
Samir Mustapha1

Professor

Department of Mechanical Engineering,

Maroun Semaan Faculty of

Engineering and Architecture,

American University of Beirut,

Beirut 1107 2020, Lebanon;

Laboratory of Smart Materials and

Structures (LSMS),

School of Aerospace, Mechanical and

Mechatronic Engineering,

The University of Sydney,

Sydney 2006, New South Wales, Australia

e-mail: sm154@aub.edu.lb

Ali Braytee
Quantum Computation and Intelligent Systems,

University of Technology Sydney,

Sydney 2007, Australia

e-mail: ali.braytee@uts.edu.au

Lin Ye
Professor

Laboratory of Smart Materials and

Structures (LSMS),

School of Aerospace, Mechanical and

Mechatronic Engineering,

The University of Sydney,

Sydney 2006, New South Wales, Australia

e-mail: lin.ye@sydney.edu.au

Multisource Data Fusion
for Classification of Surface
Cracks in Steel Pipes
This paper focuses on the development and validation of a robust framework for surface
crack detection and assessment in steel pipes based on measured vibration responses col-
lected using a network of piezoelectric (PZT) wafers. The pipe structure considered in
this study contained multiple progressive cracks occurring at different locations and with
various orientations (along the circumference or length). The fusion of data collected
from multiple PZT wafers was investigated based on two approaches: (a) combining the
raw data from all sensors before establishing a statistical model for damage classifica-
tion and (b) combining the features from each sensor after applying a multiclass support
vector machine recursive feature elimination (MCSVM-RFE), for dimensionality reduc-
tion, and taking the union of discriminative features among the different sources of data.
A MCSVM learning algorithm was employed to train the data and generate a statistical
classifier. The dataset consisted of ten classes, consisting of nine damage cases and the
healthy state. The accuracy of the prediction based on the two fusion approaches resulted
in a high accuracy, exceeding 95%, but the number of features needed to enrich the accu-
racy (95%) differed between the two approaches. Furthermore, the performance and the
precision in the prediction of the classifier were evaluated when the data from only a sin-
gle sensor was used compared with the combined data from all the sensors within the net-
work. Very promising results in the classification of damage were obtained, based on
the case study that included multiple damage scenarios with different lengths and
orientations. [DOI: 10.1115/1.4038862]

Keywords: structural health monitoring, damage detection, data fusion, recursive feature
algorithm, frequency response function

1 Introduction

Oil transport pipelines, being susceptible to damage due to
harsh environmental conditions and operational factors, require
ongoing maintenance and inspection. Several nondestructive test-
ing methods are available for quality control of jointed or welded
pipes, such as magnetic flux, ultrasonic, eddy current (such as
pulsed eddy current), electromagnetic, and acoustic emission
measures [1,2]. Magnetic flux leakage technique is based on
inducing a magnetic field within the inspected pipe. Any interrup-
tion in the magnetic field will indicate the presence of anomalies.
Ultrasonic, also known as the “UT tool,” provides a similar infor-
mation on the magnetic flux leakage; however, it uses the ultra-
sonic technology [3]. Ultrasonic guided waves are capable of
providing information up to 25 m away from the transducer array,
presuming that the wave is not interacting with geometrical dis-
continuities such as bends and flanges [4]. One of the most com-
mon techniques is the in-line inspection utilizing smarts pigs that
uses nondestructive evaluation sensors which passes through the
pipeline under inspection [5]. These techniques are capable of
inspecting only local regions of a structure; moreover, they can be
very time-consuming and labor-intensive, or may not even be fea-
sible, in particular when dealing with pipeline networks that run
over hundreds of kilometers. Hydrostatic testing might be a sim-
ple and effective method for inspection of leakage in pipes, in par-
ticular joints, but it is limited as it cannot be applied while the
pipeline is in service.

Extending the lifespan of pipeline networks while maintaining
a high level of safety to withstand operational and environmental
loading has piqued the interest of many researchers and

engineering scientists in the oil and gas industry to consider con-
tinuous online monitoring known as structural health monitoring
(SHM) [6]. SHM can be a complementary approach to current
nondestructive testing methods such as eddy currents and
ultrasonic-based approaches including phased array [7]; further,
this will provide a powerful tool for decision making [8].

