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1. Introduction 

 
During exploitation, due to the effect of environment, 

service loads, and accidental actions, structures may suffer 
from serious defects that are extremely difficult to detect 
through visualization. Therefore, damage detection methods 
based on non-destructive techniques have brought 
enormous benefits to Structural Health Monitoring (SHM). 
These methods can find defects that are embedded in the 
structure without destroying or adversely affecting the 
structure. During the past decades, there has been a sharp 
increase in the number of successful applications of damage 
identification employing non-destructive methods (Kourehli 
2017a, Ho et al. 2018, Tran-Ngoc et al. 2019a, Tran and 
Bui 2019, Ghannadi and Kourehli 2019a, b, Khatir and 
Wahab 2019a, Mai et al. 2020, Cuong and Quang 2020, 
Hien 2020). Hwang and Kim (2004) applied methods 
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derived from frequency response function data to damage 
identification and quantification in a helicopter rotor blade 
and a cantilever beam. Maity and Tripathy (2005) proposed 
a method based on a hybrid Genetic Algorithm (GA) to 
identify damages in a plane frame and a cantilever beam 
with several damage scenarios. Miguel et al. (2013) 
identified damage cases of cantilever beams by applying a 
hybrid optimization algorithm based on stochastic and 
deterministic principles. To evaluate the effectiveness and 
reliability of the proposed approach, its results were 
compared with other algorithms including PSO, GA, and 
Harmony Search algorithm. Kaved and Maniat (2015) used 
PSO algorithm and Magnetically Charged System Search 
algorithm for damage identification in trusses and beams. 
Na et al. (2011) presented a fresh approach to damage 
identification in a 20-storey building using GA combined 
with structural dynamic responses. Mares and Surace 
(1996) combined the residual force method with GAs to 
detect damages in a truss structure and a cantilever beam. 
Chou and Ghaboussi (2001) identified damage location and 
severity in a truss structure by solving an inverse problem 
based on GA. Xu et al. (2016) employed an Improved 
Artificial Bee Colony algorithm based on a chaotic search 
mechanism and tournament selection strategy to detect 
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Abstract.  In this paper, a novel approach to damage identification in structures using Particle Swarm Optimization (PSO) 
combined with Artificial neural network (ANN) is proposed. With recent substantial advances, ANN has been extensively 
utilized in a wide variety of fields. However, because of the application of backpropagation algorithms based on gradient descent 
techniques, ANN may be trapped in local minima when seeking the best solution. This may reduce the accuracy of ANN. 
Therefore, we propose employing an evolutionary algorithm, namely PSO to deal with the local minimum problems of ANN. 
PSO is employed to improve the training parameters of ANN consisting of weight and bias ratios by reducing the deviation 
between calculated and desired results. These training parameters are then used to train the network. Since PSO applies global 
search techniques to look for the best solution, it can assist the network in avoiding local minima by looking for a beneficial 
starting point. In order to assess the effectiveness of the proposed approach, both numerical and experimental models with 
different damage scenarios are employed. The results show that ANN -PSO not only significantly reduces computational time 
compared to PSO but also possibly identifies damages in the considered structures more accurately than ANN and PSO 
separately. 
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damages in a double-beam system. Hou et al. (2019) used 
Improved PSO by adjusting inertia weight coefficients to 
deal with optimization problems of 12 benchmark 
functions. However, since such aforementioned algorithms 
have to adjust too many parameters in the process of 
searching for the best solution through iterations, it is very 
time-consuming when using them for optimization issues of 
structures with many Degrees of Freedom (DoFs). This may 
restrict their capacity to handling the optimization problems 
of large-scale structures (Khatir et al. 2017, Samir et al. 
2018, Tiachacht et al. 2018, Zenzen et al. 2018, Ghannadi 
and Kourehli 2019c, Tran-Ngoc et al. 2018, 2020a, b, 
2021a, Hoa et al. 2020). 

