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Abstract. Structural Health Monitoring (SHM) is rapidly developing as a multi-disciplinary technology solution for condition
assessment and performance evaluation of civil infrastructures. It consists of three parts: data collection, data processing (feature
extraction/selection), and decision-making (feature classification). In this research, for effectively reducing a dimension of SHM
data, various methods are proposed such as advanced feature extraction, feature subset selection using optimization algorithm,
and effective surrogate model based on artificial intelligence methods. These frameworks enhance the capability of the SHM
process to tackle with uncertainties and big data problem. To reach such goals, a framework based on three main blocks are
proposed here: feature extraction block using wavelet pocket relative energy (WPRE), feature selection block using improved
version of binary harmony search algorithm and finally feature classification block using wavelet weighted least square support
vector machine (WWLS-SVM). The capability of the proposed framework is compared with various well known methods for
each block. Results will be presented using metrics of precision, recall, accuracy and feature-reduction. Furthermore, to show the
robustness of the proposed methods, six well-known benchmark datasets of SHM domain are studied. The results validate the
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suitability of the proposed methods in providing data reduction and accelerating damage detection process.
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1. Introduction

Structural health monitoring (SHM) can be defined as
the use of on-structure, non-destructive sensing systems to
collect structural responses in order to monitor the
performance and evaluate the safety of a structure for
decision making and advancing the current practice in
structural design, maintenance and rehabilitation (Chan et
al. 2011). The goal of SHM is to improve the safety and
reliability of aerospace, civil, and mechanical infrastructure
by detecting damage before it reaches a critical state. To
achieve this goal, technology is being developed to replace
qualitative visual inspection and time-based maintenance
procedures with more quantifiable and automated damage
assessment processes. A more detailed general discussion of
SHM can be found in Boller et al. (2009), Chan et al.
(2011).

In vibration-based SHM, damage identification is
performed from vibration signals measured simultaneously
at different locations of the structure (Gomes et al. 2018).
Damage detection can be performed in the time domain
from the raw sensor data or in the feature domain, in which
damage-sensitive features are first extracted from the time
series, this process is referred to as feature extraction
(Zhong et al. 20006).
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Fundamentally, the feature-extraction process is based
on fitting some model, either physics based or data-based,
to the measured system response data. The parameters of
these models or the predictive errors associated with such
models then become the damage-sensitive features (An et
al. 2015, Monavari et al. 2018, Wu and Jahanshahi 2018).

Another importing step in extracting the useful
information and signal processing is Feature selection (FS)
(Kashef ef al. 2018, Kashef and Nezamabadi-pour 2015).
FS is generally used in machine learning, especially when
the learning task involves high-dimensional datasets. The
primary purpose of feature selection is to choose a subset of
available features, by eliminating features with little or no
predictive information and also redundant features that are
strongly correlated (Kashef et al. 2018, Kashef and
Nezamabadi-pour 2015, Liu and Yu 2005). The availability
of large amounts of data represents a challenge to
classification analysis. For example, the use of many
features may require the estimation of a considerable
number of parameters during the classification process.
Ideally, each feature used in the classification process
should add an independent set of information. Often,
however, features are highly correlated, and this can suggest
a degree of redundancy in the available information which
may have a negative impact on classification accuracy
(Kashef and Nezamabadi-pour 2015). Thus, the FS
approaches is needed to tackle these problems.

Methods for FS are generally divided into three
categories: the filter-based, the wrapper-based and the
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hybrid methods (Kashef and Nezamabadi-pour 2015). The
filter based methods use the statistical information of data
to select features before the actual learning algorithm. A
search strategy is applied to a given dataset to generate a
subset of features. The generated subset is then evaluated by
some measure, independent of the performance of the
learning algorithm. The searching process is performed for
finding a subset with relatively the best evaluation measure.
The wrapper-based methods use the classification accuracy
as a fitness function for subset evaluation. The hybrid
methods use the independent measure to decide the best
subsets for a given cardinality and use the mining algorithm
to select the final best subset between the best subsets (Cai
et al. 2018). FS algorithms have been reviewed in Guyon
and Elisseeff (2003) and Liu and Yu (2005). For a large
number of features, evaluating all states is computationally
non-feasible and therefore metaheuristic search methods are
required. Furthermore, from the optimization point of view,
feature selection is a difficult combinatorial optimization
problem (Gu et al. 2018). Firstly, since the size of the
feature subset is not known a priori, the dimensionality of
the decision space is non-reducible. Secondly, since the
features may have complementary or contradictory
interactions with each other, the decision space is non-
separable. Due to the inefficiency of traditional search
approaches in solving complex combinatorial optimization
problems various metaheuristics have been proposed, such
as Particle Swarm Optimization (PSO) (Chuang et al.
2011), Genetic Algorithm (GA)-based attribute reduction
(Oh et al. 2004), Gravitational Search Algorithm (GSA)
(Rashedi and Nezamabadi-pour 2014). These methods
attempt to achieve better solutions by applying knowledge
from previous iterations. In this paper we used binary
version of Harmony Search (BHS) algorithm to find a
subset of the most important features for accomplishing a
particular machine learning task. However, the traditional
BHS does not perform well for large-scale optimization
problems, which degrades the effectiveness of BHS for
feature selection when the number of features dramatically
increases. Hence, Improved Binary Ant System Harmony
Search (IBASHS) is proposed, for solving high-dimensional
feature selection problems that can be considered as a
combinatorial optimization problem.

In our previous work (Ghiasi et al. 2019, 2018, Ghiasi
and Ghasemi 2018a, b), we have proposed a new
framework for processing of measured structural health
monitoring data and damage detection of large scale
structures. In this paper, we intend to extend this framework
by adding desirable features selection scheme which help to
selecting appropriate subset of damage features.
Furthermore, the efficacy of various feature extraction
method will be examined. To reach to this goal, IBASHS is
proposed as metaheuristic algorithms for feature subset
selection.

The standard Harmony Search algorithm (HS) mimics
music improvisation process to solve optimization problems
(Geem et al. 2001). However, it is not suitable for binary
representations. This is due to the pitch adjusting operator
not being able to perform the local search in the binary

space. To extend HS to solve the binary-coded problems
more effectively and efficiently, the original BASHS
algorithm which is proposed in Wang et al. (2011) will be
improved in this paper.

The main focus of this research is facilitating the
processing of big data in SHM (Cremona and Santos 2018).
Accordingly, the integrated system consists of three block
will be proposed in this paper. Firstly, wavelet packet
decomposition (WPD) (Ghiasi ef al. 2016, Han et al. 2005)
is applied to the structural response signals under ambient
vibration, and feature vectors are obtained via a feature
extraction based on wavelet energy spectrum. Subsequently,
the best feature subset is selected by the IBASHS algorithm
based on a four desirability index: Pearson product-moment
correlation coefficient (Onwuegbuzie et al. 2007), max-
relevance and min-redundancy (Peng et al. 2005), distance
evaluation technique (Nguyen et al. 2008) and F-score
(Huang 2009). In the final step, selected feature is
employed for training the Wavelet Weighted Least Squares
Support Vector Machine (WWLS-SVM) algorithm.

To assess the efficiency of Wavelet Packet Transform
(WPT) as a feature extraction method, it is compared with
statistical ~ characteristics and  autoregressive  (AR)
parameters of vibration signals (Wang and Ong 2009).
Furthermore, for measuring the accuracy of proposed
surrogate model based on WWLS-SVM, similar model is
constructed based on Extreme Learning Machine (ELM)
(Huang et al. 2006) and Group Method of Data Handling
(GMDH) neural network (Beheshti ef al. 2017) in order to
inspect pros and cons of each algorithm.

