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Abstract. This study presents a novel machine learning (ML)-based framework
for synthesizing three-dimensional (3D) fragility surfaces for earthquake-tsu-
nami multi-hazard analysis. Traditional fragility functions rely on computation-
ally intensive finite element (FE) simulations or empirical models, limiting scala-
bility for multi-hazard applications. The proposed ML model integrates inde-
pendent two-dimensional (2D) fragility curves for earthquake and tsunami haz-
ards using Random Forest and Extreme Gradient Boosting algorithms, efficiently
generating synthesized fragility surfaces with high predictive accuracy. By incor-
porating geospatial technologies and artificial intelligence (Al), the framework
enables real-time hazard and damage assessment, supporting resilience planning
and mitigation strategies. The study further explores applications in structural
retrofitting, where ML-generated fragility surfaces inform quantitative evalua-
tions of retrofitting strategies for multi-hazard resilience. The approach is vali-
dated using the Pseudo Seaside testbed, demonstrating its capability in commu-
nity-scale risk assessments. Additionally, digital twin technology is leveraged to
integrate ML-assisted fragility surfaces into dynamic resilience planning, ena-
bling real-time monitoring, disaster response, and long-term mitigation optimi-
zation. The findings underscore the transformative potential of Al-driven fragil-
ity analysis in advancing multi-hazard risk assessment, with future research
aimed at expanding applicability across diverse structural systems and hazard
scenarios.
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1 Introduction

The combined occurrence of offshore earthquakes and subsequent tsunamis poses a
severe risk to coastal communities, leading to catastrophic loss of life, widespread
structural damage, and prolonged socio-economic disruptions. Events like the 2011
Tohoku earthquake and tsunami in Japan, which resulted in over 19,000 fatalities and
$211 billion in damages (Fraser et al., 2013; Iwai & Goto, 2021; Kajitani et al., 2013;
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McFall & Fritz, 2016), underscore the devastating impact of these sequential hazards.
Effective hazard assessment and mitigation strategies are essential to reducing vulner-
ability and enhancing community resilience. Fragility functions, which estimate the
probability of structural damage under specific hazard intensities, are central to multi-
hazard analysis and provide critical input for resilience modeling (Watson et al. 2020).
Advancements in geospatial technologies and artificial intelligence (Al) have revolu-
tionized multi-hazard risk analysis, enabling more comprehensive and efficient hazard
assessments. Geospatial tools allow for high-resolution mapping of hazard impacts,
while Al techniques leverage data-driven approaches to identify complex patterns in
structural vulnerabilities. Within this context, infrastructure digital twins—a virtual
representation of physical systems—offer a promising framework for integrating geo-
spatial data and Al to simulate the cascading effects of sequential hazards and optimize
resilience planning (van de Lindt et al. 2018).

This study introduces a machine learning (ML) model that synthesizes 3D earth-
quake-tsunami fragility functions from independent 2D fragility curves for each hazard.
Utilizing Random Forest and Extreme Gradient Boosting algorithms, the proposed
methodology translates hazard-specific exceedance probabilities into unified fragility
surfaces. This data-driven approach bypasses the computational intensity of traditional
methods reliant on high-performance computing (HPC) and detailed finite element (FE)
modeling, offering a scalable solution for multi-hazard resilience analysis (Harati and
van de Lindt 2024; 2024b; 2024a). Rigorous validation and sensitivity analyses demon-
strate the robustness of the synthesized fragility functions, ensuring reliability across
varying structural systems and hazard intensities.

2 Integration of Geospatial Technologies and Al

The integration of geospatial technologies and Al has significantly advanced multi-
hazard analysis, particularly for earthquake and tsunami scenarios. Geographic Infor-
mation Systems (GIS) enable spatial modeling of hazard distributions, infrastructure
vulnerabilities, and cascading impacts, leveraging high-resolution datasets like digital
elevation models and land use maps. Al, particularly the ML, enhances this capability
by processing complex datasets to generate 3D fragility surfaces, as demonstrated by
the ML-based fragility synthesis model (Harati and van de Lindt 2024). This integration
facilitates the coupling of earthquake and tsunami hazards, improving the accuracy of
cascading damage assessments. Additionally, geospatial and Al-driven insights con-
tribute to infrastructure digital twins—virtual replicas of physical systems that simulate
real-time hazard impacts—enhancing resilience planning and resource allocation. By
combining geospatial analysis with Al, this framework enables scalable, rapid hazard
assessments, transforming data into actionable insights that support informed decision-
making and real-time risk mitigation.



