frequencies: monthly and daily time steps.
Data frequency .« Frequency selection is based on monitoring data availability, disregarding
physical and computational backgrounds.
* Two factors should be considered: the temporal sequence of splitting the dataset
o and the ratio of the training to validation sets:

Data splitting  « The temporal ordering should be maintained through a standard holdout strategy
* The testing set should represent at least the minimum expected temporal
response.

+ Landslide response to landslides is complex, requiring various attempts to
simplify the process.

Decompositions ~ * Decomposition can simplify the complex response into residual, trend, and
seasonal behaviors.
* Differentiating methods outperform other decompositions, minimizing
uncertainties and offering high prediction accuracy.
* Considering an antecedent period (i.e., lagged sequence) improves model
performance.

] ) * The lagged period varies based on the slope's mechanical and hydrological

Window size  characteristics.

* Research has not given enough consideration to the window size (sequence
length) and how the antecedent value influences the prediction model's
performance.

DATA PREPARATION
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Table 2.8-Cont.

Criteria

Main finding

DATA PREPARATION-Cont.

Feature

selection

* Outdated or non-related features can negatively affect the model.

* Factors affecting landslides include creep and triggering features.

« Statistical methods for feature selection include gray relation analysis (GRA),
partial autocorrelation function (PACF) algorithms, maximal information
coefficient (MIC), kernel sHAP, Pearson correlation, R2-adj, Akaike information
criterion (AIC), and least absolute shrinkage and selection operator (LASSO).

* Models often neglect temporal dependencies in landslide responses, leading to
unrelated features.

* Knowledge-based methods and sensitivity analysis are recommended to consider
temporal dependencies and select the best-related features.

Statistical

correlations

* Pearson's correlation coefficient is a common model used in feature selection
algorithms due to its practical nature.

* The maximal information coefficient (MIC) outperforms Pearson's correlation
coefficient as it extracts both linear and non-linear correlations, as well as complex
correlations.

* The effective antecedent period can be sensitively investigated using statistical
correlations.

MODEL
SELECTION

Model selection

* Static models struggle to account for the temporal correlation between input
features and external triggering.

* Dynamic and DL models can extract non-linear correlations between triggering
and landslide response, where LSTM offers outstanding performance.

OPTIMIZATIONS

Hypertuning

* Techniques include grid search, random search, Bayesian optimization, particle
swarm optimization (PSO), genetic algorithms (GA), successive halving (SH),
sparrow search algorithm (SSA), etc.

* Grid search is a heuristic search method within a learning algorithm's
hyperparameter space, but it is time-consuming.

» Random search uses a randomized sampling approach, but may not always yield
the optimal hyperparameter combination.

* PSO refines solutions iteratively, evaluating their quality based on fitness.

* Genetic algorithms enhance learning efficiency and computational accuracy
when tuning model hyperparameters.

* The SH model optimizes hyperparameters by efficiently allocating
computational resources.

* The sparrow search algorithm (SSA) is an innovative method inspired by the
foraging and anti-predatory behaviors observed in sparrows.

* The main concept can be simplified as the model searches from coarse to fine
scales to accurately capture the best model structure while also converging faster.

Training

optimization

* Selecting the right number of iterations, learning rate, and monitoring metrics is
crucial.

» Small iterations can cause bias issues, while long iterations can cause variance
issues.

* A small learning rate requires large computational time, while a large learning
rate may be misleading.

* Adam optimizers offer the best prediction accuracy, outperforming traditional
gradient descent methods.

* The Adam algorithm dynamically adapts learning rates for each parameter,
improving convergence speed and efficient exploration of the solution space.

Loss functions

* Huber loss function integrates and refines both MSE and MAE, offering a
balanced optimization approach.

* Monitoring and quantifying training and validation loss can help overcome
underfitting and overfitting challenges.
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Table 2.8-Cont.

Criteria Main finding
* Quantitative variation in triggering and landslide responses makes convergence
challenging.
Normalization  * Normalizing and scaling data is crucial and helps the model to converge more
easily.

* Techniques include minimum and maximum normalization, mean normalization,
and Z-score normalization.
* Four techniques to solve this issue:

- Increasing data.

= - Avoiding unrelated features.
8 o - Monitoring the training process.
iy Regularizations - Reducing the size of the training weights.
% * L2 regularization or dropout layers can be added to reduce training weights while
= maintaining model output.
> .. .
< * The generalization term can be assigned a value greater than zero, where
N selecting and Hypertuning an appropriate value of regularization is critical
E * Activation functions are higher-level features that convert input features to new
: ones that fit the labeled output.
=) » Several activations are used, including linear, ReLU, Leaky ReLU, tanh, and
sigmoid.
Activation * ReLU is preferred for hidden layers due to faster convergence, but is susceptible
Functions to the "dying ReLU" problem.
* Leaky ReLU addresses the dying ReLU by allowing a slight, non-zero gradient
for negative inputs.
* Tanh & sigmoid offer bounded output ranges suitable for specific tasks but suffer
from vanishing gradient problems and saturation issues.
* Softmax is used for multiclass classification.
* Two techniques used for model evaluation: the unweighted method and the
% weighted method.
2 E Model * The unweighted method assigns the same error weight to all datasets.
g é Evaluations » The weighted method assigns different error weights for creep and mutual points.
= = * RMSE, MAE, and MAPE are the most commonly used metrics.
= * R2 and absolute error are rarely used in literature.
* Other metrics like R2 adj, R, EF, PICP, RI, MASE, and SMAPE are rarely used.
* Surface displacement predictions are the most commonly predicted targets in
studies of landslides.
* Hydrological response predictions, such as VWC, matric suctions, and
) groundwater level variation, are rarely considered.
Predicted Target .« Regervoir landslides have received significant attention, but other types, like deep-
% seated landslides and rock slope types, have received less attention.
= * Rainfall-induced shallow landslides are missing from the literature.
S * More research is needed to account for the inner response of various types of
=2 landslides.
= * Uncertainties in predictions arise from model assumptions, necessitating
E Single and quantification.
« Studies often use single predictions, predicting a single time step ahead without
Interval quantifying corresponding uncertainties.
Predictions * Xing et al. (2020) provide a detailed derivation of calculating interval predictions,

assuming a random variable with a zero mean Gaussian distribution and
independent of the input variable x.

To illustrate the physical process, Figure 2.21 illustrates the soil's moisture dynamic

and saturation storage as provided by Lee & Ho (2009). The soil thickness above the bedrock
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(H) is divided into the unsaturated zone (z) and saturated zone (4). When the cumulative rainfall
exceeds the water storage in the unsaturated zone, the depth of the saturated zone increases and
may reach ground level at full saturation based on the rainfall dynamic history. The saturated
thickness can be calculated using Equation 2.3 (Ho & Lee, 2017). Bezak et al. (2019) developed
a threshold (R) through a hydrological model called the production storage level (PSL). PSL
considers the slope's wetness increases (WI) by accounting for the evaporation and discharge
data (Equation 2.4). The R-PSL threshold produces meaningful results compared to I-D
thresholds for long-duration rainfall. Kirkby (1975) proposed a topographic threshold that
considers the spatial variation in soil thickness and accounts for the saturation thickness
(Equation 2.5). Therefore, thresholds can be concluded based on these assumptions illustrated
in Equations 2.6 and 2.7 (Ho et al., 2012). Zhao et al. (2019b) adopted the effect of antecedent
soil moisture with recent rainfall using the Bayesian probabilistic approach. The soil moisture
was calculated using the SHETRAN (Systéme Hydrologique Européen TRANsport) model for
better accuracy than I-D thresholds. De Luca and Versace (2017) utilized the new GFM
(Generalized FLaIR Model). The GFM considers the initial soil moisture that depends on
antecedent rainfall. Additionally, several configurations can be defined to choose the most

suitable threshold (Equations 2.8 and 2.9).

Unsaturated one IZ
Saturated Zone !

BedI'Ock

Slope angle (B)

Figure 2.21. The coupled hydrological-slope instability model.
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These physically based causative thresholds are built based on some assumptions: The
relationship between the landslide and the features controlling this phenomenon will not
change significantly in the future (Krkac et al., 2017); No sudden failure will occur (i.e., strain
softening along the sliding surface) in the future (Xing et al., 2020); Causative thresholds
consider only one limited feature, such as displacement or groundwater level, ignoring all other
characteristics, such as spatial variation in land cover, soil type, topography, and geotechnical
and hydrological parameters. Nonetheless, these models are favored where Al models can
predict any causative features using available monitoring data; therefore, these models can
provide a warning sign more accurately than empirical-statistical thresholds. These models
provide a cost-effective method for landslide prediction because they do not require much

geotechnical investigation.

w
h(t)=H—Z(t)—FRC|:AT]—ln[ J:| (Equation 2.3)
tan S
R=a*PSL+b (Equation 2.4)
TWI =In(W / tan S) (Equation 2.5)
tan f# >| —————+tan¢ | (lower thresholds) (Equation 2.6)
| 7,.gH cos” B
I C 4 :
tan f <| ———+ [1 - —W] tan 4 (upper thresholds) (Equation 2.7)
| 7,.8H cos” :
Y(t)= j I(T)E(t-T)dT (Equation 2.8)
t-M
Y,(0)=(R y(t=d)/ D)+(f[R pt-d)]/d) (Equation 2.9)

Where A(t) denotes the saturated water height at time ¢, H denotes the soil thickness, W
represents the unit width of the collecting area, tanp is the surface slope, and A7/ means the

average topographic index in the catchment. FRC is a model coefficient obtained through the
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flow recession records. C donates the cohesion, g presents the gravitational acceleration, y; is
the bulk density of the soil, y, is the density of water, H is the soil thickness measured vertically,
[ is the gradient of the hill slope, and ¢ is the angle of the soil's effective friction. Y 'is a mobility
function, / is rainfall intensity, = is a filter function that can take different mathematical
expressions, ¢ is time, 7'is defined on the interval [t-M, t], M is the process's temporal memory,
and R"p is cumulative rainfall filtered on D and d durations and evaluated at the instants (z-d)
and ¢, respectively.

2.4.4. Physically Deterministic Models.

Empirical thresholds and physically based causative models are widely adopted with early
warning systems because of their simplicity compared to deterministic models. On the other
hand, deterministic physical models show superior accuracy compared to these modes (Ho &
Lee, 2017; Wang et al., 2020a) as they combine both hydrological processes (infiltration) and
slope stability analysis (failure stress criteria). Hydrologically, Equation 2.10 shows the partial
differential equation utilized to solve the infiltration moisture profiles using Darcy’s law
(Richards, 1931). Concerning slope stability analysis, Equation 2.11 shows the Mohr-Coulomb
failure criteria for the unsaturated soil (Fredlund & Rahardjo, 1993). It should be emphasized
that rainfall-induced fluctuations in pore water pressure affect soil stresses and deformation,
causing a hydro-coupled effect. This complicates the infiltration and seepage investigation,
necessitating sophisticated methods such as numerical modeling (Zhang et al., 2011).

Zhang et al. (2011) demonstrated the infiltration process as illustrated in the typical
pore water pressure profiles in Figure 2.22. During the dry seasons, unsaturated soil exhibits
larger matric suction, resulting in a greater slope safety factor. During the wet season, the
suction decreases or diminishes due to infiltration, affecting the slope's stability. There are two
categories for the pore water pressure distribution: transient states and steady-state conditions.

The transient state is a transitional state between the initial state and the final state. The ground
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surface flux, soil water storage, and hydraulic conductivity affect how long it takes to reach the
final state. The matric suction disappears when the surface flux (q) exceeds or equals the
saturated hydraulic conductivity (ksat). The matric suction decreases otherwise. Numerous
attempts have been made through literature to simplify the process by understanding the initial
boundary conditions. For example, in prolonged rainfall periods, some researchers assume the
worst situation where the soil is represented as saturated soil, neglecting the effect of the
infiltration (Equation 2.12) (Collins & Znidarcic, 2004; Ho et al., 2012). In some scenarios, it
is reasonable to assume infinite slope stability because the depth of the failure surface to its
length is shallow. Additionally, if the slope angle does not vary significantly along the slope
height, the failure surface can be assumed to be parallel to the slope surface (Cho, 2016; Ho &

Lee, 2017; Ho et al., 2012; Lee & Ho, 2009; Wang et al., 2020a).
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Figure 2.22. Typical pore water pressure profile (Modified from Zhang et al., 2011)

44



Another example, for thick or thin layers with free drainage from the bottom, the 1D
infiltration model is suitable, whereas the Green Ampt (GA) model can provide a simple
solution for the subsurface flow (Green & Ampt, 1911; Pagano et al., 2010). GA assumes the
presence of a thin sheet of water at the ground surface. GA considers a consistent approach of
the wetting front that divides the saturated wetting zone from the unsaturated soil zone with a
constant value of soil matric suction (Figure 2.23). In contrast, Formetta and Capparelli (2019)
showed that the infiltration process is a leading triggering for initially unsaturated soil, and
Thang et al. (2022) and Valentino et al. (2014) demonstrated that the failure surface can be
above or at the soil-bedrock interface. Lee and Ho (2009) account for the groundwater's time-
dependent fluctuation, assuming a failure surface parallel to the slope surface (Figure 2.24 and
Equation 2.13). Logically, the transient state provides reliable and accurate results compared
with steady-state models. This finding is based on the comparison between dynamic and

steady-state models developed by Liang and Uchida (2022) and Valentino et al. (2014).
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Figure 2.24. Stability analysis of a shallow infinite landslide
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g[k ahwj+£ k Oh, +£[k 8hwj=_60w, (Equation 2.10)
ox\_ ox ) oy\ oy oz\ Oz ot

T=c'+(oc—u,)tan '+ tan ¢’ (Equation 2.11)

_C'+(Hy,—h,y,)cos’ Btan g

FOS - E ion 2.12
y,Hsin Bcos (Equation 2.12)
C'+(W,cos’ B—0o,)tang'
FOS = Equation 2.13
W sin Boos B (Equation )

6y is the VWC, £ is the unsaturated hydraulic conductivity, and 4, is the total head.
¢’ is the effective cohesion; ¢ " is the effective friction angle; y=u,-u,, is the matric suction; u,
is atmospheric pressure; u, denotes the pore water pressure; ¢” is the internal friction angle
corresponding to the matrix suction; and o is the total stress. C’ is the effective cohesion; 7;
is the soil bulk unit weight; y,, is the water unit weight; 4, is the saturated soil thickness above
the slip surface; H is the soil thickness measured vertically; /5 is the gradient of the hill slope;
¢ is the soil effective friction angle. ; is the weight of the soil slice, and o; is the suction stress
expressed in terms of the normalized VWC or effective degree of saturation S,.

Numerous analytical models are available, each with its own assumption based on the
initial boundary conditions of the investigated case study. Some of these analytical models
include the TOPMODEL (Beven & Kirkby, 1979), Green & Ampt model (Green & Ampt,
1911), SHETRAN (Birkinshaw & Ewen, 2000), GR4J model (Perrin et al., 2003), TRIGRS
(Baum et al., 2008), SIMTOP (Lee & Ho, 2009), Modified TOPMODEL (Lee & Ho, 2009), H
SLIDER (Uchida et al., 2009), CREST (Wang et al., 2011), HIRESSS (Rossi et al., 2013), SLIP
(Valentino et al., 2014), TiVaSS (An et al., 2016), Modified Green-Ampt (Cho, 2016), and
TAG-FLOW (Thang et al., 2022). While these models provide notable computational

efficiency and cost savings, their effective application depends on a thorough understanding of
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the initial conditions. Furthermore, their underlying assumptions restrict generalizability across
diverse slopes, necessitating case-specific solutions to complex governing equations.

Numerical analysis is time-consuming and costly, but it provides a more precise picture
of the issue and can solve soil nonlinearity equations and complicated functions iteratively.
Numerical analysis is facilitated through commercially available software such as GeoStudio
(Calvello et al., 2009; Das et al., 2022; Huang & He, 2023; Pagano et al., 2010; Xu et al., 2022);
MIDAS/GTS (Qiu et al., 2019; Yang et al., 2023); ABAQUS (He et al., 2021); GEOtop 2.0
(Formetta & Capparelli, 2019); Rocscience software (RS2) (Purnama et al., 2022); BGSlope
(Abolmasov et al., 2015); SLIDE (He et al., 2016; Khan & Wang, 2021; Liao et al., 2010); and
PLAXIS (Emmanuel et al., 2021; Oguz et al., 2022). Numerical models have several advantages
compared with analytical models, which can be mentionedas follows: 1) These models can
consider various triggering factors such as rainfall (Calvello et al., 2009; Das et al., 2022;
Huang & He, 2023), reservoir level fluctuation (Xu et al., 2022), earthquakes (Yang et al.,
2023), and energy provided by high waves (Hobbs et al., 2019) where these factors can be
modeled together; 2) They include complex geometry such as deep soil depth, steep gradients,
and material anisotropy (Liang & Uchida, 2022); 3) They include virtual monitoring points that
replicate the real monitoring locations in the slope considering the three-dimensional impacts
(Qiu et al., 2019); 4) They consider the delayed rainfall peak pattern effect (Liang & Uchida,
2022); 5) They can overcome the problem of unmonitored physical characteristics using back
analysis of the available data (Abolmasov et al., 2015); 6) They can consider some asymmetric
factors such as a surcharge (Sun et al., 2022); 7) They consider the nature of the bedrock layer,
which can delay or decrease the failure time (Pagano et al., 2010).

Three categories of numerical analysis models are available: large deformation
analysis, small deformation analysis, and non-deformable analysis. In other words, numerical

modeling can be categorized as pre-failure analysis (limit equilibrium analysis and finite
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element analysis) and post-failure analysis (large deformation analysis). Limit equilibrium
analysis (LEA) can be used to study the non-deformable (uncoupled) analysis. The LEA
methods are single free body methods (i.e., infinite slope, log spiral, and Swedish circle) or
multiple free bodies (Fredlund & Krahn, 1977) (i.e., simplified Bishop’s method (Bishop,
1955), Spencer’s method (Spencer, 1967), Morgenstern and Price’s method (Morgenstern &
Price, 1965), Duncan’s method (Duncan, 1996), Chen and Morgenstern’s method (Chen &
Morgenstern, 1983), and Sarma’s method (Sarma, 1987)). LEA ignores soil deformation by
assuming only seepage analysis and does not account for variations in vertical and shear
stresses caused by pore water pressure variations (i.e., it considers only the weight of the slice)
(Nguyen et al., 2019).

Coupled analysis (small deformation finite element analysis) considers both seepage
and soil deformation over time (Matyas & Radhakrishna, 1968; Postill et al., 2021; Sitarenios
et al.,, 2021; Song et al., 2020; Tang et al., 2019). However, this type of analysis is more
complex and requires computational power compared with LEA. In large deformation, finite
element analysis suffers from mesh distortion. The hydro-mechanical coupled process is
seldom considered when forecasting landslides (Zhang et al., 2011). Some researchers have
recently used large deformation (fully coupled) analysis (Cuomo et al., 2021; Lee et al., 2021;
Liu et al., 2020). Large deformation analysis can be handled by several methods, including the
MPM (Cuomo et al., 2021), Particle Finite Element Method, Finite Element Method with
Lagrangian Integration Points, Smooth Particle Hydrodynamics, and Coupled Eulerian-
Lagrangian methods (Chen et al., 2019). However, such models are hugely time-consuming
and sometimes unfeasible as they are implemented in explicit schemes that necessitate small
time steps (Yerro et al., 2022).

Some limitations of the current research can be illustrated as follows: It is seen that coupled

analysis is not widely used, as the complexity of the landslide mechanism is simplified to be a
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seepage problem, neglecting soil deformation, which may be misleading in terms of temporal
and spatial prediction. The randomness of the rainfall pattern is not widely considered. Higher
accuracy is needed in evaluating input geotechnical parameters, particularly regarding the
influence of shear strength parameters (Bicocchi et al., 2019; Valentino et al., 2014).
Furthermore, these models demand extensive geotechnical work. To illustrate, the prediction
of landslides can be simplified to answer two questions: Where (local and regional)? And
when? Several factors control the landslide mechanism, such as creep and periodic features.
Among all the static and dynamic features that trigger landslides, the regional geometry that
controls the radial subsurface flow is missing among these features. Some studies highlighted
the topographic effect from a statistical and historical perspective (Gao et al., 2021). Recently,
Song et al. (2020) adopted a vectorized finite element solver to account for the
hydromechanical coupling effect on a regional scale. However, this study solves the water flow
in one dimension, requiring more research regarding regional predictions. A series of
parametric studies have been conducted through the literature to investigate the factors
affecting rainfall-induced landslides, such as rainfall intensity, pattern, duration, and hydraulic,
mechanical, and topographic characteristics (Oliveira et al., 2022; Ng & Shi, 1998; Ng et al.,
2001; Rahimi et al., 2011; Sitarenios et al., 2021; Cheng et al., 2007; Feng et al., 2023).
However, focusing more on the features that affect temporal prediction, such as the data
frequency, may help researchers improve monitoring and data collection systems.

Widely, uncoupled analysis has been conducted (Ng & Shi, 1998; Ng et al., 2001; Feng
et al., 2023; Oliveira et al., 2022). However, for landslides, the uncoupled analysis does not
account for variations in stresses caused by pore water pressure variations (Cheng et al., 2007).
Limited studies are available that consider the coupled hydro-mechanical analysis through
seepage and slope deformation over time, since it complicates infiltration and seepage analysis

(Postill et al., 2021; Sitarenios et al., 2021; Song et al., 2020; Tang et al., 2019). Nevertheless,
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these models suffer from mesh distortion in large deformation problems such as landslides
(Soga et al., 2016). Discrete Element Method, Smooth Particle Hydrodynamics, Particle Finite
Element Method, Finite Element Method with Lagrangian Integration Points, and MPM are
some methods that can handle large deformation analysis (Zhao et al., 2020; Chen et al., 2019).
Several researchers have recently used large-deformation MPM analysis (Cuomo et al., 2021;
Lee et al., 2021; Liu et al., 2020; Zhu et al., 2022). Although MPM can simulate the fully
coupled hydro-mechanical behavior of the landslide process, it is time-consuming.

2.5. RESEARCH GAPS

Despite significant advancements in the field, several gaps remain (Table 2.9): there is limited
comprehensive review of subsurface monitoring techniques and prediction models; rainfall-
trigger randomness is reduced to cumulative totals or idealized patterns; physically based
models focus on surface displacement and overlook internal processes; data-transfer during
extreme weather leads to loss and ignores slope physics; intensity—duration (I-D) thresholds
suffer high false-alarm rates by neglecting spatial variability; and stability-analysis workflows
lack automation. The three-tiered framework is designed to directly address each of these
shortcomings. The first tier employs a preliminary decision model, leveraging incident records
and geospatial data, to rapidly classify zones as “failure not expected,” “warning signs,” or
“failure expected,” thus identifying clear high- and low-risk cases. Ambiguous cases enter the
second analytical layer, where a parallel, multi-node, multi-feature subsurface monitoring
network, integrated via DL and validated against geotechnical benchmarks, captures
spatiotemporal dependencies, triggering uncertainties, and mitigates data loss. In the third
focused evaluation, deterministic numerical methods and an automated parameterization tool
refine [-D thresholds by incorporating spatial heterogeneity, and execute end-to-end automated

stability analyses.
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Table 2.9. Research gaps and suggested recommendations.

Gaps

Recommendation

The literature lacks a complete review of subsurface
monitoring techniques and prediction models.

Recommended investigation of current prediction
methodologies and monitoring systems.

Limited examination of the real random effects of
rainfall patterns: current empirical and physically
based models struggle to deliver large-scale
operational warnings, partly because they reduce
rainfall to cumulative or hypothetical patterns and

ignore its intrinsic randomness

with
extensive datasets to capture trigger randomness and

Develop multi-Al  spatiotemporal models

spatial variability.

Physically based causative models rely on surface
displacement and neglect internal processes; data-
transfer studies overlook the geotechnical perspective;
most existing models are site-specific, relying
primarily on point-based monitoring data.

Integrate subsurface monitoring data into Al-driven
frameworks to mimic the geotechnical physical

response and robustly capture spatiotemporal

variability with operationality into account.

Harsh environments cause data loss, and most studies
use statistical models that ignore physical slope
properties.

Link a parallel, multi-node, multi-feature spatially
variable monitoring system via DL to mitigate data
loss.

High false-prediction rates of intensity—duration (I-D)
thresholds due to neglect of spatial features

Combine data-driven models with deterministic
analysis to integrate spatial variability and reduce
false alarms.

Automation of stability-analysis workflows has
received little attention

Implement an end-to-end automated stability-analysis
system for real-time monitoring and forecasting

2.6. SUMMARY

Figure 2.25 visualizes the integration among several models, with their input monitored
parameters and predicted model accuracy. It examines how one approach leads to another from
a macroscopic perspective, depending on input parameters and initial conditions, to a
microscopic illustration of different analysis models for the same method. It first highlights the
national scale models, then presents four main prediction techniques for local-scale models: I-
D thresholds (grey), API thresholds (yellow), physically based causative thresholds (orange),
and deterministic models (blue). It is illustrated as follows: a) At the national scale, factors
including geology, geomorphology, soil properties, and triggering elements such as rainfall
facilitate the generation of landslide susceptibility maps. These maps form the foundation for
risk assessments employing multivariate models, Al techniques, and hybrid approaches,
enabling precise identification of high-risk areas and their potential impacts on infrastructure
and human safety; and b) Transitioning to local scales, the framework incorporates more
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detailed models accounting for complex geometrical, hydrological, and soil conditions.
Deterministic physical models simulate intricate landslide processes using site-specific
conditions, while statistical regression, Al, and probabilistic models complement these
analyses by predicting initiation based on slope responses, including displacement,
groundwater levels, and moisture content.

A particularly innovative aspect of Figure 2.25 lies in its synthesis of fragmented
knowledge into an effective visualization that systematically illustrates the interconnections
between different modeling approaches. Complementing this, the color-coded accuracy
assessment (ranging from reasonable to perfect) provides immediate evaluation of model
reliability based on specific input parameters, establishing a multi-tiered framework that
enables robust predictive capabilities adaptable from national-scale susceptibility mapping to
site-specific risk assessment. While this chapter provides a comprehensive synthesis, several
limitations should be acknowledged. The reliance on major databases, specific keywords, and
English-language publications may have omitted some relevant studies. Furthermore, the vast
number of studies precluded a manual, quantitative meta-analysis of accuracy by model type.

This remains a significant gap and a critical recommendation for future work.
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CHAPTER 3: METHODOLOGY

3.1. INTRODUCTION

This chapter describes the methodology used in this study. It begins with an overarching
framework for achieving the research objectives and then details the specific methods and
techniques applied, highlighting the study’s novel contributions. The approach combines
temporal DL predictors with high-fidelity numerical simulations and incorporates landslide
subsurface monitoring data for dynamic model updating. This integrated, multi-model
framework (see Figures 1.7 and 3.1) improves forecasting accuracy, supports operational
scalability, and strengthens early-warning capabilities. The sections that follow explain how
each component is implemented and how they interconnect to produce a multi-tiered Al-
enhanced system.

3.2. LANDSLIDE PREDICTION MODEL (TIER 1)

3.2.1. Landslide Prediction Model Development

a) Background and rationale

Existing landslide models often struggle with large-scale operational warnings because they
oversimplify rainfall by treating it as a cumulative or hypothetical event, thereby ignoring its
intrinsic randomness (Xiao et al., 2023; Qiu et al., 2024; Gao et al., 2018; Zhao et al., 2025).
This limitation is compounded by the inherent spatial variability of rainfall effects, which differ
across locations and create complex spatiotemporal interactions that are difficult to analyze. To
address these challenges, a DL landslide-forecasting framework was developed. This approach
is particularly well-suited because the sequential evolution of rainfall and its controlling
features naturally lends itself to time series analysis, and DL models excel at capturing such
dynamic dependencies. The framework was benchmarked against the LR model and validated
against a deterministic slope-stability model. It utilizes a 1984-2022 Hong Kong dataset

specifically designed to preserve rainfall randomness and spatiotemporal features, and it
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integrates time-dependent modeling, tailored preprocessing, and a dual-threshold risk
gradation strategy (implementation details are provided in Figure 3.2).

DL has emerged as a groundbreaking achievement in machine learning, capable of
near-human or even super-human performance in diverse applications (Kiranyaz et al., 2021).
For time-series tasks, Recurrent Neural Networks (RNNs) are a natural choice, but they suffer
from vanishing and exploding gradients. While gradient clipping can mitigate exploding
gradients, the problem of vanishing gradients persists. This led to the development of more
advanced architectures like GRUs and LSTM networks (Cho et al., 2014; Hochreiter and
Schmidhuber, 1997), which are designed to overcome these limitations. Alternatively, for
detecting localized patterns in time-series data, such as short-term trends or spikes, a 1D CNN
is highly effective, as it uses a sliding-window approach to capture nuanced variations without
the need to maintain sequential hidden states (Kiranyaz et al., 2021).

The No Free Lunch theorem (Wolpert, 1996) reminds that no single algorithm is
universally optimal, underscoring the empirical nature of DL where model architecture, input
features, loss functions, and training strategies must be carefully optimized. Recent studies
(Murray et al., 2023) reveal that while DL models each possess distinct strengths, their
performance differences are often marginal. Consequently, this study introduces an interface
that integrates a multi-model approach, incorporating LSTM, GRU, and CNN architectures to
capitalize on the unique strengths of each model. At the same time, an LR model (Hosmer and
Lemeshow, 2000) is employed as a benchmark, serving as a fundamental baseline for
comparative analysis. The LSTM tackles vanishing gradients in long-term predictions by using
memory cells equipped with three gates (input (i), forget (f;), and output (0y)) to regulate data
flow (refer to Equations 3.1 and 3.2) (Hochreiter and Schmidhuber, 1997). Each cell processes
current input (x¢), previous output (5.1), and prior memory state (Ct.1), as depicted in Figure

3.3.a.
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The GRU is a streamlined version of RNNs that addresses vanishing gradient issues
with fewer parameters (Cho et al., 2014). Merging the roles of the forget and input gates into a
unified update gate (Z;) and introducing a reset gate (R;) to modulate the previous hidden state
(refer to Equations 3.3 and 3.4) simplifies the architecture. Each cell processes the current input
(x¢) and previous hidden state (A1) through these gating mechanisms. Without maintaining a
separate memory cell, the GRU directly computes the updated hidden state (/) to efficiently
incorporate both short- and long-term dependencies, as depicted in Figure 3.3.b. As for CNNS,
the core operation involves applying a convolutional kernel over the input sequence to produce
a feature map. The convolution operation at time step ¢ can be expressed as in Equation 3.5.
This operation slides the filter across the input sequence, capturing localized features relevant
to the task. The output feature maps are often downsampled using pooling layers, enhancing
computational efficiency and providing a concise representation of the key temporal patterns
in the data. This structure allows CNNs to process time-series data efficiently without relying
on sequential dependencies like RNNs (Kiranyaz et al., 2021; Cacciari and Ranfagni, 2024).

LR is a fundamental supervised learning algorithm for binary classification (Hosmer and
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Lemeshow, 2000). It estimates the probability that a given input belongs to a particular class

by applying the sigmoid function. The hypothesis function is expressed as in Equation 3.6.
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C =f.C, +iC
C, =tanh(W,_.[h
h, = O,.tanh(C,)

xt]+bc) (Equation 3.2)
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(Equation 3.3)

{Z, =o(W,.[h,x]+b,)
R = G(WR'[ht-D X ] +by)

h, = tanh (W, .x, +U, (R h_)+b,)

-1
~ (Equation 3.4)
h =Z_h -|-(1—Zt).ht 1

-1

k
29 = G(Z Vf’j(i).xt+j_1 +b(i)J (Equation 3.5)
=1
— — 1 .
f(x) = (S(w.x+b) R (Equation 3.6)

o is the activation function, and W and b represent the weight and bias, respectively.
Once the output is computed, Equation 3.2 1s used to obtain both the short-term memory state

(h¢) and the long-term memory state (C;). W and U are weight matrices associated with the

input and previous hidden state, respectively. h is the candidate activation. z; represents the

t
feature map output for the i” filter, W; is the j” weight of the /" filter, x is the input at position

(t+j-1), b is the bias, and o is the activation function.
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To validate the data-driven forecasting approach, it was compared with deterministic
models. Specifically, a simplified Bishop method combined with a modified Mohr-Coulomb
failure criterion was employed to incorporate shear strength variations due to matric suction in
limit equilibrium analysis (Equation 3.7 (Fredlund et al., 1978)). The governing differential
equation for saturated and unsaturated water flow in a two-dimensional soil is presented in
Equation 3.8 (Lam et al., 1987): it relates the flow behavior to VWC and hydraulic conductivity
functions (Fredlund and Xing, 1994). Specifically, variations in VWC lead to corresponding
changes in pore water pressure. For the transient seepage analysis, it is assumed that there is

no hysteresis between the drying and wetting paths of the soil-water retention curve.

r=c'+o,, tang'+ o, tan g’ (Equation 3.7)
Rl p—— (%j (Equation 3.8)
ox “oxt oy oy ot

kx and k, denote hydraulic conductivity in the x and y directions. g is the applied
boundary flux. The total head is 4, and m, is the slope of the water retention curve. 7, ¢’, ¢, onet,
and o represent the shear strength, effective cohesion, effective friction angle, net normal
strength, and matric suction, respectively. The angle that links the rate at which shear strength
increases as matric suction increases is ¢°.
b) Data preparation
The development of the multi-model framework required careful data preprocessing, as
outlined in Figure 3.2. Key steps included: (a) standardizing input parameters (e.g., dry patterns
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versus high-intensity rainfall) to ensure consistent training scales; (b) randomizing data
sequences within events to eliminate intra-event dependencies while preserving inter-event
spatiotemporal relationships; (c¢) addressing class imbalance by implementing weighted loss
functions to emphasize minority landslide cases; and (d) employing evaluation metrics beyond
accuracy to reliably assess model performance given the imbalanced data distribution. The
following subsections detail these critical development stages. It begins by standardizing input
features (x) and target variables (y) to reduce sensitivity to varying scales. Numerical features
are normalized to achieve a zero mean and unit variance (Equation 3.9), while categorical
features are transformed into binary vectors via one-hot encoding (Pedregosa et al., 2011). For
DL models, features are reshaped into a three-dimensional format (Equation 3.10) to effectively
capture sequential and temporal dependencies. In contrast, LR, unable to inherently process
time-series data, relies on engineered features that treat each case as temporally independent.
To minimize bias from ordered data, case indices are shuffled, and the dataset is divided into

training, validation, and testing subsets in a 70:15:15 ratio to ensure representativeness.

Xj) = (x(id-) —uj>/(6j) (Equation 3.9)

x = Reshape(n,,t,n;) (Equation 3.10)
Here, p, is the mean value of feature j, o, is the standard deviation, ¢ is the time steps,

nt is the number of input features, and »; is the number of events.

c) Explanatory features

Recognizing that similar rainfall patterns may exert varying impacts, this study aims to enhance
model precision by integrating additional spatiotemporal features. These include: (a) the initial
boundary condition for each triggering event ("Initial Month"); (b) the spatial susceptibility for
radial flow accumulation ("Curvature"); (c) the spatial variability of soil and vegetation
("Zone," "Material Description," and "Nearby Structures"); (d) the spatial uncertainty of
rainfall ("Zone Distance"); and (e) topographic characteristics ("Slope" and "Elevation"). For
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DL models, rainfall data is treated as a time series, allowing the model to extract relevant
features autonomously. In contrast, an LR benchmark was developed using engineered
features. Each event is treated as an independent sample, with temporal dependencies
maintained solely within each sample and not across different samples. Recognizing that DL
inherently operates as a "black box", a sensitivity analysis comparing various combinations of
features was implemented. Furthermore, a permutation technique is employed to assess feature
importance quantitatively. This method involves permuting each feature's values and observing
the change in model error (Fisher et al., 2019). The impact of each feature is effectively
quantified by comparing the baseline error with the error after each permutation, measured
using accuracy.

d) Model structure, training, and optimization

Figure 3.4 illustrates a schematic representation of the DL model architecture. Temporal data
are sampled using fixed antecedent windows for all instances, which are sensitively selected.
The subsequent sections delineate the model’s design, training, and optimization procedures:
LSTM and GRU inherently capture temporal dependencies through their recurrent connections
and gating mechanisms. In contrast, CNN models employ a convolutional layer, using a tuned
kernel size, to effectively extract local sequential patterns. At the same time, the application of
"same" padding preserves the input's original temporal dimensions and boundary information.
This is followed by a GlobalMaxPooling1D layer that aggregates the feature maps into a fixed-
length vector by selecting the most dominant activations across time (Pedregosa et al., 2011).
The architecture was intensified with auxiliary layers to further enhance the DL models'
capacity for capturing non-linear relationships. Specifically, each hidden layer employed the
Leaky-ReLU activation function, which mitigates the "dying ReLU" problem by allowing a
slight, non-zero gradient for negative inputs (Qi et al., 2024). Moreover, to reduce overfitting,

dropout and L2 regularization techniques were integrated. Dropout prevents neurons from co-
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adapting by randomly deactivating a subset of nodes during training, while L2 regularization
penalizes large weight values, thereby constraining the model complexity (Srivastava et al.,
2014). The binary cross-entropy loss function was utilized, while model training was conducted
using the Adam optimizer due to its adaptability and efficiency. An early stopping criterion was
employed to capture the optimal weights and mitigate overfitting or underfitting. Learning
curves were scrutinized to assess model performance during the training and validation. The
DL models' hyperparameters were optimized using Bayesian optimization (Snoek et al., 2012).
An LR model was implemented as a benchmark classifier, incorporating seven non-time-series
features, with temporal sensitivity assessed over cumulative windows of 1-4 weeks. L2
regularization was applied, with the regularization strength sampled from 0.01 to 10.01. Tuning
was performed via a randomized grid search over 3000 iterations using 5-fold cross-validation,
evaluating solvers ('saga’, 'Ibfgs', 'liblinear’) with the F1 score as the selection metric. Class
imbalance was addressed using balanced loss weights, and solver convergence was ensured by
capping iterations at 5000. Table 3.1 presents the DL hyperparameter search space, while Table

3.2 details LR.
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Table 3.1. DL models design parameters and search space.

Search space/value

Parameter
LSTM and GRU CNN
Features (1) time series features (rainfall) and eight non-time series features
Window size Sensitivity analysis was conducted across antecedent windows of 1 to 4 weeks.
Kernel size - (K:3,5)
. [2] return sequence (N;: 256, 512, 1024) [2] Conv 1D (Ni: 256, 512, 1024)
[Hidden layers]
[1] non-return sequence (N2: 128, 256, 512) [1] Conv 1D (N2: 128, 256, 512)

(Hidden units/filters)

[1] deep neural network (N3: 64, 128, 256)

Binary cross-entropy =—(1/ n)z; [yl. log(7,)+(1-y,)log(1-7, )}

Here, y, is the true label, j, is the predicted probability, and » is the number of events.

Loss function

Loss weights 1:2 ratio (non-landslide to landslide events, respectively)
Optimizer Adam

Dropout/LeakyReLU (D: 0.1, 0.3, 0.5, 0.7, 0.9)/(LR: 0.1, 0.3, 0.5, 0.7, 0.9)

L2 regularizers (L2:0.0001, 0.001, 0.01, 0.1)
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Table 3.2. LR model design parameter and search space.

Parameter Search space/value
Features (7) engineered non-time series features
Window size (antecedent period) Sensitivity analysis using cumulative windows of 1, 2, 3, and 4 weeks.
Regularization strength (C) 0.01 to 10.01

Optimization algorithm 'saga’, 'Ibfgs', and 'liblinear’

Penalty L2

Grid search iteration 3000

Cross-validation 5-fold

Scoring F1

Loss weights Balanced

Solver iterations 5000

e) Model development and deployment

The system was implemented using TensorFlow, a Python-based framework for developing
high-level neural networks (Abadi et al., 2015). Keras Tuner efficiently handled
hyperparameter optimization (O'Malley et al., 2019). The network architecture was constructed
with the Sequential API, allowing the integration of layers with customizable settings. Data
manipulation and visualization were supported by several Python libraries: Pandas was used
for data handling (Reback et al., 2020), NumPy for numerical computation (Harris et al., 2020),
Matplotlib (Hunter, 2007), and Seaborn (Waskom, 2021) for graphical outputs, and scikit-learn
for preprocessing tasks (Pedregosa et al., 2011). Geospatial mapping was enabled using
GeoPandas (GeoPandas, 2023) and Shapely (Shapely, 2023), while Contextily (Contextily,
2023) supported detailed visualizations. The interface is developed using the Streamlit
framework in Python (Khorasani et al., 2022). Model training was performed on the High-
Performance Computing (HPC) platform, with a Jupyter Notebook environment. The hardware
configuration included an NVIDIA RTX 3080 Ti GPU, 64 GB of RAM, six CPU cores, and
one GPU card, running on Anaconda (2023-03-01) with Python 3.10.9 (The Hong Kong

Polytechnic University HPC, 2025).
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f) Model evaluation
Accuracy can be misleading in imbalanced datasets; thus, scikit-learn's suite of evaluation
metrics, such as recall, F1 score, precision, ROC curve statistics, Cohen’s kappa, Matthews
correlation coefficient, and balanced accuracy, was leveraged to provide a detailed performance
analysis of the classifiers (Pedregosa et al., 2011). The F1 score, in particular, was emphasized
for its ability to effectively balance false positives and false negatives. Precision, which
evaluates the correctness of predicted landslide occurrences, reflects the reliability of positive
predictions. Additionally, uncertainty quantification was emphasized to assess model reliability
for risk-sensitive applications. Detailed illustrations for the model evaluation metrics are
presented in Appendix A (see Tables A1-2 and Figure A2)

Monte Carlo (MC) dropout was incorporated to determine predictive uncertainty (Gal
& Ghahramani, 2016). Instead of deactivating dropout during inference, the dropout layers are

maintained, performing T = 1000 stochastic forward passes for each input x. This strategy

T
generates a set of predictions { f ) (x)} o the final predicted probability being determined by
t=

averaging these outputs. The model's predictive uncertainty is then approximated by

calculating the standard deviation (Equation 3.11).

(F(x)z\/%ZIIT_I(f(I)(x)—f‘(x))2 (Equation 3.11)

Here, f 9 (x) denotes the prediction during the t™ stochastic forward pass, and f | (x)

is the mean prediction across all passes.

3.2.2. Landslide Prediction Model Assumptions

Hong Kong provides an ideal, data-rich testbed for transferable landslide forecasting methods.
About 60 % of its terrain is steep natural slope, mantled by 1-36 m of colluvium or completely
decomposed granitic, volcanic, and sedimentary rocks. These gravelly, silty-clayey sands are

highly susceptible to rainfall-induced failure. Coupled with intense monsoon storms, a four-
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decade landslide inventory, and rapid urban expansion, this setting offers the complexity and
documentation needed to develop models readily adapted to other mountainous regions
worldwide (Ng et al., 2001; Ng and Shi, 1998; Xiao et al., 2023; Maunsell Geotechnical
Services Ltd., 2007; Hencher and Lee, 2010). Environmentally, due to high humidity, rainfall
can be effectively simplified into infiltration and runoff (Liu et al., 2022; Premchitt et al., 1992).
Regarding hydraulic and mechanical properties, these soils exhibit saturated hydraulic
conductivity values ranging from 5x10° to 3.5x10™* m/s (GCO, 1982), cohesion, and internal
friction angles with mean values of 5 kPa and 36°, respectively (Wong, 2020).

Vegetation influences slope stability through two primary mechanisms. The
hydrological effect involves rainfall interception and increased surface runoff, which reduces
the amount of water that infiltrates the soil. Premchitt et al. (1992) reported that runoft can
range from 0% to 100% of rainfall depending on topographical and hydrological factors,
including vegetation cover, slope geometry, soil properties, and rainfall characteristics. The
mechanical effect involves root reinforcement that increases soil shear strength, primarily
enhancing cohesion while leaving the friction angle largely unaffected (Salvatici et al., 2018) -
Equations A1-A3 (Appendix A). However, as this study primarily employs data-driven models
requiring extensive training datasets, reconstructing high-resolution temporal variations in land
cover for Hong Kong's natural slopes, including bare soil, forest, shrub, grass, and engineered
surfaces such as Chunam and Shotcrete, is challenging due to limited publicly available data.

With that in mind, this study primarily considers the inherent randomness of rainfall as
the key landslide-triggering factor, with spatial features, particularly topographic
characteristics affecting infiltration, integrated into the analysis. To address the challenge of
spatial variability in soil and vegetation, a zonal framework was adopted. Incidents were
grouped by location (i.e., Zone) and soil type into designated zones, within which soil and

vegetation conditions are treated as spatially uniform. This simplification is necessary for a
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regional-scale analysis spanning several decades. Furthermore, due to the difficulty of
reconstructing high-resolution temporal variations in land cover (e.g., bare soil, forest, shrub,
grass, and engineered surfaces like Chunam and Shotcrete) for each historical incident, and
given its relatively minor influence on landslide initiation in Hong Kong (Qiu et al., 2024),
vegetation was assumed to be temporally uniform. To further eliminate the dynamic effects of
the vegetations or human activities, non-landslide events are identified as the two antecedent
events preceding each recorded landslide. This creates a temporal sequence of three
consecutive events: two non-landslide events followed by one landslide event. This short-term
window mitigates the confounding effects of long-term temporal changes, such as vegetation

dynamics or human activities. The complete dataset is detailed in Section 4.

3.3. SUBSURFACE SENSOR-BASED PREDICTION MODEL (TIER 2).

3.3.1. VWC Prediction Model Development

a) Background and rationale

Rainfall-induced landslides result from complex hydrological and geotechnical interactions,
with one of the key challenges being the accurate estimation of infiltrated rainfall. Uncoupled
deterministic analyses have long been used for seepage modeling (Ng & Shi, 1998; Ng et al.,
2001; Natalia & Yang, 2024), treating water infiltration as a time-dependent process governed
by hydraulic conductivity, surface flux, and storage capacity. Although these methods provide
precise analytical insights, their extensive data requirements and limited early warning
capabilities call for alternative approaches. DL has emerged as a groundbreaking achievement
in the machine-learning era, delivering near-human performance across various applications
(Kiranyaz et al., 2021), as detailed in Table A3. However, while effective for site-specific
predictions, the operational-scale application of DL remains largely unexplored. Furthermore,
previous studies typically evaluated rainfall events individually or cumulatively using

simplified temporal patterns (e.g., Rahimi et al., 2011), which may not capture the inherent
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randomness of real-world conditions. These gaps underscore the necessity for a unique
methodology that integrates spatiotemporal variability and rainfall stochasticity in a user-
friendly and cost-effective manner, a challenge that lies at the core of this study.

