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Chapter 12
Modal Identification and MCMC-Based Bayesian Model
Updating for Optimization of Material Parameters in Bridges

Sangwon Park and Minwoo Chang

Abstract As the number of aging bridges increases in Korea, the limitations of conventional visual inspection methods—
particularly for third-class bridges—are becoming increasingly evident. Many of these structures lack original design draw-
ings, highlighting the need for advanced structural health monitoring (SHM) techniques capable of quantitatively assess-
ing structural integrity. Although image-based monitoring using drones or smartphones has recently gained attention, such
methods have fundamental limitations in capturing time-dependent structural responses and internal damage influenced by
environmental factors such as temperature. To address these challenges, this study proposes a framework based on Bayesian
finite element model updating to identify and update key structural parameters. Ambient vibration and temperature data were
collected over an eight-day period from a steel box girder bridge using accelerometers and thermometers. The subspace
state-space system identification algorithm (N4SID) was applied to extract major dynamic parameters, including natural
frequencies and mode shapes. Subsequently, Bayesian inference based on the Markov Chain Monte Carlo (MCMC) algo-
rithm was employed to update the model while accounting for uncertainties in structural properties. Both natural frequencies
and mode shapes were incorporated into the fitness function, with optimized weighting factors and sampling iterations.
Furthermore, the choice of prior distribution functions was examined to improve the accuracy of model updating. Through
this analysis, we aim to present a practical framework for effectively managing structural uncertainties in bridge condition
assessment.

Keywords Structural health monitoring - Markov chain monte carlo - Bayesian model updating - System identification -
Long-term monitoring

Introduction

Many bridges constructed during Korea’s rapid urbanization have been exposed to decades of repeated traffic loads, harsh en-
vironmental conditions, and material deterioration, resulting in gradual degradation of structural performance. In particular,
third-class bridges often lack original design drawings, which makes it difficult to quantitatively assess structural behavior
over time or to detect internal damage caused by temperature variations using conventional visual inspection methods. As
such, there is an increasing need for more systematic and quantitative structural health monitoring (SHM) technologies to
ensure the long-term safety and reliability of aging infrastructure. Previous studies have attempted to assess structural con-
dition using drone-based imaging, visual surveys, and time-series analysis. However, these approaches are mostly limited to
static or short-term observations and are not well suited to capture long-term nonlinear variations in material properties or
structural responses under changing environmental conditions. Furthermore, many of these methods do not account for the
uncertainty of structural parameters in a quantitative manner, limiting their applicability in practice.
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To address these limitations, this study proposes an integrated framework for quantitatively estimating the time-varying
dynamic characteristics of bridge bearings under real environmental conditions. For this purpose, eight days of high-
frequency ambient vibration and temperature data were collected from a steel box girder bridge located in Gyeonggi
Province, South Korea. Modal parameters, including natural frequencies and mode shapes, were extracted using an output-
only subspace system identification method based on the Numerical Algorithms for Subspace State-Space System Identifica-
tion(N4SID) algorithm. A Finite Element (FE) model was constructed to replicate the structural configuration, and its modal
properties were compared with the identified data. Based on this comparison, Bayesian model updating was performed using
the Markov Chain Monte Carlo (MCMC) algorithm. By simultaneously employing various prior distribution functions (such
as normal, Weibull, and lognormal), adjusting the weighting coefficients between the errors in natural frequencies and mode
shapes, and ensuring sufficient sampling, the uncertainty inherent in the model updating process could be quantitatively
assessed. The proposed framework can be applied to structures with limited design information and serves as a practical al-
ternative to conventional visual inspection methods, providing a solid foundation for systematic maintenance and long-term
safety management of aging infrastructure.

Background

Accurate tracking of time-varying structural parameters is essential for assessing the long-term performance of aging bridges,
particularly for components like bridge bearings that are highly sensitive to environmental influences. Bearings play a criti-
cal role in transferring loads between the superstructure and substructure and are prone to changes in stiffness and Young’s
modulus due to thermal fluctuations, aging, and material degradation. These variations can alter the global dynamic charac-
teristics of the bridge, such as modal frequencies and mode shapes. Without proper consideration of such time-dependent
behavior, modal interpretations may be inaccurate or misleading. Although output-only subspace identification techniques
such as N4SID have proven effective in extracting modal parameters from ambient vibration data, the results can be signifi-
cantly affected by uncontrolled variables especially temperature. In many small- and medium-span bridges, which often lack
original design documentation, the effects of environmental conditions on structural dynamics are typically underestimated
or neglected in practice. This limitation highlights the need for a continuous monitoring system capable of capturing changes
in modal parameters and material characteristics arising from environmental conditions and parameter uncertainty.

