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Abstract: Finite element (FE) based structural health monitoring (SHM) algorithms seek to update
structural damage indices through solving an optimisation problem in which the difference between the
response of the real structure and a corresponding FE model to some excitation force is minimised. These
techniques, therefore, exploit advanced optimisation algorithms to alleviate errors stemming from the lack
of information or the use of highly noisy measured responses. This study proposes an effective approach
for damage detection by using a recently developed novel swarm intelligence algorithm, i.e. the marine
predator algorithm (MPA). In the proposed approach, optimal foraging strategy and marine memory are
employed to improve the learning ability of feedforward neural networks. After training, the hybrid
feedforward neural networks and marine predator algorithm, MPAFNN, produces the best combination of
connection weights and biases. These weights and biases then are re-input to the networks for prediction.
Firstly, the classification capability of the proposed algorithm is investigated in comparison with some well-
known optimization algorithms such as particle swarm optimization (PSO), gravitational search algorithm
(GSA), hybrid particle swarm optimization-gravitational search algorithm (PSOGSA), and grey wolf
optimizer (GWO) via four classification benchmark problems. The superior and stable performance of
MPAFNN proves its effectiveness. Then, the proposed method is applied for damage identification of three
numerical models, i.e. a simply supported beam, a two-span continuous beam, and a laboratory free-free
beam by using modal flexibility indices. The obtained results reveal the feasibility of the proposed approach
in damage identification not only for different structures with single damage and multiple damage, but also

considering noise effect.

Keywords: Hybrid approach, marine predator algorithm-feedforward neural networks (MPAFNN),

vibration experiment, damage detection, modal flexibility index.
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I. Introduction

Structures under service will inevitably undergo some damage due to their permanent exposure to
operational loads, environmental effects or accidental events. Maintenance and repair of existing bridge
structures have gained more and more attention recently. To achieve an effective, low-cost, and timely
manner SHM, damage detection must be conducted at an early stage. In traditional assessment methods,
visual inspection techniques play a significant role in collecting data on in-service bridges. The collected
data are further processed to assess the health condition of structures. However, there are some limitations
involved with these techniques such as the existence of invisible or inside structural damage or inequalities
of the inspector’s competences.

In order to overcome these shortcomings, many researchers successfully applied a physical model-
based method for damage identification. Using the direct changes in natural frequencies or displacement
mode shapes between intact and damaged conditions, they identify the location and the level of damage.
However, this approach can use an optimization algorithm to solve the model updating problem [1-6].
Therefore, these approaches can become time-consuming in case of the occurrence of multiple damage
scenarios or complex structures. The authors in [7] also used the inverse problem-based approach for
damage detection. A regularized level set method was used to identify defects in a piezoelectric material
via an iterative procedure. The obtained results confirmed that the proposed algorithm could successfully
determine the number, approximate location and shape of defects in the piezoelectric domain.

In contrast, modal-based damage detection methods are another set of techniques that have been
successfully applied to identify defects without iteration. These approaches use damage sensitive indices to
detect, localize and evaluate damage in civil engineering structures. The first and simplest index based on
displacement mode shapes e.g. Modal Assurance Criterion (MAC) or Coordinate Modal Assurance
Criterion (COMAC) was used in studies [8-10]. Although the obtained results indicated the high potential
of these indices in detecting the presence of damage, their capability in localizing damage showed some
limitations. Modal strain energy-based (MSE) methods are another set of modal-based techniques which
have received many positive results in damage detection and localization. Many numerical studies
confirmed high accuracy and reliability of these methods in detecting and locating damage at different noise
levels [11-16]. However, directly extracting modal strain energy indices from measurements is still a
challenge. Modal curvature method (MCM) is another popular mode shape-based approach for damage
identification. Wahab and De Roeck [17] applied modal curvature (MC) and curvature damage factor
(CDF) to both simulated data and a real case, the bridge Z24. They found that MC was more precise when
using the lower modes. Performance of higher modes MC could be guaranteed by increasing the
measurement grid. They emphasized that when severe damage occurred in structures, CDF revealed its
supremacy of damage localization. Authors in [18-20] recommended using modal curvature method
(MCM) for localization of damage. However, this method is not a suitable choice, especially in large sensor
spacing condition or when only higher modes could be extracted. Moreover, the normalization of two-mode
shapes of healthy and damaged states is necessary to guarantee the quality of damage identification.

Modal flexibility method (MFM) combines natural frequencies and displacement mode shapes for
determining damage in structures. One of the advantages of this method is that it can indicate the damage
position based on the first few lower modes. In other words, the flexibility index is sensitive to changes in
stiffness of the structure even when only lower modes are used. Besides, normalization of mode shapes is
unnecessary for increasing the accuracy of defect localization. MFM was applied successfully in [21-23].
However, the quantification of damage level was not mentioned in these studies. In reality, natural
frequencies/lower-mode is easier to identify than mode shapes/higher-mode. Therefore, the real application
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of this approach is feasible due to its simplicity and low cost. This study, therefore, exploits MFM to
develop a tool for SHM of large-scale structures. The limitation of this approach in damage quantification
is improved by using neural networks (NNs). There are several NNs e.g. recurrent neural network (RNN),
spiking neural network (SNN), Feedforward neural network (FNN), etc. This study focuses on FNN due to
its simplicity in information transfer from inputs to predict outputs.

Machine learning algorithms have shown capability in solving complicated problems, like
classification, regression and clustering, etc. A concerning crucial matter, in all neural networks, is the
learning process. Learning from experience or available data is the key that helps NNs to overcome complex
problems. Especially, in applications where the approach has to deal with big data. This approach uses two
categories of learning techniques: unsupervised and supervised. The former is only based on input data to
interpret and group data. The latter, however, uses both input and output data to develop a predictive model.
While unsupervised learning is used in clustering, supervised learning is used in classification and
regression. For the high performance of a trained neural network (NN), a learning method or trainer is
involved during the learning process of a NN. Stochastic and deterministic methods are two major
categories that can be applied to that purpose. Less computational time and simplicity are strong points of
the deterministic method where a popular gradient-based algorithm, namely back-propagation (BP), serves
as a training method. Reducing computational time is always a target that many researchers aim to. Authors
in [24-25] proposed novel approaches. In these approaches, they did not need to use a classical
discretization such as FEM. After the network has been trained, solutions were obtained extremely fast
based on collocation strategy. They could deal with the forward and inverse/optimization problem in the
same way (Deep neural networks DNN and no FEM at all) and automatically account for uncertainties.
However, the initial values of connection weights, biases, learning rate, and momentum have significant
effects on the convergence. For this reason, the use of the BP algorithm in the training process can result in
amistaken point or converging to local minima rather than to the global minimum. To reduce the probability
of local optima avoidance, a stochastic trainer based on the optimization strategy for training can be used.
In the second approach, random solutions are generated in the initial iterations, and then they are evolved
as iteration pass. Although the convergence rate of the stochastic approach is slower than that of the
deterministic one, it owns high potential in local solutions’ avoidance. The kernel of the optimization-based
stochastic method is a heuristic optimization algorithm. The well-developed optimization field provides a
strong foundation for the development of this approach. Many well-known algorithms are capable of global
optimal search e.g. genetic algorithm GA, particle swarm optimization (PSO), improved particle swarm
(IPSO) [26], orthogonal diagonalization-improved particle swarm optimization (IPSOOD) [27],
gravitational search algorithm (GSA), simulated annealing (SA), grey wolf optimizer (GWO), water cycle
algorithm (WCA) [28], etc. Water cycle algorithm (WCA), a novel optimization method, is inspired by the
hydrologic cycle process in nature. WCA focuses on the motion of raindrop from the atmosphere to the
streams, then to rivers that flow to the sea or from the atmosphere directly to the sea. Random raindrops
represent candidate solutions. Many good raindrops are considered as a river while the rest of the raindrops
represent streams. All streams and rivers wind up in the sea. The sea indicates the best raindrop (the best
optimal point). Evaporation and raining condition help WCA to overcome the local stagnation. Four
constrained optimization problems and seven engineering problems were used to validate the performance
of WCA. The obtained results confirmed its effectiveness via computational cost and accuracy of solutions.
Some of which were applied successfully in training feedforward neural network (FNN).

