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Abstract

Bridge damage presents risks to road safety and traffic flow, potentially resulting in signifi-
cant economic losses, both direct and indirect. Therefore, there is an urgent need to develop
and implement systems for evaluating the structural health of bridges. This study introduces a
methodology that utilizes measured vibration data from initial and damaged responses of a
monitored bridge system to identify damage. A highly detailed finite element model consistent
with the measured data is employed for this purpose. The model parameters of the damaged
structure are estimated using optimization algorithms to identify, localize, and quantify dam-
age. Capacity curves for both the calibrated and the damaged bridge are developed to evalu-
ate the effect of the damage on the global response of the bridge. The approach is applied to
monolithic R/C bridge in a case study, and simulated experiments (e.g. damage scenarios) are
conducted to demonstrate the proposed methodology.
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1 INTRODUCTION

The research topic of identifying structural damage in bridges has gained significant atten-
tion over the years. Its increased popularity can be primarily attributed to the aging road and
rail infrastructure, which faces traffic loading conditions that far exceed the original design
criteria. This unprecedented increase in loading speeds up structural fatigue, leading to a de-
crease in the service life of these bridges. Moreover, as the bridge infrastructure continues to
age and deteriorate, it becomes necessary to increase the frequency of inspections to compen-
sate for the reduced safety of these structures. However, this task is challenging due to its
immense scale. Europe has approximately one million highway bridges, and 35% of its half a
million rail bridges are over a century old [1]. Consequently, there has been a significant
surge in research focused on effectively managing the maintenance and upkeep of these
bridges [2]. One area of study that has gained prominence is the investigation of vibration-
based techniques for detecting and identifying damage.

In the past few decades, the most extensively studied techniques for detecting damage in
structures have been traditional modal-based methods. The concept of utilizing measured vi-
brations to identify structural damage has been employed for quite some time. Traditional
modal parameters such as shifts in natural frequency and other modal properties like mode
shapes, damping ratios, and modal curvatures have conventionally been utilized for damage
detection [3]. Ideally, these properties should be obtained dynamically from a bridge prior to
its initial opening, if feasible, using ambient and forced vibration. Mode shapes offer distinct
advantages as they are less affected by environmental factors compared to natural frequencies.
Additionally, they encompass both local and global information, making them valuable for
damage localization. Over the years, several mode shape monitoring techniques have been
developed. One such technique is the modal assurance criterion (MAC) [4], [5], which assess-
es changes in mode shapes across the entire structure by utilizing eigenvector orthogonality.
Building upon MAC, Kim et al [6] introduced the coordinate modal assurance criterion (CO-
MAC), which monitors modal node displacement to detect and pinpoint damage. COMAC
can be applied to a node 1 by measuring the normalized difference between mode shape vec-
tors under undamaged (¢u;;) and damaged (¢d;;) conditions. The application of MAC and
COMAC in bridge structures revealed that these methods not only detected most structural
changes and their locations but also identified instances of false or spurious damage [7]. Nev-
ertheless, modal-based methods encounter limitations in terms of efficiency when local dam-
age does not significantly alter the modal properties of the structure. This is particularly true
when the severity of the damage has a minimal impact on the overall integrity of the structural
system. As a result, damage indicators that rely on measured data directly come into play, en-
compassing various approaches such as frequency response functions (FRFs), operating de-
flection shapes, and transmittance functions, among others [8]. To address the limitations of
conventional structural damage detection methods, various frameworks for structural monitor-
ing have been developed, as highlighted by [8], [9].

This study introduces a novel framework for damage detection in reinforced concrete (R/C)
bridges, focusing on the utilization of vibrational measurements and on the estimation of the
severity of the identified damage. The computational framework employs the Dynamic Mode
Decomposition method to detect potential damages in R/C bridges, and the results are validat-
ed using a reference finite element model with selected damage scenarios. The location and
severity of the identified damage are determined through a model update process utilizing the
Particle Swarm Optimization algorithm. Furthermore, the proposed approach involves com-
paring the capacity curves of the models towards an accurate estimation of the severity of the
damage in relation to the bridge system. The framework is applied to a typical three-span
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bridge, utilizing simulated acceleration recordings for the chosen damage scenarios. The re-
sults demonstrate the reliability of the proposed process, providing valuable information about
the actual condition of the bridge to stakeholders.