Various levels of structural damage detection including
the occurrence, location and severity of the damages are
studied through a numerical analysis based on the six
benchmark dataset as: Four-story structure of IASC-ASCE
SHM group (Das and Saha 2018, Johnson et al. 2003),
three-story frame aluminum structure of the Los Alamos
National Laboratory (Figueiredo et al. 2009), wooden
bridge model (Kullaa 2011) and three different model of
beam structure (Kullaa 2014, 2009). Finally, the efficacy of
using Binary Genetic Algorithm (BGA), Binary Particle
Swarm Optimization (BPSO), Advanced Binary ACO
(ABACO) (Kashef and Nezamabadi-pour 2015), and
Improved Binary Gravitational Search Algorithm (IBGSA)
compared to IBASHS as main algorithm for feature
selection, will also be investigated.

The paper is organized as follows: In Section 2, three
main blocks of proposed method will be defined. Feature
extraction method utilizing WPT, statistical characteristics
and AR parameters of dynamic signals are described in
section 3. Optimization algorithm including HS and the
procedure for constructing the IBASHS algorithm are
presented in section 4. In Section 5, a description of the
intelligent classification algorithm, utilizing WWLS-SVM,
ELM and GMDH will be given. SHM benchmark datasets
are described in section 6. Evaluation of proposed method
on benchmark data sets studied in Section 7 and
Conclusions are presented in Section 8.
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Fig. 1 Summary of damage detection approach

2. Damage detection procedure based on the
proposed algorithm

Fig. 1 presents a summary of proposed novel method
based on WPD, IBASHS algorithm and WWLS-SVM that
is used to look for an optimal feature set. The proposed
method consists of three main blocks:

(A) Feature Extraction Block
Feature extraction block is implements using
methods that will describe in section 3

(B) Feature Selection Block
The feature selection procedure will be described in
section 4.

(C) Feature Classification Block

In the final block, well trained surrogate model based on
Artificial Intelligence (AI) methods of section 5 is applied
to classify and identify the structural condition of samples
based on the given principles

3. Feature extraction blok

This section gives a brief overview of three damage-
sensitive features extraction techniques based on time-series
analysis. The techniques will then be applied to measured
acceleration data and comparison result will be present in
section 7.1.

3.1 Wavelet Packet Transform (WPT)

Wavelet packet transform (WPT) is a technique to
decompose a signal repeatedly into successive low and high
frequency components (Mallat 1989). In WPT both
approximations and details are decomposed further, which
results flexible and wide base for the analysis of signals.
The wavelet packets are alternative basis functions formed
by linear combinations of the usual wavelet functions. As a
result, each of mother wavelet functions can be used in
WPT. In this study, one of these mother wavelets, Battle-
Lemarie, is adopted (Daubechies 1992).

The WPT of a time domain signal f(t) can be
calculated using a recursive filter-decimation operation

(Coifman and Wickerhauser 1992). After j-levels of
decomposition, the original signal f(t) can be expressed
as
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Herein, a linear combination of wavelet functions
1[;}"-‘,{ (t) can express the component signal fji(t). Integers
i.jand k are the parameters of the modulation, scale and
translation, respectively; ]-i_k(t) and zp]lf_k (t) are defined as
the wavelet packet coefficient and the wavelet packet
function. The wavelet packet coefficients can be obtained
from

= [ O @a 3)

For structural damage detection purposes, frequency
domain information tends to be more important, thus often
requiring a high level of WPT to detect the sudden changes
in the signals. Once the WPT is carried out, the energies of
these decomposed component signals can be utilized for
structural condition assessment. These component energies
are defined as

Ei = f ACRT @)

It can be shown that, when the mother wavelet is semi-
orthogonal or orthogonal (Han et al. 2005), the signal
energy E; is the summation of the j-level component
energies as follows

5= : F2(0dt = ZZEJ 5)

Generally, we use relative energy to indicate the damage
feature, thus, the relative energy E; in i-frequency band
can be expressed as

E

E =L
L Ef

(6)

Battle-Lemarie is adopted as the basis wavelet package
function in this paper in order to decompose the signals to
be analyzed into different frequency bands and to make
each frequency band energy independent and irredundant
(Daubechies 1992). Several optional measuring nodes are
selected, and vibration signals from these nodes are
analyzed by using the WPT.

Apart from the reliance on the mother wavelet function,
the wavelet-based methods link up with the decomposition
level at which the wavelet analysis must be carried out.
Specification of an appropriate level is not known in
advance and depends on a wide range of parameters
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including the characteristics of the structure, the nature of
the signal and the type, location and severity of the damage,
etc. Several researchers have suggested trying different
decomposition levels (Ravanfar 2017).

In this paper based on our previous work (Ghiasi et al.
2016) The level of decomposition of the wavelet packet is
determined using both healthy and damaged structural
models through a trial and error sensitivity analysis and set
on 7 levels. The frequency band energy is then calculated
and normalized. The wavelet package relative energy of the
signals from sensor s is

ES = {Epm=1,.., M} (7)

Where, s =1,2,....S, p is the acquiring number, p =
1,2,3,..,P.

The wavelet package relative energy (WPRE) Ej of the
signals from sensor s is combined to obtain the fused
feature vector (Coifman and Wickerhauser 1992)

E, ={E} E}, ..., Ep} 8)
3.2 Statistical Features (SF)

Time-domain vibrational signals from sensors can be
pre-processed to form features vector by the function shown
in Table 1. The features of each sensor are: root mean
square, variance, skewness, kurtosis, crest factor and the
maximum frequency signal (Widodo et al. 2007). These
features represent the energy, the vibration amplitude and
the time series distribution of the signal in time-domain
(Widodo et al. 2007).

3.3 Autoregressive model

In statistics and signal processing, an autoregressive
(AR) model is a representation of a type of random process
that is used to describe/model and predict certain time-
varying processes in nature, economics, etc. (Figueiredo et
al. 2009). The AR model with p autoregressive
parameters, AR(p), can be written as (Wang and Ong 2009)

Table 1 Time-domain features

Function

, N 2
rms = —nzl(;;(n))

s _ Zhes () — mean())?

Feature

Root mean square

Variance

var = o )
N_ (x(n) — mean(x))?
Skewness skewness = Zn=a( ((N)— Dod )
_ N_ (x(n) — mean(x))*
Kurtosis kurtosis = Zn-a ((N)— Do* )
Crest factor crest = w
rms

Maximum value max = max |x(n)|

p
=) gpi-)+e ©
=1

where x; is the measured signal at discrete time index i,
and e; is an unobservable random error (or residual error)
at the i*" signal value. The unknown AR parameters, @ s
can be estimated by using either least squares or the Yule-
Walker equations (Moyo and Brownjohn 2002). Only the
former is used in this paper.