Recently, a new nature-inspired heuristic optimization algorithm, namely marine predator algorithm

proved its prominent performances over many other well-known algorithms regarding exploration and
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exploitation of engineering problems [29]. Therefore, the authors proposed a new stochastic approach based
on optimization strategy in training FNN, namely marine predator FNN (MPAFNN). The study aims to
evaluate the capability of the proposed approach in escaping from local optimal solutions and improving
the accuracy of prediction in structural engineering problems. The proposed FNN is fed by modal flexibility

index and uses a supervised technique for learning.

II. Methodology of the proposed approach
2.1 Modal flexibility indices
Modal flexibility matrix is defined as an inverse of the stiffness matrix [30]. The presence of damage in a
structure causes a reduction of stiffness. It results in a rise in the flexibility of structures when a small failure
occurs. In other words, the presence of a defect can cause a more flexible zone in the vicinity of the damage
excepting the particular location such as the fixed end of a cantilever beam. Therefore, these changes in the
observed flexibility of the structure can be used as a damage indication. The indicator can be calculated
using vibration properties such as natural frequency values and mass-normalized displacement mode
shapes. Generally speaking, a comparison between two flexibility matrices extracted from two sets of
dynamic characteristics is the working principle of the method. For instance, at a given location s and
number of considered modes nm, a modal flexibility element MF; of the modal flexibility matrix of a tested
structure can be identified:
ME =Y Lo, (1)
it Jf;
Where i implies mode number, f; denotes natural frequency of mode i, @ are mass-normalized mode

shapes at location s of mode i, superscript T indicates “Transpose”. The interesting point in (1) is the inverse
relationship between the modal flexibility and the square of frequencies. This implies that lower frequencies
have a higher contribution to modal flexibility. It makes modal flexibility efficient when only a few lower
frequencies are identified experimentally. In real applications, the lower modes of a real structure are often
easier to measure compared to the higher ones. Therefore, this index is intrinsically interesting because of
its feasibility for practical applications.

For damage identification, two modal flexibility matrices obtained from healthy and unhealthy
(damaged) states have to be determined. Therefore, a set of modal properties of the intact structure is used
to calculate the flexibility matrix as:

MF, =[MF,}, = {Zficbcb} 2)

i

Then another set of dynamic characteristics of the damaged structure is determined as:

nm 1
MF,, = [MFA ]D = |:Z|:F(D5i (I)ij| (3)
i=1 J; D

A symmetric matrix of indicators for damage identification can be computed by using the difference
between the two obtained matrices from (2) and (3):
AMF = MF, - MF, =[MF,], ~[MF,}, @

Each column in the indicator matrix AMF represents the measurement points on the structure. To

identify the points (degrees of freedom, DOFs) on the structure which are influenced by damages, the

4
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maximum absolute value of each column is determined. Then, these values are used to indicate the presence
and positions of defects. However, for a clearer view of defect location, especially in the case of multiple
damage scenarios, the absolute value of curvatures is calculated using equation (5). The indices are named
modal flexibility-based curvature MFC [31] to distinguish from the damage indices using the flexibility
changes.

_|AMF,_, -2.AMF, + AMF,

i+l

7| (M)’ | ®)

MFC,

Where i indicates the i DOF, As denotes the distance between DOFs (measurement points) on the
structure. Details of damage identification using MFC are introduced in sections to follow.

There is a challenge in real applications that is the mass-normalized mode shape can be obtained when
an input-output measurement is conducted. For a laboratory beam, the impact hammer is used to generate
excitation at each position of sensor in the vertical direction. In other words, the hammer provides pulse
excitation as inputs, whereas outputs are acceleration obtained by sensors. This study only focuses on
investigating the potential of MFC index in damage detection using the proposed hybrid computational

intelligence approach instead of identifying the measured flexibility.

2.2 Marine predator algorithm — MPA

Marine predator algorithm (MPA) is a nature-inspired optimization method [29]. The basic idea of
MPA is based on a flexible swap between two foraging strategies, e.g. Brownian and Lévy movements.
This tradeoff aims to reach an optimal foraging strategy for predators. In other words, the combination of
two foraging strategies increases the encounter rate between prey and predator in the marine ecosystem.

Previous studies indicated that, throughout the lifetime, a predator shows an equal percentage between
Lévy and Brownian movement. However, it is very interesting that the speed ratio of prey to predator has
a significant effect on the foraging strategy of the predator. In other words, depending on this ratio of
velocity, the predator can move in Lévy flight or Brownian motion. High-velocity ratio, unit velocity ratio,
and low-velocity ratio are three typical ratios in a marine ecosystem. Therefore, the flexible combination
of these two movements will provide the optimal strategy of movement of a predator. Moreover, predators
sometimes perform sudden, long, and vertical jumps when they face environmental problems such as the
formation of eddy or human’s activities e.g. fish aggregating device (FADs). The observed action may
imply that predators are aiming for high potential in order to find a food-abundant environment. Preserving
the location of successful foraging in their memory also allows predators to survive and thrive.

As the discussion, the main content of the MPA algorithm revolves around the relationship between
predator and preys. However, preys also seek their food. It means that the preys then become predators.
Therefore, the algorithm shows the relationship between the top predator (also known as Elite) and the
prey. To initiate the MPA optimization process two same dimension matrices for Elite and Prey are
constructed based on the population of search agents p, and the number of updating parameters u. Firstly,

a prey matrix is constructed to contain the initial preys.

X],I Xl,z Xl,u
X X .. X

Prey=|" X T T T (6)
Xp,I XP»Z o Xp,u pxu

A top predator vector represents the fittest solution obtained from the prey matrix that is identified as:
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Predator, —[XIT X7 .. XTl (7)

top u

Then Elite matrix is built by replicating p times the top predator vector. The Elite matrix is used to
update the better values of the top predator.

predator,, X, X, o X,
. p”edatorm XT XT XTu
Elite = : " = :2,1 22 : ¥ ®
T T T
predator}up px1 Xl’,l XP~2 o Xp,u pxu

Same as other optimization algorithms, MPA also focuses on exploration in the initial loops and
exploitation in the last loops. To do this, MPA relies on velocity ratio between predators and preys, the
parameter that significantly affects the movement strategy of the predators, as mentioned above. Therefore,
the ability of MPA in exploration and exploitation is exhibited in three main phases. One-third of the total

number of iterations is used in each phase.

current —

Phase 1: The current iterationiter,, . < %Itermax , high-velocity ratio, 7veiciny = 10, exploration stage.

The prey’s movement is faster than that of a predator. Therefore, the optimal strategy for a predator is
standing still. Meanwhile, the prey can move in Lévy or Brownian, and it moves forward to the predator.

This phase is interpreted in a mathematical model:

step ;, = R j) % (Elite(i,j) — Rsi,j) % Prey(i,j)) 9)
Prey,;, =Prey,; + PxRx geqp(i’j) (10)
Where, Rs denotes Brownian random number vector; subscripts i = 1, 2, ..., pand j =1, 2, ..., u, are the

number of population and variables, respectively, constant number P=0.5, Re[0,1] is a uniformly

distributed random number in an interval from O to 1.

I/;haX current —

Phase 2: The current iteration%lte <iter, < % Iter, ., unit velocity ratio, #veiociny = 1, intermediate

stage, converting from exploration to exploitation. Hence, the population is divided into two halves. One
half'is used for exploration while the other for exploitation. In the first half population, the motion in Lévy
of the prey is considered as exploration capability. In the second one, the predator performs the Brownian
motion. A new position of the prey is updated based on the predator’s movement. In other words,
exploitation capability mainly depends on the movement of the predator. The mathematical model of the
second phase is performed via two steps.