2 METHODOLOGY

This research paper presents a detailed approach to identifying damage in reinforced con-
crete (R/C) bridges. The methodology places significant emphasis on localizing and quantify-
ing the extent of damage within bridge components by utilizing vibrational measurements.
The following outlines the specific stages of the methodology:

Step 1: A finite element model of the structure studied is created using appropriate finite
element software (e.g., OpenSees [10]). Ensuring the simulation's accuracy with respect to the
physical model is crucial for more precise damage calculations. The model of step 1 is the
healthy model of the considered structure.

Step 2: A sensitivity analysis is conducted. The purpose of conducting a sensitivity analy-
sis is to identify the crucial parameters in a model. This analysis helps in clustering the pa-
rameters of the bridge model, such as Young's modulus of elasticity and moment-curvature
relationships of pier sections, based on the similarity of their effects on the model's response.
The sensitivity analysis in this case utilizes the mode shapes as the objective function. Anoth-
er commonly employed method in such applications is the frequency response function (FRF)
[8].

Step 3: The capacity curve of the healthy bridge is estimated via pushover analysis of the
bridge system [11]. To conduct the pushover analysis, a horizontal load is applied longitudi-
nally along the bridge's span, specifically at the locations corresponding to the piers. This load
distribution enables the evaluation of the structural response and performance under progres-
sively increasing displacement demands, providing valuable insights into the behavior of the
bridge.

Step 4: The development of damaged models involves considering various damage scenar-
10s based on the reference model. Once the model parameters have been clustered, modified
values are assigned to the variables within the most sensitive clusters to create the damaged
models. The number of variables can vary depending on the complexity of the model simula-
tion. In accordance with the structural bridge system, different damage scenarios are chosen
for analysis.

Step 5: The damaged bridge response is measured by determining the locations for placing
accelerometers on the bridge deck. These accelerometers are positioned at locations where a
series of maximum eigen-displacements are expected to occur. One advantage of having a
finite element model before conducting field investigations is that it provides valuable in-
sights into the behavior of the structure. Installing multiple accelerometers can improve the
accuracy of the results, as it allows for a more precise observation of the system's response. In
on-site applications, it is recommended to attach the accelerometers to the center of the bridge
deck to avoid any torsional effects.

Step 6: Damage detection using Dynamic Mode Decomposition (DMD) [12]. The acceler-
ation data retrieved from the sensors are used in the procedure of Dynamic Mode Decomposi-
tion (DMD). DMD is data-driven by nature, and the first step is to collect snapshots pairs of a
system’s state as it develops over time. These snapshot pairings are designated as

{(x(tk),x(t,’c))};nzl, where t;, = t; + At and the time-step At in order to identify high fre-
quencies A snapshot represents the state of a system, reshaped into a high-dimensional col-
umn vector. These snapshots can be depicted in two data matrices X, X'.
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X=[x(t) x(t) .. x(tp)] (1
X' =[xy x(t'z) .. x(t'm)] (2)

The DMD algorithm seeks the leading spectral decomposition of the most accurate fitted
linear operator A that correlates the two snapshot matrices in the time domain.

X' ~ AX 3)

Operator A then establishes a linear dynamic system that best advances snapshot measure-
ments in time. The best-fit operator A is defined as:

A = argmin||X' — AX||, 4

An ambient vibration is imposed to retrieve the damaged model's state due to the basic as-
sumption of DMD. DMD provides a modal decomposition consisting of spatially correlated
components that have the same linear behavior in time. Therefore, the state of the bridge is
not changing over time.

The DMD procedure is summarized in the following steps:

e The singular value decomposition of X is computed.
X~ UV (5)

Where U € CV",T € C"™", and V € C"™*", and r < m denotes either the exact or the ap-
proximate rank of the data matrix X.
e A full matrix A is obtained, computing the pseudo-inverse of X.

A=XVZ10" (6)
e The spectral decomposition of A is computed:
AW = WA (7)

e The high-dimensional DMD modes @ are reconstructed using the eigenvectors W of
the reduced system and the time-shifted snapshot matrix X’ according to

®=XVI'w (8)

e Remarkably, these DMD modes are eigenvectors of the high-dimensional A matrix
corresponding to the eigenvalues in A.

