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Abstract
This paper introduces an approach for vibration-based damage detection based on matrix updating aided by the Whale 
Optimization Algorithm (WOA). The methodology uses the Data-driven Stochastic Subspace Identification (SSI-DATA) 
technique to determine the modal parameters, which are compared with those obtained from both healthy and damaged 
conditions of the structure. The methodology’s efficacy is assessed through three distinct steps: numerical simulations, 
experimental data, and real-world data from a bridge. Initially, numerical analyses are conducted on a cantilever beam, 
a 10-bar truss, and a Warren truss subjected to environmental vibrations with varying damage cases and noise levels. 
Subsequently, experimental validations are performed on a test system and in the Z24 Bridge. Results from the com-
putational simulations demonstrate the method’s promise to identify, locate, and quantify single and multiple damage 
cases, even amidst signal noise, variations in the first vibration mode as minimal as 0.015%, and complex structures with 
54 elements. Moreover, the matrix updating method utilizing WOA showcased superior accuracy compared to existing 
techniques in the literature. In addition, the Z24 Bridge example validated the capability of the presented damage detec-
tion method to localize structural damage solely based on natural frequencies.

Keywords  Structural Health Monitoring (SHM) · Damage detection · Damage localization · Damage quantification · 
Whale Optimization Algorithm (WOA)

1  Introduction

The integrity of civil structures is crucial, as damage resulting from natural degradation or unforeseen events can 
cause catastrophic accidents. Hence, Structural Health Monitoring (SHM) is a critical subject that offers continu-
ous monitoring to ensure user safety. SHM primarily relies on vibration-based methods, which involve monitoring 
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a structure’s dynamic responses over time, including displacements, velocities, and accelerations. These methods 
explore damage-sensitive features to assess structural conditions, e.g., natural frequencies and mode shapes.

Acquiring modal parameters typically involves analyzing experimental data derived from structural responses 
through system identification processes. Since structures like bridges and buildings are often subject to random 
excitation sources (such as wind, traffic, and human activities), employing stochastic system identification methods 
under output-only measurement conditions is imperative. Frequency or time domain techniques are commonly 
utilized for in situ measurements in SHM applications. These include the Eigensystem Realization Algorithm (ERA) 
method [1], the Stochastic Subspace Identification (SSI) technique [2], and the poly-reference Least-Squares Complex 
Frequency domain (p-LSCF) method [3].

Damage detection methods should be applied over the structure’s lifespan, considering the construction layout 
and its intended purpose. These methods leverage damage-sensitive features to assess structural health. Examples 
include techniques based on alterations in modal parameters [4–6], derivatives of modal parameters [7–9], modal 
flexibility [10, 11], Bayesian probabilistic inference [12, 13], wavelet transform [14, 15], matrix updating [16–18], and 
Machine Learning [19–23].

Comprehensive reviews of state-of-the-art structural damage detection methods are provided by [24–26]. Rytter 
[27] categorizes these approaches into four levels: (i) damage detection, (ii) damage localization, (iii) damage quan-
tification, and (iv) estimation of the remaining service life. While literature primarily focuses on levels (i) to (iii), level 
(iv) falls under Structural Assessment. Still, no universally accepted method is applicable across all structures or types 
of damage. Each methodology exhibits its own set of limitations, reinforcing the importance of testing, comparing, 
and refining damage detection approaches across diverse civil structures to establish effectiveness and efficiency.

In the existing literature, numerous studies often face challenges in achieving all of Rytter’s three levels, particularly 
in complex structures or under varying environmental conditions. For instance, Zheng et al. [13] show that methods 
with the potential capacity for determining the extent and location of damage may require extensive computational 
resources. Additionally, methods relying solely on modal parameters can sometimes lead to inaccurate localiza-
tion due to the limited spatial resolution [4, 6]. These challenges underscore the need for more robust and efficient 
approaches to address these limitations while ensuring accuracy in real-world applications.

Moreover, damage detection methods rely heavily on comparing information against values obtained under healthy 
conditions (the reference case). Therefore, methodologies have enhanced predictive capabilities when integrating physi-
cal parameters, such as calibrated numerical models ([28, 29]), into the assessment process. Finite Element (FE) models, 
if effectively representing a structure’s modal properties, are a powerful solution alongside other damage detection 
techniques. One example of a model-based approach involves formulating an optimization problem.