The distribution of sensors over large structures usually leads to
a large amount of data that need to be managed and, more impor-
tantly, develop techniques that allow the extraction of damage
sensitive features. These requirements have led to the evolution of
many advanced data analysis methods. Many publications have
focused on pattern recognition, dimensionality reduction, and the
development of statistical models [9–14]. Methods that depend
highly on pattern recognition or, more broadly, machine learning,
which is strongly related to statistical learning theory, appear to
be promising due to their robustness in establishing data classi-
fiers. Machine learning is a powerful discipline by which to learn
and infer patterns on the basis of observational evidence, and it is
classified into supervised and unsupervised learning. Unsuper-
vised learning and supervised learning depend on the nature of the
problem and whether all the observations are labeled. Unsuper-
vised learning finds hidden rules and determines underlying struc-
tures using unlabeled sets of measured data, whereas in
supervised learning a set of labeled data are utilized for training.
In the context of SHM, the label can simply be an indication of
the healthy or damaged state of the structure [15–17].

Single and multiclass support vector machine (MCSVM): Sup-
port vector machine (SVM) is a learning process associated with a
powerful theoretical basis and fast computation. It was originally
used for binary classification, but has been extensively used in
both regression and classification problems [17–19]. For
classification-related problems, SVM builds a model as a repre-
sentation of provided training examples and their corresponding
binary labels. The model maps the training examples to a high-
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dimensional feature space using a kernel function, so that the
examples can be linearly separated with a maximum margin. This
causes the model to be well-generalized, hence minimizing the
overfitting problem that is a common issue for artificial neural net-
works (ANNs). SVM also has the capability of unifying various
types of discriminant functions such as polynomial and radial
basic functions. Additionally, compared to ANN, SVM delivers a
unique solution, because the optimization problem is a convex
problem and often does not have local minima [20]. The use of
SVM for data classification and regression problem has found its
way into many SHM applications, including the detection of road
signs [21], paint condition assessment [22], damage detection,
localization, and assessment [13] using different types of data
including vibration [23], ultrasonic, and strain data.

Two-class SVM (binary) requires the labeled data from two dif-
ferent classes for the training phase. Many applications have been
based on binary classification of healthy and damaged states of
mechanical systems and civil structures [24]. The binary classifi-
cation of SVM was later extended to multiclass SVM. A multi-
class SVM can be achieved either by constructing and combining
binary classifiers (one-against-one/one-against-all) or by consider-
ing all the data at once within the formulation. However, having a
single optimization formulation may eventually be computation-
ally more expensive [19]. Abadi et al. [25] developed a multiclass
SVM algorithm to detect structural damage in thick steel beams
based on ultrasonic guided waves. They employed wavelet packet
transform to decompose the signal and extract the critical statisti-
cal features that were used in the classifier. Huynh et al. [22]
developed a multiclass SVM classifier to automatically assess the
grading of paint from hyperspectral signatures. In their multiclass
classification problem the authors adopted a one-against-one
approach in which binary classification was performed for every
pair of classes. Yuan and Chu [14] developed a one-against-all
multiclass SVM algorithm for fault diagnosis in a turbopump rotor
with 14 optimal separating planes and recognized 42 fault sam-
ples. Widodo et al. [26] adopted a multiclass SVM classifier and a
relevance vector machine using acoustic emission and vibration
data collected from low-speed machinery to detect faults in low-
speed bearings. Their simulator enabled the modeling of bearing
and gearbox faults under the different loading conditions of steady
load, impact load, axial load, and rumble at low speed. Yang et al.
[27] investigated the use of multiclass SVM for the diagnosis of
rotating machinery, using data collected from a machinery fault
simulator that was later compared to an ANN algorithm. The
authors investigated bearing (damage on the inner/outer race) and
structural faults (imbalance and misalignment).

The application of vibration-based methods for inspection of
large structures has become a very promising alternative to the
nondestructive methods mentioned earlier, having several advan-
tages associated with low cost and flexibility with data collection
of large structures [1,6,28].

