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Summary

In this paper, we focused on the development and verification of a solid and

robust framework for structural condition assessment of real‐life structures

using measured vibration responses, with the presence of multiple progressive

damages occurring within the inspected structures. A self‐tuning learning

method for structural condition assessment was proposed. Damage sensitive

features were extracted using a frequency domain decomposition (FDD)

approach to fuse all the measured responses, followed by random projection

algorithm for dimensionality reduction. An automatic parameter selection

method called Appropriate Distance to the Enclosing Surface (ADES) was used

for tuning the classifier parameter. The effect of operational conditions on the

robustness of the proposed method was also investigated, and it was realized

that application of FDD to extract damage sensitive feature reduces the varia-

tion in the results. Promising results in the assessment of damage were

obtained based on two comprehensive case studies, which included single

and multiple damage scenarios. The contributions of the work are threefold.

First, through two comprehensive case studies, we demonstrate that the

frequency‐based feature from a single sensor might not be adequate enough

to detect the progress of damage, even if the sensor is in the vicinity of damage.

Second, we show that data fusion using FDD can reliably assess the severity of

damage, and finally, we propose a new automated approach for tuning the

classifier parameter.
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1 | INTRODUCTION

Increasing the life span of our infrastructures while maintaining a high level of safety to withstand operational and envi-
ronmental loading has generated the interests to many researchers and engineering scientists to consider continuous
monitoring methods known as structural health monitoring (SHM). SHM can be a complementary approach to the cur-
rent nondestructive testing methods, such as eddy currents and ultrasonics,1 which can only provide local monitoring
and are associated with a very high cost. Driven by this incentive, a large number of algorithms were developed during
the last two decades that aimed to provide a continuous monitoring using vibration measurements.2,3
© 2018 John Wiley & Sons, Ltd.wileyonlinelibrary.com/journal/stc 1 of 19
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Many researchers working in the area of SHM have focused extensively on data analysis, including feature extrac-
tion and data fusion, in order to identify and assess damage. Methods that rely on pattern recognition or more broadly
machine learning have proven to be more favorable due to the fact that they afford more robustness.4 Machine learning
is a powerful technique to learn and infer patterns on the basis of observational evidence. A further division of machine
learning algorithm can be made between unsupervised learning and supervised learning. Unsupervised learning finds
hidden rules and determines underlying structure using unlabeled set of measured data, whereas in supervised learning,
a set of labeled data is utilized for training. In the context of SHM, the label can simply be an indication of healthy or
damaged state.5

Successful applications of one‐class machine learning for anomaly detection and fault diagnosis have been reported
in the literature.6 Yin et al7 designed a robust one‐class support vector machine (OCSVM) to eliminate the influence of
outliers to the learned boundary and used it to detect damage in a simulated structure. Yin et al7 and Mahadevan and
Shah8 proposed an approach for fault detection and diagnosis using OCSVM and support vector machine (SVM)‐recur-
sive feature elimination. Further, Yin et al7 and Mahadevan and Shah8 used OCSVM to detect damage in a rotating
machinery, and the results showed that the performance of the proposed method is superior to the state‐of‐the art
methods.

OCSVM has a sparse model that allows a quick response to new data, and it also generalizes well to new unseen
data. Other techniques such as density and cluster‐based techniques have limitations in the SHM applications. For
clustering‐based approach, it is slow because anomalies are just a by‐product result of clustering. Also, it is not straight-
forward to use a clustering technique for an online application (train and test procedure). Density‐based technique like
kernel density estimation does not work well for high‐dimensional sensing data. Moreover, if not impossible, it is chal-
lenging to do severity assessment using density or clustering‐based techniques.

In this work, even though existing machine learning techniques are applied, they are combined to form a novel pro-
cedure of damage detection and severity assessment. Frequency domain decomposition (FDD) is initially applied to fuse
data from multiple sensors9 and extract damage sensitive features. Random projection algorithm is then used in order to
reduce the dimensionality of the data followed by a self‐tunings OCSVM for anomaly detection. An automatic param-
eter selection method called Appropriate Distance to the Enclosing Surface (ADES) is used for tuning the Gaussian ker-
nel parameter. The experiments show that the method can reliably detect the presence of damage, even with a very
small damage in the presence of varying operational conditions. Additionally, the presented method can successfully
monitor the progress of small damage in the structure. All these results are achieved using only a one‐class approach,
which is more practical in SHM. To the best knowledge of the authors, there is no existing work on machine‐learning
related SHM to address the problem of detection and assessment of very small progressive structural damage in a one‐
class and fully automated way without any user‐defined parameters.