The AR model can be used in SHM as a damage-
sensitive extractor based on two approaches: (1) using the
AR parameters ¢;; and (2) using the residual errors. The
first approach consists of fitting an AR model to signals
from undamaged and damaged structure. The AR
parameters ¢; are then used as damage-sensitive features.
The second approach consists of using the AR model, with
parameters estimated from the baseline condition, to predict
the response of data obtained from a potentially damaged
structure. The residual error, which is the difference
between the measured and predicted signal, is calculated at
time i as follows

e = X; — fi (10)

where £; is the predicted i*" signal value. This approach
is based on the assumption that damage will introduce
either linear deviation from the baseline condition or
nonlinear effects in the signal, so the linear model
developed with the baseline data will no longer predict the
damaged system’s response accurately. As a result, the
residual errors associated with the damaged system will
increase (Figueiredo et al. 2009). Note that for a fitted AR
(p) model, the residual errors can only be computed for i >
p time points. The order of the AR model is an unknown
value. A high-order model may perfectly match the data, but
will not generalize to other data sets. On the other hand, the
underlying physical system response is not necessarily
captured by a low-order model. Several techniques are used
in this study to determine the optimum model order, such as
Akaike’s information criterion (AIC) (Bishop 1995) and
root mean squared error (RMSE).

4. Feature selection block

In second block, best subset of extracted features will be
selected using IBASHS, based on different indices to
measure desirability of features. This procedure will be
described in following sub-sections.

4.1 Harmony Search (HS) Algorithm

Harmony Search (HS) algorithm is an meta-heuristic
algorithm that Geem et al. first proposed in2001 (Geem et
al. 2001), which is an inspired by the process of music
players searching for a perfect state of harmony. The
harmony in music is analogous to the solution vector of the
optimization problem, and the musician improvisations
depending on the aesthetic standard are analogous to the
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local and global search mechanisms of HS. By imitating the
improvisation process, HS searches for the global optimal
solution based on harmony memory considering and the
pitch adjusting rule. HS has attracted more and more
attention due to its simplicity, flexibility and efficiency and
has been successfully applied to various fields of science
and engineering (Manjarres et al. 2013).

In order to meet the requirements of various problems,
researchers improved HS and proposed the enhanced
variants primarily from two aspects: (1) tuning the
parameter setting (Mahdavi et al. 2007); (2) hybridizing HS
with other optimization algorithms (Wang et al. 2011). Alia
and Mandava surveyed the improved works on HS, details
of which can be found in (Moh’d Alia and Mandaa, 2011).

The procedures of harmony search can be briefly
described as follows (Geem et al. 2001). Firstly, the control
parameters such as harmony memory size (HMS), harmony
memory considering rate (HMCR) and the pitch adjusting
rate (PAR), are set. The harmony memory (HM) which
consists of HMS harmony vectors is then initialized. A new
harmony vector x' = [xg,x3, ..., xy] is then improvised by
memory consideration rule, pitch adjustment rule and a
random selection as Fig. 2.

In Fig. 2, x; represent the i-th component of x’, xi] is
the i-th component of the j-th harmony vector in HM. UB;
and LB; are the lower and upper bounds for the decision
variable x;. The new candidate harmony is compared to the
worst harmony vector of HM and stored in the HM if
recorded better. This process is repeated until the
termination criteria are satisfied.

For solving binary-coded problems, binary format of HS
algorithm, firstly proposed by Geem (2005), is used to
solve the water pump switching problem. In this algorithm,
the candidate value for each decision variable is “0” or “1”.
Although researchers have attempted to solve the binary-
coded problems with HS, the pitch adjustment operator's
dysfunctions spoil HS performance in binary space and it is
therefore essential to further study the binary-coded HS to
improve its global search capability (Afkhami et al. 2013).
In traditional HS, the pitch adjustment operator (PAO)
chooses an adjacent value from the HM to perform a local
search. However, for binary optimization problems, the
solution only has two values, i.e., “0” and “1” which means
that the PAR is degraded to a mutation operator. So, the
performances of basic binary HS with or without PAO

foreach i € [1.N] do
if rand;() < HMCR then /*memory consideration*/
begin
x; = x), where j € (1, ..., HMS)
if rand,() < PAR then /*pith adjustment*/
begin
x{ = x{ £ X bw. where r € (0.1) and bw isan
arbitrary distance bandwidth
endif
else /*random selection®/
x| = LB; + 1 x (UB; — LB;)
endif
done

Fig. 2 Improvising a new harmony

(Geem 2005) are spoiled due to the lack of a powerful local
search operator.

Inspired by the Ant system mechanism, Wang et al.
(2011) proposed the BASHS with the new Harmony
Memory Consideration Operator (HMCO) and PAO was
developed. In BASHS, the global best harmony vector H9?
and the current iteration best harmony vector H’ are
employed to cooperate with HMCO and PAO to perform
the global and the local search, respectively. For more
details on process of BASHS algorithm, readers are
addressed to original source (Wang et al. 2011). In this
paper, the original version of BASHS will be improved.

The original BASHS algorithm uses fixed values for
PAR and HMCR which are adjusted in initialization step
and cannot be changed during new generations. Its main
drawback lies on a high number of iterations needed to find
the global optimum (Mahdavi et al. 2007, Wang et al.
2011).

This paper develops an Improved Binary Ant System
Harmony Search (IBASHS) algorithm for optimization
problems. The key difference between IBASHS and
original BASHS methods is in the way of adjusting PAR
and HMCR. The performance of BASHS algorithm was
modified by eliminating its nature of embedded fixed value
of PAR and HMCR, and allow for a dynamic variation of
them in improvisation step, leading to an improved BASHS
algorithm. Its dynamic alteration is in conjunction with
generation number as shown in Fig. 3, expressed with the
following relation (Mahdavi et al. 2007)

PAR, .. — PAR,
PAR(gn) =PARmm+( ’”‘”‘NI mm)Xgn (11)
HMCR(gn)
HMCR,,,. — HMCR, 12
Where

PAR (gn): pitch adjusting rate for each generation

PAR,,;,: minimum pitch adjusting rate

PAR,, 4, maximum pitch adjusting rate

NI: number of solution vector generations

gn: generation number

HMCR(gn): harmony memory considering rate for each
generation

HMCR,,;,,: minimum harmony memory considering rate

HMCR 4, : maximum harmony memory considering
rate

4.2 Creating harmony vector

As mentioned earlier, given the original set of size n,
feature selection problem is to find a minimal subset of
salient features of size p(p <n), such that the
classification accuracy is maximized. In this study, IBASHS
algorithm is designed for the feature selection. For this
purpose, Harmony vector has been formatted in a binary
form that each data in this vector represent features of
vibrational signal of the sensors. By this procedure, the
value of ‘1’ means the feature is selected and the value of
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Fig. 3 Variation of PAR and HMCR against generation number

‘0’ indicates that the feature is not selected.

At the end of each iteration, each harmony vector has a
solution in the form of a binary vector with the same length
as the number of the features, where 1 means selecting and
0 means deselecting the corresponding feature. This process
continues for all iterations and at last, the best feature subset
with the least classification error of the classifier is
suggested as the best result.

4.3 Fitness function

Fitness function is an important factor for the speed and
the efficiency of IBASHS algorithm. In this study, the
fitness function of IBASHS is developed based on surrogate
model accuracy and the efficiency of selected subset of
features. The surrogate model (WWLS-SVM) accuracy is
obtained by the evaluation of the test data classification
using the trained model. By using this fitness function,
efficiency of selected subset of features are evaluated using
various indices to measure desirability of features. These
indices will be explained in section 3.4. IBASHS selects the
vector with the smallest fitness value after the completion
conditions satisfied. The fitness function of IBASHS is
formed as follows

F =W X (Classification Accuracy)™! (13)
+(1 — W) X Features Desirability

where W is weighting factor between 0 to 1.
4.4 Measure the desirability of features

A desirability value, for each feature generally
represents the attractiveness of the features, and can be any
subset evaluation function like an entropy-based measure or
rough set dependency measure (Jensen 2005). Four
different methods were attempted in the proposed algorithm
to determine the desirability value, including Pearson
product-moment correlation coefficient, max-relevance and
min-redundancy, Distance evaluation technique and F-score
that will be described in following sub-section.

