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A frequency response function- (FRF-) based surrogate model for finite element model updating (FEMU) is presented in this
paper. Extreme learning machine (ELM) is introduced as the surrogate model of the finite element model (FEM) to construct the
relationship between updating parameters and structural responses. To further improve the generalization ability, the input
weights and biases of ELM are optimized by Lévy flight trajectory-based whale optimization algorithm (LWOA). )en, LWOA is
also applied to obtain the best updating results, where the objective function is defined by the difference between analytical FRF
data and experimental data. Finally, a plane truss is used to demonstrate the performance of the proposed method. )e results
show that, compared with second-order response surface (RS), radial basis function (RBF), traditional ELM, and other optimized
ELM, a LWOA-ELMmodel has higher prediction accuracy. After updating, the FRF data and frequencies have a significant match
to the experimental model. )e proposed FEMU method is feasible.

1. Introduction

Due to the capacity for structural identification and health
monitoring, finite element method has attracted much more
attentions in the past few years. However, an initial finite
element model (FEM) cannot reflect the actual structure
precisely, because of simplifications and idealizations (ideal
boundary conditions, material properties, etc.) while con-
structing the FEM [1–3]. In order to be used for further
analysis, the initial FEM should be updated to minimize the
error between the analytical responses and the experimental
ones, which is called finite element model updating (FEMU)
[4]. Several methods for FEMU have been developed.
Among these methods, vibration-based techniques are
widely used.)is kind of technique can be classified into two
main categories: the methods based on modal data and the
ones based on frequency response function (FRF) data [5–9].
For the former, natural frequencies and mode shapes are
introduced to define the objective function [10]. For the
latter, FRF data provide enough response information di-
rectly without modal analysis, which can increase the

accuracy of model updating. )e FRF-based methods have
been gradually applied in FEMU [11, 12].

In addition, the model updating requires dozens of it-
erations to compute the analytical responses, which is time-
consuming. )e surrogate models, such as response surface
(RS), Kriging model, radial basis function (RBF), neural
network (NN), and support vector machine (SVM), are
widely used to construct the relationship between the input
parameters and output responses to replace the original
FEM. Marwala [13] introduced multilayer perceptron (a
neural network) as the surrogate model to update an H-type
structure. Ren and Chen [14] presented a quadratic poly-
nomial response surface-based method. A simply supported
beam and a concrete bridge demonstrated the applicability
and efficiency of the proposed method. Wang et al. [15]
applied the Kriging model in a honeycomb Sandwich beam
to reduce the solving time. Zhang and Hou [16] presented a
SVM based response surface model for vehicle chassis
components. With good generalization performance and
fast learning speed, a learning method called extreme
learningmachine (ELM) for single-hidden layer feedforward
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neural networks (SLFNs) has received many applications in
data analysis, protein sequence classification, feature selec-
tion and clustering learning, etc. [17–19]. Although ELM
does not need to adjust so many parameters during training
process, generalization performance of ELM could be af-
fected by the input weights and the biases. To improve the
performance, several methods, such as genetic algorithm
(GA) and particle swarm optimization (PSO), have been
proposed to optimize the input weights and biases of ELM
[20, 21].

Besides computational cost issue, the efficiency of the
algorithms is another crucial step. Model updating is an
optimization problem to minimize the difference between
the analytical responses and experimental ones. Gradient-
based techniques have a wide range of applications. How-
ever, the methods may be computationally expensive and are
not feasible to achieve complicated engineering problems
[22]. Intelligent algorithms (GA, PSO, etc.) can be used to
reduce the difference between the FEM and the measured
behavior [23]. Guo et al. [24] conducted the updating
procedure by the hybrid genetic/pattern-search optimiza-
tion algorithm. Boulkaibet et al. [25] adopted fish school
search algorithm (FSS) and PSO to update two real struc-
tures. Whale optimization algorithm (WOA), which mimics
the hunting behavior of humpback whales in nature, is a
swarm-based optimization algorithm introduced byMirjalili
[26]. An improved whale optimization algorithm (WOA)
based on Lévy flight (LWOA) is applied to infinite systems
identification and classic engineering design problems
[27, 28].

To the authors’ best knowledge, ELM and LWOA have
not been explored to solve the FEMU problem. To expand
their applications and improve the efficiency of FEMU, in
this paper, LWOA is firstly used to optimize input weights
and the biases of ELM.)en, a LWOA-ELM based surrogate
model is established by the updating parameters and cor-
responding FRF data to replace the initial FEM. )e ob-
jective function is established using the residual between the
analytical values and the experimental ones. Finally, the
LWOA is employed to search the best updating parameters
of FEMU.