Optimization-based or matrix updating methods modify the system’s matrices (stiffness and damping) to reliably 
reproduce the dynamic or static response from the measured data. In short, the optimization problem is solved using 
equations of motion and experimental measurements, with the comparison of the original and updated matrices 
providing a damage identifier. This type of optimization problem is ill-posed, making gradient-based optimization 
challenging. Therefore, Metaheuristic algorithms have been broadly used in these cases to deal with complex objec-
tive functions [30–33].

Within this framework, the present paper proposes an approach to detect, locate, and quantify structural damage 
utilizing an optimization-based method via the Whale Optimization Algorithm (WOA). The modal parameters (natural 
frequencies and mode shapes) obtained from ambient vibration are used as damage-sensitive features to achieve 
all three of Rytter’s levels and identify single and multiple damages. In addition, simplified numerical models were 
used in this work to deal with computational cost problems. Unlike many papers that evaluate damage detection 
methodologies using numerical examples or basic experiments, this study went further by assessing the presented 
approach on the Z24 bridge, a benchmark structure. This comprehensive evaluation highlights its potential for practi-
cal applications in real-world scenarios.

The methodology was verified across three main groups: (1) simulation of damage cases across three numeri-
cal structures subjected to environmental vibrations considering noise levels; (2) experimental testing in a simple 
system to validate the framework; (3) verification of the method in the Z24 bridge. The paper’s structure is as fol-
lows. Section 2 describes the damage detection method based on matrix updating via WOA, Sect. 3 exhibits three 
numerical examples, Sect. 4 presents the analysis of an experiment structure, Sect. 5 shows the bridge’s study, and 
Sect. 6 provides final remarks.
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2 � Damage detection based on matrix updating

Damage detection methods based on matrix updating solve an optimization problem in which the objective function 
depends on changes in modal parameters. A FE model compatible with the analyzed structure is required to have a cor-
respondent object with the data obtained experimentally. This comparison seeks to minimize the differences between 
the parameters identified by the real structure and the model parameters.

To locate and quantify damage cases in this study, the damage was treated as a change in stiffness values. This was 
accomplished by considering a stiffness reduction factor �j , which ranges from 0 to 1 – where 1 indicates no damage, 
and 0 signifies a complete loss of stiffness in element j . Thus, �j acts on each elemental stiffness matrix �j for all Ne ele-
ments of the structure:

in which � is the global stiffness matrix. The structural damage is estimated by updating the numerical model in which 
variations are introduced for all �j factors. This model is continuously modified until the difference with the experimental 
results is minimized. Therefore, the problem to be solved is a minimization problem defined by:

in which Π(�) is the objective function, E is the experimental modal feature extracted from the structure, and A(�) is the 
analytical modal feature calculated from the numerical model of the structure.

Equation (3) was chosen as the objective function, which was also used by [16, 17, 34]. This equation is based on the 
natural frequencies and mode shapes obtained analytically and experimentally:

in which Nm denotes the number of analyzed vibration modes and Nn is the number of nodal displacements. The super-
scripts A and E refer to analytical and experimental data, respectively. The natural frequencies for the j th mode in both 
the healthy experimental and analytical conditions are represented by �j . The term ��j signifies the fractional change in 
natural frequencies for the j th mode, while δψkj represents the fractional change in mode shapes for the j th mode of 
the structure, comparing experimental and analytical data.

The Whale Optimization Algorithm (WOA), summarized in the following section, was used to solve the minimiza-
tion problem proposed in this work, as this metaheuristic algorithm has proven to be competitive in different types of 
problems (e.g., [35–39]).

2.1 � Whale Optimization Algorithm (WOA)

The WOA is a metaheuristic optimization algorithm developed by Mirjalili and Lewis [40] that mimics the hunting behav-
ior of humpback whales. This behavior is simulated with a random agent or with the best agent in the round chasing the 
prey. In addition, a spiral is used to simulate whales’ bubble-net attack mechanism.

