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Abstract

We present a time-series-based algorithm to identify structural damage in the structure. The method is in the context
of non-model-based approaches; hence, it eliminates the need of any representative numerical model of the structure to
be built. The method starts by partitioning the state space into a finite number of subsets which are mutually exclusive
and exhaustive and each subset is identified by a distinct symbol. Partitioning is performed based on a maximum entropy
approach which takes into account the sparsity and distribution of information in the time series. After constructing the
symbol space, the time series data are uniquely transformed from the state space into the constructed symbol space to
create the symbol sequences. Symbol sequences are the simplified abstractions of the complex system and describe the
evolution of the system. Each symbol sequence is statistically characterized by its entropy which is obtained based on
the probability of occurrence of the symbols in the sequence. As a consequence of damage occurrence, the entropy of
the symbol sequences changes; this change is implemented to define a damage indicative feature. The method shows
promising results using data from two experimental case studies subject to varying excitation. The first specimen is a
reinforced concrete jack arch which replicates one of the major structural components of the Sydney Harbor Bridge
and the second specimen is a three-story frame structure model which has been tested at Los Alamos National
Laboratory. The method not only could successfully identify the presence of damage but also has potential to localize it.
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from several problems in real-life applications. First,
they are not broadband data and only provide informa-
tion at limited frequency resonances (Alamdari et al.,
2014); second, they have error prone nature as they are
not directly measured data; moreover, complicated
modal analysis has to be carried out to extract these
features from the measured time responses which con-
taminates these features with computational errors

Introduction

Vibration-based structural health monitoring (SHM)
methods have been widely developed during last two
decades. The basic idea behind the technique lies in the
fact that any changes incurred in the structure as a
result of damage occurrence lead to changes in the
physical characteristics of the structure (mass, stiffness,
or damping) which consequently affects the dynamic
response of the structure; therefore, a damage indica-

tive feature can be extracted from the response and
analyzed to determine the current health state of the
system.

Despite high level of research in this area, many of
the proposed methods may lack robustness to indicate
an adverse condition of a structure in service; in addi-
tion, these methods are deficient as they do not con-
sider the practical implementations which deserve to be
addressed.

Although successful applications of the modal-based
approaches in SHM have been widely reported
(Magalhdes et al., 2012), these methods are suffering
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(Wang et al., 1997); furthermore, in real-world applica-
tions, it is not possible to excite higher modes that are
more sensitive to the local changes (Shih et al., 2013).
These major shortcomings make modal-based
approaches less suitable for practical applications.

Another subfamily of SHM includes model-based
approaches that rely on a representative physical or
analytical model of the structure. Developing a reliable
numerical model of a structure can be quite advanta-
geous if one wants to go further to level III and level IV
damage identification which are aiming at quantifying
the severity of damage and investigating the damage
impact on the remaining life/capacity of the structure.
However, the fact that a method counts on a certain
model of the structure is a major problem with these
methods since obtaining a detailed and calibrated
model of the structure is not straightforward for large
and complicated infrastructures in the presence of prac-
tical uncertainties (Alamdari et al., 2013).

Statistical time-series-based techniques have been
drawing significant interests in SHM research commu-
nity. These methods usually start with setting up of a
statistical model from the measurements of the unda-
maged or the current state of the structure. Statistical
time-series-based methods utilize statistical models and
identification techniques that take uncertainties into
account. This process usually involves four major steps
as follows: (1) operational evaluation, (2) data acquisi-
tion, (3) signal processing and feature extraction, and
(4) statistical model establishment (Chakraborty et al.,
2015). These methods can operate on large and compli-
cated structures without developing detailed structural
models. There is no need for complex global system
identification with these techniques; therefore, they are
suitable for ongoing monitoring purposes. In this con-
text, time-series-based damage detection methods are
very similar to statistical pattern recognition methods,
while time-series-based damage localization methods
can be treated as a classification problem, which means
that damage is localized according to a finite number
of potential damage locations that have been trained in
training phase.

Quality control charts were among the earliest statis-
tical frameworks employed for monitoring the accelera-
tion measurements in order to identify data that are
inconsistent with the baseline model (Quesenberry,
1988). The basic concept behind the technique was that
time response of the structure in undamaged state has
some distribution with certain mean value and variance
value. If the structure experiences any damage, the
mean, the variance, or both might change. Application
of autoregressive (AR) models was later reported in the
literature (Lu and Gao, 2005; Quesenberry, 1988).
These methods exploit the difference between the pre-
diction from AR model and the actual measured time
response as damage-sensitive feature. Sohn and Farrar
(2001) developed a time series analysis to locate damage

considering varying operational and environmental con-
ditions using AR model. In another study, Sohn et al.
(2002) developed a model based on autoregressive with
exogenous inputs (ARX) to extract damage-sensitive
features. A neural network was then employed to sepa-
rate the effect of damage on the extracted features from
those caused by the environmental and operational var-
iations. Nair et al. (2006) presented a time series algo-
rithm for damage detection and damage localization
using autoregressive moving average (AMA) time series
under assumption of linear stationary time signals. In
the literature, application of the wavelet analysis
(Bagheri et al., 2013; Hou et al., 2000), Hilbert-Huang
transform (Lei and Zuo, 2009), and phase space repre-
sentation (Trendafilova and Manoach, 2008) have been
also reported to extract pertinent information from time
series responses for SHM applications.

