
Real-Time Risk Assessment of Bridges Subject To
Storm-Induced Scour

Neandro DeMello1 and Jennifer A. Bridge2,*

Submitted: 06 February 2026 Accepted: 23 March 2026 Publication date: 10 April 2026

DOI: 10.70465/ber.v3i2.79

Abstract: This paper presents a novel, proof-of-concept, model-free bridge-pier structural assessment framework that can
be used to evaluate risk during a storm event or as part of planning exercises. This framework is built on a pre-generated
library of bridge-pier failure surfaces—curves that define failure limits for combinations of scour, wind speed, and surge
heights—for a range of structural configurations and site conditions. Bridge failure surfaces—generated with basic user
inputs—are coupled with real-time storm forecast data to rapidly perform fragility-based risk assessment through Monte
Carlo simulations. The resulting fragility curves provide maintenance engineers with actionable information, in the form
of estimated failure probabilities, for the bridge of interest as the storm evolves. The results can be combined with real-time
scour hole measurements to provide decision support for emergency response as the storm approaches.

The risk assessment framework has been demonstrated on a case study bridge near Cedar Key, Florida, which was
in the path of two hurricanes: Ian (2022) and Idalia (2023). The results illustrate how the framework generates fragility
curves that are specific to the bridge and the data provided in each storm advisory, without the need to perform detailed
finite element analyses. In addition to providing real-time risk assessment, the concepts presented in this paper are also
well-suited to performing scenario planning for bridge inventories that may be subject to storm-induced damage. By
using historical or projected storm data, bridge vulnerabilities can be explored to inform emergency planning or prioritize
bridge maintenance.
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Introduction

River-crossing and coastal bridges have become more vul-
nerable to storm-induced demands in the past few decades,
with flood-induced scour being one of the leading causes
of bridge failures in the United States and China.1–4 Scour
is most often monitored via periodic inspections by trained
divers to determine the extent of scour at the time of
inspection;5 however, underwater inspection is not a practi-
cal or safe approach to scour risk assessment ahead of and
during a storm event. As a storm approaches a region, it
is critically important for bridge maintenance engineers to
monitor the risk that bridge instability will occur so they
can make informed decisions regarding the necessity and
timing of bridge closures and to direct post-event structural
evaluation for timely return to service.
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Approaches to predicting local scour levels either
empirically,6,7 numerically,8,9 or using emerging machine
learning approaches10,11 provide estimates of maximum
scour under constant water velocity; however, these methods
have not been applied to provide real-time scour assessment
under evolving flow conditions.

Scour hole monitoring devices provide insight into
the development of scour holes that may result in pier
instability,12,13 and bridge owners are investing in the instal-
lation of hardened wireless scour sensors designed to
withstand storm conditions;14 however, current approaches
to risk assessment require scour measurements to be coupled
with detailed finite element (FE) models and anticipated
wind and storm surge loads. The practicality of performing
timely and accurate pier stability risk assessment for bridges
located in the path of incoming and potentially damag-
ing storms is limited by the requirements for detailed FE
analysis of each bridge and by the uncertainty associated
with predicted storm loads. Furthermore, this approach only
provides a snapshot of bridge response for a specific com-
bination of scour hole depth and estimated storm-induced
loads, without providing information regarding the potential
onset of bridge instability for a range of demand combina-
tions from an evolving incoming storm.

Failure surfaces provide a binary evaluation of which
combinations of demands (intensity measures) will result in
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the structure exceeding a pre-defined limit state, eliminat-
ing the need for a full FE analysis. A generalized failure
surface—derived from the bridge’s geometry and member
sizing—is calibrated for a specific site using local soil data.
Storm-induced failures predicted by a calibrated failure sur-
face have been shown to align closely with results from
bridge-specific FE models, yielding detailed insight into the
onset of instability across various scour, wind, and surge
combinations.15

Fig. 1 shows a failure surface that informs whether a
specific bridge has experienced plastic articulation of the
pile bents for combinations of wind speed, surge height,
and scour hole depth. Combinations of demands that reside
above the surface will result in the specified failure.

Figure 1. Representative failure surface.
Combinations of demand (i.e., wind speed, surge

height, and scour hole depth) that lie on or above the
surface are considered failure combinations

A library of failure surfaces can be assembled either for a
single bridge (covering multiple limit states) or for a class of
similar bridges (each surface representing a distinct configu-
ration). To evaluate a particular bridge, a generalized surface
is first selected and then adjusted to reflect the site conditions
at the bridge. The breadth of the library dictates the library’s
applicability; it must encompass the design space, demand
ranges, and failure criteria relevant to the bridges being
evaluated.

For scenario planning, a failure surface library can
support risk assessment of individual bridges or entire inven-
tories against storm events. By providing hurricane-specific
demand data—from either historical storm records or model
outputs from tools such as SLOSH16 or HWRF17—planners
can identify vulnerable bridges and develop effective emer-
gency response and maintenance strategies. Examining
infrastructure vulnerabilities through planning exercises can
help create effective emergency response and maintenance
resource allocation plans.18,19

Decision support systems (DSS) accelerate hazard
response actions.20,21 Fragility curves, which provide the
probability of a structural limit or damage state being
exceeded given a measure of demand intensity, have been
proposed as a component of DSS for the management
of infrastructure subject to natural hazard events.19,22,23

The research presented herein offers a data-driven decision
support tool that builds upon the failure surface concept15

by developing a methodology for performing fragility-
based risk assessment for hurricane-induced failure using
National Hurricane Center (NHC) forecast data, real-
time scour measurements, and a selected failure surface
for the bridge of interest (BoI). The fragility-based risk
assessment framework eliminates the need to perform FE
modeling of individual bridges and provides near real-
time risk assessment tailored to a specific storm forecast in
relation to the BoI location.