This algorithm assumes that the current best candidate solution is either the target prey or close to the optimal solu-
tion. Once the optimal search agent is identified, the positions of the other agents are updated to move toward this 
optimal agent. This procedure is represented by:

(1)� =

Ne∑

j=1

�j�j,

(2)
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∏

(�) = |E − A(�)|2
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∏
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(4)
��⃗D= | �⃗C. �⃗X∗(t) − X⃗ (t)|
�⃗X (t + 1 ) = �⃗X∗(t) − A⃗.D⃗
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where t is the current iteration, �⃗A and �⃗C are coefficient vectors, ���⃗X∗ is the position vector of the best solution obtained so 
far, �⃗X  is the position vector, and "." represents an element-by-element multiplication. The vectors �⃗A and �⃗C are defined as:

where �⃗a is linearly decreased from 2 to 0 over the course of iterations and r⃗  is a random vector in [0,1].
The whales’ bubble-net attack is achieved by the shrinking encircling mechanism and the spiral updating posi-

tion. The first procedure is generated by decreasing the value of �⃗a over the iterations. The second occurs by cal-
culating the distance between the whale at (X, Y) and the prey at (X*, Y*), considering a two-dimensional function:

where b is a constant for defining the shape of the logarithmic spiral and l is a random number in [− 1,1].
The whales simultaneously swim around the prey within a shrinking circle and along a spiral path. Mirjalili and 

Lewis [40] assumed a 50% probability of choosing one of the two paths to update the whales’ position in the opti-
mization process in the mathematical model:

where p is a random number in [0,1].
Furthermore, the prey’s search is also done by the variation of �⃗A . This vector assumes values over 1 or under -1, 

making the search agent move far away from a reference whale. In other words, unlike the bubble net attack, the 
position of the agents in the search for prey is updated randomly instead of using the optimal agent. This step is 
modeled mathematically using the random position vector �������⃗Xrand :

The WOA is summarized by the pseudocode shown in Fig. 1. More details about the WOA can be found in [40].

3 � Numerical examples

Numerical simulations of experimental tests on three distinct structures (a cantilever beam, a 10-bar plane truss, 
and a Warren truss footbridge) were conducted to assess the efficacy of the damage detection approach presented 
in this study. The first two structures were chosen for comparative analysis with results previously obtained by 
other researchers, while the inclusion of the third structure allowed for the investigation of multiple damage cases.

Ambient vibration was emulated using white Gaussian noise generated through the Matlab wgn function [41]. 
Subsequently, acceleration responses were computed employing the Newmark Method [42] with an integration 
Δt = 0.0005 s. Noise was introduced into the signals using white Gaussian noise via the Matlab awgn function [41] 
to replicate real-world experimental conditions. Finally, the modal parameters necessary for the damage detection 
methods were obtained using the data-driven Stochastic Subspace Identification (SSI-DATA) method of Peeters 
[43]. A single signal from each simulated sensor was utilized for the analysis, with one simulated sensor positioned 
at each degree of freedom in the structural system.

(5)
A⃗ = 2a⃗. r⃗ − a⃗

C⃗ = 2. r⃗,

(6)
X⃗ (t + 1) = D⃗
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3.1 � Cantilever beam

The initial structure studied was a cantilever beam featuring a square box cross-section with a wall thickness of 1 mm, 
external dimensions of 25.4 mm, and 750 mm in length. The structure configuration, as analyzed experimentally by 
Kaminski Jr. and Riera [44], was simulated using 25 Timoshenko beam elements, as illustrated in Fig. 2. The material 
properties were specified: Poisson’s ratio of 0.3, Young’s modulus of 68.6 GPa, a Timoshenko shear factor of 0.5, and 
a specific weight of 28 kN/m3. Additionally, a concentrated mass of 18.2 g was uniformly distributed on each degree 
of freedom, corresponding to the accelerometers in the experimental setup. Furthermore, a 1% damping ratio was 
applied in the first and fifth vibration modes to construct the damping matrix.

For the damage cases, it was adopted the three cases studied by Zeni [34]: (1) a 20% stiffness reduction in element 
20, (2) a 30% stiffness reduction in element 8, and (3) a 50% stiffness reduction in element 5 and a 30% reduction in 
element 12. Fadel Miguel et al. [17] and Fadel Miguel et al. [16] analyzed the first two cases. These works employed 
methodologies based on matrix updating utilizing the optimization algorithms and noise levels.

Tables 1 and 2 present the corresponding natural frequencies derived from the finite element model and stochastic 
system identification, with noise levels considered in the acceleration responses set at 3% and 5%.