We validate this methodology using two case studies: (a) The first case study is a reinforced concrete structure under
progressive cracking inside the concrete. (b) The second case study is a fully fixed steel beam subject to progressive mul-
tiple damage with different severity. These two case studies will show the ability of our methodology in detecting and
assessing the severity of damage without the need of a supervised learning. In both case studies, vibration measure-
ments will be implemented for learning algorithm.
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2 | PROPOSED METHOD

This article presents a novel framework to detect and assess the severity of a damage in the structure. Three main steps
were involved in this framework as shown in Figure 1. The first step aims to fuse the data and extract features from the
sensor networks attached to the structure. The second step applies dimensionality reduction in order to alleviate the
curse of dimensionality. The final step builds a one‐class classification model to generate health scores for the structure.
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2.1 | Step 1—Data fusion and feature extraction: FDD

Data fusion and feature extraction plays a critical role in assessing the severity of the detected damage in the structure.
FDD was used in this study to fuse data from the sensor networks and extract damage sensitive features. FDD assumed
that the vibration responses from l distinct locations within the structure are available. From a probabilistic point of
view, the response process at locations p and q, where p and q∈ [1:l] can be characterized through a correlation func-
tion, Rpq, in the time domain as10
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FIGURE 1 The framework to detect and assess the severity of damage in the structure
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RpqðτÞ ¼ E½xpðtÞxqðt þ τÞ�; (1)

where E[⋆] operator denotes the probabilistic expected value, t refers to the time, and τ is the lag time or the amount of
time by which the signal has been shifted. The process can be described in terms of their energy spectra in the frequency
domain using a power spectral density (PSD) function, which is the Fourier transform of the correlation function given
by

SpqðωÞ ¼ ∫
þ∞
−∞RpqðτÞexp−iωτdτ; (2)

where Spq(ω) is the cross PSD of the response at locations p and q and frequency ω. Once p=q, Spq(ω) is referred to as
the auto‐power; otherwise, it is called cross‐power.

At each frequency spectra, a symmetric matrix of Sl × l(ω) can be populated using an auto‐ and cross‐power informa-
tion obtained earlier for different pairwise locations. Matrix S can be decomposed using the singular value decomposi-
tion as

SðωÞ ¼ U∑UH ; (3)

where U and ∑ are l× l matrix of singular vectors and diagonal matrix of singular values, respectively, and superscript
H is the conjugate transpose. Singular values are typically in a descending order, and the first singular value is the
highest one.

Combining the first singular value obtained at each frequency spectra will result in an m dimensional vector, which
is considered as feature vector y, where m refers to the number of spectral lines or attributes. In this work, all frequency
spectra has been adopted to construct the feature vector.
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2.2 | Step 2—Dimensionality reduction: Random projection

Dimensionality reduction is the transformation of a high‐dimensional dataset into a lower dimensional one. This trans-
formation is required in this work because we have a low number of observations compared with a large number of
features. Principal component analysis (PCA)11 is a popular dimensionality reduction technique and has been applied
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in various domains.12,13 The main objective of PCA is to determine the directions or components where the data have a
maximum variance. This is achieved by finding the eigenvalues and eigenvectors of the covariance matrix of the data.
However, PCA has the complexity of O(m3) due to the eigendecomposition of the covariance matrix where m is the
dimension of data. This makes it impractical to use for very high‐dimensional dataset. Moreover, its performance is sen-
sitive to the number of the selected components. In two‐class problems, techniques such as k‐fold cross validation are
often used for selecting the optimum number of principal components. However, this method is not applicable for
the one‐class learning problem because it may overfit the training data.

Random projection14 technique was used in this study, which is computationally less costly. The rational idea of ran-
dom projection is to preserve the pairwise Euclidean distances between data points, which is achieved by projecting the
high‐dimensional data into a random subspace spanned by OðlognÞ columns.14 Further study carried out by
Achlioptas15 shows that the number of dimensions required for random projection can be calculated using

dRP ¼ log n=ξ2 (4)

where dRP is the number of dimensions in the low‐dimensional space and ξ is a small positive number with suggested
value15 equal to 0.25.

Given X∈Rn ×m, ξ>0, and dRP ¼ log n=ξ2. Let Rm × k be a random matrix where each entry rij can be drawn from
the following probability distribution:

rij ¼

þ1 with probability
1
2s

0 with probability 1 −
1
2s

−1 with probability
1
2s

8>>>>><
>>>>>:

; (5)

where s represents the projection sparsity. With probability at least 1 −
1
n
, the projection, Y=XR approximately pre-

serves the pairwise Euclidean distances for all data points in X.
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2.3 | Step 3—Damage detection: OCSVM

SVM is a learning process that has a powerful theoretical basis and fast computation. It has been extensively used in
both regression and classification problems.16 For a classification problem, SVM builds a model as a representation of
provided training examples and their corresponding binary labels. However, in the context of damage identification,
only data instances from one state, that is, healthy state are available, and the samples from other classes, if not impos-
sible, are too difficult or costly to acquire. Consequently, OCSVM17 was utilized in this work for damage detection. The
rational idea of OCSVM is to project one‐class data from input domain into the feature space using a kernel function
K(xi,xj)=ϕ(xi)

Tϕ(xj). Then the model constructs a hyperplane that separates the one‐class data from the origin with max-
imum margin.

Let X be a data point in the feature space extracted from the original sensor data (feature vector), which corresponds
to a healthy structure. A hyperplane with maximum margin that separates these data points from the origin must be
determined. A feature vector is defined as a vector of m elements, and each element is called an attribute.