4.4.1 Method 1: Pearson product-moment
correlation coefficient
The first method is based on correlation. Correlation is
one of the most common and useful statistics that describes

the degree of relationship between two variables. Statistics
have proposed a number of criteria for estimating
correlation. In this work, IBASHS uses the best known
Pearson product-moment correlation coefficient
(Onwuegbuzie et al. 2007) to measure correlation between
different features of a given training set. The correlation
coefficient r;; between the two features i and j is

Yn(x — %) (x; — X;)

14
VZr(x; — %)? ,’Zh(xj - fj)z o

where x; and x; are the value of features i and j,
respectively. The variables x; and x; represent the mean
values of x; and x;, averaged over h samples. If the
features i and j are completely correlated, i.e., exact linear
dependency exist, then 7;; would be 1 or -1. If i and j
are completely uncorrelated then 7;; would be 0 (Kabir et
al. 2011).

Method 1 uses the idea of min redundancy, which
attempts to select the most distinct features. For
convenience, the correlation between features i and j is
assumed to be high. In this case, the two features are highly
similar. Therefore, one of these features is sufficient to
describe the whole set. Hence, if one of them is selected, the
probability to select/deselect the other feature can be
described as 1 — |rij , that has a low/high value. Again, if
the first feature is not selected, presence of the other feature
is not necessary too, because they are similar. So, the
probability to select/deselect the other feature can be
described as 1 — |r;;|, that has a low/high value.

rij =

4.4.2 Method 2: Max-relevance and min-
redundancy

Information theory-based feature selection methods
select feature subsets that maximize information regarding
the class label (Cai et al. 2018). The approximate
expression and incremental heuristic search approaches are
usually employed by such methods because directly
calculating mutual information between the feature subset
and the class label is difficult. Hence, the idea of max-
relevance and min-redundancy as mutual information
criteria is used in the second method (Peng et al. 2005).
Max-relevance is one of the most popular approaches to
realize max-dependency in feature selection, i.e., selecting
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the features with the highest relevance to the target class c.
Relevance is usually characterized in terms of correlation or
mutual information (Peng et al. 2005). As Eq. (15) shows,
geometric mean of the two criteria (max-relevance and min-
redundancy) is considered to calculate the desirability
information of features. Here, cls — cor;, is the correlation
between feature j and class labels over all samples. The
more this value is close to 1 for a feature, the higher this
feature is correlated to the class labels and thus the
importance of the feature is more sound (Peng et al. 2005).

Desirability Index = \/(1 — i (|cls = cory])  (15)

4.4.3 Method 3: Distance evaluation technique
The within-class distance is given by Nguyen et al.

(2008)
c
Je= v (16)
i=1
n
1 i T, i
Ji= (Z)Z(xk -my;) (xfp —my) (17)
=
where class i =1, ..., ¢; m; is the mean vector of class i;

n; is the number of samples in class i and p; is the ratio
factor between the number of samples in class i and the
total samples. The between-class distance is

Ib :Zpi(mi -m)"(m; —m) (18)
=1

where m is the mean vector of all classes. In this study,
class means the damage pattern. The J./J, ratio is used to
obtain the optimal features based on the criterion that
chooses the smaller within-class distance J. and the larger
between-class distance J, . The number of features is
selected based on minimizing J./J, ratio.

4.4.4 Method 4: Pearson product-moment
correlation coefficient

This method is based on F-score which is a
measurement to evaluate the discrimination ability of
feature i. Eq. (19) defines the F-score of the i*" feature.
The numerator specifies the discrimination among the
categories of the target variable, and the denominator
indicates the discrimination within each category. A larger
F-score implies to a greater likelihood that this feature is
discriminative (Huang 2009).

Yo (%F - fi)z

S [ 2 (et — 587

VE_1
NF-1

Fscorei =

(19)

where ¢ is the number of classes and n is the number of
features; N/ is the number of samples of the feature i in
class k, (k = 1,2,..,¢; i = 1,2,..,n), x5 is the j-th

training sample for the feature i in class k, (j =
1,2,...,N§‘ ), x; is the mean value of feature i of all
classes and x;, is the mean value of feature i of the
samples in class k (Huang, 2009).

5. Feature classification block

In final block of proposed scheme, well trained
surrogate model is applied to classify various condition of
structure. In these models the input matrix will be selected
features and outputs are the corresponding damage
condition. The damage assessment results are therefore, will
be obtained.

This section gives a brief overview of three well-known
Al classification methods that utilized in final block and
comparison result of them will be present in section 7.1.

5.1 Wavelet Weighted Least Square Support
Vector Machine (WWLS-SVM)

Least square support vector machines (LS-SVM) are a
class of kernel-based learning methods and are the least
square versions of Support Vector Machines (SVM)
(Suykens and Vandewalle 1999). They are a set of related
supervised learning methods that analyze data and
recognize patterns, and which are used for classification and
regression analysis. They were proposed by Suykens and
Vandewalle (1999). In this paper, Wavelet Weighted version
of LS-SVM (Khatibinia et al. 2013) will be used a main
surrogate model. In fact, the kernel function of Weighted
version of LS-SVM (WLS-SVM) is substituted with a
specific kind of wavelet function that proposed by Ghiasi et
al. (2016). The thin plate spline Littlewood—Paley wavelet
is used as the kernel function of WLS-SVM and called
WWLS-SVM. For more detailed information on
mathematical basis of WWLS-SVM algorithm, readers are
referred to original paper (Ghiasi ef al. 2016, Khatibinia et
al. 2013).

5.2 Extreme Learning Machine (ELM)

An ELM is a novel and fast learning method based on
the structure of multi-layer perceptrons (Huang et al. 2006),
recently proposed and applied to a large number of
classification and regression problems. The ELM approach
is a novel way of training feedforward neural networks,
with a perceptron structure. The most significant
characteristic of the ELM training is that it is carried out
just by randomly setting the network weights, and then
obtaining the inverse of the hidden-layer output matrix. The
advantages of this technique are its simplicity, which makes
the training algorithm fast, as well as its outstanding
performance compared to other methods of learning, such
as classical multilayer perceptrons or basic support vector
machines. Moreover, the universal approximation capability
of the ELM network, as well as its classification capability,
have already been certified (Huang et al. 2006).
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5.3 Group Method of Data Handling (GMDH)
neural network

In recent years, many neural network models have been
proposed or employed for various components of structural
health monitoring in order to perform pattern classification,
function approximation, and regression (Ghiasi et al. 2018,
Salehi and Burgueno 2018). Among them, GMDH is a
neural network that automatically selects its optimum
architecture. This feature leads to finding the most accurate
or unbiased model. In GMDH, all possible combinations of
a pair (x;,x;) of input variables (all possible neurons) are
considered. Then polynomial coefficients are determined
using one of the available minimizing methods such as the
principle of least-squares error and singular value
decomposition (with training data). Then, neurons that have
the least error (for testing data) are kept active, and others
are removed. Subsequently, the next layer will be generated,
and this process continues up to the last layer (Ivakhnenko
and Ivakhnenko 1995).