Feature selection: Feature selection is the process of identifica-
tion of a subset of features that is rich in information and that can
be used to construct a learning model. Several advantages can be
associated with the feature selection process, such as dimensional-
ity reduction, elimination of redundant and irrelevant features,
improvement of the performance of predictive algorithms, reduc-
tion of the complexity of the constructed models, and reduction of
training time [29]. In the context of classification, feature selec-
tion approaches are divided into three categories: filter methods,
wrapper methods, and embedded methods. Filter methods evalu-
ate the goodness of the candidate feature subsets by inspecting the
intrinsic statistical properties of data. Wrapper methods estimate
the goodness of the subset of features by measuring the accuracy
of the classification model. Embedded methods combine feature
selection with the classifier training process. The later methods
are considered more effective in feature selection because they
demand less computational time than wrapper methods and can
produce more accurate results than filter methods [29]. Many
methods have been used to extract critical features from measured

mechanical data (vibration and strain) based on autoregressive
coefficients and wavelet analysis in combination with a SVM
[12,30]. Sohn et al. [31] applied principal component analysis for
dimensionality reduction of data toward application in SHM.
Worden and Manson [32] applied linear and nonlinear principal
component analysis for dimensionality reduction or to compress
frequency response data [33]. Zang et al. [34] investigated the use
of independent component analysis to reduce the dimension of
signals in the time domain, followed by ANNs for damage identi-
fication. Keogh et al. [35] proposed a method known as piecewise
aggregate approximation for dimensionality reduction and applied
it to large time-series data. Piecewise aggregate approximation is
fast, simple, and allows flexible distance measures for fast similar-
ity searches in large time series. Khoa et al. [24] utilized random
projection for dimensionality reduction in the vibration feature
data. Random projection is an alternative and less expensive
method for reducing the dimensionality of extremely high-
dimensional data.

Further, Zhou et al. [36] proposed a random forest recursive
elimination process (RF-RFE) to eliminate the least important fea-
tures. The random forest needs a large number of instances to gen-
eralize well to novel data [37]. Statnikov et al. [37] observed that
a SVM outperformed the random forest on 22 microarray gene
expression datasets. In addition, SVM-recursive feature elimina-
tion (SVM-RFE) [38] is a feature selection technique that follows
a backward elimination process. It is an iterative procedure that
starts by considering all the features and then eliminating one fea-
ture after every iteration. SVM-RFE was initially proposed for
binary problems and was successfully used in many areas of
bioinformatics [38].

Later, an extension of SVM-RFE was proposed for multiclass
data. The new extension was proposed by Zhou and Tuck [39]
who called it a multiclass SVM-RFE (MCSVM-RFE).

In this study, we propose two multisource sensor fusion
approaches: raw data fusion and discriminative feature fusion. In
the first approach, the raw data are aggregated from different sour-
ces (sensors) after ensuring that there is no significant difference
among the distribution of data from multiple sensors; then, we
used MCSVM-RFE to select the most discriminative features
among the fused data. In the second approach, we propose a fea-
ture fusion approach which consists of two stages: initially it
selects the damage sensitive features based on MCSVM-RFE
from each individual sensor, followed by the merging of the fea-
ture indices in one subset. Multiclass SVM (MCSVM) learning
algorithm was employed in both approaches to train the data on
the reduced space and generate a statistical classifier. The
MCSVM consisted of ten classes that contained nine damage
cases and the healthy state.

2 Proposed Methodology

Designing a multiclass classification model in the presence of
multisensor nodes with large number of different classes can be
challenging, and it is still the focus of much research in the area
of SHM [40,41]. Once signals are captured from multiple sensors
located on the structure, the damage sensitive features are
obtained based on the fast Fourier transform or frequency
response function (FRF) data. In the proposed methodology, dif-
ferent strategies are presented for fusing data from a sensor net-
work, and then the application of the MCSVM-RFE for
dimensionality reduction and surface crack identification is
scrutinized.