The novel contribution of this research is a decision
support framework that combines: 1) the concept of failure
surfaces compiled in a library for rapid “lookup” of demand
combinations that result in failure, 2) the near real-time
generation of fragility curves for a specific bridge subject
to a forecasted storm, and 3) real-time, bridge-located mea-
surements. This paper describes the process for creating a
library of failure surfaces and demonstrates how they can be
integrated with a probabilistic wind field model and coupled
with real-time scour hole and water level measurements to
evaluate storm-induced risk. This risk assessment frame-
work is demonstrated for a case study bridge using NHC
forecast advisories for Hurricanes Idalia and Ian, producing
advisory-specific fragility curves that estimate failure proba-
bilities as the storms evolve. While the case studies presented
in this paper were not evaluated with measured data during a
storm, this research provides a proof-of-concept that can be
built upon in future studies to provide near real-time bridge-
safety decision support.

Library of Generalized Failure Surfaces

A bridge class in Florida was selected to illustrate the gener-
ation of a library of generalized failure surfaces. The creation
of the library requires definition of the parameter space it
will represent and analysis of simplified, nonlinear FE mod-
els to evaluate responses to a range of projected demands.
The selected bridge type—reinforced concrete pile bents
with a prestressed concrete superstructure (Fig. 2)—is com-
mon in Florida and vulnerable to scour-induced instability
during hurricane events. The bridge design and associated
parameters were determined following Florida Department
of Transportation (FDOT) design guidelines24 and consul-
tation with FDOT engineers. The American Association of
State Highway and Transportation Officials (AASHTO) and
Federal Highway Administration design standards25 were
used to supplement FDOT’s guidelines where applicable.

The final set of independent parameters defined for the
library creation included the pile size, number of piles, beam
size, general soil type (represented by the standard penetra-
tion test [SPT] blow count, N), initial channel depth, design
wind speed for the structure, and demands for scour, wind,
and surge, as shown in Table 1.

From these independent parameters, all other variables
could be derived, including structural geometry (e.g., deck
geometry, bent geometry, pile spacing), modeling parame-
ters (e.g., pile embedment length), and load cases.
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Figure 2. Illustrative drawing of pile bent pier and
girder deck superstructure. W D is deck width, OD is
deck overhang, OBC is bent cap overhang, S is pile

spacing, and D is pile size

All FE modeling and analyses were performed using the
FB-MultiPier (FB-MP) software package. FB-MP focuses
on design-oriented applications and was developed to auto-
matically generate FE models given geometric definitions
of the structure and foundation systems. FB-MP analyses
couple nonlinear structural FE models with nonlinear soil
models to provide robust analysis of bridge piers for axial,
lateral, and torsional behaviors. The library generation took
advantage of FB-MPs “One Pier Two Span” (OPTS) tem-
plate and used springs and lumped masses calibrated to
equivalently represent multi-pier and multi-span bridges.26

The OPTS model was previously validated using response
data obtained from full-scale bridge-pier barge-collision
experiments.27

This parameter space resulted in an initial requirement
for 201,600 FE models to generate the library. Furthermore,
84 load cases per FE model would be required to represent
all possible loading conditions. Two approaches were used to
manage the computational expense of creating and analyzing
FE models for all combinations of structural parameters

and loading conditions. The first approach removed permu-
tations of structural parameters that resulted in unfeasible
bridges (e.g., combinations of pile sizes, numbers of piles,
and beam spacings that are not allowable or geometrically
possible), thus reducing the number of required FE mod-
els by 67.6% to 65,290. The second approach focused on
decreasing the number of required modeled load cases while
still capturing the results of all load combinations. By apply-
ing a resultant moment in place of wind and flood loading
combinations, only eight distinct load cases were required,
resulting in a 90.5% reduction in analysis runtime for a given
permutation of structural parameters.26

The failure condition considered in the construction of
the failure surfaces was lateral failure of the pier in the form
of a plastic hinge developed in the bent. Lateral failures have
been observed as a leading cause of scour-induced failures
in bridge piles, with most lateral failures attributed to the
formation of a plastic hinge.28 Though two plastic hinges
are required for collapse, the formation of the first hinge is
considered an ultimate limit state in this study. Following the
approach in Ahamed, et al.,5 plastic hinges were considered
to have occurred when lateral displacement (in the direction
of loadings) at the pile head exceeded a limit-state displace-
ment (Δlim). To identify Δlim for each structural permutation,
a pushover analysis was performed, where monotonically
increasing point loads were applied to the structure and
the associated lateral displacement at the pile head was
extracted. Once pushover analysis was complete, a force–
displacement curve specific to the structural permutation
was created, from which Δlim was extracted.