5.4 Evaluation functions

The features selected by the proposed algorithms are
evaluated with the well-known metrics precision, recall,
accuracy and feature-reduction. Precision is defined as the
ratio of correctly assigned category C samples to the total
number of samples classified as category C as in Eq. (20).
Recall is the ratio of correctly assigned category C samples
to the total number of samples actually in category C as in
Eq. (21) (Powers 2011). Let TP;, FP;, TN;, and FN;
indicate a number of samples as follows:

TP; =the number of test samples correctly classified
under i*" category (C;)

FP; = the number of test samples incorrectly classified
under C;

TN; = the number of test samples correctly classified
under other categories

FN; = the number of test samples incorrectly classified
under other categories

R 20
precision; = TP ¥ FP, (20)
A 21

T = Th Y FN, @

In this paper, classification accuracy (CA) is used to
define the quality function of a solution, which is the
percentage of samples correctly classified and evaluated as
Eq. (22)

Accuracy
Number of samples correctly classified

" Total number of samples taken for exprimenta

(22

Another parameter which is used for comparison is the
average feature reduction F., to investigate the rate of
feature reduction
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Fig. 4 The flow chart of the proposed system

n—p
F=— (23)

where n is the total number of features and p is the
number of selected features by the FS algorithm. F, is the
average feature reduction. The more it is close to 1, the
more features are reduced, and the classifier complexity is
less.

Fig. 4 presents the overall framework of proposed
method based on three defined block.

6. Description of SHM benchmark datasets

A series of experiments are conducted to show the
effectiveness of the proposed feature selection algorithm.
All experiments were performed on a laptop with 2.40 GHz
CPU and 4 Gb of RAM using MATLAB. For experimental
studies, we have considered six datasets from benchmark
studies in SHM domain were considered, including Four-
story structure of ASCE health monitoring benchmark (Das
and Saha 2018, Johnson et al. 2003), three-story frame
aluminum structure of Los Alamos National Laboratory
(Figueiredo et al. 2009), wooden bridge model (Kullaa
2011, 2009), a beam structure with environmental and
operational influences, a beam with a nonlinear breathing
crack, and beam with moving loads that presented in 7th
European Workshop on Structural Health Monitoring
(Kullaa 2014). These datasets have been the subject of
many studies in SHM, covering examples of small, medium
and high-dimensional datasets (Kullaa 2009, Liu et al.
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Table 2 The characteristics of SHM benchmark datasets

Name of Data set Number of Number of

classes  experiments
Four-story structure 3 183
Three-story frame structure 6 1700
Wooden bridge 6 210
Beam with spring 6 100
Beam with a nonlinear breathing crack 7 16
Beam with moving load 4 26

2011, Santos et al. 2015). The characteristics of these
datasets, summarized in Table 2, show a considerable
diversity in the number of features, classes, and samples.
Brief description of each will be presented in subsection 6.1
to 6.6. Furthermore, number of training and testing samples
for each experimentation will be specified in each
subsection.

6.1 ASCE health monitoring benchmark

The four-story steel structure shown in Fig. 5 has 12
degrees of freedom (DOF). This structure has a base plan of
2.5 m x 2.5 m and a height of 3.6 m. The quarter-scale
symmetrical model of the structure was developed and
studied in the Earthquake Engineering Research Laboratory
at the University of British Columbia (UBC) (Johnson ef al.
2003).

The members are hot rolled grade 300 W steel with a
nominal yield stress of 300 MPa (42.6 ksi). The excitation
is a low-level ambient wind loading at each floor in y-
direction. To consider the environmental load uncertainties,
the wind loading is modeled as a filtered Gaussian white
noise process passed through a sixth order low-pass
Butterworth filter with a 100 Hz cutoff. Sensors are
installed in each floor on the side end middle column; there
are in total 16 sensors. Signals to be analyzed are the
acceleration response signals gathered from each floor
sensors. The sampling frequency is 100 Hz; the length of
the data is 40000.

(a) Real structure

To perform damage detection using the proposed
algorithm, some damages were incorporated into the
structure by removing the braces in y-direction. Relative
calculation indicates that the damage of beams and the
braces in x-direction has low effects on the vibrational
responses (Liu ef al. 2011). Therefore, only the damage of
braces in y-direction is investigated in this study. Damage
severity is described each time by removing 4 braces, 3
braces, 2 braces and 1 brace, respectively. Furthermore, it is
assumed that damages occur in one, two, three and all four
floors of the structure, each case of which are analyzed
distinctly. For example, when damage is restricted to one
floor, there are exerted 4 X 4 damage scenarios. Therefore
all damage scenarios include (Ghiasi et al. 2016, Liu et al.
2011):

(1) Damages in One floor: 4 x4 =16
(2) Damages in two floors: 4 x6 =24
(3) Damages in three floors: 4 x4 =16
(4) Damages in four floors: 4 x1 =4

With the above damages, in addition to the case of no
damage, there are in total 61 damaged cases. Considering
the effect of the environmental noise, random Gaussian
white noise with different severity is added to the
acceleration responses of the above 61 damage cases. The
ratios of the maximum root mean square (RMS) values
between the noise and the signal for the 61 cases are 10%,
20% and 30%, respectively. These are named as the samples
I to III. Samples I and II are used as training samples and
sample III is employed for testing. Therefore, 183 samples
are used in simulation of damage identification, including
61 testing samples and 122 training samples.

6.2 Three-story frame aluminum structure

Another standard data sets that used in this study are
from a three-story frame aluminum structure reported in
Figueiredo et al. (2009) and has been intensively used for
SHM validation in recent unsupervised damage detection
approaches (Gui et al. 2017, Monavari et al. 2018, Santos et
al. 2015). Test bed building model is four-degree-of-
freedom system with varied practical conditions, including
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(b) Schematic drawing (Johnson et al. 2003)

Fig. 5 Four-story structure of ASCE health monitoring benchmark studies
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(b) Adjustable Bumper and Column

Fig. 6 Three-story Frame Structure (Figueiredo et al. 2009)

variations in stiffness and mass loading. These variations
simulate temperature changes and traffic, respectively.
These changes were designed to introduce variability in the
fundamental natural frequency up to about 7 percent from
the baseline condition, which is within the range normally
observed in real-world structures (Figueiredo et al. 2009).
The experimental natural frequencies and damping ratios of
all state conditions as well as the numerical natural
frequencies can be found in Figueiredo et al. (2009). Raw
data were collected by four accelerometers mounted on the
structure, as shown in Fig. 6.

A nonlinear damage scenario was introduced by
contacting a suspended column with a bumper mounted on
the floor below to simulate fatigue crack that can open and
close under loading conditions or loose structural
connections. The smaller gap between the column and the
bumper will result in the higher level of damage. Thus, by
adjusting the gap, different levels of damage were created.
More details about the test structure can be found in
Figueiredo et al. (2009).

Acceleration time-series from 17 different structural
state conditions were collected, as described in Table 3,
where the first 9 state conditions introduce the undamaged
and the rest are damaged states. Time-series discretized into
4096 data points sampled at 3.125 ms intervals
corresponding to a sampling frequency of 320 Hz.

