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Reliability assessment of existing post-tensioned concrete bridges is often based on finite element models whose sup-
port conditions and joint behavior are only approximately known. This can lead to inaccurate stiffness distribution,
force redistribution, and collapse resistance in the nonlinear model used for safety evaluation. This article proposes
a data-informed workflow for structural reliability assessment that combines numerical modeling and field vibration
testing. Operational modal analysis is used to identify modal frequencies and mode characteristics from ambient
vibration measurements collected using high quality accelerometers. The identified modal properties are then used
to calibrate a finite element model by matching the numerical and measured modal response, with particular attention
to support behavior and deck-pier connection stiffness. Reliability is subsequently evaluated for the calibrated bridge
using code consistent action models and flexural limit states in critical regions such as midspan sagging and internal
support hogging. Uncertainty is represented through random variables for key material properties, loading, prestress,
and model uncertainty, while resistance is estimated from nonlinear finite element simulations generated through
Latin hypercube sampling. The resulting workflow provides a transparent route from measured bridge dynamics to
a calibrated nonlinear OpenSees model and a reliability estimate that is consistent with the observed behavior of the
structure.

Keywords: operational modal analysis, bridge model updating, support calibration, structural reliability, post-
tensioned concrete bridge, model uncertainty

1. Introduction

Operational modal analysis (OMA) is now a stan-

dard route for identifying bridge dynamic proper-

ties from ambient vibration measurements with-

out requiring controlled excitation (Peeters and

De Roeck 2001; Reynders, Houbrechts, and De

Roeck 2012b). For existing bridges, however, the

value of OMA extends beyond modal identifica-

tion itself. It is particularly useful when uncer-

tain support conditions, joint behavior, and local
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boundary constraints must be inferred from the

measured response rather than prescribed from

simplified design assumptions. This is important

because a large body of bridge model updating

literature identifies support and boundary condi-

tions as some of the most influential and least

certain parts of a calibrated finite element (FE)

model (Huang et al. 2008; Jaishi and Ren 2007;

Cunha et al. 2012; Malveiro et al. 2018; Hester

et al. 2019).

That issue becomes critical when dynamic

model updating is intended to support safety

assessment rather than vibration interpretation

alone. If the bridge model used for nonlinear re-

sistance analysis does not reproduce the measured

stiffness distribution and support behavior, then

the inferred redistribution pattern, support region

demand, and collapse resistance may be misrepre-

sented. Monitoring informed reliability updating

has been explored in structural health monitoring

and Bayesian decision support frameworks (Ka-

mariotis, Chatzi, and Straub 2022, 2023), but most

bridge OMA studies stop at linear model updating,

condition assessment, or damage identification.

In prestressed concrete bridges, this interaction

is especially sensitive because deck continuity,

support restraint, and prestressing, all contribute

to the global response. For that reason, the present

study treats model calibration as a prerequisite to

reliability assessment rather than as a secondary

refinement.

The proposed approach is demonstrated on a

roadway bridge in Viana do Castelo, Portugal,

through a single continuous workflow from field

vibration data to structural reliability. First, OMA

is used to extract modal targets from ambient

vibration measurements. Second, those targets are

used to calibrate a linear FE model while enforc-

ing physically admissible support behavior. Third,

the calibrated support parameters are transferred

to a nonlinear FE model and propagated through a

reliability analysis based on direct nonlinear simu-

lations and model uncertainty factors. The central

objective is therefore not to compare two abstract

model classes, but to establish a defensible relia-

bility estimate for the actual bridge by grounding

the structural model in measured dynamic behav-

ior.

2. Data Informed Reliability Workflow

2.1. Bridge system and available data

The bridge is modeled as a post-tensioned deck

and pier system with asymmetric end supports and

a localized deck-pier interaction zone. The left end

behaves as a bearing supported abutment, while

the right end provides vertical support without

the same bearing idealization. The global in-plane

response is therefore sensitive to both translational

restraint and local deck pier connection behavior.

The study workflow is summarized as follows.

Ambient vibration data from high quality ac-

celerometers were assembled into a multi-setup

OMA problem. The resulting modal frequencies

and mode shape ordinates were then used as tar-

gets for a stagewise FE calibration procedure. The

calibrated support parameters were subsequently

transferred to a nonlinear FE model implemented

in OpenSees, which was used to generate a direct

sample of dimensionless peak live load factors

under uncertain material, load, and prestress vari-

ables. Finally, the sampled peak load response was

combined with resistance and load effect model

factors to estimate structural reliability.

