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Abstract

Typhoon disaster chains—cascading sequences of hazards triggered by tropical cyclones—
pose significant risks to highly urbanized coastal regions. However, quantitative modelling
of their stochastic evolution, including both propagation probabilities and temporal dynam-
ics, remains limited. This study develops a typhoon disaster chain evolution model by inte-
grating the FBIREC (Factor-Bearing body- Incident-Response-Environment-Consequence)
scenario representation framework with a Graphical Evaluation and Review Technique
(GERT) stochastic network. The model is applied to the Guangdong-Hong Kong-Macao
Greater Bay Area using Typhoon Mangkhut (2018) as a case study. Ten cascading event
sequences are identified, and their transmission probabilities and expected durations are
calculated. The model reproduces the observed event probabilities for Typhoon Mangkhut
with high fidelity, with a mean absolute error of 4.31% and a coefficient of determination
R? = 0.816. Power facility damage was identified as one of the most influential infrastruc-
ture nodes, exhibiting high propagation potential to multiple downstream service systems.
The disaster chain unfolds across two temporal scales: short-term risks (0—48 h) and long-
term risks (>48 h), providing quantifiable targets for phased emergency response planning.
The proposed framework provides a methodological reference that can be adapted to other
typhoon-prone regions following case-specific re-parameterization.

Keywords: typhoon disaster chain; GERT network; cascading hazards; Greater Bay Area;
emergency management; probabilistic modelling; stochastic network

1. Introduction

In recent decades, climate change has contributed to an increase in both the frequency
and intensity of extreme weather events, resulting in substantial social and economic
impacts worldwide. According to the Global Disaster Data Platform of China’s Ministry of
Emergency Management [1], natural disasters caused approximately USD 1.636 trillion in
direct economic losses globally between 2014 and 2023, affecting more than 225 countries
and regions. Among these events, storms accounted for nearly USD 961.39 billion, or
about 58.76% of total meteorological disaster losses. Within this category, tropical cyclones—
commonly referred to as typhoons in the western North Pacific—are widely regarded as one
of the most destructive hazards affecting coastal areas. Their impacts extend beyond strong
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winds to include a range of interacting hazards such as heavy rainfall, storm surges, urban
flooding, landslides, and infrastructure failures. These processes are often interconnected
and can evolve into so-called disaster chains, where an initial hazard triggers a sequence
of secondary and tertiary events that amplify overall impacts. For instance, Typhoon
Haikui (2023) affected southern China by triggering extreme rainfall and widespread
urban flooding across the Guangdong-Hong Kong-Macao Greater Bay Area (GBA), which
subsequently led to transportation disruptions, infrastructure damage, and prolonged
service interruptions [2,3].

The Greater Bay Area is one of the most economically active and highly urbanized
coastal regions in Asia. Situated along the northern coast of the South China Sea, it spans
more than 1500 km of coastline and contains a major cluster of global ports and densely
populated urban centers. However, its location within the primary track of western North
Pacific typhoons makes it particularly exposed to typhoon-related hazards. When typhoons
make landfall, strong winds, storm surges, and intense rainfall interact with highly intercon-
nected urban systems, often resulting in cascading failures across infrastructure networks.
Understanding these cascading dynamics is therefore essential for improving disaster risk
management and enhancing regional resilience.

Despite growing attention to typhoon-induced disaster chains, quantitative mod-
elling of their stochastic evolution remains limited, especially in rapidly urbanizing coastal
megaregions such as the Greater Bay Area. To address this gap, this study develops a
typhoon disaster chain evolution model based on the Graphical Evaluation and Review
Technique (GERT) network framework and applies it to the Greater Bay Area. This study
makes three contributions to the literature on typhoon disaster chain modelling. First, it
proposes a hybrid FBIREC-GERT framework that systematically maps typhoon disaster
scenarios into a stochastic network capable of representing both probabilistic branching
and temporal dynamics—a combination not previously applied to typhoon disaster chains.
Second, the model provides quantitative estimates of transmission probabilities and ex-
pected durations for representative propagation pathways, enabling the identification of
time-critical intervention windows that static network models cannot offer. Third, through
a case-study calibration using Typhoon Mangkhut (2018)—one of the most severe typhoons
to affect the region in recent years—the study illustrates the applicability of the proposed
framework in reproducing observed cascade patterns and identifying influential infrastruc-
ture nodes within typhoon disaster chains. The results provide quantitative insights into
disaster propagation probabilities and temporal characteristics that can support emergency
response planning and resilience enhancement in coastal megaregions.

Accordingly, this study addresses the following research questions:

e RQ1: How can the FBIREC framework and GERT stochastic network modelling be
integrated to represent the probabilistic propagation of typhoon disaster chains in the
Guangdong-Hong Kong-Macao Greater Bay Area?

e  RQ2: What are the dominant hazard pathways, critical infrastructure dependencies,
and temporal characteristics associated with typhoon disaster-chain evolution under
super-typhoon conditions?

e  RQ3: How can the FBIREC-GERT framework support disaster-risk reduction, emergency-
management planning, and sustainable urban resilience in coastal megaregions?

The remainder of the paper is organized as follows. Section 2 reviews relevant lit-
erature on disaster chain modelling and applications of GERT. Section 3 presents the
methodology, including the FBIREC framework and the GERT network model, and also
describes the research design, data sources, and parameter settings. Section 4 presents the
simulation results based on Typhoon Mangkhut (2018). Section 5 discusses interruption
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risks, implications for emergency management, and study limitations. Section 6 concludes
the paper.

2. Literature Review
2.1. Comparative Review of Disaster Chain Modelling Methods

Disaster chain theory provides an important framework for understanding how an
initial natural hazard can trigger a sequence of secondary and tertiary disasters, thereby
amplifying overall impacts [4]. Similar concepts have been discussed in the international
literature under the frameworks of multi-hazard interactions and cascading disasters. Multi-
hazard environments are characterized by complex interactions among different hazard
processes, creating compound and cascading impacts that are difficult to assess using single-
hazard approaches [5]. Recent studies on compound weather and climate events further
emphasize that multiple hazard drivers may occur simultaneously or sequentially, leading
to amplified impacts beyond those associated with individual hazards alone [6]. Cascading
disasters further emphasize the propagation of disruptions across interconnected physical
and social systems, where an initial hazard may trigger a sequence of secondary and
tertiary consequences [7]. These perspectives provide important theoretical foundations
for understanding the evolution of typhoon disaster chains.

In the context of typhoon-prone coastal regions, disaster chains typically involve
cascading processes such as wind damage, storm surges, extreme precipitation, urban
waterlogging, and geological hazards, which may further disrupt critical infrastructure
systems including electricity, transportation, and water supply networks [8-10]. Such
processes can also be interpreted from a compound-event perspective, in which multiple
hazard drivers interact either simultaneously or sequentially to generate impacts that
exceed those associated with individual hazards considered separately [11]. Previous
studies have characterized typhoon disaster chains as exhibiting multifactorial, dynamic,
and uncertain properties, meaning that a single typhoon event can simultaneously induce
multiple hazard factors, all elements of the disaster chain system are in flux, and the timing,
location, and intensity of disaster propagation remain difficult to predict accurately.