Data were acquired from 100 separate tests for each
structural condition. Based on the test description
(Figueiredo et al. 2009), statel is the structure's basic
condition (reference state) and states 2-9 include those
states with simulated operational and environmental
variability. Statel4 is considered as the most severely
damaged one as it corresponds to the smallest gap case,
which induces the highest number of impacts. State10 is the
least severe damaged scenario and statesl1-13 represent
mid-level damage scenarios. States15—17 are the variant
states of either statel0 or state13 with mass added effect in
order to create more realistic conditions.

Table 3 Data labels of the structural state conditions

Label Description

State 1 Baseline condition

State 2 Added mass (1.2 kg) at the base

State 3 Added mass (1.2 kg) on the 1% floor

State 4

State 5

State 6 States 4-9: 87.5% stiffness reduction at various
positions to simulate temperature impact

State 7 (more detail in Figueiredo et al. (2009))

State 8

State 9

State 10 Gap (0.20 mm)

State 11 Gap (0.15 mm)

State 12 Gap (0.13 mm)

State 13 Gap (0.10 mm)

State 14 Gap (0.05 mm)

State 15 Gap (0.20 mm) and mass (1.2 kg) at the base

State 16 Gap (0.20 mm) and mass (1.2 kg) on the 1% floor

State 17 Gap (0.10 mm) and mass (1.2 kg) on the 1% floor

Training data set is consists of an extracted feature from
10 out of 100 tests of each undamaged state (states1-9) and
testing data set is consists of feature from 10 out of 100
tests of each undamaged and damaged state (states1-17).

6.3 A beam structure with environmental and
operational changes

The structure is a simple steel beam (Fig. 7) with a
length of 1.4 m and a uniform cross-section of 50 mm X 5
mm (Kullaa 2011). The beam is also supported with a
spring 612.5 mm far from the support, with the spring



Optimum feature selection for SHM of benchmark structures using efficient AI mechanism 633

constant k related non-linearly on temperature
k = ko + aT? (24)

where ko= 100 kN/m, a = —0.8 (with consistent units),
and T is temperature with a uniform random distribution
between —20 to +40°C. Notice that seasonal variation of
temperature would have been probably more realistic. The
beam is divided into three sections of equal length. The
Young’s modulus E; in the i®" section has linear
relationship with a corresponding independent and
dimensionless environmental variable z;

Ei = EO + 0;Z;, i= 1,2,3 (25)
where E, = 207 GPa, z; are standardized Gaussian
variables: z;~N(0,1), and the standard deviations o; of
different sections are: g, =5 GPa, 0, =3 GPa, and
03 =7 GPa (Kullaa 2011). Based on Kullaa (2011) the
structure is modelled using 144 simple beam elements and a
single spring element.

The structure is excited at three points by independent
random excitations with different amplitudes in each
measurement. The response is measured at 47 DOF shown
with numbered arrow (Fig. 7). In the response analysis,
modal superposition with a static correction procedure
(Clough and Penzien 1993) is used. At 47 equidistant points
along the beam, transverse acceleration is measured.
Gaussian noise with standard deviation ¢ = 0.01 m/s? is
added to each sensor. In the average the noise level is
approximately 1% of the signal. The sampling frequency is
571 Hz and in each measurement the number of samples is
2859. The first 50 measurements are from the undamaged
structure. A slow environmental variability is assumed,
justifying a constant environment during each measure-
ment. As a conclusion, the environmental or operational
variability thus introduced originate from (1) a variable
spring with a non-linear relationship between temperature
and the spring constant, (2) three regions with
independently varying Young’s moduli, and (3) random
load distribution at three points.

Damage is a reduction in the beam depth at the spring
support in two elements along a total length of 19.4 mm.
This type of damage could represent local corrosion around
the spring joint. Sensor 21 is located in the middle of the
damaged region (Fig. 7). The height of the damaged beam
varies in five different levels: 4.5, 4, 3.5, 3, and 2.5 mm.
Each damage level is monitored with 10 measurements at
variable unknown environmental conditions.

The first 25 measurements are the training data. The test
data includes 75 measurements, 25 from the undamaged
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Fig. 7 Simply-supported beam with a variable spring
(Kullaa 2011)

structure (26-50) and 50 from the damaged structure (51—
100).

6.4 A beam with a non-linear breathing crack

The second beam structure is a simple beam with the
following dimensions: length 5 m, height 0.5 m, and width
0.01 m (Kullaa 2014). It was modelled with 4-node linear
2D elements with reduced integration, and Abaqus Explicit
finite element code was used for the simulations. The beam
ends were supported on the neutral axis of the beam. In
addition, the beam end nodes were forced to follow the
theory of the Euler Bernoulli beam by assuming that the
planes remained planes at the beam ends. Rayleigh damping
(Clough and Penzien 1993) was used, because a full
damping matrix was needed. The parameters were chosen
to produce low damping in the frequency range of interest.
In the tangential direction, the contact of the crack surfaces
was assumed to be frictionless. The Abaqus surface - to -
surface option has been used in the normal direction.

Fig. 8 shows a cracked beam model in a displaced
configuration. A uniform transverse random load history,
different in each case, was applied to the beam's top surface.
The load histories were low-pass filtered below 1000 Hz,
resulting in the structure's five active dynamic modes. The
measurement period included 4001 samples for two
seconds. There was no crack in the undamaged case.
Damage was a single vertical crack with various crack
lengths of 10, 20, 30, 50, 100, and 150 mm at the bottom of
the midspan. The total number of sensors was 30. They
measured accelerations at the beam's top or bottom edge in
the transverse (vertical) direction. In Fig. 8, the top sensors
are shown. The bottom sensors were on the opposite side of
the beam at the same longitudinal positions. The midspan
bottom sensor was located at the crack edge, which may
result in too an idealistic case. Noise was added to the
acceleration records obtained from the finite element
analyses. The signal -to-noise ratio (SNR) for vibration
measurement systems was 30 dB, which is a typical value.
The SNR value had a major impact on the minimum size of
the crack that can be detected (Kullaa ef al. 2013).

Measures 1-6 were the training data for damage
detection using proposed method. The test data included six
measurements, four measurements (7-10) from the
undamaged structure and two measurements (11-12) from
the damaged structure.

6.5 Moving loads on a beam, modelling traffic
on a bridge

The second beam structure is a modification of Tedesco

Fig. 8 Monitoring of a cracked beam with 15
accelerometers (Kullaa 2014)
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Fig. 9 A moving load on a beam modelling a vehicle
on a bridge (Kullaa 2014)

bridge model (Tedesco et al. 1999). A simply supported
uniform bridge girder is subjected to a moving load having
constant velocity v (Fig. 9) (Kullaa 2014). This simulates a
vehicle crossing the bridge. The bridge is analyzed as a
continuous system. The transverse acceleration of the beam
y(x,t) is calculated with assuming zero initial conditions.
The increased mass or the dynamics of the vehicle are not
considered (Kullaa 2014).

During the measurement period, several vehicles are
permitted to cross the one-way bridge. The mass of Vehicle,
velocity, and the entering time are random variables. Linear
superposition is used to compute the bridge response. The
vehicle mass varies uniformly between 500 and 20 000 kg,
the velocity varies uniformly between 50 and 120 km/h, and
the entering time varies according to a oisson process with a
mean of 5 s between events.