Symbolic dynamics (SD) has been recently proposed
in several applications to analyze the time series
responses. Evolution of a system can be analyzed using
SD. It is a useful technique for feature extraction and
specifically beneficial for SHM applications to monitor
gradually evolving structural changes (Brida and
Punzo, 2003). A recently published report illustrated
that the performance of SD in pattern classification to
detect early structural change (damage) is superior to
several other techniques including principal component
analysis (PCA), artificial neural networks (ANN), and
kernel regression analysis (KRA) (Rao et al., 2009). SD
describes the behavior of a system by sequence of sym-
bols in a constructed symbol space which is called sym-
bolization. Symbolization considerably improves
computational efficiency while retaining critical infor-
mation of the system. It has also been demonstrated
that SD often improves signal-to-noise ratio (Beim
Graben, 2001; Daw et al., 2003; Rajagopalan et al.,
2007). Successful applications of SD has been reported
in the literature in various disciplines including fatigue
damage monitoring (Gupta et al., 2006b; Gupta and
Ray, 2007), environmental and ecological condition
monitoring (Cazelles, 2004; Wu et al., 2011), and other
applications in economy like monitoring the exchange
rate of currencies (Brida et al., 2009).

In this work, a novel scheme of damage characteri-
zation is introduced which is in the context of non-
modal-based and non-model-based approaches. The
scope of this work is level (I) and level (II) damage
identification which only focuses on damage detection
and damage localization. The main objective of the
article is to analyze the measured time series responses
in order to extract characteristic features for anomaly
detection. Anomaly is described as any event, or mea-
surable signature generated from an event, that signifi-
cantly deviates in its behavior from what is considered
as normal behavior. In this regard, an entropy-based
time series analysis (EBTSA) is introduced and imple-
mented in this article.
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The organization of this article is in six sections. The
concept of EBTSA is highlighted in section “Entropy-
based time series analysis” and it is followed by the
proposed damage identification strategy in section
“Proposed damage identification strategy.” In sections
“Case study I: reinforced concrete jack arch from the
Sydney Harbor Bridge” and “Case study II: three-story
frame structure at Los Alamos National Laboratory,”
experimental validations of the technique are presented
to investigate the capability of the method. Concluding
remarks are finally summarized in section “Concluding
remarks” and some future works are suggested by the
authors.

Entropy-based time series analysis

The evolution of many complex systems in natural,
economical, medical, engineering, and biological
sciences is often described in the form of time series
data. It constitutes a field of science so-called time
series analysis which refers to prediction of future
trends in a system or evaluating the current status of a
system based on the measured time records. It is a sub-
stantial and typical topic in the field of stochastic dyna-
mical system to study the dynamic behavior of evolving
systems. Conventional methods are mainly based on
spectral analyses or based on Fourier analysis which
assumes the behavior of the system is linear and sta-
tionary. These methods are not adequate to extract and
characterize dynamic patterns when there is nonlinear-
ity, non-stationarity, or complicated variations in the
time series (Kerschen et al., 2006; Ruocci et al., 2014;
Trendafilova and Manoach, 2008). Hence, developing
a method capable of extracting useful information from
such irregular time series is of considerable interest for
analyzing a wide range of complex systems. This
research proposes an entropy-based approach in the
context of information entropy to analyze the behavior
of a system subjected to a change which is interpreted
as damage in this study. The symbolic representation
of a time series is combined with the Shannon entropy
to assess a time varying system for anomaly detection.
We first refer to the symbolization technique to symbo-
lize time series data in order to detect different dynamic
patterns. Then, we employ the Shannon entropy to
assess the inherent characteristics of information con-
tained in each series.

Symbolization technique

Suppose a given set of discrete measurement (e.g. accel-
eration) representing the evolution of a dynamical pro-
cess at T different stages, 7 € [1 : T] as

X=[X,X2, ....X ..., X7]yxr (1)

X, € X is an N-dimensional fixed length real valued
vector describing the state of the system at stage ¢. X, is
a subset of RY and RY is the state space of the process
under observation.