Several quantitative approaches have been developed to model disaster chain evolu-
tion. These can be broadly categorized into four types: Bayesian network models, complex
network analysis, knowledge graph methods, and stochastic network models (including
GERT). Each offers distinct capabilities and limitations for disaster chain analysis.

e  Bayesian network models have been widely used for probabilistic inference in disaster
evolution. A Bayesian-network-based reasoning model was developed for rainstorm-
geological and rainstorm—flood disaster chains [12]. A Bayesian-based interruption
model for the rainstorm-landslide—flash flood disaster chain in the Greater Bay Area
was constructed to identify critical thresholds under different rainfall scenarios [13].
Bayesian inference has also been integrated with GERT networks to enable real-time
updates of disaster evolution parameters [14]. Recent studies have further extended
Dynamic Bayesian Networks (DBNs) for infrastructure resilience assessment and
multi-hazard risk analysis. For example, Caetano et al. [15] developed a DBN-based
framework for resilience assessment of critical infrastructures through evidence prop-
agation, while Bakhtiari et al. [16] applied DBNs to characterize multi-hazard risks
and resilience in interconnected infrastructure systems. The principal advantage of
Bayesian networks lies in their capacity for dynamic parameter updating through
observed evidence. However, they typically do not incorporate explicit temporal
dynamics—that is, they model the probability of event occurrence but not the expected
duration or variance of transitions between events. Complex network analysis has
been applied to identify critical nodes and topological vulnerabilities within disaster
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chains. Previous studies on interdependent infrastructure systems have highlighted
the importance of network connectivity and cascading failures in determining systemic
resilience [17]. Risk analysis of Shenzhen’s typhoon disaster chains using complex
disaster networks identified power infrastructure as a key vulnerability node [18].
Complex network modelling has also been applied to typhoon disaster chains in
critical infrastructure systems [19]. In addition, an earthquake disaster chain model
for urban engineering systems was developed based on complex network theory [20].
While effective for structural analysis and node criticality identification, complex net-
work approaches are typically static and do not represent the probabilistic propagation
of cascading events overtime.

e Knowledge graph methods offer semantic representation of disaster chain relation-
ships. Knowledge graphs have also been applied to urban flood disaster chain de-
duction and spatio-temporal characteristics analysis [21]. Recent studies have further
incorporated knowledge-graph reasoning techniques into emergency-management
systems. For example, Chen et al. [22] developed a knowledge-graph and large-
language-model framework to support emergency decision-making by improving
hazard knowledge extraction, reasoning, and information retrieval. These methods
excel at capturing qualitative relationships between disaster events but have limited
capacity for quantitative probability estimation or temporal modelling.

e  Stochastic network models, particularly the Graphical Evaluation and Review Tech-
nique (GERT), have attracted considerable interest due to their ability to represent
stochastic processes, probabilistic branching, and feedback loops in complex sys-
tems [23]. Unlike Bayesian networks, GERT explicitly represents sequential dependen-
cies and parallel pathways, and its moment-generating function (MGF) framework
enables the calculation of expected durations and variances—not just probabilities.
Table 1 summarizes the comparative capabilities of these four approaches.

Although recent DBN-based approaches have improved dynamic uncertainty mod-
elling, they generally focus on probabilistic state transitions and infrastructure resilience
assessment. In contrast, GERT networks simultaneously represent probabilistic branching
structures and temporal characteristics, enabling the direct estimation of both pathway
occurrence probabilities and expected propagation durations.

Table 1. Comparative capabilities of disaster chain modelling methods.

Method Probabilistic Temporal Parallel Feedback Dynamic
Inference Modelling Pathways Loops Updating
Bayesian Network X vV Limited vV
Complex Network Partial X Vv X X
Knowledge Graph X X Vv X X
GERT (this study) Vv Vv vV vV X *

* The proposed GERT framework does not inherently support dynamic parameter updating. Dynamic updating
can be achieved through integration with Bayesian inference or other data-assimilation techniques.

2.2. GERT Applications in Disaster Research

The theoretical foundation of GERT networks was established in early work on stochas-
tic network analysis. Feedback mechanisms and path convergence in GERT networks were
analyzed to support subsequent model development [24]. Computational efficiency for
large-scale network analysis was further improved through matrix representations of GERT
networks [25].

Subsequent studies expanded the application of GERT networks to disaster evolution
modeling across several domains. In earthquake disaster analysis, Dynamic scenario up-
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dating mechanisms have been introduced to enable GERT networks to adapt to evolving
disaster conditions during seismic events [26]. Stochastic network modelling has also been
applied to simulate the evolution of oil storage fire accidents, demonstrating the potential
of scenario-based simulation approaches for analyzing complex disaster processes [27]. In
emergency response optimization, FAHP-based approaches have been used to identify crit-
ical risk factors in emergency supply chains [28]. GERT-based models incorporating fuzzy
comprehensive evaluation and dynamic optimization approaches have also been devel-
oped for emergency rescue route selection and disaster resource allocation analysis [29,30].
In addition, infrastructure network optimization models have provided important support
for disaster chain interruption strategies from the perspective of emergency resource al-
location [31]. Dynamic Bayesian Networks (DBN) have also been integrated with GERT
models to achieve multi-objective optimization of risk, time, and cost, highlighting the po-
tential for coordinated optimization of dynamic risk quantification and emergency resource
scheduling in disaster response systems [32].

Recent studies on compound hazards have increasingly emphasized the importance of
considering interactions among multiple hazard drivers and interconnected infrastructure
systems when assessing disaster evolution processes. For example, Ming et al. [33] pro-
posed a quantitative multi-hazard risk assessment framework for compound flooding that
explicitly incorporates hazard interdependencies and interactions. These studies demon-
strate that cascading consequences may emerge from the combined effects of multiple
hazards rather than from individual hazards considered in isolation. However, existing
GERT-based applications have predominantly focused on earthquake-triggered, landslide,
or industrial disaster chains. The complex cascading processes triggered by typhoons—
which simultaneously involve multiple interacting hazard types (wind, storm surge, and
rainfall) propagating through highly interconnected urban infrastructure systems—have
received comparatively less attention within the GERT framework.

2.3. Research Gaps and Positioning

Despite the advances reviewed above, three specific gaps remain in the literature. First,
systematic probabilistic network models for typhoon disaster chains have not yet been
fully established. Existing GERT-based disaster chain studies mainly focus on earthquakes,
landslides, or flash flood events, while the complex cascading processes triggered by
typhoons—involving simultaneous wind, surge, and rainfall hazards—have received
relatively less attention. Second, the temporal dimension of disaster chain propagation is
underrepresented. Although probability estimation has been addressed through various
methods, the expected duration and variance of transitions between disaster events—
critical information for emergency response planning—are rarely quantified. Third, the
integration of structured scenario representation frameworks with stochastic network
simulation remains largely unexplored in the context of typhoon disaster chains, despite
previous studies highlighting the need for such combined approaches [32].

This study addresses these three gaps by developing a hybrid FBIREC-GERT frame-
work that (1) provides the first systematic GERT-based probabilistic network model for
typhoon disaster chains, (2) quantifies both transmission probabilities and expected dura-
tions with variances for each pathway, and (3) integrates structured scenario mapping with
stochastic network simulation.

3. Materials and Methods

The overall research workflow adopted in this study is illustrated in Figure 1.
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Figure 1. Research Framework of the FBIREC-GERT-Based Typhoon Disaster Chain Assessment.

3.1. The FBIREC Framework for Disaster Chain Representation

To systematically represent typhoon disaster chains and their constituent components,
this study adopts the FBIREC framework [34], which consists of six key elements: initial
hazard factor (F), disaster-bearing body (B), incident (I), emergency response (R), environ-
ment (E), and consequences (C). The framework provides a structured way to capture the
contextual characteristics and interaction mechanisms within each branch of a typhoon
disaster chain.

The initial hazard factor (F) refers to potentially destructive natural or human-induced
triggers, with their impact depending largely on the exposure and vulnerability of af-
fected systems. The disaster-bearing body (B) represents the entities exposed to hazards,
whose physical and functional characteristics influence the propagation of disaster effects.
Incidents (I) describe the states or events that emerge when disaster-bearing bodies are
impacted by hazard factors. For instance, typhoon winds (F) over open seas are typically
regarded as meteorological phenomena; however, when they make landfall and interact
with coastal urban systems (B), they may trigger a series of hazardous events such as storm
surges and structural failures (I), thereby initiating cascading disaster processes.

Emergency response (R) refers to intervention measures aimed at both disaster-bearing
bodies and incidents, with the purpose of reducing risk and interrupting the progression of
disaster chains. The environment (E) encompasses the broader geographical, meteorologi-
cal, and socio-economic context in which disasters occur, while consequences (C) represent
the resulting losses in terms of infrastructure damage, economic impacts, and casualties.

For example, a typhoon may induce storm surges that damage seawalls, leading to
coastal inundation and urban flooding. In response, emergency agencies may implement
seawall reinforcement and evacuation measures, while the final consequences include
economic losses and service disruptions.

Based on existing literature [19,21] and empirical analysis, typhoon-related hazards can
be broadly categorized into three primary types: storm surges, heavy rainfall, and strong
winds. These primary hazards further trigger secondary hazards such as floods, building
collapses, flash floods, and landslides, which together form a cascading typhoon disaster
chain characterized by a sequential process of occurrence, development, and evolution.