With a sampling frequency of 100 Hz, the measuring
period is 30 s. Acceleration is measured along the bridge at
98 equidistant points. The number of modes in the analysis
is 10. It is assumed that the measuring system includes a
low-pass filter that removes the higher modes' contribution.
The following material and structural parameters are used:
span length L = 100 m, flexural rigidity EI = 754110 kNm?,
and mass/length pA= 262 kg/m. Damping is zero. Damage
is eterioration of the support, resulting in an increase of
span length by 50, 100, and 200 mm. The first 20
measurements are from the undamaged structure and from
each level of damage two measurements are acquired.
Gaussian noise is added to each sensor with a standard
deviation of o = 0.1 m/s.

Measurements 1-10 are the training data for damage
identification. The test data includes 16 measurements, 10
from the undamaged structure (11-20) and 6 from the
damaged structure (21-26).

6.6 Wooden bridge model

An experimental research was carried out using a
monitoring system built in the laboratory of Helsinki
Polytechnic Stadia (Kullaa 2011, 2009). The structure was
model of a wooden bridge shown in Fig. 10. In order to
excite the lowest modes, random excitation was applied to
the structure. The response was measured at three different
longitudinal positions by 15 accelerometers. The frequency
of sampling was 256 Hz and the measurement period was
32 s. The data were filtered below 64 Hz and re - sampled
for sufficient redundancy. During several days, the
measurements were made and it was noticed that the
structure’s dynamic properties varied due to changes in the
environment. The main influences on the wooden structure
were assumed to be variations in temperature and humidity.
Damage was then introduced to the structure by adding
point masses. The mass sizes were 23.5, 47.0, 70.5, 123.2
and 193.7 in terms of grams. The point masses were
attached on the top flange, 600 mm left from the midspan
(Fig. 10). The last measurements were again from a healthy
structure. Compared to the total weight (36 kg), the added
mass was very small, even the highest mass increase was
only half a percent.

For a sensor fault, precision degradation fault was
introduced by adding random noise to the sensor 3 during
10 measurements with a standard deviation of o = 0.01.
During the sensor fault, no additional masses were present.
The first 175 measurements were the training data. The test
data consisted of both healthy and abnormal systems
measurements.

7. Experimental studies

In this section the accuracy and effectiveness of
proposed scheme for feature extraction/selection in SHM
domain will be evaluated based on data sets, described in
section 6.

(a) Wooden bridge model

(b) Wooden bridge with the locations of sensors and damage (D) are

indicated (Kullaa 2011)

Fig. 10 Wooden bridge
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Furthermore, to validate the results obtained by the
proposed IBASHS algorithm, it is compared with Binary
Particle Swarm Optimization (BPSO) (Chuang et al. 2011),
Binary Genetic Algorithm (BGA) (Oh et al. 2004),
Improved Binary Gravitational Search (IBGSA) (Rashedi
and Nezamabadi-pour 2014), Advanced Binary Ant Colony
Optimization (ABACO) (Kashef and Nezamabadi-pour
2015), results of which are reported in Subsection 7.3. It is
worth to note that, tuning parameters of these algorithms is
set to best values that reported in paper accordingly.

The IBASHS parameters are: HMS = 50, HMCR = 0.9,
PAR,in = 0.2, PARyac = 0.5, HMCR,,;, = 0.7 and
HMCR 4 = 0.9. Population size for all algorithms is 50
and the maximum iterations is set to 500. The weighting
factor W in fitness function is varied from 0.6 to 0.9 to get
the different sets of features. Results are averaged over 20
independent runs in each data set and by every algorithm.

Table 4 Comparing the performance of data extraction

methods
eifritc‘ifzn Evaluation gy WWLS gy
method index -SVM

CA 83.12 81.1 74.31

o Precision 82.2 81.3 3.4
Stfigff;r‘;al Recall 813 803 714
F-score 83.51 82.1 74.52

Training time (s) 31 22 41
CA 87 89.91 82.9
Precision 86.1 88.2 81.5
WPRE Recall 86.8 89 82.2
F-score 88.2 90.02 82.5

Training time (s) 35 27 49
CA 85 87.7 80.9
Precision 84.8 86 80.7

AR model Recall 85.1 85.9 81
F-score 86 87.8 81.1

Training time (s) 37 33 48

7.1 Feature extraction and metamodeling step

For damage detection by the proposed algorithm
IBASHS, firstly it is required to select best algorithm for
Part A (Feature extraction) and part C (metamodeling) of
framework. To reach to this goal, ASCE SHM benchmark
dataset will be used as representative example. After
choosing best algorithm for these two parts, effect of
various metaheuristic algorithms on feature selection step of
all data sets will be studied in Subsection 7.2.

Signals are preprocessed based on Section 4, Table 4
shows the effect of selecting WPRE, AR parameters or
statistical features as data extraction methods on the damage
detection accuracy of classification algorithms. Ratio of
correctly detected damage cases to all test data (61 cases) is
defined as classification accuracy (CA) same as Eq. (22).

The results show that the accuracy of damage detection
based on WPRE is higher than that based on statistical
features and AR model, under the same conditions. This
could be due to the fact that WPT is a powerful
mathematical tool for capturing changes of structural
characteristics/properties induced by damage. As compared
with statistical features, WPRE provides an effective feature
extraction procedure for compressing the data measured and
obtaining useful information for damage assessment. In
other words, the features that are acquired by WPRE from
vibrational signal have higher sensitivity to the damage of
the structure in comparison with the features acquired by
statistical features. Therefore, the use of WPRE as the data
extraction method for other studies has been credit in this
paper.

Furthermore, in order to confirm the efficiency of the
proposed surrogate models, the performances of WWLS-
SVM, ELM and GMDH neural networks are obtained based
on evaluation function defined in Subsection 5.4, the results
of which are shown in Table 4. Generally, Table 4 shows
that WWLS-SVM has a high accuracy and performance for
damage detection of the structure with any kind of feature
extraction method. In addition, performance of GMDH
neural network is increased with selecting WPRE as main
feature extraction method meanwhile best classification
accuracy of these surrogate model is 87%, therefore
WWLS-SVM is chosen for metamodeling in future
subsections.

Table 5 Classification accuracy of each desirability index on the tested data sets

Method 1: Method 2: Method 3: Method 4:
lati fFicient Max-relevance Dist. luati F-S
Data set correlation coefficien min-redundancy istance evaluation -Score
Mean of CA (£Std)  Mean of CA (£Std)  Mean of CA (£Std)  Mean of CA (£Std)

Four-story structure 0.955 (£0.0007) 0.961 (£0.0006) 0.986 (£0.0003) 0.997 (£0.0002)
Three-story frame structure 0.918 (£0.0032) 0.931 (£0.0007) 0.931 (£0.0007) 0.968 (£0.0143)
Wooden bridge 0.801 (£0.0093) 0.811 (£0.0096) 0.870 (£0.0113) 0.862 (£0.0202)
Beam with spring 0.922 (£0.0009) 0.951 (£0.0011) 0.951 (£0.0006) 0.991 (£0.0004)

Beam with a nonlinear

breathing crack

Beam with moving load

Average

0.742 (£0.0422)

0.701 (£0.0421)
0.823

0.790 (£0.0096)

0.749 (£0.0366)
0.848

0.828 (+£0.0113)

0.736 (£0.0456)
0.868

0.832 (£0.0151)

0.798 (+0.0156)
0.892
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Fig. 11 Classification accuracy of each desirability index on
the tested data sets
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7.2 Classification accuracy of desirability indices

To specify the best method for measuring the
desirability of features, the average classification accuracies
of the proposed algorithm over 20 independent runs on the
tested datasets are given in Table 5. The numbers in the last
row of the table, show the average classification accuracy
over the datasets. Furthermore, Figs. 11 and 12 illustrates
the performance of the four approaches. According to these
results, method 4 could achieve the best results among other
proposed methods. Therefore, this method is chosen for
measuring the desirability of features.