With that in mind, this study introduces a unique operational model for predicting
shallow VWC, a critical parameter for assessing rainwater infiltration. Using Hong Kong as a
case study, the proposed approach overcomes spatiotemporal limitations in existing predictive
models by accounting for the randomness of rainfall-triggering mechanisms. The methodology
integrates a unique data preparation technique, independence-oriented time series windowing,
with the predictive power of DL, specifically, LSTM networks, and deterministic seepage
modeling via GeoStudio SEEP/W. The model is developed using field data from 15 sensors
across three sites in Hong Kong (Pa Mei, Tung Chung, and Tsing Shan) at two depths (0.5 m
and 1.5 m), complemented by a numerically validated case at Fei Ngo Shan Reservoir. 33 field
samples were collected from eleven different locations to validate initial hypotheses and
boundary assumptions. This study is among the first systematic evaluations comparing the
accuracy of operational versus site-specific models. The outcome is OWHK (Operational VWC
Forecasting Model for Shallow Layers in Hong Kong). The modeling framework is presented
in Figure 3.5 and detailed as follows:

b) DL model structure

Figure 3.6 illustrates a single model architecture, delineating both sequential (LSTM)
and non-sequential layers with their respective search space parameters. The sequence layers
capture the temporal dependencies in the sequential data. The subsequent non-sequence layer
compacts the representation of the features to process incoming signals efficiently. To further
enhance the model's capacity to capture complex nonlinear relationships, auxiliary layers were
incorporated. Leaky ReL U activation was used to mitigate the dying ReLU issue by preserving

gradient flow for negative inputs. Dropout layers (denoted by shaded circles, D) are
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incorporated to regularize the LSTM network and reduce overfitting. The model is trained
using the Mean Squared Error (MSE) loss and optimized with the Adam optimizer, while an
Early Stopping criterion is employed to secure the optimal weights. To address scaling
discrepancies, normalization improves a model's predictive performance by standardizing input
features to a consistent range. This process enhances convergence during training and reduces
sensitivity to feature magnitude. In this study, Min-Max normalization was applied to rescale
the data within predefined bounds, ensuring it aligns with the Leaky ReLLU activation function
used in the model. This approach suits the dataset's positive values, promoting faster

convergence and better predictive accuracy.
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Figure 3.5.Subsurface VWC operational modeling workflow
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Acknowledging that DL is inherently an empirical process that demands meticulous
optimization and tuning. Traditional coarse tuning methods, such as grid search or random
search, are widely used but can be computationally intensive and may not always yield the
optimal solution. In contrast, Bayesian optimization (Snoek et al., 2012), employed in this
study, efficiently investigates the sensitivity of diverse alternatives for model performance.
However, it carries a risk of converging to local minima. In response, a two-stage coarse-to-
fine-tuning approach was adopted. First, a coarse tuning phase is applied to identify promising
model parameter ranges broadly. The parameters then undergo a second fine-tuning phase to
refine the model settings. In addition, this study uniquely implements a tailored data handling
strategy during fine-tuning to mitigate potential misleading metric outcomes.
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1t return sequence LSTM

O OO O Nuis O O O OO OO

27 return sequence LSTM l LeakyReLU activation (LR)

@ @ Nus @O0 @ N64128256)
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4 Single output layer l Linear activation W: (4,7, 10)

[®]

Figure 3.6. Simplified operational VWC LSTM architecture with the parameter search space.
c¢) Data preparation and temporal ordering

Mostly, the time series problem is handled by keeping the temporal ordering, where the training
set is chosen from the earlier time step and the validation and testing sets from the subsequent
time steps. This methodology assumes that the response is consistent. However, this
assumption is not generally valid when considering the complexity of landslide moisture
dynamic responses. To support this, Figure 3.7 presents the VWC response to rainfall: blue
indicates training samples, green denotes validation samples, and red boxes represent testing
samples arranged via a conventional holdout method (i.e., temporally ordered). As illustrated
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in Figure 3.7.a, this approach may fail to capture all relevant scenarios. For instance, if the
testing set comprises only a dry period, the evaluation may be misleading. This could occur
either because the model is under-trained for such conditions, resulting in high error rates, or
because the intrinsically low VWC values during dry periods lead to deceptively low errors.
This study uses "Independence-oriented time series windowing" to ensure the training,
validation, and testing sets represent the entire time series, accounting for temporal changes
Figure 3.7.b (i.e., not temporally ordered). The dataset is divided into subsets using a sliding
technique (Hindriks et al., 2016). Each subset is defined by the slice size (minimum time step
of 1 day) and the window size, which accounts for temporal dependencies (antecedent effect).
Each subset is considered an independent sample, where temporal dependencies are present
only within the subset itself. There are no temporal dependencies between different subsets.
Each subset is defined by the initial VWC as a boundary condition, with the target variable

being the VWC at the end of the window size, given the rainfall characteristics as input features.
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Figure 3.7. Data sampling approach using independence-oriented time series windowing.
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d) Site-specific models vs. operational models

This study aims to develop an operational model to predict VWC. However, firstly, a temporal
challenge lies in ensuring the model accounts for the factors influencing the interaction between
rainfall and VWC. This interaction can be described through infiltration, storage, and seepage
processes. This process can be theoretically understood through the concepts of saturated and
unsaturated water flow, as illustrated in Equation 3.8, assuming two-dimensional flow. The

differential equation for water flow in unsaturated soil is derived by substituting (06 = m ou,,

) in Equation 3.8, where changes in pore water pressure are attributed to changes in VWC (Lam
et al., 1987). For a site-specific model, the training data will be derived from sensor readings
that capture unique soil characteristics. In other words, sensor data capture the local soil
properties for a site-specific model, rendering spatial variability negligible and making
temporal fluctuations the primary determinant of model behavior. At this stage, the LSTM
model can indirectly capture the dynamic temporal responses by identifying key parameters
such as rainfall features (intensity, duration, pattern, and non-rainfall periods) and the window
size representing antecedent conditions. However, the model will still encounter challenges due
to spatiotemporal variability. These dependencies arise from: a) potential unseen rainfall
patterns (i.e., temporal) and b) varying material responses across different locations (i.e.,
spatial).

To minimize uncertainties arising from the temporal dependencies, this study employs
the following techniques: a) shuffling field-monitored subsets to ensure the model is reliably
trained for all possible real-world rainfall patterns within the range observed in the dataset (as
illustrated by "Independence-oriented time series windowing"); b) incorporating numerically
simulated real rainfall patterns to overcome the limitations of training the model on specific
time-space data. To emphasize, standard LSTM implementations often employ a uniform

weighting in their training losses, which may overlook the site-specific responses inherent to
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different locations. This limitation highlights the need to extend the temporal modeling
capabilities of LSTM to incorporate spatial heterogeneity. Accordingly, a unique multi-LSTM
framework is proposed in Figure 3.8, wherein data subsets from various locations, each
representing distinct soils and boundary conditions, are grouped. Figure 3.8 illustrates the
assumed grouping method, where each group is defined by specific lower and upper VWC
bounds. The advanced architecture of the proposed LSTM model is capable of capturing the
complex nonlinear dynamics underlying these responses. For brevity, these dynamic
interactions are collectively referred to as the SWRC slope my. This approach is designed to
accommodate local variations and is expected to perform effectively within the specified study
contexts and boundary conditions. The detailed modeling processes are similar to the illustrated

steps in Section 3.2.1.
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¢) Feature selection

The chosen rainfall features (pattern, duration, intensity, and non-rainfall periods), visualized
earlier in Figure 3.7, ensure accurate forecasting, as cumulative rainfall, commonly used in
literature, may not reliably indicate soil saturation or recovery due to its neglect of random
patterns and non-rainfall periods. To emphasize, different rainfall patterns can affect the
landslide temporal response even with the same cumulative rainfall (Natalia & Yang, 2024).
Additionally, short non-rainfall intervals may hinder soil recovery, while longer intervals could
promote it (Bontemps et al., 2020). Given the availability of rainfall features and well-
established correlations with the target parameters, an additional feature selection process is
unnecessary. However, the primary challenge lies in determining the effective window size and
incorporating these time-dependent characteristics into the modeling framework. Regarding
the window size, the antecedent effect, influenced by rainfall history and hydrological
conductivity, significantly impacts VWC's response to rainfall. The shallow colluvium layer in
Hong Kong exhibits a relatively high permeability (on the order of 107 to 10° m-s™),
suggesting that a relatively short antecedent period is appropriate, as suggested by Au (1998).
Furthermore, operational forecasting is constrained by the available forecast horizon from the
Hong Kong Observatory (nine days plus the current day, totaling 10 days). Consequently, the
antecedent window was coarse-tuned using durations of 4, 7, and 10 days to balance model
performance and operational requirements. This rainfall window is modeled as a time-
dependent variable within the LSTM framework.

f) Numerical modelling

There is a limitation with field-monitored data, as it is restricted to specific time-space
intervals. To address this issue, simulations can be used to consider various real-world rainfall
patterns and their corresponding subsurface moisture response. Several numerical and

analytical approaches, including widely used uncoupled analyses, have been conducted (Ng &
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Shi, 1998; Ng et al., 2001). In this study, the seepage analysis is performed using SEEP/W
(Geo-Studio, 2023a). In the transient seepage analysis, for simplicity, it is assumed that there
is no hysteresis between the drying and wetting paths of the SWRC, as shown in Figure 3.8.
The governing differential equation for saturated and unsaturated water flow through a two-
dimensional unsaturated soil is illustrated in Equation 3.8 (Lam et al., 1987).

g) Model implementation

The implementation was carried out using TensorFlow, a Python-based DL framework for
developing advanced neural networks (Abadi et al., 2015). The proposed model structure was
designed using the Sequential API. Various Python libraries supported different tasks: Pandas
for data manipulation (Reback et al., 2020), NumPy for numerical computations (Harris et al.,
2020), Matplotlib (Hunter, 2007) and Seaborn (Waskom, 2021) for graphical outputs, and
scikit-learn for preprocessing (Pedregosa et al., 2011). Geospatial mapping was enabled using
GeoPandas (Jordahl et al., 2020) and Shapely (Gillies et al., 2025), while Contextily
(Arribas-Bel et al., 2020) supported visualizations. The interface is developed using the
Streamlit framework in Python (Khorasani et al., 2023). The training was conducted on The
Hong Kong Polytechnic University's High-Performance Computing (HPC) platform, equipped
with an NVIDIA RTX 3080 Ti GPU, 64 GB RAM, six CPU cores, and Python 3.10.9 (The
Hong Kong Polytechnic University HPC, 2025).

h) Model evaluation

This study compared site-specific with operational models to benchmark the proposed model's
ability to achieve the study's goals. The comparison metrics used were Mean Absolute Error
(MAE), Normalized Mean Absolute Error (NMAE), and the coefficient of determination (R?),
as shown in Equations (3.12-14), respectively. MAE measures the average absolute error across
all predictions. NMAE normalizes the MAE over the parameter's range, providing a balanced

metric regardless of the parameter's magnitude. R? is a statistical measure indicating how well
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the predicted values align with the actual values. To quantify predictive uncertainty and to
simulate the possible inherent variability and heterogeneity of soil properties in the sensor-

based dataset, Monte Carlo (MC) dropout was integrated (Gal & Ghahramani, 2016) (Equation

3.11).

MAE = %Zf_l Vi —)~/i| (Equation 3.12)
NMAEzMAE/(ymaX —ymin) (Equation 3.13)
R* =1—(Z:'=l(yi -7, )2 /Z;(yi —)7,.)2) (Equation 3.14)

Where y, represents the true value, J, is the predicted value, » is the total number of
predictions, .. and y,. represents the maximum and minimum values of the parameter

range, respectively, and J is the mean of the observed data.

3.3.2. VWC Prediction Model Assumptions

The key assumptions that underpin the robustness and applicability of this methodology are
detailed as follows: the selection of this colluvium layer is to ensure that the developed model
is significant to be used with real-world applications since this layer covers about 15% of the
territory, and most rainfall-induced landslides in Hong Kong are shallow, occurring in the
colluvium layer. Moreover, the relative spatial variability of the colluvium across different
locations supports the implementation of simplified, yet reasonable, assumptions in the
modeling framework. This layer, formed from past mass movements, is weakly consolidated,
texturally uniform, and typically only a few meters thick (Geotechnical Engineering Office,
1993). This layer could be classified as loam or silt loam (Maunsell Geotechnical Services Ltd.,
2007) according to the USDA. The collected samples (33 samples) across 11 geographically
dispersed sites were predominantly characterized as moist, brown, silty-clayey, and gravelly
sands. Effective cohesion averaged 3.67 kPa (range: 0.4-9.6 kPa) and the internal friction angle
averaged 30.5° (range: 20.4-35.8°) (ETS-Testconsult Ltd., 2023), in agreement with the
literature (Maunsell Geotechnical Services Ltd., 2007; Wong, 2020). The observed standard
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deviations were 2.5 kPa for cohesion and 5.04° for the friction angle. The colluvium layer is
expected to have a hydraulic conductivity of 107 to 10 m.s! (Ng & Shi, 1998; Maunsell
Geotechnical Services Ltd., 2007), indicating relative variability. Environmentally, rainfall
could be one of the primary drivers of subsurface soil behavior. Because of Hong Kong's high
humidity, rainfall may be divided into infiltration and runoff. With that in mind, runoft is
influenced by factors such as vegetation area, rainfall duration, rainfall volume, and slope
geometry (which ranges from 15° to 40° (Liu et al., 2022), among other factors. However, some
of these parameters are not readily monitored.

Based on the insights above, several unavoidable assumptions were adopted. First, it
was assumed that the initial VWC serves as a proxy for antecedent hydrological behavior,
capturing inherent spatial features such as slope geometry and vegetation cover. In essence,
because VWC quantifies the actual infiltrated rainfall, it naturally reflects the runoff ratio.
Furthermore, the unique data preparation method and multi-approach modeling framework
were designed to effectively accommodate the natural variability. These assumptions were
initially validated through sample collection (33 samples) across 11 locations and subsequently
reinforced via comprehensive modeling and testing using data from 15 distinct sensors
deployed throughout the region (refer to Chapter 4). To clarify, initial and soaked moisture
contents for 33 samples were measured, ranging from 0.063 to 0.219, with the standard
deviation (SD) of the response (soaked - initial) being 0.038. Partitioning the data using non-
overlapping subgroups based on the initial value led to reduced variability. For instance, a
single cutoff produced groups with SDs of 0.017 and 0.030; two cutoffs yielded SDs of 0.017,
0.017, and 0.024; and three cutoffs resulted in 0.015, 0.018, 0.003, and 0.009. It is important
to note that the optimal number of cutoffs depends on the dataset size, which in turn influences

model performance. Ultimately, the low intra-group variability across categorized samples
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validates this assumption, confirming that these groupings reasonably capture spatiotemporal
variability.
3.3.3. Hypertuning Strategy for Enhanced Model Performance
a) Background and rationale
One of the key features that directly indicates how much infiltrated rainfall is the VWC. From
a physical perspective, VWC, defined as the ratio of water volume to soil volume and typically
expressed in [cm?-cm3]w or percentage, serves as a critical variable governing Earth surface-
atmosphere interactions with significant meteorological and climatic implications (Seneviratne
etal., 2010). For shallow rainfall-induced landslides, research demonstrates that VWC gradient
features provide reliable predictive capability (Suk et al., 2022). Specifically, changes in matric
suction and VWC within the surface soil layer (0-5m depth) represent fundamental triggering
mechanisms for shallow slope failures (Tsuchida et al., 2014; Johari et al., 2018). The physical
process unfolds as rainfall infiltration increases pore-water pressure and bulk density, thereby
elevating driving forces while simultaneously reducing shear strength and slip resistance.
These effects intensify following prolonged or intense rainfall events, substantially
compromising slope stability. Mechanistically, rainfall infiltration propagates a wetting front
downward until encountering an impermeable layer, subsequently raising the water table
(Figure 3.9.a). VWC evolution occurs in two distinct phases: initial response as the wetting
front passes the sensor location (t1), followed by water table rise to the surface (t2). This
progression defines the critical temporal window for shallow slide initiation, as displacement
accelerates with increasing VWC, culminating in failure near saturation conditions (Fukuhara,
2022; Tohari et al., 2007) (Figure 3.9.b—c). Consequently, continuous VWC monitoring
provides an effective mechanism for early warning of impending landslides (Suk et al., 2022).
With that in mind, current research in landslide prediction reveals a significant gap:

while substantial work has focused on surface parameters, subsurface forecasting remains
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comparatively underdeveloped (Section 2.4.3; Table 3.3). Although the operational VWC

model presented in Section 3.3.1 shows promise, it requires enhancement to achieve robust

performance across heterogeneous sites and multiple soil depths. This section addresses these

limitations by developing a systematic hypertuning approach that synergizes empirical DL

optimization with the physical principles of infiltration dynamics, explicitly targeting the

complex interactions of unmonitored rainfall-related features.
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Figure 3.9. a) Seepage under rainfall; b) Moisture content-based prediction; c) VWC versus

displacement and velocity inverse (modified from Fukuhara, 2022; Tohari et al., 2007)
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Table 3.3. Comparison with available literature

Comparison Existing literature This study
. DL models are commonly used to forecast This study predicts and correlates the time-
Predicted . . e
landslides on reservoir slopes, with limited dependent VWC response of shallow-
target . . .
attention to time-varying components. induced landslides in spatially varied soils.
This study leverages subsurface VWC,
Phvsical Focused on surface displacement predictions which, unlike surface displacement, exhibits
ysica . . ,
where the cumulative displacement was no trend or creep component. Figure 2.18
response

decomposed into trend and periodic terms. illustrates the trend and periodic components

of a time series problem.

The

consideration to the window size (i.e.,

research has not given enough

The

examined using a Hypertuning approach.

dynamic response of VWC was

Input sequence

antecedent value).

Spatiotemporal ) S ] The uncertainty of VWC predictions is
Single-point prediction is widely considered.

prediction assessed through interval analysis.

) ) A minimum time interval of one day,

Typically, one month; it may run up to ten ) o ]

Time intervals ) accounting for the variation in the VWC, is
years with reasonably smooth curves.

considered.

b) Model selection and development

Figure 3.10 outlines the systematic time series modeling workflow, with detailed
methodological specifications provided in Table 2.8. For this specific problem, several critical
considerations, often overlooked in the literature, should be emphasized. These include
determining the optimal antecedent period (window size) and establishing a rigorous,
systematic framework for model evaluation and tuning, among other considerations (refer to
Table 3.3). The modeling process, specifically tailored to achieve the study's objectives, is
outlined in Figure 3.11. The methodology proceeded in two primary stages. First, the target
VWC values were used as both input and output to establish a naive benchmark. Subsequently,
a comprehensive suite of statistical and DL models was evaluated to select the best performer
and set a more robust "model benchmark," acknowledging that no single model is universally
optimal. The models compared included: Simple Average, Single Exponential Average (Holt,

1957), Triple Exponential Average (Winters, 1960), SARIMA (Box et al., 1994), Rolling
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Moving Average (Zivot & Wang, 2006), Multivariate Regression (Draper & Smith, 1998),
DNN (LeCun et al., 2015), RNN (Rumelhart et al., 1986), LSTM (Hochreiter & Schmidhuber,
1997), and CNN (LeCun et al., 1998), as summarized in Table A4.

To better capture nonlinearity, activation layers are incorporated. TensorFlow provides
several activation functions, including the rectified linear unit (ReLU), Leaky ReLU,
hyperbolic tangent (tanh), and sigmoid. ReLU reduces computational load by using simple
gradient values, but suffers from the “dying ReLU” issue. Leaky ReLU addresses this by
allowing small gradients for negative inputs (Maas et al., 2013). This study applies Leaky
ReLU in hidden layers and a linear function in the output layer. Effective input pre-processing
enhances ML performance (Varangaonkar & Rode, 2023), while regularization techniques like
dropout mitigate overfitting. In this study, two dropout layers were applied within the LSTM.
Additionally, it was demonstrated that normalizing enhances the model's performance. This

study employed Maximum and Minimum normalization techniques (Equation 3.15).

X0 _x
J

G _ j—min
Xj—scaled - X > 0< Xi—scaled

J—max J—min

0 <1 (Equation 3.15)

Where X; is the input feature or variable, Xj.max is the maximum value of X;”, and X;.

min is the minimum value of X;®.
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Figure 3.10. Time series modeling process.
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Figure 3.11. Time series model hypertuning flow chart

b) Data preparation and feature selection
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The augmented Dickey-Fuller (ADF) test was used to ascertain whether the data were
stationary. The ADF test is carried out by first assuming the presence of a unit root in the time
series and then computing its significance statistic (p). The time-series data are said to be
stationary if the value of p is smaller than 0.1 (Hyndman & Athanasopoulos, 2018). Two
methodologies can be followed for feature selection: knowledge-based and statistical methods.

Considering the knowledge-based method, first and foremost, rainfall, affected by other factors



(e.g., evapotranspiration), is the primary element influencing the VWC response. Rainfall is a
complicated phenomenon with significant geographical and temporal variability across various
scales (Folino et al., 2023). Thus, neighboring sensors were employed to account for
unmonitored data and increase VWC prediction accuracy. This method is employed in several
relevant pieces of literature, where characteristics such as displacement, velocity of
displacement, and displacement increment are used to enhance the displacement prediction
model’s performance (Huang et al., 2022b; Meng et al., 2024; Nava et al., 2023; Xi et al., 2023;
Xing et al., 2020). Statistical methods utilize models such as the Pearson correlation (Pearson,
1895), the maximal information coefficient (MIC) (Reshef et al., 2011), the information gain
ratio approach (Quinlan, 1986), the Shapley Additive exPlanations (SHAP) algorithm
(Lundberg & Lee, 2017), Kendall correlation coefficient (Kendall, 1938), and the DL model
itself to extract the relevant features. These approaches capture the connection between two
variables, calculate linear and non-linear correlations, and discover essential and difficult-to-
recognize correlations (Li et al, 2020). This study employs Kendell, Pearson, and
MIC methods to investigate the link between the two variables, as well as provide a sensitivity
analysis to look at how DL can successfully extract features.

¢) Model benchmarks and evaluation

As illustrated in Figure 3.11, first, in this process, the target VWC values were used as input
and output to calculate a naive benchmark (the best prediction accuracy could be achieved for
the given time series). Then, the aforementioned models were compared to select a reasonable
model and set another benchmark: model benchmark (the best prediction accuracy the model
could achieve). Second, the features were analyzed to determine the optimal set and set another
benchmark: features benchmark (the best accuracy a given input feature can provide). For this
objective, six metrics were used: coefficient of determination (R?), mean absolute error (MAE),

root mean squared error (RMSE), and mean squared error (MSE). These parameters can be
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obtained as presented in Equations 3.12, 3.14, 3.16, and 3.17 (Willmott & Matsuura, 2005).
The greater the value of these parameters, the worse the prediction of the model, when values
closer to 0 indicate higher accuracy. Additionally, the standard deviation ratio (SDR) and
Pearson-R Correlation (PRC) are used to evaluate the model. Where the closest SDR to 0
highlights high accuracy (Bland & Altman, 1996) and Pearson-R Correlation (PRC) assumes
that the values should fall between -1 and +1, where -1 denotes the strongest possible
agreement, and 0 is the largest possible disagreement (Cohen, 1998). Interval predictions were
evaluated using Prediction Interval Coverage Probability (PICP) (Ge et al., 2023). Overall
performance was evaluated using the aforementioned metrics, supplemented by Mean Bias
Error (MBE). Positive MBE values indicate overestimation, while negative values denote

underestimation, as described in Equation 3.18 (Khalil & Shaffie, 2013).

RMSE = (Equation 3.16)

MSE = (RMSE)? (Equation 3.17)
1 N
MBE :ﬁZ(X[ -Y)) (Equation 3.18)

i=1

Where Y; is the specific value of the i real data, Y is the average value of the real

data, and X; is the specific value of the i predicted data.

c) Data splitting and temporal ordering

One important factor influencing the predicted value is the ratio of the training set length. An
excessively high percentage of the training set in a particular situation will lead to an inadequate
test sample size. In this instance, the test prediction values' uncertainty and variability will rise
with the model's random variable. On the other hand, a small training set will result in poor
prediction performance for the model. As of right now, there is no consistent standard that
specifies the length of the training set or how long the training set is in terms of the duration of

the entire time series. Typically, a ratio of 70% to 30% is adopted. This research used a training-
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to-testing ratio of 400:149 (73% to 27%), which will be sensitively investigated. To keep
temporal ordering and, as much as possible, have the same pattern for the triggering features
represented in each subset, the standard holdout was chosen as the validation strategy, ensuring
that the validation and test data are at the end of the series (Togneri et al., 2022). The data is
divided using the sliding technique (Hindriks et al., 2016) with a 15-day window, which will
be sensitively investigated.

d) Model optimization, training process, and implementation

For model architecture, training the model could be done effectively by choosing a) a suitable
loss function to monitor the training and validation states, and b) an acceptable optimizer to
control the initial weights, epochs, stopping criteria, fast convergence, and so on. Sensitivity
analysis was performed to select the loss function and the optimizer as follows: a) for the loss
functions, Welsch (Barron, 2019), Mean Squared Error (MSE), Huber (Gupta et al., 2020),
Quantile (Chen et al., 2020), Log-cosh (De Backer et al., 2019), Tukey's Biweight (Egrioglu et
al., 2023), and Cauchy (L1 & Li, 2023) functions were investigated; b) for the optimizer, SGD,
LAMB (You et al., 2019), AdamW (Loshchilov & Hutter, 2017), Ranger (Yong et al., 2020),
Yogi (Zaheer et al., 2018), Adamax, Nadam, Adadelta (Zeiler, 2012), Adagrad, RMSProp,
Adam (TensorFlow) were investigated. The current study used both grid search and random
search: the grid search was selected to find the trend for each parameter independently of other
parameters such as window size, number of features, return sequence layer, loss function, and
optimizer; while random search with KerasTuner (O’Malley et al., 2019) to determine the
parameters of the model, such as the neurons, the dropout rate, the Leaky ReLU parameter, and
the stepsize of the Optimizer. Visual tools like learning curves (Matplotlib package) are utilized
to understand how the model performs during validation and training. Table 3.4 contains a list
of the model's hyperparameters. Because this procedure takes time, it was only done for the

best-chosen model (Figure 3.12).
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Table 3.4. LSTM hyperparameter search space

Parameter Search space Hypertuning
Features [(R), (R+E), (R+E+V1), (R+E+V+V2tV3)] Independent
Window size [1, 5,10, 15, 20, 25, 30] tuning using a
Return hidden sequence layer. [1,2,4,8,16] grid search
Loss function [Welsch, MSE, Huber, Quantile, Log-cosh, Tukey's
Biweight, Cauchy]
Optimizer [SGD, LAMB, AdamW, Ranger, Yogi, Adamax,
Nadam, Adadelta, Adagrad, RMSProp, Adam]
Batch size [4,8,16,32,64,128]
Dropout [0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9] Dependent
Leaky ReLU [0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9] tuning using
Hidden units [64,96,128,160,192,224,256] random search
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Figure 3.12. Schematic representation of the shared network model structure

The implementation was carried out using TensorFlow (Abadi et al., 2015). Keras Tuner
was employed for hyperparameter optimization. The Sequential API was used to design the
model, incorporating LSTM, dropout, and dense layers with Leaky ReLU activation. Python
libraries supported various tasks: Pandas for data manipulation (Reback et al., 2020), NumPy
for numerical computations (Harris et al., 2020), Matplotlib for visualization (Hunter, 2007),
Seaborn for statistical plotting (Waskom, 2021), scikit-learn for preprocessing (Pedregosa et
al., 2011), and Scikit-Optimize for fitting a Gaussian distribution (Head et al., 2018). For
feature analysis, additional libraries were employed, including the statsmodels library (Seabold

& Perktold, 2010), the MINE package (Albanese et al., 2013), and scipy.stats (Virtanen et al.,
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2020). Taylor diagrams were generated using OriginPro 2025b (OriginLab Corporation, 2024).
The training was conducted on Google Colaboratory (Google Research, 2024), while
hyperparameter tuning, requiring intensive computation, utilized The Hong Kong Polytechnic
University’s High-Performance Computing (HPC) platform with an NVIDIA RTX 3080 Ti
GPU, 64 GB RAM, six CPU cores, and Python 3.10.9 (The Hong Kong Polytechnic University
HPC, 2025).

e) Interval predictions

Estimating the VWC confidence interval is essential for quantifying the uncertainty in
predicted values. This methodology assumes that the residuals () follow a Gaussian
distribution with zero mean and are independent of the input variables. The standard deviation
(o) of the residuals is computed as a measure of their spread, enabling the construction of
confidence intervals at a given confidence level (95%). Using the Z-score (z=1.96), the interval

width is calculated as interval = Z.c. The upper and lower bounds of the interval are defined as
[ y—(o2z), y+(0.z)} , respectively, where ) is the output predicted variable. The reliability of

the interval is quantified using the PICP, calculated as PICP=N_./N, where N_ is the
number of actual values within the interval and N, is the total number of validation samples.

f) Shallow rainfall-induced landslides FOS

The FOS during the progression of the wetting front in the shallow layer can be calculated as
presented in Equation 3.19 (Fredlund & Rahardjo, 1993; Tsuchida et al., 2014). This equation
accounts only for the variation of the VWC and suction with time. This assumption is valid
within the context of this study, as it is widely reported in the literature that rain-induced
landslide failures are generally shallow, with slip surfaces parallel to the slope surface (Das et
al., 2022; Saadatkhah et al., 2015; Thang et al., 2022). This equation simplifies the FOS
calculation by accounting for the temporal variation in VWC and suction. Despite its simplified

form, this approach is well-suited for evaluating the performance of the proposed model and
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its predicted VWC values. Specifically, the FOS is calculated using both monitored and
predicted VWC values, with suction derived from the VWC using the Fredlund equation
(Fredlund & Xing, 1994). For the transient seepage analysis, it is assumed no hysteresis

between the drying and wetting paths of the Soil-Water Retention Curve (SWRC). Therefore,
variations in VWC can be correlated with changes in pore water pressure 0 (9W = mwauw, This

approach offers a robust, approximate framework for quantifying the impact of VWC

prediction deviations.

¢, +yhcos’ B tang +y tan ¢
yhcos § sinf

FOS =

(Equation 3.19)

Where ¢, is the initial state of soil cohesion, y is the bulk unit weight of soil, # donates
the soil depth, £ is the soil slope, @, is the initial state of the soil internal friction angle, v is the
matric suction, which reflects the soil’s ability to retain water due to capillary forces, ¢” is the
angle that kinks the rate at which shear strength grows as matric suction increases, ¢ refer to
the normal stress acting on the soil, ¥, is the weight of soil, 7 is the shear stress acting on the
soil, and m, is coefficient of volumetric change.

As for FOS estimation using VWC and suction dynamics, Table A5 lists the slope
characteristics for the Pa Mei area. These parameters are based on relevant literature. In the
current study, the soil in the sensor response zone is identified as colluvium. Referring to the
relevant literature in Hong Kong, shallow layers typically comprise colluvium, completely
decomposed granitic, volcanic, and sedimentary rocks, which the USDA classifies as loam or
silt loam (GCO, 1982; Maunsell Geotechnical Services Ltd., 2007). Consequently, the
Fredlund-Xing parameters were derived, assuming loam soil characteristics. It is important to
emphasize that this study primarily focuses on enhancing the prediction accuracy of VWC. The
parameters listed in Table A5 serve to provide reasonable and contextually appropriate

estimations for the FOS, without affecting the core objective.
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3.3.4. Distributed Multi-Sensor (Subsurface) Prediction Model

a) Background and rationale

Complementary to the approaches in Section 3.3, this objective also aims to predict the earth’s
pressure, suction, and moisture dynamics. To clarify, this objective aims to achieve better
predictions using DL. Then, in the case of data-related issues, it can help solve the following
issues: a) enhanced the level of uncertainty due to the unavailability of rainfall controlling
features by learning from best correlated hydrological and mechanical characteristics; b)
missing hydrological or mechanical responses and how DL can outperform the superficial and
shallow statistical techniques; c¢) subsurface hydrological and mechanical response prediction
of future scenarios, supporting decision making and early warning; and d) virtual sensing and
understanding the spatiotemporal correlations among different features, aiming to reduce the
number of active sensors.

b) Modeling process

The modeling process is similar to the above-illustrated procedure (Figures 3.10 and 3.11)
except for some minor changes (Figure 3.13) as follows: the process starts with data preparation
by handling the missed and distorted data. The missing data is handled by first assuming linear
filling (Huang, 2021). The augmented Dickey-Fuller (ADF) test was used to ascertain whether
the data were stationary. The time-series data are said to be stationary if the value of the
significance statistic (p) is smaller than 0.1 (Hyndman & Athanasopoulos, 2018). This step is
followed by using the assumed linear fitted dataset with the DL model to update the filled data
(for non-stationary cases). The DL model is proposed to be trained with the best-related features
to update better and improve the accuracy of the filled data. The distorted data is handled by
dropping these values. Then, the validated values and the corresponding related features are
used to validate the theoretical deterministic model (Equation 3.20), which will estimate the

distorted values by fiddling with the equation with the related features.
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Figure 3.13. Multi-sensor prediction modeling workflow.

To clarify, distorted suction values were identified as sensor dry-out when these
conditions were met: (1) readings near zero occurred during extended dry periods with no
recorded rainfall, (2) VWC remained at dry values, and the suction—-VWC pair deviated from
the site SWCC. Flagged points were removed from the calibration dataset; remaining valid

suction—-VWC pairs were used to fit the Fredlund—Xing model (Equation 3.20) (Fredlund,
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1998; Fredlund & Xing, 1994). Since the distorted data primarily occurred during dry periods,
a simplified dry approach was adopted, assuming no hysteresis between the wetting and drying
Soil Water Characteristic Curve (SWCC). This study employs the LSTM model (Hochreiter &
Schmidhuber, 1997). The feature selection matrix is listed in Table 3.5, and the model
Hypertuning is listed in Table 3.6. The study validated the proposed model using field-

monitored data from Tung Chung and assessed its generalization using the Tsing Shan landslide

case study.
) 1n[1+"’j
17 .
0,=C s C(y)=|l-——— L Equation 3.20
,=C(y) { " () 1000000 (Equation 3.20)
[ (V/j In| 1+
Inq| e+| — v,
ay

Where, 6, is the VWC, ¢, refers to the saturated water content, «,is a suction value
related to the air entry of the soil, », is a soil parameter that reflects the slope of the soil-water
characteristic curve, y refers to the soil suction, m,a parameter reflects the residual water
content, ¢ equals 2.71828, C(w)is a correction function, and y, is the suction value

corresponding to the residual water content and can be assumed to be 1500 kPa.

Table 3.5. Multi-sensor model feature selection matrix

Features : ; Target
Rainfall Suction Earth pressure VWC
Rainfall - N v N
VWC - N v -
Suction - - - N
Earth pressure - - - v
Groundwater level - - - N
Spatially varied data - v NI N
Amended features * - N N v

*Amended (high-level) features are integrated by investigating the adequate input sequence length.
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Table 3.6. Multi-sensor model Hypertuning search space

Parameter Search space Hypertuning
Features Refer to Table 3.5

Window size (days) [10, 20, 30, 40, 50]

Return hidden sequence layer. 1 Independent

Hypertuning using a

Loss function MSE vid search

Optimizer Adam &

Batch size 16

Dropout [0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9] Dependent tuning using
Leaky ReLU [0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9] random search

Hidden units [64,96,128,160,192,224,256]

c¢) Feature selection
The selection of input features is a critical step in building a predictive model for complex
systems like landslides. This study employs a hybrid feature selection strategy, integrating both
domain-knowledge-based and statistical-data-driven methods to ensure the model captures
both the physical drivers and the complex, non-linear interdependencies of the subsurface
environment. The primary driver of landslides in the study area is rainfall; however, its effect
is mediated by the subsurface hydrological and mechanical processes. Therefore, the
knowledge-based selection was guided by the following principles: a) Rainfall data was
included as a fundamental input feature for all target variables, acknowledging its role as the
initial catalyst; b) To account for the spatial variability of the slope's response, readings from
sensors measuring different variables at different, nearby locations were incorporated. This
allows the model to learn from the spatial context and effectively treats the state of the
surrounding slope as a dynamic boundary condition; c) Key subsurface variables known to
interact mechanically and hydrologically were included as inputs for predicting other variables.
For instance, VWC directly influences matric suction and earth pressure and was therefore used
as an input feature for predicting those targets.

While the knowledge-based approach provides a physically sound foundation, it does
not quantify the strength or nature of the relationships. To refine the feature set and capture

complex temporal correlations, a two-step data-driven approach was implemented: a) The
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Pearson correlation coefficient (Pearson, 1895) was first employed to identify strong linear
relationships between potential input features and the target variables. This helped to validate
the knowledge-based selections and identify the most directly influential contemporaneous
features; b) Recognizing that Pearson correlation cannot account for time-lagged dependencies,
a critical aspect of landslide triggering, a sensitivity analysis was conducted using the LSTM
model itself. For each target variable, the model was trained using the knowledge-based feature
set. The importance of each input feature was then evaluated by analyzing the change in model
performance when that feature's historical sequence was changed. This process identifies which
features, and over what time window (sequence length), are most critical for accurate
prediction, thereby capturing non-linear and time-dependent relationships that are "difficult-
to-recognize" with static methods.

The final input feature set for each target variable was determined by synthesizing the
knowledge-based and data-driven results. This involved creating "amended" or high-level
features: a) The optimal input sequence length for each feature was determined through
sensitivity analysis during model optimization, ensuring the model was provided with
sufficient historical context to learn the antecedent conditions leading to a change in the target
variable; b) The final models predict a target variable (e.g., Suction) using a multivariate time
series input that includes contemporaneous and antecedent values of rainfall and the most
influential nearby subsurface responses (e.g., VWC at multiple locations), as identified by the
above strategy. The initial feature matrix based on this knowledge-based approach is
summarized in Table 3.5. The exact, detailed list of input features and their sequence lengths

for each predictive model is provided in Appendix Tables A9-A15.

3.4. SLOPE STABILITY ANALYSIS AND AUTOMATION FRAMEWORK (TIER 3)
3.4.1. Automated Parametrization Model

a) Background and rationale

95



A prerequisite for stability analysis is obtaining accurate soil parameters. This section presents
a methodological framework for parameterizing the hardening soil (HS) model, offered as a
clear example that can be adapted to other constitutive models. The traditional conceptual
parameterization workflow, provided by GEOSLOPE International Ltd. (2021), which has
widespread use and an established methodology, consists of three main steps: i) the
experimental approach, ii) the numerical approach, and iii) the result verification. In the
experimental approach, the soil sample is prepared, triaxial tests are performed, and stress-
strain data are collected (Figure 3.14. (a-c)). Following that step, manual parameterization
begins. The numerical approach (i.e., manual parametrization) involves parametrization of

model constraints, including: a) strength parameters (c', ¢', R,) (Figure 3.14. (d-¢)); and b)
stiffness parameters ( £/, £ , E'Y , K ,m ) (Figure 3.14. (f-))). Since this study emphasizes
the parameterization process, a concise overview of how these parameters are derived manually
is provided in the following lines. For a detailed explanation, readers are encouraged to refer
to GEOSLOPE International Ltd. (2021) for comprehensive insights: a) Concerning the

strength parameters, in Figure 3.14. (d), the ¢' is derived from the shear-normal stress space as

the intersection of the failure line with the vertical axis, and the ¢' corresponds to the slope of

the failure line. In Figure 4(e), the R, is calculated based on the slope of parallel lines in the
relationship between (&,q, / ¢) and axial strain (&,); b) For stiffness parameters, the reference

stress (o) is used to determine the failure deviatoric stress (q;ef ') following the Mohr-

Coulomb strength parameters (Figure 3.14. (g)). The E is calculated as the slope of a line

passing through the point corresponding to 50% of the failure deviatoric stress derived from a

specific triaxial test (Figure 3.14. (). The E'? is determined using the least squares method,

as depicted in Figure 3.14. (f). The E'?, is defined as the tangent stiffness at the point where
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vertical stress equals the reference stress, as shown in Figure 3.14. (h). £¢ requires results
from an oedometer test but can be approximated as a ratio of the half-failure reference stiftness,

typically ranging between 50% and 80%, depending on the soil type (GEOSLOPE International

Ltd., 2020). Similarly, the coefficient of lateral earth pressure, the ratio of lateral stress (05 )

to vertical stress (0 ), can be computed by the solver ( K, =1—sing") (Figure 3.14. (i)). The

m exponent is determined as the slope of a trend line derived from the relationship between
In(E,, / E5/ ). Typically, this exponent is assumed consistent for both loading and unloading-
reloading phases (Figure 3.14. (j)).

Figure 3.15 illustrates the automated conceptual parameterization workflow. The
proposed tool streamlines the traditional parameterization process shown in Figure 3.14. (d-j)
by automatically processing laboratory data (Figures 3.14. (a-c)) using the user-friendly APHs
tool. This tool integrates a novel multi-LSTM model focusing exclusively on triaxial test data.
In contrast to conventional methods, which depend on oedometer tests or empirical correlations

for determining parameters like E'?,

oed ?

and require unloading-reloading stress-strain data to

estimate E'?, this approach capitalizes on the proposed multi-LSTM's ability to detect

intricate patterns solely from triaxial loading test data.
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strength constants parameterization, and (f—j) stiffness constants parameterization.
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b) APHs model development
This study aims to ensure the tool's practical applicability and accurate predictions by
establishing an appropriate parameter range. This approach is essential for optimizing the
dataset size and ensuring adequate search space coverage, which is critical given that even

minor prediction errors can lead to significant simulation deviations. With this in mind, Table

A6 summarizes the parameter ranges applied in this study (strength parameters: c', ¢', R, .y,

and stiffness parameters: £'7,, EI¢ , E'Y ,m,v,, ) which are determined as follows: Field data,

laboratory tests, and relevant literature defined the boundaries for strength parameters:c', ¢',
and y . In May 2023, field sampling was conducted at multiple locations across Hong Kong

to determine the basic soil properties of the shallow layers. A total of 33 samples were collected
from 11 different locations. Laboratory tests conducted by ETS-Testconsult Ltd. (2023)
indicate that the samples primarily consist of moist, brown, silty clayey gravelly sand. These
samples were subsequently tested using small shear box tests under normal 20, 30, and 50 kPa
stresses to determine their cohesion and internal friction angle. The median values were 3.67
kPa for effective cohesion and 30.5° for the internal friction angle, as shown in Figure A3. The

range of these parameters is consistent with findings from the literature. Maunsell Geotechnical
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Services Ltd. (2007) reported cohesion values ranging from 0 to 8 kPa and internal friction
angles between 31° and 36° for shallow colluvium and completely decomposed tuff layers.
Zhou (2008) noted that typical completely decomposed granite (CDG) soils in Hong Kong
exhibit an effective cohesion of approximately 0 kPa and an internal friction angle of around
35°. Wong (2020) recommended values of 5 kPa for cohesion and 36° for the internal friction
angle for fill/colluvium soils based on extensive testing. Observations from the small shear box
tests indicate that dilation can reasonably be assumed to be negligible (Zhou, 2008).

Concerning stiffness parameters (i.e., £/ ,E¥ ,E? ,v,, ), relevant literature guided

oed > 50 > Hur
the establishment of the parameter boundaries (refer to Table A6). Local studies, such as those
by Lee et al. (2008), Lam (2018), and Lu et al. (2018), reported typical ranges for soil

parameters suitable for modeling. Specifically, they found that £’7=0.7to 1 E.7 , while E/¢

50 °

=2t03 E[Y . For example, Lu et al. (2018) reported values of 20.78 MPa for £’/ ,7.573 MPa
for g7, and 10.39 MPa for £ for a CDG layer, with v, of 0.2 and » =0.517. Lam (2018)

considered values of 10.5, 45, and 15 MPa for £’ , E', E!7, respectively, while Chan et al.

ur 50 2

(2021) used 5 MPa for both £’¢, and E.¢, with 15 MPa for £’¢ in a fill layer. The minimum

0
and maximum values listed in Table A6 were determined to ensure reasonable coverage of the
parameter values discussed above. For ¢', the range of 0 to 8 kPa was adopted. Similarly, ¢'
, since all literature suggests values greater than 30°, which aligns with the laboratory tests,
lower values (i.e., below 28°) were not considered. This provides a comprehensive range

between 29° and 36°. £ was chosen to cover a broader range (10 to 50 MPa) than typically

reported. For parameters that lack a clearly identified range, such as Rf ,m, and v ., a wider

range have been adopted to consider all possible scenarios. Most importantly, to ensure that the
generated search space aligns with the theoretical assumptions, the maximum values of Eggf |

are capped to 0.5E'¢ and, similarly, £/, assumed to fall within the range of 0.5 to 0.8 £ .
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These soils are assumed to be fully saturated, normally consolidated, and non-dilative (Ng et
al., 2001; Zhou, 2008). These conditions establish a solid framework, with future work
expanding it to a broader range of scenarios.

c¢) Latin hypercube sampling (LHS)

Modeling all scenarios within the parameter range specified in Table A6 requires an extensive
number of samples, making manual sampling impractical. To address this, the study utilizes
LHS (McKay et al., 1979), a statistical method that ensures efficient and comprehensive
parameter space coverage. LHS is a stratified sampling technique that ensures each parameter's
range is divided into (n) intervals of equal probability, with one sample taken from each

interval. For a given parameter (P;) with arange [P_. ,P__ ], the sampling values are defined

as illustrated in Equation 3.21. This process is repeated for all parameters, ensuring an evenly
distributed and non-overlapping sampling across the multi-dimensional parameter space. LHS
achieves efficient coverage, reducing the number of simulations needed compared to simple

random and Monte Carlo (MC) sampling methods (McKay et al., 1979; Wang, 2022).

).ﬂ,j e{l,2,...,n} (Equation 3.21)

P =P+ (P — P
n

i,max i,min

Where j is the sample index, 7; is a random value in [0,1), ensuring uniform randomness

within each interval, and # is the number of samples

d) Numerical model for triaxial test

The samples generated using LHS within the parameter ranges specified in Table A6 were
simulated using an axisymmetric finite element model in SIGMA/W (Geostudio, 2023c). Key
considerations include a) Modeling strain up to 40% to cover a wide range of behavior; b)
Ensuring all parameter sets reached apparent failure before 40% strain; sets not meeting this
condition were adjusted manually; c¢) Conducting triaxial simulations under confining

pressures (o,) of 100, 200, and 400 kPa; d) Extracting ;and volumetric strain (¢&,) at &,
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increments of 0.4%. Extracting &, in small increments helps represent each curve with enough

points, minimizing the impact of any potentially noisy data. Figure 3.16 illustrates the model's
boundary conditions and dimensions to simulate a conventional drained triaxial test. The model
is built as an axisymmetric 2D simulation (in an —z coordinate) that leverages the assumption
of rotational symmetry about the axis. This allows it to capture the essential 3D behavior
without the full computational cost of a complete 3D simulation.

y-displacement

o, (0.4% increment)
-
. Isotropic o |  Hardening
elastic model
L i
= o
g e :> s é N e E
o= E k=] 0—3 8 g
S : 212 B2
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— | “ P
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25 mm - 25 mm
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Figure 3.16. Axisymmetric finite element model (SIGMA/W)

e) LSTM model development

The LSTM model was developed and trained using an augmented dataset generated within the
parameter ranges outlined in Table A6. Each dataset sample, representing a simulated triaxial

test, comprises six curves: ¢ versus &, and g, versus g, each under o, =100,200,400 kPa

. The temporal dependencies within these curves make the LSTM architecture a suitable choice.
The model aims to predict strength and stiffness parameters for the HS model, but several

challenges necessitate tailored pre-processing and design considerations: a) The varying scales
of parameters (e.g., Eggf vs. ¢') require normalization to ensure consistent training; b) The

distinct nature of predicted parameters necessitates a multi-model approach for optimal

accuracy; ¢) Some parameters, like ¢', may include zero values, requiring metrics that account
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for sparsity; d) Triaxial test measurements used as model inputs (no additional feature selection
process is necessary), with no inter-sample temporal dependencies (i.e., no overlap between
samples); €) Each sample has inherent temporal dependencies within its features. The following
subsections detail critical steps in developing the LSTM model:

f) Data preparation

The data preparation process is structured into key steps to ensure compatibility with the LSTM
model, optimizing its performance through proper pre-processing. These steps are described as
follows: a) Normalization: input features X and target variables y are standardized to ensure
consistency and mitigate sensitivity to varying scales of the features. Standardization
transforms values into a standard normal distribution with zero mean and unit variance (LeCun
et al., 2015); b) Reshaping and temporal ordering: input features are reshaped into a three-
dimensional format, to capture the sequential and temporal dependencies, represented by axial
strain increments, required by the LSTM model; ¢) Multi-model approach: seven distinct
LSTM models are trained, each focusing on predicting a single HS model parameter per case.
This approach emphasizes the unique characteristics of each target and applies weighted losses
to account for their differing scales and importance (Bengio, 2012); d) Data splitting and
randomization: case indices are shuffled to ensure a random distribution, minimizing biases
from ordered data. The dataset is then split, with the validation set comprising 20% of the
training set, maintaining representativeness.

g) Feature selection

This study utilizes triaxial test results as input features, as these measurements directly capture
the physical behavior of soil under varying confining pressures. Given these features' inherent
physical meaning and well-established relationships with the target parameters, no additional

feature selection process is necessary. The input dataset includes stress-strain curves: ¢ versus

g, and g, versus &, under o, =100,200,400 kPa, and v,, . Each triaxial test is considered
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an independent sample, where temporal dependencies are present only within the sample itself.
There are no temporal dependencies between different samples. To quantify the correlation
between each feature and the target parameters, feature importance was assessed using the
permutation method. This approach evaluates the effect of each feature on model performance
through the permutation of its values and observing the resulting change in error (Fisher et al.,
2019). By comparing the baseline error with the error after permuting each feature, the
importance of each feature was quantified. The error was evaluated using mean absolute error
(MAE). This approach is ideal for time-series models like LSTM, as it preserves the temporal
structure of the data, making it more suitable than model-agnostic methods like SHAP, which
are typically used for static datasets.

h) Model structure, training, and optimization

Figure 3.17 presents a schematic view of the model architecture designed for predicting a single

output parameter. The input, representing a triaxial test, comprises numerical variables (6
temporal triaxial curves and 1 constant feature U, ). Temporal variables are sampled at regular

axial strain intervals to maintain a consistent window size across all samples. The pre-processed
data was reshaped into a three-dimensional tensor. This study employs seven parallel LSTM
networks, each following the architecture depicted in Figure 3.17, to accurately predict the
seven HS model parameters. The design, training, and optimization processes of the model are
detailed in the subsequent lines: To enhance the performance of the LSTM model, each hidden
layer employed the Leaky Rectified Linear Unit (Leaky-ReLU) activation function to improve
the model's nonlinear characteristics. The Leaky-ReLU addresses the "dying ReLU" problem
by allowing a slight, non-zero gradient for negative input values (Qi et al., 2024). This study
incorporated dropout and L2 regularization techniques to mitigate overfitting in the LSTM
model. Applying both methods can improve the generalization performance on unseen data.

Dropout minimizes the risk of neurons becoming overly reliant on one another, while L2
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regularization ensures that the weights remain small (Srivastava et al., 2014). The Mean
Squared Error (MSE) was utilized as the loss function, while the Adam optimizer was
employed for model training, as it is more adaptable and efficient. An Early Stopping criterion
was applied to select the best-performing model weights and prevent overfitting or underfitting
issues. Learning curves were analyzed to monitor the model's performance during training and
validation. The hyperparameters of the LSTM model, such as the number of neurons, dropout
rate, the L2 parameter, the batch normalization technique, and the Leaky-ReLU parameter,

were determined through the Bayesian optimization technique (Snoek et al., 2012) with a

search space outlined in Table 3.7.
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Figure 3.17. APHs model architecture for a single parameter.
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Table 3.7. APHs model design parameter search space

Parameter Search space/value
Features (6) temporal features (triaxial curves) and (1) constant feature (v,, )
Window size (¢ _range) (102)

(2) LSTM return sequence (N;: 256, 512, 1024 units)
Hidden layers (Hidden units) (1) LSTM non-return sequence (N: 128, 256, 512 units)
(1) Deep neural network (DNN) (NVs: 64, 128, 256 units)

. - . Where y, represents the actual value, j, is the

Loss function MSE=-)" S5 . . .
n=" predicted value, and » is the number of data points.