Python scripts were developed to generate and analyze
all FE models, extract output (lateral displacement at pile
heads), and plot associated failure surfaces. Fig. 3 is a
flowchart illustrating the failure surface library generation
procedure.

With a full, generalized failure surface library created, the
user can generate a structure-specific failure surface by pro-
viding information on the structural configuration and site
conditions for the BoI as detailed in DeMello and Bridge:15

first, a family of failure surfaces that matches the structural

Table 1. Summary of independent variables required to create the library of baseline failure surfaces, upper and lower bounds
of parameter range, parameters range increment, and range size

Parameter Units Lower bound Upper bound Increment Range size

Pile size mm 457 762 varies 4
Number of piles – 3 8 1 6
Beam size mm 914 1600 229 4
Number of piers – 1 5 1 5
Soil type N 10 50 20 3
Initial channel depth m 1.8 4.6 0.9 4
Design wind speed m/s 53.6 80.5 4.5 7
Scour hole depth m 0 6.1 1.5 5
Forecast wind speed m/s 40.2 89.4 4.5 12
Forecast surge height m 0.00 5.5 0.9 7
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Figure 3. Flowchart illustrating procedure for
creating the library of failure surfaces. FE, finite

element

configuration is identified, and then a soil homogenization
technique, which provides a single SPT blow count surro-
gate that is representative of the heterogeneous soil profile,
is applied to further refine the failure surface for the soil
conditions at the site of the bridge.

Fragility-Based Risk Assessment

Once a bridge-specific failure surface has been generated,
rapid and model-free risk assessment can be performed
when combined with predicted storm-specific demands and
measured scour. To estimate predicted wind demands on
the BoI’s piers given forecast hurricane data, Monte Carlo
simulations are performed of a pre-defined wind field model
with input values randomly sampled from marginal proba-
bility distributions. In this proof-of-concept study, the surge
height was considered as a deterministic variable in the risk
assessment process since it could either be a measured value
as part of a bridge monitoring system or taken as the highest
value provided in each forecast range for a conservative
risk assessment. A coupled probabilistic representation of
surge and wind could be considered in future development of
the approach for a more refined, but more computationally
demanding, assessment of risk. The results of the current
approach are fragility curves—representing the high and low
forecasted surge levels—that are specific to a BoI and incom-
ing storm, with scour hole depth as the primary intensity
measure.

Real-time assessment is performed considering forecast
data for an incoming storm event taken from the NHC’s
forecast advisories. NHC tracks storms across the Gulf,
Atlantic, and Pacific coasts of the United States and pub-
lishes advisory reports (“Forecast” and “Public” advisories)
every six hours. Advisories contain forecast information on,
among other things, the storm’s projected track (given as

a latitude and longitude pair), central pressure, intensity
(maximum sustained and gust wind speeds), and size for
eight forecast periods: 0, 12, 24, 36, 48, 72, 96, and 120 hours,
with 0 hours being the actual storm data at time of advisory
publication.

Wind field model

To determine the failure probability of a bridge pier given
a hurricane forecast, information on the failure wind speed
and the probability of exceeding the failure wind speed is
required. Failure wind speed is taken from the bridge-specific
failure curve for a given combination of surge height and
scour hole depth. In mathematical form:

PF (pier)|FC = P
(
VWS ≥ VWS,fail|(SC, SG)

)
(1)

where PF (pier)|FC is the probability of pier failure given
storm forecast data (FC), V WS is the estimated wind speed
at the BoI, VWS,fail is the failure wind speed, SC is the scour
hole depth, and SG is the expected surge height taken from
the hurricane forecast. Therefore, to calculate the probability
of failure (i.e., expected wind speeds exceeding failure wind
speeds for a particular forecast), it is necessary to define a
wind field model to compute V WS at the BoI.

The Jakobsen and Madsen’s site-specific parametric wind
field model (“JM model” hereafter) was selected to perform
these estimates. The JM model provides estimates of tangen-
tial and radial velocity components of wind speeds at 500
m above sea level at a given distance DR from the storm.29

A conversion factor of 0.8 is used to convert computed
wind speeds from a height of 500 m down to surface (10
m) wind speeds.30,31 Li and Spence32 outlined an approach
to determine resultant wind speeds at a location of interest
considering tangential and radial components from the JM
model and the storm’s translational speed. However, as was
demonstrated by Jakobsen and Madsen, a hurricane’s radial
component of velocity will be negative due to the pressure
differential between the storm’s eye and outer regions pulling
surrounding air inward. Therefore, resultant wind speeds
determined following Li and Spence tend to be lower (yet
more representative) than those considering only the tangen-
tial component of velocity. To ensure conservatism in the
final risk assessment, the framework determines the proba-
bility of failure considering only the tangential component
of velocity given by:

Vtan = 0.8Vmax

[√
r′−B exp

(
1 − r′−B) + a2r′2 − ar′

]
,

r′ = DR

Rmax
, a = fRmax

2Vmax
(2)

where Vtan is the tangential velocity at distance DR from
the storm’s center, 0.8 is the conversion factor from 500
m to surface, V max is the maximum wind speed, B is Hol-
land’s parameter, DR is the great-circle distance from the
storm’s center to the location of interest, Rmax is the radius
of maximum winds, f is the Coriolis parameter given by
2Ωsin(Ψ ), Ω is the rotation rate of the earth (7.2921 e-5 s−1),
and Ψ is the storm’s latitude. The inflow angle, α, is defined
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as tan−1(−Vrad /Vtan) and typically has near-surface values
between −20° and −25°, resulting in a 6–10% conserva-
tive overestimation of the total velocity when using V tan.33