The classification model is a function described by

f :Rm → f−1; þ1g (6)

and is written in the form of

f ðxÞ ¼ sgnðw · ϕðxÞ−ρÞ; (7)

where · is the dot product. w and ρ are the parameters of the model and can be learned from the training data. f (x)=+1,
if (w · ϕ(x)− ρ)> 0, which indicates that the structure is healthy; otherwise, f (x)=−1 which means that the state of the
structure has changed.
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Given a set of n training samples, X ¼ fxigni¼1, the training process determines the model parameters w and ρ by
minimizing the classification error on the training set while still maximizing the margin. Mathematically, it is equiva-
lent to the following minimization problem:

min
w; ξ; ρ

1
2
‖w‖2 þ 1

νn
∑
n

i¼1
ξ i − ρ (8)

s:t w·ϕðxiÞ ≥ ρ − ξ i; ξ i ≥ 0; i ¼ 1; ⋯; n:;

where ξi is a slack variable for controlling the amount of training error allowed, and ν∈ [0,1] is a user‐specified variable
for controlling the balance between ξi (the training error) and w (the margin). Furthermore, the problem can be trans-
formed to the dual form using Lagrangian multiplier as

min
α1; α2;⋯; αn

∑
n

i; j
αiαjKðxi; xjÞ (9)

s:t 0 ≤ αi ≤
1
νn

; ∑
n

i¼1
αi ¼ 1:

This problem can be then solved using quadratic programming.18 The training dataset, X ¼ fxigni¼1, comprises only of
feature vectors, and labeling information is not required. Having obtained a learned model, the decision values for a
new data instance x can be computed as

f ðxÞ ¼ sgnð∑
n

i¼1
αiKðxi; xnewÞ−ρÞ: (10)

A negative decision value will indicate an anomaly, which is likely to be damage in this case.
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2.4 | Self‐tuning: Gaussian kernel parameters

Several kernel functions have been used in SVM such as Gaussian and polynomial kernels. However, Gaussian kernel
defined in Equation (11) has gained much popularity in the area of machine learning, and it showed a high potential to
be an appropriate setting for OCSVM.19-21 This kernel function has a user defined parameter denoted by σ, which deter-
mines the width of the Gaussian kernel and can hysterically affect the performance of the OCSVM. This parameter may
yield to overfit the model if it receives small values and underfit in case of large values. Accordingly, an appropriate
value for σ should be determined in order to build a reliable generalized OCSVM model.

Kðxi; xjÞ ¼ exp −
‖xi − xj‖2

2σ2

� �
; (11)

where σ ∈ R is the kernel parameter. k‐fold cross validation is often used at a training stage in order to tune σ. However,
in case of one‐class training, this technique is not possible because it selects the parameter that works only on the train-
ing class data and thus lack generalization (overfitting problem). Therefore, alternative approaches have been proposed
for tuning this parameter for one class data. The ADES algorithm proposed by Anaissi et al22 is adopted for tuning the
Gaussian kernel parameter based on inspecting the spatial locations of the edge and interior samples and their distances
to the enclosing surface of OCSVM. ADES showed successful performances on several datasets and thus was utilized in
this work.

Following the objective function f (σi) described in Equation 12, the ADES algorithm selects the optimal value of
σ̂ ¼ argmax

σi
ð f ðσiÞÞ, which generates a hyperplane that is maximally distant from the interior samples but close to

the edge samples.

f ðσiÞ ¼ meanðdNðxnÞxn∈ΩIN
Þ−meanðdNðxnÞxn∈ΩED

Þ; (12)
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where ΩIN and ΩED, respectively, represent the sets of interior and edge samples in the training positive data points
identified using a hard margin linear SVM, and dN is the normalized distance from these samples to the hyperplane.
It is defined as

dNðxnÞ ¼ dðxnÞ
1 − dπ

; (13)

where dπ is the distance of a hyperplane to the origin described as dπ ¼ ρ
‖w‖

, and d(xn) is the distance of the sample xn to

the hyperplane. It is calculated using

dðxnÞ ¼ f ðxnÞ
‖w‖

¼ ∑n
i¼1αikðxi; xnÞ−ρ:ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

ijαiαjKðxi; xjÞ
q ; (14)

where w is a perpendicular vector to the decision boundary, αi are the Lagrange multipliers, and ρ is the bias term.
ADES is described in more details in Anaissi et al.22
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2.5 | Training a representative model

The variation in the healthy data due to changes in environmental and operational conditions may cause false alarms if
the learned model is not representative of that change. There are some solutions to resolve this issue, which was also
discussed by several researchers in the literature. In the first alternative, a representative training dataset that covers
possible variations that a structure might experience is collected. A model is then trained using initial collected data.
Due to changes in seasonal or operational conditions, new dataset is collected in addition to the original data. This
newly collected data is used to retrain and update the original trained model. To avoid the excessive accumulation of
training data, only part of the old training data is stored and used for the model training. In the second alternative,
the trained model is adaptively and efficiently updated in time given new information provided by new arriving data.
This approach was proposed by Anaissi et al.23 Further, extracting robust damage sensitive features enhances the per-
formance of the classifier and eventually limits the false alarms. An extensive amount of research in SHM focuses on
understanding the effect of temperature and operational changes on the structural responses, in particular on the
dynamic behavior. For example, Rainieri et al24 proposed the use of Second‐Order Blind Identification to model the var-
iability of modal features in presence of changes in environmental and operational conditions. This allows to extract the
features that are sensitive to damage but rather insensitive or less sensitive to environmental and operational conditions.
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3 | CASE STUDIES