Optimizer Adam
Dropout (D:0.1,0.3,0.5,0.7,0.9)
LeakyReLU (LR:0.1,0.3,0.5,0.7,0.9)
L2 regularizers (L2:0.0001, 0.001, 0.01, 0.1)
Batch normalization (B: True, False)

1) Model evaluation

For this objective, three primary metrics were employed to evaluate model performance: MAE,
Mean Absolute Percentage Error (MAPE), and Normalized Mean Absolute Error (NMAE).
These metrics assessed the model's accuracy in predicting each parameter. MAPE measures
the error percentage relative to the actual values, as described in Equation 3.22. However,

MAPE can be sensitive to small or large values of (y,), leading to disproportionate errors. To

mitigate this issue, the NMAE is proposed. NMAE normalizes the MAE over the parameter
range, providing a more balanced metric regardless of the parameter's magnitude (Equation
3.23). Lower values of MAE, MAPE, and NMAE indicate higher accuracy, with values
approaching zero being ideal. Additionally, the coefficient of determination (R*) was used to
quantify prediction accuracy further. R? is a statistical measure of how well the predicted values
align with the actual values. A higher R? value (closer to 1) indicates better predictive
performance, while a lower value signifies worse accuracy. The Monte Carlo (MC) dropout is
integrated to quantify predictive uncertainty (Gal & Ghahramani, 2016) (Equation 3.11). It is

important to note that while all these metrics offer valuable insights into model reliability, MAE
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is beneficial because it quantifies errors in the same units as the parameter, thereby facilitating

direct deterministic geotechnical interpretation.

MAPE = lz Yi7Vil 100 (Equation 3.22)
ni-| Y
NMAE = MAE/(ynm —ymin) (Equation 3.23)

Where y, represents the actual value, j, is the predicted value, » is the total number of
predictions, y . and y_. represent the maximum and minimum values of the parameter

range, respectively, and y is the mean of the observed data.

3.4.2. Numerical Slope Stability Modeling (Focused Site Specific Analysis)

a) Background and rationale

The main objective of this research is to develop an accurate, practical, and cost-efficient
approach to reducing landslide risk. One way to achieve this aim is an exact simulation utilizing
numerical analysis in which the following questions, which have rarely been addressed earlier,
are covered, underlining the uniqueness and relevance of this study: Why do specific locations
report landslides in particular areas? Where should the monitoring locations be distributed?
How does the data frequency affect the temporal prediction? This objective addresses the
earlier questions by developing a rigorous analysis framework to predict pre- and post-failure
mechanisms. The framework employs non-, partially-, and fully coupled analyses using the
commercial packages Geo-Studio (2023) and MPM (Anura3D, 2023).

b) Numerical modelling process

Figure 1.7 shows the analysis framework where the modeling process began with: a) seepage
analysis using SEEP/W (Geo-Studio, 2023a). The soil water characteristic curve and the
hydraulic conductivity functions are back-calculated to match the field-monitored data. Then,
the pore water pressure will be exported to the SLOPE/W using Bishop analysis with the entry-

exit method boundary condition to calculate the deterministic FOS (Geo-Studio, 2023b). This

107



step validates and back-calculates the hydraulic characteristics of the landslide owing to the
convergence advantages of uncoupled analysis, considering the actual real-time random
variation of the external triggering. The hydraulic characteristics calculated from the uncoupled
analysis are exported to the coupled analysis, which employs an implicit integration approach
known as SIGMA analysis (Geo-Studio, 2023c); b) Then, the constitutive model is
parameterized from laboratory tests and field deformation monitoring to back-calculate the
mechanical characteristics. This process is automated as illustrated in Section 3.4.1 by
coupling the APHs tool with numerical analyses, while real-time sensor measurements (Section
3.3) will dynamically update the model. For identified historical landslides, the fieldwork, such
as the slip surface determined by the trial pits, is used to validate the results. Next, stresses and
water pressure are exported to SIGMA to analyze the local and global FOS, considering the
coupled mechanism of the water pressure and slope deformation. This step validates and back-
calculates the mechanical characteristics of the landslide, providing accurate predictions. This
process provides novel insights into the spatial distribution of landslides, determining optimal
monitoring locations and evaluating the impact of data frequency on temporal prediction; and
¢) Unsaturated material with two phases with suction effect MPM is utilized in this study as a
large deformation analysis to simulate the travel distance and debris velocities (Ceccato et al.,
2021). The mechanical and hydraulic characteristics from the small deformable analysis are
exported to the MPM. The initial conditions (groundwater level and hourly infiltrated rainfall)
are imported from the seepage non-deformable and small-deformable analysis before failure
(Soga et al., 2016). Field experiments, such as the debris flow velocity and travel distance,
were used to validate the model.

c¢) Parametric analysis

Additionally, a parametric study is proposed to account for the regional geometric effect aiming

to identify the vulnerable locations for effective monitoring with the following reasonable
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assumptions (refer to Figures 3.18 and 3.19): a) Local single slope to 10 km?; b) has similar
hydromechanical characteristics; ¢) the spatial variation of the triggering feature is neglected;
d) the surface geometric effect is neglected (i.e., surface natural drainage channels); e) the
geometry is simplified to be axisymmetric converging or diverging neglecting the complex
field geometry, investigating how the ratio R/r controls the regional geometric effect.
Furthermore, knowing that rainfall dynamics are controlled by intensity, duration, non-rainfall
durations, and patterns (the pattern is controlled by data frequency (i.e., the pattern of hourly
time steps is different from daily or monthly ones), different hourly and daily rainfall patterns,
and several patterns, durations, intensities, and non-rainfall periods were numerically modeled
(refer to Figure 3.20). This will aid in selecting the appropriate frequency rate that achieves
optimum power usage with reasonable accuracy. Additionally, this study will help define the

optimum antecedent period that will improve the I-D threshold accuracy.
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Figure 3.18. Schematic view of the parametric study highlighting the converging and
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Figure 3.19. 3D schematic view of curvature features (modified from Giuseppe et al., 2016).
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Figure 3.20. Schematic view of the rainfall controlling features.
e) Non-coupled analyses
This analysis utilizes the simplified Bishop approach with a modified Mohr-Coulomb failure
criterion that allows for shear strength change owing to matric suction in the limit equilibrium
analysis to achieve the framework mentioned above. The governing differential equation for
saturated and unsaturated water flow through a two-dimensional unsaturated soil is illustrated
throughout Equation 3.8 (Lam et al., 1987). This process can be well represented by the VWC

and hydraulic conductivity functions (Fredlund & Xing, 1994). The change in pore water
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pressure can be attributed to the change in VWC (66, =m,ou, ) (Lam et al., 1987). To predict

shear strength on unsaturated soil, Fredlund et al. (1978) developed a linear relationship from
the Mohr-Coulomb failure criteria (Equation 3.7). Vanapalli et al. (1996) developed a non-
linear shear strength equation using the normalization of the VWC function (Equation 3.24).
f) Partially-coupled numerical analyses

Changes in climatic conditions or infiltration-related effective stress lead to volume changes in
the coupled stress and pore water pressure analysis. Equations 3.25 (load and deformation
equation) and 3.26 (pore pressure and flow equation) are the two equilibrium equations.
Equation 3.27 results from a coupled analysis where the seepage and deformation analyses are
solved by a numerical combination of the two equations (Geo-Studio, 2023c). The VWC of the
saturation zone in the uncoupled analysis is constant and equal to the porosity of the soil. In
the coupled analysis, the volume compressibility my (Equation 3.28) equals the slope of the

saturation zone curve.

r=c'+o,, tang'+ o, S, tang' (Equation 3.24)
[K,{Ad} = {AF} (Equation 3.25)
[ KLY/ [LY K, ] [{Ad / Au} = {AF / AQ} (Equation 3.26)
[K, J{Au} ={AQ} (Equation 3.27)
m, = 3(1—T2v) (Equation 3.28)

T, ¢', @', onet, and oy represent the shear strength, effective cohesion, effective friction
angle, net normal strength, and matric suction, respectively. S. represents the effective degree
of saturation. K and Ky, denote the material and element characteristics of the solid and water
states. F means the nodal load or force, d represents the nodal deformation, Q is the nodal flow,
u is the nodal pore water pressure, and L is a coupling matrix. E is the modulus of elasticity,

and v is the Poisson ratio.
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g) fully-coupled analyses

The particle-based MPM considers the material as a collection of material points. Newton's
laws of motion define how those points deform (Sulsky et al., 1995). The medium is classified
as solid, liquid, or gas in the material point technique (Anura3D, 2023). Just one material across
two phases (solid (s) and liquid (L)) is simulated, with the two unknowns being the acceleration
(as and ar) (Ceccato et al., 2019). The bishop concept determines effective stress, which
considers partial saturation. The equation of Van Genuchten (1980) is used to simulate the soil
water characteristic curve (SWCC), whereas the equation of Mualem (1976) is used to model
the hydraulic conductivity function. Fully coupled hydromechanical behavior is captured in

Equations 3.29 and 3.30 using dual momentum balance equations, detailed in Anura3D (2023).

S

(1-n)pya, =V.(c—nSul)+(p, —nSu) b+ ”k Z‘L V.-V, (Equation 3.29)
nSu, .

p,a;, =Vu+u.b- p (V.=V5) (Equation 3.30)

Here, n represents porosity, / stands for identity matrix, b for body force vector, p, for
mixture density, ; for intrinsic permeability, x4, for liquid dynamic viscosity, V; for liquid phase
volume, and Vs for solid phase volume.

3.4.3. Automated Slope Stability Analysis Model (A Hybrid DL—Physics Model)

a) Background and rationale

As illustrated earlier in Section 2, regional landslide forecasting has traditionally relied on
physically based deterministic models like TRIGRS (Baum et al., 2008) and SINMAP (Pack
et al., 1998). While theoretically robust, their operational application for real-time early
warning is hindered by extensive data requirements. As a result, empirical rainfall thresholds
are often used as a practical alternative, but these typically oversimplify the process by
specifying only a minimum rainfall amount and fail to account for dynamic factors like
antecedent soil moisture (Guzzetti et al., 2025). Although more advanced "causative
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thresholds" that integrate variables such as soil suction and groundwater levels have been
proposed (e.g., Bednarczyk, 2018; Cao et al., 2020), they remain challenging to apply
regionally. Collectively, a clear gap exists for a methodology that can capture the physical,
time-dependent response of slopes at a regional scale without the prohibitive data demands of
deterministic models. This objective bridges this gap by developing an integrated approach that
leverages both data-driven and physical models. The core of this novel framework is the use of
DL to simulate spatially distributed saturation levels, learning the complex relationship
between historical rainfall patterns and slope saturations from past landslide incidents. These
predicted saturation levels are then integrated into an infinite slope stability model (Equation
3.31; Huang et al., 2025), thereby incorporating fundamental soil characteristics and
mechanical principles. This technique combines the predictive power of DL with the physical

rigor of stability equations, mitigating spatial uncertainties.

'

c J.tan(gﬁ ) 5.c0'.e 0%

(1_ SSLy,
+ +
7,.Z".sin(f).cos(fB) tan(f) H'y,

N

FOS =

(Equation 3.31)

Here, SSI is the soil saturation index automated through DL algorithms, Z’ is the
Vertical sliding depth, and /'’ is the vertical height from slope toe to crest.
b) Modelling process
This framework is operationalized into an interactive, user-friendly interface for early warning,
using Hong Kong as a case study. The multi-data-driven model was trained on natural hillside
landslide data from 1984 to 2022 (data.gov.hk) using LSTM (Hochreiter & Schmidhuber,
1997) and 1D CNN (Kiranyaz et al., 2021). Acknowledging the inherent uncertainties in data-
driven forecasts, this study validates the model's probabilities against a deterministic seepage
stability analysis (Geo-Studio, 2023a, b) for a real-world case: the 2005 Fei Ngo Shan Service
Reservoir in Hong Kong (Maunsell Geotechnical Services Ltd., 2007). Although tailored to

Hong Kong's natural slopes, the framework's methodology is adaptable to other regions with
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appropriate data and parameter tuning. Figure 3.21 illustrates the overall study design. The
modeling process and deployment follow the steps illustrated in Section 3.2. Table 3.8 lists the
model parameter search space, and Figure 3.22 shows the model architecture for the CNN as
an example. For the interface, geospatial functionality was implemented using coordinate
transformations with Proj4js (PROJ contributors, 2023) in the web interface, spatial queries
with Scipy's KDTree (Virtanen et al., 2020), and interactive mapping with Leaflet (Agafonkin,
2023), while the decision-support system was developed as a custom web application with an

HTML frontend and Python backend.
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Figure 3.21. Schematic view of the hybrid model design and workflow.
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Figure 3.22. Schematic diagram of the DL model (CNN as an example) architecture.

Table 3.8. DL models design parameters and search space

Search space/value

Parameter

LSTM CNN
Features (1) time series features (rainfall) and (9) non-time series features
Window size )
(antecedent period) 4 weeks (i.e., 28 days).

Padding/Kernel size

Same/(K: 3, 5)

] return sequence (Ni: 256, 512, 1024) [2] Conv 1D (Ni: 256, 512, 1024)

[Hidden layers]

[1] Conv 1D (N,: 128, 256, 512)

(Hidden units/filters)

[2
[1] non-return sequence (N»: 128, 256, 512)
[1] deep neural network (N3: 64, 128, 256)

Loss function

Binary cross-entropy = —(1 / n)z‘::l [yi 10g()7l,)+(1 -y, )log(l -7, )}

Here, ), is the true label, j; is the predicted probability, and # is the number of events.

Loss weights

1:2 ratio (non-landslide to landslide events, respectively)

Optimizer

Adam

Dropout/LeakyReLU

(D: 0.1,0.3,0.5,0.7, 0.9)/(LR: 0.1, 0.3, 0.5, 0.7, 0.9)

L2 regularizers

(L2:0.0001, 0.001, 0.01, 0.1)

115



¢) Model assumptions

To ensure the model's regional applicability across Hong Kong, key assumptions and boundary
conditions were defined based on the area's distinct geoenvironmental context. The region is
dominated by natural hillslopes underlain by colluvium and completely decomposed granitic,
volcanic, and sedimentary rocks. These materials form a shallow mantle (1-36 m) of silty,
clayey, gravelly sands that are highly susceptible to rainfall-induced failure, a vulnerability
exacerbated by urban development in a territory where such slopes constitute 60% of the land
area (ETS-Testconsult Ltd., 2023; Hencher & Lee, 2010; Lam, 2018; Maunsell Geotechnical
Services Ltd., 2007; Ng et al., 2001; Ng & Shi, 1998). A foundational assumption for model
development is that historical landslide incidents occurred under conditions of high saturation.
This premise allows the data-driven model to learn the critical hydrological signatures
associated with failure from the historical record. The primary triggering factor is the inherent
randomness of rainfall, while other spatially and temporally variable factors are treated as
follows: a) Hydrological process: In Hong Kong's humid climate, the rainfall-runoff-
infiltration process is simplified to infiltration and runoff components. Recognizing that each
rainfall event exhibits a unique runoff ratio, this variability is accounted for by grouping data
by zone and incorporating corresponding topographic features, which implicitly reflect the
event-specific runoff ratio through their influence on actual infiltrated rainfall; b) Soil
properties: the soils exhibit a saturated hydraulic conductivity ranging from 5x107¢ to 3.5x10™
m/s (GCO, 1982), with representative shear strength parameters (cohesion ~5 kPa, friction
angle ~36°) (Wong, 2020). To accommodate spatial variability, the predicted saturation levels
are integrated into an infinite slope stability model (Huang et al., 2025), which assigns unique
soil designations to each incident; c) Vegetation: given the difficulty in obtaining high-
resolution temporal data on vegetation for each landslide incident and its relatively minor

influence on triggering in this context, vegetation cover is treated as temporally uniform (Qiu
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et al., 2024).To accommodate the spatial variability, cases by location were grouped, assigning
each incident a designated zone where similar spatial attributes are assumed; and d)
Topography: key topographic features that control infiltration and subsurface flow are
explicitly incorporated into the spatial analysis.

3.5. SUMMARY

This chapter details the methodologies implemented to achieve the research objectives. It first
presents the DL algorithms and the modeling framework developed to enable operational, first-
tier landslide prediction. The framework is then adapted for sensor-based prediction, where a
novel time-series modeling technique is introduced to improve monitoring-system
performance. Finally, the chapter describes a methodology for automating slope-stability
assessment: a standalone tool for automatic parameterization and an integrated automated
system that couples DL with deterministic stability equations. Collectively, these

methodologies aim to establish a robust and effective monitoring system.
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CHAPTER 4: DATA COLLECTION AND CASE STUDY
4.1. INTRODUCTION

This chapter describes the data collection employed in this study. It compiles a comprehensive
dataset that integrates three complementary sources: historical landslide records, sensor-
derived measurements, and synthetic data generated by finite element modeling. These datasets
were used to train, validate, and test a predictive system designed to mitigate limitations in data
availability and to capture spatial and temporal variability in landslide behavior. Below are the
dataset components and their roles in the study.
4.2. HISTORICAL LANDSLIDE RECORDS DATASET
Focusing on natural landslides in Hong Kong, the dataset comprises events from 1984 to 2022
(data.gov.hk). Sensor-based rainfall measurements were retrieved from data.gov.hk and
integrated with supplementary geospatial data, including slope, elevation, curvature, and soil
type, sourced from the interactive Geotechnical Information Infrastructure platform
(ginfo.cedd.gov.hk). The dataset was constructed as follows: a) For each landslide incident, the
date was determined using the “Fail Date” when available; if not, the “Call Date” was used.
Incidents for which spatial characteristics could not be extracted from the “ginfo” platform
were excluded; b) Non-landslide events are identified as the two antecedent events preceding
each recorded landslide. This creates a temporal sequence of three consecutive events: two
non-landslide events followed by one landslide event. For example, if a landslide occurred on
January 1, 2020, the non-landslide events are defined by the rainfall periods from October to
November and November to December, while the December to January period is the landslide
event. This short-term window mitigates the confounding effects of long-term temporal
changes, such as vegetation dynamics or human activities;

c) Landslides are explicitly defined as events with a minimum volume of 1 m?®. Reported

incidents falling below this threshold are classified as non-landslide cases, a distinction that
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enhances the model's capacity to differentiate between susceptible and stable zones. This
classification approach yields a spatially imbalanced dataset that more accurately reflects real-
world landslide distribution patterns; and d) The aggregation of these sequences across all
incidents resulted in a final dataset with an overall ratio of approximately 3:1 (3,733 non-
landslide to 1,307 landslide cases). While a balanced 1:1 ratio is common (Wang et al., 2020b),
it fails to represent the real-world imbalance where stable conditions significantly outnumber
failures. Although extreme class imbalance can impair model performance (Xiao et al., 2023),
the chosen 3:1 ratio represents a pragmatic compromise to better reflect real-world conditions.
A systematic investigation of the optimal class ratio is designated for future work.

Figure 4.1 presents the Hong Kong map with the marked landslide incidents. In
addition, it displays the non-landslide cases and the rain gauge locations. The statistical
characteristics of each feature for landslide and non-landslide cases are provided in Tables A7-
A8, with some selected features illustrated in Figures 4.2 and 4.3. These tables list the
distribution and frequency of each feature for both landslide and non-landslide events, while
Table 4.1 provides a detailed description of these features. However, it should be emphasized
that the features above require manual extraction and are not automatically derived. Therefore,
key topographic attributes, including slope, elevation, curvature, Topographic Roughness
Index (TRI), aspect, and Topographic Wetness Index (TWI), were extracted from a digital
elevation model to describe the geomorphological setting, as summarized in Table 4.1 and
expanded in Table 4.2. Figure 4.4 presents: (a) a pair plot of the training dataset, and (b) key
topographic attributes derived from DEM analysis, including Elevation, Slope, Aspect,
Curvature, TRI, and TWI, characterizing the study area's geomorphology. The significant
overlap between landslide and non-landslide features underscores the dataset's inherent
complexity, necessitating advanced DL models capable of discerning subtle, non-linear

patterns that conventional methods may miss.
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Table 4.1. Overview of key features and their justification

Feature Condition Description/ Justification Units
CR(1-4)W The amount of rainfall for the antecedent (1-4) Numerical (mm)
weeks
MRI The maximum intensity during the antecedent 4 Numerical (mm)
weeks
The number of rainy days that recorded > 10 .
RD mm/day for the antec};den}; 4 weeks Numerical (day)
Rainfall Dynamic Rainfall The antecedent window, sensitivity selected, of Numerical
daily rainfall with real patterns (Figure 4.2) (mm/day)
The antecedent rainfall window is defined as a period of continuous daily rainfall,
incorporating observed real-world patterns (see Figure 4.3). Three distinct
consequence events are modeled for each incident, each maintaining its internal
temporal dependencies while remaining independent. This approach represents real-
world data imbalances.
This feature quantifies the antecedent moisture state preceding the
rainfall event, thereby enabling the differentiation of similar rainfall ~ Categorical:
patterns that stem from distinct initial conditions.
Initial D . As an example, Figure 4.3 shows that some events could be initiated Jan. (1),
Month yRamic - nder high suction during dry months (i.e., April), a scenario that Feb. (2),
would be markedly different from a comparable event initiated under ~ Mar. (3),...
nearly zero suction during wet months (i.e., August). This justifies Dec. (12)
the consideration of the initial month as a boundary condition.
This feature represents the average gradient measured across the .
. . . Numerical
Slope Static area corresponding to each incident. (degrees)
Steeper slopes often correlate with higher landslide susceptibility. &
This feature captures the localized regional geometric effect,
including lateral flow, to differentiate spatial configurations
under similar triggering conditions. Despite comparable Categorical:
triggering and initial conditions, it may address why some areas
Curvature Static record shallow landslides while others do not. Planner (0),
In diverging topographies, water flows from a confined areato a Converging (1),
broader region, limiting lateral flow and restricting the rise in ~ Diverging (-1)
perched groundwater level (by mass conservation). In contrast,
converging areas exhibit the opposite (Figure 3.19).
This feature denotes the vertical height of the incident's location
above mean sea level. Numerical
Elevation Static Elevation correlates with variations in geology. Moreover, it (meters)
affects water flow and groundwater accumulation (Guzzetti et al.,
1999).
Material . . . . . .
.. Static The landslide material: Categorical: Soil (1), Soil & Rock (2), and rock (3)
description
Nearby . The. near§st structure to the slops:: Categorical.: Roads (1), Paths (2)., Drainages (3),
SHUCHTes Static Residential Areas (4), Construction & Industrial Areas (5), Recreational Areas (6),
Public Facility (7), Open Spaces (8), and Hillside (9).
The Hong Kong map is segmented into 95 distinct zones, each Categorical:
represented by a rain gauge location. HO1 to H30 (1-
Zone Static It is essential to factor in the spatial variability of soil properties ~ -0)» K01 to K10
and vegetation cover, as these elements significantly influence (31-40), NO1 to
hydrological processes (Wong and Ho, 1996). N55 (41-95)
The distance between the nearest rain gauge and the landslide
Soil wvariability in each zone should be accounted for.
Zone Static Additionally, it is essential to account for the spatial uncertainty Numerical
distance in rainfall, as rain gauge data may not accurately represent (meters)
localized rainfall intensities at the incident location (Wicki et al.,
2021).
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Figure 4.1. Map of Hong Kong showing locations of the validation case study, raingauges,

landslides, and non-landslide incidents. Basemap imagery provided by Esri and its partners.
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Figure 4.4. Cont. b) Key topographic attributes from the DEM characterizing the study area's

geomorphology: (a) Elevation; (b) Slope; (c) Aspect; (d) Curvature; (e) TRI; (f) TWI

Table 4.2. Overview of key features extracted from the DEM

Feature Condition Description/ Justification Units

This feature quantifies the concavity or convexity of the terrain surface. Numerical

Curvature Static Concave areas (negative curvature) promote water concentration, while (1/m)
convex areas (positive curvature) encourage water dispersion.
This feature is the Topographic Wetness Index, which models the propensity

TWI Static of an area to accumulgte 'Water. ' _ _ Numerical
Higher TWI values indicate a higher likelihood of saturated conditions, (unitless)
which can decrease slope stability.
This feature is the Terrain Ruggedness Index, measuring the elevation

TRI Static differenge be@een a cell and i.ts sprrf)undings. : Numerical
Areas with high TRI values, indicating rough and steep terrain, are often (meters)
more susceptible to erosion and shallow landslides.
This feature describes the compass direction that a slope faces. Numerical

Aspect Static Aspect influences soil moisture and vegetation through differential solar (degrees)

exposure and wind effects.
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4.3. GEOTECHNICAL INVESTIGATION AND LABORATORY DATASET

Figure 4.5 shows the validation case study used to assess the model: The 21 August 2005
landslide at the Fai Ngo Shan Service Reservoir (Maunsell Geotechnical Services Ltd., 2007).
On 21 August 2005, a landslide triggered a debris flow of approximately 3350 m?. The landslide
is roughly 100 m NW of the reservoir, 210 m west of Fai Ngo Shan Road, and 280 m west of
Pak Fa Lam Road. Extensive field investigations and laboratory tests conducted provided the
data necessary for constructing the physical model: Ground investigations (trial pits, drill holes,
trenches, and slope strips) were carried out from March to May 2006, followed by monitoring
installations (standpipes, piezometers) from July to September 2006 and tensiometers from
March to September 2006. Laboratory tests assessing shear strength and mechanical and
hydrological properties further informed the numerical modeling process, detailed in (Maunsell
Geotechnical Services Ltd., 2007). Figure 4.5 shows the tensimeter locations (T1, T2, T3, and
T4) at depths of 0.50 m (A), 1.00 m (B), and 1.50 m (C). Section A corresponds to tensimeters
T3 and T4, while Section B designates T1 and T2. Groundwater levels, the lowest and the
highest, are shown at four locations (BH1, BH2, BH3, and QP4). The soil profile is
characterized by four layers: colluvium, completely decomposed tuff (CDT), medium to highly
decomposed tuff (M/HDT), and medium to slightly decomposed tuff (M/SDT). These soil

properties are listed in Table 4.3.
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Table 4.3. Soil characteristics at Fei Ngo Shan (Maunsell Geotechnical Services Ltd., 2007).

Material Colluvium CDT MDT SDT
Cohesion, ¢ (kPa)'? 4 6.5 10
Internal friction angle, ¢’ (deg.) ' 35 38.5 45
Unit weight (kN/m?) 123 14 17 19 23
Modulus of deformation (MPa) # 16 20 5000
Poisson's ratio (v)* 0.35 0.3 0.2
K (m/s)!? 2.4x10° 1.5x 1073 1.8x 1073 2x 107
a (kPa) 20.3 63.14 110.48
Fredlund - Xing n 2356 2.118 2015
Parameterss-67 m 0.562 0.665 10.618 Saturated
0.(0) 0.452 (15%) 0.444 (15%) 0.43 (15%)

(Maunsell Geotechnical Services Ltd., 2007); 2(Wong, 2020); 3(Liu et al., 2022); 4(GCO, 2000); 3(Davis, 1952;
Ng & Shi, 1998); ®(Fredlund, 1998); "(Fredlund et al., 1996); 8(Carsel & Parrish, 1988).

In addition to the datasets described above, the research team collected 33 soil samples
from 11 geographically distributed sites. The samples were predominantly moist, brown, and
composed of silty-clayey and gravelly sands. Laboratory testing yielded an average effective
cohesion of 3.67 kPa (range: 0.4-9.6 kPa) and an average internal friction angle of 30.5° (range:
20.4°-35.8°) (ETS-Testconsult Ltd., 2023) (refer to Figure A3; Table 4.4). These experimental
results show the shear stress at failure for each test under the three normal stress conditions.
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Statistical analysis of the data reveals: a) At 20 kPa normal stress: Shear stresses range from
11.6 kPa to 19.6 kPa with a mean of 15.4 kPa and standard deviation of 2.8 kPa; b) At 30 kPa
normal stress: Shear stresses range from 17.0 kPa to 27.4 kPa with a mean of 21.0 kPa and
standard deviation of 3.0 kPa; and c) At 50 kPa normal stress: Shear stresses range from 24.0
kPa to 41.3 kPa with a mean of 32.7 kPa and standard deviation of 4.8 kPa. Furthermore, the
sample's state was characterized by measuring initial and soaked moisture contents across all
33 samples. The initial moisture content ranged from 0.063 to 0.219, with the standard
deviation of the response (soaked minus initial) being 0.038.

Table 4.4. Summary of direct shear test statistics.

Normal Stress (kPa) Mean Shear Stress (kPa)  Standard Deviation (kPa) Range (kPa)
20 154 2.8 11.6-19.6
30 21.0 3.0 17.0-27.4
50 32.7 4.8 24.0-41.3

4.4. AUGMENTED DATASET
4.4.1. Subsurface Landslide Response Augmentation.
To overcome the temporal limitations of sensor-based systems and account for varying spatial
extents, this section presents the augmented dataset of subsurface responses, focusing on VWC,
designed to support and strengthen sensor-driven prediction models. After numerically
validating the case study, data from the Hong Kong Observatory (available online at
DATA.GOV.HK) is used in the numerical simulations for the shallow colluvium layer at depths
0f 0.50 and 1.50 meters. The virtual monitoring point used is located at T1 (refer to Figure 4.5).
The simulated rainfall patterns span from 2010 to 2024. This virtually monitored dataset serves
three main purposes: a) enriching the dataset by considering a different location; b) improving
model training; and c) testing the proposed model.

Using a 10-day window, matching the Observatory’s forecast, which covers the current
day plus the following nine days, the time series data were segmented into subcases. Each

subcase used the initial VWC as a boundary condition and included rainfall features such as
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patterns, duration, intensity, and non-rainfall durations as input features. This process resulted
in 5439 subcases for the responses at a depth of 0.50 meters and an equal number for the sensors
at a depth of 1.50 meters at T1. Figure 4.6 presents a sample of these subsets, showcasing
various randomly selected patterns versus the VWC response. These patterns are modeled as
time-dependent, an approach that is rarely addressed in the literature. For example, the figure
illustrates patterns such as dry, prolonged low-intensity rainfall and short high-intensity events;
each pattern yields a distinct VWC response, underscoring the need for accurate modeling.
4.4.2. Laboratory Tests Augmentation.

To support automated parameterization and enable an automated stability assessment system,
this section presents the augmented dataset used by the APHs tool. Figure 4.7 shows the
frequency distribution of the HS parameters, with histograms depicting how frequently each
parameter takes specific values across the dataset. Figure 4.8 presents a scatter pair plot,
displaying the relationships between pairs of HS parameters, with each point representing a
case and its corresponding parameter values. Most parameters show a relatively uniform
frequency distribution. During the development of the numerical simulation, each parameter
set corresponding to laboratory tests was ensured to have an apparent failure occurring within

the strain range. Consequently, parameters such as the R, and m exhibit higher frequencies

for specific values (Figure 4.7) as they were manually adjusted, ensuring that failure is
achieved. To illustrate, m» was manually adjusted for the cases that correspond to a lower value

of the E7Y, and the E’Y, by increasing the value of . This can be visualized in the pair plot

between these parameters in Figure 4.8. Similarly, the upper limits of the R, were modified
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The distribution of E7¢ is skewed, as it is constrained by the maximum value of E’7,
where the maximum value of E/Y =0.5E'7 . A similar pattern is observed with £’¢,, which is
assumed to be within the range of 0.5 to 0.8 * £7¢ . Figure 4.8 confirms these relationships,

demonstrating that they align with the theoretical assumption and conform to the expected

range. Parameters such as ¢', §', and v, are uniformly distributed. v, is occasionally

simulated outside the predefined bounds to enhance the model's learning capability, as this

parameter has minimal influence on the simulation results. Figure 4.9 illustrates the
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relationships between ¢, ¢, and &, as simulated using the SIGMA/W axisymmetric finite

element model (GeoStudio, 2023). These simulations represent the augmented parameter space
defined in Table A6 and detailed in Figures 4.7 and 4.8. The figure comprises six subplots, each
corresponding to a specific o, , and visualizes 1200 curves representing the response of 1200
unique cases, each defined by a labeled parameter set. Additionally, these plots include a
heatmap representation of v, . The relationships are integral to both model training and
validation as input features.
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Figure 4.9. The augmented stress-strain curves

4.5. SENSOR-BASED DATASET

The data utilized in this section were collected from various study areas across Hong Kong,
including Tsing Shan, Tung Chung, and Pa Mei. The monitoring data are documented in
Geotechnical Engineering Office reports (2010a—c), which provide detailed descriptions of the
geological setting, instrumentation setup, and the data collected from these monitoring efforts.
The collection and use of this data were made possible through the gracious permissions
granted by the Head of the Geotechnical Engineering Office and the Director of Civil

Engineering and Development (CEDD). This data serves a crucial role in validating and
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assessing the generalization of the methods illustrated in Section 3, thereby ensuring that the
proposed models are effectively tested with real-world geotechnical data.

For the OWHK tool, Figure 4.10 shows a schematic of the study area locations and
collected samples. The sensor arrangement is depicted at the three locations through a
monitoring array installed at two depths: the upper sensor (labeled "a") is positioned at 0.50 m,
and the lower sensor (labeled "b") at 1.50 m. A schematic of the soil profile at Pa Mei is
provided as an example. The soil profile is as follows: the top layer is colluvium (displayed in
orange), which overlies a layer of moderately to completely decomposed tuff (indicated by a
hatched pattern). Beneath this is a zone of highly decomposed tuff, and the profile is capped
by a layer of moderately to slightly decomposed tuff at the base. The thickness of each layer
varies among the study locations. The sensors used to monitor the VWC were situated within
the colluvium layer in the response zone.

In this study, data were collected from three distinct locations to capture VWC at
shallow depths. At Pa Mei, four WTDR soil moisture probes equipped with dual-sensor arrays
were installed at depths of 0.50 m and 1.50 m, while in Tung Chung, two probes with sensors
at the same depths were employed. At Tsing Shan, measurements were recorded using two
probes at 0.50 m and one probe at 1.50 m, with outlier and deeper sensor data not integrated
into the current analysis. At all locations, a site-specific tipping bucket rain gauge continuously
recorded rainfall, following installation procedures detailed in the Geotechnical Engineering
Office reports (2010a—c). Figure 4.10.b illustrates representative sensor data, showing the
relationship between rainfall and the corresponding VWC over an approximately two-year
period starting in March 2008. Additionally, to support further geotechnical analysis, a
numerical simulation was conducted of the Fei Ngo Shan landslide (Maunsell Geotechnical
Services Ltd., 2007), which is underpinned by extensive laboratory and field test data as

described in Section 4.4.1.
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Figure 4.10. Sensor-based study area map and representative sensor record

For deeper soils and to improve predictive robustness across heterogeneous sites,
Figure 4.11 presents the sensor sharing network. At Pa Mei (Figure 4.10.a and Figure 4.11.b),
Soil moisture probes (WTDR) with three-sensor arrays were installed at depths of 0.50 m, 1.50
m, and 2.50 m (for example, vwc 2 a denotes the WTDR 2 sensor at depth a). Each site is
equipped with a tipping-bucket rain gauge and an evaporimeter to monitor rainfall and
evaporation. Monitoring data indicate that baseline groundwater levels at the study sites are
deep, below the rockhead. Deformation monitoring on brittle-landslide slopes proved

challenging, whereas VWC measurements more reliably identify areas at elevated failure risk.
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Tung Chung (Figure 4.11.a and 4.11.b) was used to evaluate the generalizability of the
framework. The Tung Chung soil profile consists of a colluvium layer overlying a sequence of
tuffs: a moderately to completely decomposed tuff, a highly decomposed tuff, and a moderately
to slightly decomposed tuff. Rupture surfaces were typically encountered between 0.6 m and
1.5 m depth, with isolated occurrences down to 3.0 m. Groundwater monitoring shows that the
base groundwater lies well below the identified rupture surfaces, suggesting that transient
moisture changes and variations in soil suction are primary controls on the observed

movements at the site.
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To enhance model-sharing capabilities, multiple hydrological and mechanical
subsurface responses were collected from the Tung Chung case study, including earth pressure
(EP) and suction (refer to Figure 4.11.a and 4.11.b). Two suction sensor types were deployed:
Thermal Conductivity (TC) and Jet Fill Tensiometers (JFT). One TC sensor with three arrays
was installed at depths of 0.30 m, 0.50 m, and 0.70 m, and two JFT sensors, each with three
arrays, were installed at depths of 0.50 m, 1.50 m, and 2.50 m. Two VWC sensors (WTDR),
each with three arrays, were installed at 0.50 m, 1.50 m, and 2.50 m. Two EP sensors were
installed to capture the mechanical subsurface response in two dimensions. Groundwater
records from the initial ground investigation (2005) for borehole BH7 (response zone 3.00 m
bgl to 10.20 m bgl) were used for further analysis.

Data from Tsing Shan were included (refer to Figure 4.11.a and 4.11.b) to assess
framework generalization: three JFTs (each with arrays at 0.50 m, 1.50 m, and 2.50 m), three
WTDRs (each with arrays at 0.50 m, 1.50 m, and 2.50 m), and two EP sensors were installed.
For sensors No. 1 and No. 2, the three arrays (A, B, and C) of the JFT and WTDR sensors
correspond to depths of 0.50 m, 1.50 m, and 2.50 m, respectively; array A is located in the
colluvium, while arrays B and C are located in the completely decomposed andesite. For sensor
No. 3, all arrays are located within the colluvium. This study used data from March 2008 to
September 2009 to ensure that both training and validation datasets include rainy and dry
seasons for robust and generalizable model evaluation. Suction monitoring during this period
is considered comparable between Tung Chung and the Tung Chung case study. For earth
pressure, only EP1P and EP2P data from March 2009 to August 2010 were used, since EP1

and EP2 provided insufficient records for model training.

134



4.6. SUMMARY

This chapter describes the data-collection methods used to develop models for the study
objectives. To support the second objective, operational landslide prediction modeling, a
historical incident dataset was compiled, including rainfall sensor records and related spatial
attributes. Case studies from CEDD records were numerically modeled for model validation.
For the third objective, sensor-based prediction, field datasets obtained from CEDD were used
to train and develop predictive models. To support the final objective, augmented data were
generated by combining numerical-analysis outputs with the assembled datasets to expand

training coverage and improve model robustness.
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CHAPTER 5: RESULTS AND DISCUSSION

5.1. INTRODUCTION

This chapter provides the results of the research methodologies developed to fulfill the
objectives of the current study. The results are divided into three parts: the first presents the
landslide prediction model developed from historical incidents; the second describes the
sensor-based system used to provide more reliable predictions and to refine ambiguous cases
produced in the first stage; the third presents focused analyses that improve accuracy and
support the development of an automated system. Detailed results are presented below.

5.2. LANDSLIDE PREDICTION MODEL (TIER 1)

5.2.1. Model Tuning and Training

DL requires precise parameter tuning to attain optimal performance. This study applied
Bayesian optimization (Snoek et al., 2012) over a maximum of 100 trials, each with 250
epochs, to efficiently explore the parameter space. The best parameter set was refined using a
coarse-to-fine-tuning strategy (see Figure A4). Early stopping was employed, and loss curves
were visually monitored to iteratively adjust settings, thereby reducing the risk of local minima
and balancing overfitting with underfitting. This approach enhanced computational efficiency
and accuracy. To ensure model robustness and reliability, a hold-out validation strategy was
implemented by randomly partitioning the dataset into 70% training, 15% validation, and 15%
testing. Figure 5.1.a shows the coarse tuning approach. Figure 5.1.b shows the learning curves
(i.e., the fine-tuning) for LSTM as an example, where a rapid loss decline during the initial
epochs is followed by stabilization at a low level. The close correspondence between the
training and validation loss curves suggests minimal overfitting despite minor fluctuations,

likely due to the Adam optimizer and stochastic dropout.
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Figure 5.1. Model coarse-to-fine tuning

Table 5.1 displays the optimized parameters for the LSTM, GRU, and CNN models.
Table 5.2 summarizes the optimized parameter settings for the LR models, which were
developed to evaluate the individual contributions of engineered features to model
performance. The hyperparameter tuning durations reveal distinct computational demands
among the models. The LSTM required approximately 9 hours and the GRU about 11 hours,
indicating that their architectures' sequential nature and recursive processing impose significant
computational overhead. In contrast, the CNN, benefiting from its parallelizable structure for

feature extraction, completed tuning in roughly 5 hours. The LR model, characterized by its
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more straightforward, convex optimization process, required only 17 minutes. These variations
underscore the trade-offs between model complexity and tuning efficiency.

Table 5.1. The optimized model parameters.

Parameter Value (target)
DL model LSTM LSTM LSTM GRU CNN
Features Set (1) Set (2) Set (3) Set (3) Set (3)

N1 512 512 512 1024 512
N2 256 256 512 128 128
N3 128 256 64 128 128
D 0.9 0.7 0.9 0.3 0.1
LR 0.9 0.7 0.9 0.7 0.1
L2 0.0001 0.0001 0.01 0.001 0.001

Kernel size 3

Initial tuning durations®* 091 32m 10s  08h29m32s 0% 10m 54s  10h32m 52s  04h 51m 51s
* These durations are based on the high computational power provided by the HPC server.

Set (1) = Rainfall as time series feature; Set (2) = Rainfall as time series + curvature + slope + elevation; Set
(3) = Rainfall as time series + all features listed in Table 4.1

Table 5.2. The optimized spatiotemporal LR model parameters.

Parameter Search space/value
Features CRIW CR2W CR3W CR4W  Initial month MRI RD All
Window 1 week 2 weeks 3 weeks 4 weeks - - -

C 0.7798 0.0608 0.0334 0.7798 0.0124 0.2186 8.9564 0.0631
Solver liblinear  liblinear  liblinear  liblinear saga liblinear saga Ibfgs
Tum.ng 2 min 2 min 2 min 2 min 2 min 2 min 2min 17 min

durations

Penalty: L2; Scoring: F1; Weights: Balanced; Iterations: 5000
All: Model incorporating CR1W, CR2W, CR3W, CR4W, Initial Month, MRI, and RD

5.2.2. Fei Ngo Shan Landslide Validation

Figure 5.2 illustrates the model boundary conditions. The initial water level was set to the
lowest monitored level. Top boundaries (lines 3—4) were assigned a water flux equal to the net
rainfall, while bottom boundaries (lines 1-6 and 2—3) maintained a zero-flux condition (q = 0).
Lateral boundaries (lines 1-2 and 5-6) were defined by specified total head values, and
drainage was enforced along lines 4-5 (water rate = 0 m3/sec). Net rainfall equals total rainfall
minus runoff. Premchitt et al. (1992) reported runoff ratios of 0—100% (mean 40%) on Hong
Kong slopes; here, the ratio is back-calculated to fit observed subsurface responses (30%).
Figure 5.3 compares monitored and simulated groundwater levels at BH1, BH2, BH3, and QP4

alongside rainfall records. Despite minor discrepancies, the agreement confirms that the
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boundary conditions accurately represent the equipotential boundaries. Similarly, Figure 5.4
demonstrates strong concordance between measured and simulated suction values, further
validating the back-calculated parameters and the assigned boundary conditions. The error at
each time was calculated, and the normal distribution for the pore water pressure error (PWP),
considering the automatic reading time and all values, is presented in Figure A5. a. The error
in PWP was considered while calculating the FOS by adding additional or subtracting PWP
cases to calculate the corresponding error in the FOS. The overall average error in PWP was
1.18 kPa, as shown in Figure A5. a. The corresponding average error in the FOS almost equals
zero, while the minimum and maximum FOS errors were around 5% except for some minor

time steps, as presented in Figure A5. b.
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5.2.3. Model Evaluation with Feature Analysis
An LR model was used to evaluate several engineered features. Figure 5.5 illustrates the

sigmoid curves with optimal thresholds, alongside confusion matrix evaluations for the
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training, validation, and testing sets. All features outperformed random chance (50%), with
one-week cumulative rainfall showing the strongest correlation with landslide occurrences.
Figure 5.5 reveals critical rainfall thresholds for landslide triggering: 177 mm (7-day), 270 mm
mm/day/month

(14-day), 341 mm (21-day), 424 mm (28-day) cumulative rainfall, 146

maximum intensity, and 7 rainy days/month.
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Figure 5.5. Multi-rainfall thresholds for several features: CRIW; CR2W; CR3W; CR4W;
MRI; RD (definitions in Table 4.1). Figure A6 details the confusion matrix analysis.
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Figure 5.6.a compares the LR and three LSTM models, each utilizing a distinct set of
features, displaying their overall confusion matrices and performance metrics. Although the
LR model outperformed a single-feature baseline, the LSTM models significantly surpassed
the LR model. Moreover, incorporating spatiotemporal features further enhanced performance
across all metrics. Notably, precision increased from 0.64 to 0.80 when the problem was
modeled as a time series with spatiotemporal features. Figures 5.6. (b-c) present confusion
matrices and ROC curves for four models: LSTM, GRU, CNN, and LR. The LSTM model
demonstrates the highest performance with an AUC of 0.92, indicating superior discrimination
capacity between classes. Both the GRU and CNN models follow closely, each registering an
AUC of 0.90, while the LR model records a comparatively lower AUC of 0.87. The
performance hierarchy reflects each model’s intrinsic strengths. The LSTM excels in capturing
temporal dependencies with its memory and gating mechanisms, while the GRU effectively
models sequential patterns despite its simpler structure. The CNN, though primarily designed

for spatial feature extraction, adapts well to temporal data.
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Figure 5.6. Comparison of a non-temporal vs. temporal models: a) Evaluation metrics
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Figure 5.7 presents the most influential features identified through permutation
importance analysis, quantifying their relative contributions to model accuracy. Rainfall-
related features demonstrated the most substantial impact, collectively accounting for
approximately 36% of the model's predictive accuracy. This significance substantially exceeds
random chance performance (50% baseline for binary classification). The temporal distribution
of rainfall influence revealed distinct patterns: antecedent rainfall measures (T1-T26)
contributed over 10%, with the two-day antecedent rainfall feature alone accounting for
approximately 15%. Real-time rainfall patterns explained an additional 10% of model
accuracy. Although spatiotemporal features contributed a smaller proportion to overall
accuracy (~2%), their incorporation yielded a 7% increase in model precision compared to
rainfall-only models. This enhancement reflects critical geotechnical mechanisms: transitional
months (March-May) exhibit elevated temporal susceptibility due to suction transition from
dry to wet conditions, while converging terrains demonstrate heightened spatial vulnerability,
consistent with established geomorphological principles (Giuseppe et al., 2016). The analysis
identified spatial heterogeneity in the model's predictions. Specifically, zones N53, N35, and
NO2 exhibited relatively higher values compared to other zones. This suggests these zones may
encompass unique geological formations or a concentration of historical landslide events. The
analysis further identified that Paths, Roads, Residential Areas, and Hillside exhibited
relatively higher importance than other nearby structures. Paths and Roads often necessitate
slope cutting, destabilizing natural terrain. Residential Areas contribute through structural
surcharge or altered drainage. The importance of the Hillside category confirms the model's
ability to capture the inherent susceptibility of undeveloped slopes to rainfall-induced failures
(Ho & Roberts, 2016). Overall, while rainfall is a direct trigger, incorporating spatiotemporal

features improves the model's discrimination of damage severity.
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Figure 5.7. Spatiotemporal LSTM model permutation-based feature importance analysis

It is important to note that the feature importance visualized in Figure 5.7 is derived

from permutation importance analysis, which quantifies the performance degradation when

feature values are randomly shuffled relative to the baseline model. This approach is inherently

influenced by several factors: (a) the model architecture employed; (b) dataset characteristics,
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including volume, quality, and distribution; and (c) the methodological approach to feature
perturbation. To substantiate this, Table 5.3 presents comparative importance scores for
selected features using alternative methods: specifically, replacing feature values with their
minimum and maximum values, respectively. The analysis reveals that importance scores are
sensitive to the permutation methodology, as evidenced by the substantial variation observed
for feature T23 (0.001 vs. 0.559). Furthermore, no consistent ranking pattern emerges across
permutation methods; for instance, Slope exhibits higher importance than Hillside under
maximum value permutation, while the inverse relationship holds under minimum value
perturbation. This inconsistency underscores the complex interdependencies among features.
The preceding feature importance analysis provides a critical, albeit limited, window into the
"black box" of DL models. The observed importance scores are influenced by inherent feature
interdependencies and the model's architecture, meaning they illustrate how the model behaves
rather than providing a definitive, causal ranking of geotechnical factors.

Table 5.3. Alternative feature importance assessment.: Features minimum vs maximum value.