)e rest of the paper is organized as follows. Section 2
presents the FRF and the objective function. )e concepts of
ELM, LWOA, and optimized ELM are provided in Section 3.
In Section 4, an example is given to illustrate the FEMU
based on the new method.)e paper is concluded in Section
5.

2. Frequency Response Function and
Objective Function

)e motion equation of structure with structural damping
can be written as

M€x + C _x + Kx � F, (1)

whereM, C, and K are n × n matrices of mass, damping, and
stiffness, respectively; x, _x, and €x are n × 1 vector of the

structural displacement, velocity, and acceleration; and F is a
n × 1 vector of applied force.

Assuming a harmonic input, the corresponding ana-
lytical frequency response matrix is given by

H(ω) � −ω2M + iωC + K 
−1

, (2)

where ω is the frequency of excitation.
)e acceleration FRF (AFRF) can be calculated by

H(ω) � M − i
C
ω

−
K
ω2 

−1
. (3)

FEMU utilizes information from the actual structural
responses to update the parameters of the FEM. Model
updating problem can be formulated in the following form:

minF(x), s.t xlb <xi <xub, i � 1, 2, . . . , m, (4)

where F(x) is the objective function; xi is the ith updating
parameter; and xlb and xub are the lower and upper bound of
updating parameters, respectively.

Based on the AFRF data, the research sets the residual
between the FEM data and experimental ones as the ob-
jective function. It can be described as

F � 
n

i�1
yt ωi(  − ya ωi( 


, (5)

y ωi(  � log10H ωi( , (6)

where n is the number of selected frequency; ωi is the se-
lected frequency points; yt(ωi) is the experimental response
at ωi; ya(ωi) indicates the corresponding response of the
FEM. Considering the peak values at specified frequencies,
which may overwhelm the influence of the smaller values,
the logarithmic (log10H(ωi)) is adopted.

3. Basic Theory

3.1. Extreme Learning Machine. Extreme learning machine
(ELM) for single-hidden layer feedforward neural networks
(SLFNs) proposed by Huang has been used extensively and
successfully in different fields with fast learning speed and
good generalization capability. Just like the traditional
feedforward network algorithm, the ELM consists of three
layers of neurons: an input layer, a hidden layer, and an
output layer (as shown in Figure 1). w is the input weight
vector between the input nodes and the hidden nodes; β is
the output weight vector between the hidden nodes and the
output ones.

Suppose the N training dataset (xi, ti),
xi � [xi1, xi2, . . . , xin]T ∈ Rn, ti � [ti1, ti2, . . . , tim]T ∈ Rm

where xi is the input vector and ti is the output vector. )e
output is given by



L

i�1
βig wixj + bi  � tj, j � 1, 2, . . . , N. (7)

Equation (7) can be written as
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Hβ � T. (8)

)e hidden layer output matrix H is given by

H �

g w1x1 + b1(  . . . g wLx1 + bL( 

⋮ ⋱ ⋮

g w1xN + b1(  · · · g wLxN + bL( 

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝
⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

N×L

, (9)

β �

βT1
⋮
βTL

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎝
⎞⎟⎟⎟⎟⎟⎟⎟⎟⎠

L×m

,

T �

tT1
⋮
tTN

⎛⎜⎜⎜⎜⎜⎜⎜⎝
⎞⎟⎟⎟⎟⎟⎟⎟⎠

N×m

,

(10)

where L denotes the number of hidden nodes; bi is the bias;
g(·) is the activation function. )e minimum norm least
squares of equation (8) can be calculated by

β � H+T, (11)

where H+ is the Moore–Penrose generalized inverse of H.
Given the training samples, active function g(·), and

hidden nodes number L, the specific process of ELM can be
divided into three steps:

Step 1: randomly assign input weight vector w and
biases b

Step 2: calculate the hidden layer output matrix H
Step 3: calculate the output weight β̂

3.2. Lévy Flight-Based Whale Optimization Algorithm.
Whale optimization algorithm (WOA) is a new meta-
heuristic algorithm, which simulates the social behavior of
humpback whales. )e basic WOA is divided into three
operations: encircling, Bubble-net attacking behavior
(exploitation phase), and search for prey (exploration
period), where Bubble-net attacking consists of two ap-
proaches: shrinking encircling mechanism and spiral. Due
to a lack of population diversity, WOA is easy to fall into
local optimum. Lévy flight trajectory, which is the random
walk step drawn from a Lévy distribution, is adapted to
prevent WOA from local optimum and enhance the so-
lution accuracy. )e procedure of the LWOA is shown in
Algorithm 1.