In this section, two comprehensive case studies are investigated to illustrate the capability of the proposed method in
detecting damage and further assessing its severity. The first case study is a reinforced concrete cantilever beam sub-
jected to increasingly progressive crack that replicates one of the major structural components on the Sydney Harbour
Bridge, and the second case study is a two‐fixed‐end beam subjected to progressive damage at multiple locations.25 The
flowchart of the proposed damage identification and assessment technique, which were carried out for structural con-
dition assessment of the two case studies, has been illustrated in Figure 2.
 governed by the applicable C
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3.1 | Case study I: A reinforced concrete jack arch from the Sydney Harbour Bridge

The first case study is a major structural component from the iconic Sydney Harbour Bridge. There are approximately
800 jack arches distributed over a total distance of 1.2 km in Lane 7; see Figure 3a and 3b. The jack arches are difficult to
access and are inspected typically at two yearly intervals according to standard visual inspection practices.
m
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FIGURE 3 Illustration of (a) the bus

lane on the Sydney Harbour Bridge and

(b) one of the concrete jack arches

underneath the bus lane

FIGURE 2 The flowchart of the

proposed damage detection and damage

severity assessment. ADES: Appropriate

Distance to the Enclosing Surface;

OCSVM: one‐class support vector machine
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3.1.1 | Test setup

A concrete cantilever beam with an arch section that has a similar geometry to those on the Sydney Harbour Bridge was
manufactured and tested, as shown in Figure 4a. The beam consists of a 200UB18 steel I‐Beam with a 50‐mm concrete
cover on both ends. The modulus of elasticity of the steel used for the specimen was 200GPa. The length of the specimen
is 2m, the width is 1m, and the depth is 0.375. After pouring the concrete (with Young's modulus of 40Gpa), the specimen
was left to cure for 3weeks at room temperature before testing. The specimen was fixed at one end using a steel bollard to
form a cantilever, where 400mm along the length of the beam were fully clamped as shown in Figure 4b. In addition, a
support was placed at 1,200mm away from the tip to avoid any cracking occurring in the specimen under its self‐weight.
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3.1.2 | Excitation and response

Ten PCB 352C34 accelerometers were mounted on the specimen to measure the vibration response resulting from
impact hammer excitation. Accelerometers were mounted on the front face of the beam. The cross section of the beam
and the location of the accelerometers are shown in Figure 4a. A 16‐channel NI PCI‐6133 data acquisition was used to
capture the impact force and the resultant acceleration time histories. The structure was excited using an impact ham-
mer with steel tip, which was applied on the top surface of the specimen just above the location of sensor A9, as shown
in Figure 4a. The acceleration response of the structure was collected over a time period of 2 s at a sampling rate of
8 kHz, resulting in 16,000 samples for each event (i.e., a single excitation). A total of 190 impact test responses were col-
lected from the healthy condition.
les are governed by the applicable C
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3.1.3 | Introducing damage in the structure

A crack was introduced into the specimen in the location marked in Figure 4a using a cutting saw. The crack is located
between sensor locations A2 and A3, and it is progressively increasing towards sensor location A9. The length of the cut
was increased gradually from 75 to 270mm as shown in Figure 4c–f, and the depth of the cut was fixed to 50mm; a
description is provided in Table 1.
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FIGURE 4 The crack introduced into

the test specimen: (a) Structure with arrow

indicating the cut, (b) support of the

structure, (c) Damage Case 1: 75‐mm

damage cut, (d) Damage Case 2: 150‐mm

damage cut, (e) Damage Case 3: 225‐mm

damage cut, and (f) Damage Case 4: 270‐

mm damage cut

TABLE 1 Description of the tested cases

Case Damage description

Benchmark —

Damage Case 1 75mm×50mm

Damage Case 2 150mm×50mm

Damage Case 3 225mm×50mm

Damage Case 4 225mm×50mm
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After introducing each damage case, a total of 190 impact tests were performed on the structure in the location pre-
scribed earlier. The impact of damage was investigated by comparing the frequency response of the structure in healthy
and damage cases, as shown in Figure 5. It was observed that the change in the first three natural frequencies between
the healthy case and all damage cases is less than 1%, which corresponds to a very small damage. Table 2 compares the
natural frequencies for the first three modes in the healthy state and four damage cases, as well as the change in fre-
quency after each damage case relative to the healthy state.
ed by the applicable C
reative C

om
3.1.4 | Damage identification results and discussion

Damage identification procedure, shown in Figure 2, was carried out to identify the presence of damage in the structure
as well as to assess its progress. This dataset consists of 950 samples (events) separated into two main groups, healthy
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FIGURE 5 Comparison of the

frequency response function of response

(inertance) between the healthy state

and the four damage cases for sensor

location A4

ABLE 2 Comparison of the first three modes of the structure in the healthy state and the four damage cases