Accuracy score

Selected features

Min value importance Max value importance
T23* 0.001190 0.55892
T24* 0.004365 0.60853
T25* 0.005556 0.61924
T26* 0.004563 0.62222
T27* 0.014683 0.62222
T28* 0.041270 0.62142
Uncertainties (Rainguage distance) 0.0026 0.0415
Slope (deg) 0.0024 0.0403
Spatial dependencies (N53) 0.0018 0.0145
Nearby structure (Hillside) 0.0026 0.0137
Temporal dependencies (April) 0.0083 0.0131
Curvature (Converging) 0.0018 0.0040
Material (Soil) 0.0046 0.0006

*Time step Tn represents the rainfall intensity at the nth temporal interval in the sequence in days

5.2.4. Model Warning Thresholds
Relying on a fixed 0.5 probability threshold for classification can yield misleading results. To

address this, this study introduces a dual-threshold operational framework that moves beyond
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a single classification cutoff. Multiple performance metrics, including Balanced Accuracy,
Accuracy, Fl-score, and Precision, were evaluated across a range of probability thresholds
(Figure 5.8). Among these metrics, the Fl-score demonstrated better performance for
establishing a lower classification boundary, effectively balancing false positives and false
negatives to exclude non-landslide cases with greater reliability than either Balanced Accuracy
or Accuracy. For the upper threshold, a 90% precision level was selected to isolate instances
with high landslide probability. Unlike the F1, which exhibits a clear maximum, precision
increases with threshold level. Therefore, the 90% precision threshold represents a
conservative, operationally-driven choice rather than a mathematical optimum. Cases falling
between these two thresholds are categorized within a "warning zone" that indicates the need
for further investigation through geotechnical analysis or slope monitoring, enabling proactive

risk management.
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Figure 5.8. Threshold curves and corresponding confusion matrices (LSTM as an example)

5.2.5. Model Validation and Testing
The developed models were rigorously evaluated on an independent, real-world case study to
assess their operational robustness. Their performance was benchmarked against a
deterministic model that computes the slope FOS by explicitly modeling the infiltration and
seepage processes. The modeling process of the physical model began with seepage analysis
using SEEP/W. The soil water characteristic curve and the hydraulic conductivity functions are
back-calculated to match the field-monitored data and laboratory tests. Then, the pore water
pressure is exported to the SLOPE/W using Bishop analysis with the entry-exit method
boundary condition to calculate the deterministic FOS.

Figure 5.9 presents the mean predictions obtained via Monte Carlo dropout over the
period from 17 May 2005 to 21 August 2005. The time series encompasses 97 events, each
defined by 28 sequential time steps with a one-step overlap between consecutive events.

Among these, 96 events correspond to non-landslide conditions, corroborated by field
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investigations that reported no significant displacement or tension cracks before failure

(Maunsell Geotechnical Services Ltd., 2007). By contrast, the event on 21 August 2005 was

associated with a landslide involving an estimated volume of approximately 3500 m?. Overall,

a close alignment was observed between the predictions from the data-driven models and the

numerical model with the observed reality of landslide behavior. Several key insights are

detailed below:

A) The event between 20 and 24 May 2005 prompted a warning from the LR model, which

B)

C)

struggles to capture the precise rainfall pattern. In contrast, the DL models accurately
accounted for these patterns. This comparison demonstrates that incorporating the
actual rainfall pattern alongside spatiotemporal features reduces false warnings.

The event from 21 June 2005 to 24 June 2005 triggered a warning across all models.
This alert was due to an intense rainfall event that delivered 426.5 mm over four days,
following an antecedent event of 161.5 mm from 14 to 16 June 2005. However, no
outright failure was reported during this period. To further investigate the origin of this
warning, a numerical analysis model was developed, which also produced a FOS below
the 1.2 threshold, as recommended by GCO (1984), a value designed to account for
uncertainties in monitoring data, flow rules, mesh discretization, boundary condition
approximations, solution techniques, and soil property variability. These results suggest
that the adopted warning thresholds effectively reduce false alarms while prompting
decision-makers to pursue further investigations through more precise methods, such
as numerical modeling or subsurface monitoring, to account for unmonitored features,
including runoff, vegetation effects, and other factors (detailed in Section 5.3).

The numerical model, grounded in physical principles, required additional time for the
drainage process to heal the FOS above the critical threshold of 1.2. The data-driven

models, particularly the CNN model, partially capture this temporal delay. After the
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event on 21 June, the CNN model maintained elevated probabilities, even as subsequent

rainfall intensities declined, thereby partially mirroring the delayed recovery.

©
S

Antecedent Pattern

E 60
a0
£
5
* 20
0
P T S S Y
& 8 5 8 8 8 8 8 5 8 8 8 8 8
S8 s EEREE R38R 83
T T 4 0¥ % o4 hoh b A A b A b
2 2 3 2 2% 3 2 3 3 8 8 g 8
& R 3 &8 &8 8 8 3 & 8 g o8 % 9§
Date
1 10 L 300
— LSTM FOS (#°)  —-- Warning (FOS=1.2 & Probability=0.46) ——- Failure (FOS=1.0 & Probability=0.80) Rainfall .
1 [ T T T T T TP e t 250
2
H L —
1 2 o6 ‘ 200 E
g I =
e Y. S e S e A o A F150 ©
L oaq NS €
¥ ]
© A 4 r 100 =
1 & y
0.2 /\
] e I
0.0 — — T T T T T T T T T T T T T T T T T T T o
— GRU FOS (¢?) —=- Warning (FOS=1.2 & Probability=0.411) —=- Failure (FOS=1.0 & Probability=0.877) Rainfall
Lo 300
3, [ee=emmmmmecccccssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssss===-——————————
£ 0.8
=z
2
E 0.6
Boat--- A
2
L 0.2
-
0.0 = T T T T T T T T T T T T T T T T T T T T 0
10 L 300
1 — CNN FOS (#°)  -=-- Warning (FOS=1.2 & Probability=0.51) ==~ Failure (FOS=1.0 & Probability=0.78) Rainfall
4 r 250
2
] E F200 €
I £
s 150 ®
£ £
1z B
o r 100
o
4 =
rs0
0.0 — \‘ T T T T T T T T T T T T T T T T T T T o
— LR FOS (§°)  —-- Warning (FOS=1.2 & Probability=0.594)  —-- Failure (FOS=1.0 & Probability=0.94) Rainfall
r 300
z
z —
8 200 E
g =)
a =
B 2
& =
% riwog
@
&
0.0 ™~ T T T T T T T T T T T T T T T T T T T 0
n n wn n 0 n n n n n n n n n n n n n n n n n
S S =1 =1 =1 =1 S S =1 = = o S s o = o =} s s =1 =1
e ] =1 <1 =1 <1 o ] <1 <] =1 <] ) e <] <] <1 <] e e S S
o o o™ o o™ o™ o o o™ o o™ o o o o o o o o o™ o~ o
1y W Iy n & ) g e ) & =~ ~ = = ~ ~ 3 @ @ @ < =)
4 < 2 2 <3 3 <4 <4 3 e 2 3 2 2 I3 e <3 e < S < <
a 3 B4 ] 8 5 fai 5 & N 8 5 i 5 & N ) 8 =] g = H
Date

d)LR.

Figure 5.9. Model Monte Carlo mean predictions vs. the numerical stability

In Figure 5.9, the warning thresholds for the data-driven models are derived from the

analysis in Section 5.2.4. For comparative analysis, the warning threshold for numerical
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modeling is set at FOS = 1.2, following GEO (1984) recommendations to account for various
uncertainties, while the failure threshold remains at FOS = 1.0. Figure 5.10 presents the
predicted probability distributions obtained via Monte Carlo at the landslide event alongside
the mean standard deviations across all events. This figure reveals that, although the LSTM
model achieves higher accuracy overall, its predictions exhibit moderate uncertainty. In
contrast, the CNN model consistently shows lower uncertainty, suggesting that it provides more

stable and reliable confidence estimates.
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Figure 5.10. Monte Carlo predictions for the landslide event alongside the mean standard
deviations across all events

5.2.6. Optimal Model Selection, Benchmarking, and Uncertainty

Table 5.4 summarizes a comparative analysis of the models based on: (1) Performance, (2)

computational efficiency, (3) uncertainty, and (4) real-world operational reliability to

recommend the optimal model. Although the evaluation may involve some subjectivity, it

indicates that the CNN strikes an optimal balance among high precision, moderate

computations, low uncertainty, and superior operational reliability (partially considering the

drainage process with the narrowest warning zone). Nonetheless, all models are integrated into

the decision-support interface, allowing users to choose the appropriate one for each scenario.
The model’s performance was benchmarked against relevant studies, acknowledging

the dataset differences. Compared to Mondini et al. (2023), who used short-term cumulative

rainfall events, the time-dependent approach slightly outperformed theirs with an AUC of 0.92
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and a Balanced Accuracy of 0.83. However, considering the accuracy as a comparison is
misleading for an imbalanced dataset. In this context, Xiao et al. (2023) emphasized that
addressing data imbalance is critical. The data preparation methodology explicitly
accommodates both temporal and spatial imbalances. As a result, precision improved,
surpassing that reported by Xiao et al. (2023), reaching nearly 80%. These findings underscore
that detailed spatiotemporal modeling and careful handling of data imbalance can substantially
enhance predictive performance.

Table 5.4. Comparative assessment of the proposed data-driven models.

. o Reliability
Model Performance  Computational Uncertainties Drai
(Precision)  power (Tuning) (St. deviation) rainage r eSponse Warning zone width
(refer to Figure 5.9)

LSTM High (80%) High (9 hr) High (10.4%) Partial response Moderate (0.46-0.8)
GRU  High (80%) High (11 hr) Moderate (4.7%)  Immediate response Wide (0.41-0.88)
CNN  High (78%) Moderate (5 hr) Low (1.8%) Partial response Narrow (0.51- 0.78)

LR Good (64%) Low (0.5 hr) None Immediate response ~~ Moderate (0.59-0.94)

Despite the model's outstanding performance, minor false predictions persist due to
inherent uncertainties, both aleatory and epistemic, as discussed by Mondini et al. (2023). In
this study, uncertainties arise from model-related and data-related challenges, such as imprecise
event timing and spatial variability in rainfall, slope mechanics, hydrology, and topography.
These issues were mitigated through a comprehensive framework, which includes: a) Monte
Carlo dropout was employed to assess uncertainty across different model architectures (LSTM,
GRU, CNN, and LR), demonstrating that architectural choices yield distinct outcomes; b) a
coarse-to-fine tuning strategy, combined with sensitivity analyses on various feature sets, was
adopted to refine model performance; c) given that the dataset (1984-2022) includes events
with uncertain failure timings, longer antecedent durations were used to capture consistent pre-
landslide patterns; and d) by including the distance between the nearest rain gauge and the
landslide location, along with additional spatial features, the model's ability to account for

uncertainties affecting the infiltration process was improved.
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5.3. SUBSURFACE SENSOR-BASED PREDICTION MODEL (TIER 2).

5.3.1 VWC Prediction Operational Model (OWHK)

Following the unique temporal process illustrated in Section 3.3.1, a total of 1,000 randomly
selected numerical subcases were merged with field data to form the final dataset. Figure 5.11
presents the density distribution of the VWC measured at both 0.50 m and 1.50 m depths, with
the VWC values ranging between 0.055 and 0.493. Figure 5.11.b shows the distribution of
cumulative rainfall per pattern, where rainfall intensities recorded at each time step vary from
0 to 426 mm/day. Overall, 13,161 rainfall patterns were analyzed, with cumulative rainfall
values ranging from 0 to 898 mm; among these, 2,493 cases correspond to dry patterns, while
10,668 cases correspond to wet patterns. The dataset comprises 6,871 cases for subsurface
responses at 0.50 m and 6,306 cases at 1.50 m. Missing data from sensors (e.g., Tsing Shan 1A
and Tsing Shan 1B) were removed, and outliers were eliminated during the process to reduce

potential bias in subsequent model development.
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Figure 5.11. (a) Kernel density estimate of VWC measured at 0.50 and 1.50 m; (b) Frequency
distribution of rainfall patterns for the corresponding subcases

Analysis of the figures reveals a substantial overlap between VWC responses at 0.50 m

and 1.50 m for the same rainfall patterns. Moreover, even at a given depth, spatial variability

may lead to different VWC responses under similar rainfall triggers. This variability

necessitates clustering the data to distinguish among the multiple response patterns associated

with similar inputs. In this study, clustering the data based on both target depth and initial VWC
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is proposed. The grouping strategy is based on several considerations: a) each group must
include both dry and wet rainfall patterns, covering a full range of intensities at each time step;
b) the initial VWC boundaries defining the clusters are non-overlapping; and; c) the grouping
should balance model performance with data volume per cluster, thereby minimizing the risk
of underfitting or overfitting. This balance is achieved through iterative training and fine-
tuning. For each cluster, a unique LSTM model was trained, forming the basis of the multi-
LSTM approach, which is illustrated earlier in Figure 3.8.

a) Model training

In this study, the Bayesian optimization technique (Snoek et al., 2012) was employed to
optimize the parameters for each DL model. A maximum of 300 trials were conducted, with
250 training epochs per trial, to initially explore the parameter space with a validation ratio of
30%. Figure 5.12 presents the density map of each variable against the validation MSE (loss)
and MAE for two different sensors as an initial coarse-tuning approach. Some model
parameters exhibit a consistent pattern with various sensors (i.e., D and W), while others do
not show a clear pattern (i.e., N1, N2, and LR). It is observed that multiple combinations of
hyperparameters can result in similar low MSE or MAE values. Coarse tuning discards the
model training behavior and alone is insufficient for the final model parameters; hence, a
coarse-to-fine-tuning approach is adopted (refer to Figure A4). For each site-specific model,
the subsets were randomized and split into 60% training, 20% validation, and 20% testing
subcases. While the operational model was randomized and split into 80:10:10%. Early
stopping was used during training to prevent overfitting, and the optimized weights were saved.
This process was repeated with different randomized splits, using the previously saved weights
as initialization for further optimization. Given the uniqueness of each subcase in the dataset,
this strategy allowed the model to generalize effectively by exposing it to various combinations

of training, validation, and testing subcases.
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Figure 5.12. VWC operation model coarse-to-fine model tuning

For example, Figure 5.12.b illustrates the training process for a site-specific model at
Pa Mei (vwc 2 a), where initial difficulties in predicting certain subcases were resolved
through resampling in Figure 5.12.c. Figure 5.12.d shows the learning curves for the optimized
model using benchmark parameters (N1 = 128, N2 =64, D = 0.3, LR = 0.5, W = 10) that are
applied across models for direct comparison (see Figure 3.6 for annotations). The curves
demonstrate the model's robust performance, with loss values decreasing significantly during
the initial epochs and stabilizing at a consistently low level. The close alignment between the
training and validation loss curves suggests a minimal risk of overfitting. However, some minor
noise and oscillations are present during the training process, likely due to the Adam
optimization algorithm and random dropout techniques. The model was trained with early

stopping, saving the weights at the first stop (Figure 5.12.b), then resampled and retrained until
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reaching the saturation level of training (Figure 5.12.c), marked as the "final stop" (Figure
5.12.d).
b) Model results and discussions
This study proposes a unique data preparation technique designed to achieve high forecasting
accuracy while maintaining model simplicity. This objective arises from the widely available
rainfall data in Hong Kong, despite the absence of controlling features for subsurface moisture
dynamics. Given this context, is it possible to achieve higher accuracies using only rainfall
features? In response to this question, Figure 5.13 shows the prediction of a site-specific case
(vwc_1 a) in the Pa Mei study area. This Figure compares three scenarios: a) the traditional
method; b) the traditional method with improved features; c¢) the proposed improved method.
For each scenario presented in Figure 5.13, the left-hand panel features time series
subplots depicting the training (blue), validation (green), and testing (red) datasets to illustrate
the temporal model performance. The right-hand panel provides corresponding scatter plots for
these predictions, enabling a comprehensive evaluation of the model's accuracy as follows: In
the traditional method (Figure 5.13.a), the dataset was split based on its temporal ordering, with
the first 60% of the data used for training and the remaining data sequentially used for
validation and testing. This approach considered only rainfall features as input. The predictions
showed relatively poor performance, as the model struggled to forecast unseen patterns in the
testing sets, resulting in significant deviations from the actual values with a test MAE of
0.0123. Additionally, during the dry season, the model failed to accurately capture those
mechanisms, as visualized in the training set. The challenge lies in the fact that identical rainfall

patterns can result in varying responses, which the model struggles to learn.
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Figure 5.13. Comparison of predictions among different scenarios: a) the traditional method;

b) the traditional method with improved features, c) the proposed improved method
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As a result, this study considers an additional feature as a boundary condition. This
feature indirectly represents mechanical, hydrological, topographical, and antecedent
environmental characteristics. The rainfall features account for the dynamic changes in
infiltration, storage, and drainage processes. Figure 5.13.b illustrates the predictions with these
additional features while maintaining temporal ordering. At this stage, the model performed
better compared to using only rainfall features, with a test MAE of 0.0057. However, due to
the temporal ordering, some patterns were not captured. In response, the proposed method
incorporates boundary conditions to help the model differentiate between similar rainfall
patterns that yield different responses. It employs an independence-oriented time series
windowing technique by shuftling the subcases, thereby removing the inter-temporal ordering
between subcases while preserving the internal temporal structure within each subcase. The
challenge then becomes selecting the optimal combination of training, validation, and testing
sets. This is achieved through an iterative process, as described in the Model tuning section,
until the best performance is obtained. Figure 5.13.c illustrates the predictions using the
proposed method, which outperforms the previously mentioned methods with a test MAE of
0.0012. This figure demonstrates that the training, validation, and testing sets were selected to
have similar response ranges, effectively addressing the overfitting or underfitting issues
evident in the traditional method (Figures 5.13.a and 5.13.b).

To ensure the proposed model's generability, it was applied to the 15 sensors. The
prediction performance across the training, validation, and testing sets is summarized in Table
5.5. The model demonstrates good performance, with an R? greater than 0.9478, MAE lower
than 0.0043, and NMAE below 0.0227. Referring to literature, such as that by Dassanayake et
al. (2023), Filipovi¢ et al. (2022), and Granata et al. (2023) on irrigation and landfill capping
systems, reported MAE values range from 0.0067 to 0.018, while R? values span from 0.643

to 0.946. These studies provide valuable benchmarks for evaluating predictive performance.
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Table 5.5. The evaluation metrics for the VWC site-specific model: NMAE, R2, and MAE.

Metrics NMAE R? MAE
Case  Location Train Validate  Test Train  Validate  Test Train  Validate  Test
vwe 1 a 0.0099 0.0133 0.0147 0.9933 0.9919 0.9869 0.0011 0.0012 0.0012
vwe 2 a 0.0105 0.0120 0.0085 0.9951 0.9946 0.9983 0.0018 0.0019 0.0014
vwe 3 a 0.0075 0.0080 0.0083 0.9953 0.9949 0.9895 0.0006 0.0006 0.0007
vwe 4 a 0.0092 0.0052 0.0114 0.9853 0.9949 0.9922 0.0012 0.0011 0.0011
vwe 1 b 0.0114 0.0155 0.0148 0.9948 0.9895 0.9868 0.0021 0.0027 0.0027
vwe 2 b 0.0056 0.0107 0.0127 0.9985 0.9919 0.9902 0.0008 0.0014 0.0015
vwe 3 b 0.0047 0.0116 0.1362 0.9990 0.9885 0.9830 0.0003 0.0008 0.0009
vwe 4 b 0.0047 0.0089 0.0361 0.9948 0.9777 0.9478 0.0010 0.0016 0.0018
vwe 1 a 0.0101 0.0098 0.0146 0.9909 0.9926 0.9838 0.0009 0.0009 0.0012
Tung Vvwe 2 a 0.0069 0.0114  0.0100 0.9913 0.9907 0.9923 0.0013  0.0016  0.0015
Chung  vywe 1 b 0.0102 0.0174 0.0152 0.9961 0.9788 0.9900 0.0006 0.0010  0.0009
vwe 2 b 0.0077 0.0246 0.0206 0.9923 0.9809 0.9797 0.0026 0.0037 0.0039
vwe 1 a 0.0163 0.0176 0.0183 0.9798 0.9793 0.9785 0.0041 0.0046 0.0041
vwe 2 a 0.0226 0.0165 0.0227 0.9840 0.9940 0.9853 0.0034 0.0025 0.0034
vwe 1 b 0.1307 0.0127 0.0139 0.9856 0.9913 0.9902 0.0032 0.0030 0.0033

Pa Mei

Tsing
Shan

Operational modeling suggests that a single model cannot capture soils' heterogeneous
responses, as identical rainfall patterns can trigger distinct responses depending on soil
characteristics. Figure 5.14 illustrates this by comparing a single LSTM model trained on all
15 sensors (Figure 5.14.a) with a dual-LSTM approach, one LSTM for soils at depth (a) (Figure
5.14.b) and another for soils at depth (b) (Figure 5.14.c). No resampling was employed in this
comparison to isolate the performance differences between the two configurations and to
quantify the soil variability. The overall MAE across training, validation, and testing is 0.0051
for the single model, compared to 0.0043 for the dual-LSTM setup. This improvement is
expected because soils at different depths respond differently, and a single LSTM, with one
shared set of weights, cannot adequately differentiate these responses. Within each soil depth,
differences among sensor locations necessitate deploying additional models to mimic the
SWRC accurately. Although further segmenting the data can enhance the model's ability to
mimic the SWRC, it also results in smaller training groups that are more susceptible to

underfitting or overfitting. Consequently, determining the optimal segmentation is an empirical
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process governed by the available dataset volume and the performance of each subgroup
relative to an established benchmark. In this study, site-specific models achieving an MAE

below 0.0043 were adopted as the benchmark.
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Figure 5.14. Scatter plot: predictions vs. actual data (a) single LSTM (15 sensors), (b) LSTM
for 0.50 m depth; (c) LSTM for 1.50 m depth

Each model within the multi-LSTM framework was rigorously fine-tuned and trained.
Figure 5.15 presents the scatter plots for each group, while Table 5.6 summarizes the
corresponding evaluation metrics. Each subplot represents a group with an annotation
representing the initial VWC range and the number of dry and wet patterns. Key considerations
include ensuring that each group encompasses both dry and wet rainfall patterns, maintaining
non-overlapping initial VWC boundaries, and balancing model performance with sufficient
data volume per cluster to minimize underfitting or overfitting. The models achieve robust
performance, with R? values exceeding 0.891, MAE values below 0.0031, and NMAE values
under 0.0306. Moreover, the close agreement between training, validation, and testing errors
indicates minimal overfitting or underfitting. These findings demonstrate that the proposed
nine-group configuration yields performance metrics comparable with those depicted in Table
5.5. Although alternative grouping strategies may produce different outcomes, the benchmarks
in this study were defined based on the MAE of single model performance (Figure 5.14) and

site-specific performance (Table 5.5).
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Figure 5.15. Predicted vs. actual VWC across the multi-operational models

To assess how this approach replicates the SWRC, feature importance was quantified

using permutation (Fisher et al., 2019) (Figure 5.16). For each feature being evaluated, the

values of that feature were randomly shuffled across different cases in the dataset. This means

that the feature values were reassigned to different samples, thereby breaking the statistical

relationship between that feature and the target variable while preserving the overall

distribution of the feature. For example, if the feature was rainfall intensity at a specific time

step, the intensity values were randomly permuted among all samples, so that each sample
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received a rainfall intensity value from another sample's history. This disruption isolates the
feature's contribution by removing its genuine correlation with the target.

Table 5.6. The evaluation metrics for the VWC operational model: NMAE, R2, and MAE.

Metrics NMAE R? MAE
Group Train  Validate Test Train  Validate Test Train  Validate Test
1 0.0120  0.0224  0.0306 09893 09859 09618 00014 0.0017  0.0022

2 0.0083  0.0110  0.0083 09918  0.9902  0.9928  0.0017 0.0018  0.0018
3 0.0082  0.0076  0.0111 09840 09910 09898  0.0020 0.0018  0.0019
4 0.0080  0.0078  0.0087  0.9950  0.9962  0.9899  0.0016 0.0015  0.0018
5 0.0124  0.0271  0.0223 09785  0.8910  0.9656  0.0011  0.0024  0.0018
6 0.0107  0.0128  0.0145 09817 09858 09757  0.0026  0.0029  0.0031
7
8
9

0.0093  0.0153  0.0119 09814 09585 09828  0.0017 0.0027  0.0020
0.00757  0.00729  0.0092 09929  0.9972 0.9931  0.0011 0.0011 0.0013
0.0077  0.0057  0.0077 09974 09987  0.9973  0.0005 0.0004  0.0004

To specifically assess the importance of rainfall temporal patterns, a within-case shuffle
of rainfall intensities was performed. For each individual case (i.e., each rainfall event
sequence), the sequence of rainfall intensity values was randomly reordered while preserving
the cumulative total rainfall. This means that the same set of intensity values was retained, but
their chronological order was randomized. This manipulation disrupts the temporal structure,
such as whether rainfall was concentrated early or late in the event, while keeping the total
rainfall volume unchanged. The increase in prediction error after this shuffle quantifies how
much the model relies on the specific sequence of rainfall, rather than just the total amount.
For both randomization types, performance was measured as the increase in Mean Absolute
Error (MAE) relative to the baseline model, averaged over 10 independent randomization
iterations to ensure statistical robustness.

In contrast to the traditional single-model approach, which assigns uniform weights,
the fine-tuned multi-LSTM model dynamically adjusts weights based on different response
segments (refer to Figure 5.16.a). Specifically, the results indicate that rainfall receives higher
importance in cases with low (< 0.1) and high (> 0.4) VWC, while a variant of moderate
weighting is applied in the intermediate range (0.1-0.4). This differential weighting enables
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the multi-LSTM model to mimic the changes in the slope of the SWRC. This approach
recognizes that slope responses depend on initial conditions. Moreover, even when the
cumulative rainfall is identical, variations in the rainfall pattern within each boundary lead to
distinct responses.

Furthermore, each rainfall intensity within a window is weighted to reflect its role in
the infiltration and seepage process. In this analysis, rainfall at each time step (T1 to T10) was
set to either 0 mm/d or 400 mm/d, and the resulting average increase in normalized MAE for
the multi-LSTM model is shown in Figure 5.16.b. When set to 0 mm/d, early time steps (T1—
T4) exhibit slightly higher weights, especially at shallower depths (0.50 m), indicating their
importance in initiating infiltration. In contrast, under high-intensity conditions (400 mm/d),
later time steps (T7-T10), particularly T9 at deeper depths (1.50 m), have a greater impact,
suggesting that intense rainfall later in the window is closely linked to delayed percolation and
saturation processes. Figure 5.17 compares the overall performance of the proposed operational
model with the site-specific model for some sensors. Table 5.7 lists the evaluation metrics. The
overall performance of the proposed operational multi-LSTM model is found to be similar to
the site-specific model. The MAE ranges between 0.0008 and 0.0085 for the operational model,
compared to 0.0005 to 0.0042 for the site-specific model, emphasizing the effectiveness of the
proposed methodology. Despite some anticipated deviations arising from the inherent

assumptions outlined in Section 3.3.2, a detailed discussion is provided in the following lines.
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Table 5.7. The overall evaluation metrics for the operational vs. site-specific model.

Metrics R? MAE

Case Location Site-specific Operational Site-specific Operational
vwe 1 a 0.9919 0.9736 0.0012 0.0019
vwe 2 a 0.9956 0.9799 0.0018 0.0022
vwe 3 a 0.9943 0.9684 0.0006 0.0015
P Mei vwe 4 a 0.9890 0.9697 0.0012 0.0015
vwe 1 b 0.9930 0.9857 0.0022 0.0028
vwec 2 b 0.9962 0.8998 0.0010 0.0029
vwe 3 b 0.9954 0.9681 0.0005 0.0015
vwec 4 b 0.9890 0.6330 0.0012 0.0032
vwe 1 a 0.9901 0.9745 0.0009 0.0016
Tung vwe 2 a 0.9914 0.9875 0.0014 0.0017
Chung vwe 1 b 0.9935 0.9900 0.0007 0.0008
vwe 2 b 0.9890 0.8645 0.0029 0.0037
' vwe 1 a 0.9795 0.9878 0.0042 0.0025
gshl:f vwe 2 a 0.9864 0.9938 0.0032 0.0020
vwe 1 b 0.9872 0.8083 0.0032 0.0085

To assess the model’s deterministic performance, numerically simulated patterns over
1000 days (February 2022 to November 2024) at T1 were utilized (refer to Figure 4.6). Figure
5.18. (a-b) presents the operational predictions at depths of 0.50 m and 1.50 m, where the model
exhibits robust predictive capability with minor deviations. It is noteworthy that training used
randomly shuffled subcases, whereas testing employed temporally ordered cases, maintaining
a roughly equivalent training-testing ratio with minor overlap. This approach demonstrates how
the adopted data handling and fine-tuning methodology enhances the prediction performance.
The operational model exhibited superior performance at the 1.5 m depth (Figure 5.18.b)
compared to the shallower 0.50 m depth (Figure 5.18.a), despite both using the same
operational model. Specifically, the model achieved an MAE of 0.0060 at 0.50 m and 0.0031
at 1.50 m, along with R? of 0.921 and 0.955, respectively. The discrepancy highlights that
deeper soils exhibit more stable moisture profiles. In contrast, shallow VWC responses show
higher variability, driven by near-surface sensitivity to rainfall, suggesting incorporating

additional features (e.g., evapotranspiration) may further enhance model performance.

165



e Operational predictions —— Numerical VWC (Fei Ngo Shan_T1_a) . Rainfall
x  Operational predictions

— 0.450 0.450 4
©, \ | H 400
F 0425 i i i 4 k- CRRE [ B
5 ' iR L ¥ i i,':l e (1% [V 350
& 0.400 X \ ’ A 3" 'k i 300
=3 X 1 \ qx 1
S 0.375 % o X ' % ,( % = % 250 5
T S I\ * Y B €
= g 0.350 1 Y 200 3
v
g 0.325 A ; i 150
ki X% 100
t 0.300 ' b < J3
s x o a0 50
£ 0275 [ J L
| I iR (W Ll bea w l”A. " || Fial | lo
0.30 0.35 0.40 0.45 2022-05 2022-09 2023-01 2023-05 2023-09 2024-01 2024-05 2024-09 2025-01
Numerical VWC (Fei Ngo Shan_T1_a) Date (d)

(a) Operational predictions vs. numerically simulated VWC at depth 0.50 m.

e Operational predictions —— Numerical VWC (Fei Ngo Shan_T1_b) = Rainfall
x  Operational predictions

3

1044 0.44 400

£

' 350

5 0.42 0.42 X

2

n 300

S 0.40 0.40 _

; o 250 3

& o038 So3s : 2005

(%)

S 036 0.36 5 150

3 x

034 0.34 100

i

fo3 032 I L | J ] 50

UL By . l||| wl lll I. Lo
0.325 0.350 0.375 0.400 0.425 0.450 2022-05 2022-09 2023-01 2023-05 2023-09 2024-01 2024-05 2024-09 2025-01
Numerical VWC (Fei Ngo Shan_T1_b) Date (d)

(b) Operational predictions vs. numerically simulated VWC at depth 1.50 m.

Fei Ngo Shan_T1 a Fei Mgo Shan_T1 a Fei Ngo Shan_T1 b Fei Ngo Shan_T1 b
70
400 4 |(Average SD): 0.003) 50 4 500 4 (Average 5D): 0.002)
60
350 1
40 4
50 4 300 4 400
[ z [ z
g a0 g 250 £ 30 < 300
z Z 200 = z
£ & & &
150 20 4 200 4
20 4
097 10 100
10 4 50
o ol o0 R
0000 0.005 0010 0015 -0.10 -0.05 000 0.04 0000 0002 0004 0006 0008 -0.10 007 -006 003 -001 000 002
sD Residuals (MC prediction mean - ground truth) SD Residuals (MC prediction mean - ground truth)

(¢) MC uncertainties and residuals of the mean MC prediction distributions across test cases at 0.50 m and 1.50 m.

Test case 10 Test case 616 Test case 713 Test case 720
701 [sp: 0.001 | N 60 " .
SD: 0.001 50 SD: 0.002 SD: 0.004 0 SD: 0.003
60 50
40 50
0 40
9 z z a0
§40 g 30 5 5
5 3 230 2
g g g & 30
&30 £ 5 & &
20
20 20
10 10 10 10
0.342 0.344 0346 0348 0.350 0.350 0.352 0.354 0.356 0.358 0.280 0.285 0.290 0295 0.300 0.280 0.285 0290 0.295
MC predictions (Fei Ngo Shan_T1_a) MC predictions (Fei Ngo Shan_T1_a) MC predictions (Fei Ngo Shan_T1_a) MC predictions (Fei Ngo Shan_T1_a)

(d) MC predictions frequency from T stochastic simulations for four randomly selected test cases at 0.50 m.

Test case 513 Test case 639 Test case 777 Test case 807
. . 70 -
SD: 0.001 60 SD: 0.003 0 SD: 0.001

50 40

& Z4 & &

c c c c

] o @ 30 @

=2 2 3 2

g gs g g

& = & 20 &
20
10 0

0
0.318 0.320 0.323 0.325 0.328 0.330 0.333
MC predictions (Fei Ngo Shan_T1_b) MC predictions (Fei Ngo Shan_T1_b) MC predictions (Fei Ngo Shan_T1_b) MC predictions (Fei Ngo Shan_T1_b)

ol
0.434 0435 0.436 0.437 0438 0.365 0.370 0.375 0.380

0.436 0.438 0.440 0.442

(e) MC predictions frequency from T stochastic simulations for four randomly selected test cases at 1.50 m.
Figure 5.18. Deterministic and stochastic evaluation of the operational model performance
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This study employs MC dropout to quantify predictive uncertainty in scenarios that
may involve heterogeneous soil properties. For each subcase, T = 1000 simulations were
performed, resulting in 2,000,000 simulations (2000 subcases x 1000 simulations). Figure
5.18.c presents histograms of the standard deviations (SD) for each subcase and the histograms
of residuals at depths of 0.50 m and 1.50 m. The residuals exhibit predominantly bell-shaped
distributions with an average SD of approximately 0.003. The low residual errors across test
cases underscore the model's predictive performance. Most of the cases exhibit uncertainty
values clustering around the reported mean of approximately less than 0.004, indicating
consistent predictive performance. The results of the MC align well with the expected
variability range. Specifically, applying a single model across all 15 sensors yields an MAE of
approximately 0.005 (see Figure 5.14.a), which reflects the inherent soil variability in the study
area. This performance is anticipated where the region exhibits similar soil responses, further
validating the approach toward developing an operational tool.

Although most test cases exhibit uncertainties near the mean value of approximately
0.003, a small subset displays notably higher uncertainty with a slight skew in the distributions,
as shown in Figure 5.18.c. This may be attributed to transitional hydrological conditions.
Figures 5.18.a-b further confirm that the largest deviations occur during the soil’s infrequent
transition, only one or two events per year, from fully dry to partial saturation. Because these
transitional states are sparsely represented in the primarily sensor-based training set, the model
exhibits higher errors and uncertainty. Targeted data collection during these rare hydrological
events is therefore essential to enrich the training database and improve generalization. Figure
5.18.e-f illustrates the MC stochastic prediction histograms for randomly selected samples.
These distributions are generally bell-shaped, indicating an approximate Gaussian behavior
and a consistent central tendency across the predictions. However, the variances differ among

cases due to diverse triggering conditions, boundary constraints, and soil heterogeneity, with
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the multi-LSTM approach minimizing the related uncertainties. Notably, the validity of this
tool is inherently constrained by its reliance on predefined data boundaries, a limitation
intrinsic to the data-driven methodology. Future data collection efforts to capture a broader
spectrum of variability could enhance the model's generalizability, accuracy, and robustness.
5.3.2 Hypertuning Strategy for Enhanced Model Performance.

To extend predictive capability to deeper soil layers (e.g., 2.50 m) and enhance robustness
across heterogeneous sites, this section introduces a unique hypertuning framework that
synergizes empirical DL optimization with physical infiltration processes. The framework
explicitly targets unmonitored rainfall-related features to provide both single and interval
predictions, addressing monitoring-system limitations through integrated analysis of multiple
subsurface hydrological and mechanical properties. Table 3.3 outlines comparative
contributions, highlighting how this work advances and complements existing research.

a) Model implementation

The key statistics of each input feature are shown in Figure 5.19, which shows that the rainfall
distribution varies from the other features and that the data should be normalized. The
evaporation data collected at Pa Mei have some missing data. The augmented Dickey-Fuller
(ADF) test was used, where the value of p is smaller than 0.1. Since stationary data serve as
the foundation for linear filling, these data are stationary, with missing data computed by linear
filling. As a result, the missing during the first half of 2008 is assumed to be comparable to
2009. A 549-day record (from March 2008) split into a 400-day training set (~73%) and a 149-
day validation set (~27%) was used, aligning with the conventional 70:30 ratio while
preserving time-series continuity. This window captures multiple wet—dry cycles for robust
pattern learning and provides an unbiased holdout. Although additional data are available,
restricting analysis to this validation period ensures consistent inter-case comparisons and

mitigates bias from predominantly dry intervals that can distort evaluation metrics. Figure
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5.20’s box plots (red: training; blue: validation) show largely comparable feature distributions,

with only a few extreme values.
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Figure 5.20. Data distributions for training (red) and validation (blue) sets from some

sensors in the Pa Mei as an example. Y-axis: rainfall and evaporation (mm/day); VWC (%)

This study employs Kendell, Pearson, and MIC methods to investigate the link between
the two variables (Table 5.8). Rainfall shows a modest positive connection at all depths, ranging
from 0.23 to 0.42 (Kendall's coefficient). This suggests that heavier rainfall increases soil
moisture content at various depths. While evaporation does not exhibit a strong association
(i.e., from 0.10 to 0.19), Ahmed et al. (2021) revealed that evapotranspiration greatly influences
seasonal soil hydrologic behavior. These variables (VWC_1, VWC 3, and VWC _4) have
substantial positive correlations with VWC 2, with coefficients ranging from 0.68 to 0.94
(Kendall's coefficient). These findings highlight the need to address meteorological parameters
(e.g., rainfall) and soil features (e.g., spatial moisture content at various depths) when studying
VWC dynamics.

Table 5.8. Statistical correlation among the input features and the output target at Pa Mei.

Correlation with the values of WTDR 2 as a target

Feature Sensor A: Depth = 0.50 m Sensor B: Depth = 1.50 m Sensor C: Depth = 2.50 m

Kendell Pearson MIC Kendell Pearson MIC Kendell Pearson MIC
Rainfall 0.42 0.34 0.34 0.32 0.37 0.25 0.23 0.41 0.22
Evaporation 0.19 0.26 0.22 0.16 0.26 0.20 0.10 0.21 0.18
VWC 1 0.72 0.87 0.68 0.81 0.92 0.92 0.82 0.90 0.94
VWC 3 0.69 0.85 0.62 0.74 0.88 0.73 0.83 0.87 0.96
VWC 4 0.78 0.86 0.69 0.72 0.76 0.84 0.89 0.90 0.98
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The antecedent condition has been demonstrated to influence the VWC response to
rainfall. As a result, new features were added to enhance the model's performance, as shown in
Table 5.9. These findings imply that rainfall history, particularly over extended periods, can
improve VWC prediction, which is understood by the window size (antecedent effect). The
hydrological conductivity of the landslide primarily determines the antecedent effect. This
effect has been thoroughly discussed in the literature, where the proper levels of antecedent
rainfall varied among cases. The literature lacks, however, a sensitivity analysis that looks at
how DL can successfully extract features. The model tuning process, visualized in Figure 5.21,
reveals exceptional performance characteristics: loss curves exhibit a steep decline during
initial epochs, stabilize into a plateau around epoch 100, and maintain consistent low loss
values thereafter. The close convergence of training and validation curves provides strong
evidence of minimal overfitting, while the marginally lower validation loss compared to
training loss suggests appropriate model complexity relative to dataset characteristics.

Table 5.9. Pearson correlations for different rainfall antecedent periods at the Pa Mei.

Rainfall antecedent Pearson correlation (WTDR 2 as target)
period (days) Sensor A: Depth =0.50 m  Sensor B: Depth=1.50 m  Sensor C: Depth=2.50 m
1 0.34 0.37 0.41
5 0.58 0.57 0.59
10 0.67 0.65 0.65
15 0.69 0.69 0.69
20 0.69 0.71 0.72
25 0.68 0.70 0.72
30 0.67 0.70 0.72
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Figure 5.21. Training and validation learning curves
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b) Model results

The objective of the algorithm comparison is to evaluate which models can effectively handle
the VWC time series relative to the naive model and to establish a model benchmark. Figure
5.22 compares several models where the red dashed line reflects the naive model as a
benchmark for comparison. Consistent with the No Free Lunch theorem, model results
demonstrate that DL does not substantially outperform shallow ML with limited training data,
highlighting that tuning and data quality are more critical than algorithm choice (Tehrani et al.,
2022; Merghadi et al., 2020). The results exemplify that simpler models, such as LR, and
specific neural network architectures, such as CNN-LSTM, perform well in handling the
dynamics of the VWC. "LSTM Norm_Reg" surpasses all other models on a variety of
measures. It has the lowest MSE, RMSE, and MAE and the highest R? and PRC, making it the
ideal choice for this prediction task, consistent with Nava et al. (2023).

Several features were evaluated to determine how they could influence model
performance and prediction outcomes. Table 5.10 depicts the comparison between integrating
(rainfall), (rainfall and evaporation), (rainfall, evaporation, and VWC 1), and (rainfall,
evaporation, VWC 1, VWC 3, VWC 4). Two benchmarks were used for comparison: the
naive model and the LSTM model, in which the output feature was VWC 2. Notably,
incorporating rainfall, evaporation, and neighboring VWC data significantly improves model
performance, with lower MSE, RMSE, MAE, and SDR values and higher R? and PRC.
Considering the neighboring and spatially related monitored data, it is seen to be effective as it
outperforms the Naive model and LSTM model benchmarks. The sensitivity analysis was
performed with two cases: case (1), in which the VWC 2 was considered as a feature to
examine the maximum performance (feature benchmark) of the features, and case (2), in which
a blind study was performed to select the features that outperform the naive model and are
close to the maximum performance in case (1). Rainfall and evaporation give reasonable
results; however, they are still poorer than the naive model. This can be illustrated as follows:
adjacent sensors take into account a variety of unmonitored factors, including surface runoff,
plant transpiration, spatial variability, hydraulic response, and other complicated mechanisms.

172



63

“Il-nnwl-m.-ﬂ..&.s-m-l’lo I’--

(b)

0.03
—

004
I

- aneN
I Bay wuoN W1ST

[ NNQ-WLST-NND

F WLST-NND

M Wis1-1a

F 2 NNY

F T NNY

2 NNO

T NNG

F

I abesane Buinow Guijjoy

M YIIYYS

I lenuauodxa ajdup

I |2pow |eguauodxa ajbuig

[ abelaae ajdwis

06—~
0.4

0.2 1

0.0

€ 921

—0.4

~0.6 -

—0.8

3AIEN

Bay WION W1S]
NNGQ-WLST-NND
NLST-NND
WLST-18

Z NNY

T NNd

€ NNO

TNNG

a1

abeiane Buinow Buljjoy
YhildY's

|enuauodxa ajduy

|zpow |enuauodxa 3|buis

abesane ajdwis

17.5 -
15.0 -
12.5 -

ﬁm.o—

(d)

Figure 5.22. Model selection comparison: a) MSE; b) RMSE,; c) MAE, d) R2

(©

173



Table 5.10. Feature selection comparison.

Metrics (Target VWC _2)

Case Features MSE RMSE MAE R2 SDR PRC
Naive model benchmark 3.78 1.94 1.13 0.62 1.94  0.81

i LSTM model benchmark 3.62 1.90 1.08 0.63 1.88  0.80
Rainfall + VWC _2 2.97 1.72 0.97 0.70 1.72 0.84
Rainfall and evaporation + VWC 2 3.14 1.77 1.07 0.68 1.77  0.83

1 Rainfall, evaporation, VWC 1+ VWC 2 2.93 1.71 1.05 0.70 1.71  0.84

Rainfall, evaporation, VWC _1, VWC 3, and 2.90 1.70 1.11 0.71 1.70  0.84
VWC 4 +VWC 2

Rainfall 4.17 2.05 140 059 200 0.81
Rainfall and evaporation 4.01 2.00 1.49 0.59 2.00 0.77

2 Rainfall, evaporation, VWC 1 3.48 1.87 1.40 0.65 1.85 0.81
Rainfall, evaporation, VWC _1, VWC 3, and 3.56 1.89 1.30 0.64 1.85  0.81
VWC 4

A sensitivity analysis was performed to examine the effect of the antecedent period.
This study is unique as, besides the statistical methods above, the LSTM model was employed
to extract such delayed effects through several trials, as shown in Figure 5.23.a-c. Most
importantly, the results show that the best antecedent period for the shallow depths (A and B)
is ten days, while the optimum value for the deeper depths (C) is 20. To illustrate, the shallow
depths are more responsible for rainfall than the deeper locations, as the infiltration process
takes time to reach deeper soil and also takes time to discharge away from the soil.

Model tuning was performed independently for each factor to investigate if there was a
trend in selecting the suitable search dimensions. Figure 5.24 shows the loss against each
parameter. Figure 5.24.a highlights the results for the tuning with different initial weights. This
figure elucidates that selecting the optimum parameters is challenging, as the initial weights
significantly affect the loss value. The dropout, alpha, batch size, and hidden units show no
trends; however, increasing the return sequence of hidden layers causes a loss increase.
Therefore, a random search method was employed to search for the optimum parameters
(dropout, alpha, and hidden units) (Figure 5.25). The same behavior is found in the dependent
search, where the best model has no clear trend, and several combinations can give approximate

results. This is illustrated by the initial assigned weights by the Adam optimizer and the early
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stopping technique. For this reason, reasonable parameters are selected from these results and
visualized in Figure 3.12.

So far, the ideal and shortest allowable length of the training set in landslide prediction
models has yet to be studied. Several training and validation sets were studied to investigate
how different ratios affect the model’s performance (Figure 5.26). It can be seen that the
training set between 50% and 70% has better performance than other sets, where a ratio of 50%
hits the best performance. This finding is illustrated by the 2008 wetting season, where there
was a significant amount of rainfall between March and October (i.e., around 240 days), then
from November to February (i.e., around 120 days), there was no significant rainfall, which
means that the model is well-trained during these periods. Reducing or increasing the training
set during non-rainy times will not affect the training process; however, it will increase the
validation points, lower the average, and improve the performance metrics. The study
evaluated various loss functions and optimizers (Figure 5.27), identifying the Adam optimizer
with MSE loss as the most effective combination. Using these final parameters. Figure 5.28
illustrates the actual and predicted VWC alongside the 95% confidence interval and the scatter
plots. Most VWC values fall within the prediction boundaries, with minor deviations. The
results, evaluated using PICP metrics, indicate better performance for deeper VWC predictions
compared to shallow depths. This is attributed to the shallow layers' complex interactions with
rainfall, runoff, erosion, and spatial variability, whereas deeper layers exhibit a more consistent

response to infiltrated rainfall.
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Table 5.11 presents the final validation metrics, highlighting a comparison between this

study and the related literature. It is found that the proposed model performs well compared
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with the one-dimensional analytical transient infiltration model (Ahmed et al., 2021) and other
related research about irrigation and landfill capping systems (e.g., Dassanayake et al., 2023;
Filipovi¢ et al., 2022; Granata et al., 2023). The model of VWC 2 C shows better results
compared to the literature available, as it improves the MAE and RMSE by around 47.53% and
23.64% compared to the best results of the related literature (Granata et al., 2023). Compared
to the deterministic models (one-dimensional analytical infiltration model), the results of the
VWC 2 C in this study show a good improvement in both R2 and RMSE values by a ratio of
2.87% and 33.03%, respectively. This proves that DL algorithms and the proposed model can
capture the physical and internal mechanisms of such complex mechanisms. It should be
emphasized that the model’s results are contingent on the specific training dataset. The sharing
networks allow the DL model to extract the transient infiltration mechanism and the missing
unmonitored features. The complex hydrogeological settings, such as scouring, water
concentration, runoff, vegetation, and so on, make it difficult to directly associate daily rainfall
with daily VWC for the shallow layers (i.e., VWC 2 A), as demonstrated by Suk et al. (2022).
However, neighboring monitoring can be valuable for improving model performance and
making predictions for the next 24 hours, particularly for deep soils (i.e., VWC_2 C).

Table 5.11. Comparative evaluation metrics and benchmark against related literature.

Ahmed Dassanayake Granta  Filipovi¢
Metric VWC 2 A VWC 2 B VWC 2 C et al. et al. et al.

o2y Q02D oma o)
MSE 3.2841 1.0698 0.4484 - ; - _
RMSE 18122 1.0343 0.6697 1 1.6 0.877 _

R2 0.6664 0.8541 0.9041 0.8789 0.643 0.946 _
MAE 1.2206 0.5663 03531 - - 0.673 1.8
SDR 1.8074 0.9984 0.6693 - - - -
PRC 0.8184 0.8299 0.9521 - ; - ;
PICP 0.859 0.879 0.913 - - - -

To evaluate the overall performance of the model, the FOS for the shallow layer was

calculated. Suction values, derived from the corresponding VWC measurements, were assumed
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to remain steady above the measurement point. This assumption treats suction values as
primarily time-dependent rather than spatially variable to address deviations arising from the
predicted VWC at different depths. Figure 5.29.a shows samples of suction values derived
from both monitored and predicted VWC under rainy and non-rainy conditions. The results
align well with previous studies in Hong Kong, where Ng et al. (1998) reported highly variable
suction values in colluvium soils, ranging from 0 to 80 kPa. Similarly, suction values monitored
in related studies (Maunsell Geotechnical Services Ltd., 2007; Geotechnical Engineering
Office, 2010b) are consistent with the values presented in Figure 5.29.a. The presented results
and trends of suction validate the assumptions while acknowledging their simplified nature.
Figure 5.29.b depicts the FOS along with the corresponding interval prediction and absolute
error, where the PICP value is 0.8523. Figure 5.29.c depicts a scatter plot of the estimated FOS
with the predicted VWC vs. the FOS estimated with the monitored VWC, with R, MSE,
RMSE, MAE, PRC, SDR, and MBE values 0f 0.8916, 0.0075, 0.0865, 0.0536, 0.9443, 0.0865,
-0.0001, respectively. Overall, the metrics indicate that the error in predicting VWC is not
significant, demonstrating that the model performs well. Furthermore, Figure 5.29.d illustrates
the residuals' distribution, which can reasonably be assumed to follow a normal distribution
with minor deviations, validating the assumption of confidence intervals employed in this
study. Utilizing the framework for the Tung Chung landslide case study provides a crucial
opportunity to evaluate its transferability capabilities, applying the same methodology to a
different scenario. The results obtained from the Tung Chung case study closely resemble those
from the Pai Mei case study. Both datasets exhibit R? and MAE values ranging from 0.72 to

0.90 and 0.35% to 1.25%, respectively.
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residual distribution of FOS.