Firstly, humpback whales try to update their position
towards the best search agent. )e behavior is given as
follows:

X(t + 1) � X∗(t) − A · D, (12)

D � C · X∗(t) − X(t)


, (13)

where A � 2a · r − a; a � 2 − 2(t/tmax); C � 2 · r; r is a
random vector in [0, 1]; t is the current iteration; tmax is the
maximum iteration number; X(t) is the position vector;
X∗(t) is the position vector of the best solution obtained so
far.

)en, the humpback whales choose shrinking encircling
mechanism or the spiral model with a probability of 50% to
update the position, according to the following equation:

X(t + 1) �
X∗(t) − A · D, if p< 0.5,

D′ · e
bl

· cos(2πl) + X∗(t), if p≥ 0.5,

⎧⎨

⎩

(14)

where D′ � |X∗(t) − X(t)| indicates the distance between
the best solution obtained so far and the current position; b is
a constant for defining the shape of the logarithmic spiral; l is
a number in [−1, 1]; p is a random number in [0, 1].

And then, humpback whales search randomly to update
the position in the exploration phase. )e mathematical
model is as follows:

X(t + 1) � Xr(t) − A · D, (15)

D � C · Xr(t) − X(t)


, (16)

where Xr(t) is a random position vector chosen from the
current population.

|A| is the parameter to choose mechanism to update
position. If |A|≥ 1, a random search agent is performed by
equations (15) and (16). And if |A|< 1, humpback whales
update the position of the current search agent according to
equations (12) and (13).

Finally, the Lévy flight trajectory is employed to balance
the exploitation and exploration of WOA.)emathematical
model can be formulated by

X(t + 1) � X(t) + μsign rand −
1
2

 ⊕ Levy, (17)

where Levy∼μ/|υ|1/β; μ and υ obey normal distribution,
μ∼N(0, σ2μ) and υ∼N(0, σ2υ); σμ � [Γ(1 + β) × sin(π ×
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Figure 1: Extreme learning machine.

Shock and Vibration 3



β/2)/Γ((1 + β)/2) × β × 2(β− 1)/2]1/β and συ � 1; ⊕ means
entry-wise multiplications; β is an index.

3.3. Optimized ELM. )e prediction performance of ELM
model can be assessed by root mean square error (RMSE)
criterion and R2 criterion:

RMSE �

��������������

1
N



N

j�1
yj − ŷj 

2




, (18)

R
2

� 1 −


N

j�1 yj − ŷj 
2


N

j�1 yj − y 
2 , (19)

where N is the number of observations; yj is the analytical
value calculated by FEM; ŷj is the response value predicted
by ELM; y indicates the average value of y. A value of R2

close to 1 and RMSE close to 0 are always preferred, which
reflect high accuracy of ELM.

In order to further improve accuracy of updating
results, more reliable ELM models need to be created. )e
input weights and the biases are randomly generated in
the ELM, which affect the prediction accuracy of the
model. LWOA is utilized to optimize the input weights
and biases of ELM. )e minimized RMSE obtained by
training samples is taken as the fitness function. It can be
expressed as

minRMSE �

������������������

1
N



N

j�1
yj − ŷj(w, b) 

2




. (20)

In the LWOA, the input weights and the biases are
considered to be the humpback whales. )e dimension of
search space is 2 × L + L, where L denotes the number of
hidden nodes. )e optimal parameters w and b corre-
sponding to the minimum fitness value are obtained.

4. Model Updating Based on ELM and LWOA

4.1. Model Updating Procedure. FEMU is an inverse
problem to update the parameters by minimizing the
discrepancy between the measured responses and the an-
alytical ones from FEM. In this study, LWOA-ELM model
is constructed to replace the FEM, and LWOA is also
applied to minimize the objective function and obtain the
results. )e flowchart of model updating using LWOA-
ELM and LWOA is shown in Figure 2. )e main steps can
be illustrated as follows:

Step 1: create the FEM of the structure by the ANSYS
software.
Step 2: select updating parameters (modulus of elas-
ticity and material density are selected as the updating
parameters in this paper).
Step 3: construct the LWOA-ELM model by training
samples, and check whether the accuracy criterion is
satisfied (R2 > 0.9, RMSE< 1.5×10−4) by the model.