2.1 Multiclass Support Vector Machine. A MCSVM is an
extension of the classical SVM to deal with multiclass classifica-
tion problems. Initially, SVM was proposed to solve binary classi-
fication problems [42]. In the case of linear separable problems,
consider a training set of N samples xi; yið ÞNi¼1

2 Rn, where xi is
the input vector labeled by yi 2 0; 1½ �. SVM seeks to separate the
binary data by finding the optimal hyperplane that can maximize
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the distance between the binary points that belong to different
classes. The hyperplane is defined by parameters x and b with the
equation x:xþ b ¼ 0. The maximum margin hyperplane can be
identified as the solution of the following minimization problem:

z ¼ 1

2
x:xþ C

XN

i¼1

ni

s:tyi xxi þ bð Þ � 1� ni; i ¼ 1;…;N

(1)

where the C
PN

i¼1 ni component is used to control the number of
misclassified points and C is the penalty parameter.

To predict the class of a new point x, the decision function is
computed as follows:

f xð Þ ¼ sign
XN

i¼1

yiai < xi; x > þb

 !
(2)

Thus, all the training points have a ¼ 0 except the support vectors
that have a relatively small percentage of the entire training points
xi. Therefore, to make the prediction on new point x, the inner
product between x and the support vectors must be calculated.

A MCSVM is proposed to deal with more than two classes.
Two popular strategies have been proposed for MCSVM, namely
“One-Against-One” (OAO) and “One-Against-All” (OAA).
Briefly, the OAO strategy was introduced in Ref. [43]. This strat-
egy constructs one SVM model for each pair of classes, and the
classification decision for a new sample is based on the majority
voting of these models. The OAA strategy [44] relies on the con-
struction of one SVM model per class, that is trained to distin-
guish between the samples from one class against all samples
from the other classes. In this study, the OAA approach was
adopted for several reasons: first, the training time required for the
OAO strategy is greater than that for the OAA strategy, because
OAO trains more binary classifiers than OAA. Second, the
decision-making process in OAO is more complex than that in
OAA, because OAO evaluates more decision functions. Below is
a detailed description of the OAA approach.

Given N multiclass training data where yi 2 1;…; kf g is the
class of xi, OAA decomposes the multiclass problem into m binary
SVM classification problems. The mth SVM model is trained with
all samples in the mth class as a positive class, and all other sam-
ples as a negative class. The mth SVM model is generated by solv-
ing the following problem:

min
xmbmnm

1

2
ðxmÞTxm þ C

Xl

i¼1

nm
i

s:tðxmÞTu xið Þ þ bm � 1� nm
i ; if yi ¼ m;

ðxmÞTu xið Þ þ bm � �1þ nm
i ; if yi 6¼ m;

nm
i � 0; i ¼ 1;…; l

(3)

where the training data xi are mapped to a higher dimensional
space by the kernel function /, in case of nonlinear separable.

The predicted class of the sample x is the class with the highest
values of the decision function as shown below:

class of x � argmaxm¼1;…;kððxmÞTuðxiÞ þ bmÞ (4)

The algorithm is described in Fig. 1.

2.2 Multiclass Support Vector Machine-Recursive Feature
Elimination Feature Selection Method. The MCSVM-RFE
method [39] aims to find a small set of features from multiple
classes simultaneously. It is based on a recursive elimination pro-
cedure that eliminates the least important features one at a time.
Basically, the MCSVM-RFE approach follows the same strategy

as the SVM-RFE that has been proposed for gene selection classi-
fication in binary class problems [38]. In each iteration, SVM-
RFE generates scores for the remaining features by training the
SVM model on training samples. Typically, the feature j is ranked
based on the score value cj ¼ x2

j . The weight vector x is com-
puted by

x ¼
XN

i¼1

aiyixi (5)

where ai’s are the Lagrangian multipliers. In the MCSVM-RFE
approach, the feature score is the sum of squared x from all the
trained SVM models, as shown in Algorithm 1. The features that
have the largest weights are the most informative and they are
maintained, whereas features with the lowest weights are elimi-
nated, and the process is repeated to establish a subset of features
(with a predefined size for the subset).

The direct use of modal parameters as features in our classifier
may not be very wise because the modal data are not broadband
data, i.e., they only cover a limited number of FRF data around
the resonant frequencies. Furthermore, the data associated with
higher-order modes are highly sensitive to local abnormalities
where modal parameters lack the ability to capture them, thus lim-
iting their robustness for use in predictive models. In addition,
modal data may lack accuracy due to modal extraction processing.
Unlike modal data, FRFs are less error prone data because they
are directly extracted from the responses. Furthermore, they
include abundant information in a wide range of frequencies,
making these features more reliable and practical for the damage
identification process [45,46].