RY can be divided into finite number of partitions,
for example, S partitions or subspaces where $S>1 and
each subspace is associated by a distinct symbol. The
generating partitions are mutually exclusive and also
altogether cover the entire state space. A symbolic tra-
jectory can be acquired by replacing each value of x,
with the corresponding symbols of the successive parti-
tions it visits. As the system evolves in the state space, it
travels through various partitions in the symbol space;
thus, the values of a given raw time series data are
uniquely transformed into a finite set of symbols so-
called symbol sequence. The symbol sequence is the
simplified abstraction of the system and represents
coarse graining of the system’s evolution in the symbol
space. Symbol sequences can be used for pattern recog-
nition to search for any change in the system’s behavior
over time.

Figure 1 presents an illustrative example of symboli-
zation for a given time series data with length 20, that
is, N =20. For the simplest case, partitioning of the
data into two subsets is investigated which means there
are only two possible symbols, S = 2. In this regard, a
time series data can be transformed into a binary sym-
bol with a certain threshold value B8 to reduce the varia-
tions in the data as

1if [x()|>B
{ 0 if x()] < B @

The obtained symbol sequence for this time series
data according to the partitioning rule shown in equa-
tion (2) is [01000000110100000111]. It is reasonable to
think that in a binary partitioning, each partition has a
specific qualitative dynamics which is different from the
dynamics of the complementary part. In other words,
each partition has its own data patterns that character-
ize it and any change across the partitions corresponds
to the change in the system dynamics.
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Figure I. Symbolic representation of a time series in a
generating binary partitions; the obtained symbol sequence is
[010000001 101000001 I 1].
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In the previous example, only two partitions were
considered; by increasing the number of partitions, S,
more details of the original data are retained. Basically,
symbolization involves loss of information since during
symbolization process the information is transferred
from the continuous state space into the discrete sym-
bol space. In this regard, the number of partitions spe-
cifies the amount of information which is retained for
the subsequent analysis. For instance, as S — N, the
symbolized data and the original data are equivalent in
the sense that they contain the same amount of
information.

Optimal selection of the partition numbers (S)

The concept of symbolization and how time series data
are transformed from one space into another space was
described; however, there are still several questions
need to be addressed. As mentioned earlier, a poor
choice of the partition numbers, S, might result in the
loss of critical information in the obtained symbol
sequences; hence, appropriate selection of the number
of generating partitions, S which leads to minimum loss
of information is an important aspect. On the other
hand, even with the same number of generating parti-
tions, there are various choices for the placement of the
threshold values which separate different partitions in
the space; for instance, in the illustrative example
shown in Figure 1, threshold value, 8, which is the bor-
der between two distinct partitions, can have infinite
choices. Various methods have been proposed in the lit-
erature to address these questions, for example,
entropy-based  approaches and  variance-based
approaches (Qiao et al., 2007; Yin et al., 2014). In this
study, entropy-based approach is implemented to con-
struct and partition the symbol space.

Entropy. When representing the behavior of a system
with discrete symbols, we would like to find an optimal
classification of the underlying dynamics. This is equiv-
alent to finding the smallest possible number of parti-
tions in which all the classes have equal probability
(Mukherjee and Ray, 2014; Sarkar et al., 2012). In this
method of partitioning, the nominal pattern is
described by a uniform distribution of symbols. This
aim can be achieved in conjunction with the informa-
tion entropic analysis which is discussed in this section.

The concept of entropy was first introduced by
Boltzmann and Gibbs (Ochs, 1975) and later on it was
employed in mathematics and engineering through the
efforts of Kolmogrov and Shannon (Shannon, 2001).
Basically, entropy illustrates the complexity extent in a
system and in fact it is zero for deterministic events. It
has many interdisciplinary applications in different
areas of science and engineering to characterize tem-
poral behavior of the complex dynamical systems
(Ishizaki and Inoue, 2013; Wu et al., 2014).

In this work, we define the entropy of a symbolic
sequence by employing well-known Shannon entropy.
Shannon entropy is a concept in information theory
used to measure the amount of information obtained
from a certain information source. For a given symbol
sequence, it is described in terms of probability distri-
butions of different symbols in the symbol sequence as
follows

k=S
H= — Zpk log px (3)
=1

where p; is the probability of occurrence of the kth
symbol in the symbol sequence, k€ ([l:S] and

iif pr = 1. The lowest entropy corresponds to the
case where all the symbols are present in only one par-
tition, the probability of one symbol is 1 and the rest
being zero, and the largest value for the entropy is
achieved when the probability of all the symbols are
equal to one another. In the example presented in
Figure 1, the probability of symbols 0 and 1 in the
sequence are, respectively, 13/20 and 7/20; and the
obtained Shannon entropy is 0.6474.