Step 1: A half of population for exploration, i from 1 to p/2
Sf—ep(;,j) = jéL(i,.i) X (ﬁite@ - EL(:’./) X ﬁ’(i,j) ) (11)

Prey(i,j) = Prey(i’j) + P x rand x %M (12)

Where rand implies uniform random numbers in a range of 0 to 1, R: denotes the Levy random number

vector. This vector represents Lévy movement and is calculated as:

= a
R; =0.05x———
K o

Two normal distribution variables a and b are calculated by using standard deviations o, and o, and

gamma function I" as follows:



e

[ (1+a)xsin(za/2)

a= Normal(O, 0'2) ,with o, = and =1.5 (14)
I+« (a-1)12
r [ ) xax2
2
b:Normal(0,0',f), with op=1 (15)
234
235 Step 2: The other half of population for exploitation, i from p/2 to p
@(i,]‘) = jéB(i,j) X (YéB(i,‘j) x Eliteg,j) — Prey(i,j)) (16)
Prey(i,j) = Elitegj + Px CF x geqp(i’j) (17)
236 The step size for movement of predator is adapted by using factor CF:
R
CF = [1 _M (18)
Iter,
237 Phase 3: The current iteration % Iter, <iter,, . <Iter, ,low-velocity ratio, rvewciy = 0.1, exploitation

238  stage. This stage mainly focuses on exploitation. The movement of the predator is simulated in Lévy
239  strategy. The position of prey is updated based on the predator’s motion.

.?ep’(w,) = EL(i,j) X (EL(i,j) x Eliteg,j) — Prey(i’j) ) (19)
Prey,, = Eliteq.; + Px CF xstep,, (20)
240
241  The summary of the progression of the algorithm through the key parameters, such as the velocity ratio, the

242 best strategy for predator and prey, and the number of the population associated with the corresponding
243  phase, is depicted in Fig. 1.

N Phase 1 . Phase 2 N Phase 3 .
] ! ! ]
: 1/3 It%:ration 2/3 It:eration Max i:teration
Velocity ratio i " yelocity=10 i vetociny 10 i velociny™ 0" i
The best strategy for predator i Not moving i Brownian i Lévy i
The best strategy for prey i Lévy or Brownian i Lévy i Lévy or Brownian i
Use of population i All population for exploration i 1/2 population for exploration i All population for exploitation i
244 ! i 1/2 population for exploitation i i
245 Fig. 1 Division of the number of iterations and the use of population in three main phases.
246
247 For an increase in the avoidance in local optima, efforts in looking for an abundant environment of the

248  predator by suddenly taking a long, vertical jump are simulated in the algorithm. In the marine ecosystem,
249  the formation of eddy or human activities related to fish aggregating devices (FADs) can change the
250  behavior of the predator. These environmental issues can be considered as local solutions. Therefore, the
251  sudden jump is an effort to escape from trapping in local minima. The environmental effects are calculated
252  as:

Prey = Prey + CF ® [Ymm +rand (p,u) (X s — X i )] ®U if rand < FADs=0.2 1)
Prey = Prey + [ FADs x (1 - rand) + rand ] x (ﬁ/yl —Prey,, ) if rand > FADs=0.2 (22)

253
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The binary vector U is built from the random vector rand, then each value in the vector U is compared
with FADs=0.2. The return number equals 0 if the value is greater than 0.2, otherwise 1. The subscripts 7/
and »2 are rows chosen randomly from the prey matrix. The symbol ® means entry-wise multiplications.
TWoO vectors X m, Xmn are upper and lower bounds of updating parameters.

For more effective performance in convergence rate, the value of the fitness function should be saved
and used in the next iteration. It represents the abilities of memory saving of the top predator or Elite.
Therefore, in each iteration, the new fitness value is compared with the previous one. The current value is
updated in the Elite matrix if its value is more suited. The step-by-step procedure of MPA are as follows:

1) Generate prey matrix, a random set of agents in search space, Equation (6)

2) Calculate the fitness value based on the obtained prey matrix, identify the top predator matrix using

Equation (7), and replicate the top predator matrix to generate Elite matrix in Equation (8)

3) Implement the exploration and exploitation process based on 3 main phases:

Phase 1: Update prey matrix using equation (10),
Phase 2: Update prey matrix using equations (12) and (17),
Phase 3: Update prey matrix using equation (20).

4) Evaluate fitness value based on newly obtained prey matrix, update Elite matrix, save the marine

memory.

5) Simulate the effect of FADs, update the prey matrix using Equations (21) and (22).

6) Repeat steps (2) to (5) until the stopping criteria is met.

In this study, MPA is used in the model updating problem and FNN training. In the first application,
the errors between an FE model of a steel beam and the corresponding experimental model are reduced
throughout the optimization process of MPA. In the second application, MPA is utilized to improve FNN
training as a stochastic trainer based on the optimization strategy. Three case studies are used to evaluate
the effectiveness and feasibility of the training process. In the last step, the updated FE model is utilized to
generate damage database for the training process. The trained networks are employed to predict damage
localization and quantification. Implementation of the updated FE model and the trained networks in
solving an SHM problem is presented in the next section.

2.3 How effective MPA improves Feedforward Neural networks training, MPAFNN

As discussed in section 2.2, heuristic optimization algorithms have been applied to enhance the learning
process of FNNSs. In this approach, the optimization algorithms can be used in several ways. Optimization
algorithms can be used to identify a suitable architecture for an FNN. This means the number of hidden
nodes, number of hidden layers, the proportion of dataset for training, validation, and testing are quantified.
The second use of optimization algorithms is to adapt hyper-parameters e.g. momentum, learning rate for
a good performance of a neural network. Another use is to identify a combination of connection weights
and biases (threshold) in order to minimize errors of the neural network. The last is the objective of this
study because connection weights and biases are extremely important variables in the training process.
Therefore, weights w;; and biases & are treated as particles or agents which are obtained from minimizing
the fitness function in optimization algorithms. A set of weights and biases can be written as updating

parameters in the optimization procedure, particles/agents = (wy, wix, 8, 6).
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Fig. 2 Architecture of one hidden layer FNN

Objective function is another important matter in FNN training. Mean square error (MSE) is a popular
metric and often is used as an objective function. The MSE with number of outputs Nm, and number of
training samples Ns can be calculated as:
> fl :’: (target, ; — prediction, ;)

N,

s

MSError = (23)

where targety and predictiony denote respectively the real and predicted values of output " when
sample i” is used for training. Considering w; and wy be respectively connection weights from input node
i to hidden node j, and from hidden node j to output node £ as in Fig. 2, the sum of the weights of inputs
can be computed as:

sum, = (Zf W, Xinput, + Hj) ,withi=1ton; j=1toh (24)

=1 i

where 6 denotes the bias of hidden node j. Then, the outputs of the hidden nodes in the hidden layer
by using the sigmoid activation function can be obtained as:
Hj = a(sumj) = " ! = ! , with i=1 to 2,’j:1 toh (25)

—Sum ; n .
Z,:| W ></nput[+6/)

J

1+ei(

The weights sum of hidden layer and outputs of the output layer are determined as:
sum, =( Cow,xH , +6, ) with k=1 to m; j=1to h (26)

=1 ij

1 1 .
) = e (i) PO BB @7

l+e

OI

k

where & denotes the bias of output node &, symbols n, m, k represent the number of input nodes, hidden

nodes, and output nodes, respectively.
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Fig. 3 The schematic training procedure for a feedforward neural network using MPA.

Based on the mentioned points, a procedure of training using a heuristic optimization algorithm, Marine
predator algorithm (MPA) for FNN can be calculated as:

)

2

3)

“)

Start with random values of initial positions of the preys, representing connection weights and
biases.

Training samples are treated as inputs and outputs. These values are normalized in a range of 0.01
to 0.99. Large inputs can cause a very flat transfer function or a saturate neural network. Therefore,
learning ability can be reduced. Large outputs are not necessary because the sigmoid function
produces only a maximum absolute value approximately up to 1.0. A very small value also affects
the accuracy of the computation. An interval [0, 1] is the common value that is returned by the
sigmoid function. The value is only asymptotic to 0 or 1.

Calculate the mean square error (MSE) of all training samples and use the obtained MSE as the
fitness in MPA. The optimization process of MPA is started and evolves the initial weights and
biases to reduce the MSE. A new set of connection weights and biases is achieved at the end of the
optimization process.

The training process continues until the termination criterion is met, i.e. the maximum iteration.
The best values of weights and biases are used to approach the highest classification in case study
1 and the highest accuracy of prediction in two case studies 2 and 3. The progression of using MPA
in FNN training is shown in Fig. 3.