Ad = (X’Vf‘l U)(X'VE! w)
A
— Y/'UY-1A
= X'V 1AW ©)

=X'VE-1WA

= PA.
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The state of the model is finally defined utilizing the eigenvectors calculated above. The
localization of the damage is the output of a model update process. The methodology fol-
lowed for the model update is based on particle swarm optimization (PSO) described in Fig. 1
as proposed in [13] and is described in detail below.

Initialize algorithm
constants

P— —

Randomly initialize all
particle position X"

P— —

Randomly initialize all
particle velocity W,

;'—/
/%u

Objective function
fi(x) for i-th particle

Set i=1, increment k

s ™

Update particle best
values Pbest, Ghest

JR——

Update velocity V."
for i-th particle

—

Update position X;n
for i-th particle

i = total number
of particles?

Increment i

Updated Finite
Element Model

Figure 1. Workflow of the Particle Swarm Optimization procedure.

The main steps can be summarized as follows:

e Initialization of the algorithm constants (position and velocity vectors), definition
of the number of particles. Definition of an objective function. Recording and up-
dating the best particle position and the best position ever reached.

e Updating the velocity of each particle based on:

= xly + v (10)

n+1
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where v}}“ is the velocity vector and xi"j“ is the position vector in the iteration n + 1, x7;

is the position vector in iteration n. The velocity vector of the particle swarm is calculated
with the equation:

vii" = wv}; + Cirand, ( Pbest ;; — x7) + C;rand, ( Gbest ; — x},) (11)
where C1 and C2 are the learning factors, and rand; and rand, the random values between
0 and 1. Pbest ;; and Gbest ; are the best positions that i-th particle achieved closest to the
target since the start of the procedure.
e Update the position of every particle based on the behavior of the swarm.
The above method ends when the termination criteria are fulfilled. Fig. 1 depicts the parti-
cle swarm optimization method. PSO does not require any knowledge of the function formula

or its derivatives and can investigate numerous potential solutions. Since it is a global ap-
proach, its performance is independent of the original population solutions.

Step7: Finally, a pushover analysis is performed on the updated model with damage in or-
der to extract its capacity. The new capacity of the model is compared to the initial capacity of
the model (healthy model) in terms of displacement ductility (8,/6,).

The workflow of the methodology proposed herein containing the steps described above is
shown in Fig. 2.

/niu‘al FEM modet(undamaged/

Sensitivity Analysis

f Clustering Model Parameters
L E, M, phi, Iz, elc of elements

@ Monitor Damaged Model

)

Data-Driven Model State Prediction (DMD)

Update model parameters in order to fit
Fredict the State the predicted state with PSO

Updated Mode!

Compare pushover curves
of healthy and damaged
model

Figure 2. Workflow of the proposed methodology.
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3 CASE STUDY

The described methodology is implemented on a typical three-span bridge located in
Northern Greece. The bridge consists of three spans, with the outer spans measuring 27 m
each and the central span measuring 45 m. The deck of the bridge is a prestressed concrete
box girder section, 10 m wide. The piers have a solid circular reinforced concrete section with
a diameter of 2.0 m and are connected monolithically to the deck. Figure 3 illustrates that the
left pier has a height of 7.9 m, while the right pier has a height of 9.3 m due to the longitudi-
nal slope of the bridge axis. The abutments of the bridge are seat-type, with a backwall height
of 2.5 m [14], [15]. At the abutment positions, the deck is supported by two elastomeric bear-
ings.

75 450
530, 07 —0 3700 o, | [ 075 D

Figure 3. Longitudinal section of the bridge model.

Parameters Lower Bound Upper Bound Nominal Values
Young Modulus E 1 18733.20 43710.80 31222.00
(right pier) [MPa]

Young Modulus E 2 18733.20 43710.80 31222.00
(left pier) [kPa]
Yielding Moment 3 16770.8 39131.9 27951.4

Top Section —
My _top(left pier)

[kNm]
Yielding Moment 4 16883.0 39393.6 28138.3
— My _bottom (left
pier) [kNm]
Ultimate Moment 5 17185.8 40100.2 28643.0