¢) Model achievements and limitations

ML models are inherently empirical processes, heavily influenced by the selection of the
model, auxiliary layers, features, evaluation metrics, and other hyperparameters. Landslide
prediction, in particular, involves intricate temporal dependencies and complex dynamic
mechanisms, requiring a careful and sensitive determination of the proper window size to

account for these dependencies. In response, this study developed a hyperparameter-tuning
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framework that balances the appropriate selection of models and optimization processes while
addressing the complexities of landslide dynamics. The initial step in the framework involved
testing several models using the original target variable and comparing their performance with
anaive baseline model. This step ensured that the model's performance would not be influenced
by additional factors, such as selected features or window size, etc., providing a fair assessment
of each model's capability. The results revealed that while multiple models showed comparable
performance, the LSTM consistently delivered slightly better predictions. This justified its
selection for further optimization steps, including fine-tuning of features, temporal window
size, and other parameters.

The computational efficiency of the models varies with complexity. Simpler models
like SARIMA and moving averages are the fastest, requiring 1-2 ms per step, making them
ideal for rapid computations in straightforward scenarios. More complex models, such as DNN
(2-11 ms) and RNN (4-11 ms), provide better accuracy at a moderate computational cost.
Hybrid models like Bi-LSTM and CNN-LSTM take 2045 ms per step, balancing accuracy
and efficiency. The selected LSTM model, while the most computationally expensive at 39-95
ms per step, performs well in capturing complex dependencies, since all models were trained
using Google Colab with a Python 3 Google Compute Engine backend, indicating that none of
the models require extensive computational resources.

Overfitting is a concern in ML, particularly when working with relatively small
datasets. In response, the selection of features was guided by both statistical methods and
domain knowledge, ensuring the inclusion of critical variables like rainfall and VWC while
accounting for unmonitored factors (e.g., surface runoff and transpiration). Neighboring
sensors were also integrated to capture spatial variability and improve the model's robustness.
A holdout validation strategy, combined with sliding window techniques, preserved temporal

dependencies while testing various training-to-testing ratios to optimize data usage.
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Hyperparameter tuning further refined the model, with dropout techniques and early stopping
criteria applied to prevent overfitting. The training process was closely monitored, and the final
model demonstrated acceptable performance, with loss curves stabilizing at a low plateau and
validation loss aligning closely with training loss.

This study focuses on predicting VWC by addressing temporal dependencies rather
than identifying controlling features, which are well-established in the literature. While
cumulative rainfall values captured temporal effects (i.e., using statistical methods), this
approach is unsuitable for other features (i.e., the spatial VWC) due to their spatial and temporal
variability. An LSTM-based framework was employed to extract relevant features without prior
assumptions, effectively handling these dependencies. Regarding the antecedent effect, the
shallow colluvium layer’s high permeability (10~ to 10 m-s') supports short antecedent
periods (Au, 1998). Optimal antecedent windows of 10-20 days were identified, differences
arising from site-specific subsurface conditions and boundary constraints. Natalia and Yang
(2024) and Rahimi et al. (2011) show that rainfall randomness, intensity, duration, and pattern
modulate these effects: delayed patterns enhance infiltration and speed FOS recovery, whereas
advanced patterns delay failure. Soil conductivity further controls infiltration rate and healing
time under identical hydraulic conditions, making antecedent responses highly sensitive to
initial conditions and rainfall patterns.

To enhance practical relevance, it is acknowledged that, due to the challenges
associated with deploying subsurface monitoring systems, decision-makers often prioritize
remote sensing—based prediction and mitigation methods (Dou et al., 2025). These challenges
include issues related to energy consumption, memory size, data collection, transmission, and
harsh environmental conditions (Mucchi et al., 2018; Kumar et al., 2020b). Subsurface
monitoring systems outperform remote sensing in both cost and accuracy. Yang et al. (2017)

and Chu et al. (2021) estimated sensor system costs at roughly 1,500 USD and 1,000 USD,
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highlighting subsurface monitoring’s cost-effectiveness. Moreover, subsurface systems remain
the only reliable method for capturing landslide internal mechanisms.

With that in mind, this study presents a DL-based framework for predicting subsurface
responses, overcoming data-related challenges, enhancing subsurface monitoring applicability,
and urging decision-makers to deploy these systems. Despite promising results, this study has
several limitations that warrant future investigation. Only the drying branch of the SWRC was
modeled; integrating the wetting path could better capture hysteresis (Johari & Hooshmand,
2018). Uncertainty quantification could be improved by adopting alternative probabilistic or
ensemble methods to enhance robustness. Similarly, testing additional normalization
techniques and activation functions could boost DL performance. Reliance on one field dataset
underscores the scarcity of subsurface monitoring data; testing more data and developing
numerical models validated by this dataset to generate synthetic observations will enhance
generalizability. Future work will incorporate dynamic groundwater-table fluctuations into
FOS calculations to better capture transient pore-water pressures in shallow layers.

5.3.3 Distributed Multi-Sensor (Subsurface) Prediction Model

Existing approaches to these monitoring challenges fall into two main categories: pre-issue and
post-issue techniques, as summarized in Table 2.6. Pre-issue methods save energy by collecting
data less often, using fewer sensors in high-risk areas, or improving battery systems. These
approaches extend monitoring life but may collect less data and miss early warning signs. Post-
issue methods estimate missing data using statistics or machine learning, assuming similar
conditions across sites. However, both approaches rely on simplified relationships that cannot
capture how rainfall, water, and soil interact over time to trigger landslides. With that in mind
and building on the techniques described earlier, this section applies a multi-node sharing
network to overcome monitoring limitations such as data-collection challenges, randomness,

triggering uncertainty, and to improve model performance. This objective aims to predict the
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subsurface mechanical and hydrological responses using DL models to achieve better
predictions, with explanations coming in second. Then, in the case of data-related issues, it can
help solve the following issues: a) enhanced the level of uncertainty due to the unavailability
of rainfall controlling features by learning from best correlated hydrological and mechanical
characteristics; b) missing hydrological or mechanical responses; c) subsurface hydrological
and mechanical response prediction of future scenarios, supporting decision making and early
warning; and d) virtual sensing and understanding the spatiotemporal correlations, aiming to
reduce the number of active sensors.

a) Model implementation

This section focuses on the implementation of the developed DL model in two real-world case
studies in Hong Kong and details the step-by-step process of implementing the model within
these case studies as the implementation process begins with data preparation: The main
statistical data are listed in Table 5.12 before normalizing and processing, emphasizing that the
feature distribution varies (Bolded) with some erroneous monitoring (Reded) and that the data
should be normalized and processed. For the Tsing Shan case study, the Augmented Dickey-
Fuller (ADF) test was applied to assess the stationarity of the time series from sensor arrays
WTDRI1A, WTDRIB, and WTDRIC. The resulting p-values for WTDR1A (0.50) and
WTDRI1B (0.17) were both greater than the 0.1 significance threshold, indicating that these
datasets are non-stationary. In contrast, the p-value for WTDRI1C (0.02) confirmed its
stationarity. To address the non-stationarity in WTDRI1A and WTDRI1B, the subsequent
analysis step involved using a linearly fitted dataset as input to the LSTM model, which helped
update and refine the filled data for these series. Figure 5.30 shows a sample dataset after
utilizing the LSTM. The distorted data is handled by dropping out these values, and then the
vailed suction values, along with the corresponding VWC, are used to fit the best parameters (

0., a,, n,, m,)of the Fredlund-Xing equation (Equation 3.20). It should be emphasized that
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the DL model will not be suitable for the issue, as the distorted data occurred during the dry
season, when no data were available for the DL model to learn from. Figure 5.31 shows the

corrected time series using the proposed model for the JFT1B, for instance.
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Figure 5.30. The corrected VWC (WTDRIA, B) - Tsing Shan. The Y-axis unit WTDR is %.
Table 5.12. Main statistical characteristics of the dataset (Tung Chung).

. Features
Metrics —wnfall EPIA  EPIB  EP2A  EP2B  JFTIA JFTIB JFTIC IJFT2A JFT2B  JFT2C
Mean 798 006 008 571 021 -1153 2797 4219 -11.97 -1970 3111
Std 2840 253 213 633 286 1507 1892 2160 1784 1892 2281
Min 000 280 290 200 350 -89.80 -82.10 -86.10 -83.90 -89.10 -88.90
25% 000  -1.60 -120 040  -150 -10.10 -31.80 -67.10 -10.90 -1890 -32.00
50% 000 090 040 440  -1.00 -800 -1950 -3190 -7.90 -17.00 -23.30
75% 1.00 040 030 990 030 650 -1670 2670 460 -1400 -2040
Max  409.00 1440 1380 2570 1450 260  -040 420 330 240 280
Features
Metrics WTDR WTDR WTDR WTDR WTDR WTDR WTDR
TCIA  TCIB  TCIC s c . s s BH7 BN

Mean -61.95 -50.00 -49.99  30.07 33.22 25.22 18.85 21.65 33.90 88.17 30.07
Std 65.16 47.69 49.35 2.23 1.63 4.14 3.10 4.39 9.67 1.15 2.23
Min -191.3 -154.1  -1642  26.10 30.40 20.70 13.80 15.50 20.70 87.76 26.10
25% -91.70  -62.90 -48.50  27.70 31.90 21.50 16.40 17.90 22.70 87.77 27.70
50% -21.30  -21.20  -2290  30.70 33.70 25.40 18.80 23.10 37.70 87.77 30.70
75% -1820  -19.70  -2090  31.70 3430 26.60 20.90 24.60 41.20 87.71 31.70
Max -17.10  -1890 -19.80  35.10 36.20 36.40 33.20 49.30 49.90 95.39 35.10

Regarding data splitting and temporal ordering, this research used a training-to-testing
ratio of (73%:27%). Figure 5.32 illustrates the training (Red circles) and validation (Blue
circles) datasets with a box plot. The data distributions in the training and testing sets are
comparable, except for a few extreme values. Figure 5.33 demonstrates the exceptional

performance of the model since the loss curves are declining, particularly in the early epochs,
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hitting a plateau around epoch 150, and staying stable at a low loss. Additionally, the proximity
of these curves to one another suggests that overfitting is not present. However, it should be
noted that the training process may have some noise and oscillation due to small batch sizes,
Adam optimization, and random dropout techniques. These noises were addressed through
fine-tuning the model by monitoring training and validation loss curves and using early

stopping with model checkpointing to select the best model.
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Figure 5.31. a) Actual versus corrected JFTIB; b) SWCC fitted using Fredlund-Xing eq.
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Figure 5.32. Data distribution in the training and validation sets with a ratio of 73%:27%, for
WTDR sensors as an illustration — Tung Chung.

As for feature selection, Figure 5.34 shows the Pearson correlation among the original
dataset features. Knowing that the Pearson correlation cannot account for the temporal
correlations among these features, Table 5.13 sensitively examines and lists the Pearson
correlation between amended rainfall as a feature and the other responses as a target. It is shown
that the cumulative sum of the antecedent rainfall sequence (window size) significantly
correlated with other features. However, this temporal correlation is not necessarily a
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cumulative sum. As a result, a sensitivity analysis is performed for each model using LSTM to

examine such complex temporal correlations.
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Figure 5.33. The training learning curve with different batch sizes: a) 500 and b) 16.
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Figure 5.34. Pearson correlation coefficient among the input features and the output target.
It should be emphasized that the insights from Figure 5.34 assisted in selecting the best
features and the knowledge-based method to be integrated into the LSTM (Table 3.5).
Moreover, the dimensions of the antecedent period illustrated in Table 5.13 helped to select the

window size trials using the LSTM (Table 3.6). To illustrate, rainfall shows an extremely low
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to low positive connection at EP, JFT, TC, VWC, and BH7, ranging from 0.48 to 0.07 (Figure
5.34). On the contrary, as shown in Table 5.13, rainfall with antecedent effect shows a moderate
to high correlation at EP, VWC, and BH7, ranging from 0.80 to 0.57. These data show that
rainfall history, particularly over long periods, may significantly enhance EP, JFT, TC, and
VWC forecasts. The Pearson correlation is extremely low to moderate, ranging from 0.13 to
0.62 at the JFT and TC sensors, necessitating the consideration of new features with LSTM,
such as those listed in Table 3.5.

Table 5.13. Pearson coefficient among the input amended features and the output target.

Amended feature (Rolling window size of rainfall - days)

Target

0 10 20 30 40 50

EP1A 0.42 0.67 0.72 0.70 0.69 0.67
EP1B 0.48 0.61 0.64 0.61 0.59 0.55
EP2A 0.35 0.70 0.78 0.79 0.80 0.80
EP2B 0.48 0.64 0.65 0.58 0.54 0.47
JFT1A 0.07 0.13 0.14 0.12 0.10 0.07
JFT1B 0.24 0.43 0.48 0.49 0.50 0.51
JFT1C 0.24 0.51 0.58 0.60 0.61 0.62
JFT2A 0.08 0.15 0.14 0.11 0.07 0.02
JFT2B 0.07 0.12 0.13 0.12 0.11 0.10
JFT2C 0.14 0.30 0.34 0.33 0.33 0.33
TCI1A 0.16 0.39 0.44 0.44 0.43 0.42
TC1B 0.15 0.38 0.43 0.44 0.44 0.44
TCI1C 0.15 0.36 0.42 0.44 0.44 0.45
WTDRIA 0.30 0.59 0.67 0.68 0.69 0.69
WTDRI1B 0.27 0.58 0.64 0.65 0.67 0.67
WTDRI1C 0.32 0.65 0.70 0.69 0.68 0.66
WTDR2A 0.34 0.55 0.60 0.58 0.57 0.56
WTDR2B 0.42 0.61 0.68 0.68 0.69 0.69
WTDR2C 0.23 0.55 0.62 0.64 0.66 0.67
BH7 0.57 0.57 0.57 0.50 0.47 0.41

b) Earth pressure (EP) response

Table 5.13 illustrates that the best temporal sequence is 20 days for the earth pressure, except
for EP2A, which slightly improves with a 50-day sequence. The DL LSTM was modeled
considering these temporal dependencies and incorporating the spatially varied responses.
Figure 5.35.a shows the time series plot for the best LSTM where the target is EP2A and the
input features are: rainfall, WTDRI1C, and WTDR2C. Figure 5.35.b presents the scatter plot

and six evaluation metrics compared to the naive model. Figure 5.35.c compares different input
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scenarios to emphasize how spatially nearby VWC can improve the model performance and
account for the rainfall uncertainties. Figure 5.35.d presents the error distribution plot for the
best-fitted LSTM model, highlighting that the predicted results have a minor error distribution.
To illustrate, the results show that integrating spatially varied VWC improves the prediction,
as visualized in the comparative plot in Figure 5.35.c. This is because the subsurface water
content considers the spatial uncertainties of the rainfall, surface runoff interaction, and
vegetation effect, among other unmonitored complex features, illustrated earlier. In this
comparison, two factors are studied: a) considering the VWC as a spatially nearby feature that
best accounts for the rainfall uncertainties (i.e., (rainfall only) and (rainfall +
WTDR2C+WTDRI1C)), and b) the temporal dependences between these features (i.e., the
window size of 20 days and 50 days). Considering RMSE as a comparison metric for the EP2A
sensor, the VWC improves the model performance by around 8% compared to rainfall only. As
for the temporal dependencies, longer sequences, as found by the Pearson correlation analysis,

can further improve the performance to a ratio of around 12% compared to the naive one.
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Figure 5.35. Prediction analysis of EP2A at Tung Chung.

Another case study (Tsing Shan) is examined to check the model's generality. Figure
5.36.a shows the predicted and the actual results, while Figure 5.36.b shows the scatter plot
and the best metrics obtained for EP2P. The rainfall data was missing while monitoring EP1P
and EP2P. As a result, in this case, the spatially varied VWC were integrated as input features
without considering rainfall. However, the WTDR at depth C shows constant values for
extended intervals. This may be due to cracks, body movement near the instrumentation, water
zones near sensors, lack of sensor maintenance, etc. As a result, integrating the VWC at
spatially varied depths is considered to overcome such uncertainties. Figure 5.36.a proves that
considering surface VWC can overcome the uncertainties that may be found at deeper sensors
due to the presence of a perched groundwater level, which affects the sensor reading. Moreover,
considering only VWC can reasonably predict the earth pressure with an R2 of 0.89 and an
RMSE of around 2.07 kPa. The prediction accuracy is comparable with that of Tung Chung,
highlighting the general predictivity of the DL model. However, the time series between March
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and May 2010 shows lower prediction accuracy. The integration of nearby time series
responses on the EP1P is utilized with DL to train the model well. Figure 5.36.b shows that a
better prediction is possible, which indicates the capabilities of the LSTM model to understand
the spatiotemporal correlation among different features. The improvement is around 17%
regarding RMSE, while the R2 value reached 0.93. The same finding presented in Figures 5.35
and 5.36 is found to be generalized among six different earth pressure sensors at various
locations and two different case studies. A comparison is visualized in Figure 5.37, where the
LSTM model predictions are comparable to the naive basic model. The RMSE ranges between
0.97 and 2.15 kPa with an average value of 1.62 kPa, while the naive basic model ranges
between 1.03 and 2.44 kPa with an average value of 1.63 kPa. Consequently, it is concluded
that the LSTM can predict the mechanical response of a landslide by learning from the

hydrological response (VWC).
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Figure 5.36. Prediction analysis of the EP2P at Tsing Shan.
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Figure 5.37. Comparative analysis between the predictions of the six locations at the Tung
Chung and Tsing Shan case studies.

¢) Thermal conductivity (TC) suction response

Figures 5.38.a, b show the prediction results of the LSTM model for a thermal conductivity
suction sensor TC1B. The predictions indicate that the DL model can learn from the spatially
related features of the soil moisture and provide accurate predictions of R2 of 0.90, MAE of
3.63, RMSE of 5.61, and PRC of 0.95. The same finding is concluded for the three arrays
TCI1A, TCI1B, and TCIC. To check the model's applicability of the model, the model is
examined on an extended data set. In this extended dataset, three factors were evaluated: the
first is to explore the generability of the LSTM with another data set, the second is to investigate
how a more extensive data set can improve the model performance, and finally, to compare the
LSTM predictions with the well-known Fredlund-Xing.

Figure 5.39 compares the LSTM predictions and the well-known Fredlund-Xing
equation. The LSTM model outperforms the Fredlund-Xing equation, which illustrates how
DL has high learning capabilities as visualized by the error distribution plot in Figure 5.39.b,
d. To illustrate, Figure 5.39.b shows the best-fitted SWCC for the TC1B using the VWC of

WTDRIA. This figure shows that the Fredlund-Xing equation cannot account for surface-
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runoff complex response when considering spatially varied VWC response, where numerous
points show the same suction values with different VWC. In contrast, LSTM can learn this
transient response from rainfall as a primary trigger and overcome uncertainties by integrating

the VWC of the spatially nearby sensors.
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Figure 5.39. Prediction analysis of the TCIB at the Tung Chung extended case study.
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Figure 5.40 compares the overall performance between the three arrays in terms of
RMSE for two different lengths of the dataset. The average RMSE of the LSTM for the three
arrays is lower than that of the Naive model. The performance of the deeper sensors is better
than that of shallower sensors. This behavior is because deeper sensors are less sensitive to
surface-runoff response than the shallower locations. The extended dataset proves the model's
generability to predict suction; additionally, it helps the LSTM better understand the
spatiotemporal dependencies among the features, providing improved performance by a ratio
of 12%. Figure 5.41.a shows the predictions of suction at different depths for two different
triggering conditions (i.e., dry and wet seasons) in the two datasets. Minor errors were found
in predicting the exact values in the dry periods. During the wet seasons on May 1, June 13,
and August 12, the LSTM accurately captures the response from the three locations,
highlighting the capability of DL to predict spatially varied responses.

The LSTM accurately captured the matric suction's transient response (wetting front
process dynamics), accounting for the temporal and spatial dependences. Zhang et al. (2011)
illustrated the typical responses of the negative pore pressure to the change in rainfall
conditions. The first response is the sharp wetting front at the three arrays, as visualized in
Figure 5.41.a on May 1, June 13, and August 12. The second response is the ongoing saturation
process (surface flux is zero); on May 22, TC1A showed lower suction as a result of the start
of the infiltration process; at TC1B, the effect of the infiltration has not started yet, recording
higher suction values, while at TC1C, the suction values were low as a result of the nearby
groundwater level. Thirdly, as predicted, the hydrostatic pressure profile (full dry) as of May
18 shows the same trend as a well-known profile for dry soil (Rahardjo et al., 1995). The same
finding is found with the extended dataset in Figure 5.41.b, highlighting the generability of the

LSTM model in predicting the suction with outstanding accuracy.
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Figure 5.40. Prediction results of TC at Tung Chung with two different dataset lengths.
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Figure 5.41. TCI comparative analysis at different depths and different triggering conditions.

d) Jet Fill Tensometers (JFT) response

Figure 5.42 shows the prediction results for the two JFT sensors at Tung Chung and compares

model performance among different sensors, case studies, and prediction approaches. Figure

5.42.a shows the LSTM prediction for two input features: the first integrated VWC and TC

responses, while the second considers only the VWC. Unlike the shallower sensors at TC,



which show no delayed response between the suction and the corresponding rainfall and VWC,
the deeper sensors at a depth of 2.50 show a temporal lag between the infiltration and the
suction. As a result, VWC and rainfall cannot capture such temporal dependences, necessitating
considering spatially nearby responses to let the LSTM learn such transient interaction. The
TC values at a depth of 0.70 m at different locations to the JFT2C help the LSTM model learn
better. The temporal sequence at deeper sensors, like the JFT2C case, was 50 days, while it was
around 20 days for shallower sensors, such as the case of TC1A. The LSTM shows accurate
predictions with RMSE of 3.18 kPa, MAE of 2.35 kPa, and R2 of 0.98 (Figure 5.42.b). The
same accuracy is obtained in the Tsing Shan case study as visualized in Figures 5.42.c, d. The
temporal dependences are accurately captured by integrating the shallower VWC, which gives
an RMSE of 4.22 kPa, MAE of 3.00 kPa, and R2 of 0.89. The performance of other sensors is
visualized in Figure 5.43 in terms of RMSE. The LSTM provides an accurate prediction
compared to the naive model by a ratio of 2.3% in the Tung Chung case study and 8.7% in the
Tsing Shing case study. Figure 5.44 visualizes the capability of the LSTM to accurately capture
the transient response (wetting front dynamics), similar to the TC1 sensor.

e) VWC response

In this section, additional features were investigated, such as the capabilities of the LSTM
model to learn from suction, earth pressure, and groundwater level, predicting VWC. Figures
5.45.a, b visualize the time series predictions versus the actual validation set and the scatter
plot between actual and predicted values, respectively. The best prediction metrics were 3.27%,
1.37%, and 0.89 for the RMSE, MAE, and R2. The features were selected at the same depth,
while spatially different. It is found that these features provide reasonable accuracy except for
some minor errors. Figure 5.45.c compares different model performances regarding RMSE. It
is found that all features can account for the spatiotemporal uncertainties of rainfall. The best

features are the spatially nearby VWC, as proved in Section 5.2.2. Suction with VWC has no
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visible influence on prediction accuracy over VWC. The GWL variation, without considering
VWC-related features in a location near the target, provides comparable predictions to those of
case 2. The mechanical response of the slope in terms of the earth pressure and the hydrological
response in terms of suction gives reasonable accuracy in the case of the unavailability of the

other best-related features.
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201



10 10

BN Naive (Avg RMSE: 5.29) Bl Naive (Avg RMSE: 2.89)
W [ STM (Avg RMSE: 5.17) W LSTM (Avg RMSE: 2.64)
8.42 n "
Input: (refer to Appendix A) Input: (refer to Appendix A)
g Target: (JFT1A, JFT1B, JFT1C, JFT2A, JFT2B, JFT2C) g4 Target: (JFT1A, JFT1B, JFT1C)
Location: Tung Chung Location: Tsing Shan

RMSE
RMSE

JFT1A JFT1B JFT1C JFT2A JFT28 JFT2C JFT1A JFT1B JFT1C
Targets Targets

Figure 5.43. Performance comparison of various sensors at two different case studies.

(0.00) (0.00)

Input: (refer to Appendix A) Input: (refer to Appendix A)
Target: (JFT24, [FT2B, JFT2C) Target: (JFT1A, [FT1B, JFT1C)
Location: Tung Chung Location: Tsing Shan

(0.50)

(0.50)

—8— Actual - April 7, 2009
—-®- Predicted - April 7, 2009
Actual - May 1, 2009
Predicted - May 1, 2009
—8— Actual - May 17, 2009
(150} 1 _@- predicted - May 17, 2009
—8— Actual - May 30, 2009
—-@- Predicted - May 30, 2009
—e— Actual - June 14, 2009
-®- Predicted - June 14, 2009
—a— Actual - August 15, 2009
-®- Predicted - August 15, 2009

Depth (m)
Depth (m)

(1.50)

(2.50) 4

T T T T T T T T
—100 —80 —60 —40 =20 0 —100 —80 —60 —40 -20 0
Suction (kPa) Suction (kPa)

(a) Tung Chung (b) Tsing Shan
Figure 5.44. JF'T comparative analysis at different depths, triggering conditions, and two
cases.

f) Discussion of results

DL framework challenges: Predicting rainfall-induced landslides is fundamentally challenging
due to the intricate spatiotemporal dependencies governing subsurface hydrological and
mechanical responses. Traditional models relying on simplified proxies like cumulative rainfall
often fail to capture these dynamic mechanisms (Melillo et al., 2018). This study introduces a
tailored DL framework, centered on LSTM networks, to directly learn these complex
dependencies from transient subsurface data (e.g., earth pressure, suction, and VWC). A critical

component of the methodology was the systematic tuning of hyperparameters, particularly
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window size and feature sets (refer to Tables A9 to A15), to effectively capture antecedent

conditions, a known challenge in hydrological modeling (Sit et al., 2020).
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Figure 5.45. Prediction analysis of the WTDR2C at Tung Chung.

Methodological implementation and validation: The modeling process employed a

structured optimization strategy to ensure robustness. Hyperparameters were tuned using

established regularization techniques like dropout (Srivastava et al., 2014) and early stopping

to reduce overfitting, and a sensitivity analysis of window size was conducted to capture

temporal dependencies for each target. Feature selection combined statistical methods with

domain expertise to ensure the inclusion of key drivers such as rainfall, while accounting for

unmonitored influences (e.g., surface runoff, transpiration) by incorporating neighboring

subsurface hydromechanical responses. Training used a strict holdout validation strategy with
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sliding windows to preserve temporal order. Candidate configurations from coarse searches
were retrained for fine-tuning, and final evaluation was performed exclusively on the saved
optimal weights without changing model topology, a practice critical for valid sensitivity
analysis (Ghaderi et al., 2022). The loss curves showed stable convergence, with validation
loss closely matching training loss, indicating limited overfitting. Model performance was
benchmarked against a naive persistence baseline. The study reports results from 38
independently trained models, each with distinct input configurations (Tables A9-A15);
sensitivity analyses and model selection were conducted by comparing these fully fine-tuned
models on the held-out validation set.

For these models (i.e., 38 models in Tables A9-A15), a dedicated sensitivity analysis
was performed to evaluate input feature importance, a complex task for multi-dimensional time
series where standard measures like Pearson correlation can under-represent antecedent effects
(Sit et al., 2020). The analysis integrated DL attribution with time-resolved sensitivity, tuning
for both antecedent window size and model architecture. Crucially, this analysis was applied
to the saved optimal weights of each model (Ghaderi et al., 2022), ensuring the resulting feature
sensitivities reflect the models' actual learned mapping rather than initial assumptions. While
permutation importance offers one valid approach (Molnar, 2020), it is emphasized that visual
comparison of time-resolved outputs is essential for accurate judgment, as small performance
differences can be misleading without inspecting temporal fidelity.

Key findings, model performance, and scientific insight: This study demonstrates the
significant potential of DL for interpreting complex subsurface landslide processes. A strong
capability to capture spatiotemporal dependencies between hydrological and mechanical
responses was demonstrated, with high predictive accuracy achieved for key variables
including matric suction and earth pressure. A key finding is that the concept of a single

"maximally activating" input is inherently multivariate and spatiotemporally constrained.
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While rainfall is the essential trigger, its capacity to produce a critical subsurface response is
entirely governed by the antecedent state of the slope, which is encoded in the historical
sequences of spatially distributed sensors. The constraints are both temporal (requiring
sufficient sequence length to capture initial saturation) and spatial (requiring input from
multiple locations to define internal boundary conditions). This explains why models using
only rainfall were significantly outperformed; the "maximizing" condition is not a rainfall total,
but a specific interaction between that rainfall and a vulnerable slope state, consistent with
geotechnical principles (Lu & Godt, 2013).

This multi-feature approach is a key strength of the proposed DL framework. By
integrating a multitude of input features from surrounding sensor locations, the model does not
rely solely on rainfall data, which alone exhibits a weak correlation with slope failure. Instead,
it learns from the integrated response of the entire slope system. The surrounding hydrological
and mechanical features effectively serve as dynamic boundary conditions, allowing the model
to discern why similar rainfall patterns can produce drastically different subsurface responses.
This provides a more robust and physically grounded prediction than models based on a single
trigger. Spatiotemporal dynamics of subsurface systems were successfully captured by the
proposed framework. The LSTM models demonstrated high predictive accuracy for key
variables, significantly outperforming naive persistence baselines. Key mechanistic insights
include: a) Spatial Integration: The model learned that a single “maximally activating”
condition is not just rainfall, but the interaction between rainfall and the slope’s antecedent
state. Integrating features from multiple sensor locations allowed the model to use surrounding
hydrological and mechanical responses as dynamic boundary conditions, dramatically
improving prediction. For example, using nearby subsurface responses improved VWC
prediction RMSE from 6.23% to 3.26%; b) Temporal Understanding: The LSTM accurately

captured temporal lags at different depths. Shallow sensors (0.30-0.70 m) showed immediate

205



responses to rainfall, while deeper sensors (1.50-2.50 m) exhibited delays, which the model
learned by considering shallow responses from nearby locations; and c) Transportability: The
model's robustness was validated across two distinct case studies (Tung Chung and Tsing Shan)
and datasets of 549 and 810 daily steps, proving its generalizability.

The critical role of subsurface monitoring: This core finding addresses a fundamental
preference in the risk management community for remote sensing techniques, which, while
excellent for surface deformation monitoring (Wasowski & Bovenga, 2014), cannot directly
observe the internal mechanics preceding a failure. Subsurface systems face challenges like
energy consumption and harsh environments (Mucchi et al., 2018; Kumar et al., 2020), often
leading decision-makers to favor surface-based methods. However, this study underscores the
indispensable value of in-situ subsurface sensors. They are not only more cost-effective but are
also uniquely capable of capturing the internal mechanisms that precede slope failure. By
demonstrating that DL can effectively "see inside the slope" and model its complex inner
workings, this work provides a compelling justification for the continued value and integration

of subsurface in-situ monitoring networks.

5.4. SLOPE STABILITY ANALYSIS AND AUTOMATION FRAMEWORK (TIER 3)

5.4.1. Automated Parametrization Model (APHs)

This research introduces a powerful tool, the Automatic Parametrization of HS Model (APHs),
designed to make the HS model parameterization process easier and faster than conventional
methods while maintaining high accuracy. Traditional parameterizations rely on oedometer
tests, unloading-reloading data, or domain-specific assumptions. Existing optimization-based
models often assume uniform parameter weighting, potentially overlooking the distinct
sensitivity of each parameter. APHs address these limitations as a standalone tool that relies
exclusively on conventional triaxial loading test data. To achieve this goal and address the

scarcity of labeled datasets, this study integrates numerical modeling with DL. The study
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focuses on a typical shallow Hong Kong soil with parameter ranges derived from field data and
relevant literature. Latin Hypercube Sampling generated diverse parameters within theoretical
bounds for reliable input, while a 2D axisymmetric finite element model (SIGMA/W)
simulated laboratory tests to create a comprehensive labeled dataset.

a) APHs tuning

In this study, the Bayesian optimization technique (Snoek et al., 2012) was employed to
optimize the parameters for each DL model. A maximum of 100 trials were conducted, with
250 training epochs per trial, to initially explore the parameter space effectively. Figure 5.46
presents the density map of each variable against the loss. Some variables exhibit a consistently
lower loss for specific models, while others do not show a clear pattern. It is also observed that
multiple combinations of hyperparameters can result in similar loss values. Consequently, the
optimal parameter set identified through Bayesian optimization was subsequently used to train
the models, following a coarse-to-fine tuning approach (refer to Figure A4). Early stopping
criteria were applied, and the training and validation processes were closely monitored by
visualizing the loss curves to refine parameters iteratively. For instance, this process helped
identify and address overfitting or underfitting by adjusting regularization values (i.e., L2)
accordingly. The error benchmark for model evaluation was set to an NMAE of less than 1%,
with the best-performing model either selected from the tuning process or manually adjusted
based on learning curves, being the one that met this criterion. This methodology helps mitigate
the risk of being trapped in local minima, and it also helps balance overfitting and underfitting.
As a result, computational efficiency was improved, and higher accuracy was achieved. The

final optimized parameter sets are presented in Table 5.14.

207



-
o

validation Loss

0.0

Validation Loss
| - 2
[
o w

e
S

I e

I e

| TSR
7§74

3 005 . .
g —

2 9 i pe
o 0 o w

15

10

ion Loss

RN
T RMh RN

0.5
0.0

0.2

=
-—

04

Loss

= 02

ren

0.0

2 051

—_— T S———
0 500 1000 o 250 500 750 o 200 0.0 0.5 10 0.0 0.5 10 0.025 0.050 0.075 0.100 No Yes
N1 N2 N3 D R 2 B
@ single Model cikra) @ ¢ @ R @ EFkea) @ EG(kea) @ EX(kPa) m

Figure 5.46. Density maps of hyperparameters vs. validation loss (APHs).

Table 5.14. The APHs final multi-LSTM model parameters.

Value (target)

Parameter Single Multi LSTM

LSTM** (e) (¢") (R) (ES) (E3) (Ex) (m)
N1 512 256 256 512 512 512 256 512
N2 512 256 128 256 256 256 128 256
N3 256 128 64 128 128 128 64 128
D 0.1 0.1 0.1 0.3 0.3 0.3 0.1 0.1
LR 0.7 0.9 0.9 0.5 0.5 0.5 0.9 0.9

L2 0.001 0.0001 0.0001 0.001 0.0001 0.001 0.0001 0.0001

B False False False True False True False False

Initial tuning  06h 04m  05h59m 07h 14m 07h58m O08h 09m 06h20m 06h31m 06h 05m

durations* 41s 02s 46s 28s 02s 15s 50s 32s

* These durations are based on the high computational power provided by the HPC server.
** This refers to a single model that predicts all seven parameters simultaneously.
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b) APHs training and evaluation

A hold-out validation strategy was employed to ensure the robustness and reliability of the
LSTM models. The dataset, comprising 1200 unique samples with no overlapping responses,
was randomized and split into 1000 training and 200 validation samples. The model was trained
using early stopping to prevent overfitting, and the optimized weights were saved. This process
was repeated with different randomized splits, using the previously saved weights as
initialization for further optimization. Given the uniqueness of each sample in the dataset, this
strategy allowed the model to generalize effectively by exposing it to diverse training-
validation splits while incorporating dropout variability. To ensure model consistency, L2
regularization stabilizes weight updates and reduces sensitivity to data variations (Srivastava
etal., 2014). For instance, Figure 5.47 illustrates the training process for some parameters, such

as (E & Ry ), where initial difficulties in predicting specific samples were resolved through

resampling. Figure 5.48 presents the learning curves for the optimized LSTM model (for ¢'& m

as an example). The curves highlight the model's strong performance, as evidenced by the
declining loss values, particularly during the initial epochs, followed by stabilization at a
consistently low loss level. The close alignment between the training and validation loss curves
indicates minimal risk of overfitting. However, minor noise and oscillations are observed
during the training process, which can be attributed to the Adam optimization algorithm and

random dropout techniques.
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Figure 5.48. APHs model training learning curves.

Figures 5.49 and 5.50 present scatter plots of predicted versus actual values for the

strength and stiffness parameters, respectively, demonstrating the robust performance of the

LSTM models in predicting the HS parameters. Each subplot evaluates the model's accuracy

for a specific parameter, with both training and validation sets clearly delineated (training

samples as blue circles and validation samples as red circles). The model achieved exceptional

accuracy with an NMAE of 0.66% and 0.74% for ¢' (Figure 5.49.a). For ¢' (Figure 5.49.b),

the NMAE was 0.24% and 0.22%. The model also demonstrated high accuracy in predicting

Ry(Figure 5.49.c) with an NMAE of 0.83% and 0.84%. E’¢ (Figure 5.50.a) achieved NMAEs
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0f0.9% and 1.23%, while £ (Figure 5.50.b) reached 0.70% and 0.83%. E’?, (Figure 5.50.c)

showed NMAESs of 0.39% and 0.42%, and the m (Figure 5.50.d) demonstrated NMAEs of
0.25% and 0.24% for the training and validation sets, respectively. Notably, the proximity of
training and validation errors across all parameters highlights the absence of overfitting or
underfitting, emphasizing the model's robustness. Figures 5.49 and 5.50 also demonstrate that
the validation samples are well-distributed across the parameter space, ensuring comprehensive
evaluation and consistent performance for all HS parameters. Table 5.15 presents the evaluation
metrics for all models, including the MAE, MAPE, NMAE, and the R? The models
demonstrated exceptional performance, with average NMAE, MAPE, and R? values of
approximately 0.606%, 0.975%, and 0.9987, respectively, underscoring their accuracy and
reliability, indicating an accuracy of roughly 99.40%.

In scenarios characterized by complex or noisy data, MC dropout was integrated to
quantify predictive uncertainty using an unseen test set of 100 samples. Figures 5.49 and 5.50
illustrate the actual versus predicted values (Magenta), the scatter plots of MAE values (gray),
and the corresponding histograms of residuals for each parameter (Blue & Magenta). The
analysis shows that residuals exhibit minimal error across parameters, with approximately bell-

shaped distributions, except for a slight skew in the stiffness parameters. Notably, the estimated

uncertainties (o ) are minor relative to the range of each parameter. For instance, 0.,

recorded around 0.76 (ranging from 10 to 50 MPa). Moreover, the model performance is robust,
with R? values exceeding 0.99 and MAE values comparable to those from the deterministic
predictions (see Table 5.15). The proximity of the performance could be illustrated by the
following: a) extracting axial strain in small increments helps represent each curve with enough
points, minimizing the impact of any potentially noisy data; b) adopting a multi-approach that
assigns distinct weights for each parameter; c¢) applying a structured tuning process, from

coarse to fine, with integrated dropout and regularization. Given the similar performance of
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deterministic and stochastic predictions, using the standard deviations of residuals from

training and evaluation offers a time-efficient way to estimate uncertainty without requiring

additional sampling or computationally expensive techniques at prediction time.
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Figure 5.49. Deterministic (training and validation sets) and stochastic (test set) predicted

strength parameters versus actual HS parameters with stochastic test MAE and residuals.
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Figure 5.50. Deterministic (training and validation sets) and stochastic (test set) predicted

stiffness parameters versus actual HS parameters with stochastic test MAE and residuals
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Table 5.15. The APHs model evaluation metrics: NMAE, MAPE, R2, and MAE.

Case Training (T) and Validation (V)
Metrics NMAE MAPE R2 MAE
Parameters T \ T \ T \ T \
¢ (kPa) 0.66 0.74 - - 0.9991 0.9987 0.052 0.085
¢'(%) 0.24 0.22 0.05 0.05 0.9999 0.9999 0.017 0.015
R_/» 0.83 0.84 0.56 0.55 0.9984 0.9985 0.004 0.004
E;f/ (kPa) 0.9 1.23 1.28 1.59 0.9982 0.9958 361.512 490.832
E;‘g" (kPa) 0.7 0.83 2.09 2.18 0.9976 0.9969 156.208 188.001
E{Z:{, (kPa) 0.39 0.42 1.25 1.27 0.9994 0.9991 65.006 67.919
m 0.25 0.24 0.43 0.4 0.9998 0.9999 0.002 0.002
Average 0.567 0.646 0.943 1.007 0.9989 0.9984 - -

c) APHs testing, validation, and deployment

After the training phase, the model was tested using unseen data. The first test was numerically
sample parameterized by GEOSLOPE International Ltd. (2021), representing Ottawa sand
(Krachtoudi, 2001). This test served two purposes: to evaluate the model's ability to
parameterize the HS model for unseen data accurately and to validate the numerical model used
to generate the training dataset. Since this soil sample falls within the parameter range used
during model training, it provided a suitable benchmark for comparison. Table 5.16 presents
the HS model parameters calculated by GEOSLOPE International Ltd. (2021) alongside the
parameters retrieved using the APHs tool developed in this study. The comparison
demonstrates that the APHs tool achieved an accuracy of approximately 99.6%, with minimal
absolute error for each parameter. Furthermore, Figure 5.51 visualizes the simulated results
obtained using parameters from both the APHs tool and the conventional parameterization
method. The results confirm the precision of the APHs tool, validating its reliability and the
accuracy achieved during training and validation when applied to unseen data.

Table 5.16. APHs vs conventional parameterization (GEOSLOPE International Ltd., 2021).

Value
Parameter - ) kpa) (#')(dew)  (R,)  (EY)(Pa) (E)(kPa) (EZ)(kPa) (m)
GEOSLOPE 0 29.6 0.941 45000 17745 11500 0.68
APHs 0.041 29.589 0.9359 45361.88 17849 .41 11528.095 0.682
MAE 0.041 0.011 0.0051 361.88 104.41 28.095 0.002
MAPE (%) - 0.037 0.54 0.80 0.588 0.24 0.294
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Figure 5.51. Comparison of simulated results: APHs vs. conventional parameterization
(GEOSLOPE International Ltd., 2021).

The APHs tool was further applied to another real-world laboratory case study to
validate its reliability. Zhou (2008) conducted conventional consolidated drained triaxial tests
on recompacted saturated CDG soil. These tests aimed to determine its shear strength under o3
of 100 kPa, 200 kPa, and 400 kPa as part of a soil nailing research project. The laboratory data,

along with v, 0f 0.3 (Zhou, 2008), were used as inputs for the APHs tool. The HS parameters

extracted by the tool were then simulated using an axisymmetric finite element model
(SIGMA/W) (GeoStudio, 2023c), and the simulation results were compared against the
original laboratory data for further validation, as shown in Figure 5.52. From the laboratory

tests at 15% and 20% strain, the calculated shear strength parameters were ¢' =0 and ¢' =
35° and 35.1°, respectively. The APHs tool predicted ¢' = 0.49 kPa and an ¢' of 34.96°,

showing minimal differences. These minor differences did not significantly influence the
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simulation results, as demonstrated in Figure 5.52. The differences in @' align with the

uncertainties shown in Figures 5.49 and 5.50 and the confidence intervals (CIs) in Table 5.17.
The discrepancies in ¢' may stem from inherent model uncertainties or from measurement
noise. Measurement noise could also have been introduced during the digitization of laboratory
data using the WebPlotDigitizer tool (Rohatgi, 2022). To illustrate, the original data from Zhou
(2008) were converted from Portable Document Format (PDF) to numerical format for
analysis, which might have contributed to these discrepancies. The extracted parameters and
their corresponding 99% CI are presented in Table 5.17, providing users with a prediction range
to account for any possible deviations. The Cls are calculated using the standard deviations of
residuals during the training and evaluation process. The results in Table 5.17 align with the

MC dropout uncertainty estimates, further validating the rapid interface predictions.
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Figure 5.52. Comparison of simulated results: APHs vs. laboratory test results (Zhou, 2008).
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Table 5.17. HS model parameters with 99% CI lower and upper bounds using the APHs tool.

Value
Parameter ' R (E7) ref (EY,
(¢') (kPa) (¢') (deg) (R)) ur (EX ) (kPa) (m)
(kPa) (kPa)
APHs 0.493 34.960 0.715 12145.493 6041.435 1807.876  0.908
0,
9190 f;ecrl 0.306 34.907 0.702 10815.303 5326.814 1515.862  0.902
0,
93;}‘;3 0.682 35.014 0.727 13475684  6756.055 209989 0915

5.4.2. Automated Slope Stability Analysis Model (A Hybrid DL—Physics Model)

Several deterministic numerical models reported in the literature provide accurate simulations
but require extensive geotechnical investigation and are time-consuming. As noted in Section
3.2.2, landslides in Hong Kong are predominantly shallow and occur within the colluvium
layer; therefore, the infinite-slope assumption described in Section 3.4.3 is adopted here. The
remaining challenge is monitoring the saturation level of shallow infinite slopes. Sensor-based
monitoring also requires extensive investigation, whereas data-driven approaches have
demonstrated success in spatiotemporal modeling as presented in Section 5.2. Accordingly, in
this section, the saturation level is automated using the DL algorithms, with inputs that account
for rainfall characteristics and the spatial features that control how much rain infiltrates into
the slope. The resulting saturation estimates are combined with the infinite-slope stability
model to compute the FOS.

a) Model tuning, feature analysis, and evaluation

Following the procedure illustrated earlier, Table 5.18 shows the final model tuning parameters.
Figure 5.53 compares the CNN and the LSTM models, displaying their performance metrics,
ROC curves, and overall confusion matrices. Both LSTM and CNN models demonstrate strong
predictive capabilities, with CNN showing a slight overall advantage. The CNN achieves
higher accuracy (86.15% vs 85.15%) and precision (73.45% vs 69.26%), indicating better
overall classification performance and fewer false positives. This is supported by the CNN's

confusion matrix showing fewer false negatives (343 vs 440 for class 0) and comparable true
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positive detection. The LSTM exhibits marginally better recall (76.61% vs 73.09%), suggesting
it is slightly more sensitive in detecting positive cases, though this comes at the cost of lower
precision. Both models show similar balanced accuracy (82.37% vs 81.91%), F1 scores
(72.73% vs 73.28%), and correlation metrics (MCC and Kappa around 0.63), indicating
comparable overall performance. The AUC values reinforce this pattern, with CNN showing
slightly better training performance (0.91 vs 0.90) while both maintain strong validation and
testing AUCs (0.87-0.88), demonstrating good generalization without overfitting. The
consistent high AUC across training, validation, and testing phases for both models indicates
robust learning and reliable predictive capability.

Table 5.18. The optimized SSI model parameters.

Value (target)

Parameter LSTM CNN

N1 512 512

N2 128 128

N3 64 64

D 0.3 0.5

LR 0.1 0.1

L2 0.0001 0.01
Kernel size - 3

Initial tuning durations* 23h 02m 42s 11h 38m 09s

The feature importance analysis (Figure 5.54) validates the fundamental assumption
that rainfall serves as the primary triggering mechanism for landslides in the study area, with
both LSTM and CNN models assigning overwhelmingly dominant importance to precipitation
variables. However, the positive importance scores of spatial features demonstrate that
topographic characteristics critically modify how rainfall influences saturation across different
landscape configurations: The LSTM model emphasizes slope gradient as the primary
modifying factor. Whereas the CNN model shows more balanced weighting across multiple
topographic dimensions (Aspect, Slope, Elevation), indicating spatial convolution captures

complementary terrain influences.
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b) Model validation and testing

The external validation of the developed DL models against an independent case study

demonstrates robust predictive performance and physical consistency. The close alignment

between data-driven predictions and numerically simulated FOS values, evidenced by low

MAE scores (LSTM: 0.06, CNN: 0.07), validates the models' capability to capture complex

slope stability dynamics (Figure 5.55). The models successfully reproduced the hydrological

response to evolving rainfall patterns, with the integrated spatiotemporal framework proving

particularly effective in minimizing false alarms. Notably, during the intensive rainfall period

from 21-24 June 2005 (accumulating 426.5 mm over four days), both DL models correctly
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maintained stability predictions despite the extreme precipitation, aligning with numerical
simulations and field observations. A significant finding concerns the temporal dynamics of
slope recovery. The CNN model demonstrated superior capability in capturing the delayed
drainage processes observed in the physically-based numerical model, maintaining elevated
probability estimates during the post-event recovery phase. This suggests the convolutional
architecture's enhanced ability to represent the hysteretic hydrological behavior characteristic
of slope stability systems. The Monte Carlo dropout analysis (Figure 5.56) revealed consistent
predictive uncertainty, with the LSTM exhibiting marginally better stability (average standard
deviation: 0.06 vs 0.07). Both models successfully identified the actual failure event,
demonstrating reliable warning capability while maintaining computational efficiency
compared to traditional numerical approaches. This validation confirms that the integration of
data-driven methodologies with physically based equations produces models that not only

achieve statistical accuracy but also maintain geotechnical consistency.
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5.4.3. Factors Controlling Rainfall-Induced Landslides: A Parametric Study
Empirical statistical thresholds rely on the rainfall intensity (I) and rainfall duration (D) using
historical records for a given regional area (Caine, 1980; Gariano et al., 2019; Hong et al.,
2006; Lee et al., 2014). For example, considering Hong Kong as a case study, if the rainfall in
Hong Kong exceeds 70 mm/hr (heavy rainfall), there is a very high probability of a landslide
(Vargas, 1971; Brand, 1984). Lee et al. (2014), Huang et al. (2015), Hong et al. (2018), Chhorn
et al. (2016), Uwihirwe et al. (2020), Zhao et al. (2019b), and Brunetti et al. (2010) considered
the antecedent rainfall to overcome the uncertainties of the empirical thresholds. For a specific
amount of time, the cumulative rainfall is regarded as antecedent rainfall; before this time, the
rainfall can be disregarded. However, it is still unknown what length of antecedent rainfall is
most relevant for landslide prediction (Chhorn et al., 2016). Above all, cumulative rainfall may
not be a reliable indicator of soil healing because it ignores the effect of non-rainfall duration,
which is thought to influence soil healing behavior. In other words, a small non-rainfall timing
might inhibit soil healing and vice versa (Bontemps et al., 2020).