3 Machine Learning Model for Fragility Function Synthesis

The development of an ML model for fragility function synthesis marks a transforma-
tive step in multi-hazard analysis. Traditional methods of generating fragility functions
rely on computationally intensive simulations or empirical data, often limited in scope
and scalability. The proposed ML-based approach synthesizes 3D fragility surfaces for
earthquake and tsunami hazards by leveraging two independent 2D fragility curves—
one for each hazard. This novel methodology bypasses the need for HPC infrastructure
and complex FE modeling.

Central to this method is the introduction of a "converter function,” referred to as the
g function, which translates the exceedance probabilities of individual hazards—
P(EQ) and P(TS)—into a joint (conditional) exceedance probability, P(TS | EQ).

P(TS1EQ) = g(P(EQ), P(TS)) o))

The ML model, employing algorithms such as Random Forest (RF) and Extreme
Gradient Boosting (XGBoost), is trained to predict this function. Features include haz-
ard intensity measures (e.g., spectral acceleration for earthquakes and momentum flux
for tsunamis) and the failure probabilities derived from the input 2D fragility curves.
The ML algorithms are tuned and evaluated using metrics like root mean square error
(RMSE) and R-squared (R?) to ensure predictive accuracy and robustness. As can be
seen in Fig. 1, it has been found that the ML model (the RF here) shows an accuracy of
99% for the R-squared score.
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Fig. 1. Correlation between the predicted values versus the true (real simulated) values.

The synthesis process involves discretizing input fragility curves into datasets that
feed the ML model. This data-driven approach allows the model to generalize across a
wide range of structural types and hazard scenarios, facilitating the rapid generation of
fragility surfaces for varying damage states. Once trained, the ML model can synthesize
fragility surfaces within seconds, a notable improvement over conventional simulation
methods that often require days or weeks of computation. The proposed ML model is
applied to two related 2D fragility curves from past studies at the complete damage



state (DS3) for a 3-story steel frame, developed using a consistent structural modeling
approach with high-resolution FE modeling and IMK plastic hinges (Lignos and
Krawinkler 2013). Ensuring consistency in damage criteria and modeling approaches
is crucial for accurately synthesizing 3D fragility surfaces when integrating earthquake
and tsunami data. Although generated through separate simulation procedures, the
earthquake fragility curve from Attary et al (2021) and the tsunami fragility curve from
Attary et al (2017) were discretized and input into the ML model to generate spatially
distributed failure probability points representing P(TS/EQ). The surface-fitting opti-
mization technique by Harati and van de Lindt (2024a) was then applied to obtain the
synthesized fragility surface.
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Fig. 2. Synthesized earthquake-tsunami fragility surface computed based on 2D fragility
curves of other studies: a) 2D fragility curve for earthquake from Attary et al. (2021); b)
2D fragility curve for tsunami from Attary et al., (2017); c) failure probability points com-
puted from ML-assisted algorithm, and d) synthesized fragility surface.

This ML-driven framework significantly enhances the practicality and efficiency of
fragility analysis, enabling its integration into digital twin platforms and resilience plan-
ning tools. By offering a scalable solution that maintains high accuracy, the proposed
model expands the scope of multi-hazard fragility analysis, supporting the assessment



of cascading damage and informing mitigation strategies at both the structural and com-
munity levels.

4 Applications in Risk Assessment and Resilience Planning

The synthesized fragility surfaces generated by the ML model play a pivotal role in
advancing risk assessment and resilience planning, particularly in multi-hazard con-
texts involving earthquakes and tsunamis. By integrating these surfaces into hazard
analysis, the ML framework enables the assessment of cascading damage from sequen-
tial earthquake-tsunami events, capturing the dynamic interplay between these hazards.
Specifically, it models joint exceedance probabilities of structural failure, quantifies the
reduced seismic capacity of structures after earthquake-induced damage, and evaluates
subsequent vulnerability to tsunami forces. This comprehensive approach enhances risk
assessments by accounting for the sequential and compounding effects of multi-hazard
scenarios, ultimately improving resilience planning and mitigation strategies.