Top Section —
Mu_top(left pier)
[kNm]
Ultimate Moment 6 17280.7 40321.6 28801.2
Bottom Section —
Mu_bottom (left
pier) [kKNm]
Yielding Moment 7 16735.6 39049.8 27892.7
Top Section —
Mu_top (right
pier) [kKNm]
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Yielding Moment
Bottom Section —
My bottom (right
pier) [kNm]
Ultimate Moment
Top Section —
Mu_top (right
pier) [kNm]
Ultimate Moment
Bottom Section —
Mu_bottom
Yielding curvature
Top Section — cur-
vature top (left
pier)
Yielding curvature
Bottom Section —
curvature_bottom
(left pier)
Ultimate curvature
Top section — cur-
vature top (left
pier)
Ultimate curvature
Bottom section —
curvature_bottom
(left pier)
Yielding curvature
Top section — cur-
vature_top (right
pier)
Yielding curvature
Bottom Section —
curvature_bottom
(right pier)
Ultimate curvature
Top Section — cur-
vature_top (right
pier)
Ultimate curvature
Bottom Section —
curvature_bottom
(right pier)
Gaps

10

11

12

13

14

15

16

17

18

19

16895.3

17153.22

17287.1

17287.1

0.001706014

0.00169238

0.04416

0.001707499

0.001695788

0.4416

0.04416

0.01

39422.4

40024.2

40336.6

40336.6

0.0039807

0.00395789

0.10304

0.003984163

0.00395684

0.10304

0.10304

0.10

28158.9

28588.7

28811.9

28811.9

0.002843357

0.002827064

0.0736

0.002845831

0.002826314

0.0736

0.0736

0.10

Table 1. Parameters of cluster A grouped from the sensitivity analysis. Lower and Upper Bounds is also given
for the sensitivity analysis.

The model was constructed using OpenSeesPy [16], which is a Python library serving as
an interface to the OpenSees software. The bridge elements are modeled as elastic, while the
piers incorporate a plastic hinge formulation at both ends. The applied loads on the bridge are
limited to gravitational forces. To generate the damaged model, a sensitivity analysis and
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clustering procedure were conducted. As mentioned earlier, the parameters were grouped
based on their influence on the bridge's response, utilizing the unweighted multiple group
method with arithmetic mean [17].

The results of the sensitivity analysis are summarized in Table 1. Two damage scenarios
were executed to assess and validate the proposed methodology (Fig. 4). In the first scenario,
a decrease in the yield moment and Young's modulus of elasticity was applied to the left pier.
The same reduction was implemented for the right pier in the second scenario. Extended dam-
age was represented by a 40% reduction in the properties of the pier elements. Furthermore, is
assumed that the gaps between the deck and the abutments are effectively closed.

The locations for placing acceleration recorders on the bridge deck were determined based
on where the maximum eigen displacements occur (Fig. 5). Modal analysis was performed on
the reference model to obtain the eigenmodes and the model's response. To apply the pro-
posed methodology, simulated damage scenarios were considered, and the Dynamic Mode
Decomposition (DMD) process was implemented. Given the complexity of existing libraries,
the authors developed a lightweight Python library for this purpose. The result of the DMD
procedure is the state of the damaged model. Particle swarm optimization is employed to de-
termine the values of the model parameters that correspond to the specific damage scenario
being considered.

>Damage Scenario 1

Damage Scenario 2

Figure 4. Locations of the damge scenarios implementation

Figure 5. Acceleration recorder location on the bridge deck
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4 RESULTS AND CONCLUSIONS

The efficiency of the proposed methodology is demonstrated in Figures 6-7. The predicted
damaged model exhibits periods that are comparable to the initial model with damage in both
scenarios. This indicates that the DMD process accurately captures the modal properties of
the dynamic system. Figure 8 illustrates the changes in the model's behavior resulting from
the damage scenarios in relation to the healthy model. The slight discrepancies can be at-
tributed to the numerical assumptions and computational procedures of the solver used in the
analysis. It is evident that these differences are marginal.

Damage Scenario 1

m predicted damaged model

©

B model with damage

Mode No.
N w Ey 1%, ()] ~N 00

[

=}
o
o
©
[

0.4 0.5 0.6 0.7

Period (sec)

o
=}
N
o
[N}
=}
w

Figure 6. Comparison of the known damaged model and the predicted
damaged model. (Scenario 1)

Damage Scenario 2

M predicted damaged model

B model with damage

Mode No.
~N w S [%,] o ~ (-] o

-

=}
)
4
©
-

0.3 0.4 0.5 0.6 0.7
Period (sec)

o
o
s
=}
N}

Figure 7. Comparison of the known model and the predicted damaged
model. (Scenario 2)

3851



K. Mixios, O. Markogiannaki, S. Stefanidou, V. Papanikolaou

Force (kN)

0.9

0.8

0.7

0.6

0.5

0.4

Period (sec)

0.3

0.2

0.1

~

Damaged Models vs. Health Model

Sk
Z 3

X health model

x damaged model (Scenario 2)

damaged model (Scenario 1)

Z

A

slke
N

4 6

Mode No.

k.
3

7 3

Figure 8. Comparison of Undamaged model and known damaged models.