II1. Case studies:
3.1 Case study 1: Classification benchmark problems

In this section, the effectiveness of the proposed approach in improving feedforward neural network

training is investigated through some classification benchmark problems. Some well-known algorithms

such as particle swarm optimization (PSO), gravitational search algorithm (GSA), hybrid algorithm

PSOGSA, and grey wolf optimizer (GWO) are used for comparison. PSO, GSA are famous optimization

algorithms in the scientific community. The effectiveness of the two algorithms has been confirmed through

vast studies. PSOGSA is an improved version of PSO and GSA. It combined strong points of both
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considered algorithms. A novel GWO confirms that it could obtain very competitive results compared to

prominent algorithms, especially in engineering problems. Application in the engineering field is the main

aim of this study. Therefore, the reliability and efficiency of the proposed approach MPAFNN can be

comprehensively evaluated by comparative studies using these approved algorithms. The average of MSE,

the best MSE, the standard deviation on Equation (28), convergence curves and classification rate are

comparative objectives. The classification rate is calculated based on the best MSE. Each algorithm is run

independently 20 times in order to calculate average values as well as standard deviations of MSE.

2
stdMSE = \/NLi(MSE, —~ MSE (28)

— L=l

Where N=20 is the number of run, MSE; represents the observed values of vector MSE after N runs,

and MSE indicates the mean value of these observations.

Table 1 Classification datasets

Number of Number of hidden = Number of Number of
Problem ) 2 o . Runs
input nodes nodes classes training / testing
Balloon 4 4x2+1=9 2 16/ 16 20
Iris 4 4x2+1=9 3 150/ 150 20
Breast cancer 9 Ix2+1=19 2 599 /599 20
Heart 22 22x2+1=45 2 80/ 80 20

Four investigated benchmarks are balloon, Iris, breast cancer, and heart dataset (source:

http://www.ics.uci.edu/~mlearn/MLRepo sitory.html). Specifications of all databases are described in

Table 1. For a stable performance, each classification problem is solved in 20 independent runs. The

collected results from these 20 runs are utilized for comparison.

The initial parameters for each problem are set as follows:

As for balloon problem the population size p=50, maximum iteration ifer,n,=250 because of its
training data is more simple than that of the others.

Regarding the Iris, breast cancer, and heart problems, the population size p=200 and maximum
iteration iterma—=250.

GSA: coefficient z=10, initial value Gy=2

PSO: cognitive coefficient ¢.=2, social coefficient ¢,=2, inertial coefficient wy,=0.5, Wu»=0.9,
)/ Iter

w=w,, —iter, . x(w_ —w " ax

current max min

PSOGSA: c¢~1, ¢s =1, =20, Go=1, w=w,,, —iter,, ..xW,.. —W

current min

)/ Iter,, With wy,i=0.5, Wnax=0.9.

GWO: vector a =2x(1—iter. )/ Iter

MPA: FADs=0.2, P=0.5, a=1.5
Architectures of FNN for balloon, Iris, breast cancer, and heart are 4-9-1, 4-9,1, 9-19-1, 22-45-1
respectively. During the training process, using random orders of the given dataset in each loop.
List of stochastic trainers: GSAFNN, PSOFNN, PSOGSAFNN [32-33], GWOFNN [34], and
proposed MPAFNN

linearly decreases from 2 to 0.

! Note that this study doesn’t focus on identifying the number of hidden nodes. The number of hidden nodes is
suggested to be calculated as: (number of input nodes) x 2 + 1

11
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3.1.1 Benchmark 1: Balloon

From Table 1, the total number of dimensions (or updating parameters), i.e. connection weights and biases,
is 55. It is the simplest dataset among the others in this study (see Table 1). Therefore, it is understandable
when the classification rate of algorithms exceed GSA’s, i.e. 90% (see Table 2). It can be seen that
MPAFNN has an outstanding performance compared with the other algorithms for all criteria e.g. average,
standard deviation, and the best MSE. The best average MSE, as well as std MSE, indicate that MPAFNN
owns the highest capability in local optima avoidance. This shows a good potential of MPAFNN in the
training process.

Table 2 Classification results for balloon dataset

Values GSAFNN PSOFNN PSOGSAFNN GWOFNN MPAFNN
Average MSE 1.92E-01  1.69E-01 9.58E-07 6.08E-07  4.21E-09
The best MSE 4.83E-02  1.00E-04 3.54E-08 6.85E-09  3.06E-16
std MSE 7.94E-02  6.71E-02 2.13E-06 2.09E-06  8.21E-09
Classification rate (%) 90 100 100 100 100

3.1.2 Benchmark 2: Iris

Table 3 Classification results for Iris dataset

Values GSAFNN PSOFNN PSOGSAFNN GWOFNN MPAFNN
Average MSE 9.23E-02  7.94E-02 4.63E-03 4.99E-03  2.24E-03
The best MSE 4.00E-02  3.90E-02 3.40E-03 3.29E-03  1.58E-03
std MSE 6.23E-02  3.09E-02 1.10E-03 1.99E-03  5.05E-04
Classification rate (%) 33.33 72.67 98 98.67 99.33

Iris flower classification is a popular problem and often is used as a benchmark example in network training.
The number of variables to be optimized in Iris problem is the same as the balloon. The larger number of
training samples, i.e. 150, affects the accuracy of the prediction regarding all the considered algorithms for
solving this problem. There is a slight decrease in the classification rate of PSOGSAFNN, GWOFNN, and
MPAFNN as can be seen from Table 4. However, the prediction ability of the proposed algorithm is very
impressive with a classification rate of over 98%. As such, MPAFNN continues to outperform the other

algorithms regarding all comparative criteria.

3.1.3 Benchmark 3: Breast cancer

It is the most difficult dataset that is used for training in this study with 210 updating parameters and 599
training samples. The best MSE and standard deviation MSE belong to PSOGSAFNN and GWOFNN,
respectively. MPAFNN shows its second-best position related to both indexes. Besides, MPAFNN proves
that it is the best algorithm for average MSE over 20 runs and classification rate at 1.79x107% and 98% in
Table 4, respectively. The complication in the dataset like a large number of variables and training samples
makes the obtained achievements of the proposed algorithm more meaningful.

Table 4 Classification results for breast cancer dataset

Values GSAFNN PSOFNN PSOGSAFNN GWOFNN MPAFNN
Average MSE 1.41E-01  1.28E-01 1.89E-02 1.91E-02  1.79E-02

The best MSE 6.02E-02  7.02E-02 1.44E-02 1.63E-02  1.46E-02

std MSE 8.21E-02  3.10E-02 2.36E-03 9.41E-04  1.51E-03

Classification rate (%) 57.51 92.85 96.42 96.85 98
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3.1.4 Benchmark 4: Heart disease

This classification problem has the largest number of variables to update, 1081. It is also the most complex
model for FNN compared with the others. However, the proposed approach MPAFNN solves this problem
with superior results. Table 5 reveals that MPAFNN occupies the best position for all indicators. The

obtained results continue to confirm the potential in local avoidance and high accuracy of the proposed
algorithm, i.e. MPAFNN, in training a neural network.

Table 5 Classification results for heart dataset

Values

GSAFNN PSOFNN PSOGSAFNN GWOFNN MPAFNN
Average MSE 3.23E-01 2.21E-01 1.07E-01 8.22E-02  3.05E-05
The best MSE 2.61E-01  1.94E-01 6.76E-02 6.68E-02  3.58E-18
std MSE 4.37E-02  3.43E-02 2.34E-02 9.36E-03  1.63E-05
Classification rate (%) 50 71.25 92.5 92.5 100

Apart from the statistical results as discussed above, MPAFNN also obtains the best convergence rate
using both average and the best MSE for the balloon, Iris, and especially heart disease problems. For the
most complex dataset, i,e, breast cancer, MPAFNN still shows superior performance compared with
PSOGSAFNN, GWOFNN and much better results than GSAFNN, PSOFNN as depicted in Fig. 4.