The information content of a symbolic series can be
quantified by Shannon entropy. The optimal number
of symbols, S, which should be retained to maximize
the information content of a series can be obtained by
maximizing Shannon entropy according to equation
(3), with respect to (1) the number of partitions and (2)
the placements of the threshold values.

Based on equation (3), it can be readily inferred that
for a given number of partitions, let us say, S, the
entropy is maximized while all the probabilitics are
evenly distributed. In other words, for any two distinct
symbols, m and n, m # n, m,n € [1 : S|, if p,, = p,, the
maximum entropy will be obtained. For instance, in the
example provided in Figure 1, if the probability of the
symbols 0 and 1 was the same and was equal to 10/20,
the maximum entropy of 0.6931 would be obtained.

Optimum selection of the thresholds

The optimal selection of the threshold values can be
made in a way that equalize the probability of the sym-
bols; in this regard, first the data in the time series
should be ordered from the lesser to the greater and
then the value of the (N/S)th data in the sorted vector
makes the first threshold value, the value of the
(2N/S)th data in the time series makes the second
threshold value, and so on. This partitioning devotes
fewer partitions to low-dense regions in terms of infor-
mation and more partitions to information rich areas.
Figure 2 illustrates the best possible choice for thresh-
old value, B, in the example shown in Figure 1. As seen,
the symbol sequence obtained by this partitioning is
[01010000110110100111] which unlike the earlier case
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Figure 2. Comparing the placement of threshold value on the
symbol sequence, the symbol sequence is

[010000001 101000001 I 1] while the threshold value is 3 and
the symbol sequence is [010100001 101101001 I I while the

threshold value is Boy,.

leads to even probability of the symbols which is a
superior situation as it maximizes the entropy.

The placement of threshold values was made in a
way to equalize the probability of the symbols in the
sequence. Thus, all the symbols in the sequence have
the same probability, p, =p,, m#n, mn€[l:S];
based on this, equation (3) is simplified as follows

k=Sl 1

H= -3 <log 4
2. 5"8g (

~—

Figure 3(a) shows the entropy function for different
values of partitioning numbers changing between 1 and
1000 obtained according to equation (4). As expected,
by increasing the number of the partitions, an increas-
ing trend in the entropy is achieved. As illustrated, the
change in the entropy is very sharp at the beginning
and then it is followed by a linear and smooth pattern.
Based on this graph, it can be concluded that although
by increasing the number of partitions the entropy
increases, the change in the entropy will be very small
after a certain range. For more investigations, the
entropy excess is illustrated in Figure 3(b). Entropy

excess is defined as the change in the entropy by adding
one extra partition to the existing partitions as

kZ::S 1 k=S+1 1 1
hs = HS+ 1 —HS = —IOg—— —log—
AeSTES T A S TSI

(5)

Entropy excess describes the average information
necessary to predict the next symbol, given the preced-
ing S symbols. The definition of entropy excess implies

(6)

The process of increasing the number of partition
can continue until the entropy excess becomes smaller
than a pre-set threshold as

hs +1<hg

(7)

As depicted in Figure 3(b), the entropy excess will be
effectively negligible after a certain range. According to
this observation, a large ¢ is not recommended as it
sacrifices the accuracy, and at the same time consider-
ing the computational efficiency, which significantly
reduces by increasing the number of partitions, a small
¢ 1s not advisable too; a small ¢ results in preserving the
detailed information of the series which usually are the
noisy part of the signal. Based on the provided back-
ground knowledge, in the next section, an entropy-
based anomaly detection approach is presented to
identify and localize a structural change.

hsSE

Proposed damage identification strategy

Entropy-based anomaly detection approaches have
gained substantial attention in the research community
during last few years (He et al., 2008; Sharif and
Djeraba, 2012). The appealing feature of entropy lies in
the fact that entropy is capable of reducing the entire
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Figure 3. The effect of partitions’ number on the (a) entropy and (b) the entropy excess.
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feature distribution into a single number which retains
the critical information about the overall state of distri-
bution (Cammarota and Rogora, 2005; Gupta et al.,
2006a; Ishizaki and Inoue, 2013; Rajagopalan et al.,
2007). In this context, estimation of deviation of a sys-
tem’s behavior from its nominal behavior can be rea-
lized by monitoring the entropy of the system. The
basic idea behind this approach is that as the system
dynamics evolves over time, information is generated;
hence, if the current state of the system is associated by
a reference entropy, the evolution of possible anomalies
can be observed by comparing the entropy of the future
observations with the one at the nominal state. The
objective of this section is to develop an entropy-based
measure to identify the changes in the behavioral pat-
terns of a system subjected to structural change.

Let us consider a system under observation at 7 dif-
ferent stages and at J different locations. The evolution
of the system at location j € [1 : J] can be defined by

X/ = XX X X (®)

X’/ is an ensemble of time series data collected at
location j and xﬁ is a vector of N elements describing
the dynamics of the system at location j and at stage ¢
of these observations.