Fig. 1   Pseudo-code of the 
WOA [40]

Fig. 2   Numerical cantilever 
Beam: 25 finite elements
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In both noise scenarios, the initial two frequencies identified by the SSI-DATA technique closely match the FE 
model’s values. However, an error of over 10% was observed from the third frequency, attributed to insufficient 
participation of the highest frequencies under the influence of the wgn function. Consequently, damage detection 
included only the first three vibration modes.

It was used 100 search agents across 200 iterations for the damage detection method. The outcomes in Figs. 3 
and 4 correspond to different noise levels applied to three distinct damage cases. In each case, the damage was 
accurately located and quantified. The solutions generated by WOA surpassed the results of all mentioned authors 
[16, 17, 34], reaching more accurate results.

3.2 � 10‑bar plane truss

The following structure studied was a 10-bar plane truss, as depicted in Fig. 5, investigated by Begambre and Laier [45]. 
Each element within this truss has Young’s modulus of 195 GPa, a density of 7700 kg/m3, a cross-section of 4.2 × 10–4 
m2, and a moment of inertia of 3 × 10–8 m4. Furthermore, the first and third vibrational modes were subjected to a 1% 
damping factor.

It examined the scenario involving a 15% stiffness reduction in bars 2 and 8 to compare with the results of [16, 45]. Both 
studies employed a hybrid optimization approach: [45] combined the PSO and Simplex algorithms, while [16] utilized a 
hybrid Nelder-Mead algorithm. Consistent with these studies, a 3% noise level was applied to the structural responses 
for the healthy and damaged cases.

Table 3 presents the natural frequencies derived from the FE model and stochastic system identification. Given the 
limited truss elements, only the first three modes were utilized for damage detection.

The truss’s damage was detected with 50 search agents in 100 iterations. The results of the damage detection meth-
odology are presented in Table 4 alongside the solutions obtained by [16, 45]. The approach utilized in this study effec-
tively identified and quantified the damage case, yielding superior results compared to the solutions provided by the 
referenced authors.

3.3 � Warren truss footbridge

Concluding the numerical analysis, it was analyzed a Warren truss footbridge, obtained from Miguel et al. [46], with a 
height of 2.23 m and a span of 39 m, as shown in Fig. 6. The material has a specific mass of 7850 kg/m3, Young’s modulus 
of 200 GPa, and a 1% damping ratio in the 1st and 5th vibration modes. The information regarding each bar is given in 
Table 5.

Table 1   Numerical cantilever 
beam: natural frequencies (Hz)

Mode FE Model

Healthy case Case 1 Case 2 Case 3

1 26.5600 26.5561 26.2459 25.3154
2 164.3250 163.8733 163.7602 161.3316
3 450.9722 447.0483 445.1953 446.4628

Table 2   Numerical cantilever 
beam: identified natural 
frequencies (Hz)

Mode SSI-DATA (3% noise) SSI-DATA (5% noise)

Healthy case Case 1 Case 2 Case 3 Healthy case Case 1 Case 2 Case 3

1 26.5657 26.5622 26.2662 25.3229 26.5657 26.5622 26.2662 25.3229
2 160.8429 160.4204 160.3151 157.9811 160.8425 160.4201 160.3148 157.9808
3 392.3989 389.7449 388.4807 389.3414 392.3984 389.7441 388.4799 389.3406
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The damage cases have been proposed to evaluate the influence of the position and intensity of the damage 
on the assertiveness of the methodology. These cases include two single damage cases and three multiple dam-
age cases, as follows: (1) bar 7 with 20% stiffness reduction; (2) bar 54 with 20% stiffness reduction; (3) bars 26 and 
27 with, respectively, 30% and 20% stiffness reduction; (4) bars 5 and 46 with, respectively, 30% and 20% stiffness 
reduction; (5) bars 7, 45 and 52 with, respectively, 40%, 30%, and 30% stiffness reduction.

To analyze the variation of modal parameters in the stochastic system identification and the robustness of the 
damage detection methodology, 3% and 5% were considered noise levels in the acceleration signals. The damage 
detection of the footbridge relied on data from the initial five structure modes. Table 6 shows the natural frequencies 
of the FE model, while Tables 7 and 8 present the frequencies generated by SSI-DATA according to the noise levels.