ANN is a model inspired by biological neural systems. 
In recent years, there has been an increasing tendency 
towards successful applications of ANN for different fields, 
e.g., disease diagnosis, target recognition as well as sales 
forecasting (Kourehli 2017b, Ghadimi and Kourehli 2017, 
Kourehli 2018, Khatir et al. 2019, 2020a). Zhou and Wahab 
(2017) combined transmissibility with an auto-associative 
neural network to detect damages in a simulated ten-floor 
structure. The impacts of noise were fully evaluated in the 
model. Abdeljaber et al. (2017) used Convolutional Neural 
Networks (CNNs) to identify damage locations and levels 
in a large-scale steel frame. Janssens et al. (2016) identified 
defects in bearings of rotating machines using a learning 
model derived from CNNs. Hakim and Razak (2013) 
employed ANNs to identify damages in a steel bridge, in 
which the natural frequencies of the first five modes were 
selected and used as the objective function to minimize the 
difference between calculated and desired outputs. It is 
acknowledged that in the process of training the network, 
the particles are transferred from the input layers to the 
output layer based on training parameters in the forward 
process. If calculated outputs are still significantly different 
from the desired ones, a backward process is conducted 
using backpropagation algorithms to recalculate training 
parameters. This process repeats until the difference 
between real and desired outputs is the smallest. However, 
because backpropagation algorithms are based on gradient 
descent techniques, the network seems to be got stuck in 
local minima. 

To overcome the aforementioned limitations of ANN, 
some researchers proposed combining ANN with 
evolutionary algorithms to handle optimization problems 
(Khatir et al. 2020b and Yazdanmehr et al. 2009). Those 
algorithms are based on global search techniques to look for 
the best solution, which plays a crucial role in avoiding 
local minima. Inspired by the aforementioned approaches, 
we proposed a hybrid algorithm combining PSO with ANN 
and used to detect damages in considered structures. This 
hybrid algorithm enhances the effectiveness of ANN by 
improving the parameters used to train the network. PSO is 
employed to determine the training parameters of the ANN, 
consisting of weight ratio and bias ratio. Each value of 
training parameters (weight and bias) is considered as a 
solution that the PSO algorithm is looking for. The 
objective function is the difference between calculated and 
desired results. Training parameters are determined when 
the value of the objective function is the smallest (Tran-

Ngoc et al. 2019b). After that, these training parameters are 
used to train the network. To demonstrate the effectiveness 
of the proposed approach, PSO and ANN are also used for 
damage identification in the considered structures. 

 
 

2. PSO 
 
As natural law, some animals e.g., birds or fishes live in 

groups to gain considerable advantages during evolution. In 
the process of seeking food, they share information with 
other members, which not only assists in the reduction in 
the search time for food but also helps to increase the 
opportunity for obtaining the most food. Drawing creative 
inspiration from this strategy, in 1995, Eberhart and 
Kennedy (1995) developed an evolutionary algorithm called 
PSO. Particles of PSO imitate the behaviors of fishes and 
birds when seeking the optimal solution. The PSO 
algorithm is derived from Eqs. (1)-(9). 

The first equation determines the velocity of each 
particle, which is represented by elements in matrix 𝑽௜ of 
size 𝑛 ×  𝑚 

 𝑉(௜ାଵ) = 𝑤଴𝑉௜ + 𝐶ଵ𝑟ଵ(𝑃௜ − 𝑋௜) + 𝐶ଶ𝑟ଶ(𝑃௜ − 𝑋௜) (1)
 
Where 
 𝑉௜ = [𝑣ଵ௜ , 𝑣ଶ௜ , . . . , 𝑣௠௜ ] (2)
 𝑃௜ = [𝑝ଵ௜ , 𝑝ଶ௜ , . . . , 𝑝௠௜ ] (3)
 𝑋௜ = [𝑥ଵ௜ , 𝑥ଶ௜ , . . . , 𝑥௠௜ ] (4)
 𝑃௜ = [𝑃௜]ଵ∗௠ (5)
 

And 
 𝑣௝௜ = [𝑣ଵ௝௜, 𝑣ଶ௝௜, . . . , 𝑣௡௝௜]், 𝑗 = 1,2, . . . , 𝑚. (6)
 𝑝௝௜ = [𝑝ଵ௝௜, 𝑝ଶ௝௜, . . . , 𝑝௡௝௜]், 𝑗 = 1,2, . . . , 𝑚. (7)
 𝑥௝௜ = [𝑥ଵ௝௜, 𝑥ଶ௝௜, . . . , 𝑥௡௝௜]், 𝑗 = 1,2, . . . , 𝑚. (8)
 𝑃௜ = [𝑝௜]௡∗ଵ் (9)
 𝐶ଵ  and 𝐶ଶ  are the social learning factor and the 

