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Abstract. Coastal infrastructure continues to suffer widespread damage from hurricane events
leading to significant economic losses. Among the most vulnerable structures are wood-framed
residential buildings, which have been repeatedly exposed to storm surge and wave actions in
past events. Acknowledging this vulnerability, researchers have developed fragility models
using physics-based simulations to assess the damage incurred by these buildings in coastal
communities. However, the influence of neighboring structures in residential building
portfolios has been overlooked in current physics-based fragility derivation procedures, despite
past hurricane-induced storm surge events highlighting their potential impact on demand
modification across the portfolio due to wave deformation phenomena. This oversight limits
the models' accurate representation of portfolio performance in risk assessments. To address
this gap, this study develops closed-form parameterized fragility functions for residential
buildings that account for the effects of neighboring structures. Using computational fluid
dynamics (CFD) simulations, this study captures the modification in demand exerted by nearby
buildings by incorporating multiple structures into the numerical analysis domain. To overcome
the high computational cost of full-scale CFD simulations, an active learning algorithm is
leveraged to guide the sample selection process, focusing only on critical parameter
combinations of hazard and structural properties. Findings reveal that the probability of
building failure varies based on proximity to the coastline, with structures closer to the coast
being more directly affected and those farther inland experiencing greater influence from
neighboring structures. These fragility models enhance the accuracy of portfolio-level risk
assessments while enabling rapid vulnerability evaluations through their closed-form functional
relationships. The improved regional vulnerability estimates are expected to better inform risk
mitigation decisions for structures as well as inform the design of portfolio layouts that
minimize the demands imposed by neighboring buildings.
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1 INTRODUCTION

Hurricanes pose a substantial threat to coastal infrastructure, and have caused widespread
damage during past hurricane occurrences [1]. During these events, structures are exposed to
multi-hazard stressors, such as storm surge, wave loads, wind, and rainfall. Specifically, recent
hurricane occurrences have highlighted the vulnerability of coastal wood-framed residential
buildings to storm surge and wave loads, resulting in significant damages [2, 3]. Recognizing
the risk associated with this critical component of coastal infrastructure to storm surge and wave
actions, researchers have developed fragility models to quantify their conditional reliability.
Existing building fragility models for storm surge and wave hazard, based on their derivation
process, are broadly categorized into two approaches: (i) empirical fragility models, derived
from field survey data collected from past hurricane events [4, 5, 6], and (ii) physics-based
fragility models, derived using simulated data from physics-based numerical models [7]. While
empirical fragility models provide useful insights into damage trends and the relative
importance of key parameters, their transferability is limited, as they are derived from damage
datasets of a specific region or hurricane event that may not reflect varying characteristics of
the hazard elsewhere [8, 9]. Conversely, physics-based fragility models are typically derived
using parameterized hazard scenarios, enabling them to account for uncertainties in hazard
characteristics and making them well-suited for risk assessment studies across different regions.

The development of physics-based fragility models for storm surge and wave actions relies
on numerical simulations to accurately estimate the loads on the structure since storm surge and
wave loads represent highly nonlinear phenomena, and the analytically approximated formulas
may not adequately capture the nonlinear action of wave loads [10]. The advancements in
computational fluid dynamics (CFD) simulation enables accurate capture of such effects,
thereby making them reliable tool for estimating loads on structures subjected to storm surge
and wave actions [11, 12]. Subsequently, the physics-based fragility derivation process
typically involves performing CFD simulations for a representative single structure subjected
to varying storm surges and wave loads [7]. However, much of the coastal residential building
infrastructure in the United States is densely arranged. Therefore, when storm surge and wave
loads propagate from the coast to further inland, the loads exerted across different structures
within the portfolio are likely to be modified due to neighboring structures. Observed damages
from past hurricane events suggest a strong presence of demand modification effects, where
different structures within the coastal residential building portfolio experienced different levels
of damages even when accounting for variation in design details [4, 6, 13, 14]. These findings
underscore the need to incorporate the influence of neighboring structures to obtain refined risk
estimates.