Pushover Healthy vs Pushover Damage Scenario 1

35000
30000 v
25000
20000 +
15000
Healthy Model
il —-- Bilinear Healthy
-@- 54 Healthy
5000 - —— Damage Scenario 1
—-= Bilinear Scenario 1
@~ 54 Damage Scenario 1
0 T T T T I
0.00 0.05 0.10 0.15 0.20 0.25 0.30

Displacement {m)

Figure 9. Pushover analysis of undamaged model and damaged model (Scenario 1)

3852



K. Mixios, O. Markogiannaki, S. Stefanidou, V. Papanikolaou

Pushover Healthy vs Pushover Damage Scenario 2

35000
30000 T
25000 T
= 20000 -
=
T = D . T
O D ) R [e—
£ 15000 .
Healthy Model
200R0 —-- Bilinear Healthy
@~ 64 Healthy
5000 - —— Damage Scenario 2
; —-- Bilinear Scenario 2
#- G4 Damage Scenario 2
0 T T T T T I
0.00 0.05 0.10 0.15 0.20 0.25 0.30

Displacement ({m)

Figure 10. Pushover analysis of undamaged model and damaged model (Scenario 2)

Figure 9 and 10 show the pushover curves of the damaged model of Scenario 1 and
Scenario 2, respectively, in comparison to the pushover curve of the undamaged model. By
examining the pushover curves of the damaged model, it is evident that its load-carrying
capacity has been decreased. Moreover, the comparison of the two pushover curves reveals a
significant difference in stiffness, with the damaged model exhibiting a lower stiffness
compared to the healthy one. In the healthy model's pushover curve, distinct stiffness changes
(change of slope) are observed. The first change in slope occurs at the position corresponding
to a lateral force of 17000 kN, coinciding with the occurrence of pier-yielding phenomena.
Additionally, a second change in stiffness is observed at a displacement of 0.10 m, indicating
the contribution of abutment stiffness after the closure of the gap. Based on an analysis of the
pushover curves of the damaged models, notable variations in stiffness are evident.
Specifically, a discernible change in stiffness can be observed in the pushover curves of
damaged model 1 and damaged model 2. These changes occur at approximately 13000 kN
and 12000 kN load magnitudes, respectively. Upon examining the pushover curves of the
damaged models, it is evident that the initial slope of these curves reflects the combined
stiffness originating from both the abutment and the piers. However, unlike the healthy model
pushover curve, the activation mechanism of the abutment is not readily apparent in the
damaged models' curves. As the piers yield, a notable alternation in stiffness occurs.
Subsequently, the post yield behavior of the structure conforms to the moment-curvature
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constitution law assigned to each pier. The aforementioned observations are applicable to both
scenarios investigated in this research.

The data points illustrated in Figure 9 and Figure 10 correspond to the displacement at
which a 10% reduction in moment occurs within the cross-section constitutive law (hinge) of
piers. The displacement ductility (6,/8,) of each model is Us peqitny = 6.675, Us pamager =
4.5166 Us pamagez = 4-568. In other words, the healthy model demostrates a higher ductility
in comparison to the other two models.

Future investigations can be conducted into models with nonlinearities, such as active and
passive damping systems. Examples include models incorporating elastomeric bearings con-
necting the deck to the piers or employing tuned mass dampers and base isolation techniques
for vibration control. The accuracy and precision of the model updating process can be en-
hanced by applying diverse methodologies. Optimization algorithms like simulated annealing,
grey-wolf optimization, colliding bodies optimization, and gravitational search algorithms of-
fer distinct characteristics that can be tailored to meet specific model updating requirements.
Furthermore, advanced data-driven methods and machine learning techniques can be explored
to enhance damage detection and localization accuracy. Techniques such as artificial neural
networks, support vector machines, and ensemble learning methods have shown promise in
various structural health monitoring applications, contributing to the refinement of the pro-
posed methodology.
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