ω (Hz) Healthy Damage Case 1 Damage Case 2 Damage Case 3 Damage Case 4

ω Δ% ω Δ% ω Δ% ω Δ% ω Δ%

ω1 45.90 — 45.90 0.00% 45.90 0.00% 45.90 0.00% 45.50 0.87%

ω2 181.6 — 181.4 0.11% 181.2 0.22% 180.8 0.44% 180.0 0.88%

ω3 265.0 — 264.6 0.15% 264.4 0.23% 264.2 0.30% 262.4 0.98%

MAKKI ALAMDARI ET AL. 9 of 19
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state (190 samples) and damaged states (760 samples). Each sample is the measured vibration response of the structure
with 8,000 attributes in the frequency domain (8kHz×2 s×0.5 [considering Nyquist frequency]).

The measured acceleration responses collected from the 10 sensors were utilized to construct the damage sensitive
features. Eighty percent of the healthy data were randomly selected for the training stage, whereas the remaining 20% of
the healthy samples and all the damage cases were used for testing. The dimension of the data was reduced into 80 attri-
butes using random projection method.

Damage identification results are presented in terms of the number of true positives (TP) and the number of false
negatives (FN). TP indicates the number of damaged samples were correctly identified as damage, whereas FN shows
the number of damaged samples were incorrectly identified as healthy. From these two numbers, a sensitivity index
is calculated based on Equation 15 as

Sensitivity ¼ TP
TP þ FN

: (15)

In the context of SHM, it is important to obtain a sensitivity value of 1 or very close to 1 that indicates the method
does not misidentify damage.

Figure 6 shows the obtained decision values for the test samples in healthy and damaged states. The horizontal axis
indicates the data instance index or event index, and the vertical axis indicates the magnitude of the decision value. Test
samples were grouped into five different categories including healthy state and four different damaged states. Decision
values for each category are presented with a different color. The mean of all the decision values for each category was
calculated and illustrated in Figure 6. A solid black line was constructed to connect the mean values. Out of 760 dam-
aged samples, 740 were correctly identified as damage with negative decision values, (TP=740), and only 20 of the dam-
aged samples in Damage Case 1 were misidentified with positive decision values, (FN=20). This results in a sensitivity
of 0.97, which is a promising result, given the very small size of damage. As can be seen in Figure 6, although no infor-
mation of damaged events has been employed to construct the OCSVM model and only data from the healthy events
have been utilized for the purpose of training, the trained model can successfully identify 97% of damaged events. This
illustrates that the method has potential to detect the presence of damage in the structure. Moreover, it can be seen that
the method has a capability to identify the progress of the damage in the structure based on the decision values. By
increasing the damage severity, the decision values were further decreased (i.e., the data were more deviated from
the training data). It should be emphasized that the level of damage in this case study is considerably small with less
than 1% reduction in the frequency of the first three modes, as shown in Figure 5 and Table 2. Additionally, the struc-
ture is subject to variations in the operational conditions due to high variation in the excitation levels.
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FIGURE 6 Damage identification results using the proposed approach
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To further investigate the capability of the method, a separate approach was adopted as follows. Instead of using
FDD and integrating all sensor information using PSD matrix, only the FFT features of the acceleration response
obtained from each sensor were used to construct a separate statistical model for each sensor location using data
from the healthy case. Similar damage identification steps were carried out with the only difference that this time,
for each sensor location, a separate model was trained and tested. Damage identification results using this approach
are presented in Figure 7 for sensors A3, A4, A5, and A6. The obtained sensitivity values for these four sensors are,
respectively, 0.94, 0.91, 0.92, and 0.92. Using this approach, not only the sensitivity of the method reduced but also
the method failed to monitor the progress of damage. As seen in Figure 7, by increasing damage severity, a decreas-
ing trend in the mean value of decision values is not obtained. Based on this investigation, it can be concluded that
compared with the FDD approach, where the information from all sensors are fused, this approach may suffer from
the variability in the excitation and lacks the ability to provide reliable information about the presence and severity
of damage in the structure.
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3.1.5 | Impact of sensor array on damage identification results

In order to evaluate the performance and sensitivity of the proposed method to the number of sensors, and to the loca-
tion of the sensors, an investigation was carried out. Several scenarios were investigated considering only a subset of all
sensors to fuse the acceleration responses, using FDD approach, and to generate the feature vector. For each scenario,
the proposed damage identification and damage assessment technique was carried out and the obtained decision values
together with the number of TP, FN, and the obtained sensitivity index were presented. Five different scenarios were
investigated as follows:

• Scenario (1): The responses from all 10 sensors are considered (A1:A10). (This scenario is the same as the one pre-
sented in Section 3.1.4).

• Scenario (2): The responses from four sensors in the immediate neighborhood of damage are considered (A2, A3, A9,
and A10).

• Scenario (3): The responses from four sensors far from the damage are considered (A5, A6, A7, and A8).
• Scenario (4): The responses from three sensors on the left side of the crack are considered (A1, A2, and A10).
• Scenario (5): The responses from seven sensors on the right side of the crack are considered (A3:A9).