cognition learning factor, respectively;𝑟ଵ and 𝑟ଶ represent 
random values in the range of (0,1); 𝑤଴ denotes the inertia 
weight parameter; n is the number of populations, whereas 
m is the number of uncertain parameters that need to find. 𝑥௤௜  and 𝑣௤௜  represent the position and velocity of particle q 
at the 𝑖௧௛ iteration, respectively. The position of particles 
(x) is also the training parameters used to train the network. 𝑝௤௜  presents the best local position of particle q at the 𝑖௧௛ iteration, whereas 𝑝̅௜ is the best global position of all 
particles at the 𝑖௧௛  iteration. (. )்  denotes transpose 
operation. 

The second equation is to update the position of each 
particle 
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PSO identifies the best solution based on the objective 

function consisting of structural damage location and level. 
When the discrepancy between calculated and desired 
outputs (objective function) is minimal, the best solution is 
achieved. Each element is featured by its physical position 
and velocity vector in the space. In the moving process, 
each element can remember the best local solutions and 
compare them with other members. Thanks to this strategy, 
the best solution is obtained when iterations finish. Since 
only the best optimal solution is given after each iteration, 
PSO is superior to existing optimization algorithms e.g., 
genetic algorithm (GA) in terms of convergence speed and 
accuracy when handling optimization issues (Tran-Ngoc et 
al. 2018). 

 
 

3. ANN 
 
ANN is an algorithm that can automatically learn 

identification from experience to improve its performance. 
The trained network can be used to identify new data sets 
that have the same characteristics as trained ones. ANN has 
three major learning methods consisting of unsupervised 
learning, semi-supervised learning together with supervised 
learning. The unsupervised learning model solely contains 
input variables without the corresponding output ones 
(Tran-Ngoc et al. 2019b, 2020c, 2021b, Nguyen et al. 2020, 
Dang et al. 2020, 2021). The semi-supervised learning 
model is used to deal with incomplete training data in which 
a part of the input variables does not possess corresponding 
output ones. The supervised learning model owns both 
input variables and corresponding output ones. The 
supervised learning model can be split into regression and 
classification functions. Regression functions are employed 
to predict outputs, whereas classification functions utilized 
to categorize outputs. Although ANN is a subset of machine 
learning (ML), it still has several distinctive functions. 
While the ML algorithm needs guidance when learning 
identification from the data, ANN itself can tackle problems 
without interventions. In this paper, since we used both 
input and output variables for training the network 
described in more detail in Section 3.1, the supervised 
learning model of ANN is applied and combined with PSO 
to detect damages in structures 

 
3.1 Input and output variables 
 
ANN is a computational model used to deal with multi-

parametric issues. This function provides ANN with the 
flexibility to choose input and output variables based on the 
problems that need to be solved. Selected input data must 
produce significant effects on the output ones. Therefore, in 
this paper, structural dynamic characteristics consisting of 
natural frequencies are utilized for input variables, and 
damage characteristics (damage locations and levels) are 
used as outputs. The input and output variables are 
organized into a tabular form for the process of training the 
network. 

Fig. 1 Three-layer neural network architecture
 
 
3.2 ANN network architecture 
 
The network of ANN consists of three major parts, i.e., 

an input layer, an output layer, and hidden layers located 
between the input and output layer. Each layer includes 
processing elements linked to each other using weight and 
bias ratios. In the group of the various network architectures 
used in ANN, Multilayer Feedforward Perceptron (MFP) 
networks are the most popular. This architecture comprises 
one input layer, one output layer, and one or more hidden 
layers. The selection of the number of hidden layers is 
based on the specific problems that need to be tackled. No 
convincing proofs demonstrate that increasing the number 
of hidden layers can create a better network. On the other 
hand, utilizing too many hidden layers may lead to an 
increase in computational cost. Therefore, in this paper, we 
only use one hidden layer for the network as shown in Fig. 
1. 

 

3.3 Training, validation and test 
 
The process of training the network is conducted as 

follows: Firstly, the input layer receives input signals (𝑓ଵ,., 𝑓௧) and then transfers them to hidden layers as shown in Fig. 
1. This process is formed using two equations. The first one 
is a summation function (φ) depending on training 
parameters (weight and bias) and output values of previous 
layers, i.e. 