Traditional retrofitting studies often rely on single-variable fragility curves that in-
adequately capture multi-hazard interactions. The ML-generated fragility surfaces ad-
dress this limitation by enabling engineers to model retrofitted systems through the hor-
izontal shifting of 2D fragility curves and synthesizing updated 3D surfaces, thereby
providing a quantitative evaluation of retrofitting strategies for earthquake and tsunami
hazards. Fig. 3 illustrates the effectiveness of this approach by comparing non-retrofit-
ted and retrofitted fragility surfaces. The earthquake fragility curve (on the right-side
boundary) shifts to the right by a factor of 1.33, reflecting increased structural capacity
following retrofitting, assuming an upgrade from moderate-code to high-code perfor-
mance per HAZUS guidelines. Similarly, Fig. 3 shows a rightward shift in the tsunami
fragility curve on the left-side boundary, with a shift multiplier of 2 based on FEMA
(2022) guidelines. This figure presents the earthquake-tsunami fragility surfaces,
demonstrating how the ML model decouples the earthquake and tsunami fragility
curves at the boundaries of the non-retrofitted fragility surface, allowing for independ-
ent retrofitting of each hazard before reassembling them into a combined retrofitted
surface. The ML-derived parameters for the retrofitted and non-retrofitted fragility sur-
faces were previously reported by Harati and van de Lindt (2024), further validating
the applicability of the ML model in fragility-oriented retrofitting applications.
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Fig. 3. Retrofitted and non-retrofitted synthesized fragility surfaces.

The ability to rapidly generate fragility surfaces across multiple structural archetypes
and hazard scenarios enhances the scalability of resilience planning. For example, in-
frastructure portfolios, such as transportation networks or water distribution systems,
can be evaluated for their vulnerability to multi-hazard events. The ML model’s effi-
ciency supports large-scale analyses, allowing for the prioritization of critical assets
and the development of targeted mitigation measures. See more details in Harati and
van de Lindt (2024)

This study presents an ML-assisted mitigation analysis for fragility-oriented struc-
tural retrofitting (Fig. 4), enabling the creation and evaluation of retrofitted fragility
surfaces under different scenarios (Harati 2024). The framework integrates hazard in-
tensity data from joint earthquake-tsunami events with GIS-based building exposure
data, including location, land price, replacement cost, and construction year, accessible
through resilience analysis platforms like IN-CORE (van de Lindt et al. 2023). Vulner-
ability functions for different archetypes are essential for community resilience assess-
ments within this testbed (Harati and van de Lindt 20243).
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The Pseudo Seaside testbed (Harati and van de Lindt 2024a) is used to illustrate the
proposed mitigation analysis, featuring a mix of RC buildings and woodframe struc-
tures, with the latter being more prevalent. Woodframe buildings are categorized by
occupancy type (W1 for residential, W2 for industrial) and ductility level (1-3), while
RC structures are classified into ductile (RC1-RC6) and non-ductile (RC7-RC10) de-
signs. The testbed integrates simulated earthquake-tsunami fragility surfaces and 2D
fragility curves for non-retrofitted models based on long-duration earthquake and near-
field tsunami scenarios. Retrofitted vulnerability models were developed by extracting
and horizontally shifting 2D fragility curves to elevate design levels, using scale factors
derived from HAZUS (2020) and FEMA (2022). The ML model then synthesized up-
dated retrofitted fragility surfaces, with scale factors reported in Harati (2024). For mit-
igation analysis, only woodframe buildings were structurally retrofitted as part of a
community-wide plan. As shown in Fig. 5, the retrofitting reduced damage levels from
complete (DS3) and heavy (DS2) to moderate (DS1) and insignificant (DSO) across
many structures, demonstrating the effectiveness of the presented mitigation strategy.
For further details on the machine learning framework and community-level analyses,
readers are referred to Harati and van de Lindt (2025a, 2025b, 2025c), which provide
data, methods, and results related to earthquake-tsunami fragility surfaces, multi-hazard
resilience analysis, and mainshock-aftershock fragility modeling in the Pseudo Seaside
Testbed.

a) Non-retrofitted archetypes b) Retrofitted archetypes

Fig. 5. Damage state patterns of Pseudo Seaside under a multi-hazard scenario of earthquake
and near-field tsunami hazards at an intensity level of a 1000-year MRI using two different fra-
gility suites: a) based on non-retrofitted archetypes; and b) from retrofitted archetypes.