Based on the above, the FRF data will be fed into the classifier
to establish the predictive modal in order to investigate the differ-
ent approaches proposed, focusing on the development of an effi-
cient and robust method in data fusion. A typical FRF response
for the intact state and the nine damage cases, based on the data
captured from sensor 1, is displayed in Fig. 2.

Fig. 1 Multiclass SVM-RFE algorithm [39]
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2.3 Our Data/Feature Fusion Methods. Data fusion of mul-
tisource data is widely used to consolidate data captured from
multiple sensors, in order to increase the robustness of the algo-
rithm and its ability to improve the accuracy prediction. Sensor
fusion focuses mainly on gaining information from multiple sen-
sors by fusing across raw data or features/decisions [47]. Data
fusion can involve data captured from multiple sensors of the
same type within a sensor network or from a network that contains
different types of sensor. The former might be a slightly more
challenging problem [48].

Fusing the data acquired from multiple sensors can be inte-
grated at three levels: first, at the raw data level where the read-
ings of sensors are combined and normalized using the data from
the time domain or after fast Fourier transform/FRF; second, at
the feature level where selected features from each sensor are
combined. This will take into account the interaction between
data from multiple sources; and finally, at the decision level,
where the decisions from multiple classifiers are fused. The three
levels above are used to classify data fusion into six categories,
namely data in–data out, data in–feature out, feature in–feature
out, feature in–decision out, decision in–decision out, and data
in–decision out [47,49].

In this study, two different approaches to fusing data from a
multisensor network are proposed, based on MCSVM-RFE,
namely data fusion (data in–features selected–decision out) and
feature fusion (features selected–feature in–decision out).

(I) The first approach is based on the raw data fusion. It aggre-
gates all the raw data collected from all the sensors within
the sensor network, normalizes the collected data, and then
selects the most important features or frequencies by
applying MCSVM-RFE (on the combined data), as shown
in Fig. 3. This approach aims to select the optimal features
or frequencies from the fused raw data in order to enhance
the generalization of the classifier.

(II) The second approach is based on three fundamental stages,
as shown in Fig. 4. In the first stage, the best subset of fea-
tures is selected, based on MCSVM-RFE, from every sin-
gle sensor. In the second stage, all the selected features
from the different sensors are aggregated by taking the
union of different subsets and reapplying MCSVM-RFE to
identify the top ranked features. Consequently, one predic-
tive model using the top ranked features can be established,
as the final stage. The feature fusion approach allows inter-
action between the features generated from various sensors.
Also, it avoids the normalization procedure between differ-
ent datasets which may lead to information loss. However,
this approach may increase the computational time, which
may be high in case of a large number of sensors.

3 Experimental Validation

The tested structure in this study consisted of a steel pipe
1500 mm in length, with outer radius 305 mm and wall thickness
6.4 mm. The steel pipe had a modulus of 210 GPa, Poisson’s ratio
of 0.27, and density of 7850 kg/m3.

Three piezoelectric (PZT) wafers (PIC 255 from PI, 10 mm in
diameter and 1 mm in thickness) were surface mounted on the
pipe using LOCTITE Super Glue. The first PZT was located
750 mm from the edge of the pipe, the second PZT was located
1000 mm from the edge, and the last PZT was located 1000 mm
from the edge and rotated 90 deg from the second PZT (along the
circumference). Excitation of the structure was performed using
an impact hammer with a plastic tip (PCB, 086D20) and the
impact occurred 500 mm from the edge (the impact location was
randomly selected). The data were normalized before establishing
the classifier, and therefore, the consistency in the amplitude of
the impact will not affect the accuracy of the results. The com-
plete sensor network and the impact location are illustrated in
Fig. 5. The specimen was simply supported on both ends during
testing.