10[)

Balloon problem

_____ GSAFNN
= = = PSOFNN
—PSOGSAFNN
o — GWOFNN
g s Proposed MPAFNN
= 10
o
i)
an
£
o
>
<
10710 ! ! ! !
0 50 100 150 200 250
Number of Iterations
Iris problem
10° .
‘\
-1
10 | "= e e e
T | A I GSAFNN
[72]
= — — —PSOFNN
5 PSOGSAFNN
& GWOFNN
8107 Proposed MPAFNN
<
107 L L L L
0 50 100 150 200 250
Number of Iterations
Breast Cancer problem
0
10 i
_____ GSAFNN
= = = PSOFNN
———PSOGSAFNN
“ — GWOFNN
e Proposed MPAFNN
5] \ ST
2] = = = SR S‘mzememesemezemesiseseseseseE=e=eseTes
-1
Z 10
=l
i)
0
£
o
2
) \‘~======
2
10 L . . .
0 50 100 150 200 250

Number of Iterations

The best MSE

The best MSE

The best MSE

Balloon problem

_____ GSAFNN
- = - PSOFNN

- = - PSOGSAFNN
GWOFNN
Proposed MPAFNN

0 50 100 150

200 250

Number of Iterations

Iris problem

_____ GSAFNN

- = = PSOFNN
———PSOGSAFNN
——GWOFNN
Proposed MPAFNN

‘\‘

0 50 100 150

200 250

Number of Iterations

Breast Cancer problem

_____ GSAFNN

- = = PSOFNN

——— PSOGSAFNN
———GWOFNN
Proposed MPAFNN

100 150
Number of Iterations

200 250

13



412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444

) Heart problem
10 ‘ : ‘ ‘ 10

Heart problem

_____ GSAFNN

- = = PSOFNN
———PSOGSAFNN
——GWOFNN
Proposed MPAFNN

_____ GSAFNN
- — = PSOFNN
1077 L | ___PSOGSAFNN
— GWOFNN
Proposed MPAFNN

Average of MSE
The best MSE

0 50 100 150 200 250 0 50 100 150 200 250

Number of Iterations Number of Iterations

Fig. 4 Convergence curves for FNNs based on averages and the best MSE over N=20 runs.

From four benchmark problems, the obtained results associated with MSE and convergence study
proves that MPAFNN is the most suitable algorithm for training neural network due to its high stability,

precision and accuracy.

3.2 Case study 2: Damage detection in structures using numerical data

In this section, two numerical simulated cases are used to investigate the capability of the proposed hybrid
approach in damage detection of beam-like structures. As mentioned in section 2.1, flexibility-based
curvature indices along the considered structures are used to identify damage location and corresponding
severity. Each set of flexibility-based curvature indices is calculated by using modal properties e.g.
frequencies and mode shapes from two intact and damaged states of the structures. Therefore, each stiffness
reduction at a position or several positions of the investigated beam generates a set of flexibility-based
curvature indices along the beams. The inputs are these damage indices while the target outputs are damage
location and severity. The collected dataset then is divided into 80% - 20% for training and test,
respectively.

3.2.1 Training procedure

The proposed algorithm is used to train neural networks for fault assessment in structures. The applicability
of the algorithm to engineering problems was evaluated first by a numerical study before applying it to a
real structure. The training process begins by acquiring the values of flexibility-based curvature at all
measured points along with two considered structures. These indicators are treated as inputs of the FNN.
Due to the supervised learning process, each input dataset has its corresponding target outputs. These target
outputs consist of location and severity of damage that are used initially to simulate the inputs. Depending
on each particular problem, the number of output nodes, myoqes is different. For instance, for localization
and quantification of single damage, the number of output nodes is mnodes=2, one for location, and the other
for severity. In the two damage cases of this study, with the assumption of the same failure levels for all
damage, the number of output nodes is mnodes=3, two for location, and the rest for severity. Choosing the
number of hidden nodes is an important part of the FNN structure. A small number of hidden nodes speeds
up convergence process meanwhile a larger number of hidden nodes increases the accuracy of predicted
results. In this study, the optimal number of hidden nodes is not the main objective. Therefore, the number
of hidden nodes is calculated by Snodes = Nnodesx2 + 15, where Snodes and nnodes denote respectively the number
of hidden nodes and input nodes. An architecture of FNN with Npodes — NnodesX2 + 15 — Mnodes 18 used in this

study for damage detection. The training process of FNN is depicted in Fig. 5.
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Fig. 5 Architecture of FNN, n-S-m for the tested beam.

3.2.2 Single damage in a two-span continuous beam

a.Training dataset:

=
4

Fig. 6 FE model of the two-span continuous beam with 20 elements.

12 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 1920

- AN P
1 2 3 4 5 6 7 8 9 10 M 12 13 14 15 16 17 18 19

Fig. 7 Schematic division of elements, nodes in the beam and boundary conditions.

A two-span continuous steel beam with a length of 1.28 m, and a rectangle cross-section of 0.07x0.01 (m)
is modelled in ANSYS using SHELL181 elements (see Fig. 6). Details of this element are introduced in
the next section 4.2.2. Material properties used in the simulation are Young’s modulus £=2x10'"' N/mm?,
density »=7820 kg/m?, and Poisson’s ratio v=0.3. Boundary conditions comprise one fixed support at the
middle and two movable supports at two ends (node 1 and node 19) as in Fig. 7.

Data from single damage scenarios was created for training based on the assumption of the stiffness
decrease (by reducing Young’s modulus) of each defective element. The stiffness of each element was
reduced from 1% to 40% with an interval of 1%. Therefore, 18 elements x 40 cases = 720 scenarios were
used to generate modal properties of the damaged beam. The first five natural frequency values and
displacement mode shapes at nineteen nodes, as labelled in Fig. 7, were collected to calculate the flexibility-
based curvature indices. Fig. 8 depictures the flexibility-based damage indices using Equations (4) and (5)
due to damage at element 6 on the beam. It can be seen that the use of curvature for monitoring changes in
flexibility (calculated by Equation (5)) between intact and damaged states can provide a clearer view of the

damaged element (see Fig. 8b).
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Fig. 8 Comparison of the flexibility-based damage indices associated with the stiffness reductions from 1
to 40 %.

A feedforward neural network (FNN) with a structure 19-53-2, 80% of 720 = 576 samples and 1168
variables e.g. connection weights and biases, are used to localize and quantify damage in the continuous
beam. To ensure the accuracy of predicted results, some initial parameters of marine predator algorithm
(MPA) are preset: FADs=0.2, P=0.5, o=1.5, population = 400, maximum iteration= 15,000.

b. Testing dataset

The testing dataset includes two sets. The first set was derived from the collected samples by 20% of 720,
i.e. 144 samples. The second one was based on three extra single damage scenarios generated by reducing
the stiffness with 15.5%, 22.5%, 26.5% at elements 5, 8, 9, respectively. The former is used to evaluate the
regression ability of the proposed approach, while the latter is used to perform visual results of damage
prediction using MPAFNN. Modal properties of these scenarios were collected to calculate the flexibility
indices. The trained neural network was used to predict damage location and corresponding severity based
on these obtained flexibility indices.

c.Results:

After 15,000 iterations, the convergence curve for FNN is plotted in Fig. 9. It can be seen that the
convergence curve includes three major curves related to 3 main phases in the optimization process. The
first curve with iteration <1/3 of Itermax, i.¢. 5000, shows stepwise behaviour meanwhile the last curve with
iteration from 2/3 of Itermax to Itermay, i.e. from 10,000 to 15,000, is smoother. It is possible to understand
that the first phase only focuses on exploration. All agents try to forage the global optimum point in the
overall search space. The search results are improved slowly during the passage of iterations. The main task
of the last phase is exploitation. Therefore, when iterations pass, the predators and preys try to refine the
solutions as much as possible. In phase 2, a half population continues to explore better solutions while the
other begins to refine the solutions. Nevertheless, its curve is smoother than that of phase 1, and unsmooth
compared with phase 3 (see Fig. 9)
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Fig. 9 Convergence curves for training process based on the best MSE of objective function.

The set of connection weights and biases obtained from the training process is used to predict damage

scenarios based on the testing datasets. The targets and the corresponding predicted outputs for training,

test and all sets are used to build regression plots. In general, network performance is assessed based on the

angle of the fit line in the regression plot as well as R values. From Fig. 10, the data almost locates along a

45-degree line. This confirms the accuracy of the predicted values by MPAFNN. Besides, high R values

(over 0.99) are clear proof of a good agreement for all data sets.
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Fig. 10 The regression graphs using MPAFNN for the two-span continuous beam

0.8

Results of the three extra damage scenarios are plotted in Fig. 11. The proposed algorithm localizes the

exact damage position for all scenarios. The errors associated with these predictions are 0.2%, 0.2%, and

0% at element 5, 8, and 9 respectively. For the first case, therefore, the proposed approach shows its

potential for real applications.