Acknowledging that the physical deterministic models provide higher accuracy
compared to empirical thresholds, as they account for the slope hydrological, mechanical, and

topographical characteristics. There are numerous examples of physical deterministic research
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on the role of rainfall intensity, pattern, duration, and topographic, mechanical, and hydraulic
characteristics regarding rainfall-induced landslides (Oliveira et al., 2022; Ng & Shi, 1998; Ng
et al., 2001; Rahimi et al., 2011; Bai et al., 2023; Sitarenios et al., 2021; Cheng et al., 2007,
Feng et al., 2023; Nguyen et al., 2019). Nevertheless, further understanding of the triggering
feature's randomness is required, as rainfall is an entirely random event characterized by
intensity, duration, non-rainfall duration, and pattern.

This section aims to examine the factors that influence triggering randomness in
rainfall-induced landslides to overcome the limitations stated above. This is accomplished by
transient seepage analysis using the physical deterministic analysis approach through the
commercial software SEEP/W and SLOPE/W (Geo-Studio, 2023a, b). A case study in Hong
Kong validates the numerical model (Section 5.2.2), and then a typical Hong Kong natural
slope is developed for the parametric analysis. The effect of rainfall patterns is studied by
modeling four patterns: delayed, advanced, normal, and average. This study investigated how
rainfall intensities, durations, initial conditions, and soil hydraulic conductivities impact soil
healing and recovery behavior. This research offers novel insights for enhancing accuracy and
lowering the false positive rates of empirical statistical thresholds. It does this by physically
examining the features controlling the healing or recovery time (effective non-rainfall
duration). This new characteristic (healing time) may be defined as the shortest time necessary
for the slope to return to its earlier state. This investigation provides the cross-correlation
between the slope and rain features and the recovery time, highlighting when the antecedent
effect should be incorporated to increase the accuracy of empirical thresholds. This work offers
novel insights into a recurrent question: When should the antecedent effect be incorporated to

increase the accuracy of the empirical threshold?
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a) Assumptions and boundary conditions

Hong Kong's humid climate allows rainfall to be simplified as infiltration and runoff
(Morbidelli et al., 2018; Liu et al., 2022). Location, vegetation area, rainfall duration, rainfall
volume, slope geometry, and soil qualities all impact drainage. The runoff on natural Hong
Kong slopes can be considered to be a constant percentage of the rainfall. According to
Premchitt et al. (1992), GCO (1982), and Ng et al. (2001), this ratio might be considered to be
40%. Tropical cyclonic storms or slow-moving low-pressure troughs are the two primary
sources of rainfall in Hong Kong (Lumb, 1975). Frequently, there will be days of nonstop rain,
followed by another trough, followed by a few days of clear weather. Strong winds, which can
even approach typhoon strength, and heavy rainfall spread over several hours are invariably
linked to these storms. It is unusual for these rainstorms to produce more than two or three days
of nonstop rain. According to Wisner's calculation, the average rainfall intensity in Hong Kong
during 36 hours with a return period of 10 years is 25 mm/hr (GEO, 2023).

For the parametric study, the precise rainfall quantity is unimportant; therefore, any
minor differences will not affect the results. Different rainfall patterns were investigated for
the same commutative rainfall, as presented in Figure 5.57. The rainfall duration of all patterns
was 36 hours, followed by a similar non-rainfall duration. As shown in Figure 5.58, the
effective non-rainfall duration (healing or recovery time) was examined under the assumption
of subsequent average rainfall incidences. The rainfall intensities over the same 36-hour period
were 25, 50, and 75 mm/hr. Three distinct time spans of 25, 36, and 48 hours were examined
for the same intensity (25 mm/hr). In reference to the soil in Hong Kong, where the saturated
hydraulic conductivity varies between 5x10° and 3.5x10* m s’!, three different hydraulic
conductivities were simulated: 9x10°%, 1.5x107, and 3x10° (GCO, 1982). Different
initial suctions were investigated to emphasize the influence of the antecedent effect; these

values were 50, 75, and 100 kPa, as indicated by (Rahardjo et al. 2007).
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The presence of colluvium and completely decomposed granitic, volcanic, and
sedimentary rocks, which the USDA classifies as loam or silt loam (GCO 1982, Maunsell
Geotechnical Services Ltd., 2007), is a significant problem related to slope instability in Hong
Kong. The thickness of this layer ranges from 1 to 36 m (GCO, 1982; Ng & Shi, 1998). The
average slope angle ranges from 15~ to 40 ° (Liu et al., 2022). Most rain-caused landslide
failures are generally shallow, with slip surfaces parallel to the slope surface (Das et al., 2022;
Saadatkhah et al., 2015; Thang et al., 2022). Because the thickness and slope of each soil layer

change depending on location, it was assumed for parametric simulations to idealize the
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complicated hillside geology as a single infinite layer with an impermeable rock stratum, as
depicted in Figure 5.59. The mechanical and hydrological properties are allocated based on

existing literature, as shown in Table 5.19.

1-2 and 3-4: No-flux boundary

2-3 and 4-5: Total head boundary

5-6: Drainage boundary with face review
1-6: Net-flux boundary with face review

Slightly decomposed tuff layer (bed rock)
Completely decomposed tuff layer

Figure 5.59. Slope dimensions and boundary conditions.

Table 5.19. Slope mechanical and hydrological characteristics.

Material Completely decomposed tuff Slightly decomposed tuff
Effective cohesion (kPa)'? 4 10
Effective friction angle (degree) 2 35 45
¢° (degree) >* 16 13.8
Unit weight (kN/m?®) 1236 18 23
Saturated hydraulic conductivity (m/s)"’ 1.5x 103 2x 107
a (kPa) 63.14
*Fredlund — Xing Parameters® n 2.118 Saturated

m 0.665

*The solver from the VWC function estimated the hydraulic conductivity function. '(Maunsell Geotechnical
Services Ltd., 2007); 2(Wong, 2020); 3(Ho & Fredlund, 1982); 4(Gan & Fredlund, 1996); (Liu et al., 2022);
%(Cuomo & Di Perna, 2020); "(Premchitt et al., 1986); 8(Carsel & Parrish, 1988).

b) Results

Rainfall pattern effect: Figure 5.60 depicts the relationship between time and the FOS with a

50 kPa initial suction. This study focuses on the temporal effect of varied rainfall patterns with
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the same cumulative rainfall. The delayed pattern recorded the lowest FOS one hour before the
rainfall event. At the end of the rainy event, the normal pattern recorded the lowest FOS. The
advanced and average patterns reported the lowest FOS two hours after the rainfall event
ended. The time gap between these events is three hours. The Lowest FOS was observed due
to the advanced pattern (1.107), followed by the normal pattern (1.115) and then the average
pattern (1.117), while the delayed pattern recorded the highest FOS among all patterns (1.125).
This is demonstrated by the fact that water continues to seep after the rainstorm event. For the
delayed pattern, a massive amount of water penetrated the slope initially, giving the water time
to seep. The massive amount of water at the end of a rainy event demands more time to seep

for the advanced pattern, resulting in a low FOS and a delay in the failure time.

0 3 6 9 12 15 18 21 24 27 30 33 36 39 42 45 48 51 54 57 60 63 66 69 72
Time (hr)
Average Pattern =~ e Advanced Pattern  ----- Delayed Pattern - - - - Normal Pattern

Figure 5.60. FOS for different rainfall patterns.

Initial conditions effect: There were four simulations: no initial suction, 50 kPa, 75 kPa,
and 100 kPa (Figure 5.61). These initial conditions replicate the antecedent effect, where the
two subsequent rainfall patterns were average patterns with an intensity of 25 mm/hr. The
lower the initial suction, the lower the FOS. For initial suction of 50 kPa, 75 kPa, 100 kPa, and
non-kPa, the FOS reported 1.61, 1.65, 1.68, and 1.70, respectively. The decrease in shear
strength (t) demonstrates this, where the lower the suction, the lower the shear strength. For
initial suctions of 50 kPa, 75 kPa, 100 kPa, and non-kPa, the healing time necessary for the

slope to return to its original FOS (1.70) was determined to be 31.5 d, 29 d, 26.5 d, and 24.5 d,
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respectively. The greater the initial suction, the less the slope is impacted by infiltration and

shear strength loss, and the faster the slope recovers.

0 2 4 6 8101214161820 222426283032 3436384042 44 46 48 50 52 54 56 58 60
Time (d)

Average pattern with no initial suction ~  ----- Average pattern with 50 kPa initial suction

- - - - Average pattern with 75 kPa initial suction =~ e Average pattern with 100 kPa initial suction

Figure 5.61. FOS for different initial suctions versus non-rainfall duration.

Rainfall intensity and duration effect: Figure 5.62 depicts three intensities with no
initial suction assumptions: 25 mm/hr, 50 mm/hr, and 75 mm/hr. The higher the intensity, the
lower the FOS, as the minimum FOS of 25 mm/hr, 50 mm/hr, and 75 mm/hr was 1.59, 1.35,
and 0.90 at4 d, 2 d, and 1.5 d, respectively. It indicated that the stronger the intensity, the faster
the slope response. The time needed for the slope to return to its original (FOS of 1.70) value
was determined to be 24.5 days, 30.5 days, and 32.5 days, respectively. According to this study,
the higher the intensity for the same duration, the longer the healing time. As shown in Figure
5.63, the same conclusion may be expressed for the same rainfall intensities with varied
durations: 24 hr, 36 hr, and 48 hr, where the recovery time was 21 d, 24.5 d, and 27 d,
respectively. This may be represented by the quantity of water that infiltrates the soil; the more

water that infiltrates the soil, the longer the recovery period.
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Figure 5.63. FOS for different rainfall durations versus non-rainfall durations.

Hydraulic conductivity effect: Figure 5.64 depicts a parametric study that considers
three distinct hydraulic conductivities: 1.5x10° m s, 3x10° m s, and 9x10° m s'. The
hydraulic conductivity strongly influences the recovery time; the higher the hydraulic
conductivity, the shorter the recovery time. This is demonstrated by the soil's high conductivity,
which allows water to percolate more quickly. Non-duration rainfall occurred after 15 days,
30.5 days, and more than 32.5 days for hydraulic conductivities of 1.5x10° m s, 3x10° m s~
!, and 9x10° m s™!, respectively. This figure shows that if the slope has not fully recovered
from the initial rainfall event, its stability will be substantially affected by the second rainfall
event. It emphasizes the significance of knowing the factors that influence the selection of
effective rainfall. Effective rainfall is the duration of rainfall that occurs after the recovery

period and is unaffected by any event that occurred before the recovery time.
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Figure 5.64. FOS for different hydraulic conductivities versus non-rainfall duration.

5.4.4. Geometry Effects on Rainfall-Induced Landslides: A Parametric Study

Acknowledging that many studies have adopted simplified approaches by using hypothetical
rainfall patterns and idealized slope conditions, thus overlooking the critical influence of actual
hillslope geometric boundaries and real-world hydrologic processes, is a shortcoming that is
increasingly significant in the context of climate change. In light of this gap, the section
evaluates the impact of realistic hillslope geometries and bedrock formations on rainfall-
induced landslide vulnerability. By integrating actual rainfall patterns, including their random
intensity and duration, into a deterministic modeling framework using Geo-Studio (2023), and
by modeling the landslide at the Fai Ngo Shan Service Reservoir (Maunsell Geotechnical
Services Ltd., 2007), this research addresses two key questions: Why do landslides tend to
concentrate in specific locations, and how can monitoring sites be optimally distributed to
enhance early warning systems and risk mitigation? This research is designed to advance the
understanding of landslide dynamics and to support more resilient hazard management
strategies under evolving climatic conditions.

a) Results

The parametric numerical study was designed to isolate the influence of geometric boundary
conditions on slope behavior, with the assumptions stated in Section 3.4.2 (refer to Figures
3.18 and 3.19). The variables for the parametric study are summarized in Table 5.20. Three
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subsurface curvature profiles, planar, converging, and diverging, were each evaluated with a
spectrum of inflow-to-outflow area ratios (R/r) to quantify curvature impacts on subsurface
flow dynamics. Five observed rainfall events representing a range of antecedent moisture
conditions were defined, coupled with intensity—antecedent windows. Figure 5.65 illustrates
the selected rainfall series. Black bars mark the focused analysis time steps, and blue bars
denote the antecedent moisture windows. These windows, combined with the detailed landslide
cross-section (Figure 4.6), integrate realistic rainfall forcing and terrain geometry to enhance
the prediction and mitigation of rainfall-induced landslides under a changing climate. XY
displacement at the slope toe (BH3; Figure 4.6), where soil thickness is minimal, and
vulnerability is highest, was numerically monitored. For the parametric study, values were
min—-max normalized (0 = no movement; 1 = maximum observed displacement). Results are
summarized in Table 5.20 and plotted in Figure 5.66.

Figure 5.66 displays five displacement curves, one for each rainfall intensity and
antecedent moisture window. Within each curve, red segments denote diverging curvature
scenarios and black segments denote converging curvature scenarios. These deformation trends
differentiate the diverging and converging curvature cases across the five intensity—antecedent
windows: Windows 1-2 (low intensity, low antecedent): diverging slopes show negligible toe
displacement at all R/r ratios, whereas converging slopes exhibit notable movement due to
initial flow boundaries and antecedent moisture. Windows 3—4 (high intensity, low vs. high
antecedent): diverging slopes undergo increasing deformation, but still minor, driven primarily
by rainfall intensity, while converging slopes display amplified displacements from the
combined antecedent and intensity effects. Window 5 (low intensity, high antecedent): both
geometries register significant displacements, highlighting the delayed but dominant influence

of elevated antecedent moisture. For the converging cases, the larger the R/r ratio, the greater
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the effect of rainfall, whereas for the diverging cases, the greater the R/r, the less the rainfall

effect on the slope.

Table 5.20. The parametric study variables and results.

Surface normalized XY- surface displacement at BH3 (refer to Figure 4.6)

Condition ~ Code R/ Window1  Window 2 Window 3 Window 4 Window 5
(TI-T10)  (TI-T20) (T1-T30) (TI-T31) (T1-T32)
(beiii?rel;rk) 0-0 1 0.0018 0.0028 0.0072 0.0862 0.5010
1-1 2 0.0012 0.0011 0.0010 0.0009 0.0010
1-2 1.4 0.0007 0.0007 0.0007 0.0013 0.0022
Diverging 1-3 1.2 0.0010 0.0012 0.0018 0.0026 0.0063
1-4 1.1 0.0012 0.0017 0.0026 0.0041 0.0653
1-5 1.05 0.0013 0.0020 0.0033 0.0072 0.1554
10-1 2 0.1068 0.7067 0.9047 0.9481 1.0000
10-2 1.4 0.0028 0.0717 0.6825 0.7702 0.8665
Converging 10-3 1.2 0.0021 0.0046 0.3989 0.6336 0.7990
10-4 1.1 0.0018 0.0032 0.0298 0.2824 0.5909
10-5 1.05 0.0016 0.0027 0.0081 0.0937 0.5231

- R/r is the inflow-to-outflow area ratio for constant soil thickness, enforcing continuity (Figure 3.19).

- Windows 1-2: low intensity, low antecedent moisture

- Window 3: high intensity, low antecedent moisture

- Window 4: high intensity, high antecedent moisture

- Window 5: low intensity, high antecedent moisture

350
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Figure 5.65. Rainfall pattern with target event and antecedent moisture windows.
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Figure 5.66. Normalized slope-toe displacement across subsurface curvature and rainfall
intensity—antecedent moisture scenarios.

These trends reflect radial groundwater flow mechanics. In diverging geometries,
inflow spreads into an expanding cross-section, damping pore-pressure buildup and limiting
perched groundwater rise. As R/r increases, sensitivity to rainfall intensity decreases
accordingly. In converging geometries, inflow is funneled into a shrinking cross-section,
concentrating pore pressures and elevating the groundwater table even under modest rainfall.
Higher R/r (smaller outflow area) further intensifies this effect, making converging slopes
particularly sensitive to antecedent moisture. Figures 5.67.a and 5.67.b illustrate the temporal
variation of perched groundwater levels under two geometric boundary conditions: diverging
and converging slopes, both with an R/r ratio of 1.4. These figures reflect the response of each
configuration to varying rainfall inputs over time. The converging geometry (Figure 5.67.a)
exhibits a pronounced sensitivity to both rainfall intensity and initial perched groundwater
levels, resulting in significant groundwater rise. In contrast, the diverging geometry (Figure

5.67.b) shows minimal response to precipitation, indicating limited groundwater accumulation.

233



These results underscore the critical role of subsurface flow directionality in modulating

rainfall-induced pore pressure buildup.

a) Diverging b) Converging
Figure 5.67. The perched GWL variation with time (Windows 1-5): a) for the diverging

geometry (R/r = 1.4); b) for the converging geometry (R/r = 1.4).

5.4.5. Numerical Slope Stability Modeling (Focused Site Specific Analysis)

This study section investigates the influence of bedrock (i.e., the variation of the rock layer
thickness along the slope and its effect on the local vulnerability of the slope). This employs a
deterministic approach using the commercial packages Geo-Studio (2023) and MPM
(Anura3D, 2023). The landslide at the Fai Ngo Shan service reservoir was modeled to validate
the numerical model framework. While the report by Maunsell Geotechnical Services Ltd.
(2007) thoroughly investigates the case study, this study elucidates several inquiries. For
example, how does the data frequency affect the temporal prediction of the landslide? How do
Hong Kong's natural landslides collapse shallowly?

a) Boundary conditions

The case study described in Sections 4.3 and 5.2.2 provides the boundary conditions adapted
for the small-deformation analysis. The HCF was calculated by the solver based on the SWCC
function listed in Table 5.1. An initial pressure head of (suction = 75 kPa) was assigned to

account for the antecedent effect before 7/20/2005, as suggested by Rahardjo et al. (2007). For
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the large deformation analysis, Table 5.21 summarizes the material properties. To reduce
computational expense, several simplifications were applied: permeability and infiltration rate
used in the simulations were set several orders of magnitude higher than field values (Soga et
al., 2016); the base material was treated as rigid; and frictional boundary conditions were
imposed in the momentum balance following the approach of Du et al. (2023).

Table 5.21. Material characteristics utilized in Anura3D.

Parameter Value (CDT) Parameter (\é%l%
Unsaturated material-
Material type 2-phase with suction Initial porosity’ 0.3
effect
Constitutive model Mohr-Coulomb ! Density solid (kg/m?) ! 2650
Effective cohesion (kPa) 3 4 Density liquid (kg/m?) ! 1000
Effective internal friction angle (°) 3 34 KO0-value (calculated by the solver) 0.4408
Effective Poisson ratio (v) * 0.3 Intrinsic permeability liquid (m?) 3 5.52e-9
Effective young modulus (MPa) * 20 Bulk modulus liquid (MPa) 60
Minimum degree of saturation 3 0.25 Liquid dynamic viscosity (Pa - s) le-6
Maximum degree of saturation 3 0.80 Number of material points 3
Van Genuchten and Po (kPa) 76 Infiltration rate (m/s) * -9.3e-3

Mualem parameters A 0.4735
!(Cuomo et al., 2021); 2(Du et al., 2023); *(Maunsell Geotechnical Services Ltd., 2007); 4(GCO, 2000); 3(Liu
et al., 2020).

Figure 5.68 shows the boundary conditions assigned for the post-failure analysis. The
friction between the CDT layer was assigned to be 0.75, while the friction between the CDT
and the ground surface was set to be 0.20 till the convex break in the slope and 0.5 afterward
to simulate the field conditions (Maunsell Geotechnical Services Ltd., 2007; Yang et al., 2014).
The mass scaling of 100, the homogenous local damping of 0.1, and the Courant number of 0.8
were adequate to keep the stability of the model (Anura3D, 2023; Soga et al., 2016). The purple
points (i.e., Pe2s1, ..., Po176) represent the displacement and velocity monitoring points after
failure initiation. The ground surface was assigned with seepage and infiltration faces. The
water table level was assigned as the level obtained from numerical analysis before the failure.
The rapture surface is assigned from the validated LEA and FEA analysis. This model was to

investigate how shallow failure initiates (not to predict failure).
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Figure 5.68. The model boundary condition and meshing for MPM.

b) Analysis results and discussion

The rainfall from 19 to 21 August 2005 was simulated using an hourly time step (Figure 5.69.
a). Figure 5.69.b presents the sensitivity analysis with the parameters identified with the legend
with hourly rainfall. Furthermore, some parameters were modified to investigate their effects,
such as the saturated hydraulic conductivity, the shear strength parameters, and the value of
Phi-B. This Figure illustrates that the failure time is not affected by the factors above, while
these factors affect the value of the FOS. Figure 5.69.c presents three cases concerning the
rainfall pattern (daily, hourly, and average). Significantly, the rainfall pattern affects the
temporal prediction, as the change between the FOS using daily and hourly rainfall can be
understood by the rainfall pattern effect. The hourly precipitation predicts failure at 16:00
20/8/2005, the daily rain predicts failure at 16:00 21/8/2005, and the average rainfall indicates
failure at 11:00 21/8/2025. It should be noted that the reported failure is assumed to be at 6:00,

21/8/2005.
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Figure 5.69. The temporal variation of the FOS: a) rainfall between 19 and 21 August 2005,
b) LEA (Phi-B)-sensitivity analysis, c) LEA (Phi-B)-different rainfall.

According to Cheng et al. (2007), it is challenging to use optimization techniques to
estimate the precise slip surface due to the effect of the local minima safety factor. Adopting
the LEA's critical FOS alone might be deceptive when local minima FOS have comparable
FOS but distinct locations. A safety map approach that uses LEA to depict both the local and
global minima was developed by Baker & Leshchinsky (2001). For example, the safety map is
shown in Figure 5.70. a, b utilizing the Phi-B approach through LEA and FEA. In Figure 5.70,
the color map emphasizes the critical zone in red while omitting the presentation of zones with
greater FOS to reduce confusion and streamline clarity. The predicted location (Figure 5.70) of
the failure surface is in line with field observations in considering the following facts: a) The
main scarp location, b) the side scarp that was noticed between chainage 42 m to Chainage 95

m (refer to Maunsell Geotechnical Services Ltd., 2007 — pp.16 “On the southern side of the
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debris trail, small side scars, up to 1 m high, were observed, although these were less well-
defined owing to the thicker debris deposited there.”), ¢) the exact position of the failure surface
at TP7 (the only trial pit at this location), d) the highly saturated soil following chainage 42
because of the increased GWL, and e) the existence of unsaturated soil from the upper zone

above the failure surface (refer to Maunsell Geotechnical Services Ltd., 2007).

Factor of Safety
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A —

a) Phi - B b) FEA
Figure 5.70. The critical zone map: a) LEA-Phi-B; b) FEA.

Recognizing that each calibration and simulation involves uncertainty and unavoidable
numerical assumptions. In this section, the results obtained from the FEA and LEA analysis
were used in the large deformation analysis to compare the results with the field work: the
measured debris velocity and travel distance, along with other fieldwork observations, which
are reported in the original report by Maunsell Geotechnical Services Ltd. (2007). Additionally,
this section is to validate that the slip surface identified from the FEA is reasonably accepted.
In other words, the ground stresses are difficult to assess for natural slopes (Fredlund et al.,
1999; Krahn, 2003), where it is challenging to estimate the precise slip surface (Cheng et al.,
2007). According to Soga et al. (2016), there are three different scales involved in the dynamics
of landslides: (a) the microscopic scale, which is characterized by the contact between grains;
(b) the mesoscale, which represents microstructural effects like grain rearrangement; and (c)

the macroscopic scale, which is essential for soil layering, faults, and other geological and

geomorphologic features. The macroscopic scale is simplified in MPM due to the
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computational effect: the model dimensions are large enough to simulate the exact soil
characteristics, necessitating massive computational and time efforts (i.e., months to solve the
model). As a result, the critical slip surface from the LEA and FEA was simulated to be a
contact surface in large deformation analysis (Anura3D, 2023). This simplification was utilized
to study the post-failure and debris flow. Additionally, this model investigates how shallow
failures initiate (not to predict failure).

The actual failure time (T) (i.e., the post-failure and debris flow time) was assumed to
be 55 seconds as reported in (Maunsell Geotechnical Services Ltd., 2007). In the MPM, it took
2012 seconds. Comparing the observed data to the numerical findings, time (t numerical) and
velocity (V numerical) Were normalized by the failure time (55 s) as suggested by Soga et al.
(2016), as presented in Equations 5.1 and 5.2. Figure 5.71 highlights the travel distance at the
end of the analysis (t numericat = 2012 s) with the actual final observed ground level (i.e., after
debris flow). Figure 5.72 presents the travel horizontal distance versus the normalized velocity
solid magnitude.

t'=t

~ Ynumerical

/T (Equation 5.1)

vi=vy *t /T (Equation 5.2)

 Ynumerical numerical

It should be noted that due to the significant debris flow distance, which is around 300
meters, the monitoring points (purple points), besides the legend scale, help visualize the
process over time. Twelve points were selected to monitor the travel distance and the velocity
along the slip failure (Figure 5.68). These figures illustrate how a local failure in a natural slope
initiates: the points near the toe (Po176, Po140) start to move due to the loss of support and strength
loss as indicated by the LEA and FEA. A movement of the shallow layer follows the trend of
such soil due to the loss of support (Poi34, Poiss, Poi21, Pgoss). This causes a slight movement
and a slide along the critical slip surface (Pe2s1, P7457, P7358, P7511, P8262, P9200), causing the clear

scarp at the crest that followed the main landslide. This finding is supported by field
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investigation and tests. Figure 5.72 supports this and quantifies the displacement and the
velocity for different points. The points near the toe traveled longer distances with an average
normalized (velocity 1) of 5.78 m/s, which matches well with the estimated values from the
field investigation program (Maunsell Geotechnical Services Ltd., 2007): the field estimated
values are visualized by Black dots (Figure 5.72). Meanwhile, the points near the critical
surface and inside the soil body record much smaller movement and a small average
normalized (velocity 2) (Figure 5.72).

Figure 5.72 depicts the travel distance for the twelve points (P6251..., P9176) versus
normalized time. It is clear that all of the points had reached their stability, and there was no
further movement before the model came to an end at 55 seconds normalized. This is evidenced
by the vertical line of travel distance, which shows no change over time for all points. The
points drawn in black lines reached stability earlier than those represented in red lines.
Furthermore, this graph depicts the average velocity for the indicated points: average velocity
1 and average velocity 2. Average velocity 1 is for the points that experienced large movements
to validate with the actual estimated velocities in the field, which are represented by black
scattered dots. It should be noted that there were six field estimations of the velocity at different
travel distances, as shown in Figure 5.72. Average velocity 2 refers to the points that were
mostly near the slip surface and had much lower velocity. The presented results show that
numerical simulations and field observations agree well on debris velocities and estimated
travel distances. These results give a good agreement with field observations for the following
reasons: a) the most derbies was recorded before chainage no 224 (i.e., greater than 95%) while
a small volume of debris flow was recorded after chainage 224 (i.e., around 5%); b) the
simulated velocities are well consistent with the field estimated velocities as presented in

Figure 5.72; ¢) The crest recorded low velocity and small travel distance (refer to Figure 5.72)
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which match with field observation where unsaturated soil rafts were observed in the upper
debris (Maunsell Geotechnical Services Ltd., 2007).

5.5. SUMMARY

This chapter presents the results of the DL and deterministic model implementations. It
describes the training, validation, and testing procedures for each model and benchmarks their
performance against real-world case studies. The findings provide scientific support for
operationalizing three primary tools: a) landslide prediction; b) operational VWC prediction;
and c¢) automated parameterization. The chapter also reports several parametric studies that

elucidate the physical behavior of rainfall-induced landslides.
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Figure 5.71. Post-failure simulation of the debris flows (t numerical = 2012 s) with the maximum displacement.

242



55 Iy - 3
SO0t * T
45 T I —————— 2
~ . [
%40 I : I : e i S 4 _ll.i_ 13 ................. E
g 35 1 : S o
g 30 | | | ! §
9] | ' ! 4 o
Nos bt >
= ! : 2
£ 20 L - N
A B
e i a1 :
5 / ’ /' , ’l': ,//1' ...............
0 { VAV il or;;’ o 0
0.00 50.00 100.00 150.00 200.00 250.00 300.00
Travel distance (m)
—-— P6251 P9104
----P%0O0 === P7358
----- P8926 — — - P7457
------- P7511 s PRDHD
-=-=-=PO121 e P9134
------- P9158 —P9176
€ Field estimated velocity from debries height — - - — Simulated average normalized velocity 1

— -+ — Simulated average normalized velocity 2

Figure 5.72. Normalized average velocity versus travel horizontal distance.

243



CHAPTER 6: IMPLEMENTATION AND DEPLOYMENT

OF WEB-BASED PREDICTIVE TOOLS

6.1. INTRODUCTION

This chapter details the development of four web-based applications designed to implement
the methodologies proposed in this study: the landslide probability prediction tool, OWHK,
APHs, and the integrated stability system. Built with Python for backend operations and
HTML/CSS for frontend design, these applications ensure both functionality and user-friendly
interfaces. The chapter discusses the development process of each application and provides an
overview of their graphical user interfaces (GUIs), demonstrating how users can interact with
the functionalities to apply the predictive models in real-world scenarios. Each interface
incorporates intuitive visualizations and transparent feature importance indicators, translating
complex model outputs into actionable information. Embedded validated case studies
demonstrate reliability, while automated functionalities lower expertise barriers, enabling
decision-makers to confidently apply these tools in practice.

6.2. LANDSLIDE PREDICTING TOOL

a) Application interface and architecture:

The deployment process of the model is detailed in this section, following the evaluation of the
model's performance outlined in Section 5.2. The developed ML models (CNN, GRU, and
LSTM) were successfully deployed as an interactive web application using Streamlit
(Khorasani et al., 2022), providing end-users with operational forecasting capabilities for
landslide susceptibility assessment. The deployment architecture supports single-site
predictions and batch processing of multiple cases, incorporating uncertainty quantification
through Monte Carlo dropout analysis (refer to Figure 6.1). The deployed system features a

user interface with two primary operational modes (Figure 6.1.a). The single prediction mode
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provides a streamlined interface for individual site assessments, incorporating location
coordinates that are automatically processed to determine the nearest rain gauge station and
corresponding zone classification. The system includes input validation and provides multiple
rainfall data entry methods, including manual input, CSV upload, and sample datasets. Site
characteristics such as slope angle, elevation, curvature, material description, and nearby
structures are configurable through an intuitive sidebar interface. Temporal parameters,
including rainfall, initial boundaries (i.e., initial month), and landslide date (i.e., target date),
accommodate various assessment scenarios, while Monte Carlo sampling parameters allow
users to adjust uncertainty analysis precision. The batch prediction mode enables users to
upload Excel files containing multiple test cases with the required geomorphological,
meteorological, and temporal features (Figure 6.1.c). The system validates input data structure,
ensuring compliance with the 28-day temporal window requirement and proper feature
formatting. Users can select from available models and configure Monte Carlo simulation
parameters for uncertainty analysis. Date range filtering capabilities allow for temporal
subsetting of large datasets, enabling focused analysis on specific monitoring periods or
extreme weather events.

b) Prediction results and visualization:

The application generates prediction outputs with model-specific risk thresholds and visual
representations (Figure 6.1.b). Deterministic predictions are complemented by Monte Carlo
analysis, providing uncertainty quantification through configurable simulation runs. The
results interface displays a color-coded gauge chart visualization with model-specific warning
and failure thresholds. Statistical metrics, including deterministic prediction values, Monte
Carlo means, uncertainty estimates through standard deviation, and confidence intervals,
provide comprehensive assessment information. Automated risk classification interprets results

as "Low Risk," "Warning," or "High Risk" based on model-specific thresholds. Distribution
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analysis through histogram visualization shows Monte Carlo prediction patterns, enabling
users to assess prediction reliability and identify potential outliers or bimodal distributions that
may indicate model uncertainty.
c¢) Operational features and quality assurance
The deployed application incorporates several operational features ensuring reliability and
usability in real-world scenarios. Data validation mechanisms verify input completeness,
feature consistency, and temporal requirements before processing, preventing erroneous
predictions from incomplete or malformed datasets. Model selection capabilities allow users
to compare predictions across different architectures, enabling consensus-based decision-
making and cross-validation of results across multiple modeling approaches. Uncertainty
quantification through Monte Carlo dropout provides confidence estimates essential for risk-
based decision making in geotechnical applications. The system includes comprehensive error
handling with informative messages for data format issues, missing features, or processing
failures, guiding users toward the resolution of input problems. Performance optimization
through model caching and efficient data processing ensures a responsive user experience even
with large datasets containing hundreds of landslide cases. Documentation integration provides
in-application guidance on data requirements, feature specifications, and result interpretation,
reducing the learning curve for new users and ensuring consistent application across different
operational contexts. The system maintains backward compatibility with existing datasets
while supporting extensibility for future model improvements or additional features. This
deployment represents a complete transition from research prototype to operational tool,
enabling practical application of the developed multi-event, multi-model forecasting
framework for landslide assessment in Hong Kong and similar geological environments.

To demonstrate operational readiness, the developed web application was tested on a

recent, independent case: the Yiu Hing Road hillside between October 2022 and September
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2023 (Figure 6.1.e). This period was outside the model's training timeline, providing a strict
test of its generalization. Throughout this extended period, the model consistently showed no
landslide warning, which correctly matched the official reports of no failures occurring. This
successful real-world validation confirms the tool’s reliability and its practical utility for

ongoing slope monitoring.
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(b) Single prediction results interface featuring gauge chart visualization
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(e) performance against recent events outside the trained temporal data

Figure 6.1. Multi-event and multi-model operational forecasting tool
d) Tool capabilities and limitations
While the proposed tool is specifically calibrated for Hong Kong's natural slopes, its underlying
methodological framework is architected for regional adaptability. Successful extension to new
regions requires: a) Integration of region-specific dynamic features (e.g., rainfall temporal
patterns) and static features (e.g., local geological formations) (Table 6.1); b) Customization
based on dominant failure mechanisms; ¢) Systematic retraining of core model architectures
(i.e., LSTM/GRU/CNN configurations) and hyperparameter optimization strategies; d) The
standardized evaluation framework (AUC, precision-recall, uncertainty quantification)
remains consistently applicable; d) Modular HS file structure for model weights and datasets,
with corresponding updates to interface design and core model integration. The generalizability
of the model to other regions faces two primary challenges: (a) inherent aleatory and epistemic
uncertainties, as discussed by Mondini et al. (2023), which manifest as model-related and data-
related limitations including imprecise event timing and spatial rainfall variability; and (b)
difficulties in acquiring high-resolution temporal data for some features such as vegetation
cover, human activities, and detailed soil properties. These challenges warrant focused
attention in future research to develop reliable data inventories, which will subsequently
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enhance model performance and generalization capabilities. Future work should pursue two
interconnected goals: first, to enhance the dataset by incorporating high-resolution temporal
features such as precise vegetation indices and detailed soil properties; and second, to leverage
this improved data to systematically investigate the optimal class ratio for modeling. The
selection of this ratio is a critical methodological factor that is inherently dependent on the
quality and completeness of the underlying spatiotemporal data. A more comprehensive dataset

will enable a robust exploration of how dynamic slope changes influence model performance

and the ideal balance between landslide and non-landslide cases

Table 6.1. Landslide prediction tool target improvement.

Aspect Current literature This study Future Directions
Cumulative short-term
Rainfall or average ramfgll; Time-dependent .
. hypothetical scenarios . . Incorporate transformers or hybrid
representation . - modeling capturing .
(Qiu et al., 2024; Xiao . . architectures for enhanced temporal
&  Temporal ) sequential rainfall .
dependencies etal.,2023; Zhao et al., patterns modeling
202; Mondini et al.,
2023)
Single-method . S . .
validation: Single Multi-model validation Ephance th'e dataset by integrating
. ’ (LSTM, GRU, CNN); high-resolution temporal features (e.g.,
Methodological threshold (0.5); ) . :
> Dual-threshold vegetation and soil properties).
framework Balanced 1:1 ratio . . R .
approach; 3:1 Systematically investigating optimal
common (Wang et al., imbalance handlin, class balancing ratios
2020) £ § ratios.
AUC = 0.93 with low AUC = 0.92, Balanced D¢¢lop hybrid approaches — that
- . > integrate deterministic modeling with
precision (Xiao et al., accuracy = 0.83, DL. leveracine DL for forecastin
Model 2023); AUC = 0.90, Precision = 0.80 (at 0.5 ’ ging ceasting
Z . seepage responses from historical
performance Balanced accuracy = cutoff). Adopting the atterns while utilizine deterministic
0.81 (Mondini et al., dual-threshold further patter &
. R equations to accurately represent slope
2023) improves reliability. . .
stability mechanisms.
. Research-focused Interactive interface Develop a digital twin system: creating
Operational applications  without usine rain cauce and closed-loop system where model
deployment PP g gaug predictions are continuously refined

standalone tools

terrain data

against observed slope behavior

6.3. OPERATIONAL VWC FORECASTING TOOL (OWHK)

The deployment process of the model is detailed in this section, following the evaluation of the
model's performance outlined in Section 5.3.1. This study develops an operational model with
relatively broad applicability and spatiotemporal adaptability, distinguishing it from narrowly

focused, site-specific models. The OWHK model has been deployed as a web-based
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application using Streamlit (Khorasani et al., 2022), implementing a modular three-layer
architecture: presentation layer (GUI), business logic layer (model inference engine), and data
layer (trained LSTM models). The backend utilizes TensorFlow 2.12 for model inference, with
all multi-trained LSTM models loaded at startup and cached in memory using a singleton
pattern to minimize inference. As illustrated in Figure 6.2.a, the application features an intuitive
interface with configuration options in the sidebar, including soil depth selection (0.5m or
1.5m) and prediction modes (single or batch). The intelligent model selection algorithm
automatically determines the appropriate LSTM model based on the user input. Performance
testing reveals efficient operation with average inference times of 0.40 seconds for single
predictions and 1.02 seconds for batch processing of 10 windows (Figure 6.2.b-d). Memory
usage remains stable at approximately SOMB during operation. Key optimizations include: (i)
vectorized operations for batch processing, improving throughput by 60% compared to
sequential processing; (i1) cached data transformations and normalization; and (iii)
asynchronous file processing to maintain responsive interface performance.

The application implements chunked processing for large datasets to prevent memory
overflow, with automatic cleanup of temporary variables. The current configuration supports
file uploads up to 200MB, accommodating typical monitoring datasets from monthly to multi-
year time series. For datasets exceeding 1,000 prediction windows, the system automatically
partitions data into chunks of 500 windows, displaying real-time progress tracking (see Figures
6.2.c-d). Built-in validation handles missing data points and irregular time series through
intelligent window creation, only processing valid sequences with non-null initial VWC values,
ensuring robust operation with real-world monitoring data that often contains gaps or
inconsistencies. Validation results indicate that the deterministic approach processes 1000
subcases in 17-24 seconds, whereas the Monte Carlo (MC) stochastic approach, with 1000

stochastic paths, requires 3 hours, 36 minutes, and 51 seconds. Given the comparable
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performance exhibited by both evaluation methods, the deterministic approach offers a
computationally efficient means of generating predictions at the interface without the overhead
of additional sampling or computationally intensive procedures during inference. The interface
provides comprehensive data format guidance (Figure 6.2.c), a performance monitoring
dashboard, and downloadable templates.

Future work will enhance the core models (i.e., the trained DL models) with additional
data collection and improvements outlined in Table 6.2, with updates reflected in the App. The
interface provides comprehensive metadata (processing time, model version, input parameters,
timestamp) available in downloadable JSON format to ensure reproducibility. The app uses
session-based, non-permanent data processing to guarantee privacy while maintaining
transparency. Planned scalability enhancements include containerized cloud deployment, API
endpoints for automated monitoring, and distributed processing for larger datasets. Its modular
architecture facilitates seamless integration with real-time monitoring networks, establishing

the application as a production-ready tool for operational landslide risk assessment.
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(a) Single prediction interface
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(b) Prediction results from the single prediction
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(c) Batch prediction interface
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(d) Prediction result from the batch prediction
Figure 6.2. Graphic user interface of the OWHK app

The results demonstrate that OWHK yields accurate predictions attributable to a
methodology that effectively reduces spatiotemporal uncertainties. First, rainfall is modeled as
a time-dependent feature that explicitly accounts for its inherent characteristics (intensity,
duration, and pattern), which are critical for reflecting hydrological variability. Temporally, an
independent time series windowing approach that avoids inter-case dependencies while
preserving the inherent intra-case dynamics was employed. In addition, numerically simulated
patterns were incorporated to adapt the model to diverse real-world rainfall conditions.
Spatially, the use of a multi-LSTM framework enables the model to reduce uncertainties arising
from variability in soil properties across different locations and depths. Finally, a structured
tuning process, from coarse to fine adjustments, with increased emphasis on fine-tuning.
However, it is essential to note that the OWHK performance relies on both (a) the DL

algorithm's capability, which influences computational requirements during training and

254



inference, and (b) the volume and quality of the data. Table 6.2 shows the current achievements
and future directions.

This study addresses key aspects of practicability. First, it models VWC, a crucial
parameter for mitigating landslide and flooding hazards. For instance, as shown in Figure 6.2,
a slope triggered by nearly 400 mm/d of rainfall indicates high VWC, suggesting near
saturation; this not only increases landslide risk but also raises the potential for flooding and
elevated runoff ratios during subsequent rainfall events, necessitating further model calibration.
Second, although wireless networks are widely used for subsurface monitoring, they face
challenges such as energy consumption, memory limitations, and communication issues that
can result in data loss. While existing literature discusses various strategies, from reducing data
frequency and limiting active sensors, a critical gap remains in employing DL to capture the
complex dependencies in subsurface responses. The proposed multi-LSTM methodology
directly addresses this gap by modeling intricate spatiotemporal dynamics, thereby offering a
practical tool to advance future analyses. Third, a budget-friendly monitoring network,
approximately USD 1000 per sensor node, is modeled, whose VWC readings offer the most
direct measure of rainfall infiltration and, thus, subsurface dynamics.

Although the proposed framework attains predictive accuracy, it remains
computationally intensive. Each LSTM sub-model contains 248129 trainable weights, yielding
2233161 parameters for the entire ensemble; iterative fine-tuning further amplifies the cost. In
addition, the present monitoring network may bias the representation of in situ soil variability.
Expanding field measurements and evaluating several architectures, such as Transformers with
sensitivity-analyzed grouping schemes, could lower the computational burden while
maintaining or improving skill. The extensive field dataset, derived from 15 sensors over nearly
two years of daily monitoring, initially validates the proposed operational tool. Nonetheless,

further improvements could be achieved by: a) Extending the monitoring duration to capture
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additional temporal variability, especially those that rarely temporarily occur; b) Incorporating
additional features (e.g., evaporation, plant transpiration, air and soil temperature, humidity,
wind speed, etc.) and experimentally simulating extreme future scenarios; c¢) Integrating a
digital twin with real-time monitoring to facilitate dynamic model updates in response to
possible deviations.

The validity of this tool is inherently limited by its reliance on data boundaries intrinsic
to the data-driven approach. The model focuses on the 0.5 m and 1.5 m depths because those
are the locations where reliable sensor data are available. The 0.5 m level captures near-surface
moisture influenced by short-term atmospheric fluctuations, while the 1.5 m depth provides
insights into more stable subsurface moisture dynamics. Future work aims to incorporate
additional depths, which are expected to exhibit different responses. The primary objective of
this study is to assess the performance of operational vs. site-specific models, paving a
foundation for future work to expand the dataset and further enhance model performance.

Table 6.2. Summary of OWHK's current achievements and future direction.

Aspect Current setup Current achievement Future directions Target improvement
Model Multi-LSTM Capture the Explore Transformers Explore faster training
with  emphasis  complex /CNNs with fewer trainable
on data  spatiotemporal parameters and accurate
preparation behavior predictions.
Dataset 15 sensor-based - Validate the initial Improve the dataset with Broaden applicability to
Volume responses with  hypotheses for a more extensive dataset different soils and
roughly 2 years developing for longer monitoring conditions, especially
of daily  operational models  durations and several those that rarely or
monitoring depths temporarily occur
Triggering  Real-world - Simple usage - Consider future To accommodate future
and rainfall patterns - Cost-effective scenarios through climatic challenges.
features experimental-based
simulations.
- Consider related
features (ie.,
evaporation, plant
transpiration)
Tool Tolerated for the - Practicability Digital twin with a real- Update model weights
versatility ~ Hong Kong - User interface time monitoring system  and performance in
colluvium response to any possible
shallow soil deviations in  model
responses
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Regarding the subsurface multi-sensor predictions (see Section 5.3.3 and Table 6.3),
this study has certain limitations that chart a course for future work. While the framework
addresses uncertainties associated with rainfall and sensor data through its multi-feature
approach, the inherent epistemic uncertainty of the model itself, a function of dataset volume
and diversity, remains a consideration (Abbaszadeh Shahri et al., 2022). As this work is an
initial step towards collecting more comprehensive subsurface data, a full quantification of
model uncertainty is left for future research. Other limitations include: a) The responses from
neighboring sensors were integrated to implicitly represent the spatial heterogeneity of the
subsurface geomaterial, an approach supported by contemporary research (Saha et al., 2022).
This strategy was necessitated by the common challenge of limited availability of high-
resolution subsurface mapping, as noted by Abbaszadeh Shahri et al. (2024). Consequently, the
hydrological and mechanical responses from spatially distributed sensors were used as dynamic
proxy features, allowing the DL model to infer the complex spatial interactions and boundary
conditions within the slope without explicit, continuous 3D geomaterial data. While this data-
driven approach has proven effective, future work will focus on enhancing the explicit featuring
of spatial soil characteristics by integrating geostatistical interpolation and 3D modeling
techniques (Abbaszadeh Shahri et al., 2021; Shi & Wang, 2022; Kim et al., 2023; Xie et al.,
2022) to further mitigate the constraints imposed by sparse subsurface investigation data.

b) The analysis is based on a specific field dataset, highlighting the general lack of
available subsurface monitoring data. To improve generalizability, future work should develop
a numerical model rigorously calibrated to the present dataset. This validated simulator can
then produce scenario-based synthetic time-series (varying rainfall, initial states, soil
parameters). These simulated responses, combined with realistic sensor noise, can augment
training data and increase robustness across a wider set of field conditions. ¢) The transition

from a high-performing historical model to a robust, real-time early warning system presents
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challenges. The current work has not fully standardized the framework for a dynamic,
continuously updating database. Therefore, future work will focus on: a) dynamic data
normalization and streaming input; b) advanced handling of data heterogeneity and quality; c)
model retraining and continual learning protocols (Abbaszadeh Shahri et al., 2024); and d)
Model Optimization: There was limited exploration of alternative normalization techniques

and activation functions, which may have the potential to further optimize model performance.

Table 6.3. Summary of the subsurface multi-sensor prediction model achievements.

Aspect

Current Achievement

Future Recommendation

Spatial Representation &
Data Integration

Implicitly modeled subsurface spatial
heterogeneity by using neighboring
sensor responses as dynamic proxy
features (Saha et al, 2022),
overcoming the limitation of scarce
high-resolution geomaterial mapping
(Abbaszadeh Shahri et al., 2024).

Explicit spatial characterization by
integrating geostatistical interpolation
and 3D geological modeling techniques
(Abbaszadeh Shahri et al., 2021; Shi &
Wang, 2022; Kim et al., 2023; Xie et al.,
2022) to enhance feature engineering and
mitigate sparse data constraints.

Framework & Developed a tailored LSTM Explore  alternative  normalization
Methodology framework with rigorous techniques and activation functions to
hyperparameter  tuning, holdout further optimize model performance.
validation, and sliding windows.
Used dropout/early stopping for
robust training.
Model Performance & Achieved high predictive accuracy, Further investigate and quantify model

Insight outperforming naive models. epistemic  uncertainty (Abbaszadeh
Demonstrated that the triggering Shahri et al., 2022)
condition is a  multivariate
spatiotemporal interaction, not just
rainfall.
Validation & Analysis Trained and saved several distinct Develop and use numerically calibrated

models; performed a dedicated
sensitivity ~ analysis using DL
attribution to evaluate feature

importance in a temporal context.

simulators to create synthetic data for rare
events, enhancing model generalizability
and robustness.

Operational Application

Proved the value of integrating
subsurface monitoring with DL as a
cost-effective and accurate
alternative to surface-based
techniques.