The signals captured by the PZT sensors and the modal hammer
were collected using an oscilloscope (Tektronix DPO 4034B).
Signal acquisition was triggered whenever the impact force from
the hammer exceeded a threshold of 200 mV, and the data were
sampled at a rate of 500 kHz for the duration of 200 ms.

A typical normalized impact and the measurement responses
using PZT1 are shown in Fig. 6. The impact occurred over a dura-
tion of 0.6 ms (it should be kept in mind that the impact duration
depends highly on the tip used). The recorded acceleration events
were normalized by subtracting the means and then dividing by

Fig. 2 Typical measurements after FRF for the benchmark and the nine damage cases: (a) full FRF data and (b) zoom in into
the first one thousand features

Fig. 3 Raw data fusion
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the standard deviation, as a result all the events had zero mean
and one standard deviation.

The intact steel structure was impacted at the already
described location 300 times for the benchmark state and later
for each of the damage cases. After testing of the structure in the
intact state, damage was progressively introduced in the

structure (using an electric grinder) as described in Table 1. The
damage cases were sequentially added to the same pipe
structure.

Figure 7 shows the resulting cuts from each damage case in the
three different locations. The damage is indicated by a dashed
rectangle.

Fig. 4 Feature fusion based on feature aggregation

Fig. 5 Schematic of the pipe dimensions and the location of the mounted sensors: (a) side view and (b) top view

Fig. 6 Typical collected raw signals: (a) impact and (b) response from PZT1
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Table 1 Description on the damage cases tested

Damage case Description

Location 1
1 A small notch 53 mm in length (less than 3% of the pipe’s outer perimeter) and 2 mm in depth
2 Damage case 1 was extended to 106 mm while maintaining the depth of the crack (5.5% of the outer perimeter)
3 Damage case 2 was further increased to a total length of 159 mm while maintaining the depth of the crack (8.3% of the outer

perimeter)
4 Damage case 3 was increased to a total length of 212 mm while maintaining the depth of the crack (11% of the outer perimeter)
5 Damage case 4 was increased to a total length of 265 mm while maintaining the depth of the crack (13.8% of the outer perimeter)

Location 2
6 Damage was centered 1250 mm from the edge, running 50 mm across the length of the pipe, and was 2 mm in depth (3.33% of the

length of the steel pipe)
7 Damage case 6 was extended to 100 mm while the central position was maintained at 1250 mm and the depth of the crack was 2 mm

(6.66% of the length of the steel pipe)
8 Damage case 7 was extended to 150 mm while the central position was maintained at 1250 mm and the depth of the crack was 2 mm

(10% of the length of the steel pipe)

Location 3
9 Damage was located along the line between PZT1 and PZT3 and was centered in the middle of the path with length of 50 mm and

depth of 2 mm in depth

Fig. 7 Surface cutting of the pipe to simulate different damage severity cases: (a) benchmark, (b) damage case 1, (c) damage
case 2, (d) damage case 3, (e) damage case 4, (f) damage case 5, (g) damage case 6, (h) damage case 7, (i) damage case 8, and
(j) damage case 9
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4 Results and Discussion

A multiclass support vector machine was established based on
vibration data collected from the sensor network consisting of
three PZT wafers mounted on a steel pipe structure with damage
cases of different severity and orientation (resulting in a total of
nine damage cases besides the intact state).

For every damage case, 300 hammer impacts were applied and
the data were captured from the three PZT elements. For every
impact, a total of 100,000 samples were captured for each sensor,
but the number of features was reduced to 50,000 samples after
applying the frequency response data obtained (based on the
Nyquist–Shannon sampling theorem criterion). For the training
and testing of the classifier, only ten to a maximum of 100 of the
features were used, depending on the approach used for feature
selection.

4.1 Damage Classification: Training and Testing Using
Data Collected From a Single Piezoelectric Wafer. Initially, after
labeling the healthy state and the nine damage cases, only the data
collected from PZT1 gathered from the ten classes were com-
bined. Following this, 50% of the data were randomly selected for
training and the remaining were used for prediction, after ensuring
that the data used for training were excluded when performing the
testing, so as not to introduce any bias in the accuracy of predic-
tion. The “area under the curve” [50] metric was used to measure
the accuracy of the classifier.