17



20 25

22.7

20
15 15.7 ~

Severity (%)
Severity (%)

18 R P’rledicted 18 Predicted
Elements 20 ca; Elements 20 Real

Damaged element: 5% Damaged element: 8%

30

~

5 265

20

-

Severity (%)

Predicted
Elements 20 Real

Damaged element: 9
512 Fig. 11 Single damage scenarios
513
514  3.2.3 Different damage scenarios in a simply supported beam problem.
515 a. Training dataset:
516  In this section, SHELL181 elements are employed to model a one-meter simply supported steel beam (see
517  Fig. 12). The dimension of cross-section and material properties are the same as the continuous beam of
518 the previous section. The structure has two supports, one movable support and one fixed support at nodes

519 1 and 15 respectively. Details of the element number, nodes and boundary conditions are shown in Fig. 13.

X

520
521 Fig. 12 FE model of the simply supported beam with 16 elements
522
12 3 4 5 6 7 8 9 10 1 12 13 14 1516
re A
523 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
524 Fig. 13 Schematic division of elements, nodes on the beam and boundary conditions.
525
526 In each damage scenario, the stiffness of two elements is reduced by a factor in an interval from 1 to

527  30% with an interval of 1%. The aim of this step is to evaluate the feasibility of the proposed approach for

528  multiple damage detection regarding the considered structure. Therefore, to facilitate collecting data and
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reducing the computational time, only 7 successive elements from 5" to 11

are used to generate data from
the damaged beam. Number of damage scenarios Na. can be, therefore, calculated as the number of

damage levels multiplied by the number of combination of 7 elements chosen 2 at a time, i.e.
N, =30xC: =30x21=0630.

data
Thirty damage scenarios with defective elements 6 and 9 are used to plot the change of curvature in the
modal flexibility (Fig. 14b). Although two damage locations can be revealed at elements 6 and 9 based on
sudden slope shifts in the curve of flexibility changes in Fig. 14a, the localizations of defects are much
better in Fig. 14b.

<10 -5 Multiple damage scenarios at elements 6 and 9 « 10 < Multiple damage scenarios at elements 6 and 9
T T T T T

Changes in flexibility
Flexibility-based curvature

Selected points Selected points

a. Using flexibility changes b. Using flexibility-based curvature
Fig. 14 Comparison of the flexibility-based damage indices associated with the stiffness reductions from
1 to 30 %

Both damages are identified by using an architecture 15-45-3, 80% of 630= 504 samples and 858
variables. The same values of the initial parameters for MPAFNN in the first numerical study are employed

to solve this case.

b. Testing the dataset
Likewise to section 3.2.2.b, two datasets were generated for test 20% of 630, i.e. 126 samples were used
for regression capacity. For visual results, four multiple damage scenarios are considered regarding 4 pairs
of elements 7&10, 8&9, 5&9, 8&10 with damage severities 15.5%, 20.5%, 9.5%, and 12.5%, respectively.
The first five frequencies and displacement mode shapes at fifteen equidistant points were then used as
testing data.

c. Results:
Fig. 15 shows a similar trend of convergence rate in three phases as discussed in section 3.2.2.c. Three
separate curves represent three phases for the exploration and exploitation of MPA. The refinement of the
best solution continues to be present in the last phase by a smoother curve compared with the others.
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Fig. 15 Convergence curves for training process based on the best MSE of the objective function.

The task of MPAFNN in the second scenario is more difficult than the first one. The proposed algorithm

has to localize two positions and the corresponding extent of the damage. The predicted values of 126 test

samples were compared with the given ones. Superior fits continue to be shown via regression plots for

training, test and all data as in Fig. 16. It can be seen that a 45-degree line is obtained and all R values are

larger than 0.997.
; Training: R=0.99898 ; Test: R=0.99671 ] All: R=0.999
T T % T " X
x Data x x Data (o
Fit XXX Fit X X'x
Y=T ook Y=T 2ok
= x X% = XXX
08 | « X% 08 | 08 | x Xx
*x X' x %
x X
X
© 2 ; X
g 06 Mol x g 06 g 06 | % x
S % ¥ 2 X
; xx 13 + X X'
X = ° X X
3
g 04 ool £ 2 X X%
x 0.4 4 L x
< X R 5 £ &
! x 1 I x X'x
= X 1 L X X'x
g jozede 3 2 x
5 X X'x £ 5 X X'x
O 02 % X3 X 3 02 o 02 x X
XX XXX
X X x (9
X X X (
X X x %
X
0 0 045
0 0.2 04 06 08 0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 06 08 1

Target

a. Training regression

Target

b. Test regression

c. Overall regression

Target

Fig. 16 The regression graphs using MPAFNN for the simply supported beam

Predicted results successfully identify damage at 7&10, 8&9, 5&11, 8&10 in complete agreement with

real damaged elements (see Fig. 17). Differences in damage severity between target and prediction are
0.2%, 0.5%, -0.1%, and 0.3% as in Fig. 17a, b, ¢, and d respectively.
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Fig. 17 Identification of multiple damages
From obtained results in the numerical study, it can be said that the application of MPAFNN in damage
identification is feasible. For this reason, MPAFNN is used to identify damage in a real structure using

experimental vibration data. Flexibility-based curvature index continues to be used as input for FNN.

3.3 Case study 3: Damage detection in a laboratory beam with noise effect:

Another important goal of this study is to use the marine predator algorithm for model updating based on
experimental modal properties of a laboratory beam. Then the proposed hybrid method is used to identify
structural damage of the updated FE model under different noise levels. Likewise to the previous section,
differences between flexibility-based curvature of the healthy and damaged states are employed to identify
damage location as well as severity. However, training of the neural network is only efficient when the
dataset for training is large enough and well distributed. Therefore, a measurement campaign on an intact
laboratory beam was carried out to determine the modal characteristics. A baseline finite element model
(FEM) of the tested intact beam is built using the experimental data. The FE model updating process is a
crucial problem that can determine the quality of the updated model, especially when it is used for the
detection of structural damage. The better agreement between the experimental and simulated model, the
more accuracy of data training for damage prediction is guaranteed. Collected data from the baseline model
serves as training data. The white Gaussian noise level of 2% was added to the modal properties e.g.
frequencies and mode shapes in intact and damaged states to consider noise effect on data training.

3.3.1 Steel beam measurement campaign:

a. Experiment description:
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The studied example is a one-meter intact steel plate with a rectangular cross-section dimension of 70x10
(mm?). Unidentified forces induced by an impact hammer were used to generate a free vibration of the
intact beam in the laboratory. Under this excitation, this kind of tested structure will create high amplitude
vibration levels. Therefore, sensors with lower mass (#en50=5.8g) and sensitivity are chosen. In this
experiment, the sensitivity range of accelerometers was in an interval (10.13 — 10.50) mV/m-s™. This
guarantees that the frequency range of interest from 0.5 to 10,000 Hz can be obtained and clipping of the
response is avoided when vibration is not inside the accelerometers’ range. Besides, the lower weight of
the sensor can also generate insignificant effects on the vibrational properties of the tested structure. To
facilitate installing and removing accelerometers, accessories such as mounting bases or adapters were used
to mount the sensors to the beam surface. The sensors were stud mounted to the bases or adapters after
these accessories were directly glued to the beam surface. Fifteen accelerometers were placed at 15
equidistant points along the beam to obtain dynamic responses. By means of numerical studies, the mode
shape obtained from 15 equidistant points is smooth enough for damage detection when the first five modes
are used. The effects of sensor weight and wire on the vibration of the beam were considered in the FE
model. A steel frame was manufactured to hang the tested beam on two 0.8 mm steel wire at two points 4
and 12. Since the experiment was conducted in the laboratory, the effects of environmental factors, such as
humidity and temperature, on measured data can be significantly reduced. Schematic sensor placements
including several sensors and the location of each sensor for the intact beam are shown in Fig. 18. One
striking impact was used and data acquisition time was around 5 minutes at a sampling rate of 2651Hz.

Data acquisition system, placement of accelerometers in the laboratory are shown in Fig. 19.