Table 3 lists the number of TP and FN in each scenario together with the obtained sensitivity. Figure 8a–e shows the
obtained decision values. From Figure 8a–e, it can be clearly seen that the proposed approach, by fusing responses from
multiple sensors, is able to detect progress of damage in the structure in all of the investigated scenarios (more negative
decision values are obtained as damage evolves). However, from Table 3, it is realized that the performance and sensi-
tivity of the method is largely affected by the sensor locations. The best sensitivity is obtained for Scenario (4) where
only sensors on the left side of the crack are considered. This sensor set up results in the highest sensitivity of 1 with
m
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TABLE 3 The number of TP, FN, and sensitivity index for different sensor arrangement

Sensors arrangement TP FN Sensitivity

Scenario (1) (A1:A10) 740 20 0.97

Scenario (2) (A2, A3, A9, and A10) 752 8 0.99

Scenario (3) (A5, A6, A7, and A8) 696 64 0.92

Scenario (4) (A1, A2, and A10) 760 0 1

Scenario (5) (A3:A9) 722 38 0.95

Note. FN: false negatives; TP: true positives.

FIGURE 7 Damage identification results using a separate one‐class support vector machine model for each sensor location
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0 FN (Figure 8d). Although in this scenario only three sensors are involved, it results in the best damage identification.
The reason is due to the nature of the excitation (which is happening on top of sensor A9 and in vertical direction) and
more importantly, due to the orientation of the crack that allows more movement on the sensors in the left side com-
pared with the sensors on the right side. The second‐best identification with a sensitivity of 0.99 is obtained from Sce-
nario (2) where the sensors in the immediate neighborhood of damage are considered. In this scenario, only four
sensors are involved, and 8 FN are obtained (Figure 8b). The third‐best identification is for the case where all 10 sensors
are involved; in this case, a sensitivity of 0.97 with a total of 20 FN are obtained (Figure 8a). It can be seen by involving
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FIGURE 8 Damage identification results using different sensor arrangements
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more sensors from the right side of damage, the performance of identification deteriorates as the sensors on the right
side are less sensitive compared with the sensors in the left side. A sensitivity of 0.95 with a total of 38 FN are obtained
for Scenario (5) where all the sensors in the right side of damage are considered (Figure 8e). The lowest sensitivity is for
Scenario (3) where only four sensors in the right side of crack and far from damage are considered. In this case, a sen-
sitivity of 0.92 with a total number of 64 FN are obtained (Figure 8c). From this investigation, it can be concluded that
by having more number of sensors, the sensitivity of the method does not necessarily increase. However, by having sen-
sors in the immediate neighborhood of damage or at sensitive locations, that is, left side of the crack in this case study,
the best sensitivity is obtained. Therefore, location of the sensors is a more critical factor than the number of sensors. In
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real‐world applications, the most potential damage locations can be identified, that is, through finite element analysis
and then sensors are placed in those critical areas.
oaded from
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3.2 | Case study II: A steel beam with multiple progressive damage

In the second case study, an experimental test bed was established to further verify the capability of the method in
detection and assessment of progressive damage in a steel beam structure.
iley.com
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3.2.1 | Test setup

The test setup is comprised of a two‐fixed‐end steel beam that has a rectangular cross section with dimension of
1,470mm in length, 65mm height, and 8mm in width. The modulus of elasticity of the steel beam used was
208GPa. The test setup is illustrated in Figure 9.
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3.2.2 | Excitation and data collection

In order to capture the dynamic behavior of the structure, 12 PCB 352C34 accelerometers were evenly placed along the
centerline of the beam to measure the vertical acceleration of the beam with a sampling frequency of 5KHz. Four dif-
ferent sensor configurations were considered in order to investigate the effect of the sensor location on the damage iden-
tification results; these four configurations are labeled as sensor arrangements A, B, C, and D, respectively.
Configuration A includes 12 accelerometers whereas configurations B, C, and D include only 11 accelerometers. The
schematic of the sensor arrangements is illustrated in Figure 10.

An impact hammer with a rubber tip was used to excite the structure. A rubber tip was chosen because it
resulted in a better‐quality signals compared with the steel tip. Moreover, at least the first six modes of the structure
were captured through the use of the rubber tip. The impact location was identical in all sensor configurations and
was set to 40% of the beam span from the left side, as shown in Figure 10. A 16‐channel NI PCI‐6133 data acqui-
sition system was used to collect time histories from the excitation source and the accelerometers for duration of
30 s following every impact. In this case, the data collection was triggered after a preset threshold on the excitation
source was achieved.
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3.2.3 | Introducing damage in the structure

The intact steel structure was impacted 10 times at the location prescribed earlier. The impact test was conducted for
each sensor configuration A, B, C, and D. As a result of this, testing 10×4 data points were created. After testing the
structure in the healthy state, damage was progressively introduced in the structure as follows:
IGURE 9 The test bed of a two‐fixed‐
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FIGURE 10 Schematic of the sensor

configurations A, B, C, and D
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• Damage Case 1: Using a jigsaw machine, a small notch with a depth of 16mm (25% of the beam height) was induced
at about 20% of the beam span. This damage is illustrated in Figure 11a.