For each location, the first set of observations, le, is
considered as the nominal state of that specific loca-
tion; it is obvious that the nominal states of two differ-
ent locations are not the same as
x| #x, j#L j,1€[1:J]. It has to be emphasized
that the nominal state does refer to the state of the
structure at first stage of the observations, ¢t = 1, which
can be a damaged state.

Time series data from the nominal state are imple-
mented to construct the symbol space. As the nominal
conditions of different locations are not the same, for
each location, a different symbol space is generated;
therefore, there are totally J distinct symbol spaces.
Construction of the symbol space is carried out based
on section “Entropy-based time series analysis” in this
article. To create the symbol space, first the choice of
number of partitions, S is made and then the threshold
values, B;, i € [l : S — 1] are determined to maximize
the entropy of the obtained symbol sequence. In this
study, the number of partitions is considered to be the
same for all the locations in order to make the statisti-
cal comparison of different locations feasible.

So far, J distinct symbol spaces have been created
according to the nominal state of the recorded time
series data from J different locations. Having created
the symbol spaces, they remain invariant for the subse-
quent analysis, ¢ € [2: T]; thus, for each location, the
symbol sequences of the future observations are
obtained by mapping future time series data to the con-
structed symbol space for that location.

The procedure of anomaly detection is followed by
computation of pattern vectors as follows; for each
obtained symbol sequence, the pattern vector is defined
as a vector of S elements describing the probability of
each symbol in the obtained sequence. Based on this
definition, it can be readily realized that the pattern
vector for all sensor locations at nominal state is
V, =[1/S8,1/8, ...,1/S]; it is because of the fact that
the nominal state corresponds to the uniform distribu-
tion of the symbol probabilities as discussed earlier.

As a consequence of any change in the system, the
pattern vector starts to deviate from its nominal condi-
tion; this deviation can be quantified by the norm of the
pattern vector. At nominal state, the pattern vector has

its smallest possible length which is y/1/S; it is expected
by any change in the system, the length of the pattern
vector starts to increase which is considered as anomaly
measure in this study as follows

vl
v

‘ ©)

Aj:‘l_

A’; refers to the anomaly measure at location j and at
stage ¢ of observations.

At the nominal state, all the locations have the same
pattern vectors; by inducing damage in the system, the
pattern vectors of all locations start to deviate from the
nominal state. At damage location, it is expected to
have the maximum change in the pattern vector since
the statistical behavior of this location is the most
deviated from its nominal state among all the other
locations; therefore, at each stage of observation,
t € [2: T], by comparing the anomaly measure of dif-
ferent locations, it is possible to localize damage as
follows

I, = Argmax A}, j€[l:J] (10)

I1, corresponds to the anomaly location at stage ¢ of
observation which is expected to be damage location.
The proposed damage detection and damage localiza-
tion method consist of the following four main steps:

(1) Measure the time series responses at different
locations of the structure over time.

(2) Set the first set of observations as the nominal
state and generate the symbol spaces according
to the recorded responses. Different locations
do not necessarily have the same symbol
spaces.

(3) Obtain the symbol sequences at each stage of
observation and for each location and then esti-
mate the pattern vectors according to the prob-
ability of the symbols.

(4) Generate the anomaly measure for all loca-
tions. The maximum deviation is expected to
be for damage location.



Makki Alamdari et al.

(b)

1000mm

125mm
>
s

A9 A8
A1l A7
Nz A6
A3 A5
A4

373.66mm

100mm|100mm/|100mm

(d)

Figure 5. Experimental set up: (a) illustration of the component of the Sydney Harbor Bridge, (b) clamping of the specimen, (c) test
specimen with indicated shaker location, and (d) cross-sectional geometry of the structure with accelerometer locations.

Case study I: reinforced concrete jack arch
from the Sydney Harbor Bridge

This work is part of the efforts that have applied SHM
to the Sydney Harbor Bridge (SHB)—one of the
Australia’s iconic structures.

Details of the structure

The SHB was opened in 1932. It is a steel through
arch bridge operated by Roads and Maritime Services
(RMS)—the road authority of the state of New
South Wales, Australia. The bridge carries lanes of
eight-road traffic and two railway lines. Traffic lane 7 is
a dedicated bus and taxi lane on the eastern side of the
bridge. Lane 7 consists of an asphalt road surface on a
concrete deck supported by concrete and steel jack
arches (Figure 4). There are approximately 800 jack
arches over a total distance of 1.2 km. The jack arches
are difficult to access and are inspected typically at two
yearly intervals according to standard visual inspection
practices.