The damage detection method used 100 search agents in 500 iterations. Figures 7 and 8 contain the solutions of 
this method for the cases analyzed according to the noise levels considered. The damage was measured correctly 
in all cases, with disturbances being verified only in Case 5 with 5% noise. However, these irregularities identified 
in bars 4, 14, 40, 44, and 47 were around 1.6%, a disregarded error.
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Fig. 3   Numerical beam – 3% noise: a damage case 1, b damage case 2, c damage case 3
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4 � Experimental structure

The damage detection methodology was further verified through experimental testing on a steel cantilever beam 
within the Applied Mechanics Group at the Federal University of Rio Grande do Sul. The structure, depicted in Fig. 9a, 
measures 39.5 mm in width, 420 mm in length, and 1.2 mm in thickness. Its material properties include a Young’s 
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Fig. 4   Numerical beam – 5% noise: a damage case 1, b damage case 2, c damage case 3
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modulus of 210 GPa, a Timoshenko shear factor of 0.5, a specific mass of 8193.9 kg/m3, and a Poisson’s ratio of 0.3. 
The structural model utilized for this system comprised 28 Timoshenko beam elements, as illustrated in Fig. 9b.

Cuts were made in some elements in the laterals to simulate damage. The analyzed cases included: (1) reducing the 
width of element 13 to 33 mm; (2) reducing the width of element 13 to 18.5 mm; (3) reducing the widths of elements 8 
and 13 to 17.5 mm and 18.5 mm, respectively. The experimental tests were repeated at each progressive damage step.

4.1 � Vibration testing

Vibration tests were conducted under a reference condition for subsequent differentiation with damage cases using the 
acquisition system Pulse 12 channel Brüel & Kjær Type 3560 C. Figure 10 illustrates the experimental setup with three 
accelerometers whose specifications are detailed in Table 9.

To experimentally determine the modal parameters, the beam was subjected to small displacements, inducing free 
vibration of the system (Fig. 11). Dynamic tests were conducted at each stage, with accelerograms acquired during each 
repetition.

Table 3   Numerical truss 
structure: natural frequencies 
(Hz)

Mode FE model SSI-DATA​

Healthy case Damage case Healthy case Damage case

1 174.9996 170.5968 174.8116 170.4073
2 500.6687 484.7274 496.6709 480.9747
3 600.8525 593.0745 593.8417 586.3163

Table 4   Numerical truss 
structure: damage detection 
results

Bar Exact damage Predicted damage

Begambre and Laier [45] Fadel Miguel et al. [16] WOA

1 1 1 0.9995 1
2 0.85 0.8476 0.8537 0.8509
3 1 0.9987 1 1
4 1 0.9862 0.9998 1
5 1 0.9829 0.9946 1
6 1 0.9992 1 1
7 1 1 1 1
8 0.85 0.8503 0.8500 0.8508
9 1 0.9996 1 1
10 1 1 1 1

1
2 3 4 5 6

12.
23
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Fig. 6   Warren truss footbridge
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4.2 � Stochastic system identification

The SSI-DATA technique used each scenario’s acceleration signals to calculate the first five natural frequencies precisely. 
Table 10 compares the numerical model frequencies and those identified from experimental data. The maximum differ-
ence observed was 2.16% at the first vibration mode.

The mode shapes identified in the healthy case are shown in Fig. 12 alongside the numerical model’s mode shapes. 
The 4th and 5th mode shapes were not because of the limited number of three accelerometers. Nonetheless, the first 
three modal shapes identified exhibit a 99.99% correlation with the numerical model, as indicated by the Modal Assur-
ance Criterion (MAC) [6] in Fig. 13. Therefore, the first five frequencies and the first three mode shapes were used for 
damage detection analyses.