 𝐼𝑛𝑝𝑢𝑡௭ = 𝜑௭ = ෍ 𝑤௬௭௧
௬ୀଵ 𝑓௬ + 𝑏௭ ; 𝑧 = 1 ൊ 𝑙 (11)

 
Where 𝑓௬ indicates the output of the 𝑦௧௛ neuron of the 

input layer, 𝐼𝑛𝑝𝑢𝑡௭ is the input data of the 𝑧௧௛  neuron of 
the hidden layer. 𝑏௭  and 𝑤௬௭  are training parameters, 
namely bias and weight ratios; whereas t is the number of 
the neurons of the input layer connecting with the 𝑧௧௛neuron of the hidden layer; l is the number of the neuron 
of the hidden layer. The second one is an activation function 
used to map the relationship between input and output 
values. Four main types of activation function exist, namely 
step function, ramp function, sigmoid function, and 
Gaussian function. The sigmoid function is commonly used 
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because it can deal with numerous complex issues relating 
to nonlinear functions. In this paper, we use the sigmoid 
function to calculate output values. Output values (𝑂௭ଵ) are 
obtained using the sigmoid function as shown in Eq. (12). 

 𝑂௭ଵ = 11 + 𝑒ି௜௡௣௨௧೥ (12)

 
The process of transferring neurons from the hidden 

layer to the output layer is the same one mentioned in Eqs. 
(11)-(12). Training a network indeed is to change weight 
and bias ratios (training parameters) to minimize the 
difference between the calculated and desired outputs. The 
particles of the network of ANN are transferred from input 
layers to output layers based on training parameters in the 
forward process. If calculated outputs are still significantly 
different from the desired ones, the backward process is 
conducted using backpropagation algorithms to recalculate 
training parameters. This process repeats until the 
difference between real and desired outputs is the smallest. 
However, since backpropagation algorithms are based on 
gradient descent techniques, the network tends to be trapped 
in local minima when the network creates too many locally 
optimal solutions. To solve this issue, we employ PSO to 

 
 

Fig. 2 Methodological approach for damage identification 
in the structures employing ANN-PSO 

identify the training parameters (weight and bias) used to 
train the network. PSO is an evolutionary algorithm based 
on global search techniques to look for the best solution. 
Each value of training parameters (weight and bias) is 
considered as a solution that the PSO algorithm is looking 
for. For the process of seeking the global best of PSO, the 
reader can refer to section 2 and the work of Tran-Ngoc et 
al. (2019b). The objective function is the difference 
between calculated and desired results (damage locations 
and levels). Training parameters are determined when the 
value of the objective function is the smallest. After that, 
training parameters are used to train the network. To 
consider the effect of noise on the input data, white 
Gaussian noise is applied for input data (natural 
frequencies) as shown in Eq. (13) (DjuriC 1996). 

 𝑁𝑜𝑖𝑠𝑒 = ට10ଵ଴∗௟௢௚భబ∑ (೑ೡ)మೡಿసభಿ ି௦௡௥ ∗ 𝑟𝑎𝑛𝑑 (13)

 
Where N is the number of input data, 𝑓௩ is input data; 

snr is noise ratio used for the vector signal of input data; 
rand represents random numbers (0 < rand < 1). The 
application of ANN-PSO to damage detection of structures 
is illustrated in Fig. 2. 

 
 

4. Numerical examples 
 
In this section, the effectiveness of the proposed 

approach is demonstrated through a continuous beam, with 
a wide variety of damage scenarios. The effect of the noise 
on the input data is evaluated by adding white Gaussian 
noise that is evaluated as 3% for natural frequencies. A 
computer with an Intel I7- 45000 CPU, and 8 GB RAM is 
used for data analysis. To compare with the proposed 
method, ANN and PSO separately are also employed to 
detect damages in considered structures. The steel beam 
includes two continuous spans of equal length (20 m) 
shown in Fig. 3(a). The cross-section of the beam is an I-
Beam (Fig. 3(b)). The beam is put on three supports. While 
supports 1 and 2 are expansion ones, support 3 is a fixed 
one. The material properties of the beam are listed in Table 
1. 

The finite element model (FEM) of the beam is 
generated using StaBIL, a MATLAB Toolbox was 
developed by François et al. (2021). The beam comprises 
41 nodes and 40 elements modeled with two-dimensional 
(2D) beam elements. This element has 3 DoFs at each node 
including two translational displacements in the x, y - axes, 
and rotational displacement around the z-axis. 