Some secondary disasters may be jointly triggered by multiple primary hazards
and further develop into cascading chains of subsequent impacts. Taking flooding as an
example, storm surges and heavy rainfall can simultaneously affect coastal flood protection
infrastructure, such as seawalls and sluice gates, leading to seawater intrusion into low-
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lying coastal areas. In addition, short-duration intense precipitation increases pressure on
urban drainage systems, further exacerbating surface water accumulation.

Once the drainage capacity is exceeded, urban flooding in roads and residential areas
becomes more likely, which in turn increases structural stress and the risk of building dam-
age or collapse. Floodwaters may also transport surface contaminants into groundwater
systems, thereby threatening drinking water safety and potentially affecting agricultural
productivity and soil conditions.

Based on the theoretical foundation of the FBIREC framework and the disaster chain
relationships and emergency response processes described above, this study constructs
typhoon disaster scenario evolution pathways. The initial hazard factor is defined as a
typhoon event, and the overall evolution process is illustrated in Figure 2. The disaster-
forming environment, including spatial and socio-economic conditions, is treated as con-
textual background and is therefore not explicitly included in the flowchart.

Typhoon

A 4

Mudslide
Heavy rain » Soil erosion » Tree falls
Dam .
collapse Landslide
Storm surge .| Seawater Water .| Biological pests
g backflow pollution and diseases
Ship House
capsizing collapse
Transportation
Flood facilities damaged
Strong wind Giant wave _Gas supply
interruption
Power Water supply
facilities interruption
damaged
Communication
interruption

Figure 2. Typhoon occurrence-development—evolution chain.

Some secondary disasters may be jointly triggered by multiple primary hazards
and further develop into cascading chains of subsequent impacts. Taking flooding as an
example, storm surges and heavy rainfall can simultaneously affect coastal flood protection
infrastructure, such as seawalls and sluice gates, leading to seawater intrusion into low-
lying coastal areas. In addition, short-duration intense precipitation increases pressure on
urban drainage systems, further exacerbating surface water accumulation.

Once the drainage capacity is exceeded, urban flooding in roads and residential areas
becomes more likely, which in turn increases structural stress and the risk of building
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damage or collapse. In addition, floodwater can transport surface contaminants into
groundwater systems. Such water quality contamination not only threatens drinking
water safety but may also have longer-term implications for agricultural productivity and
soil conditions.

Based on the theoretical foundation of the FBIREC framework and the disaster chain
relationships and emergency response processes described above, this study constructs
typhoon disaster scenario evolution pathways. The initial hazard factor is defined as a
typhoon event, and the overall evolution process is illustrated in Figure 3. The disaster-
forming environment, including spatial and socio-economic conditions, is treated as con-
textual background and is therefore not explicitly included in the flowchart.

Bearing
(B)

Response Environment

(R) (E)

Bearing
(B)

A 4

Casualties
(&)

Figure 3. FBIREC Model: Single Scenario Relationships.

By combining the typhoon occurrence-development-evolution chain shown in
Figure 2 with the FBIREC single-scenario framework shown in Figure 3, the complete
typhoon disaster scenario evolution process was constructed, as illustrated in Figure 4.

https://doi.org/10.3390/su18146970


https://doi.org/10.3390/su18146970

Sustainability 2026, 18, 6970 9 of 28

Impact Impact Engineering Personnel
livelihood livelihood damage casualties
Resident Comfort <Comfort Resident

residents residents Infrastructure (roads,
Water/
gas cut

Strengthen
monitoring

protection nets)

Water//gas
energy,
heat cut

energy, form
repair team

Strengthen
monitoring &

landslide, Land, houses

Reinforce Reinforce . .
Water/ 4 4 Reinforce tree fall warning
gas cut, mfrastrulc'(ure, mfraslrulcture, infrastructure,
heat cut regular regular regular check
check check

facilities

m m Water

Power Strong Storm . conservancy

facilities wind surge Rainstorm facilities (dikes, Food
channels, etc.)

Large g o Reinforce & Sea wall Seawater Traff "
wave anchor ship collapsed intrusion raflic roads
Control & block

Reinforce & Suild warning Coastal pollution sources, Inland
anchor ship Sys| e_r:k,szone construction use water purification
i equipment

Rainfall
Debris flow,
Power warning, set up landslide
outage protection prone areas

Ship

inundation,

Conduct
emergency
investigation &
treatment

Transportation
Soil tools
(cars, aircraft)

Transfer trapped
people, divert
traffic, pump water,

Locate lost
ship, timely
rescue

Ecological
restoration,

Issue typhoon

Freshwater €
Property Engineering ecosystem - trafflc control
loss damage damage, impact Traffic blocked notices, plan

emergency
routes

livelihood

O Disaster factor C> Emergency response activity Disaster carrier @ Consequence

Figure 4. Typhoon disaster scenario evolution process.

3.2. GERT Network Model

GERT integrates network theory, probability analysis, simulation modeling, and signal
flow graphs to form a system analysis method with stochastic characteristics. Compared to
traditional network techniques, GERT’s core value lies in its ability to effectively handle
probabilistic associations and stochastic logical relationships between nodes, providing a
mathematical foundation for dynamic behavior modeling of complex systems.

The three elements of a GERT network are logical nodes, directed branches, and
flows [35]. Nodes are jointly composed of input and output ends. The input end has three
logical relationships (exclusive-or, inclusive-or, and-and), while the output end has two
logical relationships (deterministic and probabilistic). This configuration yields six node
types, as summarized in Table 2.

Table 2. GERT logical node characteristics and symbols.

Node Type Node Meaning

Any branch leading to the node being realized results in node realization, but

Exclusive-or . . . .
only one branch is realized at a given time.

nput end Inclusive-or Any branch leading to the node being realized results in node realization.
And Node realization occurs only when all branches leading to the node are realized.
Deterministic Activities emanating from the node are always realized (probability of
Output end realization = 1 for all branches).
Probabilistic Only one activity emanating from the node is realized upon node realization.
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GERT networks are essentially models of semi-Markov processes. In this process, the
transition probability from state i to state j (or itself) is determined by a Markov chain, while
the transition time is a random variable associated with states i and j. In GERT networks,
transition probabilities correspond to the realization probabilities of activities (i, j), and
transition times correspond to the durations of activities (i, j). The basic building block of
the GERT network is shown in Figure 5.

[ Wi

Figure 5. Basic unit structure of the GERT network.

Based on the typhoon disaster chain constructed in Section 3.1 and following logical
transformation rules, the typhoon disaster scenario evolution process (Figure 4) is mapped
into a GERT network model. The key scenarios in the evolution process are identified in
Table 3.

Table 3. Key scenarios in the typhoon evolution process.

Scenario and Description Scenario and Description
Typhoon generation Sy Short-duration heavy rainfall S
Storm surge formation S, Strong winds S3
Debris flows Sy Landslides Sg
Tree falls Sg Dam breaches Sy
Seawater intrusion Sg Floods Sg
Giant waves Sy Power facility damage Si;
Infrastructure damage Sy Water quality pollution S;3
Building damage Sy4 Transportation disruption S;5
Gas supply interruption Sy Water supply interruption Sy7
Communication interruption S;g Increased biological pests/diseases Sq9
Ship capsizing Sy Reconstruction Sy;
Emergency repair Sy, Ecological restoration Sy3

In the GERT network, each scenario state is represented by corresponding “or-type”
nodes. The network beginning has probabilities all equal to 1, using “deterministic”
output nodes. Through appropriate logical transformations, both “inclusive-or” and
“and-type” nodes can be converted to “exclusive-or” nodes. Through appropriate logical
transformations, inclusive-or and and-type structures can be represented using equivalent
exclusive-or computational forms. Accordingly, exclusive-or nodes were adopted for
analytical tractability in the transfer-function calculation. It should be noted, however,
that the branch probabilities used in this study represent conditional hazard-transition
probabilities derived from historical observations rather than mutually exclusive routing
probabilities. Therefore, multiple downstream consequences may be associated with the
same upstream hazard event.

It should be noted that this simplification may affect model fidelity for nodes that
inherently require multiple simultaneous inputs (and-type logic). For instance, in reality,
certain infrastructure failures may require the co-occurrence of both flooding and power
outage rather than either alone. However, the exclusive-or simplification is standard
practice in GERT modelling and enables tractable analytical solutions. The implications of
this modelling simplification are further discussed in the Limitations section (Section 5.4).