2.2. Operational Modal Identification

The modal targets were extracted from a multi-

setup covariance driven stochastic subspace iden-

tification analysis carried out with the pyOMA2
workflow (Pasca and Margoni 2025; Pasca, Ses-

tieri, and D’Ambrogio 2022; Peeters and De

Roeck 2001; Reynders, Houbrechts, and De

Roeck 2012b; Dohler et al. 2011). The multi-

setup datasets were assembled through the Pre-

Global Estimation Re-scaling (PreGER) proce-

dure, and modal identification was then performed

with multi-setup stochastic subspace identifica-

tion (SSI-MS). Three ambient vibration datasets

were assembled from the field campaign, with two

common reference channels retained across setups

and roving channels used to extend the observable

bridge geometry. In the processed run used for

calibration, the records were resampled to 200Hz,

high pass filtered at 0.1Hz, low pass filtered at

40Hz, and truncated to the first 600 s of each
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setup before multi-setup assembly. The covari-

ance driven SSI analysis used 120 block rows and

a maximum model order of 120, after which stable

poles were clustered over the 0.2Hz to 40Hz band

using a 0.05Hz frequency tolerance.

This procedure follows the standard OMA logic

of extracting stabilization columns from a para-

metric pole cloud and then selecting representa-

tive poles from stable clusters (Magalhaes, Cunha,

and Caetano 2009; Reynders, Houbrechts, and De

Roeck 2012a; Brownjohn et al. 2010). Figure 1

shows the identification diagnostics. Since the re-

tained calibration modes lie below 10Hz, the fig-

ure is restricted to that low frequency range, where

the stable pole columns relevant to the bridge are

most clearly visible.

(a) (b)

Fig. 1. Operational modal identification diagnostics
from the multi-setup covariance driven SSI run, re-
stricted to the 0Hz to 10Hz band that contains the
calibration modes: (a) stabilization diagram and (b)
damping frequency distribution of the same pole set.

After stable poles were identified, representa-

tive modal vectors were phase aligned and re-

duced to the sensor space used in the calibration

model. The first three modes were retained be-

cause they are the dominant global in-plane modes

and carry the strongest information on support

condition sensitivity in the present bridge model.

The identified targets are listed in Table 1.

Table 1. Identified modal targets used for FE

calibration.

Mode Frequency [Hz] Damping ratio [-]

1 3.122914 0.0282
2 4.779113 0.0452
3 6.061945 0.0440

2.3. Finite Element calibration

The FE calibration was formulated as a stage-

wise updating problem rather than a single un-

restricted optimization. This choice follows the

bridge model updating literature, where progres-

sive updating is often used to avoid compensating

one modeling error with another and to main-

tain parameter identifiability (Cunha et al. 2012;

Malveiro et al. 2018; Hester et al. 2019). In the

present bridge, that issue is especially relevant at

the supports. Rotational restraint at the abutments

was therefore fixed near zero throughout the cal-

ibration because the actual support details do not

justify significant end moment restraint.

Mode pairing between measured and numerical

modes was performed automatically via a Hun-

garian assignment using a combined cost com-

prising relative frequency mismatch and a modal

assurance criterion (MAC) penalty. Once paired,

the residual vector for the optimizer was assem-

bled from weighted frequency residuals, MAC

residuals, signed mode shape differences in sensor

space, soft penalties for poor mode pairing, and

prior regularization on the active parameter set. In

compact form,

r(θ) =
[
wfrf , wMAC(1−MAC),

wφΔφ, rpair, rprior

] (1)

where θ is the vector of calibration parame-

ters, rf is the relative frequency residual, MAC

is the modal assurance criterion between paired

measured and numerical mode shapes, Δφ is

the signed mode shape residual in sensor space,

and wf , wMAC, and wφ are the corresponding

weights. The pairing term rpair penalizes unac-

ceptable frequency mismatch and low MAC, and

the prior term rprior regularizes the active param-

eters around physically reasonable initial values.

Similar residual based formulations are widely

used in bridge model updating to combine fre-

quency, shape, and regularization terms in a sin-

gle optimization problem (Jaishi and Ren 2007;

Cunha et al. 2012).

The optimization itself was staged. In Stage

1, the active variables were the left and right
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abutment vertical stiffnesses and the rotational

stiffness of the pier-deck joint, and the residual

vector emphasized frequency matching. In Stage

2, the vertical stiffness of the pier deck joint was

released, and the full residual vector, including

MAC and shape terms, was activated. Each stage

used a global differential evolution search fol-

lowed by local least squares refinement, with the

final mode pairing frozen before the local step.

This procedure proved more stable than releasing

all support parameters from the beginning.

2.4. Nonlinear Model and Reliability
Formulation

The calibrated support model was transferred to

a nonlinear finite element model implemented

in OpenSees (McKenna 2011; McKenna, Scott,

and Fenves 2010). Prestress was represented

through truss based tendon elements, and the

deck and piers were modeled with nonlinear sec-

tions. Concrete was modeled with the ASDCon-

crete1D uniaxial material, which provides a plas-

tic damage formulation with tensile and com-

pressive softening and optional regularization fea-

tures (OpenSees Documentation 2026). Reinforc-

ing and prestressing steel were represented with

explicit strain limits consistent with the section

level limit state checks adopted in the nonlinear

analysis. The live load response was traced by

displacement control, and the structural resistance

variable was taken as the dimensionless peak con-

verged live load factor from each analysis rather

than the terminal factor at the end of the loading

path. This distinction is important because some

analyses exhibited post peak softening and redis-

tribution.