Table 5   Numerical footbridge: 
bars cross-sectional area

Group Element number Area (m2)

Inferior chord 1–13 0.0060
Diagonals 14–41 0.0040
Superior chord 42–55 0.0080

Table 6   Numerical footbridge: 
natural frequencies (Hz)

Mode FE model

Healthy case Case 1 Case 2 Case 3 Case 4 Case 5

1 5.9960 5.9820 5.9914 5.9956 5.9305 5.8432
2 16.0362 16.0362 16.0165 15.9580 15.8068 15.7378
3 33.9157 33.5875 33.8185 33.8582 33.8292 32.4809
4 41.2447 41.2447 41.2422 41.1463 41.0693 40.8871
5 55.9769 55.9769 55.7379 55.5528 55.4004 55.5217

Table 7   Numerical footbridge: 
identified natural frequencies 
with 3% noise (Hz)

Mode SSI-DATA (3% noise)

Healthy case Case 1 Case 2 Case 3 Case 4 Case 5

1 6.0096 5.9954 6.0049 6.0092 5.9414 5.8527
2 16.0398 16.0398 16.0212 15.9638 15.8050 15.7310
3 33.8875 33.5625 33.7912 33.8309 33.8013 32.4464
4 41.1606 41.1607 41.1582 41.0664 40.9921 40.8164
5 55.8083 55.8083 55.5662 55.3816 55.2281 55.3500

Table 8   Numerical footbridge: 
identified natural frequencies 
with 5% noise (Hz)

Mode SSI-DATA (5% noise)

Healthy case Case 1 Case 2 Case 3 Case 4 Case 5

1 6.0096 5.9954 6.0049 6.0092 5.9414 5.8527
2 16.0399 16.0399 16.0213 15.9640 15.8052 15.7312
3 33.8860 33.5612 33.7896 33.8294 33.7998 32.4451
4 41.1604 41.1604 41.1579 41.0662 40.9919 40.8165
5 55.8028 55.8029 55.5612 55.3772 55.2240 55.3458
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Fig. 7   Numerical footbridge – 3% noise: a damage case 1, b damage case 2, c damage case 3, d damage case 4, e damage case 5
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Fig. 8   Numerical footbridge – 5% noise: a damage case 1, b damage case 2, c damage case 3, d damage case 4, e damage case 5
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4.3 � Damage identification

Fifty search agents were used in 150 iterations to identify damage in the experimental system, yielding the results shown 
in Fig. 14. The methodology presented good damage localization results and a solid overall performance in quantifying 
damage.

5 � Z24 bridge

The Z24 Bridge (Switzerland), a well-recognized realistic benchmark in the scientific community, was used as the last vali-
dation step for the presented damage detection technique. The SIMCES (System Identification to Monitor Civil Engineer-
ing Structures) chose the Z24 Bridge to develop a methodology for monitoring structural integrity. Led by the Catholic 
University of Leuven’s Department of Civil Engineering, Structural Mechanics Section, the structure was observed for a 
year, and progressive damage assessments were conducted before the bridge’s eventual demolition in 1998 [47]. This 
study analyzed a case involving multiple damages resulting from a pier settlement.

141 2 3 4 5 6 7 8 9 10 11 12 13 15 16 17 18 19 20 21 22 23 24 25

y

x

420 mm

26 27 28
141 2 3 4 5 6 7 8 9 10 11 12 13 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29

(a) (b)

Fig. 9   Experimental structure: a accelerometers testing system and b finite elements

Fig. 10   Beam structure and 
experimental setup

Table 9   Experimental setup: 
accelerometer data

Location Distributor Model Serial number Mass (g)

Node 11 PCB Piezotronics 352C33 86702 5.631
Node 19 PCB Piezotronics 352C33 86703 7.949
Node 29 Brüel & Kjær 4514 B 4x 51467x 8.723
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Situated in the Canton of Bern, Switzerland, the Z24 Bridge connected Koppigen and Utzenstorf. Comprising three 
spans and two lanes, the bridge measured approximately 60 m in length (Fig. 15). The two central piers were firmly affixed 
to the girders, while pairs of columns at both ends provided support, resulting in a slightly skewed configuration [48]. 
The girder structure was a two-box cell constructed with post-tensioned concrete (Fig. 16).

A total of 17 progressive damage tests (PDTs) were conducted, with comprehensive descriptions provided by [49–51]. 
The initial set of PDTs focused on the foundation settlement of the Koppigen pier. These cases involved simulating set-
tlement by lowering the pier (x = 44 m), resulting in numerous girder cracks, as depicted in Fig. 17. In this study, PDT 2 
was designated as the baseline healthy case, while PDT 6, representing a 95 mm settlement of the column, served as 
the damaged case.