The resulting GERT network diagram for typhoon disaster chain evolution is presented
in Figure 6. This network comprises two basic structural types: series structure and parallel
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structure. Series structures represent sequential causal relationships (e.g., typhoon — heavy
rainfall — tree falls), while parallel structures represent concurrent multiple pathways
leading to the same outcome (e.g., both debris flows and landslides affecting infrastructure).

Figure 6. GERT network diagram for typhoon disaster chain evolution.

The complete GERT network shown in Figure 6 represents the full typhoon disaster-
chain structure derived from the FBIREC framework. However, not all pathways were
incorporated into the quantitative simulation. In particular, the environmental-impact path-
way involving Sq3 (water quality pollution), its downstream consequence S;g (increased
biological pests and diseases), and the reconstruction stage Sy; were excluded from the
quantitative GERT calculation because sufficient duration parameters and downstream
transition information were not available for reliable parameterization. To ensure consis-
tency between the simulation network and the available data, a reduced quantitative GERT
simulation network was constructed, as shown in Figure 7.

Figure 7. Quantitative GERT Simulation Network used in this study.

https://doi.org/10.3390/su18146970


https://doi.org/10.3390/su18146970

Sustainability 2026, 18, 6970

12 of 28

3.3. Model Logic and Transmission Mechanisms

The GERT network for typhoon disaster chains operates through directed branches

that represent evolutionary relationships between disaster events. Two basic types of net-

work structures govern the propagation of hazards: series structure and parallel structure.

Understanding these structures is essential for calculating the overall transfer function of

the disaster chain.

Series structure. In a series structure, hazards propagate sequentially from one node to
the next. This structure captures causal chains where one event must occur before the
next can happen. For example, in the typhoon disaster chain, the sequence “typhoon
— heavy rainfall — flood — building damage” follows a series structure because each
event is a prerequisite for the subsequent one. In this case, the overall transfer function
from the start node i to the end node j through intermediate nodes a, b, ..., d is the
product of the individual transfer functions:

WE(s) =Wia(s) * Wap(s) * ... * Wyi(s) (1)

Parallel structure. In a parallel structure, multiple independent pathways can lead to
the same outcome. This structure captures situations where different hazard processes
can trigger the same disaster event. For example, infrastructure damage (S12) may
result from multiple independent hazard pathways, such as debris flows (S4) or
landslides (Ss). In a parallel structure, the overall transfer function from the start node
i to the end node j is the sum of the individual transfer functions:

WE(s) = Wii(s)+ Win(s) + ... +Win(s) )

The overall probability of the outcome cannot be obtained by directly summing the

probabilities of individual pathways, as parallel pathways may partially overlap. Therefore,

the calculation must account for the logical relationship at the merging node, particularly

the exclusive-or condition between alternative branches.

Combination of series and parallel structures. The Quantitative GERT Simulation Net-
work used in this study (Figure 7) consists of multiple series and parallel substructures
arranged hierarchically. For series structures, the transfer functions of consecutive
branches are multiplied sequentially. For parallel structures, the transfer functions of
alternative branches are combined according to the exclusive-or relationship at the
corresponding node. This recursive decomposition allows the systematic calculation
of both transmission probabilities and expected durations throughout the disaster
chain. In addition, the moment-generating function (MGF) associated with each
branch describes the probability distribution of activity completion times, enabling
the estimation of both expected values and variances. These measures are important
for characterizing uncertainty in disaster propagation processes.

Example application. Consider the pathway corresponding to Event 1: typhoon —
heavy rainfall — (debris flow OR landslide) — infrastructure damage — ecological
restoration. This pathway contains both series and parallel structures. The parallel
substructure consisting of debris flow and landslide branches is first combined using
the parallel reduction rule. The equivalent transfer function obtained from this step
is then multiplied by the transfer functions of the remaining series branches, includ-
ing typhoon — heavy rainfall and infrastructure damage — ecological restoration.
Through this stepwise reduction process, the overall transfer function incorporates all
feasible propagation pathways within the network.

By systematically applying these combination rules, the GERT network model quan-

tifies both the occurrence probability and expected timing of disaster chain propagation
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pathways, thereby providing a basis for identifying critical nodes and evaluating emergency
response strategies.

3.4. Research Design and Data Sources

The GERT network model developed in Section 3.2 requires empirical parameteriza-
tion to simulate typhoon disaster chain evolution. This section describes the data sources,
parameter estimation methods, and the overall research design employed in this study.

The empirical data used in this study were obtained from multiple authoritative
sources. Historical typhoon disaster records and conditional probability information
were collected from the Ministry of Emergency Management of China, the Guangdong
Meteorological Bureau, and the Shenzhen Meteorological Bureau, covering the period from
2014 to 2023. Additional information on event-level impacts and damage assessments
was extracted from post-disaster reports and statistical yearbooks at both provincial and
municipal levels in Guangdong Province. For the case study of Typhoon Mangkhut
(2018), supplementary data were obtained from official government reports, meteorological
bulletins, and verified media archives, including the 2018 Shenzhen Climate Bulletin. All
datasets used in this study are publicly accessible through official institutional sources or
available upon reasonable request.

3.5. Conditional Probability Estimation

For a given node S; being realized, the conditional probability of a subsequent event S;

is defined as:
P(Si N S])

P = P(Sj|S;) = P(S,)

)

In this study, (pjj) represents the conditional occurrence probability of event (Sj) given
the realization of event (S;). Therefore, multiple downstream events may be triggered
by the same upstream event, and the probabilities associated with outgoing branches
from a node are not required to sum to one. The branch probabilities should thus be
interpreted as conditional hazard-transition probabilities rather than mutually exclusive
routing probabilities.

Based on existing studies compiling historical typhoon loss data and probabilistic esti-
mates for Guangdong Province [34,35], the conditional probabilities for all event transitions
were calculated and are summarized in Table 4.

Table 4. Conditional probabilities of activities in the typhoon emergency process.

Conditional Probability Code Probability (%) Conditional Probability Code Probability (%)
Po1 85.4 P9,14 40.0
Po2 67.0 P9,15 65.0
Po,3 67.1 P10,20 5.0
P14 19.6 P311 48.6
P15 19.6 P3,10 70.7
P16 20.5 P11,15 65.2
P4,12 46.0 P11,16 20.0
Ps,12 32.0 p11,17 66.0
P27 10.6 P11,18 66.0
P2s 33.5 P15,22 85.0
P19 35.6 P16,22 98.0
P29 37.8 P17,22 95.0
P2,10 12.8 p1822 98.0
Ps,13 15.0 P12,23 90.0
P9, 13 30.0 Pe,23 90.0
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Table 4 presents the historical conditional probabilities for the complete typhoon
disaster-chain framework. Not all conditional probabilities reported in Table 4 were subse-
quently incorporated into the quantitative GERT simulation. In particular, environmental-
impact processes associated with S;3 and its downstream consequence Sy, as well as the
reconstruction stage Sy, were retained in the conceptual framework but excluded from the
quantitative simulation because reliable duration parameters and complete downstream
transition information were unavailable. Therefore, these pathways do not appear in the
activity parameter tables used for simulation (Tables 5 and 6).

3.6. Activity Parameters for Super Typhoon Scenarios

In the GERT network simulation, each directed branch is characterized by two core pa-
rameters: occurrence probability Pj; and time parameter t;;. The time parameter represents
the expected duration of transition from S; to S;.

It should be noted that the probability values assigned to activities in the super
typhoon scenario (Table 5) differ from the historical conditional probabilities in Table 4.
Table 4 reports average conditional probabilities derived from all typhoon events affecting
Guangdong Province during 2014-2023, whereas Table 5 presents adjusted parameters
specifically calibrated for super typhoon conditions (sustained winds category 14). The
adjustment is based on empirical evidence from the literature [5,36,37] indicating that
super typhoons exhibit systematically higher hazard transition probabilities due to their
greater energy input and wider impact area. For example, the probability of typhoon-to-
heavy-rainfall transition increases from 85.4% (historical average, Table 3) to 90.0% (super
typhoon scenario, Table 5) based on observed data from category 14+ events. The parameter
adjustment was intended to reflect the increased hazard intensity associated with super
typhoon conditions and should therefore be interpreted as scenario-specific calibration
rather than direct empirical estimation. These calibrated values were used to represent a
plausible super-typhoon scenario based on historical observations and published literature,
rather than to establish universally applicable transition probabilities.