Step 4: search the global minimum solution of equation
(5) by LWOA, and check whether the convergence
criterion (maximum iterations) is satisfied.
Step 5: obtain the model updating results.

4.2. Numerical Study. A plane structure with modulus of
elasticity of the element E � 210GPa, material density ρ �

7850 kg/m3 is used to test the proposed method for model
updating. )e initial FEM is established using ANSYS
software. Figure 3 shows the FEM of the plane truss. )e
structure has 26 nodes and 49 finite elements. Each node
(except 1 and 25) includes two translations DOFs. In this
paper, nodes 24 and 19 are selected as the exciting and
measuring points, respectively.

Modulus of elasticity and material density of the FEM
are selected as the updating parameters. To simulate initial
FEM value, increase the modulus of elasticity by 10%, and
decrease density by 10%. )e parameters are shown in
Table 1.

Latin hypercube sampling (LHS) [29] is used to get the
design points of updating parameters. Modulus of elasticity
and material density change within ±20% of the FEM values.
100 random samples are obtained for ELM. )e corre-
sponding response data are generated by equation (3). )us,
ELM model is established based on the input variables
(updating parameters) and corresponding outputs (AFRF
data). According to literature [17] and cross validation
method, the activation function is sigmoidal function, and
the number of hidden nodes is set to 80. For verification,
ELM model is compared with frequently used surrogate
models, RBF model and second-order RS model [14]. RBF
neural network is a three-layer feedforward network with the
hidden layer containing RBF units. RS is a mathematical and
statistical technique and often applied in regression analysis.
)e models are constructed based on the same sample
points. RBF is conducted in MATLAB neural network
toolbox. )e parameter spread is set to 25 by trial and error
to keep a stable and minimum value of RMSE. Each algo-
rithm is simulated 20 independent runs in MATLAB soft-
ware. )e results are presented as the average of 20 runs.
Comparison of ELM with RS and RBF model is shown in
Figure 4. It can be seen that the prediction accuracy of ELM
is better than RS and RBF in Figure 4. RMSE of ELM is
0.0012 and R2 is 1, RMSE of RBF is 0.0161 and R2 is 0.9989,
and RMSE of RS is 0.0314 and R2 is 0.9963, which indicate
that ELM model builds an accurate relationship between
updating parameters and responses.

To further improve the prediction ability of ELMmodel, the
proposed LWOA-ELM model is constructed. Moreover,
LWOA-ELM is compared with GA-ELM, PSO-ELM, and
WOA-ELM. GA is a widely used optimization algorithm in-
spired from evolutionary process. PSO is a bio-inspired sto-
chastic algorithm derived from biological entities. In order to
make a fair comparison, the population size and the maximum
iteration number are set to the same data. And other parameters
are the best sets after trial and error. Finally, the population size
is set to 20.)emaximum iteration number is set to 100. Other
parameters of these algorithms are listed in Table 2.
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)e fitness convergence curves of GA-ELM, PSO-ELM,
WOA-ELM, and LWOA-ELM are shown in Figure 5. From
Figure 5, it is apparent that LWOA has a fast convergence
than others. )e smallest fitness value is LWOA. Figure 6
reflects RMSE of the four optimized ELM models.

As seen in Figure 6, the prediction accuracy of the four
optimized ELM models is improved. LWOA-ELM is signifi-
cantly better than GA-ELM, PSO-ELM, and WOA-ELM. )e
comparison results of the four algorithms are given in Table 3.

After building the LWOA-ELM model, LWOA is ap-
plied to find the best solution of the objective function of
equation (5). At each time of iteration, the analytical values
of FRF are predicted by LWOA-ELM instead of FEM. For
the algorithm, the dimension is set as 2 (two updating
parameters), and the maximum iteration number is set to
500.)e population size is set to 50.)e updated parameters

are listed in Table 4. )e parameters are closer to experi-
mental parameters, which prove the validity of this method.

Actually, the experimental responses usually contain
noise. 5% random noise is added to experimental FRF. )e
log10H(ωi) before and after updating compared with the
experimental data is given in Figure 7. And Figure 8 shows
the FRF of initial FEM, experimental, and updatedmodel. As
shown in Figures 7 and 8, the model has a good agreement
with the experimental one. )e results are given in Table 5.