Fig. 4 is a simple illustration showing V tan, DR, Vmax, and
Rmax. Typically, the JM model takes the radius of maximum
winds, Holland’s parameter, and central pressure deficit
(i.e., difference between atmospheric air pressure and the
storm’s central pressure) as parameters and returns both
components of velocity (tangential and radial). The radius
of maximum winds and Holland’s parameter are presumed
known, and central pressure deficit is used to estimate max-
imum wind speed using:

Vmax =
√

BΔp

eρa

(
1 + α2

m

) (3)

where Δp is the central pressure deficit, e is Euler’s number,
ρa is air density, and αm is the deflection coefficient.

Figure 4. Illustration of V tan, DR, Vmax, and Rmax

relative to the hurricane

For application by the framework, however, different
input parameters were required due to the data available
in NHC’s advisory reports. Since NHC already provides
estimated maximum sustained and gust wind speeds (both
in the present and as forecast), Δp was replaced as input by
Vmax. Furthermore, B and Rmax are not provided in NHC’s
advisory reports but can be estimated using information
from NHC’s advisory reports. For Holland’s parameter, the
regression fit used by the Florida Public Hurricane Loss
Model v5.0 was used:34

B = 1.74425 − 0.007915 (Ψ ) + 8.4
(
10−6

)
Δp

+ 0.005024(Rmax) (4)

where Δp, the pressure deficit, is given by re-writing Dvo-
rak’s fit, Eq. (5), for the North Atlantic data with pc as the
dependent variable.35,36,37 This approach was chosen because,
while NHC provides the central pressure of the storm at
present time (i.e., when the advisory is published), it is not
part of the forecast data. By re-writing Dvorak’s fit, the
forecasted maximum wind speed from NHC can be used to
determine central pressure at a given forecast period, and by
extension Holland’s parameter

pc = 1015 −
(

Vmax

3.92

)1/0.644

(mb) (5)

To determine Rmax, the procedure outlined by Chavas and
Knaff38 using absolute angular momentum of the storm was

used. The procedure uses storm data from NHC advisory
reports and relates angular momentum at the outer region of
the storm (Mout) to the angular momentum at the storm’s eye
wall (Mmax). The relationship between Rmax and Rout can then
be understood as the fractional loss of angular momentum
between outer and inner regions. Therefore, to determine
Rmax, first the angular momentum of the outer region is
computed using:

Mout = RoutVout + 1
2

fR2
out (6)

where Rout is the radius to outer region, V out is the velocity in
the outer region, and f is the Coriolis parameter. Advisory
reports provide information on the storm size as distances
from the storm center to regions of threshold wind speeds in
four quadrants. Following Chavas and Knaff,38 Rout in the
framework is taken as the mean of storm radii associated
with 34 kts (62.7 km/h). Following computation of Mout, the
angular momentum for the inner region (Mmax) is computed
using:

Mmax = Mout (0.606) exp
[(−4.84

(
10−3

))
(Vmax − Vout)

+ (−1.44
(
10−3

)
) (Vmax − Vout)

(
1
2

fR2
out

)]
(7)

where Vout is defined as 34 kts (62.7 km/h). Finally, Rmax is
computed using the relationship between Mout and Rmax:

Rmax = Vmax

f

(√
1 + 2fMmax

V 2
max

− 1

)
(8)

where all terms follow prior definitions.

Random variables and associated distributions

Monte Carlo simulations begin with a defined model—
numerical, computational, or empirical—and repeatedly
sample its inputs from probability distributions. Analysis
of the outputs from the randomly sampled inputs can then
be performed to extract meaningful insights. To generate
realizations of V tan, probability distributions and associated
shape parameters for V max and DR needed to be defined.
Furthermore, because the framework was developed to take
NHC forecast storm data, it was desirable that the distribu-
tions were defined based on NHC model errors.

At the end of every hurricane season, NHC performs
model verification studies comparing the forecasted storm
data (namely, intensity and track) from their models to avail-
able post-storm “best-track” data. NHC then publishes a
report summarizing the findings with forecast errors associ-
ated with each forecast period.39 Forecast errors are reported
for the year in question and as an average of the errors
from the previous 5 years. NHC also provides access to
their error database extending back to 1970 for all tracked
events.40 Using the information from NHC’s model verifica-
tions (database and reports), the probability distribution for
Vmax was assumed Gaussian:

Vmax ∼ N
(
Vmax + μe,it, σe,it

)
(9)
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where μe,it and σ e,it are mean and standard deviation, respec-
tively, computed from NHC’s intensity model error database
for a given forecast period. The probability distribution for
DR, however, could not be directly defined since it is a
function of the bridge and storm geographical coordinates
(latitude and longitude). Therefore, random values for DR

were obtained by randomly sampling track model errors
(cross-track and along-track) from NHC’s database and
calculating DR for each sampled coordinate pair. Following
the approach in Li and Spence, for a given forecast period,
cross-track errors were associated with storm latitude (Ψ FC,p)
and along-track errors were associated with storm longitude
(λFC,p).32 Therefore, the probability distribution for cross-
track (along-track) was similarly assumed Gaussian:

ΨS,p ∼ N
(
ΨFC,p + μe,ct, σe,ct

)
(10)

λS,p ∼ N
(
λFC,p + μe,at, σe,at

)
(11)

where Ψ S,p and λS,p are sampled latitude and longitude for
a given forecast period, μe,ct and σ e,ct (μe,at and σ e,at) are the
mean and standard deviation, respectively, computed from
NHC’s track model error database for given forecast period.
Table 2 provides values used in the framework for μ and σ

for intensity, cross-track, and along-track errors for each
forecast period.

Failure probabilities

To calculate failure probabilities for a bridge pier in the BoI,
the framework performs n Monte Carlo simulations in real
time to create n-number of estimated outputs (V tan). As is
established, estimates of model output obtained using Monte
Carlo simulations become more meaningful (i.e., smaller
coefficient of variation [CoV]) with a greater number of
model simulations. To determine the approximate number of
runs, n, required to obtain a meaningful estimate of failure
probabilities, Consolazio et al.41 presented an approach that

uses CoV and an initial estimate of failure probability, given
by:

n = 1 − p
δ2 · p

≈ 1
δ2 · p

(12)

where δ is the CoV and p is the initial estimate of failure
probability. Values of CoV less than or equal to 0.1 are
sufficient for meaningful estimates of failure probabilities.40

An initial estimate of failure probability, however, is not
always known—typically requiring alternative methods to be
determined or through additional Monte Carlo simulations.
However, because Monte Carlo simulations are not an effi-
cient means of estimating small failure probabilities (i.e., less
than 0.01), p was set equal to 0.01 in Eq. (12).35 Therefore,
when performing fragility analysis, the framework samples
n = 10,000 (ten thousand) independent realizations of input
parameters, resulting in a random variable vector, Vtan,
containing n number of V tan (bolded variables are used
to distinguish between random variables and deterministic
single-value variables).

Using Vtan, failure probabilities are computed as the ratio
of the number of model outputs (i.e., V tan) that exceeded
the pre-defined limit-state to the total number of input
realizations. Expanding on Eq. (1), failure probabilities are
calculated using:

PF (pier)|FC = P
(
VWS ≥ VWS,fail|(SC, SG)

)
= P

(
Vtan ≥ VWS,fail|(SC, SG)

)
= 1

n

n∑
i=1

I(Vtan,i) (13)

where n is the number of realizations and I(V tan,i) is an indi-
cator function of ith V tan, with the value given by Eq. (14)

I
(
Vtan,i

) =
{

1, Vtan,i ≥ VWS,fail

0, otherwise
(14)

Table 2. μ and σ for intensity, cross-track, and along-track error distributions

Forecast period Intensity Cross-track Along-track

μit σ it μct σ ct μat σ at

(hrs) (kts) (kts) (deg) (deg) (deg) (deg)
0 −0.2 4.0 0.0167 0.0716 0.0016 0.0883
12 1.7 9.9 0.0000 0.2367 −0.0700 0.2483
24 2.2 13.5 −0.0150 0.3467 −0.1333 0.3867
36 1.9 14.9 0.0000 0.4567 −0.2167 0.5450
48 1.9 15.5 0.0283 0.5900 −0.2816 0.7300
60 1.3 13.7 0.0367 0.6333 −0.1950 0.9083
72 2.5 14.9 0.1283 0.8650 −0.4316 1.2216
96 1.3 15.8 0.2733 1.2200 −0.4500 1.3833
120 −1.5 16.5 0.3483 1.6300 −0.7783 1.9183
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Fragility Curves

For a given forecast advisory, the framework begins by eval-
uating the great-circle distances between the storm’s current
location, the storm’s discrete forecasted locations, and the
BoI’s location. The framework uses the distances to identify
the forecasted storm locations (separated by six hours) clos-
est to the BoI, and their respective forecast periods. Using
storm location coordinates, vector algebra is performed to
find the coordinate pair nearest the BoI, (Ψ̃ , λ̃), that lies
on the segment between the two identified storm forecast
locations. If the distance between the BoI and the nearest
point, D(Ψ̃ , λ̃), is less than the distances from the BoI to the
identified storm forecast locations, D

(
ΨFC,Pi, λFC,Pi

)
, then

the new point is selected by the framework as the storm
location to be used in the assessment. Fig. 5 provides an illus-
trative example showing three forecasted storm locations,
distances to the two forecast locations nearest the BoI (star
in the figure), and the distance to the point nearest the BoI
on the forecasted track.