Applying existing fragility models to dense portfolio configurations requires precise local
estimates of hazard intensity measures to ensure accurate vulnerability estimates. However, the
extent of hazard intensity modification has been found to vary with the properties of the waves
and the configuration of neighboring structures, as highlighted by several experimental studies
investigating the effects of neighboring structures under different surge and wave conditions
[15, 16, 17, 18, 19]. Consequently, experimental studies are often not feasible for testing larger
combinations of different surge and wave conditions needed for probabilistic analysis due to
their prohibitive costs. An alternative approach is to use high fidelity numerical hazard
simulations to obtain modified intensity measures considering their interactions with buildings
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and other structures. However, repetitive analyses required for probabilistic assessment through
various combinations of hazard intensity measure parameters, coupled with unique portfolio
characteristics across various regions, renders such hazard simulations challenging due to their
substantial computational costs [2, 6].

To incorporate the modification effects exerted by neighboring structures in risk
assessments, a methodology is presented in this paper to develop a new set of “topology-aware”
parameterized fragility models that incorporate the effects of neighboring structures by
including the modified demand exerted by neighboring structures through physics-based
simulations. The modified demand due to neighboring structures is estimated by leveraging
physics-based numerical CFD analyses, including multiple structures within the fluid domain.
Adding multiple structures within the fluid domain increases the computational expenses;
however, an active learning strategy is embedded in the fragility derivation process to alleviate
the computational burden [20]. Active learning methods have been found useful in reducing
computational burden by steering the sample selection such that only the most critical samples
are selected for the analysis [21].

For simplicity and illustrative purposes, this paper presents the proposed “topology-aware”
parameterized fragility model derivation process for a single component of residential
buildings, i.e., windows. The subsequent sections provide a detailed explanation of each step
involved in deriving parameterized fragility models that incorporate the effects of neighboring
structures.

2 PHYSICS-BASED TOPOLOGY-AWARE PARAMETERIZED FRAGILITY
MODEL DERIVATION CONSIDERING THE EFFECTS OF NEIGHBORING
STRUCTURES

The derivation of the topology-aware parameterized fragility model, which incorporates the
effects of neighboring structures, begins with identifying parameters related to hazard intensity
measures, layout and planar geometrical parameters of buildings, and individual building
characteristics. The hazard intensity measure includes storm surge and wave parameters. For
illustration purposes, only regular nonbreaking waves are considered in this study. The storm
surge with regular nonbreaking waves can be described uniquely with the following parameters:
storm surge (S), wave height (H,,), wave period (T,,), current (U), and wavelength (L,,). The
parameter ranges for each hazard intensity measure considered in this study are presented in
Table 1. These ranges are derived from the respective parameter bounds specified in [11] and
have been slightly modified to include wider parameter ranges from numerical simulation
results for different historical hurricane events [22].

The layout and planar geometrical parameters describe the spatial configuration of buildings
with their neighboring buildings. The objective of including this set of parameters is to capture
the effects of neighboring structures on demand modification. The demand modification caused
by neighboring structures can be classified into two categories: structural shielding and
channeling [19]. Structural shielding corresponds to a reduction in the hydraulic load, whereas
channeling effects correspond to an increase in the hydraulic demand, both due to the presence
of neighboring structures on the upstream side of the structure. Past studies have demonstrated
that such effects can be captured by using a “three-structure layout”: two structures in the
upstream row (alternatively referred as row 1 here) and one structure on the downstream side
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(row 2). Therefore, this study considers different spatial configurations of three structure
layouts to quantify the effect of neighboring structures on demand modification and include
them in the parameterized fragility model derivation (Figure 1). As shown in Figure 1, buildings
1 and 2 are in the first row (unobstructed by any upstream structure), while building 3 is in the
second row. Accordingly, the layout and geometrical building parameters included in this study
are the width and length of each building (by, 14, by, 15, b3, I3), transverse spacing between
building 1 and building 2 (dy), relative offset between building 1 and building 3 (e), and closest
distance between building rows (dy). The ranges for each layout and geometrical parameters
are determined by analyzing the building footprints (dataset available from [23]) for coastal
building portfolios of the following coastal regions: Galveston Beach, TX, Fort Myers Beach,
FL, and Ortley Beach, NJ. Table 1 summarizes different parameters and their ranges considered
in this study.
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Figure 1: Schematic representation of typical coastal residential building portfolio and the “three-structure
layout” considered in this study to examine the effects of neighboring structures on demand modification under
storm surge and wave hazards