From Tables 4 and 5, it can be observed that the noise
affects the updating results. )e maximum error is 0.86%.
)e error is still acceptable. To further illustrate the proposed
method, the first five frequencies of the FEM, experimental,
and updated model are shown in Table 6.

As presented in Table 6, the relative errors decrease from
10.55% to 0.038%. It is verified that the proposed method is

1m

1m

Figure 3: FEM of the plane truss.

Select updating
parameters

Build LWOA-ELM
model

Update the parameters
by LWOA

Finite element model

N

Y

Model updating results

N

Y

Accuracy satisfied?
(R2 > 0.9, RMSE < 1.5 × 10–4)

Convergence satisfied?
(maximum iterations)

Figure 2: Flowchart of model updating.
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Initialize relevant parameters
Generate a population X, randomly. Calculate the fitness of each whale and get the best solution X∗
while (t< tmax)

for each search agent
Update a, A, C, l and p

if (p< 0.5)
if (|A|< 1)
Update the position of the current search agent by equation (12)

else if (|A|≥ 1)
Select a random search agent Xr

Update the position of the current search agent by equation (15)
end if

else if (p≥ 0.5)
Update the position of the current search agent by equation (14)

end if
end for
for each search agent

Update the position of the current search agent using Lévy flight by equation (17)
end for

Check if any search agent goes beyond the search and amend it
Calculate the fitness of each whale
Update X∗ if there is a better solution X∗
t � t + 1

end while
Return X∗

ALGORITHM 1: )e Lévy flight based whale optimization algorithm (LWOA).
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Figure 4: Comparison of ELM with RS and RBF model. (a) Initial FEM values and values predicted by ELM, RS, and RBF model. (b) RMSE
of ELM, RS, and RBF model.

Table 1: Parameters of experimental model and FEM.

Updating parameters Experimental value Initial FEM value
Modulus of elasticity (GPa) 210 231
Material density (kg/m3) 7850 7065
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Table 2: Parameters of algorithms.

Algorithm Parameters Values

GA Crossover probability pc 0.9
Mutation probability pm 0.1

PSO Learning factors c1 2
Learning factors c2 2

Table 3: Comparison results of the four algorithms.

Model RMSE R2

GA-ELM 2.3252×10−4 1
PSO-ELM 1.1490×10−4 1
WOA-ELM 1.4250×10−4 1
LWOA-ELM 1.0263×10−4 1
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Figure 8: FRFs of initial FEM, experimental model, and updated model. (a) Values of the real part. (b) Values of the imaginary part.

Table 4: Values and errors of the updated parameters without noise.

Updating parameters Experimental value Initial value Error (%) ELM Error (%) LWOA-ELM Error (%)
Modulus of elasticity (GPa) 210 231 10 210.0131 0.0063 210.0045 0.0021
Material density (kg/m3) 7850 7065 −10 7851.2 0.0153 7850.4 0.0051

Table 5: Values and errors of the updated parameters with 5% noise.

Updating parameters Experimental value Initial value Error (%) LWOA-ELM Error (%)
Modulus of elasticity (GPa) 210 231 10 211.8 0.86
Material density (kg/m3) 7850 7065 −10 7911.2 0.78
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capable of updating the model, and the natural frequencies
match the experimental model well.

5. Conclusion

A LWOA-ELM model based method for FEMU is proposed
in this paper. LWOA is applied to optimize the input weights
and biases of ELM. During the optimization process,
LWOA-ELM model is introduced as the surrogate model to
replace the initial FEM. )e parameters are updated using
LWOA, which obtain minimum of the objective function
based on the AFRF data. )e example results show that
LWOA-ELM has better accuracy performance than that by
the second-order RS, RBF, traditional ELM, GA-ELM, PSO-
ELM, andWOA-ELM. With 5% noise, the errors of updated
parameters are still less than 0.9%. )e proposed method is
suitable for FEMU. For future work, complex structure will
be developed, and modal test will be performed.
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[10] H. B. Başağa, T. Türker, and A. Bayraktar, “A model updating
approach based on design points for unknown structural
parameters,” Applied Mathematical Modelling, vol. 35, no. 12,
pp. 5872–5883, 2011.