Modal analysis is performed utilizing a baseline model 
to create the input and output data for the network. The 
network with three layers consisting of one input layer, one 

 
 

Table 1 Material properties of the beam 

Parameters 
Young’s modulus Volumetric mass density Poisson’s ratio2 × 10ଵଵ N/mଶ 7850 Kg/mଷ 0.3 
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Fig. 4 The network architecture for the continuous beam
 
 
 

Table 2 Natural frequencies of the first ten modes for the 
continuous beam 

Modes Natural frequencies 
(Hz) Modes Natural frequencies

(Hz) 
1 9.12 6 81.15 
2 14.25 7 95.36 
3 32.36 8 97.88 
4 36.27 9 144.00 
5 45.92 10 162.66 

 

 
 
 

 
 
 

output layer and one hidden layer shown in Fig. 4. While 
input data consists of the first ten natural frequencies (Table 
2), output data (objective function) relates to damage 
locations and levels. A hidden layer with 13 neurons is 
employed. 

The samples used for training, validation, and test are 
chosen randomly from the generated datasets with a 
division of 70%, 15%, and 15%, respectively. The trained 
network is used for damage identification and quantification 
in the considered structure. In order to compare with ANN-
PSO, ANN, and PSO are also used for damage detection in 
the beam. For PSO, the number of population is 150, the 
values of the social learning factor and the cognition 
learning factor are 𝐶ଵ  = 2 and 𝐶ଶ  = 2, respectively, 
whereas the inertia weight parameter (𝑤଴) is 0.3. The ANN 
employs the Levenberg-Marquardt (LM) algorithm to train 
the network. 

 
4.1 Single damages 
 
Damage scenarios in the beam are generated by 

decreasing the stiffness of elements. The stiffness 
parameters range between 0 and 1. While 1 indicates the 
intact case and 0 represents the totally damaged case. For 
single damage cases, the stiffness of the damaged elements 
reduces from 1 to 0.5 with a step of 0.01, whereas the 
remaining elements are intact. Because the beam is 
symmetric, only ଵଶ of the beam is used for structural 

 
 

(a) The layout of the beam (b) The cross-section of the beam

Fig. 3 The continuous beam. The unit is in mm.

(a) ANN (b) ANN-PSO 
Fig. 5 The process of training the network - Single damage scenario
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Table 3 The indexes assess the performance of algorithms - 
Single damage scenario 

Algorithms MSE-values R-Values Training time (sec)
PSO 0.42  2216 
ANN 0.71 0.9981 245 

ANN-PSO 0.053 0.9986 267 
 

 
 

damage identification in both single and multiple damages. 
A total number of 1000 data samples are created from the 
baseline model and used to train the network. Output data 
consists of damage locations and levels. 

Fig. 5 indicates that the regression line coincides with 
the 45-degree one, and regression values (R) are higher than 

 
 

 
 

 
 

0.9. This demonstrates that a close correspondence between 
real and target results is achieved. Table 3 shows the 
indexes assessing the performance of algorithms. 

Table 3 shows that MSE value calculated by ANN-PSO 
is the lowest, at 0.053, whereas MSE values determined by 
PSO and the ANN are 0.42 and 0.71, respectively. 
Additionally, ANN-PSO outperforms ANN in terms of R-
value. This means that analysis outputs (damage locations 
and levels in the beam) determined by ANN-PSO are closer 
to real outputs than PSO and ANN. MSE determined by 
ANN is the highest because this algorithm applies 
backpropagation algorithms, which may trap in the local 
minima. ANN-PSO demonstrates its ability to the search for 
the optimal solution since ANN-PSO applies global search 
techniques of PSO to look for the best training parameters 

 
 

 
 

 
 

 
Fig. 6 Damage detection results of PSO, ANN, and ANN-PSO of element 3: 7% of damage 

 
Fig. 7 Damage detection results of PSO, ANN, and ANN-PSO of element 3: 50% of damage 

 
Fig. 8 Damage detection results of PSO, ANN, and ANN-PSO of element 3: 80% of damage 
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used to train the network. In terms of the time to look for 
the best solution, ANN-PSO requires more time than ANN 
but this deviation is insignificant, whereas ANN-PSO 
spends less time on training the network than PSO. 
Specifically, ANN-PSO spends 267 seconds on training the 
network, whereas ANN and PSO devote approximately 245 
seconds and 2216 seconds, respectively to train the 
network. PSO expends the most time in looking for the best 
solution because this algorithm has to adjust too many 
parameters in the search process. 