The individual building characteristics include parameters such as properties of structural
(different types of connections used in the building) and nonstructural components (windows
and doors), height of the lowest horizontal structural member (LHSM), and foundation type.
While the development of fragility models can also incorporate different ranges of individual
building characteristics, this study focuses on quantifying the effects of neighboring structures
in deriving a parameterized fragility model. Therefore, to simplify the process, several
assumptions were made in this study related to building characteristics. The buildings are
assumed to be elevated with an LHSM height of 2.5 m above ground, and the fragility derivation
is limited to the failure of a single building component—windows. The windows are assumed
to be located on the front face of the building between the bounds of 1.1 m from the LHSM to
2.3 m, which is termed a "window zone" throughout this paper. The lateral resistance capacity
of the window is treated as deterministic based on previous studies that report a mean resistance
value of 3.35kPa [7, 24]. Consequently, the limit state equation for window failure can be
formulated as:

G =3.35 - Dpax €Y)
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where, D,,q, 1S the maximum imposed hydraulic pressure (or modified pressure due to
neighboring buildings) observed within the “window zone” due to storm surge and wave loads.
The value of G < 0 corresponds to failure, whereas G > 0 represents survival of the respective
building component. As evidenced in Equation 1, evaluating the limit state equation requires
estimating D,,,4, While accounting for the effects of neighboring structures. This is achieved
through numerical CFD simulation, as outlined next.

Table 1: Ranges of hazard intensity measures, spatial layout and geometrical parameters

Parameter Lower Upper
bound bound

Hazard intensity measures:
Storm surge, S (m) 1.0 8.0
Wave height, H,, (m) 0.2 0.658
Wave period, T, (m) 3.0 10.0
Current, U (m) 0 1.5
Wave length, L, (m) 7.5 80.0
Spatial layout and planar geometrical parameters:
Width of building 1, b; (m) 5.0 30.0
Length of building 1, [, (m) 5.0 30.0
Width of building 2, b, (m) 5.0 30.0
Length of building 2, [, (m) 5.0 30.0
Width of building 3, b3 (m) 5.0 30.0
Length of building 3, I3 (m) 5.0 30.0
Offset distance, e (m) —by dy + b, — bs
Closest distance between building rows, dy (m) 3.0 50.0
Transverse spacing between building 1 and 2, dy (m) 3.0 50.0

2.1 Numerical model

The numerical model to perform CFD analysis is developed using commercial software LS-
Dyna [25]. Figure 2 shows the CFD model domain consisting of three full-scale rectangular
buildings. The entire domain of the model consists of solid hexahedral elements. The waves are
generated at the inlet boundary by specifying the imposed velocity of all nodes based on
Fenton’s wave theory to generate desired waves [26]. The side boundaries are assigned free-
slip conditions since no physical boundary exists along these surfaces. The bottom surface is
assigned a no-slip condition to represent the ground surface. Non-reflecting elements are used
at the outlet to absorb the waves. The water-air interface within the fluid domain is tracked
using the Arbitrary Lagrangian Eulerian (ALE) formulation, while the Navier-Stokes equation
governs each fluid particle.

As previously discussed, the primary output of interest in this study is the estimated
maximum hydraulic pressure over the “window zone” for each building. This can be expressed
as:

M(X) - Z)k,max (2)

where, M (+) is the CFD model, x is the vector of intensify measures and layout and geometrical
parameters of neighboring buildings listed in Table 1, and Dy, 4, is the maximum hydraulic
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pressure across the “window zone” for the k" building in the model.
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Figure 2: Numerical computational fluid dynamics (CFD) model including neighboring structures within the
fluid domain

Developing a parameterized fragility model for a structure typically requires a sufficiently
large dataset (on the order of thousands) representing different system parameter combinations
and the associated failure-safe state of the structure [27]. In the present study, where the CFD
analysis is leveraged to incorporate the effects of neighboring structures, such large
computations become costly and time-consuming. Therefore, before the parameterized fragility
model development, a surrogate model is derived that replaces the expensive CFD model while
still providing reliable estimates of the (modified) hydraulic demand Dy .., to accelerate the
estimation process. Accordingly, the next step provides details on the development of surrogate
models.