Test set up

A concrete cantilever beam with an arch section with a
similar geometry to those on the SHB was manufac-
tured and tested (Figure 5(a)). The test structure simu-
lates a structural component of the SHB located under
the bus lane on the eastern side of the bridge. The beam
consists of a 200UBIS8 steel I-Beam with a 50 mm con-
crete cover on both ends. The length of the specimen is
2 m, the width is 1 m, and the depth is 0.375. After
pouring the concrete (32 MPa), the specimen was left
to cure for 3 weeks at room temperature before testing.
The specimen was fixed at one end using a steel bollard
to form a cantilever, where 400 mm along the length of
the beam was fully clamped as shown in Figure 5(b). In
addition, a support was placed at 1200 mm away from
the tip to avoid any cracking occurring in the specimen
under its self-weight.

Excitation

The input excitation was modeled as filtered Gaussian
white noise (stochastic process with Gaussian
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Figure 7. The power spectral density of the input excitation.
distribution). The modeled noise was fed into the sha- Damage

ker that was fixed in the middle of the specimen and
toward the tip, as shown in Figure 5(a). The Gaussian
white noise runs for duration of 20 min.

Time responses

Ten PCB 352C34 accelerometers (PCB Piezotronics,
n.d.) were mounted on the specimen to measure the
vibration response resulting from the shaker excitation
with sampling frequency of 8 kHz in duration of
20 min. 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 5(c)
and (d). The input excitation and the acceleration
response at sensor location A4 obtained from the
healthy state of the structure are depicted in Figure 6.
Figure 7 shows the power spectral density (PSD) of the
input excitation. As expected, up to 1000 Hz, the power
is approximately uniform, whereas a decreasing trend
in the power is observed by moving to the higher fre-
quencies. Figure 8 illustrates the distribution of the
excitation and the acceleration response from sensor
A4. As observed, both input and output follow a
Gaussian distribution.

After testing the benchmark, damage was introduced
into the specimen by applying gradual load using
50 kN load cell which was positioned over a wedge
(which was bonded to the arch section of the specimen)
underneath the specimen. A support steel plate was
placed on the top middle section of the specimen to
restraint any vertical movement when the load cell is
activated, as shown in Figure 9(a). The load was
applied gradually until the damage was initiated as
shown in Figure 9(b). After damage was introduced,
the Gaussian white noise excitation was applied again
and the vibration data were collected in a similar fash-
ion to the benchmark state as explained earlier. From
Figure 9(b), it can be inferred that four sensors, Al,
A2, A9, and A10, are placed in the left side of the dam-
age and the other sensors are located in the right side
of the damage.

In order to illustrate the impact of damage on the
structure, frequency response functions (FRFs) in
terms of acceleration measurement (inertance) were
investigated. The obtained FRFs at sensor location A4
at the healthy case and damaged case are compared in
Figure 10. As shown, due to damage occurrence, FRF



Makki Alamdari et al.

4
2><10 : :
%)
g |
o
(0]
(&}
5 O 1 | 1 1
S A1 -0.8 -0.6 0.6 0.8 1
o
3 x10*
B 2 T T T T
S
o
o]
E 1t -
z
O 1 1 | 1
-1 -0.8 -0.6 0.6 0.8 1

Occurrences

Figure 8. The Gaussian distribution of (a) the excitation and (b) the response at sensor location A4.

Table I. The elapsed computational time for different partition
numbers.

Number of partitions 50 100
Elapsed time (s) 11.02 21.01

is affected. In the frequency range below 200 Hz, there
is a good agreement in FRFs of the damaged structure
and the healthy structure; however, by moving to
higher frequencies, higher discrepancy is obtained.

Damage detection and damage localization results. Damage
detection and damage localization procedure (steps 1—
4) were performed. The optimum number of partitions
was obtained based on the section “Optimal selection
of the partition numbers (S)”; a threshold value of
& = 0.05 was considered which results in approximately
50 partitions. However, in order to demonstrate that 50
partitions are sufficient enough to characterize the sys-
tem behavior, a larger number of partitions using 100
partitions (approximately two times more) were also
considered.

For each case, the symbol space was created accord-
ing to the measured responses in the healthy state of

(b)

Figure 9. (a) Introducing damage into the structure by increasing the load and (b) introduced damage in the structure.