[11] Y. Hong, Q. H. Pu, Y. Wang, L. J. Chen, H. Y. Gou, and
X. B. Li, “Model-updating with experimental frequency re-
sponse function considering general damping,” Advances in
Structural Engineering, vol. 21, no. 1, pp. 82–92, 2018.

[12] M. Zhan, Q. T. Guo, L. Yue, and B. Q. Zhang, “Finite element
model updating of jointed structure based on modal and
strain frequency response function,” Journal of Mechanical
Science and Technology, vol. 33, no. 10, pp. 4583–4593, 2019.

[13] T. Marwala, “Finite-element-model updating using response
surface method,” in Proceedings of the Structural Dynamics
and Materials Conference Collection of Technical Papers-
AIAA/ASME/ASCE/AHS/ASC Structures, 2004.

[14] W. X. Ren and H. B. Chen, “Finite element model updating in
structural dynamics by using the response surface method,”
Engineering Structures, vol. 32, no. 8, pp. 2455–2465, 2010.

[15] J. T. Wang, C. J. Wang, and J. P. Zhao, “Frequency response
function-based model updating using Kriging model,” Me-
chanical Systems and Signal Processing, vol. 87, pp. 218–228,
2017.

[16] Y. Zhang and Z. C. Hou, “A model updating method based on
response surface models of reserved singular values,” Me-
chanical Systems and Signal Processing, vol. 111, pp. 119–134,
2018.

[17] G. B. Huang, Q. Y. Zhu, and C. K. Siew, “Extreme learning
machine: theory and applications,” Neurocomputing, vol. 70,
no. 1–3, pp. 489–5011, 2006.

[18] G. B. Huang, X. J. Ding, and H. M. Zhou, “Optimization
method based extreme learning machine for classification,”
Neurocomputing, vol. 74, no. 1-3, pp. 155–163, 2010.

Table 6: Natural frequencies of the FEM, experimental, and updated model.

Mode
order

Initial FEM fa

(Hz)
Experimental model ft

(Hz)
Updated model fu

(Hz) Error eat (%) Error eut (%) Error reduction
(%)

1 19.3290 17.4837 17.4904

10.55 0.038 99.63
2 62.6328 56.6535 56.6753
3 83.8904 75.8817 75.9109
4 126.4108 114.3429 114.3869
5 195.6685 176.9864 177.0545
Note: eat � |(fa − ft)/ft| × 100; eut � |(fu − ft)/ft| × 100.

Shock and Vibration 9



[19] Y. M. Yang and Q. M. Jonathan Wu, “Extreme learning
machine with subnetwork hidden nodes for regression and
classification,” IEEE Transactions on Cybernetics, vol. 46,
no. 12, pp. 2885–2898, 2016.

[20] F. Han, H. F. Yao, and Q. H. Ling, “An improved evolutionary
extreme learning machine based on particle swarm optimi-
zation,” Neurocomputing, vol. 116, pp. 87–93, 2013.

[21] M. Eshtay, H. Faris, and N. Obeid, “Improving extreme
learning machine by competitive swarm optimization and its
application for medical diagnosis problems,” Expert Systems
with Applications, vol. 104, pp. 134–152, 2018.

[22] B. Jaishi andW. X. Ren, “Finite element model updating based
on eigenvalue and strain energy residuals using multiobjective
optimisation technique,” Mechanical Systems and Signal
Processing, vol. 21, no. 5, pp. 2295–2317, 2007.

[23] F. Shabbir and P. Omenzetter, “Particle swarm optimization
with sequential niche technique for dynamic finite element
model updating,” Computer-Aided Civil and Infrastructure
Engineering, vol. 30, no. 5, pp. 359–375, 2015.

[24] N. Guo, Z. C. Yang, L. Wang, Y. Ouyang, and X. P. Zhang,
“Dynamic model updating based on strain mode shape and
natural frequency using hybrid pattern search technique,”
Journal of Sound and Vibration, vol. 422, pp. 112–130, 2018.

[25] I. Boulkaibet, L. Mthembu, F. De Lima Neto, and T. Marwala,
“Finite element model updating using fish school search and
volitive particle swarm optimization,” Integrated Computer-
Aided Engineering, vol. 22, no. 4, pp. 361–376, 2015.

[26] S. Mirjalili and A. Lewis, “)e whale optimization algorithm,”
Advances in Engineering Software, vol. 95, pp. 51–67, 2016.

[27] Y. Ling, Y. Q. Zhou, and Q. F. Luo, “Lévy flight trajectory-
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