Based on the moment-generating function (MGF) framework and empirical evidence
from the literature, as well as datasets from the Ministry of Emergency Management of
China, the parameters for each activity were estimated. Short-term parameters for super
typhoon scenarios are presented in Table 5 while long-term ecological recovery parameters
are provided in Table 6.

Additionally, the environmental-impact pathway (S13-S19) and the reconstruction
stage (Sp1), previously introduced in Figure 6, were not included in the quantitative param-
eterization presented in Tables 5 and 6 because corresponding duration parameters and
complete downstream transition information were unavailable.

Table 5. Short-term activity parameters for super typhoon disasters.

Activity Node Pair Probability Distribution Parameter/h MGF M;;(s)
Aq Sp — S 0.90 Constant t=0.2 exp(0.2s)
A, S1 — Sy 0.20 Constant t=02 exp(0.2s)
Az S1 — S5 0.20 Constant t=0.2 exp(0.2s)
Ay Sy — S1o 0.50 Exponential t=0.5 exp( 0.%5 <)
As Ss — Sqp 0.40 Exponential t=05 exp( 0.%5 <)
Ag S1 — Se 0.28 Normal t=10=02 exp(1s + 0.02s?)
Ay S1 — Sy 0.40 Constant t=05 exp(0.5s)
Ag Sg — Si4 0.42 Normal t=10=02 exp(s + 0.02s2)
Ag Sg — Si5 0.66 Constant t=02 exp(0.2s)
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Table 5. Cont.

Activity Node Pair Probability Distribution Parameter/h MGF M;;(s)
Ajp Sp =+ S 0.70 Constant t=0.1 exp(0.1s)
A1y S, —+ Sy 0.15 Constant t=0.1 exp(0.1s)
App S, — Sg 0.35 Exponential t=0.3 exp(532)
Az S, — S 0.35 Constant t=0.5 exp(0.5s)
Ay S, — Syg 0.15 Constant t=0.05 exp(0.05s)
Ais Sy — S3 0.70 Constant t=02 exp(0.2s)
A S3 — Sqo 0.72 Constant t=0.05 exp(0.05s)
Aqy S10 — Sy 0.06 Constant t=0.02 exp(0.02s)
Aqg S3 — S1p 0.50 Constant t=0.2 exp(0.2s)
Aqg S11 — S5 0.66 Constant t=0.5 exp(0.5s)
Ay S11 — Si1s 0.30 Constant t=04 exp(0.4s)
Ar S11 — S17 0.66 Constant t=05 exp(0.5s)
Ay S11 — S 0.67 Constant t=0.2 exp(0.2s)
Ao Si5 — Spo 0.80 Normal t=120=3 exp(12s +4.5s?)
Aoy S16 — S 0.92 Normal t=100=3 exp(10s +4.5s )
Ars Si17 — Sx» 0.91 Normal t=100=3 exp(lOs +4.5s )
Ayg Sig — So» 0.90 Normal t=120=3 exp(lZs +4.5s )

Duration parameters and distribution types were determined from published studies, official emergency-
management reports, and engineering judgment according to the characteristics of different disaster processes
under limited empirical data availability.

Table 6. Long-term activity parameters for super typhoon disasters.

Activity Node Pair Probability Distribution Parameter/h MGF M;;(s)
Aoy S12 — So3 0.90 Normal t=250=10 exp(25s + 50s?)
Aog Se — So3 0.90 Normal t=50=5 exp(5s + 12.5s?)

Duration parameters and distribution types were determined from published studies, official emergency-
management reports, and engineering judgment according to the characteristics of different disaster processes
under limited empirical data availability.

The selection of probability distributions for activity durations was guided by the
operational characteristics of different disaster processes and common practices in GERT-
based stochastic network modelling. Three distribution types were adopted in this study:
constant, exponential, and normal distributions.

Constant distributions were assigned to rapid triggering processes and direct hazard
transitions (e.g., typhoon occurrence, heavy-rainfall generation, storm-surge formation,
and immedjiate infrastructure impacts). These activities typically occur within a relatively
short time window and exhibit limited temporal variability compared with the overall
disaster-chain evolution. Therefore, they were approximated as deterministic transitions
for modelling simplicity.

Exponential distributions were assigned to hazard-development processes charac-
terized by stochastic waiting times, including debris-flow generation, landslide-induced
infrastructure impacts, and seawater intrusion. Such processes are influenced by multiple
environmental conditions and may occur randomly after threshold exceedance, making
the exponential distribution suitable for representing their temporal uncertainty.

Normal distributions were assigned to recovery-related activities and processes with
relatively stable average durations, including emergency repair, utility restoration, eco-
logical restoration, and tree-fall clearance. These activities are typically influenced by
multiple independent factors, such as resource availability, workforce deployment, weather
conditions, and logistical constraints. According to the central limit theorem, the com-
bined effects of multiple independent factors can often be reasonably approximated using
normal distributions.
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The mean duration parameters were estimated from official disaster reports, emergency-
management documents, and published studies concerning typhoon impacts in Guang-
dong Province. Standard-deviation parameters were introduced to represent operational
uncertainty associated with disaster response and recovery activities. Specifically, c =3 h
was assigned to emergency-repair processes (A23-A26), reflecting moderate variability
in resource deployment, repair efficiency, and weather conditions during post-disaster
operations. Larger uncertainty was assumed for long-term ecological restoration activities
(A27), for which o = 10 h was adopted because recovery durations are influenced by mul-
tiple environmental and management factors and generally exhibit substantially greater
variability than short-term emergency repairs. These values should therefore be interpreted
as representative scenario parameters rather than precise empirical measurements. Future
studies may improve parameter accuracy through detailed empirical observations and
larger post-disaster datasets.

For the stochastic network G = (N, A), where node set N contains only “exclusive-or”
type nodes, the probability parameter p;; and moment-generating function were combined
into a single parameter represented by the transfer function Wj(s):

Wij(s) = pyMij(s) 4)

where pjj represents the occurrence probability of node (Si, Sj) and Mj;(s) represents the
moment-generating function of that node. For transfer functions in parallel structures,
Mason’s formula can be applied for solution:

_ LibiAi NP 14+ Ym(—1)™(m-order loop that does not touch path )]

A 1+ Y m(—1)™(m-order loop) ©)

WE(s)
For transfer functions in series structures, the transfer function can be expressed as:
WE(s) = Wia(s) * Wgp(s) * ... * Wg;(s) (6)

From these, the transfer probability PE, expected time E(t), and variance V(t) can be
obtained by setting s = 0:

Pe = WE (S) = WE (0) (7)

E(t) :dMTES(S)|s —0 ®)
2

B(2) =4 Me(s) lfz(S) s =0 9)

These equations form the computational basis for quantifying the probabilistic propa-
gation of typhoon disaster chains, enabling the calculation of transmission probabilities,
expected durations, and their variances for each pathway in the network.

4. Results
4.1. Case Study Background: Typhoon Mangkhut (2018)

Typhoon Mangkhut, the 22nd named storm of the 2018 Northwest Pacific typhoon
season, formed on 7 September and intensified gradually as it moved westward. On 15
September, it made landfall over Luzon Island in the Philippines as a super typhoon. It
subsequently affected the coastal areas of Taishan, Guangdong Province on 16 September
as a severe typhoon (category 14, central pressure 955 hPa), and was widely regarded
as one of the most intense tropical cyclones to impact China in 2018. With a maximum
sustained wind speed of approximately 65 m s~! and a large-scale circulation system
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exceeding 1000 km in diameter, Mangkhut generated widespread cascading impacts across
the Guangdong-Hong Kong-Macao Greater Bay Area.

Following landfall, significant storm surge events were observed in the Pearl River
Estuary region. In Humen Town, Dongguan, seawall overtopping and breaching led to
seawater intrusion and inundation over an area of approximately 3.8 km?. In Shenzhen,
493 power line failures were recorded, while waterlogging depths exceeded 1.2 m in parts of
Bao’an and Pingshan districts. At Yantian Port, container damage rates exceeded 12% [38].
Transport infrastructure was also severely affected; operations at Guangzhou South Railway
Station were suspended, and regional passenger flows decreased by approximately 70%.

Strong winds resulted in extensive urban treefall (approximately 17,000 cases in Shen-
zhen), contributing to traffic disruptions, with 97 road sections reported as impassable.
Power outages affected approximately 150,000 households, which in turn constrained
medical service capacity, with 12 hospitals experiencing temporary power loss and emer-
gency response delays of up to 8.2 h. In Dongguan, industrial production was significantly
disrupted, with an estimated 83% of manufacturing activities temporarily suspended,
particularly within the electronics supply chain, resulting in direct economic losses of ap-
proximately CNY 120 million. In addition, more than 30,000 communication base stations
were temporarily offline, and disruptions to public services were associated with a marked
increase in emergency service demand.