the structure. For damaged state, the anomaly measure
was obtained for all the sensor locations according to
equation (9). Table 1 compares the elapsed computa-
tional time for construction of the symbol space along
with estimation of anomaly measures for all the sensor
locations for different partition numbers. As seen, by
increasing the partition number from 50 to 100, the
computational time approximately doubled.
Considering 50 partitions, Figure 11(a) and (b) illus-
trates the symbol probability in the healthy and dam-
aged states at sensors A3 and A2, respectively. The
horizontal axis represents each symbol [1:50] and the
vertical axis illustrates the probability of occurrence of
each symbol in the sequence. As depicted, in the
healthy state, the symbol probability is uniform among
all 50 symbols, whereas by damage occurrence the dis-
tribution of symbols in the symbol space changes which
results in different symbol probability. It is quite obvi-
ous that the distribution of symbols in the sequence has
considerably changed at sensor A2 which is located in
the left side of the damage. The change in the symbol
probabilities is less pronounced at sensor A3 which is
located in the right side of the damage. Figure 12 illus-
trates the obtained anomaly measures for all of the sen-
sors using different partitioning. As depicted in
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Figure 10. Comparison of the measured FRFs between the
healthy and damaged case obtained from sensor A4.

Figure 12(a) and (b), the anomaly measures of all the
sensor locations have changed which demonstrates the
fact that some operational/structural change has
occurred in the structure. On the other hand, from
these figures, it can be inferred that sensors Al, A2,
A9, and A10 have the highest anomaly measures.
From Figure 9(b), these four sensors are located on the
left side of the damage which has higher variation with
respect to the nominal state compared to the sensors
located on the right side of the damage. Therefore, it is
expected that these four sensor locations have higher
anomaly measures since the statistical behavior of them
is the most deviated.

From Figure 12, it is also obvious that 50 partitions
are sufficient enough to provide useful information
about the system behavior. By doubling the partition
numbers to 100, no further information about the sys-
tem characteristics is obtained while the computational
time almost gets twice.

This investigation illustrates that by selecting an
appropriate partition number, the presented method is
able to monitor the dynamics of the system in search of
any deviation from the nominal state of the structure.

On the other hand, the method has potential to be used
for damage localization since it attributes highest
anomaly measures to the most deviated locations.

Damage identification results under varying excitation using
impact hammer test. In order to investigate the effect of
varying excitation on the robustness of the algorithm, a
separate test was conducted. This time, the structure
was excited using impact hammer. Two different levels
of impact excitation were applied on the structure in
the healthy and damaged states. The excitation ampli-
tude applied on the damaged structure is approximately
1.7 times higher than the excitation level applied on the
healthy state of the structure. Figure 13(a) illustrates
the time history of excitation applied on the structure
before and after damage occurrence. Figure 13(b) and
(c) shows the time history of the response at sensor
locations A2 and A9 before and after damage occur-
rence. These two sensors are located in the left side of
the damage. Figure 13(d) and (e) presents the time his-
tory of the response obtained from sensors A6 and A7
which are located in the right side of the damage. As
seen, the degree of variation in time history of sensors
A2 and A9 is more considerable compared to the one
obtained from sensors A6 and A7. Figure 14 presents
the obtained anomaly measures for different sensor
locations. As seen, the anomaly measure of all sensors
has changed which shows the entropy of the system in
the current state differs from the one in the healthy
state. Interestingly, the maximum anomaly measure
again corresponds to the sensors located in the left side
of the damage since the structural behavior of these
sensors has been most deviated.

This demonstration illustrates that the method is still
capable of locating the most deviated response in a sys-
tem if the system is experiencing high level of variation
in the input; however, the authors believe that in order
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Figure 1. Symbol probability in the healthy and damaged states using 50 partitions: (a) sensor location A3 and (b) sensor

location A2.
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to increase the robustness of the technique in presence
of high variabilities, for example, environmental and
operational changes, a so-called normalization process
has to be considered in order to remove the effects of
environmental/operational changes on damage identifi-
cation algorithm. In this context, there are two possibi-
lities: the physical quantities relevant to environmental/
operational conditions are available through measure-
ment or (2) no measurement regarding the operational/

environmental condition of the structure is available. In
most real-life SHM applications, the situation is case 2
since measurement of the input excitation, if not possi-
ble, is not straightforward. In the absence of measure-
ments  describing the environmental/operational
conditions of a structure, there are two approaches in
SHM (Deraemaeker, 2008; Sohn, 2007) to tackle with
variabilities: (1) to establish features that are sensitive
to damage but insensitive to operating conditions or (2)
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Figure 14. Damage identification results under varying
excitation.

to learn a baseline model of the structure considering
large enough population of samples to capture the rela-
tionship between these variabilities and the damage-
sensitive feature. In our case, we propose to adopt
novelty detection techniques, for example, one-class
support vector machine (OCSVM) to learn a model
from the collected samples from the healthy state of the
structure and test the learned model against the future
test samples. In this case, the pattern vector V is defined
as a feature vector with dimension specified by number
of partitions. However, application of OCSVM is out
of the scope of this work so no results are provided.

Case study ll: three-story frame structure
at Los Alamos National Laboratory

The investigated damage in the first case study was a
severe damage; however, the main objective of SHM is
to identify damage at the earliest possible stage. On this,
the second case study is presented in order to investi-
gate the capability of the method in identifying the
onset of damage.