Standardize the framework for real-time
deployment: Implement dynamic data
normalization, advanced data handling,
and continual learning protocols
(Abbaszadeh Shahri et al., 2024).
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6.4. AUTOMATED PARAMETRIZATION TOOL (APHs)

The deployment process of the model is detailed in this section, following the evaluation of the
model's performance outlined in Section 5.4.1. This study introduces the APHs tool, a
significant advancement in automating and streamlining the parameterization process of the
HS model. Conventional methods typically rely on oedometer tests, unloading/reloading stress-
strain data, empirical correlations, domain-specific assumptions, or expert judgment, all of
which can be time-consuming, costly, and error-prone. In contrast, the APHs tool exclusively
uses data from conventional loading triaxial tests, making it a versatile solution for
geotechnical applications. The APHs tool employs DL, specifically LSTM networks, to capture
the relationship between stress and strain under loading conditions. By modeling this
relationship as a time series problem, the tool effectively leverages the sequential evolution of

stress-strain responses, offering a more efficient approach (Figure 6.3).

Basic Input Parameters

APHs: An Automated Parameterization Tool of
020 - . Hardening Soil Model

nitial void ratio
070 - Data Input Data Example Model Output
Unit weight (kifm’) Choose your data source: Feature Illustration

18.00 - +

ample te f 5042
Response type © Use sample test Esgp’ 6042 kP
Upload your own data "
Drained v g = E, ref 12145 kP
=3
Lab data (Zhou, 2008) = T E
OeR S g Eeed™ 1808 kP
THow kPa) d :
1.00 +
Successfully loaded Lab dat: 0908
Kone (Zhou, 2008)
Auto-Calculated v Axial strain (£,) R
@ 3496
R 0.71

Figure 6.3. The APHs tool.
The development of the APHs tool systematically addressed key challenges related to
data generation and model optimization. Given the limitation of insufficient triaxial laboratory

data, the study focused on a specific case study in Hong Kong to establish a parameter space
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suitable for numerical simulations. This parameter space was derived from field samples
collected in Hong Kong and supported by existing literature, ensuring the tool's practical
applicability to real-world conditions. To efficiently explore this parameter space, LHS was
employed, facilitating the generation of diverse synthetic datasets that comprehensively cover
the key parameters of the HS model. The numerical model SIGMA/W was then integrated to
simulate soil responses under these defined conditions, producing stress-strain curves for DL
training. For model optimization, a critical consideration was the variation in scale among input
parameters, such as the stress vs. the strain values, and the target parameters, such as c¢' vs.

E’Y . Data preparation played a significant role in this process, particularly through

normalization techniques that ensured uniformity across all input features. An extensive coarse-
to-fine-tuning strategy was employed. The process included early stopping, close monitoring
of the loss curves, and reshuffling the training and validation sets to mitigate overfitting. Given
the uniqueness of each sample, this approach enabled the model to generalize effectively.
Seven novel parallel LSTM models were implemented to enhance accuracy, each
dedicated to predicting a specific parameter. This approach independently optimizes each
parameter, reflecting the physical processes observed in conventional parameterization. For
example, as shown in Figure 6.4, the multi-model assigns distinct weights to each parameter.
It gives higher weight to features such as deviatoric stress for specific targets (i.e., c¢').
Meanwhile, volumetric strain has less impact, which is expected. This approach ensures the
which is

model successfully mimics the underlying physical processes. Similarly, for the E i

oed

found to be controlled with the volumetric strain features. Most significantly, as expected, E;ff
is influenced mainly by deviatoric stress due to the constraints applied (i.e., EJ =0.5E'7)

ref Eref

during dataset generation. Additionally, since £ is correlated with £, ,, £’ also exhibits

a relative correlation with volumetric strain, which governs E’? . Given the absence of

oed *
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unloading/reloading data, the LSTM model derived correlations from a robust dataset,

informed by literature-defined boundaries and validated LHS-generated parameter sets.
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Figure 6.4. Permutation feature importance: Blue (Multi-model) vs. Grey (Single model).
In contrast, the single-model approach applies uniform loss weights based on the
average predicted error of all seven parameters, which may increase the risk of overfitting and

reduce generalization. This is evident in Table 6.4, where the multi-model achieves lower MAE
values: for instance, E;ff sees a reduction from 1016.57 kPa (single model) to 380.38 kPa

(multi-model) in the testing set. This trend is pronounced in the tested case study, where the

multi-model shows an improvement, with an MAE of 104.41 kPa compared to 1477.93 kPa

for the single model for £ . The multi-model approach delivers more accurate results on

unseen data and shows robustness through strong alignment between its stochastic and
deterministic predictions, as confirmed by the MC dropout simulation (Figures 5.49 and 5.50).

In contrast to studies that use optimization with physically informed models, this study
adopts a DL approach. Rather than relying on established equations, the model learns
underlying physical patterns directly from raw data, enhancing its flexibility and establishing
it as a standalone tool with potentially high predictive accuracy. To illustrate its practical utility,

a comparison was made between the proposed approach and that of Jin et al. (2016), who
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employed a real-coded genetic algorithm to optimize parameters for Hostun sand.
WebPlotDigitizer (Rohatgi, 2022) converted triaxial test plots into numerical data along usable
strain sequences. Considering ¢' as an example, Jin et al. (2016) employed a search range (10°
to 50°) and obtained values between 27° and 29° for different constitutive models. Remarkably,
the proposed approach predicts 28.24° for the Hostun sand despite using data outside the
training scope (minimum training value of 29°). As shown in Figure 6.5, APHs closely match
lab results with only minor errors.

Table 6.4. The single model vs. multi-model evaluation metrics: MAE.

MAE values [value in brackets corresponds to the single LSTM model]

' . ref ref
Parameters ch ¢v ©) Rf E;ref (kPa) (E50 ) E oed m
(kPa) ‘ (kPa) (kPa)
Train set 0.052 0.017 0.004 361.512 156.208 65.006 0.002
[0.151] [0.073] [0.005] [557.42] [204.77] [88.22] [0.009]
Validate set 0.085 0.015 0.004 490.832 188.001 67.919 0.002
[0.152] [0.071] [0.005] [575.87] [206.83] [87.16] [0.009]
Test set (Stochastic 0.071 0.015 0.005 380.38 308.6 48.34 0.002
Dropout) [0.174] [0.075] [0.011] [1016.57] [393.42] [96.73] [0.009]
Test case
(GEOSLOPE 0.041 0.011 0.005 361.88 104.41 28.095 0.002
International Ltd., [0.324] [0.026] [0.019] [768.02] [1477.93] [357.83] [0.017]
2021)
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Figure 6.5. Comparison of simulated results: (APHs) vs. lab test results (Jin et al., 2016).
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To further enhance the simulation, fine-tuning is enriched by integrating a feature

importance analysis (Figure 6.4) to guide parameter adjustments. For example, deviations in

volumetric strain indicate that £’?, needs adjusting. Remarkably, the accurate value of E'?,

(adjusted to 1000 kPa) falls between 911 and 1337 kPa (Table 6.5) despite the training
minimum being 1050 kPa. Similarly, deviations in the magnitude of deviatoric stress indicate

that @ 'needs adjusting (adjusted to 27.37°). The slight deviation in ¢' may partly reflect

laboratory bias. This is evident in the envelope plot (Figure 6.5), where the APHs envelope is
tangent to the first two Mohr circles but deviates slightly from the third. Overall, APHs deliver
accurate parameterizations even beyond the training range and effectively complement
physically informed models. They refined the optimization search space from 10°-50° down to
approximately 28°, and the feature importance in Figure 6.4 further guides model calibration.

Table 6.5. HS model parameters for Hostun sand with 99% CI using the APHs tool.

Value
' ref ref ref
Parameter (c") (") (deg) (R)) (E,) (Esy ) (Eoea) (m)
(kPa) (kPa) (kPa) (kPa)
28.2405 1124.2331

APHs 2.5026 (27.3671)* 0.8551  10692.4502  4591.1729 (1000)* 0.9834
99% Cl lower  2.3297 28.191 0.8422 9483.7782  4057.8961 911.133 0.9769
99% Clupper  2.6755 28.2901 0.8679  11901.1222  5124.4496 1337.3333  0.9899

Values in (brackets) are adjustments based on controlling features (Figure 6.4) and visualized deviations
(Figure 6.5)
* Falls outside the trained boundaries of the APHs tool.

Analyzing soil samples beyond the trained parameter ranges while accounting for
laboratory and numerical biases enables evaluation of how these errors propagate through

simulation results. For Hostun sand, the absolute errors were approximately 0.87° and 0.126
MPa for ¢' and E!?, resulting in only minor deviations in both deviatoric stress and

volumetric strain. This suggests that when soil properties fall within the training range (0.015°

and 0.068 MPa) indicate minimal expected deviations. However, experts should interpret
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simulated results, considering the specific characteristics and sensitivity of the problem under
investigation.

One of the most notable achievements of this approach is its ability to accurately
estimate stiffness parameters without requiring unloading-reloading tests or oedometer data,
making it an efficient tool. Notably, the parameters retrieved by the APHs tool for CDG-

recompacted saturated soil were found to be as E'?, =0.3 £ which is found to fall outside the

augmented samples for which the tool was developed and even beyond the ratios proposed in
the literature. For example, Lu et al. (2018), Lee et al. (2008), and Lam (2018) suggested a
ratio between 0.7 and 1.0, while GEOSLOPE International Ltd. (2021) recommended a range
of 0.5 to 0.8 in cases where oedometer tests are unavailable. Comparable results were observed
for Hostun sand. This demonstrates the robust performance of the APHs tool in accurately
determining the HS parameters.

The results demonstrate the performance of the APHs tool, achieving an accuracy of
99.4%. Scatter plots of predicted versus actual values highlight the tool's ability to generalize
effectively, with the predicted values aligning closely with the 1:1 line for both training and
validation samples. The performance of the APHs tool was tested, validated, and deployed
using unseen datasets to confirm its reliability and precision. The first validation reference is a
soil sample previously parameterized by GEOSLOPE International Ltd. (2021). The
comparison demonstrated that the APHs tool achieved an accuracy of approximately 99.6%,
with minimal absolute error across all predicted parameters. The second validation case
focused on a CDG-recompacted saturated soil. The simulated results using parameters
retrieved from the APHs tool were favorably comparable to the original laboratory tests (Zhou,
2008). This study validates the initial hypotheses proposed at the outset. One of the key
implications of this research is the development of a smart laboratory system. This work paves

the way for transforming traditional laboratories into innovative laboratories, leveraging the
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power of DL to enhance efficiency and accuracy. APHs can be locally installed on any device
with the required libraries to deliver parameterizations within seconds.

While the results demonstrate that APHs yield accurate predictions, the reader needs to
note the considerable computational power required (Table 6.6). Essentially, prediction
performance relies on two factors: (a) the data's volume and quality, and (b) the DL algorithm's
capability, both of which impact computational requirements during training and for end users.
First, comprehensive laboratory datasets with accurately measured parameters are scarce; for
instance, according to the authors' knowledge, one of the minor parametrized cases available
is the one provided by GEOSLOPE. Conducting laboratory tests usually requires extensive
manual parameterization, which is time-consuming, highlighting the advantage of the proposed
method in handling the sheer volume of data needed. However, there remains potential to
further reduce the required sample size by experimenting with different sample sizes and
alternative sampling strategies such as Sobol sequences or MC methods. Secondly, it is
acknowledged that laboratory tests may introduce bias regarding the dataset's quality. To
mitigate this, it was ensured that 102 time steps represent each curve. However, this level of
detail means that each sample (comprising 6 curves, 102-time steps per curve, and 7
parameters) demands significant computational resources during training. Therefore, exploring
alternative DL architectures, such as Transformer networks and CNNs, could potentially reduce
the computational burden without compromising performance. Thirdly, regarding the
computational burden, the experiments (using a single model as an example) illustrate this
challenge well. For instance, the first LSTM layer, which processes 7 input features,
incorporates roughly 1,064,960 trainable parameters (calculated as 4 x (7 + 512 + 1) x 512).
Both the second and third LSTM layers require approximately 2,099,200 parameters each. In
addition, a 256-unit dense layer adds about 131,328 parameters, and the final 7-unit output

layer contributes another 1,799 parameters, resulting in a total of roughly 5.4 million trainable
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parameters. The sequential processing across all 102 timesteps further amplifies memory and
time requirements. To clarify, model tuning on the HPC server takes about 6 hours. In contrast,
tuning on a regular PC (8 CPU cores, 128 GB memory, with no GPU) could extend the duration
to several days; for example, 20 iterations with 250 epochs required approximately 2 days,
reflecting the substantial computational resources required.

Table 6.6. Summary of APHs current achievements and future direction.

Aspect Current setup Current achievement Future directions Target improvement
Dataset A - High accuracy Exploring Reduce dataset size
Volume comprehensive alternative sampling while maintaining

dataset of 1300 techniques (e.g., high accuracy for
samples Sobol  sequences, further efficiency.
MC)
Dataset 102 timesteps - High accuracy Explore Achieve faster
Quality represent each - Mitigate lab data bias Transformers training with fewer
curve /CNNs trainable parameters
while capturing long-
term behavior.
Dataset Based on 2D- - Testing on real-world Consider 3D Enhance realism and
generation axisymmetric samples confirms the validity —simulations robustness with
simulation of the 2D-axisymmetric further training as
assumptions simulation assumptions. needed
Tool Tolerated for - High accuracy Incorporate Broaden applicability
versatility  Hong Kong - User interface anisotropy, dynamic and  versatility to
soil, as outlined - Fast parametrizations loading conditions, different soils and
in the - Integrable with any finite other constitutive conditions.
Boundary element models or physically models, and wider
Condition informed tools parameter ranges.
Section

6.5. AUTOMATED STABILITY ANALYSIS TOOL

Figure 6.6 illustrates the deployment of the automated slope-assessment system. The system
architecture begins with real-time rainfall data acquisition from Hong Kong's network of
raingauges, processing precipitation sequences through a dual-model machine learning
framework. The CNN and LSTM network processes temporal rainfall sequences to capture
hysteresis effects and antecedent moisture conditions. Both models output predicted soil
saturation ratios (SSI) that serve as critical inputs to the physics-based slope stability model.
The architecture i1s designed to integrate with APHs, given the availability of raw laboratory

data, after which the tool automatically predicts soil saturation and subsequently computes the
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FOS. The geotechnical component employs an infinite slope stability formulation, calculating
FOS through Equation 3.31. The automated FOS calculation is constrained by the model
assumptions summarized in Section 3. The deployment includes real-time visualization
through an interactive web dashboard that displays time-series FOS projections, rainfall
patterns, and safety status indicators, enabling transportation authorities and geotechnical
professionals to implement proactive measures when FOS trends approach critical thresholds
below 1.2. This operational framework represents a significant advancement from conventional
rainfall threshold methods by providing mechanistically based, site-specific stability

assessments that account for both current conditions and forecasted rainfall impacts.

Landslide Analysis Dashboard - Factor of Safety Timeline
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Figure 6.6. The automated slope stability tool.

This study demonstrates that the integration of data-driven approaches with physically
based equations produces models that achieve both statistical accuracy and geotechnical
consistency. The proposed framework provides a reliable foundation for landslide early
warning systems, while the identified limitations and research directions outline a clear
pathway for continued improvement in landslide susceptibility assessment. This study
introduces several key methodological innovations that collectively enhance landslide

predictions: (a) development of a spatiotemporally imbalanced dataset; (b) integration of real
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rainfall patterns; (c) incorporation of multiple spatial features that modulate rainfall impact
across different terrain configurations; (d) implementation of a coarse-to-fine architecture
tuning approach; and (e) establishment of an integrated framework coupling DL-based Soil
Saturation Index (SSI) predictions with physics-based FOS calculations.

The comparative assessment of LSTM and CNN architectures reveals distinct
operational characteristics (Table 6.7). While both models achieve high precision, the CNN
demonstrates superior computational efficiency (12 hours vs 23 hours tuning time) and
marginally better predictive performance (74% vs 69% precision). Uncertainty quantification
via Monte Carlo dropout revealed moderate and comparable stochastic variations (LSTM: 6%,
CNN: 7%). The CNN model strikes an optimal balance between accuracy, efficiency, and
operational reliability, though both models are integrated into the decision-support interface to
accommodate scenario-specific requirements.

Table 6.7. Comparative assessment of data-driven models.

Model Performance Computational power Uncertainties
(Precision) (Tuning) (St. deviation)

LSTM High (69%) High (23 hr) Moderate (6%)

CNN High (74%) Moderate (12 hr) Moderate (7%)

To emphasize the developed model's reliability, it was tested on a recent massive
landslide outside the training dataset, which is the Yiu Hing Road landslide (Figure 6.7). The
model calculated an FOS of 0.96, which aligns closely with the professionally assessed value
of 0.97 from the forensic investigation (Fugro (Hong Kong) Limited, 2025) (Figures 6.6 and
6.7). This independent validation across a different location and temporal context demonstrates
the framework's transferability and readiness for practical application. This multi-faceted
validation strategy confirms that the hybrid framework not only achieves high statistical
accuracy but also maintains geotechnical consistency with physics-based models and
operational reliability against professional benchmarks. The validation against two
independent case studies (Yiu Hing Road and Fei Ngo Shan), encompassing 106 distinct
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rainfall events, underscores the model's robustness for regional early warning. Comparative
benchmarking against established studies reveals competitive performance, with this study
achieving AUC (0.89) and balanced accuracy (0.819) values comparable to Mondini et al.
(2023), while explicitly addressing temporal and spatial data imbalances as emphasized by

Xiao et al. (2023).
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Figure 6.7. The predicted FOS of the Yiu Hing landslide using the proposed models.

Beyond conventional performance metrics such as AUC, the operational value of the
proposed framework is demonstrated through its ability to provide timely and actionable
warnings. Referring to Figure 6.1.e for the Yiu Hing Road landslide, Figure 6.8 presents a
detailed view of the Tier 1 single-event predictions leading up to the failure. It is seen that no
warning was issued prior to 7 September 2023, consistent with stable slope conditions. A
warning was triggered on 7 September 2023, aligning closely with the FOS trajectories
presented in Figure 6.7, which indicate a decline at the same time. This concordance between
Tier 1 predictions and Tiers 2 and 3 builds trust and provides decision-makers with actionable,
risk-informed information. The warning serves as a clear signal to consider proactive measures,

such as road closures, slope maintenance, or public alerts, based on the assessed level of risk.
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Deterministic Prediction

CNN Landslide Probability 0.1790
LOW RISK

Monte Carlo Mean

0.1643

Uncertainty (Std Dev)

0.0181

Confidence

0.964

Yiu Hing Rd Landslide (6-9-2023)

Q Interpretation: Low probability of landslide occurrence.

Deterministic Prediction

CNN Landslide Probability 0.6659
WARNING
04 06 Monte Carlo Mean
0.6352
Uncertainty (Std Dev)
0 6 6 6 0.0591
= Confidence
0 1 0.882

Yiu Hing Rd Landslide (7-9-2023)

Q Interpretation: Moderate risk - monitoring recommended.

Deterministic Prediction

CNN Landslide Probability 0.9991
HIGH RISK
0.9982
Uncertainty (Std Dev)
O 9 9 9 0.0033
0.993

Yiu Hing Rd Landslide (8-9-2023)

Q Interpretation: High probability of landslide - immediate action required!

Figure 6.8. Single-event predictions for the Yiu Hing Road landslide between 6—8 September
2023. Illustrations adapted from PBS LearningMedia

The primary limitations stem from hydrological monitoring constraints and temporal
uncertainties (Table 6.8). The assumption of binary saturation states (fully saturated during
failures vs. dry conditions otherwise) represents a necessary simplification given the current
absence of comprehensive regional pore-water pressure monitoring networks. Temporal
uncertainties in exact failure timing and spatial disparities between landslide locations and rain
gauges introduce additional complexities. While mitigated through extended antecedent
durations and spatial distance features, these limitations highlight the need for enhanced

monitoring infrastructure. Future research should prioritize the development of distributed
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sensor networks for real-time pore-water pressure monitoring and high-resolution temporal

characterization of failure mechanisms.

Table 6.8. Current achievements, limitations, and future research directions.

Aspect Current Achievement Limitation Future Direction
. Simplified saturation Integrate distributed pore-
. Implemented saturation-dry ) .
Hydrological . assumptions due to limited water pressure sensors and
> binary states based on . . .

Assumptions . pore-water pressure soil moisture monitoring

available data L

monitoring networks

Incorporated antecedent o . Develop p rqb abilistic t1m1ng

Temporal . . Uncertainty in exact failure models and implement high-
- rainfall patterns with 28-day . . .

Precision timing resolution temporal

sequences o

monitoring.
Model Developed and wvalidated Limited exploration of g;:zztlg;ts dels tga;lrilsfo;“rrz)l::
. both  LSTM and CNN hybrid architectures and . .

Architecture . . regional transfer learning

architectures transfer learning

approaches

6.6. SUMMARY

This chapter describes the development and deployment of four web-based applications created
to operationalize the predictive models presented in this study. The first three tools were
implemented as Streamlit web applications; the fourth was developed as an HTML-based
interface. The section enumerates limitations and planned improvements for each tool and
specifies the input data required by every web interface. Screenshots and descriptions illustrate

the user-friendly design and interaction workflow for each application.
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CHAPTER 7: CONCLUSIONS AND RECOMMENDATIONS

7.1. INTRODUCTION

This research aims to develop an effective, scalable, operational, and cost-effective system to
mitigate landslide risk in Hong Kong by integrating multiple technologies. Four core objectives
guided the work: understand the factors and mechanisms of landslide initiation and critically
review existing monitoring and prediction methods; design a spatiotemporal model for shallow,
rainfall-induced landslides using historical records and data-driven techniques to capture
triggering randomness; establish an integrated prediction framework that fuses subsurface
hydrological and mechanical responses to improve early-warning accuracy; and streamline and
automate the stability-analysis workflow, including parametrization and FOS computation. The
methodology, datasets, model development, testing results, and automated tools created to
support implementation are described in the preceding chapters. This concluding chapter
distills the main findings, highlights the study’s significance and contributions, acknowledges
limitations, and presents recommendations for future work.

7.2. SUMMARY OF THE KEY FINDINGS

7.2.1. Mechanisms, Predicting Approaches, and Monitoring Systems

The most effective strategy for shallow landslide prediction integrates real patterns of rainfall-
driven triggers, internal slope responses, and multi-scale monitoring with hybrid physical-Al
models tailored to data availability and site conditions. This is underscored as follows: Shallow
landslides are primarily triggered by rainfall, where both intensity—duration and antecedent
moisture conditions govern initiation, while internal responses involve changes in
displacement, soil moisture, suction stress, groundwater level, and effective stress.
Displacement frequently exhibits superposed trend and periodic components driven by
hydrologic forcing, seasonality, and hydro-fluctuation effects. Empirical rainfall thresholds
remain practical when physical inputs are scarce: I-D thresholds can provide reasonable
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accuracy but suffer high false positives, whereas API thresholds better emulate initial moisture,
improving accuracy and reducing false alarms when derived via regression or probabilistic
analysis. Physically based causative thresholds directly link rainfall to internal state variables;
displacement thresholds are most common due to data availability, while thresholds tied to
suction, moisture, or groundwater require site-specific geotechnical and hydrologic inputs.
Regression models struggle with sudden surges, single Al models improve accuracy but miss
periodicity, and hybrid approaches that decompose displacement into trend (polynomial/simple
Al) and periodic components (hybrid/deep models) perform best, though they remain
constrained by training-domain generalization and simplified initial conditions.

Deterministic physical models deliver higher fidelity by explicitly representing initial
and boundary conditions, infiltration, runoft/evaporation, soil properties, and both saturated
and unsaturated states. Analytical frameworks can incorporate steady/transient flow,
vegetation, weathering/degradation, and neighbor-grid effects, with recent evidence
highlighting the accuracy of TAG-FLOW. Numerical models reproduce real rainfall patterns
with time lags, complex 3D geometries, and bedrock—soil systems under hydro-fluctuation.
These physical models can be combined with probabilistic analysis to create susceptibility
maps and fused with Al to enhance early warning, but they require detailed and costly site
characterization and are best suited to local scales where spatial inputs are available. For
susceptibility mapping, qualitative (expert-based) methods are being supplanted by
quantitative approaches, where linear bivariate/multivariate models are limited in capturing
complex interactions, and hybrid Al models offer better handling of nonlinear, spatiotemporal
relationships, albeit with strong dependence on input data quality and selection.

Monitoring systems must bridge surface indicators and subsurface mechanisms to
enable reliable early warning. Surface techniques provide millimeter-level 3D positions and

broad spatial coverage but face challenges with real-time acquisition, coarse temporal
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resolution, and environmental interference, making them more suitable for susceptibility, risk,
and vulnerability mapping than for alerts. Subsurface methods provide higher diagnostic value:
extensometers offer high temporal precision for translational motion; inclinometers detect
subsurface displacement but have limited vertical resolution, while optical-fiber solutions
(FBG/BOTDA) improve spatial resolution and couple strain—temperature at lower cost but are
wiring-limited; TDR pinpoints sliding surfaces at fine resolution though displacement
quantification is difficult; AE is sensitive to micro-deformation and suits slow movements; tilt
sensors provide accurate angular change and low-cost modular arrays but miss pure
translational motion; strain-gauge systems (SDS, SG-DEP) capture micro-displacement with
360° directionality; and accelerometers detect rapid translational motion independent of
triggers. Hydrologic and thermal monitoring strengthens causative insight: novel self-powered
rainfall sensors expand range and resolution; soil moisture can be captured via FBG, UHF
RFID, smart aggregates, and ERT for plot-to-regional scales; and temperature in shear bands
and at the surface offers stability indicators for shallow strata. MEMS/IoT nodes integrated into
WSNs reduce wiring and cost, suiting shallow landslides, though networks must address
power, communication range, and data integrity via sleep thresholds, rechargeable power,
optimized density, and buried magnetic induction links. Deployment strategies (random,
matrix, vulnerable, hybrid) should prioritize vulnerable placement at critical points for maximal
value. Emerging early warning signals from elastic waves and infrasound show promise but
remain challenging to operationalize, with novel triboelectric and chemiluminescent sensors
under development.

Time series modeling emphasizes that data frequency and temporal ordering critically
shape predictions. Monthly series typically require decomposition into trend and seasonal
components, while daily series may lack seasonality and demand tailored preprocessing; lag

selection should reflect site hydraulics. Dynamic deep models (e.g., LSTM) outperform static
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ANN, SVM, RF, and ARIMA by capturing nonlinear temporal dependencies, provided that
careful data preparation (frequency choice, sampling ratio, decomposition, temporal
correlations, and feature selection) is performed. Random search for hyperparameters, Adam
optimization, and MSE/Huber losses are effective, with overfitting mitigated by targeted
feature sets, monitored training, regularization, and judicious activation choices. Evaluation
predominantly uses RMSE, MAE, and MAPE, but weighted metrics and interval/multi-step
forecasts are recommended to reflect the criticality of extreme events and to broaden beyond

single-step displacement prediction.

7.2.2. Landslide Prediction Model
This research has successfully developed and validated an operational, multi-data-driven
framework for predicting shallow rainfall-induced landslides, demonstrating that DL models,
specifically LSTM, GRU, and CNN, can achieve high-performance benchmarks with AUCs
exceeding 90%, outperforming traditional LR and prior studies. The superior performance is
attributed to a meticulously crafted methodology centered on a time-dependent dataset design
that explicitly captures rainfall-triggering randomness and essential spatiotemporal features.
This foundational approach was bolstered by rigorous data preparation to correct inherent
spatial-temporal imbalances, a comprehensive coarse-to-fine hyperparameter tuning strategy,
and the novel introduction of a dual-threshold decision scheme. Validation against the 2005 Fei
Ngo Shan case history confirms the model's robustness and reliability, establishing it as a
practical, standalone decision-support tool that effectively integrates probabilistic forecasting
with deterministic seepage stability for verification.

The investigation yielded critical insights into model behavior and operational
practicality. Analysis revealed that rainfall-related predictors were the most influential,

accounting for approximately 36% of the total feature importance, with short-term lags, two-
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day antecedent rainfall, and rainfall pattern features being key contributors. Furthermore, the
inclusion of spatiotemporal descriptors was shown to increase model precision by 7%,
underscoring the necessity of moving beyond rainfall-only inputs to accurately regulate slope
response. From an operational standpoint, the CNN emerged as the most efficient architecture,
achieving comparable precision (~78%) to the more complex LSTM and GRU models but with
substantially lower computational cost, tuning time, and predictive uncertainty, while also
producing a hydrological response more consistent with physical models. The proposed dual-
threshold method proved to be a significant enhancement over a conventional 0.5 cut-off,
providing a more nuanced risk assessment, reducing false decisions, and delivering a narrower,
more actionable warning zone for end-users. Although calibrated for Hong Kong's colluvium,
the underlying framework is designed for transferability to other regions, contingent upon the

integration of local data and appropriate model retuning.

7.2.3. Subsurface Sensor-Based Predictions

a) VWC Prediction Operational Model (OWHK)

This research has established a robust operational framework for forecasting VWC in colluvial
slopes, effectively addressing the complex challenge of quantifying infiltrated rainfall as a
critical proxy for stability assessment. The core innovation lies in the integration of
independence-oriented time series windowing with a multi-parallel LSTM network
architecture and deterministic seepage modeling, a synergistic approach designed to capture
rainfall-triggering randomness and overcome inherent spatiotemporal data limitations. The
model's physical grounding is reflected in its feature design, where boundary conditions,
represented by initial VWC, act as proxies for unmonitored environmental factors, while
comprehensive rainfall descriptors drive the dynamic hydrological response. This methodology

was rigorously validated against a substantial dataset comprising 15 in-situ sensors across three
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sites, augmented by a numerically validated case and supported by field samples, which
collectively corroborated the initial hypotheses and demonstrated the model's ability to learn
distinct hydrologic regimes.

The operational outcome of this research is the OWHK tool, which delivers strong
predictive skill with a mean absolute error of less than 0.6% and an R? exceeding 0.92,
alongside quantified uncertainty through Monte Carlo dropout. A key contribution is its
provision of one of the first systematic comparisons between an operational, regional model
and site-specific analyses. The specialized design of the LSTM networks, each mapped to a
specific segment of the soil-water retention curve and trained on data grouped by boundary
conditions, proved effective in reducing bias from missing variables and enhancing model
adaptability. However, the model's performance, while robust within the observed data domain,
highlights a critical dependency on data comprehensiveness, as accuracy diminishes during
rapid transitional soil states due to limited training samples for these events. This underscores
the necessity for future work to expand datasets, particularly for these dry-to-saturated
transitions, and to further enrich model inputs with data on vegetation and detailed soil
properties to ensure sustained operational reliability and broader generalization.

b) Hypertuning Strategy for Enhanced Model Performance

This research establishes a comprehensive hypertuning strategy that successfully couples DL
with time series forecasting to analyze subsurface VWC dynamics, providing a robust and
practical framework for operational landslide risk decision-making. The investigation
demonstrates that while the selection of a sophisticated architecture like LSTM is important,
the rigor of the tuning process and the quality of the feature selection are paramount. The
strategy, which employed both statistical and knowledge-based techniques for feature
engineering, revealed critical insights, including significant correlations between spatially

variable responses and cumulative antecedent rainfall, and identified distinct optimal
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antecedent periods of 10 and 20 days for shallow and deeper soil layers, respectively.
Furthermore, the analysis established that allocating 50% to 70% of the data for training is a
key determinant of superior model performance. A central finding corroborates the "No Free
Lunch" theorem, indicating that with limited data, DL offers no distinct advantage over simpler
machine learning models, thereby underscoring that meticulous tuning and high-quality data
are more critical than algorithmic complexity alone.

The practical application and validation of this tuned framework yielded strong and
transferable results, with models achieving high predictive accuracy (MAE 0.35%—1.25%) and
reliability (PICP 0.86—0.95) across multiple landslide sites, including Pa Mei and Tung Chung.
The propagation of these predicted VWC values into FOS calculations further confirmed the
model's operational utility, producing robust metrics (R? = 0.89, PICP = 0.85) for stability
assessment. Beyond direct prediction, the study proposes an innovative, collaborative approach
to enhance physical monitoring systems, demonstrating that data from a network of sensors
can be leveraged to forecast the status of any individual sensor, thereby mitigating pervasive
challenges related to power consumption and data integrity. Ultimately, this work affirms that
while data-driven mining with advanced ML algorithms is a powerful predictive tool, its
efficacy and credibility are contingent upon its consistency with fundamental geological theory
and its role as a complement to, not a replacement for, physical understanding.
¢) Distributed Multi-Sensor (Subsurface) Prediction Model
This research has established a robust DL framework that fundamentally advances the
prediction of subsurface processes leading to rainfall-induced landslides by demonstrating that
accurate forecasting necessitates modeling the complex, multivariate interaction between
rainfall and the slope's antecedent hydrological state. The core innovation of the tailored
LSTM-based approach lies in its successful capture of this critical spatiotemporal relationship,

moving beyond traditional models that treat rainfall as a sole trigger by integrating historical
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sequences from spatially distributed sensors. This enables the model to learn that failure is
preconditioned not by a simple rainfall total, but by a specific hydrological input interacting
with a slope state defined by its internal hydromechanical boundary conditions. The
framework's effectiveness is empirically validated by its consistent and high predictive
accuracy across all key subsurface variables: it accurately captured the build-up of suction, a
direct stability indicator, with high precision (RMSE of 1.72 kPa, R? = 0.93); significantly
outperformed a naive model in predicting matric suction (RMSE of 5.40 kPa); and
demonstrated a dramatic improvement in VWC prediction using multivariate data (RMSE of
3.26%) over rainfall-alone inputs (RMSE of 6.23%). Beyond these metrics, the model's strong
physical consistency, evidenced by its accurate replication of transient wetting front dynamics,
temporal lags at different depths, and distinct seasonal responses, confirmed through successful

generalization across independent case studies, underscores its operational robustness.

7.2.4. Slope Stability Analysis and Process Automation

a) Automated parametrization tool

This research introduces a transformative approach to soil parameterization by developing the
APHs tool, leveraging the power of LSTM networks to achieve unprecedented accuracy and
efficiency in estimating critical strength and stiffness parameters (¢', ¢', R,, EY, E{,EY,
m ). Key findings include: With a model accuracy of 99.4%, the APHs tool demonstrates
precision in predicting parameters solely from triaxial test data, making the process more
accessible and cost-effective. Validation cases affirm the tool's reliability, with predicted

parameters aligning with laboratory results. Notably, for CDG-recompacted soil, the tool

accurately retrieved parameters even when they fell outside the range of ratios traditionally
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proposed in the literature, showcasing that this tool not only accelerates the HS model
parameterization process but also simplifies it while maintaining high precision.

This outstanding performance stems from two key advancements. Firstly, the study
employed advanced data generation techniques using a combination of the LHS and SIGMA/W
simulations to address the limitations of insufficient experimental data. This approach created
a robust and comprehensive parameter space tailored to Hong Kong's unique geological
conditions, ensuring the tool's practical applicability. Secondly, the tool's innovative multi-
model architecture enabled the assignment of distinct weights to each parameter, effectively
mimicking the physical processes involved in parameter derivation and ensuring robustness
across varying scales. By framing stress-strain relationships as a time series problem, the tool
leveraged the sequential nature of triaxial test results to enable precise and consistent parameter
estimation. This research establishes a paradigm shift in geotechnical engineering, paving the
way for smart laboratory systems that integrate DL to optimize and automate traditionally
manual processes. While current findings validate the tool's performance under defined
conditions, future work will focus on expanding its parameter space to accommodate a broader
spectrum of soil types and boundary conditions.

b) Automated Slope Stability Analysis Model (A Hybrid DL—Physics Model)

This research successfully establishes a regional, operational landslide early-warning
framework that effectively bridges the gap between data-driven learning and physical
modeling, demonstrating that a hybrid approach can overcome the traditional trade-off between
physical rigor and data availability. By training DL models to learn saturation dynamics from
real, temporally random rainfall sequences and embedding these outputs within an infinite
slope stability equation, the framework captures the essential time-dependent mechanisms of
rainfall-induced failures while maintaining computational tractability across Hong Kong's

extensive natural terrain. The system delivers reliable predictive skill with robust
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generalization, as evidenced by CNN and LSTM models achieving balanced accuracy of
approximately 0.82, precision between 69-74%, and AUC values ranging from 0.87 to 0.91
across all dataset splits, while maintaining close physical agreement with deterministic
seepage-stability analyses.

The framework's validity is further confirmed through multiple verification pathways,
including strong alignment with the documented 2005 Fei Nno Shan failure case (MAE in FOS
0.06-0.07), where it correctly identified the failure timing and reflected post-event drainage
hysteresis, and successful external testing on the 2023 Yiu Hing Road landslide, demonstrating
consistent alignment with professionally assessed stability conditions. Mechanistic
interpretability analyses substantiate the model's physical consistency, confirming rainfall as
the dominant triggering mechanism while identifying how topographic features modulate
susceptibility, with CNN's spatial filters and LSTM's sequential memory providing
complementary strengths. Ultimately, the research delivers an operational system that
integrates 28-day antecedent rainfall sequences from 96 gauges to output real-time, SSI-
informed FOS trajectories, supporting actionable thresholds for proactive risk management and
demonstrating that coupling DL with physics-based stability can provide regionally scalable,
time-aware warnings without requiring exhaustive site-specific geotechnical characterization.
¢) Factors Controlling Rainfall-Induced Landslides: A Parametric Study
This research provides critical new insights derived from physical deterministic analysis to
enhance the accuracy of landslide early warning systems by rigorously analyzing the factors
governing the triggering randomness of rainfall-induced landslides, with a specific focus on
the typical slope conditions of Hong Kong. The analysis demonstrates that relying solely on
cumulative rainfall, as is common in empirical statistical thresholds, can be fundamentally
misleading, as it ignores the decisive role of temporal rainfall patterns. The study establishes

that for an identical cumulative rainfall total, distinct patterns, specifically delayed versus
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advanced rainfall, produce significantly different hydrological responses and failure timings.
A delayed pattern allows adequate time for water seepage, while an advanced pattern
intensifies pore-pressure buildup, thereby delaying the time to failure. This finding challenges
the foundation of many statistical approaches and underscores the necessity of incorporating
temporal rainfall characteristics into predictive models.

Furthermore, the investigation quantitatively clarifies the complex dynamics
controlling a slope's recovery time, or the effective non-rainfall duration required for
stabilization post-rainfall. It is demonstrated that this healing period is not a fixed value but is
primarily controlled by the soil's hydraulic conductivity, with higher conductivity leading to
faster drainage and shorter recovery. However, this process is significantly modulated by initial
soil suction conditions, rainfall duration, and intensity; smaller initial suction, longer rainfall
duration, and heavier rainfall all contribute to a prolonged recovery time. Consequently, this
study provides a principled basis for defining the critical antecedent rainfall period, concluding
that for Hong Kong's colluvium, a variable window of at least 15 days, extending beyond 32.5
days depending on specific topographic, hydrological, mechanical, and rainfall characteristics,
must be considered to accurately account for the slope's antecedent state, thereby offering a
physically-grounded method to reduce false positives in early-warning systems.

d) Geometry effects on rainfall-induced landslides: A Parametric Study

This research establishes that subsurface flow geometry, specifically the inflow-to-outflow
area ratio (R/r), exerts a first-order control on regional vulnerability to rainfall-induced
landslides, providing a mechanistic explanation for observed spatial patterns of failure. The
analysis reveals two distinct topographic regimes: convergent hillslopes, characterized by high
R/r ratios, act to focus infiltrating water and lateral seepage into confined zones, which
promotes rapid pore-pressure accumulation and establishes an antecedent-dominated regime

where residual moisture critically accelerates failure onset even under modest rainfall. In
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contrast, divergent hillslopes distribute hydrological inflow across larger outflow areas,
attenuating groundwater development and creating an intensity-dominated regime where
failure potential scales more directly with rainfall rate. This fundamental geometric control not
only clarifies why landslides cluster in specific topographies under ostensibly similar
conditions but also directly informs practical hazard assessment. By incorporating quantitative
geometric descriptors like R/r into regional models, predictive skill is significantly improved,
enabling the prioritization of monitoring and mitigation efforts in the most climate-sensitive
terrain and ultimately supporting more resilient land-use planning and infrastructure design in
the face of intensifying precipitation extremes.

e) Numerical Slope Stability Modeling (Focused Site Specific Analysis)

This research provides a detailed numerical reconstruction of the 2005 Fei Ngo Shan landslide,
delivering critical, case-specific insights into the prediction and monitoring of shallow failures
in Hong Kong's colluvium through a comprehensive analysis combining non-deformable,
small-deformation, and large-deformation approaches. The investigation yields three
fundamental findings that clarify both the temporal and spatial characteristics of slope failure:
first, it demonstrates that while the FOS remains largely invariant for a given cumulative
rainfall total, the temporal resolution and pattern of rainfall data exert a primary control on the
timing of the predicted slope response, underscoring that high-frequency rainfall inputs are
essential for accurate temporal forecasting without materially altering the ultimate stability
assessment. Second, the analysis enables precise local vulnerability mapping, identifying the
BH3 vicinity as the critical monitoring location due to its conjunction of the thinnest colluvium
layer, its position at the slope toe where both lateral inflow and direct infiltration converge, and
its characteristic groundwater lag response, thereby providing a scientifically-grounded

rationale for prioritizing instrumentation.
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The third key finding elucidates the specific failure mechanism, confirming that
shallow landslides in this context are toe-initiated, with large deformations first developing at
the toe that precipitate a loss of support and subsequent retrogressive mobilization of the
upslope shallow layer, while the soil along the rupture surface itself exhibits only minor sliding.
Collectively, these results offer an integrated understanding of how rainfall temporal structure
governs response timing, where monitoring resources should be concentrated to detect early
instability, and the precise mechanical sequence by which shallow collapses propagate, thereby
providing directly actionable guidance for optimizing operational monitoring layouts and

refining numerical model configurations for more effective early warning systems.
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7.2.5. Synthesis of Key Findings and Conclusions

The following overarching conclusions, which synthesize the key contributions of this

research, are presented in Table A16 in more detail as bullet points:

1.

A tiered Al-physics framework is essential: A tiered structure integrating data-driven Al
with physics-based modeling is essential for achieving both regional scalability and
geotechnical accuracy in operational early warning systems.

DL captures spatiotemporal complexity: DL models, particularly LSTM, GRU, and 1D
CNN, can capture the complex spatiotemporal dependencies governing landslide initiation
when trained on appropriately designed datasets. The 1D CNN offers the best balance
between predictive accuracy and computational efficiency for operational deployment.
Dual-threshold classification enhances operational utility: Moving beyond a conventional
0.5 probability cutoff, the dual-threshold framework provides nuanced risk assessment by
creating an actionable "warning zone" that flags ambiguous cases for priority
investigation, significantly reducing false decisions.

Rainfall is more than cumulative totals: Rainfall is not a single event, but a random process
defined by intensity, duration, pattern, and dry spells. Models that treat rainfall as
cumulative totals alone are fundamentally limited. The "effective non-rainfall duration"
provides a crucial metric for quantifying slope recovery and should be incorporated into
predictive frameworks.

Multi-parallel architecture enhances subsurface prediction: For subsurface forecasting,
multi-parallel LSTM structures with specialized networks targeting distinct hydrological
regimes prove more effective than single-model approaches, successfully capturing both

temporal dynamics and spatial heterogeneity across monitoring networks.
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VWC emerges as the most consistent predictive feature: VWC proves to be the most
reliable predictive feature, capturing infiltration dynamics and mitigating rainfall
spatiotemporal uncertainty.

Geometry and spatial features control infiltration and landslide vulnerability: This research
demonstrates that hillslope geometry and spatial features exert a first-order control on
landslide susceptibility by governing how much rainfall infiltrates and where water
accumulates.

Automated parameterization achieves laboratory-grade accuracy: The APHs tool
demonstrates that DL can automate soil parameterization with 99.4% accuracy using only
standard triaxial test data, transforming what once required specialized tests and expert
judgment into a rapid, accessible workflow.

The automated stability tool enables time-aware assessment: A hybrid pathway fusing
data-driven Soil Saturation Index with physics-based FOS calculations enables successful

regional-scale, time-aware stability assessment.
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7.3. SIGNIFICANCE AND CONTRIBUTION OF THE RESEARCH

This research makes significant strides in the field of landslide forecasting by moving beyond

traditional methods and creating an integrated, data-driven framework. The contributions are

categorized into theoretical, practical, and broader impacts as follows:

7.3.1. Theoretical Contributions

1.

A Novel Multi-Framework for Landslide Prediction: This study establishes a new
paradigm by synergistically combining data-driven DL models with physical deterministic
analysis. It demonstrates that DL models (LSTM, GRU, CNN) can effectively capture the
inherent triggering randomness of rainfall-induced landslides, a factor often oversimplified
in purely physical or statistical approaches.

An Integrated, Automated Stability Analysis for Regional Early Warning: This study
operationalizes a physics-informed, data-driven framework by learning saturation
dynamics from temporally random rainfall sequences and embedding them within the
infinite-slope stability model, demonstrating physical rigor with data limitations to provide
scalable, operational early warning across Hong Kong’s natural hillsides.

A Novel Operational Forecasting Framework for Regional Landslide Prediction: This
study introduces a novel operational forecasting framework that prioritizes regional, cross-
site predictions over conventional site-specific models by explicitly accounting for
spatiotemporal limitations and rainfall-triggering randomness, thereby delivering scalable
predictive performance across diverse terrain while maintaining computational efficiency.
Advanced Understanding of Spatiotemporal Controls: The research provides new insights
into the critical factors controlling landslide triggers. It quantitatively demonstrates that
rainfall patterns, not just cumulative rainfall, are a primary control on temporal prediction.
Furthermore, it elucidates the role of hillslope geometry (specifically the inflow-to-

outflow area ratio, R/r) as a first-order control on pore-pressure buildup, explaining spatial
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clustering and defining two distinct failure mechanisms: the intensity effect (diverging
slopes) and the antecedent effect (converging slopes).

Innovative Data Preparation and Model Development Techniques: The study introduces
several novel methodologies, including: a) independence-oriented time series windowing
for robust sensor data forecasting, which mitigates chronological bias; b) a dual-threshold
approach for risk classification, proving that a conventional 0.5 cut-off is inadequate for
capturing nuanced risk gradations; and c¢) a comprehensive coarse-to-fine model tuning
strategy with weighted loss monitoring tailored for geotechnical data imbalances; d) novel
multi-model DL frameworks that replace traditional ad hoc weighting with data-driven
importance learning, leveraging multi-parallel architectures to achieve higher accuracy,

improved robustness, and better generalization across sites and conditions.
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7.3.2. Practical Contributions, Cost-Benefit Considerations, and Policy Integration

1.

Development of Operational, User-Friendly Tools: This research has translated complex
models into practical decision-support systems. Key tools developed include: a) A
spatiotemporal landslide forecasting tool for Hong Kong, achieving over 90% AUC, which
serves as a standalone early-warning system; b) OWHK: An Operational VWC
Forecasting Model, a user-friendly tool that enables efficient prediction of a key landslide
precursor metric; ¢c) APHs: An Automated Parameterization Tool, which uses LSTM to
achieve 99.4% accuracy in estimating soil parameters from triaxial test data, drastically
reducing the time and expertise required for geotechnical modeling; d) An automated
stability tool provides time-resolved, regional forecasts with balanced accuracy (~0.82),
strong discriminative performance (AUC 0.87-0.91), and close agreement with
deterministic seepage—stability analysis (FOS MAE 0.06-0.07).

Smart Sensing for Energy-Efficient Monitoring: The rainfall thresholds identified, 177 mm
(7-day), 270 mm (14-day), 341 mm (21-day), 424 mm (28-day) cumulative rainfall, 146
mm/day/month maximum intensity, and 7 rainy days per month, enable intelligent sensor
scheduling. Sensors activate only when thresholds are approached or exceeded, with data
frequency reduced during quiescent periods. This approach directly reduces power
consumption, extends sensor lifespan, and lowers maintenance costs.

Data Loss Mitigation and Virtual Sensing: Subsurface monitoring systems represent a
significant capital investment. The operational prediction framework mitigates data loss
through: a) Continuous model-based estimates when sensor data is temporarily
unavailable, preserving monitoring investments; and b) Virtual sensing capabilities where
model-based estimates substitute for direct measurements, enabling strategic switching

between physical sensors to conserve power while maintaining continuous coverage.
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4. Guidelines for Effective Monitoring: The research provides actionable insights, including
optimal antecedent periods (15-32.5 days for Hong Kong), vulnerable locations for sensor
placement (slope toes with thin colluvium), and geometry-informed strategies recognizing
that convergent (antecedent-dominated) and divergent (intensity-dominated) slopes
require different monitoring approaches.

5. Rapid Assessment vs. Conventional Investigation: The operational tools deliver stability
assessments in seconds, offering dramatic cost advantages. The 2023 Yiu Hing Road
landslide was predicted in seconds, whereas subsequent investigation required thousands
of dollars and months of analysis. These tools provide rapid, low-cost screening to
prioritize sites for detailed investigation.

6. Democratizing Geotechnical Parameterization: Conventional soil parameterization
requires specialized expertise and multiple laboratory tests. APHs deliver accurate
parameters in seconds using only triaxial test data, making high-quality parameterization
accessible to practitioners without specialized geotechnical expertise.

7. False Alarm Reduction: The framework demonstrated zero false alarms across 436 time
steps (339 for 2023 Yiu Hing, 97 for 2005 Fei Ngo Shan), eliminating costs of unnecessary
site visits, evacuations, and public distrust associated with empirical threshold methods.

Table 7.1. Summary of cost-benefit and policy integration pathways.

Contribution

Cost-Benefit Implication

Policy/Integration Pathway

Smart sensing thresholds
(rainfall thresholds)

Extended sensor lifespan and lower
maintenance costs

Integrate threshold-based activation
into GEO monitoring protocols.