Figure 5. Illustrative example showing different
forecast locations, distances between BoI and

forecasted locations, position on forecasted track
nearest BoI, and distance to nearest point

By re-positioning the storm to the point on its projected
path nearest to the BoI, the framework can better handle
situations where the BoI lies between the two nearest fore-
cast periods. When the BoI is between two forecast period
locations, it is possible to obtain a null fragility curve (i.e.,
0% probability of failure for all damage states) if the distance
between the bridge and forecasted storm locations is large
enough. This occurs because the JM model appropriately
returns low wind velocities when the point of reference
is far away from the storm’s center. Therefore, when per-
forming fragility analysis, the framework would compute
zero probability of failure despite forecasted track indicating
that the storm is expected to directly impact the bridge.
By re-positioning the storm to the nearest point, computed
distances between the storm’s eye and the bridge are only
ever large when the storm track itself is far from bridge
(i.e., storm not expected to directly impact the bridge). This

allows the framework to conservatively perform fragility
analysis by simply moving the worst of the two identified
forecasts (i.e., the one with the higher forecasted maximum
wind speeds) to the point on the forecasted track nearest the
BoI. Furthermore, this approach does not require additional
forecast modeling for storm data at the new (re-positioned)
coordinates. If the distance to the nearest point matches the
distance to either of the identified forecast periods, then
no re-positioning is required, and the framework selects the
storm data associated with the forecast period that is nearest
the bridge. Fig. 6 is a flowchart summarizing the procedure
to identify which storm forecast data to use in the fragility
analysis.

Figure 6. Flowchart of procedure to select storm
data for fragility analysis. NHC, National Hurricane

Center

Having identified which forecast period and associated
storm data to use, the framework independently samples a
value for Vmax, Ψ FC,p, and λFC,p from their respective distribu-
tions (Eqs. (9)–(11)) and passes the sampled values as inputs
into the JM model. Using the bridge-specific failure surface
along with a forecasted range of surge heights, the frame-
work defines V WS,fail for each increment of scour hole depth.
Then failure probabilities are computed for each increment
of scour hole depth and plotted against scour hole depths
to generate bridge- and forecast advisory-specific fragility
curves. Fig. 7 is a flowchart summarizing the procedure used
by the framework to compute failure probabilities.

Risk Assessment Demonstration

Once the framework generates the failure surface associated
with a given BoI, the framework performs fragility-based
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Figure 7. Flowchart of fragility analysis procedure performed by framework

risk assessment using input hurricane data (forecasted or
simulated) and Monte Carlo simulations to provide main-
tenance engineers with fragility curves—probabilities of
failure associated with a range of scour values for a spe-
cific storm advisory. The time to perform risk assessment
considering 10,000 Monte Carlo simulations was measured
to be eight minutes on average per advisory using a 3-GHz
(4.6 GHz peak) CPU with 18 cores, 128 GB (4 × 32 GB) of
DDR4 RAM, and a Polaris 23 GPU. If a larger inventory
of bridges requires assessment as a storm approaches, a
parallelized computing approach could be adopted to ensure
the total runtime remains low enough for timely decision
support.

The demonstration presented herein is an application of
the risk assessment procedure to the S.R. 24 bridge in Cedar
Key, Florida. This bridge is one of three bridges covering
the parameter space provided in Table 1 and was previously
used to validate the failure surface approach to response
prediction.15 This bridge was selected because of its prox-
imity to the path of two recent hurricanes, representing a
realistic condition for the application and demonstration of
the risk assessment framework developed in this research.
The 110-m-long bridge, located on the Gulf coast in central
Florida, crosses the marshlands into Cedar Key and has
seven interior piers (i.e., located within the channel) com-
prised of five 0.46-m square piles that support a two-way
road (i.e., one lane in each direction). The soil at the site is
fairly homogeneous with medium cohesionless soil. Fragility
curves were generated using failure surfaces associated with
S.R. 24 and historical NHC advisory reports (forecasts) for
Hurricanes Idalia and Ian.

Hurricane Idalia

Idalia was a powerful storm that made landfall near Keaton
Beach, Florida (approximately 96.6 km from Cedar Key)
as a strong Category 3 hurricane (201.2 km/h maximum

sustained wind speeds) in August 2023. It was a highly
destructive hurricane, bringing devastating surges of 2.1 to
3.7 m across the northwestern coast of Florida, including
Cedar Key. NHC’s first advisory report was published on
August 26, 2023; however, for the presented demonstration,
fragility curves were created using forecast advisories 10
through 15. These advisories were selected because they
demonstrate the evolution of the storm’s track and capture
hurricane conditions from approximately 48 hours before
landfall up to the time of landfall.

Beginning with forecast advisory 10, the framework
computes distances between the BoI and each forecasted
location, D

(
ΨFC,Pi, λFC,Pi

)
, to identify the two forecast period

locations nearest to the BoI. Fig. 8 is a modified version
of NHC’s graphical representation of the forecasted track
presented in forecast advisory 10. FCPi in the figure indicates
the forecast period associated with each forecasted location
(e.g., FCP0 is the forecast of the storm at the time the
advisory is issued, FCP12 is the forecast for the storm 12
hours from the time of the advisory, etc.). The highlighted
forecast periods (orange box) are the two forecast locations
nearest the BoI. The framework then computes the dis-

tance to the nearest point, D
(
Ψ̃ , λ̃

)
, on the projected track

connecting FCP36 and FCP48. Since D
(
Ψ̃ , λ̃

)
is less than

D
(
ΨFC,P36, λFC,P36

)
—82.4 km and 111 km, respectively—the

framework re-positions FCP36 to the geographical coordi-
nates Ψ̃ , λ̃ and begins the fragility assessment.