To address this challenge, Bayesian model updating has been introduced as an effective method for calibrating FE
models by incorporating measured modal data and quantifying the uncertainty of physical parameters. This probabilistic
framework allows for the continuous refinement of structural parameters such as bearing stiffness and elastic modulus based
on field measurements, even under time-varying operational conditions. Recent efforts have emphasized the importance of
selecting appropriate prior distributions and optimizing fitness functions to improve model accuracy and reliability. This
study proposes a framework that combines output-only system identification with Bayesian finite element model updating,
aiming to enable reliable tracking and updating of structural parameters in bridges. By effectively capturing changes in key
dynamic properties such as bearing stiffness and elastic modulus, the proposed approach is expected to provide a more
reliable and data-driven basis for structural performance evaluation and maintenance decision-making in bridges.

System Identification and Verification of Bridge Dynamics via FE Modeling

In this study, accelerometers and temperature sensors were installed at key locations of the bridge, as shown in Fig. 1(a),
and dynamic responses were measured over a period of eight days at ten-minute intervals. The collected output data were
processed using the N4SID algorithm, implemented in the Structural Modal Identification Toolsuite (SMIT). The measured
output signals were organized into a block Hankel matrix according to time history, and an oblique projection Qy, /v, was
applied using past and future output matrices to extract modal information. This projection was subsequently decomposed
using Singular Value Decomposition (SVD) as follows:

Qv,/v, =USVT ()

In Eq. (1), X is a diagonal matrix containing the singular values, each of which represents the energy contribution of
a corresponding mode and is used to estimate the system order. The matrices U and V' contain the left and right singular
vectors, respectively, and are used to transform the data into modal coordinates. A stabilization diagram was then used
to select consistent modal responses over time, allowing the extraction of a total of 1,152 modal parameters, including
natural frequencies, damping ratios, and mode shapes. As illustrated in Fig. 1(b), the extracted modal parameters were
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compared with the results obtained from a finite element model constructed using Midas civil based on the bridge’s design
specifications, confirming a high degree of similarity between the identified and simulated modal characteristics.

Identifed results Midas analysis results

11|l e

poutd

\ig 5= 3
oW - Node 9¢ i {

Node 3 1st Mode 2nd Mode
. [} e 1
23 P ,H”" B 1
[ g E ii : : .
3rd Mode 4th Mode
Mode Num
Analysis

. : Thermometer on bearings
Ist 2nd 3rd 4th

-:"_- : Thermometer on deck plate¢
i Identified 2548 3616 4249 4615
x : Accelerometer<”

e Modeling 2588 3.575 4232 4.906

(a) Overview of Deokpyeong 1 bridge and sensor locations (b) Identified modal parameters

Fig.1 Sensor configuration of Deokpyeong 1 Bridge and comparison between identified and finite element modal results

MCMC based bayesian FE model updating

Bayesian model updating aims to reduce the discrepancy between measured data and the analytical model by estimating
uncertain structural parameters. In this study, the posterior distribution of the parameters is derived by combining the prior
distribution with the likelihood function based on modal properties such as natural frequencies and mode shapes. The poste-
rior probability is given by:

PO K)ocp(K[0)-p(0) )

In Eq. (2), p (0) is the prior distribution and p (K | 0) is the likelihood function representing the probability of observing
the measured data given a parameter set 6. The likelihood is expressed as an exponential function of the fitness function
J (6), which quantifies the mismatch between measured and simulated modal responses.

p(K | 0) = coexp <_211€2J (0)) (3)

In Eq. (3), ¢ is a normalization constant that ensures the total value of the probability density function integrates
to 1. The term k2 represents the error variance, which controls the degree of sensitivity to modeling error. The func-
tion J () is a fitness function used to quantitatively evaluate how well the predicted model matches the observed data.
To efficiently sample from the posterior distribution defined in Eq. (2), the MCMC method is employed. Specifically,
the Metropolis—Hastings algorithm is used to explore the parameter space by generating candidate values based on a
proposal distribution and probabilistically accepting or rejecting them. The acceptance probability is calculated as
follows:

(e K) g 0)
(70 =min (12w ) @

In Eq. (4), p (6* | K) denotes the posterior probability of the proposed parameter value 6*given the observed data K
while ¢ (0! | 6*) is the proposal distribution that represents the probability of transitioning back to the current value 6 from
the candidate 6*. The denominator p (6 | K)q (0* | 0%) reflects the probability of the current state and the likelihood of
proposing 6* from it. The acceptance probability is thus determined by the relative plausibility of the proposed and current
parameter values, enabling efficient exploration of the parameter space even when the posterior distribution is complex or
analytically intractable.
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The proposed framework for updating bearing stiffness and Young’s modulus