From Figs. 6-8, it can be seen that PSO, ANN, and 
ANN-PSO can detect damage location of element 3 
accurately. ANN only identifies exactly damage levels that 
belong to the trained network, whereas the results of 
damage level detection of PSO still contain minor errors 

 
 

Table 4 The indexes assess the performance of the proposed 
algorithms – Multiple damages 

Algorithms MSE-Values R-Values Training time (sec)
PSO 0.58  2278 
ANN 0.93 0.998 289 

ANN-PSO 0.062 0.999 323 
 

 
 

 
 

compared to real results. ANN-PSO demonstrates its 
effectiveness when determining damage levels of element 3 
exactly. 

 
4.2 Multiple damages 
 
The stiffness of elements reduces from 0% to 50% with 

an interval of 1%, which is randomly assigned to two 
elements at the same time, whereas other elements are 
intact. A total number of damage cases (9500) are created 
from the baseline model used to train the network. 

Table 4 shows the indexes assessing the performance of 
the proposed algorithms. 

Table 4 and Fig. 9 show that ANN-PSO provides a 
smaller discrepancy between calculated and desired outputs 
than both PSO and ANN. For the time to find the best 
solution, while ANN and ANN-PSO spend only 289 
seconds and 323 seconds on looking for the best solution, 
respectively, PSO devotes 2278 seconds to this process. 

Fig. 10 shows that PSO, ANN, and ANN-PSO can 
identify damage location of elements accurately. Some 
minor errors happen when using PSO and ANN to detect 
the damage level of elements. The predicted results of 
damage severity applying ANN-PSO correspond to the real 
ones. 

 

 

(a) ANN (b) ANN-PSO 
Fig. 9 The process of training the network – Multiple damages

 
Fig. 10 Damage detection results of PSO, ANN, and ANN-PSO in the steel beam: (a) 20% of the damage of 

element 1 and 70% of the damage of element 3 
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Fig. 11 Experimental setup (Tran-Ngoc et al. 2019b)
 
 
 
 

Table 5 The dimension of the beam 

The length of 
the beam (m) 

The height of 
the beam (m) 

The width of 
the beam (m) 

0.6 0.038 0.006 
 

 
 
 

Table 6 The material properties of the beam 

Young’s modulus 
(E) Poisson’s ratio Volumetric mass 

density (G) 
190 ~ 200 Mpa 0.3 7850Kg/mଷ 

 

 
 
 

 
 
 

Table 7 Natural frequencies of the first 3 modes 

 𝑓ଵ [Hz] 𝑓ଶ [Hz] 𝑓ଷ [Hz] 
Intact case 526.5 1410.9 2751.6 

damaged case – 3 mm 523.4 1409.0 2707.4 
damaged case – 6 mm 514.8 1405.9 2673.4 
damaged case – 9 mm 500.8 1403.9 2623.8 

 
 
5. A laboratory beam 

 
To evaluate the robustness and effectiveness of ANN-

PSO, a steel beam with a free-free boundary condition was 
employed (Fig. 11). The dimension and material properties 
of the beam are described in detail in Tables 5-6. 

A laboratory measurement (Fig. 11) was conducted to 
obtain structural dynamic behaviors. The excitation source 
was generated by the force of the hammer. Accelerometers 
(PCB 356A15) were used to get the signal. 

The intact beam was first considered. After that damages 
generated in the middle of the beam with crack lengths of 3 
mm, 6 mm, 9 mm. Peak picking method was applied to 
obtain natural frequencies of all cases shown in Figs. 12-15 
and Table 7 (Tran-Ngoc et al. 2019b). 