• Damage Case 2: Damage Case 1 was increased further by cutting the notch to 32.5mm as illustrated in Figure 11b.
• Damage Case 3: Damage case 2 is remained the same and a new damage was induced at about 45% of the beam span

with a notch depth of 16mm along the height.
• Damage Case 4: The severity of damage at 45% of the beam span (in Damage Case 3) was increased further to

32.5mm. Table 4 summarizes these four damage cases.

After introducing each damage case, the dynamic response of the structure was recorded for every sensor configuration
(A, B, C, and D) using 10 impact tests with the impact applied at 40% of the beam span. In total, this test resulted in five
healthy and damaged cases using four different sensor configurations after 10 impact tests (200 data points were obtained).

In order to experimentally simulate the operational conditions that a structure may undergo in real‐life applications,
the structure was excited with high level of variability in the excitation magnitude in different impact tests.

To investigate the impact of the induced damage on the structure, a comparison was made in the frequency domain,
using the frequency response function, between the measured responses at sensor location A1 obtained from the healthy
case and four damage cases, as shown in Figure 12. It was observed that the damage effects are more evident at high
frequency (the fifth and sixth modes in this case), as the change between the healthy and the damaged structure became
more significant. It was realized that the change in the first six natural frequencies between the healthy case and all
damage cases was quite small. Table 5 compares the first six modes of the structure in the healthy case and four damage
cases. According to the presented results in Table 5, the maximum change for the sixth mode of the structure relative to
FIGURE 11 The introduced notches in

the beam. (a) A notch with a depth of

16mm (25% of the beam height). (b) A

notch with a depth of 32.5mm (50% of the

beam height)

TABLE 4 Description of the tested cases

Case Damage description

Benchmark —

Damage Case 1 Single notch: 16‐ mm notch placed at 20% of the beam span

Damage Case 2 Single notch: 32.5‐mm notch placed at 20% of the beam span

Damage Case 3 Two notches: 32.5‐mm notch at 20% of the beam span and 16‐mm notch at 45% of the beam span

Damage Case 4 Two notches: 32.5‐mm notch at 20% of the beam span and 32.5‐mm notch at 45% of the beam span
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FIGURE 12 Frequency response

functions (inertance) at sensor location A1

(configuration A) obtained from the

healthy state and the four damage cases

TABLE 5 Comparison of the first six modes of the structure in the healthy case and four damage cases

ω (Hz) Healthy Damage Case 1 Damage Case 2 Damage Case 3 Damage Case 4

ω Δ% ω Δ% ω Δ% ω Δ% ω Δ%

ω1 20.53 — 20.50 0.15% 20.47 0.29% 20.30 1.12% 20.28 1.22%

ω2 51.03 — 50.97 0.12% 50.87 0.31% 50.67 0.71% 50.27 1.49%

ω3 95.27 — 95.10 0.18% 94.93 0.36% 94.17 1.15% 93.10 2.28%

ω4 153.8 — 153.7 0.07% 153.6 0.13% 153.0 0.52% 152.6 0.78%

ω5 226.7 — 226.8 0.04% 226.4 0.13% 225.0 0.75% 224.6 0.93%

ω6 316.6 — 316.2 0.13% 315.3 0.41% 312.9 1.17% 309.5 2.24%
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the healthy state are 0.13%, 0.41%, 1.17%, and 2.24% for Damage Cases 1, 2, 3, and 4, respectively, which demonstrates a
very small severity damage in the structure.
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3.2.4 | Damage identification results and discussion

Damage identification process was carried out in the same way that was performed in the previous case study. The dam-
age identification process was repeated for each sensor configuration, A, B, C, and D, separately. This dataset consists of
50 samples, which are classified into two main categories, healthy state (10 samples) and damaged state (40 samples).
Each sample is the measured vibration response of the structure with 75,000 attributes in the frequency domain
(5 kHz×30 s×0.5 [considering Nyquist frequency]). The damaged state is subcategorized into four different damaged
cases containing 10 samples in each.

The measured responses from the 12 sensors (configuration A) and from the 11 sensors (configurations B, C, and D)
were utilized to construct the damage sensitive features. The dimension of the data was reduced into 33 attributes using
Equation (4).

Eighty percent of the healthy data were randomly selected for training. The remaining 20% of the healthy data was
used for testing in addition to the data obtained from the four damage cases.

Figure 13 shows the obtained decision values. As can be seen in Figure 13, although no information of damaged
events has been employed to construct the OCSVM model and only data from the healthy events have been utilized
for the purpose of training, the trained model can successfully predict all of the damaged events with 0 FN and a max-
imum sensitivity of 1, regardless the configuration of the sensor locations considered. Further, it can be clearly observed
that by increasing the damage severity, the decision values were further decreased (i.e., the data were deviating from the
training data). These results again demonstrate the capability of the method in detecting and assessing the progress of
damage in the structure based on the decision values.