To quantitatively compare the differences between measured and simulated modal responses, this study defines a fitness
function based on natural frequencies and mode shapes. The fitness function is expressed as:

obs sim

J(0) :az (W) +8 (1 MAC; (9)) 5)

i=1

In Eq. (5), v?** and v$"™ (#) denote the observed and simulated natural frequencies for the i-th mode, respectively,
and M AC; (0) represents the modal assurance criterion (MAC) value for the i-th mode. The coefficients o and (3 are
weighting factors for natural frequency and mode shape, respectively. These weighting factors were adjusted to various
values to optimize the fitness function, and the effects of different weightings on the model updating results were ana-
lyzed. The number of considered modes is represented by m. This fitness function J (6) is incorporated into the like-
lihood term of the Bayesian posterior distribution and is used to determine sample acceptance in the Metropolis-Hastings
MCMC algorithm. Lower values of J(#) indicate higher consistency between the simulated and identified modal
parameters.

In the Bayesian model updating framework, the prior distribution mathematically expresses pre-existing uncertainty in
structural parameters before measured data are incorporated. While the Gaussian distribution is widely used, this study
also employed alternative distributions such as Weibull and lognormal distributions to evaluate their impact on probabilistic
parameter representation and estimation. The probability density function of the Weibull distribution is defined as:

n (€N _(gy
f(ﬁ;/\,n)A<A> (3" e>0 ©6)

In Eq. (6), £ a structural parameter such as bearing stiffness or Young’s modulus. A and 7 are the scale and shape
parameters of the distribution, respectively. This distribution is suitable for modeling skewed uncertainty in positive-valued
parameters. The probability density function of the lognormal distribution is given by:

L) )

)

1
fmme) =2

In Eq. (7), i and o are the mean and standard deviation of the underlying normal distribution for In7. The lognormal
distribution is useful for modeling physical quantities that are strictly positive and exhibit multiplicative variability.

Table 1 Bayesian model updating results under different hyperparameter settings

RMSE MAC
1st 2nd 3rd 4th 1st 2nd 3rd 4th

normal (suggested) 0.044 0.039 0.027 0.124 0996 0.760 0.698 0.949

Weibull 0051 0268 0207 0212 0980 0.865 0.775 0.895

lognormal 0.028 0.144 0048 0041 0992 0782 0.729 0.927

a=1,=0 0043 0031 0024 0135 0995 0761 0.698 0.951

Fitness function weight _ 08 3 -02 0038 0033 0024 0.133 099 0761 0.698 0.951
coefficient (normal dis-

tribution) a=02,8=08 0037 0032 0025 0132 099 0759 0.699 0.950

a=08=1 0.043 0035 0029 0.135 099 0761 0.699 0951

Hyperparameter set Configuration

Distribution function
(a=0.5,8=0.)5)

Conclusion

This study proposed an integrated framework that combines consecutive system identification and Bayesian finite element
model updating to quantitatively assess key structural parameters of a steel box girder bridge under in-situ conditions. Using
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8 days of measured vibration and temperature data, a total of 1,152 modal parameters including natural frequencies and
mode shapes were extracted via the N4SID algorithm and used for FE model calibration as illustrated in Fig. 2. To account
for the uncertainty of physical parameters, a Bayesian model updating strategy based on the Metropolis Hastings MCMC
algorithm was adopted. The prior distributions for bearing stiffness and Young’s modulus were configured using Normal,
Weibull, and lognormal forms. In addition, the fitness function was designed to balance modal frequencies and mode shapes
with equal weighting, and the sensitivity to modeling errors was controlled by a fixed tolerance factor.

The analysis showed that the baseline configuration (normal prior, & = 0.5, 8 = 0.5) produced low RMSE and high MAC
values for the first and fourth modes, indicating reliable agreement between the updated and measured modal properties
(Table 1). However, for the second and third modes, MAC values were relatively low, while the application of the Weibull
prior notably improved MAC in these modes but resulted in significantly higher RMSE, suggesting that improvements
in mode shape agreement can come at the expense of frequency prediction accuracy depending on the chosen prior. The
lognormal prior yielded results similar to or slightly better than the baseline in certain modes, but overall differences were
not substantial. Adjusting the weighting coefficients in the fitness function did not significantly affect the RMSE or MAC
values, indicating that both natural frequency and mode shape information are important in the model updating process.

While the proposed framework demonstrated high accuracy, its practical real-time application may be limited by the
high sensor density and computational demand. Future research should focus on enhancing efficiency, generalizability, and
robustness to incomplete data by incorporating techniques such as data augmentation, uncertainty filtering, and adaptive
model calibration. These advancements are expected to broaden the applicability of the framework for structural health
monitoring across diverse bridge types.
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