Overall, the typhoon caused approximately 5800 building damage incidents and
320 km of road damage across the Greater Bay Area, with total direct economic losses
estimated at CNY 4.06 billion. These impacts illustrate a typical cascading disaster chain,
progressing from extreme wind hazards to flooding, infrastructure disruption, and subse-
quent socio-economic system disturbances.

4.2. GERT Network Simulation for Typhoon Mangkhut

Based on the quantitative GERT simulation network shown in Figure 7 and the cal-
ibrated activity parameters presented in Tables 5 and 6, the disaster-chain evolution of
Typhoon Mangkhut (2018) was simulated.

Given that Typhoon Mangkhut made landfall with maximum sustained winds of
category 14, exhibiting destructive power exceeding that of ordinary typhoons and falling
within the super typhoon category, the activity parameters presented in Tables 5 and 6 are
applicable. Based on Figure 7 and the data between nodes in Tables 5 and 6 for relevant
routes in the typhoon disaster chain evolution GERT network (Figure 6), the complete
activity links were identified, and probabilities for each complete event were calculated, as
summarized in Table 7.

Table 7. Typhoon event sequences and corresponding links.

Event No. Complete Link

Event 1 Typhoon — Heavy rainfall — Debris flow/Landslide — Infrastructure damage — Ecological restoration
Event 2 Typhoon — Heavy rainfall — Tree fall damage — Ecological restoration
Event3  Typhoon — Heavy rainfall/Storm surge — Flood — Building damage
Typhoon — Heavy rainfall — Flood — Transportation disruption — Traffic interruption./Typhoon —
Event4  Storm surge — Flood — Transportation disruption — Traffic interruption./Typhoon — Strong wind —
Power facility damage — Transportation disruption — Traffic interruption
Event 5 Typhoon — Storm surge — Dam breach
Event 6 Typhoon — Storm surge — Seawater intrusion
Event7  Typhoon — Storm surge/Strong wind — Giant wave — Ship capsizing
Event8  Typhoon — Strong wind — Power facility damage — Gas supply interruption — Emergency repair
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Table 7. Cont.

Event No. Complete Link

Event 9 Typhoon — Strong wind — Power facility damage — Water supply interruption — Emergency repair
Event10  Typhoon — Strong wind — Power facility damage — Communication interruption — Emergency repair

Using the GERT network calculation formulas described in Section 3.6, all evolution
route values were converted into specific data. Two representative paths were selected for
detailed analysis.

Path 1: Sy — S;1 — S9 — S14So — S2 — S9 — S14 (event 3). For flood-related
events, both heavy-rainfall-induced flooding (Sg —+ S; —+S9) and storm-surge-induced
flooding (Sg — S, —Sg) may contribute to the occurrence of the same downstream flood
node. Because direct observations of their joint occurrence probability were unavailable,
the two pathways were as 18umed to be statistically independent. The two upstream
flood-generating pathways were therefore combined using the parallel transfer-function
addition rule in the GERT framework. The transfer function is:

W(s) = [W(S) * Wy (S) % + Wio(S) % Wi3(S)|Ws(S) = 0.1512e75+0025" | 10091 65+0.025* (10)
Setting s = 0 gives:

P = Wg(0) = 0.2541 (11)

E(t) :dMTES(S)b =0=1.66 (hours) (12)

V(t) = E(?) — E(t)*= 0.0424 (13)

Path 2: Sy — S3 — S11 — S18 — S22, which represent event 10, and the transfer
function is:

W(s) = Wia(S) * Wi7(S) * Wi (S) * Was(S) = 0.2111e1265+455 (14)

Setting s = 0 gives:

Pe = Wg(s) = Wg(0) = 02111 (15)
E(t) :dMTz(s)b =0 =12.6 (hours) (16)
V(t) = E(?) —E(t)’=9 (17)

To avoid repetitive derivations, detailed calculations are illustrated for two representa-
tive pathways (Path 1 and Path 2), while the probability, expected duration, and variance
results for all ten representative disaster-chain pathways are summarized in Table 8.

Table 8. Summary of probability and temporal characteristics for representative disaster-chain pathways.

Event Representative Pathway Calculated (%)  E(t) (h) V()
1 So — S1 — Sy — S12 — S23/Sg — S1 — S5 — S12 — Sp3 14.58 25.90 100.25
2 SO — Sl — S6 — 523 22.68 6.20 25.04
3 Sp —S1 —+ Sg — 514/Sg — Sy — S9 — S14 2541 1.66 0.0424
4 So — S1 — S9 — S5 — S22/Sg — S» — S9 — S15 — S /Sg — S3 — S11 — Si5 — S 50.42 12.87 9.0019
5 So =S, =Sy 10.50 0.20 0
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Table 8. Cont.

Event Representative Pathway Calculated (%)  E(t) (h) V()
6 So — Sy — Sg 24.50 0.40 0.09
7 So — Sy — S10 — S20/So — S3 — S10 — Sap 3.65 0.25 0.0014
8 S() — S3 — 511 — 816 — 522 9.66 10.80 9.00
9 SQ — 53 — 811 — 517 — SZZ 21.02 10.90 9.00
10 So — S3 — S11 — S18 — S»2 21.11 12.60 9.00

E(t) and V(t) represent the expected duration and temporal variance of each disaster-chain pathway conditional
on pathway occurrence. Constant-duration activities contribute zero variance; therefore, pathways dominated by
constant transitions may show small V(t) values.

4.3. Model Calibration Fidelity Assessment

To assess the calibration fidelity of the GERT model for the Typhoon Mangkhut
case, observed probabilities for each event sequence were derived from post-disaster
reports and statistical yearbooks. For area-based hazards (e.g., flooding, building damage),
probabilities were calculated as the ratio of affected area to the total assessment area. For
count-based hazards (e.g., tree falls), probabilities were calculated as the proportion of
damaged units relative to the total inventory. For example, based on the 2018 Shenzhen
Climate Bulletin [38], approximately 17,000 trees fell during Typhoon Mangkhut, yielding
an observed probability of 23.4% for Event 2 (typhoon — heavy rainfall — tree fall damage).
These observed probabilities were used for consistency assessment of the calibrated model
rather than for independent predictive validation. The objective was to evaluate whether
the proposed framework could reasonably reproduce the observed disaster-chain evolution
process associated with Typhoon Mangkhut. Event-specific probabilities derived using this
approach are presented in Table 9.

Table 9. Calculated values of each event and the true values.

Event Calculated (%) Observed (%)
1 14.58 14.34
2 22.68 23.40
3 25.41 17.20
4 50.42 40.00 *
5 10.50 8.50
6 24.50 21.00 *
7 3.65 1.90
8 9.66 15.00
9 21.02 25.00
10 21.11 28.00 *

* Estimates based on incomplete information.

The comparison indicates a reasonable level of consistency between simulated and
observed probabilities for the Typhoon Mangkhut case (Figure 8). The mean absolute
error (MAE) across all events is 4.31%, and the coefficient of determination is R* = 0.816.
These results suggest that the calibrated FBIREC-GERT framework is able to reproduce
the general structure and dominant propagation patterns of the observed disaster-chain
evolution process associated with Typhoon Mangkhut. However, because the model was
calibrated and assessed using the same event dataset, the results should be interpreted as
calibration fidelity rather than independent predictive validation.
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Figure 8. Comparison between calculated and observed event probabilities for the Typhoon
Mangkhut (2018) calibration case.

To examine the influence of data completeness on calibration performance, an addi-
tional assessment was conducted using only events with fully observed probability records
(Events 1, 2,3,5,7,8,and 9). The results are summarized in Table 10.

Table 10. Comparison of All events and Fully observed events only.

Dataset MAE (%) R?
All events 431 0.816
Fully observed events only 3.18 0.716

The exclusion of partially observed events reduced the MAE from 4.31% to 3.18%,
indicating that uncertainty associated with incompletely documented events contributed to
a portion of the calibration error. The R? value decreased from 0.816 to 0.716, which is likely
attributable to the smaller sample size (seven events instead of ten) and the narrower range
of observed probabilities within the fully observed subset. Overall, the results suggest that
the calibrated model remains reasonably consistent with observed event probabilities, while
also highlighting the influence of data completeness on model-performance assessment.
Therefore, uncertainty in partially observed events should be considered when interpreting
the calibration results.