2.2 Computationally efficient development of surrogate model using active learning

The objective of the surrogate model (denoted here as M (+)) is to replace the expensive
numerical model (M (x)) and provide accelerated estimation of demand (Dy ) While
deriving the parameterized fragility model. However, when numerical model simulations are
highly computationally expensive—as in the present study, where the CFD analysis of multiple
structures in the fluid domain incurs substantial costs—developing a surrogate model also
becomes challenging due to the significant requirement of computational resources and time.
An active learning strategy is employed to overcome this challenge and expedite surrogate
model development. Active learning can assist identifying samples of model input parameter
combinations closer to the limit state classification boundary or exhibit higher errors in
surrogate model predictions [20]. In essence, active learning guides the surrogate model training
to include samples that improve performance, specifically on the limit state classification—a
critical domain where accuracy is most needed for fragility derivation purposes. It is important
to note that the algorithm of the machine learning tool used as a surrogate model remains
unchanged based on the limit state criterion. Instead, the sample selection procedure is
embedded to minimize computational costs during surrogate model training, guided by already
defined limit state equation. The following steps outline the development of a surrogate model
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implementing active learning, carried out separately for each building in the CFD model:

1.

An experimental design set X; of total sample size 300 is generated using Latin-
hypercube sampling [28] to generate different parameter combinations of hazard
intensity measures and spatial layout and geometrical parameters.

A dozen of samples are randomly sampled from X' and are included in the initial sample
set 7. CFD simulations are employed to estimate Dy, ,,,4, for each sample in set 7.
Surrogate model M; (x) is trained using dataset pair {J, Dy max} Using a machine
learning model. Gaussian Process Regression (GPR) is used here as the machine learning
model given its popularity in active learning methods due to its capability of providing
errors in the prediction (in terms of standard deviation of the prediction) along with its
mean prediction estimate, and its flexibility through use of different kernels.

The developed surrogate model M, (x) from previous step is employed on entire sample
set Xy to obtain Dy e, and the corresponding standard deviation 0Dy max of the

prediction.
Using the surrogate model prediction from the previous step, limit state evaluation is
performed for each sample in X’y using Equation 1.
Next, the learning function L(X) is calculated which steers the sample selection process
and is formulated as [20]:

Jg(X)I @)
UDk,max (X)
where, §(X) is the limit state evaluated using mean Dy, ;nq, Obtained from M; (x). From
Equation 3, a lower value of the learning function indicates that the sample is either close
to the limit state classification boundary or yielding higher prediction errors. Intuitively,
the sample with the lowest value of the learning functions can be termed as the “critical”
sample x*.
If L(x*) = 2, the mean prediction is at least 2 standard deviations farther from the limit
state classification boundary. This corresponds to a probability of misclassification of
0.023 [20]. Hence, this is considered as the stopping criterion, and the surrogate model
training is stopped after this step. However, if L(x*) < 2, sample x* is added to the set
J and the CFD analysis is performed to obtain its corresponding demand Dy, 4. The
algorithm goes back to step 3 and the process repeats.

L(X) =

The number of samples required to train M, (x) through this process are 53, 36, and 79, for
building 1, building 2 and building 3, respectively. In total, the number of unique samples
analyzed from X'y accounts for 32.33% (97 samples) of the total sample size, highlighting a
substantial reduction in computational cost achieved during the development of surrogate
models. Subsequently, developed surrogate models M;, (x) are used to derive topology-aware
parameterized fragility models, as outlined in the next section.

2.3 Topology-aware parameterized fragility model development

The topology-aware parameterized fragility models are developed by conditioning the
estimate of failure probability on spatial layout parameters of a building, along with parameters
of hazard intensity measures. Given the closed-form functional expressions of the logistic
regression model [29], it is used to develop topology-aware parameterized fragility models.
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Accordingly, the parameterized fragility models have the following formulation:

1
Pre(Gre(®) < O01%) = Prje = exp[—L, (X)]

4)

where, P, (Gx(x) < 0]x) is the probability of failure (also denoted as P ) for k" building
given the vector of input parameters x, and [, (x) is a function containing polynomial terms of
x along with model estimated coefficients.

The parameterized fragility model development begins with generating a larger experimental
design set X consisting of 50,000 samples using the Latin-hypercube sampling strategy to
comprehensively cover the different parameter combinations for parameters in Table 1. The
developed surrogate models M, (x) enable rapid prediction of Dy g, for each sample in X.
Subsequently, the limit state evaluation (Equation 1) is performed for each sample in X to
classify each sample as a failure or survival case (considering window failure). The
classification of each sample is stored in a binary vector by, with 1 representing failure case
and 0 representing survival. Finally, the dataset pair {X, b, } is used for training the topology-
aware parameterized fragility model, which has the formulation shown in Equation 4.