During training and testing, the features selected were based on
two approaches:

(a) Using the first 10, 25, 50, 75, and 100 features from the
FRF data.

(b) Using the first 10, 25, 50, 75, and 100 features after apply-
ing MCSVM-RFE.

The intention from the above-mentioned two approaches was to
investigate the effect of using more features on the prediction
accuracy (method a) and to evaluate the enhancement in the pre-
diction for the same number of features when the features were
sensibly selected (method b, MCSVM-RFE).

Using the first ten features of the FRF data resulted in a predic-
tion accuracy of 79%. Increasing the number of features to 25 led
to an accuracy of 98% and using 75 features increased the accu-
racy further to 99%. On the other hand, after applying the
MCSVM-RFE, ten features were capable of providing an accu-
racy of 99%. Regardless of the method used for feature selection,
in this scenario, the classifier had great potential to provide high
accuracy of prediction based on the data collected from a single sen-
sor. The significant reduction in the number of features needed when
applying MCSVM-RFE also reduced the complexity of the model
and the computational time. Figure 8 shows the distance from the
hyperplane calculated versus the number of classes when different
numbers of features were used. Figure 8 shows a clear separation of
the data into their corresponding classes, with some minor discrepan-
cies indicated by the resulting error in the prediction.

Fig. 8 Classification after training using the data from PZT1 ceramics and testing with the rest of the data from PZT1: (a) first
ten features, (b) first 100 features, (c) using ten features after applying MCSVM-RFE, and (d) using 100 features after applying
MCSVM-RFE
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Similarly, the data collected from PZT2 and PZT3 were used
for training and testing separately and the results were comparable
to the case of PZT1 just discussed. Based on PZT2, an accuracy
of 83% was achieved using the first ten features of the FRF data,
whereas the accuracy was 99% for the same number of features
using MCSVM-RFE. A similar conclusion was reached when the
data from PZT3 were used. The results are summarized in
Table 2.

4.2 Data Fusion

4.2.1 Raw Data Fusion. The first proposed approach to deal
with multisensor data is based on the direct blend of the raw data
from all PZT elements within the sensor network. Before the data
were combined, the distribution of the data (from the healthy
state) from each PZT element was analyzed and was found to be
almost normal, with skewness of 0.057, 0.018, and 0.0979 for sen-
sor 1, sensor 2, and sensor 3, respectively. Further, the kurtosis
values were found to be 2.55, 2.75, and 2.67 for sensor 1, sensor

2, and sensor 3, respectively. The kurtosis values indicated that
the distribution was not greatly outlier-prone, since they were less
than three but very close to a normal distribution. The data distri-
bution and the normal distribution fit for the three data sets are
shown in Fig. 9. The data distributions of different sensors con-
firmed that the distributions were not hugely different. Conse-
quently, combining the raw data of multiple sensors would not
negatively affect the specificity of a statistical distribution in each
dataset.

After combining the data, 50% of the data were selected ran-
domly for training and the remainder were used for testing. Using
the first ten features of the FRF data, an accuracy of 63% was
obtained. Increasing the number of features to 75 resulted in a dra-
matic improvement, with the prediction accuracy reaching 99%.
On the other hand, when the feature selection was based on the
MCSVM-RFE algorithm, the accuracy reached 99% based on ten
features only, reaching 100% with 25 features, as shown in
Table 3. There was an obvious increase in the prediction accuracy
when raw data were combined from multiple sensors, compared
to the accuracy based on a single sensor. Further, since the sensors
were spread on the pipe with no particular pattern with respect to
the damage locations, it might be concluded that the robustness of
the algorithm could also be improved by adding sensors anywhere
along the circumference of the pipe (which may be an enhanced
representation of the pipe state). Figure 10 shows the calculated
distance from the hyperplane, based on the combined data col-
lected from the three PZT wafers versus the number of damage
cases while using different numbers of features (ten and 100
features).

4.2.2 Feature Fusion. The feature fusion approach based on
MCSVM-RFE was proposed to present empirically the impor-
tance of fusing the selected features from different sensors in
order to improve the classification accuracy. Typically, after the
feature selection was performed on the data for each individual
sensor based on the MCSVM-RFE, the features indices were
merged between the three sensors, while ensuring that there were
no duplicates in the features selected by taking the union of the
selected features.