7.3 Classification accuracy of metaheuristic
optimization algorithms

To show the utility of the proposed IBASHS algorithm,
we compare the algorithm with IBGSA , BGA, BPSO, and
ABACO, which are reported to be very strong algorithms in
FS (Kashef and Nezamabadi-pour 2015). Table 6 and Fig.
13 shows the mean of classification accuracy (CA) results
of every algorithm for each dataset. The average of results
calculated over 20 independent runs. The number in

i = i
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Three-story Wooden bridge  Beamwith Beamwitha Beam with
structure  frame structure spring nonlinear moving load
breathing crack
¥ Method 1: ¥ Method 2: W Method 3: “ Method 4:
correlation coefficient Max-relevance Distance evaluation F-Score

min-redundancy

Fig. 12 Classification accuracy of the tested data sets for each desirability index. Error bars show the standard deviations

Table 6 Classification accuracy of each algorithm for the tested datasets

IBASHS BGA BPSO IBGSA ABACO
Data set Mean of CA Mean of CA Mean of CA Mean of CA Mean of CA
(Rank) (Rank) (Rank) (Rank) (Rank)
Four-story 0.997 0.981 0.961 0.979 0.998
structure 2) 4) %) 3) (1)
Three-story 0.968 0.930 0.922 0.941 0.968
frame structure €)) 3) “ (@) (1)
. 0.862 0.821 0.801 0.856 0.859
Wooden bridge
& ey 4) (5) 3) )
Beam with spring 0.991 0.987 0.981 0.991 0.991
ey (2) 3) ey (1)
Beam with a nonlinear 0.832 0.801 0.789 0.821 0.826
breathing crack (1) 4) %) 3) 2)
Beam with moving load 0.798 0.728 0.713 0.740 0.743
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Fig. 13 Classification accuracy results of every algorithm
for each dataset

brackets in each table slot shows the ranking of each.
Comparison of the average precision, recall and the amount
of F. for the competing algorithms on the datasets are
displayed in Table 7. It can conclude from these tables that
the proposed IBASHS algorithm can obtain, in most of
cases, better classification accuracy using a smaller feature
set, compared to other algorithms.

In Table 8, another comparison has been made
according to the sum of the ranks available in Table 6 for
each algorithm. The lower sum of ranks for an algorithm
shows the better average results in total cases against the
others. Although this quantity is of lower accuracy degree
for reporting results in some cases, it is common in
Nonparametric Statistics. As can be seen in this table,
IBASHS, gets the first rank. ABACO achieve the second
rank and IBGSA ranked third. BGA and BPSO get the
fourth to fifth rankings, respectively.

Furthermore, for better and more intuitively
understanding the feature selection method and showing
individual detection results of the proposed method on real
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Table 8 The sum of the relative obtained ranks on the
6 number of data sets for each of the algorithms

IBASHS BGA BPSO IBGSA  ABACO
7(1) 21(4) 27(5) 15(3) 9(2)

structure, extended result for ASCE benchmark data are
shown in Figs. 14-17.

Further observations regarding the number of features
that have been selected during the search procedure by each
algorithm can be found in Figs. 14 and 15.

One may admit that IBASHS not only finds smaller
feature subsets than the other algorithms on large-scale
problems, but the number of selected features also
decreases much faster.

From and Figs. 16 and 17, one can conclude that
IBASHS performs a higher degree of exploration than the
other algorithms, which enables it to explore the search
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Iteration
Fig. 14 Average number of selected features of each

optimization algorithms over generations
(ASCE Benchmark)

Table 7 Comparison of performance (precision, recall and Fr) of the algorithms on 6 data sets

Metrics Four-story Three-story Wo_oden .Beam_ Beam With a nonlinear Bea_m with Sum
structure frame structure bridge with spring breathing crack moving load
Precision 0.995 0.964 0.861 0.987 0.823 0.781 5.411
IBASHS Recall 0.988 0.962 0.857 0.971 0.819 0.779 5.376
Fr 0.798 0.519 0.418 0.621 0.454 0.478 3.288
Precision 0.979 0.939 0.828 0.964 0.810 0.734 5.254
BGA Recall 0.976 0.940 0.829 0.962 0.804 0.714 5.225
Fr 0.781 0.481 0.391 0.532 0.415 0.452 3.052
Precision 0.963 0.918 0.808 0.942 0.781 0.701 5.113
BPSO Recall 0.964 0.92 0.81 0.95 0.775 0.712 5.131
Fr 0.750 0.484 0.383 0.531 0.402 0.441 2.991
Precision 0.977 0.942 0.849 0.982 0.813 0.725 5.288
IBGSA Recall 0.981 0.935 0.851 0.987 0.803 0.731 5.288
Fr 0.787 0.497 0.421 0.595 0.451 0.413 3.164
Precision 0.981 0.972 0.859 0.989 0.822 0.746 5.369
ABACO Recall 0.975 0.975 0.86 0.981 0.813 0.743 5.347
Fr 0.801 0.498 0.415 0.628 0.44 0.428 3.21
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Fig. 17 Average fitness of each optimization algorithms
with respect to each generation (ASCE Benchmark)

space to find a solution that selects a smaller number of
features and better performance.

It is worth to note that, the FS method proposed in this
study is a supervised wrapper-based feature selection
method. Generally, in comparison with the filter model, the
wrapper model could achieve a higher classification
accuracy and tend to have a smaller subset size; however, it
has high time complexity.

Finally, according to the results shown, adding
desirability index and modifying PAR and HMCR

parameters of BASHS, increases the exploration of search
and guide algorithm to more salient features.

8. Conclusions

Feature selection is an important task which can
significantly affect the performance of classification and
recognition. In this paper, a new feature selection technique
was presented based on IBASHS by modifying tuning
parameter of BASHS and adding desirability index of
feature to objective function. The proposed algorithm has a
strong search capability in the problem space and can
effectively find the minimal feature subset. This algorithm
is compared with some powerful algorithms, including
IBGSA, BGA, ABACO and BPSO. The roles of different
feature extraction methods and different surrogate model
were also investigated. In order to assess the performance of
the proposed method on structural damage detection, six
well known benchmark datasets in SHM domain were
considered. Based on the numerical results, the following
conclusions accomplished:

(1) The feature selection can remove the irrelevant and
the redundant information by choosing useful
features as input of surrogate model. Proposed FS
approach based on IBASHS optimization algorithm
reaches a better feature set in terms of classification
accuracy and number of selected features.
Generally, the IBASHS has capability of 41.8% to
79.8 % data reduction.

(2) There is no need to predefine the number of
features to be selected. This task is thus assigned to
the algorithm to select feature subsets with
arbitrary numbers.

(3) Adding desirability index of feature to feature
selection function has a great impact on number of
selected features and guide algorithm to more
salient features.

(4) Although performance of all surrogate models is
improved by using WPRE as feature extraction
method, for most cases considered, the
classification accuracy by WWLS-SVM is better
than that of GMDH and ELM.

(5) WPRE is capable of capturing changes of structural
characteristics/properties induced by damage. It
provides an effective feature extraction procedure
for compressing the data measured and obtains
useful information for damage assessment in
comparison with AR model parameter and
statistical feature.
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