Table 2: Performance of the developed topology-aware parameterized fragility models on test dataset

Precision Recall F1-score accuracy
Building 1 0.99 0.99 0.99 0.99
Building 2 0.99 0.99 0.99 0.99
Building 3 0.95 0.95 0.95 0.96

The {X, b, } dataset is split into two sets: 90% of the dataset is used for training, and 10%
of the dataset is reserved for testing the model performance. Table 2 shows the performance of
topology-aware parameterized fragility models evaluated using different metrics of confusion-
matrix, and the model estimated expressions of [, (x) are:

I, (x) = —40.35 + 9.13S + 10.88H,, + 0.14 T, + 1.40U — 0.002L,, + 0.01dy + 0.001d,
+0.01e 4 0.06b, + 0.011; — 0.01b, — 0.01, + 0.07b5 — 0.008l;

1,(x) = —43.38 + 9.77S + 12.67H,, + 0.01 T,, + 0.42U + 0.03L,, + 0.002dy + 0.001d, 5)
—0.003e + 0.05b, + 0.003[, — 0.0004b, — 0.0041, + 0.01b; + 0.061,

1;(x) = —15.90 + 3.56S + 2.55H,, — 0.02 T,, + 0.51U + 0.047L,, — 0.0003d, + 0.049dy
—0.014e — 0.01b, + 0.021; + 0.02b, — 0.091, + 0.01h5 — 0.00115

3 DISCUSSIONS

To highlight both types of effects of neighboring structures—shielding and channeling—
fragility curves conditioned on the surge height are generated using the developed topology-
aware parameterized fragility models for the windows, while keeping other model parameters
constant. Table 3 shows two cases of different layout parameters with constant hazard and
building geometry parameters selected for demonstration purposes, and the fragility curves are
shown in Figure 3 (a) and (b) along with a schematic sketch of building layouts.
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Table 3: Parameters used to generate fragility curves based on developed topology-aware parameterized
fragility models

Casel |H, = 05%«Sm,T, =5s,U= 1.0m/s,L, = 25m,dy =40m,d, =5m,

e=7m,by =20m,l; =15m,b, =20m,l, =15m,b; =10m,l3 =15m
Case2 |H, = 025*Sm,T,, =5s,U= 1.0m/s, L, = 50m,dy =5m,d, =40 m,
e=10m,b; =20m,l; =15m,b, = 20m,l, = 15m,b; = 10m,l3 = 15m
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Figure 3: Fragility curves generated using parameters of (a) case 1 and (b) case 2, listed in Table 3

The parameters corresponding to case 1 represent shielding effects since the fragility curves
show a reduction in the fragility of window damage for building 3 compared to building 1 and
building 2, as can be observed from Figure 3 (a). Statistically, the median value of fragility (in
terms of surge elevation) changes by 24.1% from building 1 (located in row 1) to building 3
(located in row 2), highlighting the importance of incorporating the effects of neighboring
structures. Case 2 corresponds to the channeling effect for building 3, which shows an increase
in fragility for window damage compared to buildings 1 and 2 (Figure 3 (b)). However, as the
surge height increases, the channeling effects are diminished, and the failure probability
differences converge as the hydrostatic loads due to surge height start dominating the window
failure. These two examples highlight the substantial effects of neighboring structures on
building fragility and showcase the importance of considering the impact of neighboring
structures in regional risk assessment studies.

4 CONCLUSION

Motivated to refine the regional risk assessment studies for dense coastal residential
infrastructure, this study demonstrates computationally efficient methodology to develop
topology-aware parameterized fragility models considering the effects of neighboring
buildings. The impact of neighboring structures on demand modification under storm surge and
wave loads is captured through physics-based numerical computational fluid dynamics (CFD)
analyses, including the neighboring buildings in the fluid-analysis domain. Constraints on
parameterized fragility model development imposed by computational cost of CFD analysis
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due to the addition of neighboring buildings is alleviated through developing surrogate models
to accelerate the fragility derivation process. The development of surrogate models is guided
through the component limit state function using an active learning strategy to further reduce
the computational cost of developing surrogate models itself as it relies on CFD analysis.

To illustrate the proposed methodology, topology-aware parameterized fragility models are
developed for one component of the building, i.e., windows. The fragility estimates derived for
two example scenarios highlight the pronounced significance of neighboring buildings on
fragility modification. As such, future studies will extend this work to develop parameterized
fragility models for other failure modes and components, along with other design details and
configurations of residential buildings to refine regional risk assessment studies.
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