When the first ten features of the combined features from the
three sensors in the network were selected, a prediction accuracy
of 93% was achieved. By comparison, with the raw data fusion

Table 2: Training using data from a single sensor and testing with the rest of the data from the same sensor

Sensor 1
Number of features, using the first n features from the FRF data 10 25 50 75 100
Accuracy (%) 79.73 98.33 99.87 100 100
Number of features, based on MCSVM-RFE 10 25 50 75 100
Accuracy (%) 99.07 99.87 99.60 99.47 99.60

Sensor 2
Number of features, using the first n features from the FRF data 10 25 50 75 100
Accuracy (%) 83.93 97.87 99.67 99.93 100
Number of features, based on MCSVM-RFE 10 25 50 75 100
Accuracy (%) 99.33 99.47 99.53 99.47 99.47

Sensor 3
Number of features, using the first n features from the FRF data 10 25 50 75 100
Accuracy (%) 78.93 96.33 99.60 100 100
Number of features, based on MCSVM-RFE 10 25 50 75 100
Accuracy (%) 99.67 99.60 98.87 99.07 98.53

Fig. 9 Distribution of the normalized mean values of the sig-
nals collected from the three PZT ceramics

Table 3 Summary of tested cases and accuracy of prediction based on the approach proposed for the data fusion—approach 1

Approach 1 Training and testing using combined raw data from the three sensors combined

Number of features, using the first n features from the FRF data 10 25 50 75 100
Accuracy (%) 63.44 89.20 98.24 99.78 100
Number of features, based on MCSVM-RFE 10 25 50 75 100
Accuracy (%) 99.93 100 99.87 99.84 99.78
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Fig. 10 Classification after training using the data combined from the three PZT ceramics: (a) first ten features, (b) first 100 fea-
tures, (c) using ten features after applying MCSVM-RFE, and (d) using 100 features after applying MCSVM-RFE

Table 4 Summary of tested cases and accuracy of prediction based on the approach proposed for the data fusion—approach 2

Approach 2 Training using combined features from all three sensors and testing with the rest of the data from all three sensors

Combined features 10 25 50 75 100
Accuracy (%) 93.09 99.82 99.84 99.78 99.67

Fig. 11 Classification after training using the features combined from the three PZT ceramics: (a) first ten features and (b) first
100 features
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for the same number of features based on the MCSVM-RFE, an
accuracy of 99% was obtained. The prediction accuracy reached
99% based on 25 features. A summary of the results is given in
Table 4.

The merging between features allows interaction among differ-
ent features from the different sensors, leading to a superior classi-
fication performance. Based on these findings, combining the raw
data and then proceeding with the MCSVM-RFE results in better
prediction and it is considered a superior and more reliable fusion
approach than one that relies on fusing the features instead. Figure
11 shows the calculated distance from the hyperplane based on
the combined features from three PZT wafers (using MCSVM-
RFE), versus the number of damage cases while using different
numbers of features (ten and 100 features).

5 Conclusion

In this work, a robust damage identification and damage assess-
ment technique was proposed. It was based on frequency response
function, recursive feature elimination, and a multiclass support
vector machine. The frequency response function data were ini-
tially used to extract damage sensitive features. Then the data
were utilized to establish a statistical model (a multiclass support
vector machine) using the data from the nominal and damaged
states of the structure. The training was also established based on
the discriminative feature selected from the frequency response
function data after applying MCSVM-RFE.

Raw data fusion and feature fusion were investigated in this
study and it was demonstrated that the direct blending of raw data
followed by the MCSVM-RFE was a very efficient and reliable
method. A comprehensive case study was presented, considering
different damage scenarios including single and multiple damage
states with different degrees of damage severity. It was demon-
strated that the method could reliably detect the presence of dam-
age while maintaining a low false positive rate. Moreover, this
method has the ability to detect damage of very low severity in
the presence of varying operational conditions.

The MCSVM-RFE was demonstrated to be highly effective in
dimensionality reduction while maintaining a high level of predic-
tion accuracy. With the current data, an accuracy of over 98% was
achieved based on just 25 features.
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