The random variables adopted in the reliability

analysis are summarized in Table 2. These quanti-

ties were treated directly as mean values with as-

signed coefficients of variation, and Latin hyper-

cube sampling was used to generate 200 nonlinear

FE realizations for the calibrated bridge model

(McKay, Beckman, and Conover 1979). Reliabil-

ity was then evaluated from the sampled peak load

factor response of the nonlinear model. A normal

distribution was fitted to the dimensionless peak

live load factor, denoted LF, and reliability was

evaluated with the limit state function

g = θR · LF− θS , (2)

where LF is the dimensionless peak live load fac-

tor, θR is the resistance model uncertainty factor,

and θS is the load effect model uncertainty factor.

This multiplicative formulation follows the JCSS

treatment of model uncertainties (Joint Committee

on Structural Safety 2023; Melchers and Beck

2017). For the primary reliability estimates re-

ported below, the JCSS values for frame moment

load effects and concrete bending resistance were

adopted: θS ∼ LN(μ = 1.0,CoV = 0.10) and

θR ∼ LN(μ = 1.2,CoV = 0.15).

3. Results

The results are presented in the same order as

the workflow itself. The section first summarizes

the modal identification and calibration outcome,

then describes the calibrated nominal nonlinear re-

sponse, and finally reports the sampled reliability

response of the calibrated bridge.

3.1. Modal Identification and Calibration
Outcome

The OMA and FE updating stages produced a

consistent low order dynamic description of the

bridge. The calibrated support model reproduced

the first three retained modes with a mean absolute

frequency error of 3.55%, a maximum absolute

frequency error of 5.50%, and a mean MAC of

0.959. Figure 2 summarizes the frequency agree-

ment and MAC values. Figure 3 compares the

identified OMA modal ordinates with the matched

FE deflection shapes; the dashed gray lines indi-

cate the undeformed FE geometry, the blue lines

the FE mode shapes, and the red points the OMA

ordinates. In practical terms, this means that the

updated model reproduced both the modal stiff-

ness level and the dominant deflected shape char-

acteristics of the measured bridge sufficiently well

to justify its use as the starting point for nonlinear

assessment.

The value of the calibration is not only nu-

merical. The updated support set is mechanically

interpretable: abutment rotations remain essen-

tially free, vertical abutment stiffnesses remain
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Table 2. Random variables used in the calibrated reliability analysis.

Variable Mean CoV Distribution

Reinforcing steel elastic modulus Es [GPa] 202.0 0.05 Normal
Reinforcing steel yield strength fy [MPa] 480.0 0.10 Normal
Prestressing steel elastic modulus Ep [GPa] 202.0 0.05 Normal
Prestressing steel strength fpy [MPa] 1679.9 0.023 Normal
Pier concrete elastic modulus Ecm,p [GPa] 32.78 0.08 Normal
Pier mean compressive strength fcm,p [MPa] 37.8 0.047 Normal
Pier tensile strength fctm,p [MPa] 3.38 0.20 Normal
Deck concrete elastic modulus Ecm,d [GPa] 34.12 0.08 Normal
Deck mean compressive strength fcm,d [MPa] 43.2 0.047 Normal
Deck tensile strength fctm,d [MPa] 3.69 0.20 Normal

Concrete density ρc [kg/m3] 2400 0.05 Normal
Midspan point live load PL [kN] 500.0 0.15 Gumbel
Distributed live load qL [kN/m] 79.5 0.15 Gumbel
Initial prestress σp0 [MPa] 1030.0 0.06 Normal
Superimposed dead load qD [kN/m] 23.415 0.15 Normal

finite rather than being idealized as perfectly rigid,

and pier-deck joint stiffnesses are identified di-

rectly from the measured bridge response. The

calibrated values are listed in Table 3. This is

the essential link between the OMA stage and

the nonlinear stage. The dynamic calibration is

not presented here as an end in itself; it is the

mechanism by which the nonlinear model inherits

physically admissible support behavior.

Table 3. Support parame-

ters transferred from modal

calibration to the nonlinear

bridge model.

Parameter Value

kx,left 1000.0

ky,left 1.003× 106

kr,left 0.001
kx,right 1000.0

ky,right 9.937× 105

kr,right 0.001
kx,joint 1093.3

ky,joint 9.917× 107

kr,joint 1323.3

3.2. Calibrated Nominal Nonlinear
Response

The nominal calibrated nonlinear analysis reached

a dimensionless peak load factor of 2.833 and

(a) (b)

Fig. 2. Modal calibration summary for the final sup-
port updated linear FE model: (a) identified and cali-
brated modal frequencies and (b) MAC values for the
matched modes.