The same exercise as before was undertaken to illustrate the fact that FDD is less sensitive to conditional changes in
the system. To do that, FFT of the acceleration response was utilized as damage sensitive feature, and a separate
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FIGURE 13 Damage identification results using the proposed framework
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OCSVM was constructed for each sensor location. This exercise was repeated for all sensor configurations, and for the
sake of space, only the results for Sensors 3, 4, 5, and 6 in configuration C are presented in Figure 14. Based on the
results in Figure 14, it can be seen that all the damaged events have been correctly identified, as negative decision values
are obtained. This results in a maximum sensitivity of 1 with 0 FN. However, as can be seen in Figure 14, by using the
FFT response from one single sensor, the progress of damage in the structure cannot be identified. As illustrated, there
is no decreasing trend in the mean value of the decision values as damage progresses. Moreover, it can be clearly seen
that using response from individual sensor results in higher number of false positives. It further demonstrates the fact
that information provided by individual sensor, even from sensors located very close to damage, is significantly affected
by variation in the excitation. Thus, the progress of damage in the structure cannot be identified. Therefore, in order to
enhance the robustness of the proposed technique, OCSVM has to use integrated information from different measure-
ment points using FDD.
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3.2.5 | Impact of sensor array on damage identification results

Similar exercise as Section 3.1.5 was performed for the steel beam to further investigate the effect of location of the sen-
sors and the number of sensors in the performance and sensitivity of damage identification. All four configurations (A,
B, C, and D) were investigated; however, for the sake of space, only results for configuration A is presented. Three dif-
ferent scenarios are considered as follows:

• Scenario (1): The responses from all 12 sensors are considered (A1:A12). (This scenario is the same as the one pre-
sented in Figure 13a).

• Scenario (2): The responses from four sensors in the immediate neighborhood of damage are considered (A3:A6).
• Scenario (3): The responses from four sensors far from damage are considered (A9:A12).
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FIGURE 14 Damage identification results using a separate one‐class support vector machine model for each sensor location
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Figure 15a–c presents the obtained decision values for these three scenarios. As seen in Figure 15, in all three sce-
narios, all 37 damaged samples from damaged states were correctly identified (FN=0), which results in maximum sen-
sitivity of 1. Additionally, it can be seen that the progress of damage was also successfully identified in all three
scenarios. Although, all three scenarios result in maximum sensitivity of 1, the best separation of healthy and damaged
states, based on the obtained decision values, happens in Scenario 2. In this scenario, the normalized distance between
FIGURE 15 Damage identification results using different sensor arrangements
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decision values of healthy state and Damage Case 1 (smallest damage) is the furthest, for example, Δ= |d|/|max−min|
= 0.66 (see Figure 2b). d is the distance between the mean of decision values in healthy state and Damage Case 1, and
max and min are, respectively, the maximum and minimum of the decision values in each graph to find the range of
decision values. The second‐best separation is for Scenario 1 with a separation of approximately 0.4 between healthy
state and Damage Case 1, and the worst separation belongs to Scenario 3 with a separation of approximately 0.33. It
demonstrates that sensors far from damage are likely to misidentify damage, even if large number of sensors are con-
sidered. This finding again demonstrates that the location of the sensors is a more effective parameter in the perfor-
mance and sensitivity of the method than the number of sensors.
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4 | CONCLUSION

This work presented a robust damage detection and assessment technique based on FDD, random projection, and
OCSVM. FDDwas initially applied to fuse data frommultiple sensors and extract damage sensitive features. Random pro-
jection algorithmwas then used on the feature data in order to reduce the dimensionality of the data followed by aOCSVM.
OCSVMwas utilized to build a statistical model using the data from the nominal state of the structure. OCSVMapproach is
well‐suited for real‐life applications where data from the damaged state are not available for a supervised learning. Gauss-
ian kernel method was employed in OCSVM, and an automatic parameter selection method called ADES was used for
tuning the Gaussian kernel parameter. Two comprehensive case studies were investigated considering different damage
scenarios including single and multiple damage states, which were progressively increasing. It was demonstrated that
the method has the ability to detect damages with a very small severity in the presence of varying operational conditions.
Additionally, it was illustrated that the presented method can successfully monitor the progress of small damage in the
structure by providing decreasing negative decision values. The efficiency of the method in detection and assessment of
small damage in the structure was compared with another approach where the spectral response at each sensor location
was utilized as damage sensitive feature. In this scenario, a separate OCSVM was constructed for each sensor location,
and it was demonstrated that compared with the FDD approach, the results were not promising because this approach
is very sensitive to varying conditions in the system. These findings indicate that the application of unsupervised learning
using OCSVM along with the implementation of FDD can provide a robust method to detect and evaluate the progress of
damage, which is of great importance during structural condition assessment. Following the initial work and results pre-
sented earlier, we have continued our study of the proposed damage detection and damage assessment method to address
some of its limits. More specifically, we have been focusing on the following points:

• Localization of damage using tensor analysis by incorporating temporal, spatial, and feature modes at the same time.
• Minimization of environmental and operational changes using incremental OCSVM.
• Application of the proposed technique on a real‐life structure including a cable‐stayed bridge.
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