Data loss mitigation &
Virtual sensing

Protects  monitoring  investment;

avoids redeployment costs

Implement as a backup during sensor
outages in operational networks

Geometry-controlled
vulnerability (R/r ratio)

Prioritizes high-risk areas, optimizes
sensor placement

Inform land-use zoning; target
convergent slopes for instrumentation

Rapid web-based Avoids unnecessary investigations; Deploy as a first-pass screening tool
assessment screens sites before detailed study within the GEO workflow
- o Adopt i technical laboratories;
Automated Eliminates specialized tests; reduces dopt in geotechnical 1aboratories,
. i . . update design codes to accept Al-
parameterization laboratory costs; no expertise required

derived parameters.

Zero false alarms (over 436
test cases)

Eliminates costs of unnecessary
evacuations and site visits

Build public trust; reduce emergency
response expenditures
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7.3.3. Broader Contributions

1.

Paradigm Shift towards Smart Geotechnics: This work paves the way for a new era of
"smart" geotechnical engineering by demonstrating the successful integration of DL into
core practices such as laboratory parameterization and field monitoring, promoting
automation and data-driven decision-making.

Enhanced Climate Change Resilience: By improving the accuracy of landslide early
warning systems and clarifying the controls on landslide vulnerability, this research
provides urban planners and engineers with the tools and knowledge to design more
resilient infrastructure and land-use strategies in the face of intensifying rainfall events due
to climate change.

Adaptable Methodological Framework: While developed and validated using Hong
Kong's unique geological conditions, the underlying methodological framework, from data
preparation to model integration, is highly adaptable. It provides a blueprint that can be
transferred to other landslide-prone regions worldwide with the integration of local

datasets and model retuning.
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7.4. RESEARCH LIMITATIONS

1. Data Constraints Hydrological Sensing: The performance of the data-driven models is
constrained by the temporal span and resolution of the available dataset. Approximately
two years of daily sensor data, while extensive, limits the models' exposure to rare but
critical scenarios, such as rapid transitional soil states (e.g., sudden drying or wetting),
leading to predictive uncertainty for these events. Furthermore, the reliance on binary
saturation assumptions stems from sparse direct pore-water pressure monitoring.

2. Spatial Simplifications: The numerical analyses and tool generation are based on 2D
axisymmetric or idealized slope geometries. Natural slopes are complex 3D characterized
by significant heterogeneity in stratigraphy, topography, and material properties. These
simplifications may not fully capture 3D effects like lateral flow convergence/divergence,
which can critically influence pore-pressure evolution and failure mechanisms.

3. Model Architecture and Generalizability: The current DL models are specifically tuned for
Hong Kong's colluvium soil and climatic conditions, corroborating the "No Free Lunch"
theorem that no single model is universally superior. Their direct application to other
regions is non-trivial and requires retraining with local data. There was also limited
exploration of more recent or hybrid neural architectures.

4. Feature and Environmental Complexity: The current models primarily rely on rainfall and
spatiotemporal features. While these are highly influential, they do not fully incorporate
other environmental factors such as precise vegetation cover, evaporation rates, plant
transpiration, and regional-scale soil mechanical properties, which could further refine
prediction accuracy and resilience to future climatic challenges.

5. Operational Implementation and Computational Efficiency: The transition from a
historically validated framework to a fully operational, real-time early warning system

requires further development. While the CNN model was relatively efficient, other
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developed models (e.g., LSTM, GRU) involved higher computational costs, which may
pose challenges for real-time deployment in resource-constrained environments. The
current system also lacks dynamic data handling protocols.

6. Data Resolution and Methodological Optimization: The current modeling framework is
constrained by the limited incorporation of high-resolution temporal data, such as detailed
vegetation indices and soil properties. This data gap restricts the ability to systematically
determine the optimal class ratio for model training, which is a critical methodological
parameter. Consequently, the influence of dynamic slope changes on model performance
and the ideal balance between landslide and non-landslide instances remains an area

requiring further investigation with a more comprehensive and refined dataset.

7.5. RECOMMENDATIONS FOR FUTURE WORK

Building upon the findings, limitations, and achievements of this research, future work is
organized along two interconnected pathways: the enhancement of the core methodologies
developed in this study and the extension of the framework to new domains and applications.
The first strand focuses on deepening the technical robustness, accuracy, and physical
grounding of the proposed models and tools, while the second aims to scale the research
outcomes into operational systems and validate them across a wider range of scenarios and
regions. Furthermore, the methodologies and tools developed in this thesis have demonstrated
potential that extends beyond their initial application to landslide stability, giving rise to a third

pathway dedicated to novel research avenues and technological spin-offs.
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7.5.1. Enhancements for the Developed Research

a) Advanced data acquisition and synthesis:

Future work should prioritize deploying denser sensor networks, including distributed
pore-water pressure, to move beyond binary saturation assumptions. This should be
coupled with high-resolution temporal data on evaporation, soil temperature, and
vegetation indices (e.g., NDVI) to capture land-surface energy balance and its impact on
soil hydrology. Incorporating vegetation parameters such as root architecture, root area
ratio, and seasonal dynamics would enable a more accurate representation of hydrological
interception and mechanical reinforcement effects. As field data becomes available,
hysteretic SWCC models should be incorporated to characterize wetting and drying paths
separately. Additionally, higher-resolution rainfall data and sub-daily modeling would
enable systematic evaluation of performance across 1-, 3-, 6-, and 12-hour horizons,
further enhancing operational applicability.

To address the scarcity of data for rare failure scenarios, a program of high-fidelity
synthetic data generation should be implemented. This involves using numerically
calibrated 3D simulations to model a wide range of conditions. Advanced sampling
techniques, such as Sobol sequences, should be employed to maximize the diversity and
coverage of the parameter space within these simulations, ensuring the synthetic dataset is
both comprehensive and efficient.

Future work should establish a systematic framework linking predictive uncertainty to
operational decisions through reliability diagrams, cost—loss analysis, and probabilistic
trigger levels. Reliability diagrams would assess calibration between predicted and
observed failure frequencies across prediction horizons. Cost—loss analyses would
optimize decision thresholds based on explicit ratios between false alarm and missed event

costs, providing an economic basis for stakeholder-specific threshold selection.
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b) Next-generation model architecture and training:

The promising results from LSTM and CNN models warrant investigation into more
sophisticated DL architectures. Transformer models should be explored for their
potential to better capture long-term dependencies in temporal data with improved
computational efficiency. Future work will also employ tree-based models and ablation
studies to rigorously isolate and quantify the contribution of spatial features to
prediction performance.

A key research direction is the systematic investigation of the optimal class ratio for
model training. This requires a more comprehensive dataset to robustly analyze how
this critical methodological parameter affects model performance, particularly the
balance between landslide and non-landslide instances and its interaction with dynamic
slope conditions. Furthermore, future work will incorporate time-blocked and spatial-

blocked validation strategies to further enhance operational credibility.

¢) Enhancement of numerical and physical grounding:

A critical step forward is the transition from 2D axisymmetric models to high-resolution
3D simulation frameworks that utilize realistic terrain meshes derived from LiDAR or
other topographic surveys. This is essential to capture 3D effects like lateral flow
convergence/divergence.

The numerical backbone, particularly for the APHs tool and synthetic data generation,
must be strengthened by incorporating advanced constitutive soil models. These models
should account for critical behaviors such as anisotropy, cyclic loading effects, and

partial saturation, moving beyond the capabilities of the standard HS model.
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7.5.2. Extensions and Broader Applications

a) Development of a geotechnical digital twin:

The forecasting, VWC prediction, and parameterization tools should be integrated into
a single platform with robust data normalization and ingestion pipelines capable of
processing real-time streaming sensor data. This integrated system would enable
continuous validation against field observations, creating a closed-loop framework
where model predictions are constantly refined against actual slope behavior.

To prevent performance drift over time, continual learning protocols must be
established. This system would periodically update model weights based on new
monitoring data, allowing the models to adapt to changing environmental conditions

and improve their predictive accuracy throughout their operational lifespan.

b) Increased tool versatility and applicability:

The methodological framework should be applied and validated across diverse
geographic and climatic regions to test transferability and adapt to different landslide
triggering mechanisms. This involves: (1) collecting local historical landslide data; (i1)
recalibrating region-specific antecedent windows through sensitivity analysis; (iii)
retraining deep learning models with hyperparameter tuning optimized for local
characteristics; (iv) re-establishing decision thresholds using the dual-threshold method
calibrated to regional risk tolerance; and (v) validating against local case studies.

The framework should undergo structured validation with end-users (e.g., geotechnical
agencies) to assess usability, integration into existing workflows, and decision-support
effectiveness across varying geological conditions. These efforts would build
confidence in the framework's adaptability, reliability, and practical utility for real-

world operational deployment.
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c¢) Climate resilience and proactive hazard management:

The early-warning systems should be stress-tested against future climate scenario data.
This involves using downscaled climate projections to evaluate system performance
under changing rainfall patterns, including increased intensity and prolonged droughts,
ensuring its resilience to future climatic challenges.

To address uncertainty in exact failure timing, future work should focus on developing
probabilistic timing models. This would enhance early warnings by providing
confidence intervals for predicted failure events, moving from a binary alert to a risk-

informed forecast.

7.5.3. Novel Research Directions and Spin-Off Technologies

a) Development of a smart laboratory system for automated soil parametrization:

Rationale: The APHs tool has proven highly effective in rapidly and accurately
identifying soil parameters from pressuremeter tests. This capability forms the
foundation for a transformative leap in geotechnical laboratory practices.

Vision: The current process of calibrating advanced constitutive soil models (e.g., HS,
Small-Strain Hardening) is a time-consuming and often subjective manual task. This
project envisions a "Smart Lab" system that fully automates this process. By integrating
the APHs tool directly with automated triaxial or pressuremeter testing apparatus, the
system would close the loop between data acquisition and model calibration, delivering
a fully characterized and validated soil model in near-real time.

Implementation and Impact: The development would proceed through prototyping with
a specific test apparatus (e.g., a pressuremeter), followed by expansion to triaxial
systems. This technology would dramatically reduce the time and expertise required for
advanced geotechnical analysis, making sophisticated constitutive modeling more

accessible and reproducible.
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b) Development of a Smart Urban Flood Forecasting System:

Rationale: The OWHK model's core achievement is the operational forecasting of a
hydrological response (VWC) to rainfall. This same architectural principle, proven
effective for slopes, can be directly adapted to forecast a different but critically
important hydrological variable in urban settings: flood water levels.

Vision: Urban flood models often rely on complex 2D hydraulic simulations that are
computationally intensive and not ideal for real-time, city-wide early warning. This
project proposes leveraging the OWHK's data-driven, spatiotemporal forecasting
framework to create a high-resolution urban flood nowcasting system.
Implementation and Impact: A pilot study would focus on a frequently flooded urban
catchment. Success would demonstrate a paradigm shift from slow, physics-intensive
flood modeling to rapid, data-driven forecasting, providing city managers with a crucial

tool for enhancing urban resilience to extreme weather events.

7.3. SUMMARY

This chapter recaps the objectives of this research, followed by a summary of the key findings

derived from the study. It then outlines the significant contributions and implications of the

research. Additionally, the chapter acknowledges the limitations of the study. Based on these

discussions, suggestions for potential future research directions are explained.
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APPENDIX A

VOSviewer software was used to identify frequently used keywords through co-occurrence
analysis of "all keywords," with a minimum occurrence threshold of ten. For prediction models
(Figure Al.a), 45 of 1785 keywords met the threshold, forming three clusters: blue
(susceptibility mapping), red (physical models), and green (physically based thresholds). For
monitoring techniques (Figure A1.b), 17 of 1050 keywords formed clusters for rainfall/soil
moisture (blue), sensors/wireless networks (red), and subsurface displacement systems like
optical fiber (green). Node size corresponds to keyword frequency, with "landslides" and
"landslide monitoring" as dominant terms. This mapping elucidates primary research streams,
susceptibility assessment, mechanistic modeling, threshold determination, and multi-scale
monitoring, providing objective clustering that complements narrative reviews presented in

Chapter 2.
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Figure Al. Keyword mapping weighted by occurrence.

A comprehensive evaluation framework is essential not only for selecting reliable
features and optimizing model architecture, but also for rigorously validating model
performance and dependability. This study employs multiple evaluation metrics to address
different aspects of model performance, with particular attention to the challenges posed by
imbalanced datasets. The Receiver Operating Characteristic (ROC) curve and its corresponding
Area Under the Curve (AUC) value serve as primary evaluation measures (Figure A2). The
AUC quantifies the model's ability to distinguish between classes, with values ranging from
0.5 (random performance) to 1.0 (perfect discrimination). Additionally, confusion matrices
(Table AS) enable detailed analysis of classification performance across all categories,
facilitating identification of specific error patterns and model strengths. Given that accuracy
can be misleading for imbalanced datasets, we implemented a comprehensive suite of metrics

from scikit-learn to provide a nuanced performance assessment (Table A2).
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Figure A2. The receiver operating characteristic (ROC).

Table Al. Error matrix.

i Predicted condition
+
The total population P+ N cgative (PN) Sitive (°D)
Actual condition cgative (N) Irue negative (TN) False positive (FP)

Positive (P) False negative (FN) True positive (TP)

FP and FN are the inaccurately recognized landslide or non-landslide occurrences; TP
is the successfully identified landslide event; and TN is the correctly identified non-landslide
event. P represents the total number of landslides, and N represents the total number of non-

landslide events.

Table A2. Evaluation metrics definitions.

Metric Definitions
Precision Measures the reliability of positive landslide predictions
Recall Assesses the model's ability to identify actual landslide cases
F1-score Provides a balanced measure between precision and recall
Balanced Accuracy Compensates for dataset imbalance
Cohen's Kappa Evaluates agreement beyond chance
Matthews Correlation Coefficient Offers robust assessment for binary classification
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Geotechnically, it is seen that vegetation strengthens the cohesion parameter (Equation
AT), while the friction angle is poorly affected. The factors of safety for unsaturated conditions

and saturated conditions can be estimated by Equations A2 and A3, respectively (Salvatici et

al., 2018)
Co =C'+ [T.(4,14) (Equation A1)
2 -1
tan¢ C -1 A+l E X
FS= +——%—+| y,u, tan [1+ b, } 'y, Hsin f | (Equation A2
tan 3 y,Hsinpf 7, an g ( y lu, |) Va B | (Equation A2)

g tan ¢ N C, 4 v, u, tang
tan IB (j/d (H - uw) + j/satuw) SIH ﬂ (}/d (H - uw) + j/satuw) tan ﬁ

(Equation A3)

Where T is the root failure strength, 4,/4 is the root area ratio, fis a coefficient dependent
on the effective soil friction angle and the orientation of roots, ¢ is the friction angle, £ is the
slope angle, y.is the dry soil unit weight, H is the depth, y, is the water unit weight, u,, is the
pressure head, /5 is the bubbling pressure, A is the pore size index distribution, and y,q is the

saturated soil unit weight.

Table A3. Key advantages and disadvantages of DL and physically based models.

Aspect DL Physically based models
. Data-driven; learns spatiotemporal dynamics Process-based; uses physical laws to
Principle L : . . . .
from historical observations. simulate soil-water interactions.
Requirements Reqqlres large, high-quality historical datasets for Rehgs on dt?talled .phys.lcal parameters
training. and site-specific calibration data.
Efficiency Generally, faster once trained; well-suited forreal- Typically, computationally intensive due

time forecasting and handling large data volumes. to detailed simulations.
When sensor data is available, rapid forecasting is When physical consistency is required or
needed, especially under complex conditions. when extrapolating to new conditions.

Suitability
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Table A4. Statistical, shallow ML, and DL models

Naive

Forecasts the next value to be equal to the last observed value.

Simple average

Predicts future values using the mean of all historical observations.

Single exponential

Uses an exponentially weighted average of all past observations, with higher weights on

average more recent data.

Triple exponential Extends exponential smoothing to model data with trend and seasonality using three

average smoothing equations: level, trend, and seasonality.

SARIMA Models time series using Autoregressive (AR), Moving Average (MA), and
Differencing (I) components for both non-seasonal and seasonal patterns.

Rolling moving Forecasts are obtained by averaging the most recent observations within a fixed-size,

average sliding window.

Multivariate Predicts future values of a time series using its own past and the past values of other

regression related variables.

DNN Uses multiple hidden layers to learn complex, hierarchical patterns and non-linear
relationships in historical data.

Bi-LSTM Processes sequential data in both forward and backward directions to capture context

from past and future points in a sequence (Graves & Schmidhuber, 2005).

Table A5. Mechanical, geotechnical, and hydrological soil characteristics at Pa Mei

Material Colluvium
c (kPa) ! 3
¢’ (degree) ! 34.3
¢° (degree)? 15
Dry unit weight (kN/m?) ! 14
Slope (degrees) * 30
a (kPa) 20.3
Fredlund - Xing n 2.356 —— Fredlund-Xing func. colluvium SWCC
Parameters’ ! " o s
m 0.562 Suction (kPa)

'(Wong, 2020); (Ng et al., 1998); 3(Fredlund, 1998); 4(Geotechnical Engineering Office, 2010a)
g g g g
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Figure A3. Shear strength vs. normal stress relationship.

Table A6. HS model parameter range for model training and validation

Parameter Minimum value Maximum value
Over-consolidation ratio 1
(OCR)
KN Calculated by the solver (1-sing)
U, 0.15 0.35
EY (kPa) 10000 50000
Eg (kPa) 2000 0.5 £
E' (kPa) 0.5* g 0.8 *
m 0.15 0.99
o (kPa) 100
¢ (kPa) 0 8
?'(°) 29 36
y (° 0
R, 0.5 1
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Table A7. Numerical features statistics (Historical landslide records)

Feature Class Count Mean Std Min 25% 50% 75% Max
Non-Landslide 3733.0  78.8 1144 0.0 4.0 31.0 107.5 1067.0
CR1W (mm) -
Landslide 1307.0 3372 2367 0.0 1405 3275 514.0 1045.0
Non-Landslide 3733.0 1486 176.8 0.0 24.0 84.5 212.5  1269.5
CR2W (mm) -
Landslide 1307.0 457.8 2756 0.0 249.0 4465 678.8 12555
Non-Landslide 3733.0 206.5 2156 0.0 44.0 141.0 3025 1476.0
CR3W (mm) -
Landslide 1307.0 5515 307.8 0.0 3363 538.0 791.0 1535.0
Non-Landslide 3733.0 2674 2446 0.0 825 2155 367.0 1714.0
CR4W (mm) -
Landslide 1307.0 629.4 3272 0.0 4035 6350 8385 1731.0
Non-Landslide 3733.0 91.4 80.7 0.0 340 68.5 132.0  769.0
MRI (mm) -
Landslide 1307.0 2355 136.6 0.0 127.0 224.0 326.0 769.0
RD (d) Non-Landslide 3733.0 5.3 3.8 0.0 2.0 4.0 8.0 20.0
Landslide 1307.0 8.6 4.1 0.0 6.0 9.0 11.0 19.0
Non-Landslide 3733.0 34.4 7.3 99 296 34.1 38.8 66.3
Slope (deg) -
Landslide 1307.0 34.1 7.0 99 29.7 33.9 38.3 66.3
) Non-Landslide 3733.0 1183 1132 2.6  32.0 85.1 158.5 604.6
Elevation (m) -
Landslide 1307.0 110.6 1051 26 312 80.1 1488  557.7
. Non-Landslide 3733.0 1427.0 11922 240 597.1 1050.5 1893.4 7849.8
Zone distance (m) -
Landslide 1307.0 1566.1 12699 24.0 653.6 1179.6 2134.6 7809.9
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Table A8. Categorical features statistics (Historical landslide records)

Landslide rate

Feature Non-Landslide Landslide Total (%)
Soil 2833 1043 3876 26.91
Material Soil and Rock 824 253 1077 23.49
Rock 76 11 87 12.64
Roads 943 284 1227 23.15
Paths 964 344 1308 26.3
Drainages 191 85 276 30.8
Residential 653 235 888 26.46
Areas
Nearby Construction & 52 20 72 27.78
structures Industrial Areas
Recreational 57 18 75 24
Area
Public Facility 78 21 99 21.21
Open Spaces 552 207 759 27.27
Hillside 243 93 336 27.68
HO1 51 9 60 15
HO02 22 5 27 18.52
HO3 54 18 72 25
HO04 23 10 33 30.3
HO5 22 5 27 18.52
HO06 44 13 57 22.81
HO7 55 14 69 20.29
HOS8 97 32 129 24.81
HO09 42 6 48 12.5
HI10 44 4 48 8.33
H11 9 3 12 25
HI12 8 1 9 11.11
' HI13 17 4 21 19.05
é;giéiiig) H14 14 4 18 2222
H15 53 13 66 19.7
Hl16 129 30 159 18.87
H17 97 29 126 23.02
H18 8 1 9 11.11
H19 28 5 33 15.15
H20 19 5 24 20.83
H21 16 5 21 23.81
H22 16 5 21 23.81
H23 7 2 9 22.22
H24 15 6 21 28.57
H26 32 7 39 17.95
H27 19 5 24 20.83
H28 9 3 12 25
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Table A8. Cont.

Landslide rate

Feature Non-Landslide Landslide Total (%)
H29 13 5 18 27.78
H30 47 10 57 17.54
K01 21 9 30 30
K02 37 11 48 22.92
KO3 4 2 6 33.33
K04 26 4 30 13.33
KO05 32 13 45 28.89
K06 51 24 75 32
K07 102 27 129 20.93
K08 41 13 54 24.07
K09 16 21 23.81
K10 15 18 16.67
NO1 49 20 69 28.99
NO02 106 41 147 27.89
NO03 41 19 60 31.67
NO04 58 26 84 30.95
NO5 52 23 75 30.67
NO06 42 15 57 26.32
NO7 20 7 27 25.93

. NO8 46 14 60 23.33
i;ﬁéiﬁig) N09 33 15 48 3125
N10 43 17 60 28.33
N1l 8 4 12 33.33
N12 21 9 30 30
N13 30 15 45 33.33
N14 9 3 12 25
N15 28 11 39 28.21
N16 41 10 51 19.61
N17 37 17 54 31.48
N18 110 43 153 28.1
N19 130 53 183 28.96
N20 31 8 39 20.51
N21 27 12 39 30.77
N22 28 14 42 33.33
N23 27 12 39 30.77
N24 2 1 3 33.33
N25 63 24 87 27.59
N26 54 18 72 25
N27 79 20 99 20.2
N28 16 5 21 23.81
N29 37 17 54 31.48
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Table A8. Cont.

Landslide rate

Feature Non-Landslide Landslide Total (%)
N30 39 12 51 23.53
N31 50 19 69 27.54
N32 39 18 57 31.58
N33 7 2 9 22.22
N34 38 19 57 33.33
N35 122 52 174 29.89
N36 51 21 72 29.17
N37 20 7 27 25.93
N38 43 17 60 28.33
N39 12 6 18 33.33
N40 42 18 60 30
N41 89 34 123 27.64
Zone (spatial N42 54 21 75 28
dependencies) N43 48 15 63 23.81
N44 20 10 30 33.33
N45 46 20 66 30.3
N46 140 55 195 28.21
N47 11 1 12 8.33
N438 24 9 33 27.27
N49 10 5 15 33.33
N50 40 8 48 16.67
N51 2 1 3 33.33
N52 27 9 36 25
N53 110 52 162 32.1
N54 12 6 18 33.33
N55 14 7 21 33.33
Diverging 562 164 726 22.59
Curvature Planner 572 169 741 22.81
Converging 2599 974 3573 27.26
January 125 10 135 7.41
February 277 11 288 3.82
March 653 67 720 9.31
April 753 149 902 16.52
May 605 395 1000 39.5
Iﬂ(lttelill H;?:lth June 562 199 761 26.15
dependencics) July 276 250 526 4753
August 189 103 292 35.27
September 109 44 153 28.76
October 66 52 118 44.07
November 56 10 66 15.15
December 62 17 79 21.52
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Training (70%) Valid. (15%) Training (70%) Valid. (15%)
2237 377 488 72 2187 427 449 111
249 667 58 138 240 676 53 143
Testing (15%) Testing (15%)
486 75 466 95
65 131 (a) CRIW 56 140 (b) CR2W
Training (70%) Valid. (15%) Training (70%) Valid. (15%)
2086 528 424 136 2118 496 440 120
237 679 46 150 247 669 47 149
Testing (15%) Testing (15%)
467 94 448 113
49 147 (c) CR3W 51 145 (d) CR4W
Training (70%) Valid. (15%) Training (70%) Valid. (15%)
2079 535 429 131 1710 904 366 194
273 643 53 143 294 622 62 134
Testing (15%) Testing (15%)
435 126 354 207
46 150 (e) MRI 58 138 () RD

Figure A6. Detailed performance of LR models through confusion matrix analysis.
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Table A9. LSTM model hyperparameters and results for earth pressure predictions at Tung Chung.

Metrics Input Parameters LSTM architecture
Model Target Features Wind Batc Loss function Optl‘l-mze Normalization R“e?gi:pzsﬁf Hidde Hidde o Output Sazﬁl;ng
MSE | RMSE | MAE R2 | SDR | PRC indow h n n Hidden activation utput activatio
s1ze . neuron neurons
size s layers n
Rainfall + WIDRIC + B N ) N - N .
LST™M EPIA (Earth WTDR2C 0.95 0.97 0.52 0.01 0.97 0.04 20 16 Mean squared error Adam MinMaxScaler (alpha = 0.4) 128 3 LeakyReLU (0.4) 1 linear 72%:27%
- Pressure) ) . . - ¢ e
Naive - 1.41 1.19 0.4 049 1.19 0.25 - - - - - - - - - - - -
Rainfall + WIDRIC + B ) _ ) .
LSTM EPIB (Earth WTDR2C 1.33 1.15 0.75 0.15 1.12 0.00 20 16 Mean squared error Adam MinMaxScaler (alpha = 0.9) 128 3 LeakyReLU (0.4) 1 linear 72%:27%
. Pressure) . N
Naive - 1.60 1.27 0.51 0.09 1.27 0.34 - - - - - - - - - - - -
Rainfall 5.70 239 1.68 0.64 235 0.81 20 32 (alpha = 0.5) 256 3 LeakyReLU (0.8) 1 linear 72%:27%
LSTM Rainfall + WIDRIC + ) ~ ) .
EP2A (Earth WTDR2C 4.84 2.20 1.38 0.69 2.17 0.84 20 4 Mean squared error Adam MinMaxScaler (alpha =0.2) 64 3 LeakyReLU (0.6) 1 linear 72%:27%
Pressure) Ra‘“f“&;gg]gmc * 464 | 215 135 | 070 | 212 | oss 50 4 (alpha=0.2) 64 3 LeakyReLU (0.6) | linear 72%:27%
Naive - 5.95 244 115 062 | 244 0.81 - B B - . B . B . B B B
Table A10. LSTM model hyperparameters and results for earth pressure predictions at Tsing Shan.
Metrics Input Parameters LSTM architecture
Loss Optimi - Regularization - Hidde ) Sampling
Model Target Features . o8 Normalization Hidde ) Output >
MSE RMSE N]IEA R2 SDR PRC Wlfxdow B‘z‘nlch function zer Dropout n n H!ddgn neuron O‘ulp\vn ratio
size si1ze neuron activation activation
s layers s
WTDR3A + WIDR3B + WTDR3C (no rainfall was 7.46 2.73 1.60 0.63 2,67 0.81 50 16 (alpha = 0.3) 256 3 LeakyReL 1 linear 70%:30%
LSTM used as it contains some missing data) U (0.9)
EPIP WTDR3B + WIDR3C (no rainfall was used as it 577 240 133 | 071 | 240 | o087 50 16 Mean Adam | MinMaxScaler (alpha = 0.3) 256 3 LeakyReL. 1 linear 70%:30%
(earth contains some missing data) squared error U (0.9)
pressure) WTDR3A + WTDR3B + WTDR3C + EP2P (no 445 | 211 094 | 078 | 211 | o089 50 16 (alpha=03) 256 3 LeakyReL 1 linear 70%:30%
rainfall was used as it contains some missing data) U 0.9
Naive - 3.98 1.99 062 | 0.80 199 | 0.90 - - - - - - - - - - - -
WTDR3A + WTDR3B + WTDR3C (no rainfall was N cakyRe
LST™M Epop used as it contains some missing data) 427 | 207 166 | 089 | 199 | 0.9 50 16 <quz:\:l:$‘c"rmr Adam | MinMaxScaler (alpha=0.3) 256 3 L{j";g';;L 1 linear 70%:30%
(carth WA+ WIDRIE 1 WIDRSC L EPIP (no 207 | 1 | 126 | 093 | 172 | 096
pressure) rainfall was used as it contains some missing data)
Naive - 1.07 1.03 049 | 097 103 | 099 - - - - - - - - - - - -
Table Al11. LSTM model hyperparameters and results for suction (TC1) at Tung Chung.
Metrics Input Parameters LSTM architecture
Loss - - Regularization - )
Target Features A Optimizer Normalization Outout Output Sampling
Model ; ate function Dropout idde dde dder pul utpu
MSE RMsE | MA R2 SDR PRC Windo Batch P Hidden Hidden Hidden neuron | activatio
E W s1ze s1ze neurons layers activation s n
Rainfall + WTDRIA Mean . 32&128&12 LeakyReL :
LSTM 130.47 11.42 8.42 0.87 11.38 0.93 20 16 Adam MinMaxScaler (alpha=0.4) 3 1 linear 72%:27%
TCLA (Suction) + WIDR2A squared error 8 U(02)
Naive - 205.19 14.32 399 | 080 14.32 0.90 - - - - - - - - - - -
Rainfall + WTDRIA Mean ) LeakyReL )
LSTM 31.49 5.61 3.63 0.90 5.58 0.95 20 16 Adam MinMaxScaler (alpha=0.4) 128 3 1 linear 72%:27%
TCIB (Suction) + WIDR2A squared error U©.1)
Naive - 37.14 6.09 185 | 0.8 6.09 0.94 - - - - - - - - - - -
LSTM Rainfall * WIDRIA | 1454 381 225 | 087 381 0.94 20 16 _ Mean Adam MinMaxScaler (alpha=0.6) 64 3 LeakyReL ! linear 72%:27%
TCIC (Suction) + A squared error U (0.5)
Naive - 15.25 391 17 | 087 3.90 0.93 - - - - - - - - - - -
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Table A12. LSTM model hyperparameters and results for suction (TC1) at Tung Chung — Extended dataset.

Metrics Input Parameters — P LSTM architecture
P - Normalizati Regularization -
Target Features - Loss function Optimizer - - -
Model MA PR Window Batch on Dropout Hidden Hidden Hidden Output Output
MSE RMSE R2 SDR ! 2 idde utpu
E C S1ze S1ze neurons layers. activation neurons activation
Rainfall + WTDRIA + Mean MinMaxSca _ LeakyReLU 0/ 770,
LSTM TCIA WIDR2A 58.20 7.63 503 | 095 | 753 | 098 20 16 squared arror Adam o (alpha = 0.4) 256 3 08 1 linear 72%:27%
. 7
Naive (Suction) - 105.29 10.26 292 | 091 1%‘ 0.96 - - - - - - - - - - - -
Rainfall + WTDRIA + Mean MinMaxSca _ LeakyReLU 0/ 770,
LSTM WIDR2A 29.13 5.40 332 | 094 | 512 | 098 20 16 squared arror Adam o (alpha = 0.8) 256 3 05 1 linear 72%:27%
Naive Icis - 47.05 6.86 199 | 090 | 68 | 095 - - . B B B . B B . B B
(Suction)
Fredlund- 11126 256 B 239
Xing - 3 33.36 2 134 3 0.53
Rainfall - WIDRIA + Mean MinMaxSca N LeakyReLU A I
LSTM TCic WIDR2A 28.41 533 288 | 088 | 493 | 094 20 16 cumredermor Adam e (alpha =0.7) 256 3 o8 1 linear 72%:27%
Naive (Suction) - 13.26 3.64 134 | 094 | 364 | 097 - - - - - - - - - -
Table A13. LSTM model hyperparameters and results for suction (JFTI and JFT2) at Tung Chung.
Metrics Input Parameters LSTM architecture
Model Target Features MA Wi Batch Loss function Opu:mze Normalization Re_g]l;lf;z?ulion Hidde H H Sampling
MSE RMSE R2 SDR PRC mdow atcl n idden gddc‘n Output Ovu\p\‘n
E size size neuron layers activation neurons activation
S
LSTM R“‘"f“\',l',;g"kgikm * 28.63 535 373 0.77 5.8 0.88 20 16 ) M’“:‘“ Adam MinMaxScaler (alpha =0.1) 32 LE““%';“L 1 linear 72%:27%
JFT1A (Suction) squared error 0.9)
Naive - 32.88 573 139 | 074 | 573 | 087 - - - - - - - - - - -
LSTM R“‘“f"’\li&l:‘igim‘* * 18.92 435 325 | 087 | 435 | 0% 20 16 Mean Adam MinMaxScaler | (alpha=0.3) » Lij'kg‘;& | lincar 72%:27%
JFT2A (Suction) squared error 09)
Naive - 24.11 491 168 | 083 | 491 [ o091 - - - . B . . B .
Rainfall + WIDRIB + 96.66 9.83 612 | 010 | 962 | o042 20 16 _ Mean Adam MinMaxScaler | (alpha = 0.9) 256 LeakyReL 1 lincar 72%:27%
LSTM™ WTDR2B squared error U@©.5)
T e DRIB Y @ | 7090 842 | 468 | 083 | 835 | 092 50 16 oean Adam | MinMaxScaler | (alpha=0.5) 256 LeakyRol 1 linear 72%:27%
JFTI1B (Suction) - Lorrecte o 5 squared error (0.6)
Fredlund-Xing - 62833 | 2507 5 455 n 0.65
Naive - 45.05 6.71 266 | 058 | 671 | o080 - - - - - - - - - - -
Rainfall + WTDRIB + 12.9 Mean . LeakyReL ;
5 _ 00270
LT WTDR2B 168.59 12.98 8.74 0.37 N 0.62 20 64 squared efror Adam MinMaxScaler (alpha = 0.5) 32 U (0.6) 1 linear 72%:27%
Rainfall + WTDRIB + Mean . N LeakyReL ; s
y WTDR2B + TCIC - Corrected 15.52 3.94 241 0.95 3.66 0.98 50 16 squared efror Adam MinMaxScaler (alpha = 0.5) 256 U (0.6) 1 linear 72%:27%
JFT2B (Suction) 53 =
Fredlund-Xing - 345.01 18.57 7 0.28 o 0.76
Naive - 9.49 3.08 118 | 096 | 3.06 | 098 - - - - B . . . B . }
Rainfall + WIDRIC + 11973 | 1094 | 670 | 052 | 973 | o082 20 16 _ Mean Adam MinMaxScaler | (alpha =0.3) 256 LeakyReL 1 lincar 72%:27%
LST™ WTDR2C squared error U@©3)
Rainfall = WIDRICHTCIC- | 3345 578 | 381 | 087 | 556 | 094 50 16 oean Adam | MinMaxScaler | (alpha=0.5) 256 LeakyRol 1 linear 72%:27%
JFTIC (Suction) orects — squared error (0.6)
Fredlund-Xing 15454 | 1243 771 | 038 ; 0.84
Naive - 23.74 487 199 | 091 | 486 | 095 - - - - - - - - - - -
Rainfall + WIDRIC + 144 Mean ) N LeakyReL ) s
LT WTDR2C 211.19 14.53 9.52 0.31 7 0.57 20 16 squared error Adam MinMaxScaler (alpha = 0.5) 256 U (0.5) 1 linear 72%:27%
Rainfall + WIDRIC + Mean ) N LeakyReL ) s
. WTDR2B -+ TCIC - Corrected 10.11 3.18 2.35 0.98 3.15 0.99 50 16 squared error Adam MinMaxScaler (alpha =0.9) 256 U (0.5) 1 linear 72%:27%
JFT2C (Suction) = 3 squar
Fredlund-Xing 773.56 27.81 s 154 4 0.63
Naive - 41.79 6.46 194 | 086 | 646 | 093 - - - - B . . . B . B
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Table A14. LSTM model hyperparameters and results for suction (JFT1) at Tsing Shan.

Metrics Input Parameters LSTM architecture
Model Target Features ind Batc fu Eglg;m Opu:nuc NOmﬁ:lLallO R::%L:;ﬁ:“ dd d dd o o Sampling
MSE | RMSE | MAE R2 sprR | pre | Window h Hidden Hidden Hidden utput utput
size size neurons layers activation neurons activation
Rainfall + WTDRI1A + .
LSTM WTDR2A + WTDR3A - 1.74 132 102 | o0ss | 120 | 096 2 16 Mean Adam MinMaxSeal | o1 ha = 0.5) 256 3 LeakyRel. 1 linear 72%:27%
squared error er U (0.6)
JFTIA Corrected
Fredund- (Suction) WTDRIA 10.68 327 300 | 020 | 135 | 095
| Xing |
Naive ] 4.88 221 068 | o068 | 221 | os4 ] ] ] ] ; ] ; ] ; l l ]
Rainfall * WIDRIB + -
LSTM WTDR2B + WTDR3B - 17.83 422 3.00 089 | 422 0.96 20 16 Mean Adam MinMaxSeal | (. 1ha = 0.5) 256 3 LeakyReL 1 linear 72%:27%
squared error er U (0.6)
JFTIB Corrected
Ff;di‘r:‘;d' (Suction) WTDRIB 4078 | 639 356 | 075 | 576 | 095
Naive } 26 | 476 225 | 086 | 476 | 093 ] ] ] ] - ] - ] - } }
Rainfall + WTDRIC + .
LST™M WTDR2C + WTDR3C - 5.66 238 168 | 041 | 237 | o6 50 16 Mean Adam MinMaxSeal | o1 ha = 0.3) 256 3 LeakyRel. 1 linear 72%:27%
S squared error er U (0.3)
Corrected
—— JFTIC -
reciund- (Suction) WTDRIC 140.42 11.85 9.07 137 | 783 | o046
Xing Py
Naive l 2.88 1.70 080 | o070 | 170 | oss l l l l ! ] ! ] ! l l ]
Table A15. LSTM model hyperparameters and results for VWC (WTDR2C) at Tung Chung.
Metrics Input Parameters LSTM architecture
Model Target Features MA Wi ) Loss function Opu:mze Normalization Re_g]l;lf;z?ulion Hidde H H Output Sampling
MSE | RMSE R2 | SDR PRC indow | patch size n idden idden Output activatio
E size neuron layers activation neurons n
S
Rainfall + WTDRIC “;6 3.26 143 | o080 | 313 0.95 50 16 M“"”Lf;g‘r‘md Adam MinMaxScaler | (alpha=0.1) 256 3 Lt}";(y)';L 1 linear 72%:27%
Rainfall + WTDRIC + JFT2B 071 s 138 | 089 | 320 | 094 50 16 M“"”Lf;g‘r‘md Adam MinMaxScaler | (alpha=0.1) 256 3 Lt}";(y)';L 1 linear 72%:27%
LSTM o L 00)
Rainfall + JFT2B + TCIC B 304 | 085 | 369 0.93 50 16 M““‘Lfr:g‘r‘d“d Adam MinMaxScaler | (alpha = 0.9) 2 3 Lt}";(y)';;L 1 linear 72%:27%
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Rainfall B8 1 623 | 416 | 059 | 620 | o078 50 16 Mean squared Adam MinMaxScaler | (alpha=0.1) 256 3 LeakyReL 1 linear 72%:27%
7 error U (0.6)
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Table A16. Synthesis of key findings and conclusions.

a) Mechanisms, Predicting Approaches, and Monitoring Systems for Shallow Landslides

On failure
mechanisms:

e Shallow landslides are primarily triggered by rainfall, where both intensity—duration and

antecedent moisture conditions govern initiation.
Displacement typically exhibits superposed trend and periodic components driven by
hydrologic forcing, seasonality, and hydro-fluctuation effects.

On prediction
approaches:

Empirical rainfall thresholds (I-D) remain practical when physical inputs are scarce but
suffer from high false-positive rates.

API thresholds better emulate initial moisture conditions, improving accuracy when
derived via regression or probabilistic analysis.

Physically based causative thresholds directly link rainfall to internal state variables,
though they require site-specific geotechnical inputs.

Deterministic physical models deliver higher fidelity by explicitly representing
initial/boundary conditions, infiltration, runoff, evaporation, and soil properties, but require
detailed and costly site characterization.

On monitoring
systems:

Surface techniques provide millimeter-level positioning and broad spatial coverage but face
challenges with real-time acquisition and environmental interference—suitable for
susceptibility mapping but not for real-time alerts.

Subsurface methods offer higher diagnostic value: extensometers, inclinometers, optical-
fiber solutions (FBG/BOTDA), TDR, AE, tilt sensors, and accelerometers each provide
complementary capabilities for detecting internal deformation.

Hydrologic and thermal monitoring (soil moisture, suction, temperature) strengthens
causative understanding and early-warning capability.

MEMS/IoT nodes integrated into WSNs reduce wiring and cost but must address power,
communication, and data integrity through optimized deployment strategies.

On time series
modeling:

Data frequency and temporal ordering critically shape predictions: monthly series require
decomposition into trend and seasonal components, while daily series demand tailored
preprocessing.

DL models (e.g., LSTM) outperform shallow ML (i.e., ANN, SVM, RF) by capturing
nonlinear temporal dependencies.

Evaluation should move beyond RMSE/MAE to include weighted metrics and
interval/multi-step forecasts that reflect the criticality of extreme events.

b) Landslide Prediction Model

On model
performance:

DL models (LSTM, GRU, 1D CNN) achieved AUC values exceeding 90%, significantly
outperforming traditional LR and prior studies.

The superior performance is attributed to: (i) time-dependent dataset design capturing
rainfall-triggering randomness, (ii) rigorous data preparation correcting spatiotemporal
imbalances, (iii) comprehensive coarse-to-fine hyperparameter tuning, and (iv) novel dual-
threshold decision scheme.

On feature
importance:

Rainfall-related predictors accounted for approximately 36% of total feature importance,
with short-term lags, two-day antecedent rainfall, and rainfall pattern features being key
contributors.

Inclusion of spatiotemporal descriptors increased model precision by 7%, demonstrating
the necessity of moving beyond rainfall-only inputs.

On operational
efficiency:

The 1D CNN emerged as the most efficient architecture, achieving comparable precision
(~78%) to LSTM and GRU but with substantially lower computational cost, tuning time,
and predictive uncertainty.

The CNN also produced a hydrological response more consistent with physical models,
capturing post-event drainage hysteresis.

On decision
framework:

The dual-threshold method proved superior to the conventional 0.5 cut-off, providing more
nuanced risk assessment, reducing false decisions, and delivering a narrower, more
actionable warning zone.

On
transferability:

Although calibrated for Hong Kong's colluvium, the underlying framework is designed for
transferability to other regions, contingent upon integration of local data and appropriate
model retuning.
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¢) VWC Prediction Operational Model (OWHK)

On model
innovation:

The OWHK tool integrates independence-oriented time series windowing with a multi-
parallel LSTM network architecture and deterministic seepage modeling.

Boundary conditions (initial VWC) act as proxies for unmonitored environmental factors,
while comprehensive rainfall descriptors drive dynamic hydrological response.

On predictive
performance:

The model delivers mean absolute error < 0.6% and R? > 0.92 across multiple sites, with
quantified uncertainty via Monte Carlo dropout.

Specialized LSTM networks mapped to specific segments of the soil-water retention
curve proved effective in reducing bias from missing variables.

On limitations:

Accuracy diminishes during rapid transitional soil states (dry-to-saturated) due to limited
training samples, highlighting the need for expanded datasets capturing these events.

d) Hypertuning Strategy for Enhanced Model Performance

On tuning and
feature
selection:

Meticulous tuning and high-quality data are more critical than algorithmic complexity
alone, corroborating the "No Free Lunch" theorem.

Optimal antecedent periods of 10 and 20 days were identified for shallow and deeper soil
layers, respectively.

Allocating 50%—70% of data for training is a key determinant of superior model
performance.

On model
transferability:

The tuned framework achieved high predictive accuracy (MAE 0.35%-1.25%) and
reliability (PICP 0.86—0.95) across multiple landslide sites (Pa Mei, Tung Chung).
Propagation of predicted VWC into FOS calculations yielded robust metrics (R = 0.89,
PICP = 0.85) for stability assessment.

On monitoring

The study demonstrates that data from a network of sensors can forecast the status of any

innovation: individual sensor, mitigating challenges related to power consumption and data integrity
¢) Distributed Multi-Sensor (Subsurface) Prediction Model
On the The LSTM-based framework successfully captures the critical spatiotemporal
Modeling relationship between rainfall and the slope's antecedent hydrological state by integrating
approach: historical sequences from spatially distributed sensors.
On predictive Matric suction prediction: Significantly outperformed naive model (RMSE of 5.40 kPa)
accuracy: VWC prediction: Dramatic improvement using multivariate data (RMSE of 3.26%) over
rainfall-alone inputs (RMSE of 6.23%)
On physical The model accurately replicates transient wetting front dynamics, temporal lags at
consistency: different depths, and distinct seasonal responses, confirmed through successful
generalization across independent case studies.
f) Automated Parameterization Tool (APHs)
On Model accuracy of 99.4% in estimating critical strength and stiffness parameters solely
perfor{nance; from triaxial test data.
For CDG-recompacted soil, the tool accurately retrieved parameters even when they fell
outside literature-proposed ratios, demonstrating robust generalization.
On Advanced data generation using Latin Hypercube Sampling (LHS) and SIGMA/W
methodological simulations created a robust parameter space tailored to Hong Kong's geological
innovations: conditions.

Multi-model architecture enabled assignment of distinct weights to each parameter,
mimicking physical processes in parameter derivation.

Framing stress-strain relationships as a time series problem leveraged the sequential
nature of triaxial test results for precise estimation.

On practical
impact:

The tool represents a paradigm shift toward smart laboratory systems, automating
traditionally manual parameterization processes.
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g) Automated Slope Stability Analysis Model (Hybrid DL—Physics Model)

On framework
innovation:

e The hybrid approach trains DL models to learn saturation dynamics from real rainfall

sequences and embeds these outputs within an infinite slope stability equation.
This captures time-dependent failure mechanisms while maintaining computational
tractability across Hong Kong's extensive natural terrain.

On predictive
performance:

Balanced accuracy ~ 0.82, precision between 69—74%, and AUC values ranging from 0.87
to 0.91 across all dataset splits.

Strong physical agreement with deterministic seepage-stability analyses (MAE in FOS
0.06—0.07 for the 2005 Fei Ngo Shan case).

On validation:

Successfully tested on the 2023 Yiu Hing Road landslide, demonstrating consistent
alignment with professionally assessed stability conditions.

The system integrates 28-day antecedent rainfall sequences from 96 gauges to output real-
time, SSI-informed FOS trajectories.

h) Factors Controlling Rainfall-Induced Landslides: A Parametric Study

On rainfall
pattern effects:

e Relying solely on cumulative rainfall can be fundamentally misleading, as it ignores the

decisive role of temporal rainfall patterns.

e For identical cumulative rainfall totals, delayed versus advanced patterns produce

significantly different hydrological responses and failure timings:
The delayed pattern allows adequate time for water seepage
Advanced pattern intensifies pore-pressure buildup, delaying time to failure

On Slope e Recovery time is not fixed but controlled primarily by soil hydraulic conductivity—higher
recovery conductivity leads to faster drainage and shorter recovery.
(healing) e Recovery is significantly modulated by initial soil suction conditions, rainfall duration, and
dynamics: intensity:
Smaller initial suction, longer duration, and heavier rainfall — prolonged recovery time
On the e For Hong Kong's colluvium, a variable window of at least 15 days, extending beyond 32.5
antecedent days, must be considered to accurately account for the slope's antecedent state.
period
definition:
i) Geometry Effects on Rainfall-Induced Landslides: A Parametric Study
On o Subsurface flow geometry, specifically the inflow-to-outflow area ratio (R/r), exerts a first-
topographic order control on regional vulnerability to rainfall-induced landslides.
control:
On failure e Convergent hillslopes (high R/r): Focus infiltrating water into confined zones — rapid
regimes: pore-pressure accumulation — antecedent-dominated regime where residual moisture

accelerates failure onset even under modest rainfall.

e Divergent hillslopes (low R/r): Distribute inflow across larger areas — attenuated

groundwater development — intensity-dominated regime where failure potential scales
directly with rainfall rate

On practical
application:

¢ Incorporating quantitative geometric descriptors (R/r) into regional models significantly

improves predictive skill, enabling prioritization of monitoring and mitigation in the most
climate-sensitive terrain.

j) Numerical Slope Stability Modeling (Focused Site-Specific Analysis)

On temporal
prediction:

e While the FOS remains largely invariant for a given cumulative rainfall total, the temporal

resolution and pattern of rainfall data exert a primary control on the timing of predicted
slope response.

e High-frequency rainfall inputs are essential for accurate temporal forecasting without

materially altering ultimate stability assessment.

On vulnerable
zone
identification:

e The BH3 vicinity at Fei Ngo Shan was identified as the critical monitoring location due to:

(i) the thinnest colluvium layer, (ii) position at slope toe where lateral inflow and direct
infiltration converge, and (iii) characteristic groundwater lag response.

On the failure
mechanism:

o Shallow landslides in this context are toe-initiated: large deformations first develop at the

toe — loss of support — retrogressive mobilization of the upslope shallow layer, while soil
along the rupture surface exhibits only minor sliding.
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