4.4. Hazard Pathway Comparison

To compare the relative contribution of different hazard mechanisms to disaster-
chain evolution, the ten representative events were grouped into rainfall-driven, storm-
surge-driven, and wind-driven pathways according to their dominant triggering hazards
(Table 11).
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Table 11. Comparison of occurrence probabilities across different hazard pathways.
Hazard Pathway Events Mean Probability (%)
Rainfall-driven 1-4 27.89
Storm-surge-driven 5-6 17.50
Wind-driven 7-10 13.86

The results indicate that rainfall-driven pathways exhibit the highest overall occur-
rence probabilities, with an average probability of 27.89%. In particular, Event 3 (flood-
induced building damage) and Event 4 (transportation disruption) represent the most
prominent cascading consequences within the network. This suggests that heavy rainfall
and flood generation constitute the dominant propagation mechanisms during severe
typhoon events in the Greater Bay Area.

Storm-surge-related pathways show intermediate occurrence levels, with an average
probability of 17.50%. These pathways mainly affect coastal infrastructure through seawater
intrusion and dam-breach processes.

Wind-driven pathways exhibit the lowest average probability (13.86%) but show
substantial variability among events. While ship capsizing (Event 7) remains relatively
infrequent, wind-induced infrastructure failures generate several important downstream
disruptions, including gas-supply interruption, water-supply interruption, and communi-
cation interruption.

Overall, the results demonstrate that different hazard mechanisms contribute differ-
ently to disaster-chain evolution and highlight the importance of considering multiple
propagation pathways when assessing typhoon risk.

5. Discussion

The GERT-based simulation results presented in Section 4 provide quantitative evi-
dence on the probabilistic propagation of typhoon disaster chains. This section interprets
these findings, discusses their implications for disaster risk management, compares them
with previous studies, and acknowledges the limitations of the current approach.

5.1. Interruption Risks Identified in the Typhoon Disaster Chain

The simulation results identify two categories of interruption risks within the typhoon
disaster chain, distinguished by their temporal characteristics: short-term risks (048 h)
and long-term risks (>48 h).

1.  Short-term interruption risks (0—48 h). The simulation results identify that short-term
interruption risks are dominated by cascading failures of critical infrastructure systems,
particularly power facilities (S11). Under strong wind conditions, power system failure
propagates to transportation disruption, water supply interruption, communication
failure, and gas supply interruption, indicating strong interdependencies among urban
lifeline systems.

Among all downstream impacts, transportation disruption (Event 4, P = 50.42%)
emerges as one of the most significant short-term consequences, driven by both rainfall-
induced flooding and power-driven infrastructure failure pathways. This dual-path struc-
ture highlights the compound nature of transportation vulnerability in coastal megacities.

Communication interruption (Event 10, P = 21.11%) represents a notable downstream
consequence of wind-induced power-facility damage. However, the available data are
insufficient to determine whether communication systems exhibit threshold effects or
saturation behaviour under different typhoon intensities.
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2.  Long-term interruption risks (>48 h). Long-term risks are primarily associated
with infrastructure recovery and ecological restoration processes. Debris flows and
landslides trigger infrastructure damage with probabilities of 50.0% and 40.0%, re-
spectively, while ecological restoration requires approximately 25 days to complete.
Treefall damage leads to shorter recovery cycles (~5 days), whereas post-disaster
environmental recovery exhibits greater uncertainty due to spatial heterogeneity and
secondary hazards.

5.2. Implications for Emergency Management

The simulation results provide several practical implications for typhoon emergency
management in the Guangdong-Hong Kong-Macao Greater Bay Area.

First, rainfall-driven pathways constitute the dominant source of cascading disas-
ter risk. The hazard pathway comparison indicates that rainfall-related events exhibit
the highest average occurrence probability among all pathway categories. In particular,
flood-related impacts, including building damage (Event 3) and transportation disruption
(Event 4), represent the most significant downstream consequences in the disaster chain.
This finding suggests that improving rainfall forecasting, flood-control infrastructure, ur-
ban drainage systems, and early-warning dissemination mechanisms could substantially
reduce the overall propagation of disaster impacts.

Second, transportation systems function as critical convergence points within the disas-
ter network. Transportation disruption is jointly influenced by multiple upstream hazards,
including flood-related pathways and power-facility failures. As a result, transportation
infrastructure is exposed to compound risks rather than a single hazard source. This
highlights the importance of integrated resilience planning that simultaneously considers
hydrological hazards, power-system reliability, and emergency accessibility. Investments
targeting only one hazard pathway may therefore provide limited reductions in overall
transportation risk.

Third, power infrastructure plays a central role in supporting the continuity of urban
lifeline systems. Strong-wind-induced power-facility damage can propagate to gas-supply
interruption, water-supply interruption, and communication failure, demonstrating the
strong interdependence among critical infrastructure systems. Strengthening power-system
resilience through redundancy design, underground transmission systems, backup power
capacity, and rapid restoration mechanisms may therefore provide benefits that extend
beyond the electricity sector itself.

Although the present study focuses primarily on physical infrastructure disruptions
and recovery processes, urban resilience is determined not only by infrastructure robustness
but also by the adaptive capacity of affected communities. Vulnerable groups, including
elderly residents, low-mobility populations, and socioeconomically disadvantaged commu-
nities, may experience disproportionately longer service interruptions and recovery times
following typhoon events. Therefore, future emergency-management strategies should
integrate both infrastructure resilience and social-vulnerability considerations to enhance
the sustainability, equity, and community resilience of disaster-risk reduction efforts.

Overall, the results demonstrate that effective typhoon-risk reduction requires a
systems-based approach that addresses both dominant hazard pathways and the criti-
cal infrastructure nodes through which cascading failures propagate.

5.3. Comparison with Previous Studies

The findings of this study are broadly consistent with previous research that has
identified infrastructure interdependencies as a key driver of cascading disaster impacts
during extreme weather events. Similar to earlier studies using complex-network and
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disaster-chain approaches, the results indicate that power-facility damage represents a
critical intermediary process linking primary meteorological hazards with multiple down-
stream infrastructure disruptions. This supports previous observations that power systems
often function as central transmission hubs in typhoon-induced disaster networks [17,18].

The present study further demonstrates that different hazard pathways contribute
unequally to disaster-chain evolution. Rainfall-driven pathways generate the highest over-
all occurrence probabilities, particularly through flood-related impacts on buildings and
transportation systems. This finding is consistent with previous studies highlighting urban
flooding as one of the most significant consequences of typhoon events in densely popu-
lated coastal regions. This observation is also consistent with recent compound-flooding
studies that identify rainfall-flood interactions as dominant drivers of urban disaster
impacts [33]. At the same time, storm-surge pathways and wind-driven infrastructure
failures contribute additional cascading effects through distinct propagation mechanisms,
illustrating the multi-hazard nature of typhoon disasters.

Compared with DBN-based approaches, which emphasize probabilistic updating, and
knowledge-graph methods, which focus on semantic reasoning and information extraction,
the FBIREC-GERT framework is particularly advantageous for representing sequential dis-
aster propagation processes and quantifying their temporal characteristics. However, unlike
DBN models, the present framework does not perform real-time probability updating, and
future work could integrate Bayesian inference mechanisms to improve adaptive modelling
capabilities. The integration of GERT enables simultaneous modelling of event occur-
rence probabilities and recovery durations, allowing both short-term interruption risks and
long-term restoration processes to be represented within a unified analytical framework.

Furthermore, unlike static network representations, the proposed framework explicitly
captures the sequential propagation structure of typhoon disaster chains and enables
comparison among different hazard categories. This contributes to a more comprehensive
understanding of how meteorological hazards evolve into infrastructure disruptions and
ecological consequences through multiple interconnected pathways.