5 Advancing Infrastructure Resilience through Digital Twins

Digital twin frameworks have become transformative tools in infrastructure resilience
planning, offering dynamic, real-time, and predictive insights into system performance
under various hazards. By integrating ML-generated synthesized fragility surfaces, dig-
ital twins enhance multi-hazard resilience analysis, particularly for earthquake-tsunami
events. These fragility surfaces provide a data-driven foundation for assessing struc-
tural vulnerabilities and improving disaster preparedness.

The integration of fragility surfaces into digital twins enables real-time monitoring
of infrastructure by incorporating data from sensors, satellite imagery, and geospatial
analyses. This continuous updating of structural vulnerability assessments allows digi-
tal twins to predict failure probabilities during unfolding hazard scenarios, enhancing
situational awareness and supporting faster, data-driven decision-making. Additionally,
simulations of multiple hazard scenarios help planners understand cascading effects,
such as how an earthquake-induced reduction in structural stiffness increases vulnera-
bility to subsequent tsunami impacts, guiding proactive interventions.

Beyond disaster response, digital twins support long-term resilience planning by op-
timizing resource allocation and evaluating mitigation strategies. Synthesized fragility
surfaces help identify the most vulnerable structures, prioritize retrofitting efforts, and
minimize recovery time. Furthermore, digital twins enable planners to test the effec-
tiveness of interventions like urban planning adjustments and hazard mitigation strate-
gies. By simulating future hazard scenarios, including climate change-induced intensi-
fications, digital twins ensure that resilience measures remain adaptive, cost-effective,
and robust.

6 Conclusion and Future Directions

This study presents an ML-based framework for synthesizing 3D fragility surfaces that
integrate earthquake and tsunami hazards, addressing the limitations of traditional fra-
gility modeling. By leveraging geospatial technologies and Al, the proposed approach
significantly enhances multi-hazard risk assessment and resilience planning. The de-
veloped ML model enables rapid generation of fragility surfaces, overcoming compu-
tational constraints associated with HPC and FE modeling. The integration of synthe-
sized fragility functions into infrastructure digital twins facilitates real-time hazard sim-
ulations and supports data-driven decision-making for both structural and community-
level resilience assessments. Furthermore, the application of ML-generated fragility
surfaces in retrofitting analysis demonstrates their utility in evaluating and optimizing
mitigation strategies, ensuring targeted interventions for enhancing structural resili-
ence.

The findings underscore the potential of ML in revolutionizing fragility modeling
by offering a scalable and computationally efficient alternative for multi-hazard analy-
sis. The synthesized fragility surfaces capture the complex interactions between earth-
quake and tsunami hazards, improving the accuracy of cascading damage assessments.
Additionally, the framework’s adaptability across various structural archetypes enables



broader applicability in resilience planning. The case study application within the
Pseudo Seaside testbed validates the effectiveness of the proposed methodology in
identifying vulnerability patterns and optimizing retrofitting strategies, further reinforc-
ing the practical value of the developed ML model.

Future research should explore the integration of additional hazard types, such as
windstorms and flooding, into the fragility synthesis model to enhance multi-hazard
resilience analysis. Expanding the database of fragility curves and incorporating real-
world post-disaster data could improve the predictive accuracy of the ML model, en-
suring robust performance across diverse structural typologies and hazard scenarios.
Additionally, coupling ML-driven fragility functions with real-time sensor data in dig-
ital twin frameworks could enable dynamic updates to vulnerability assessments, en-
hancing disaster preparedness and response. Advancing ML interpretability techniques
will also be crucial for increasing trust in Al-driven risk assessment models, ensuring
transparency and reliability in resilience decision-making. By continuing to refine and
expand the proposed framework, future research can further contribute to the develop-
ment of resilient, adaptive, and data-informed disaster mitigation strategies.
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