5.1 � Stochastic system identification

The Z24 Bridge natural frequencies were determined through the ambient vibration signals, which utilized a setup 
consisting of 9 configurations with two triaxial accelerometers on a pier, fifteen accelerometers on the deck (2 triaxial, 
three biaxial, and ten uniaxial sensors), along with three reference accelerometers (1 triaxial and two uniaxial). This setup 
generated a comprehensive dataset of 33 recordings at a sampling rate of 100 Hz over 655.36 s. The natural frequencies 
identified via the SSI-DATA technique for both healthy and damaged cases are shown in Table 11.

5.2 � Finite element model updating

The FE model employed in this study was developed by [52, 53], utilizing ANSYS [54] with beam elements (with 6 
degrees of freedom per node). The girder was discretized with 82 beam elements, while the piers, columns, and abut-
ments were represented by 44 beam elements, as illustrated in Fig. 18. Additionally, mass elements were incorporated 

(a) (b)

Fig. 11   Example of a accelerogram and b FFT for the experimental beam

Table 10   Experimental beam: 
natural frequencies (Hz)

Mode FE model SSI-DATA​

Healthy case Healthy case Case 1 Case 2 Case 3

1 4.9341 4.8270 4.8137 4.7989 4.6853
2 30.5389 29.9510 29.9172 29.5635 29.4792
3 85.6315 85.4507 84.8619 84.7127 83.4732
4 178.8478 177.6512 176.5049 175.2284 171.8705
5 281.9240 277.3123 275.5140 275.4523 273.9630
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to simulate the cross girders and foundations, accounting for concentrated translational mass and rotary inertial 
components.

Initially, Young’s modulus E0 = 37.5 GPa and shear modulus G0 = 20 GPa were considered. To incorporate the soil’s 
impact on the system, spring elements were introduced around the pillars and at the abutments’ base. The soil 
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Fig. 14   Experimental beam: a damage case 1, b damage case 2, c damage case 3

Fig. 15   Z24 Bridge: geometric 
information
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stiffness parameters for the springs were as follows: Kv,p = 180 × 106 N/m3 and Kh,p = 210 × 106 N/m3 (under the piers, 
at x = 14 and 44 m); Kv,c = Kh,c = 100 × 106 N/m3 (under the columns, at x = 0 and 58 m); Kv,a = 180 × 106 N/m3, and 
Kh,a = 200 × 106 N/m3 (at the abutments); Kv,ac = Kh,ac = 100 × 106 N/m3 (around the columns).

Subsequently, the model was updated with revised values for Young’s modulus and shear modulus for the 
bridge girder, as well as the soil stiffness parameters, using the six natural frequencies identified in the healthy case 
(Table 11). This update was achieved by solving a minimization problem using the WOA and the objective function:

in which �̃j represents the identified natural frequency of the j th mode and �j denotes the natural frequency j of the 
numerical model as a function of the variable Φ. The parameters selected for updating during the model calibration 
include Young’s modulus and shear modulus for specific elements of the bridge girder, as well as key soil stiffness param-
eters. Out of the 82 elements comprising the bridge girder, only 17 were chosen for direct updates to their modulus 
values, while the modulus values for the remaining elements were interpolated based on these updated values. In total, 

(9)
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Nm∑

j = 1
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Fig. 16   Cross-section of the 
Z24 Bridge

Fig. 17   Z24 Bridge cracks 
after lowering the pier

Table 11   Z24 Bridge: 
identified natural frequencies 
(Hz)

Mode SSI-DATA​ Difference (%)

Healthy case Damage case

1 3.87 3.66 5.65
2 5.01 4.92 1.73
3 9.79 9.24 5.56
4 10.31 9.68 6.09
5 12.79 12.15 4.99
6 13.50 13.44 0.44
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36 variables were updated: 17 shear moduli and 17 Young’s moduli for the bridge girder, along with the horizontal stiff-
ness under the abutments (Kh,a) and the vertical soil stiffness under the piers (Kv,p).

As indicated in Table 12, the discrepancy between the first six experimental frequencies and the revised numerical 
frequencies was under 1%. The updated soil stiffness parameters were Kv,p = 147.5 × 106 N/m3, and Kh,a = 146.4 × 106 
N/m3. Figure 19 compares the initial model values and the updated bending stiffness (EIy) and torsional stiffness 
(GIx) parameters.