A FEM of the beam is constructed using StaBIL. This 
model consists of 12 nodes, 11 elements. Two-dimensional 
beam elements are used that have 4 DoFs at each node 

 
 

 
 
 

 

 
Fig. 12 Undamaged case 

Fig. 13 Damaged case 1 – 3 mm 
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Table 8 Natural frequencies before and after model 
updating (Tran-Ngoc et al. 2019b) 

Modes 1 2 3 
Before (Hz) 525 (0.19%) 1406 (0.28%) 2743 (0.29%)
After (Hz) 526 (0%) 1411 (0%) 2752 (0.05%)

Measurement (Hz) 526 1411 2751 
 

 
 

Fig. 16 Network architecture 
 
 

comprising translational displacements in the x, y- 
directions, and rotational displacements around the x, y -
directions. Model updating is applied to minimize the 
difference between analytic and measured results. 

Uncertain parameters include Young’s modulus of 
elements. Table 8 shows natural frequencies of the beam 
before and after model updating. 

 
 

 
 
Table 8 shows that after model updating a close 

correspondence between analytic and measured results is 
achieved. 

The updated model is used to generate data for the 
network. Damages are created by reducing the stiffness at 
each element with an interval of 1%. A total of 550 samples 
are used to train the network. These samples are split into 
70%, 15%, and 15% for training, evaluation, and test, 
respectively. The network consists of 3 layers (one input 
layer, one output layer, and one hidden layer) shown in Fig. 
16. The input data includes natural frequencies of 3 modes 
and the output data is damage location and level. The 
hidden layer consists of 8 neurons. 

PSO alone and ANN alone are also used to compare 
with ANN-PSO. Apart from the number of population of 
PSO (in this section, 50 populations of PSO are employed), 
other parameters of PSO and ANN are chosen the same 
ones as section 4. 

Table 9 shows the performance evaluation indices of the 
proposed algorithms. 

Table 9 and Fig. 17 show that R-Values calculated by 
ANN-PSO are higher than those identified by ANN, 
whereas MSE values calculated by ANN-PSO are smaller 
than those provided by ANN and PSO. In terms of 

 
 

Table 9 Performance indices of algorithms 

Algorithms MSE-Values R-Values Training time (sec)
PSO 0.051  545 
ANN 0.82 0.9982 289 

ANN-PSO 0.289 0.9989 392 
 

Fig. 14 damaged case 2 – 6 mm 

Fig. 15 Damaged case 3 – 9 mm 
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Fig. 18 Damage detection results of PSO, ANN, and ANN-
PSO in the steel beam: (22) % damage of element 6

 
 

Fig. 19 Damage detection results of PSO, ANN, and ANN-
PSO in the steel beam: (40) % damage of element 6

 
 

computational time, ANN-PSO and ANN spend less 
computational time than PSO. Specifically, While ANN, 
and ANN-PSO devote 289, and 392 seconds, respectively to 
finding the best solution, PSO devotes the most time (545 
seconds) to this process. 

As shown in Figs. 18-20, the damage location of 
element 6 is exactly determined by PSO, ANN, and ANN-
PSO. In terms of detecting damage level, the predicted 
result calculated by ANN-PSO is closest to actual damage. 

 
 

Fig. 20 Damage detection results of PSO, ANN, and ANN-
PSO in the steel beam: (68) % damage of element 6

 
 

6. Conclusions 
 
In this paper, a flexible combination of ANN and PSO is 

used for damage identification in structures consisting of a 
continuous beam, a laboratory beam. This combination is 
employed to overcome the limitation of ANN applying 
gradient descent techniques. PSO is employed to identify 
training parameters (weight and bias) used to train the 
network. To compare with ANN-PSO, ANN, and PSO also 
are employed to determine damages in the considered 
structures. Based on the results achieved, some main 
conclusions can be drawn as follows: 

 
- PSO, ANN, and ANN-PSO can detect damage 

location in the considered structures exactly. A close 
correspondence between analysis and measured 
results is achieved (MSE lower than 0.08, and R-
Values over 0.99). 

- PSO devotes too much CPU time to looking for the 
best solution. Due to this big drawback, it is 
extremely difficult to employ PSO to handle the 
problems of damage identification in complex 
structures with numerous DoFs. 

- ANN spends the least time on finding the best 
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Fig. 17 The process of training the network
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solution. However, ANN may trap in the local 
minima when the network generates too much the 
local optimal solution. 

- ANN-PSO not only considerably reduces 
computational time than PSO but also outperforms 
than ANN and PSO in terms of accuracy when 
seeking the optimal solution. 

- Further investigation into damage identification 
should be conducted in more large-scale structures to 
assess the robustness of the proposed method. 
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