Accelerometer
1 2 3 4 5 6 7 8 9 0 11 12 13 14 15
Il | | | | | | | | | | | | | | | | | | | | | | | | lI
| 10+14x70+10=1000 (mm) |
Hanging position

4 Y

1@ 2 ¢ 3 ¢ 4 ¢ 50 607 0 80 9 o 10¢ 110 12¢ 130 140 15916
| i
4

1 2 3 5 6 7 8 9 0 11 12 13 14 15

Fig. 18 Sensor placement at 15 equidistant points and element division of the intact beam
-. R4 L A o v ;

] paCtDQ
{| Chassis - NI y
4 C-series Modules Tested beam

a. Data acquisition system (DAS) b. Steel frame and tested beam

Fig. 19 Overview of sensor placement on the beam surface and data acquisition system

b. Data processing and results of system identification:
In this section, the experimentally measured data are processed to determine modal parameters. For the
output-only modal analysis, covariance-driven stochastic subspace identification algorithm (SSI-COV) is
used, showing clear advantages in computational time as well as accuracy [35-36]. A stabilization diagram
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619  was used to distinguish spurious and physical modes. Some strict stabilization criteria are pre-set as follows

620  [37-38]:
621
(f, = f,.)x100/ f, <1% for frequency (29)
(1-MAC, ,.,) <1% for modal vector (30)
(&, —&,.)x100/&, <5% for damping factor (€29)
622
623 where, MAC is modal assurance criterion, used to perform the correlation between two modal vectors

624  p and p+1. Vertical lines in the stabilization diagram are plotted in an interval (0 — 800) Hz. For a clear
625  vision, the frequency response of the beam is also displayed in the stabilization diagram. Five peaks in
626  frequency response reveal obtained modes from system identification. The first five natural frequencies and
627  the corresponding mode shapes of the intact beam are shown in Fig. 21. Natural frequencies of both

628  damaged and undamaged beams are shown in Table 6.

629
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630 frequency [Hz]
631 Fig. 20 Stabilization diagram.
632

633  Table 6 Summary of natural frequencies for the healthy beam

Mode  Frequency Type of mode
1 50.83 1% vertical bending mode
2 140.40 2" vertical bending mode
3 274.74 3" vertical bending mode
4 456.94 4™ vertical bending mode
5 678.90 5% vertical bending mode

634
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Fig. 21 The first five vertical bending modes of the intact beam obtained from the experiment.

3.3.2 Initial simulation of free-free beam:

In machine learning, the larger the training set the more effective a neural network is trained. Nevertheless,
collecting data from experiments requires a significant amount of cost and time. A useful and common
alternative solution is to use a baseline FE model of the tested beam. The role of the FE model is to generate
a training dataset based on many damage scenarios.

In a comparative study [39], three types of beam element, shell element, and solid element were used to
investigate the convergence associated with variations of mesh sizes. The study indicates that the 2D model
(using SHELL181 elements) showed better performance due to its simplicity, accuracy, and fast
computation compared with other models. Therefore, the shell element is used in this study to build an
initial finite element model (FEM) of the tested beam. The assumed initial values of material properties are
Young’s modulus £=1.98x10'"" N/mm?, weight density y = 7850 kg/m’, and Poisson’s ratio v=0.3.
SHELL181 element in ANSYS is used to model the beam with 16 elements. This element has four nodes
each of which consists of six degrees of freedom (DOFs), i.e. three translations and three rotations about
each axis (see Fig. 22b). Fig. 22a shows the constructed FE model of the beam in ANSYS.

a. FE model of the tested beam b. SHELL181 element

Fig. 22 Using shell 181 elements in simulation.
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Two FE models were built for a preliminary comparison in order to choose a suitable simulation for model
updating (see Fig. 23). The former used flexible springs, COMBIN14 element with a spring constant?,
kvericar = 10° N/m, to simulate the steel wires. The latter was a free-free boundary condition model in
ANSYS. The free-free boundary condition model had better agreement than the flexible spring model. The
error between calculated and measured frequencies was smaller than that of the flexible-spring model (or
cable-supported at two points 4 and 12). Besides, the higher MAC values in Equation (32) implied that the
mode shapes of the free-free boundary condition model fitted the experimental ones. Therefore, the
boundary conditions were considered free-free. The sensor weight was simulated by MASS21 element.
Fifteen values of 0.0058kg, were placed at the corresponding sensor location along the tested beam. Block

Lanczos method was employed for modal analysis [40].

Fixed condition

Steel wires
(COMBIN 14 element)

Fixed condition

Beam ’n
(SHELL 181 element) y o (SHELL 181 element)
a. Flexible-spring model b. Free-free boundary condition model

Fig. 23 Two comparative models for the experimental beam.

Values of natural frequencies as well as deviations in frequencies of the intact beam between simulation
and measurement are shown in Table 7. The differences in the frequency values of the first five modes are
under 0.45%. It means that the simulated data from the FE model matches the measured data very well.

In addition, for a more comprehensive evaluation, the similarity between two sets of mode shapes
should be checked. A good correlation of the pairs of mode shapes guarantees the agreement between
measurement and simulation. A common index, namely modal assurance criterion (MAC), is suggested for

correlation checks. The computation of MAC values follows:

| Z(¢mea5med Lalmlated) |2
MAC, = (32)

J
d\T ured leulated leulated
(Z(%&ftjasure ) X(¢ir,n;)asure j (Z(¢Cd(l{a€ (acuae )j
i=1

where i=1 to nn with nn representing the number of degree of freedoms or measured points, T means

transposition, j implies the considered mode, ¢"“"“‘and ¢’ represent respectively the simulated and

experimental displacement mode shapes. From equation (32), MAC value equal to 1 indicates that the
calculated mode shapes completely agree with the measured ones. In contrast, the unfitting between two
mode shapes results in a value close to 0.

Diagonal MAC values of Table 7 show a superior agreement between calculated and measured
displacement mode shapes because all values are over 0.9982. In other words, the vibration behavior of the
initial FE model is close to the real one, although there are certain errors in natural frequency values. These
discrepancies can be caused by the manufacturing of the beam, the mounting bases that are introduced in

next section.

2 The value of spring constant, kvericai, Was optimized based on the agreement with frequencies and mode shapes
obtained from the measurement via an optimization process.
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Table 7 Differences in frequency values and diagonal MAC values

Mode Measured frequency Calculated frequency ~ Error"” MAC
(Hz) (Hz) (%) Measurement - Calculation

1 50.83 51.06 0.45 0.9995

2 140.4 140.76 0.26 0.9987

3 274.74 275.96 0.44 0.9991

4 456.94 456.18 -0.17 0.9986

5 678.9 681.38 0.36 0.9982

Note: EITOI'(*) = (fcalculated - fmeasure:d)>< 100/ fmeasured

3.3.3 Model updating

As mentioned in subsection 3.3.2, the FE model is used to generate data for training process. The accuracy
of predicted outputs using experimental data depends significantly on this model. Although the initial FE
modal results show a reasonable match to measured values, the errors need to be further reduced. To that
end, updating of the initial FE model is applied to meet a good agreement between the calculated and
measured modal parameters. FE model updating is a procedure of ensuring that the analysis results of the
updated FE model are better reflections of the measured data compared to the initial model. In other words,
this is a part of the verification and validation of the numerical model by varying some uncertain parameters
that can affect the outputs of the FE model. The choice of the right updating parameters is crucial in this
kind of problems. In general, uncertainties in material properties or boundary conditions can cause
differences in natural frequencies. Regarding the boundary conditions, MAC values close to 1 indicate that
the use of free-free boundary conditions in simulation is completely suitable. Therefore, the uncertainties
in material properties are further considered in the process of model updating. These uncertainties are the
value of Young’s modulus and weight density of the steel beam. Moreover, to consider the imperfection
due to the manufacture such as irregular cross-section, the mounting bases, beam segments were assigned
different weights. The considered beam comprises 16 segments, therefore, there are sixteen parameters of
weight density. Details of the updating parameters and ranges of changes are shown in Table 8.

Table 8 Updating parameters of the tested beam

No Updating parameters Initial value  Lower bound  Upper bound
1 Young's Modulus, £ (N/mm?) 2.0x10! 1.9x10'" 2.1x10!
2 Weight density, 7, i=1to 16 (kg/m?) 7850 7750 8050

Another issue in model updating is the choice of objective (fitness) function. In this case, the differences
in frequency values and displacement mode shapes are considered as the objective function of the marine
predator algorithm (MPA). In other words, the objective of this step is to look for the minimum errors in
frequencies and mode shapes between simulation and measurement. The optimization process using MPA
is sketched in Fig. 24. From the flowchart, the process starts with random initial values of updating
parameters. Then, these values are varied until the termination criteria are met. In this study, a maximum
given iteration is the stopping criterion of the optimization process. In each iteration, the value of the

objective function is recalculated as:
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Fig. 24 Flowchart of the process of model updating using MPA.