Recent studies have increasingly applied Dynamic Bayesian Networks (DBNs),
knowledge-graph reasoning techniques, and compound multi-hazard assessment frame-
works to disaster-chain analysis. DBN-based approaches have demonstrated strong capa-
bilities in modelling dynamic uncertainty and infrastructure resilience through probabilistic
updating and evidence propagation. Knowledge-graph methods have been used to support
emergency decision-making by improving hazard relationship extraction, semantic rea-
soning, and information retrieval. In addition, compound-hazard assessment frameworks
emphasize the importance of explicitly considering interactions among multiple hazard
drivers and interconnected infrastructure systems. Compared with these approaches, the
FBIREC-GERT framework provides a complementary advantage by simultaneously quan-
tifying disaster occurrence probabilities, expected propagation durations, and temporal
variances within a unified stochastic-network structure. These temporal outputs are par-
ticularly valuable for emergency-response scheduling, resource allocation, and recovery
planning. Future research may further enhance the framework through the integration
of Bayesian updating mechanisms, knowledge-graph reasoning techniques, and more
sophisticated representations of compound-hazard interactions.

Overall, the results support the applicability of the FBIREC-GERT approach as a
useful tool for analysing complex typhoon disaster chains and identifying priority areas for
disaster-risk reduction and resilience planning.

5.4. Limitations

Several limitations of this study should be acknowledged.
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First, data limitations. The conditional probabilities were derived from historical
data across multiple typhoon events in Guangdong Province (2014-2023). While this
provides a robust statistical basis, event-specific variations in typhoon intensity, local
topography, and infrastructure conditions may still introduce deviations. The model
shows the largest discrepancy in wind- and marine-related processes (e.g., Event 7), where
calculated probabilities may differ from observed values due to incomplete reporting of
maritime incidents and limited availability of offshore damage records. Future work should
incorporate real-time observational datasets to improve parameter updating accuracy.

Second, model assumptions. The model assumes uniform emergency response effec-
tiveness across the Greater Bay Area, whereas actual response capacity varies significantly
across cities. Highly developed cities such as Shenzhen may exhibit faster recovery rates
compared to less developed regions. Incorporating spatial heterogeneity indicators such
as fiscal capacity, emergency resource density, infrastructure redundancy, and community
resilience characteristics would improve model realism.

Additionally, the representation of compound-hazard interactions in the GERT for-
mulation (Section 3.2) remains simplified. For example, severe urban flooding may result
from the simultaneous occurrence of storm surge (Sp) and heavy rainfall (S1), rather than
either event independently. Although the model allows multiple upstream pathways to
contribute to selected downstream events, concurrent hazard interactions are represented
through simplifying assumptions rather than explicit multi-hazard coupling mechanisms.
This simplification may therefore affect the representation of compound-hazard interactions.
Future work could explore mixed-logic or AND-enhanced GERT formulations.

Third, static parameterization. The model relies on fixed probability and time pa-
rameters derived from historical averages. However, climate change and rapid urban-
ization may alter hazard intensity, exposure, and vulnerability patterns, limiting long-
term transferability.

Fourth, scope limitation. The model focuses primarily on physical infrastructure
disruption, emergency repair processes, and ecological restoration pathways, while social
vulnerability and socioeconomic resilience factors are not explicitly represented. Vari-
ables such as age structure, mobility constraints, income disparities, access to emergency
resources, and community adaptive capacity may significantly influence both disaster
impacts and recovery outcomes. Consequently, the current framework may underesti-
mate differences in vulnerability and resilience among population groups. This limitation
is particularly relevant in the context of sustainable urban resilience planning, where
infrastructure robustness and social capacity jointly determine recovery performance.

In addition, several delayed environmental-health and recovery processes included in
the conceptual FBIREC framework were not quantitatively parameterized. Specifically, the
water-quality impact pathway (S;3), its downstream ecological-health consequence (Sy9),
and the reconstruction stage (Sy1) were excluded from the quantitative GERT simulation
because reliable event-level duration parameters and complete downstream transition
information were unavailable. Although historical occurrence probabilities were available
for certain environmental-impact processes (e.g., S13), the available data were insufficient to
support full GERT parameterization. Consequently, the current model may underestimate
certain long-term environmental, public-health, and recovery-related consequences associ-
ated with major typhoon disasters. Future studies could incorporate these pathways and
integrate social-vulnerability indicators to provide a more comprehensive representation of
disaster-chain evolution and sustainable disaster resilience.

Fifth, single-case calibration. The model was calibrated and assessed using a single
typhoon event—Typhoon Mangkhut (2018). Although the calibration results indicate
a reasonable level of consistency between simulated and observed event probabilities
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(MAE = 4.31%, R? = 0.816), these metrics reflect goodness-of-fit for the calibration case
rather than independent predictive performance. Consequently, the current findings should
not be interpreted as evidence of model generalizability across different typhoon events.
Future research should apply the framework to multiple typhoon cases, such as Hato (2017)
and Rammasun (2014), to conduct independent validation and evaluate model applicability
under different hazard intensities and disaster-chain propagation mechanisms.

6. Conclusions

This study developed a GERT-based stochastic network model integrated with the
FBIREC framework to simulate the dynamic evolution of typhoon disaster chains in the
Guangdong-Hong Kong-Macao Greater Bay Area. Typhoon Mangkhut (2018) was used as
a calibration case. The main conclusions are as follows.

First, the proposed FBIREC-GERT framework is capable of representing the proba-
bilistic propagation of typhoon disaster chains and capturing major cascading relationships
among hazard events. For the Typhoon Mangkhut calibration case, the model achieved
a mean absolute error (MAE) of 4.31% and a coefficient of determination (R?) of 0.816,
indicating a reasonable level of consistency between simulated and observed event proba-
bilities. These results suggest that the framework can reproduce the main characteristics
and dominant pathways of disaster-chain evolution under severe typhoon conditions.

Second, rainfall-driven pathways constitute the dominant disaster-propagation mecha-
nism within the typhoon disaster chain. Flood-related events, particularly building damage
and transportation disruption, exhibit the highest occurrence probabilities among all repre-
sentative events, highlighting the critical role of rainfall accumulation and flood generation
in cascading disaster development.

Third, critical infrastructure systems play a central role in transmitting disaster impacts.
In particular, disruptions to power facilities may indirectly reduce the accessibility of essen-
tial services, including healthcare, water supply, communications, and transportation. Such
cascading failures are likely to disproportionately affect vulnerable populations, including
elderly residents, low-mobility communities, and socioeconomically disadvantaged groups,
whose recovery capacity is generally lower than the regional average.

Fourth, the simulation results support phased emergency-management strategies.
Typhoon disaster chains evolve across two main temporal scales: short-term risks (048 h),
including flooding, transportation disruption, and infrastructure failures, and long-term
risks (>48 h), primarily associated with ecological restoration and recovery processes. This
temporal differentiation provides quantitative support for allocating emergency resources
across different stages of disaster response.

Fifth, comparison among different hazard pathways indicates that rainfall-driven,
storm-surge-driven, and wind-driven processes contribute differently to disaster-chain
evolution. Rainfall-related pathways exhibit the highest overall occurrence probabilities,
while wind-driven pathways are primarily responsible for propagating failures across in-
terconnected infrastructure systems. These results demonstrate the importance of adopting
multi-hazard perspectives when designing disaster-risk-reduction strategies. This also
provides a basis for prioritizing interventions that protect socially vulnerable communities
facing disproportionate disaster risks.

From a sustainability perspective, the findings contribute to improving urban re-
silience and supporting sustainable and equitable disaster-risk management in rapidly
urbanizing coastal regions. By identifying dominant hazard pathways and critical infras-
tructure dependencies, the proposed framework can assist decision-makers in prioritizing
investments in flood mitigation, power-system resilience, emergency preparedness, and
long-term recovery planning. Beyond infrastructure resilience, the proposed framework
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can support decision-makers in identifying communities that may experience prolonged
service interruptions and recovery delays, thereby facilitating more equitable allocation of
emergency resources.

Future research should focus on integrating real-time monitoring data for dynamic
parameter updating, incorporating spatial heterogeneity and social-vulnerability indica-
tors into resilience assessment, and extending the framework to climate-change-related
extreme-weather scenarios. Particular attention should be given to vulnerable population
groups, including elderly residents, low-mobility communities, and areas with limited
emergency-response resources, whose recovery trajectories may differ substantially from
regional averages. Integrating community-resilience metrics and socioeconomic factors
into the FBIREC-GERT framework would provide a more comprehensive understanding
of disaster impacts and support more equitable and sustainable disaster-risk management.
The proposed framework may also be adapted to other cascading hazard systems, provided
that the network structure, probability parameters, and activity-time parameters are appro-
priately recalibrated according to local hazard characteristics and available observations.
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