(a)

(b)

(c)

Fig. 3. Comparison between the matched FE deflected
shapes and the identified OMA modal points for the first
three retained modes: (a) Mode 1, (b) Mode 2, and (c)
Mode 3.



3916 Proc. of the European Safety and Reliability Conference (ESREL 2026)

terminated by ultimate strain, indicating that

the traced response reached the imposed sec-

tion level failure criterion rather than stopping

through numerical breakdown. Figure 4 summa-

rizes the nominal nonlinear response (black curve)

together with the calibrated response ensemble

(gray curves). The nominal trace sits within the

broader cloud of realizations and remains repre-

sentative of the support region controlled behavior

identified in the nonlinear model.

Fig. 4. Live load factor versus midspan vertical dis-
placement for the calibrated nonlinear OpenSees model.

This nominal response is important because it

shows that the calibrated model can be carried to

a physically defined failure state while remaining

consistent with the broader family of nonlinear

calibrated realizations. The nominal trace, there-

fore, provides a useful reference response for in-

terpreting the reliability sample discussed in the

next subsection.

3.3. Calibrated Reliability Response
Sample

The reliability study used the 200 nonlinear FE

realizations directly as the resistance sample. The

resulting dimensionless peak load factor sample

had a mean of 2.872, a standard deviation of

0.385, a median of 2.870, a 5th percentile of

2.214, and a 95th percentile of 3.497. All 200

realizations in the training sample reached ulti-

mate strain, and no FE realization fell below the

failure threshold of LF = 1.0. Figure 5 shows

the fitted normal distribution (red curve) together

with the sample histogram, the failure threshold

(dotted vertical line), and the nominal peak load

factor (dashed vertical line).

Fig. 5. Histogram of the 200 FE peak load factor
realizations for the calibrated bridge model with fitted
normal density.

When the response sample was combined with

the JCSS model uncertainty factors, the resulting

failure probability estimate was 1.00× 10−6, cor-

responding to a reliability index of 4.75. The 95%

bootstrap interval for the failure probability was

[0, 5.0 × 10−5], and the corresponding interval

for β was [3.89, 7.03]. These bounds reflect the

fact that the lower tail is sparsely populated: the

FE sample itself contains no failures relative to

LF = 1.0, so the reliability estimate still depends

on the fitted lower tail of the peak load factor

distribution and on the adopted model uncertainty

factors.

The calibrated model reliability estimate should

therefore be interpreted as a sample informed,

model based structural reliability result. Its

strength lies in the fact that the FE sample is gen-

erated from the calibrated nonlinear bridge model

rather than from idealized resistance assumptions,

and that the training sample meets a consistent ul-

timate strain criterion across all 200 realizations.

4. Discussion and Conclusions

This study presented a data-informed framework

for structural reliability assessment of bridges by

integrating measured dynamic behavior into struc-

tural model calibration. The main contribution of

the paper is therefore methodological: OMA is not

treated as an isolated identification exercise, but

as the mechanism that constrains the support and
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joint representation of the bridge before nonlinear

safety assessment is carried out.

The updated support parameters are mechan-

ically admissible and transferable to nonlinear

analysis, and the calibrated nonlinear response

indicates that the bridge is governed by support

region hogging rather than by a purely midspan

flexural mechanism. The repaired response sam-

ple further shows that the calibrated model can

be traced consistently to the prescribed ultimate

strain criterion across the full simulation set. The

reported reliability should nevertheless be read as

a model-based lower-tail estimate, because the FE

sample itself contains no realizations below the

failure threshold and the final probability of fail-

ure still depends on the fitted response distribution

and the adopted JCSS model uncertainty factors.

The main conclusions of the study are as follows.

(1) Operational modal analysis based on ambient

vibration data provided sufficient information

to identify the low order dynamic behavior

of the bridge and to constrain the uncertain

support and joint parameters that control the

global response.

(2) A stagewise calibration strategy helped main-

tain parameter identifiability and produced a

support representation that is both mechani-

cally interpretable and transferable to nonlin-

ear assessment.

(3) The nonlinear analyses indicate that safety

assessment of this bridge is controlled by

support-region behavior, showing that realis-

tic support modeling is essential for credible

resistance evaluation.

(4) The calibrated nonlinear response sample

supports a high reliability level for the

bridge, but the lower tail should still be in-

terpreted through the adopted probabilistic

model rather than as a directly observed em-

pirical failure rate.

The central engineering implication is that re-

liability assessment of an existing bridge should

be based on a model whose support behavior has

first been calibrated against measured structural

response.
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