There are some assumptions for MPA, namely distribution index for a stable process of Lévy, a=1.5,
an index for FADs’ effect or effect of Eddy formation on escapable ability from stagnancy in local optima,
FADs=0.2, and a constant number for updating prey’s position in the three main phases, P=0.5. In order to
ensure the accuracy of optimized values, the population size of MPA is 50 and the maximum iteration
equals 70. Fig. 25 shows the convergence curve of the best value of the objective function found in each

iteration.

10~ Convergence curve

The best fitness values so far

L L L L L L
0 10 20 30 40 50 60 70

Iteration

Fig. 25 Convergence curve of the best fitness function of marine predator algorithm

By inputting the new values of parameters in Table 10 to the initial model, Table 9 shows the modal
properties of the updated FE model. It can be seen that all discrepancies in frequencies are significantly

improved. The maximum error in frequency at the 4™ mode is 0.13% while the error in the others is lower
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than 0.06%. The similarity between the two sets of mode shapes also performs a slight increase compared
with the initial model. Therefore, the updated model can serve as a baseline model in the further step,

damage identification.

Table 9 Comparison of frequency values before and after updating the FE model

Initial model Errori,® Updated model  Error,,™” Measurement
Mode MACupdated
(Hz) (%) (Hz) (%) (Hz)
1 51.06 0.45 50.84 0.02 0.9995 50.83
2 140.76 0.26 140.38 -0.01 0.9989 140.4
3 275.96 0.44 274.83 0.03 0.9991 274.74
4 456.18 -0.17 456.35 -0.13 0.9987 456.94
5 681.38 0.36 679.32 0.06 0.9984 678.9

Note: EITOI'(*) = (fcalculated - fmeasured)>< 100/ fmeasured

Table 10 Values of 17 uncertain parameters in initial FE model after updating

E 7 V2 Ve ] 75 Ys v 78
7830 8050 7750 7751 8035 7995 7750 7933

1.986x10'" 5 V1o v Vi2 Vi3 Vi4 Vis Vis
8023 7970 7777 8050 7834 8050 7873 7758

3.3.4 Application of MPAFNN in damage localization and quantification

a. Training procedure
The main advantage of using modal flexibility is to be able to directly localize damages based on the change
of flexibility matrix between the healthy and damaged state of the structure [30]. The flexibility-based
curvature MFC is calculated, using the obtained experimental modal properties of the intact and damaged

beam, from Equation (5). In the free-free condition structure, for a clearer view of damage position, a

modification is proposed: MFC = |min(MF C, 0)| as depicted in Fig. 26. The figure indicates the location of

the defect at nodes 6 and 9 with different damage extent. The maximum noise of 2% was added in the
modal characteristics in both intact and damaged states to identify the MFC index.

10 ° Multiple damage scenarios at elements 6 and 9 10~ Multiple damage scenarios at elements 6 and 9

g X 25 X
T T T T T T T

7L

Flexibility-based curvature
Flexibility-based curvature

Selected points Selected points

a. Using flexibility changes b. Using modified flexibility-based curvature
Fig. 26 Damage localization using flexibility changes and the modified MFC index.
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The modified flexibility-based curvature index can successfully indicate damage location in the free-
free boundary condition beam. For an investigation purpose and reduction of computational time, eight
elements within two nodes 4 and 12 (at two hanging positions of the beam) were chosen to generate damage
scenarios. The stiffness variation, in this case, is from 1% to 50% with an interval of 1%. Changes in modal
properties were used to compute the modified MFC index which is considered inputs of the FNN. The
outputs of the FNN were label from 5 to 12 with their corresponding failure level. Therefore, to evaluate

the effectiveness of the proposed method, there is a total of N, =50xC; =50x28=1400 samples. An

FNN with the architecture 15-45-3 is trained with 80% of 1400 = 1120 samples and 858 predictors. The
inputs of the FNN are the modified MFC indices while the outputs are two labels showing damaged element
and a value indicating damage level. The same parameters of MPA are used as for this example, namely
FADs=0.2, P=0.5, a~1.5. A population of 500 is chosen. A maximum 20,000 iterations are set in settings
to solve the damage detection problem.
b. Testing the dataset

The regression ability of MPAFNN was verified by using one-fifth of 1400 = 280 samples. Other four pairs
of elements 6&7, 7&9, 7&11, 8&11, with various distributions in damage severities 35.5%, 40.3%, 32.5%,
and 22.6%, were used to visually demonstrate the effectiveness of the proposed approach. The different

noise levels created disturbances in the training data.

c.  Results of damage identification
After 20,000 iterations, the obtained convergence curve of the FNN using MPA is plotted in Fig. 27. As its
mission, the third phase continues to refine the search results. Regression plots based on the predictions and
targets are performed in Fig. 28. They all perform superior results of fitting line, almost 45-angle line, as
well as regression values, over 0.997. Therefore, it confirms the accuracy and reliability of MPAFNN in

predicting values using its “learning ability”.

I'he best MSE so tar

0 0.5 1 L5 2

Iterations 4
% 10

Fig. 27 Convergence curves for training process based on the best MSE of the objective function.

Based on the obtained weights and biases from the training process, the four damage cases were identified
as in Fig. 29. The proposed method successfully determine all the damage location as well as corresponding
extent even the training data was contaminated by different noise levels. However, it can be seen that the
noise affected the accuracy of the severity prediction of MPAFNN. Excepting the first scenario, the others
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782  showed deviation between the real and predicted extent from 0.5% to 0.9%. The discrepancies are higher

783  compared with the two previous cases without noise.

784

; Training: R=0.99742 Test: R=0.99767 ] All: R=0.99769

3 H H
0 0.2 04 0.6 08 1
Target Target Target

a. Training regression b. Test regression c. Overall regression
785 Fig. 28 The regression graphs using MPAFNN for the free-free beam
786

787 It has been noted that the results of damage identification have significantly improved using MPAFNN
788  compared with using MFC indices alone confirming the fact that these indices are only useful in damage
789  localization, and not for determining the extent of failure.
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791 Fig. 29 Identification of multiple damages
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IV. Conclusions

A stochastic approach based on an optimization strategy is used to improve the learning ability of
feedforward neural networks. The core of this approach is the nature-based optimization algorithm MPA.
This algorithm is based on the foraging strategy, efforts in looking for the abundant environment and the
marine memory of predator to find the optimal solution. The proposed combination of MPA and FNN,
namely MPAFNN, has achieved some remarkable results in the prediction of both damage location and
severity based on the training dataset:

- MPAFNN has superior performance regarding stability, reliability, precision and accuracy
compared with GSAFNN, PSOFNN, PSOGSAFNN, GWOFNN. Results of average MSE, standard
deviation MSE, and the best of MSE obtained from solving four classification benchmarks confirm
the outstanding characteristics of MPAFNN.

- MPA is successful in solving the model updating problems based on measured data. The
discrepancies between the natural frequencies of the first five modes obtained from the FE model
and experiment are reduced significantly from 0.43% to 0.13% at the mode 4™ while the others are
less than 0.06%.

- The main objective of MPAFNN, in this study, is to train a neural network to perform structural
damage detection using measured experimental data. The obtained results demonstrate that
MPAFNN can be used successfully for damage detection of various structures, i.e. simply
supported beam, continuous beam, and free-free condition beam. MPAFNN successfully performs
its prediction capability by mean of the regression plots. The good agreement between predicted
and expected values from the training dataset, test dataset, and all dataset. Damage localization
cases of single and multiple damage scenarios have been thoroughly handled by MPAFNN using
either with or without noise in simulation data. The failure extent of the defective elements has
been successfully updated over a series of damage cases. The maximum real error of all test cases
in the numerical study is 0.9%.

Successful application of the proposed MPAFNN algorithm combining with MFC indices opens
opportunities for using other modal damage indices for failure identification. We have shown that these

indices can be further used for failure quantification.
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