Assessment begins by sampling n number of independent
realizations of V max, Ψ S, and λS using Eqs. (9)–(11), respec-
tively. Furthermore, because the storm was re-positioned,
Ψ FC,P and λFC,P in Eqs. (10) and (11), were replaced with
Ψ̃ , λ̃. The statistics used to define the marginal distributions
were taken from Table 2 for the given forecast period (i.e.,
FCP36). The sampled values are then passed into the JM
model to define Vtan (i.e., the random variable of estimated
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Figure 8. A modified version of NHC’s graphical representation of the forecasted track of Hurricane Idalia presented
in forecast advisory 10. Orange boxes highlight the two forecast periods nearest the BoI (yellow star). NHC, National

Hurricane Center

wind speeds at the BoI) following the procedure described
earlier. Furthermore, because NHC does not publish fore-
cast model errors associated with surge height forecasts,
surge heights are considered deterministically, and assess-
ment is performed leveraging bridge-specific failure curves
associated with the input surge height.

From advisory 10, the forecasted storm surge at Cedar
Key ranged from 1.83 m to 3.66 m. Therefore, values of
VWS,fail for each increment of scour hole depth were taken
from the bridge-specific failure curves associated with 1.83
and 3.66 m surge, respectively. Fig. 9a shows the generalized
failure curves for 1.83 and 3.66 m surge, and Fig. 9b shows
the fragility curves obtained from each failure curve.

Fig. 10 shows the fragility curves for forecast advisories
10 through 15. Table 3 is a summary of the forecast period
and data used to generate fragility curves for each advisory.
For ease of readability, only the fragility curves associated
with the upper bound of the forecasted surge heights are
shown.

NHC’s forecast advisories for Hurricane Idalia presented
consistent intensity forecasts after advisory 10, when the
upper bound of forecasted surge dropped from 3.66 to 3.05
m. As a result, the greatest difference between each subse-
quent advisory was the storm’s position relative to the BoI.
As subsequent advisories (11 through 15) were published,
it became evident that Idalia was veering away from the
BoI. This can be seen in Fig. 10 with failure probabilities
decreasing as more advisory reports were published. Fur-
thermore, according to the results presented in Fig. 10, S.R.
24 presented no significant risk of failure at the time of
landfall (advisory 15), regardless of scour hole depth. Fol-
lowing Idalia’s passage, FDOT inspected and subsequently

re-opened S.R. 24 within 12 hours of landfall, lending some
merit to the framework’s performance.

Table 2 summarizes the results of the analyses conducted
for advisories 10 to 15, showing the evolution of the pro-
jected wind velocities, distance of the projected track to the
BoI, and the probability of failure for no scour and 1.52 m
of scour. The highest probability of failure is given at the
earliest assessed advisory (advisory 10) when the projected
storm is three days from the BoI: a 25% probability of failure
is estimated for the projected storm conditions with just over
3 m of surge and 1.52 m of scour.

Hurricane Ian

Ian made landfall in southwestern Florida as a Category 4
hurricane in September 2022, producing devastating storm
surges and winds (249.5 km/h maximum sustained wind
speeds) and causing historic freshwater flooding across
much of central and northern Florida. Ian differed from
Idalia in that, as it neared the Florida coast, it signif-
icantly slowed down, resulting in the close proximity of
subsequent forecast locations. The presented fragility curves
(Fig. 11) were created using forecast advisories 14 through
19. Like Idalia, these advisories were selected because they
demonstrate the evolution of the storm’s track and capture
hurricane conditions starting approximately 72 hours before
landfall. The selected advisory reports do not capture hur-
ricane conditions at landfall because, by the time Ian made
landfall, the forecasted track had turned away from the BoI.

Fig. 11 presents the fragility curves for the selected fore-
cast advisories using failure curves generated from input
structural parameters for S.R. 24. Only fragility curves asso-
ciated with the upper bound of forecasted surge heights
are shown. From Fig. 11 it can be observed how failure
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(a) (b)

Figure 9. Outputs from the framework using input structural parameters for S.R. 24 and forecast storm data from
NHC’s forecast advisory 10 for Hurricane Idalia. (a) Failure curves for 1.83 and 3.66 m surge and (b) fragility curves

obtained from each failure curve for the same advisory

Figure 10. Fragility curves for various Hurricane Idalia advisory reports. Fragility curves were generated using the
upper bound of forecasted surge heights

Table 3. Summary of forecasted storm data for Idalia advisories. FCP is selected forecast, V WS is forecasted maximum gusts,
DBoI is distance from BoI to forecasted storm location, SG is maximum forecasted surge height, PF,0 and PF,5 are failure
probabilities for 0 and 1.52 m scour, respectively

Adv Num FCP VWS DBoI SG PF,0 PF,5

(hrs) (km/h) (km) (m)
10 36 241.4 68.9 3.66 0.08 0.25
11 24 241.4 194.5 3.05 0.06 0.21
12 24 249.4 71.5 3.05 0.06 0.16
13 12 225.3 171.3 3.05 0.00 0.04
14 12 257.5 132.7 3.05 0.00 0.00
15 0 257.5 101.3 3.05 0.00 0.00

probabilities increase as NHC forecasts Ian approaching
the BoI. The procedure captures the slowdown of Ian from
forecast advisory 15 to 16, resulting in a decrease in failure

probability due to Ian losing intensity in this period. Failure
probabilities increase once more for forecast advisory 17 as
the storm begins moving again and gains strength. However,
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Figure 11. Fragility curves for various Hurricane Ian
advisory reports. Fragility curves were generated

using the upper bound of forecasted surge heights,
shown in parentheses

as Ian turns east, away from the BoI, failure probabilities
drop once more until the BoI is out of Ian’s area-of-effect. A
summary of the forecast data is presented in Table 4.