5.3 � Damage identification

In the updated finite element model, nine regions of the girder were defined (as illustrated in Fig. 20) to decrease 
the amount of stiffness reduction factors and computational time to assess the bridge. These regions characterize 
the influence zones of the piers, abutments, and girder partitions.

For the Z24 Bridge, the damage detection methodology solely employed the initial part of Eq. (3). Therefore, the 
objective function of this approach focused exclusively on minimizing the disparity between healthy and damaged 
natural frequencies without considering the mode shapes. The WOA used 30 search agents in 60 iterations, and the 
solution of the method is shown in Fig. 21.

Regarding the Z24 Bridge, the presented approach successfully located the primary damaged zone (region 7), 
coinciding with the pier settlement and cracks in the neighboring areas. Additionally, it identified secondary damage 
zones resulting from cracking alongside the pier (regions 6 and 8). The identified damage levels could not be verified 
due to the absence of accurate quantitative response data.

The results in Fig. 21 exhibit better overall performance compared to previous works. For example, in Sony et al. 
[55], the lack of quantitative data regarding physical parameters within the damage index impeded the inference of 
damage without comprehensively assessing each structural element across the damage cases. Moreover, Masciotta 
et al. [56] achieved fair outcomes using five points within the spectral damage localization index. These indexes cor-
responded to the bridge’s zones, approximately half the number used in this paper. In the work of Monteiro et al. 
[21], the output factor (damage index) can be interpreted as analogous to this work’s stiffness reduction factor. 
However, the damage detection method via Artificial Neural Networks used by [21] could not identify damage in 
region 8. Finally, in model-based approaches such as those by Teughels and De Roeck [52] and Reynders et al. [53], 
the bridge girder was divided into eight elements for damage assessment. While these studies calculated correction 
factors (damage index) for the Young’s and shear modulus, the results for damage localization and quantification 
were presented in a format that made direct comparison challenging, as both types of correction factors were not 

Fig. 18   Z24 Bridge: FE model

Table 12   Z24 Bridge: updated 
numerical frequencies

Vibration mode Finite element model SSI-DATA​ Difference (%)

Initial Updated

1 3.73 3.86 3.87 − 0.26
2 5.14 5.04 5.01 0.70
3 9.64 9.75 9.79 − 0.33
4 10.25 10.37 10.31 0.52
5 12.52 12.81 12.79 0.14
6 13.35 13.39 13.50 − 0.85
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completely aligned with each other. In other words, Teughels and De Roeck [52] and Reynders et al. [53] did not 
provide a unified damage index to localize and quantify damage.

6 � Final remarks

This paper presented an approach for damage detection based on matrix updating through the Whale Optimiza-
tion Algorithm. The methodology was assessed through both numerical simulations and experimental tests. Three 
numerical examples (cantilever beam, truss, and footbridge) and two experimental structures (cantilever beam and 
Z24 Bridge) were analyzed using the proposed methodology. This comprehensive analysis facilitated the evaluation 
of the performance of the proposed method in identifying, locating, and quantifying single and multiple damage 
cases. The results yielded the following conclusions:

0 10 20 30 40 50
0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

initial FE model

updated FE model

10
10xxxx

G
Ix

[N
m
²]

0 10 20 30 40 50
0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5
10

10xxx

EI
y
[N

m
²]

initial FE model

updated FE model

(a) (b)
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Fig. 20   Z24 Bridge regions
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a.	 The WOA proved to be a useful tool not only for detecting damage but also for locating and quantifying damage 
in structures through the method based on matrix updating while considering the presence of noise in the signals. 
In addition, it found better results than those found by other authors in the literature who also studied the same 
numerical examples.

b.	 The proposed approach effectively identified, located, and quantified single and multiple damages in the experi-
mental tests conducted on the steel beam.

c.	 The study on the Z24 Bridge demonstrated the method’s efficacy in locating damage, validating its applicability to 
real civil structures. Moreover, even when relying solely on natural frequencies for evaluation, the method success-
fully estimated the damage resulting from pier settlement.

d.	 The presented framework used simplified calibrated finite element models, such as bar or beam elements, making 
this approach accessible for practical engineering applications where computational resources may be limited. This 
advantage is particularly relevant for large-scale structures, where more complex models could be computationally 
prohibitive.
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