Discussion and Guidelines for Applications

By leveraging a library of failure surfaces generated prior to
deployment and the presented risk assessment procedure, the
framework can quickly perform real-time or scenario hazard
planning structural assessment for a number of bridges that
may be impacted by storm events. Real-time assessment is
carried out by coupling real-time scour hole depth measure-
ments with storm forecast data from NHC for an incoming
storm. For a given bridge and forecast advisories specific
to the incoming storm, maintenance engineers can quickly
obtain fragility curves with scour hole depth as the primary
intensity measure. If available, real-time scour measurements
can then be used to identify the probability of failure for
the incoming storm and inform the likelihood of sustained
damage during the event. To use the output of this frame-
work for decision support, bridge engineers and emergency
responders will need to establish a failure probability thresh-
old that dictates if and when a bridge should be closed to

traffic; this threshold may depend on how far the storm is
from impacting the bridge and how critical the bridge is
for evacuation, among other factors. Even after closing the
bridge, a rising probability of failure will indicate a higher
likelihood of damage requiring post-storm assessment and
repairs.

Scenario hazard planning can be performed with pro-
jected (or measured) scour hole depths and simulated storm
data. Output fragility curves provide maintenance engi-
neers with granular information regarding the onset of pier
instability given a range of demand combinations. Scenario
hazard planning allows for regional assessment of a suite
of bridges (within the framework’s scope of applicability),
allowing engineers to design emergency evacuation routes
that are robust to specific storm conditions.

It is important to note that the framework’s scope of
application is limited to the scope of the pre-generated
library of failure surfaces; the framework, as presented,
should only be applied to pile bent pier designs with driven
square reinforced concrete piles supporting girder deck
superstructures crossing navigable waterways.

Recommendations for Future Work

The proof-of-concept risk assessment framework set surge
levels as a deterministic variable, rather than using a prob-
abilistic model that coupled surge with wind speeds. Future
work should evaluate how such a coupled model would
impact the results and determine whether the additional
computational expense would be warranted.

The modeling used in the generation of the failure
surfaces assumes the structure is performing as intended,
without accounting for possible deterioration or defects,
other than scour. Future research may consider incorpo-
rating bridge condition assessment information to update
the failure surface to reflect changes in capacity. In addi-
tion, the presented risk assessment framework is designed
to be data-driven, with scour hole measurements available
from the bridge before and during the storm impact. This
requires robust and environmentally hardened instrumenta-
tion, installation, and communication hardware.

Table 4. Summary of forecasted storm data for Ian advisories. FCP is selected forecast period, V WS is forecasted maximum
gusts, DBoI is distance from BoI to forecasted storm location, SG is maximum forecasted surge height, PF,0 and PF,5 are failure
probabilities for 0 and 1.52 m scour, respectively

Adv num FCP VWS DBoI SG PF,0 PF,5

(hrs) (km/h) (km) (m)
14 72 201.2 123.9 0 0.00 0.00
15 72 169.0 111.6 2.74 0.02 0.17
16 72 144.8 80.7 2.74 0.01 0.12
17 60 169.0 118.3 2.74 0.02 0.22
18 48 169.0 144.0 1.83 0.00 0.07
19 36 160.9 160.7 1.83 0.00 0.02
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A full-scale, real-time application of this framework on
several bridges instrumented for scour in a hurricane-prone
region would provide a validation opportunity and drive
improvements to ensure it is an effective decision support
tool for bridge engineers.

Conclusions

This study presents a procedure for rapidly performing
fragility-based risk assessment for bridges vulnerable to
storm-induced scour damage. This novel approach to eval-
uating storm forecast-specific failure probability is achieved
by coupling a pre-generated library of generalized failure
surfaces with a risk assessment procedure that uses rapid
Monte Carlo simulation of the JM model to estimate wind
speeds at the bridges of interest. The assessment framework
provides maintenance engineers with actionable informa-
tion—in the form of fragility curves—regarding a bridge’s
risk to input storm data without requiring additional FE
modeling.

The risk assessment procedure was demonstrated using
a real case study bridge (S.R. 24 in Cedar Key, Florida)
that had the potential to be impacted during two recent
hurricanes (Ian in 2022 and Idalia in 2023). The results
of the demonstration illustrate how fragility curves rapidly
generated by the framework in response to each hurricane
advisory can capture changes to a bridge’s risk due to
changes in the storm’s forecasted track and intensity as
it develops. Real-time scour measurements coupled with
storm-specific failure probabilities provide bridge engineers
with actionable information to support bridge closure and
post-storm action decision making.

Data Availability Statement

Framework output data is available upon request to the
authors. All national hurricane center forecast data is pub-
licly available at https://www.nhc.noaa.gov.
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