In the second case study, the effect of varying excita-
tion on the robustness of the technique is also investi-
gated. Finally, damage in the second case study is quite
different with the first case study in a way it has been
introduced in order to study the performance of the
method in characterization of different types of
damage.

Details of the test

A dataset was obtained from Los Alamos National
Laboratory (LANL, 2013). The data are from a three-
story building structure constructed of Unistrut col-
umns and aluminum floor plates. Plates and columns
are connected by support brackets with two-bolt con-
nections. Dimensions of the structure and floor layout
are presented in Figure 15.

A shaker has been used to excite the base of the
structure as illustrated in Figure 15(a). The structure is
instrumented  with 24  piezoelectric  single-axis

Table 2. Inflicted damage cases in the building.

Damage case Description

Damage case |
Damage case 2

Single damage at joint 2
Single damage at joint | |

accelerometers, two per joint as shown in Figure 15(d).
Vibration responses were collected by sampling fre-
quency of 1600 Hz. Each floor has four joints which
are incrementally labeled from 1 to 12.

The scope of this case study was investigation of
very small damage in the structure. Damage was intro-
duced by loosening the bolts and then hand tightening
them allowing the plate to slightly move relative to the
column. Two different damage cases at different loca-
tions were investigated as illustrated in Table 2. As
shown in Table 2, damages are introduced at joints 2
and 11 which are, respectively, located in the first and
the third floor (Figure 15(b)).

Different Gaussian excitations are considered for the
healthy and damaged states. After testing the healthy
state, the damaged structure is tested using five excita-
tions different with the one used for testing the healthy
state. Figure 16 shows the variation in the excitations in
five test cases. Table 3 shows the statistical properties
of these five input excitations.

In order to get a sense of severity of damage, the
response of the structure in frequency domain is com-
pared in the healthy state and damage case 1. The result
of this comparison is shown in Figure 17. As seen, the
shift in the frequency peaks is not dominant.

Damage detection and damage localization results

Optimum number of partitioning was obtained using
the Shannon entropy as elaborated in section “Optimal
selection of the partition numbers (S).” A threshold
value of ¢=0.01 was considered which results in
approximately 100 partitions. The reason for selecting
a lower threshold compared to the first case study lies
in the fact that quality of data in the second case study
is better than the ones in the first case study which
means the level of undesirable noise is less. It was rea-
lized that 100 partitions are sufficient enough.
Considering 100 partitions, Figure 18(a) and (b)
illustrates the symbol probability in the healthy and
damaged states for damage case 1 at joints 2 and 11,
respectively. The horizontal axis represents each sym-
bol [1:100] and the vertical axis illustrates the probabil-
ity of occurrence of each symbol in the sequence. As
depicted, in the healthy state, the symbol probability is
uniform among all 100 symbols, whereas by damage
occurrence the distribution of symbols in the symbol
space changes which results in different symbol prob-
ability. It is quite obvious that the distribution of a few
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Figure 15. Test set up for three-story building: (a) photo of the full test structure, (b) basic dimensions, (c) floor layout, and
(d) sensor placement (LANL, 2013).
Table 3. A summary of statistical properties of the input excitations.
Mean Standard deviation Min Max
Excitation | 0.11 5.46 —19.18 20.26
Excitation 2 0.16 5.55 —21.33 20.51
Excitation 3 0.10 5.45 —20.80 21.16
Excitation 4 0.11 5.42 —22.37 18.15
Excitation 5 0.18 5.47 —17.8l1 22.08

symbols in the sequence has considerably changed at
joint 2; however, at joint 11, slight change has occurred
among all the symbol probabilities. The same conclu-
sion was obtained for damage case 2 and the results are
presented in Figure 19. In this case, joint 11 experiences
higher level of variation in the symbol probability com-
pared to joint 2. Damage identification procedure was
conducted using only 100 partitions and the results for
two damage cases and five test cases were presented in
Figure 20. The horizontal axis in Figure 20 shows five

different test cases which corresponds to five different
excitations. The bar plot refers to anomaly measures
obtained for 12 joint locations at each test case.
According to the obtained results, it can be seen that
there is a change in the anomaly measure of all sensor
locations in all test cases. It demonstrates the fact that
something has changed with the condition of the struc-
ture. On the other hand, by looking at these results,
some useful information about damage location can be
inferred no matter which excitation has been applied.
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Figure 17. Comparison of the response in the frequency
domain at joint 2 between the healthy state and damaged case |.

For damage cases 1 and 2, the maximum anomaly mea-
sure, respectively, occurs at joints 2 and 11, which illus-
trates the capability of the technique in damage
localization. Based on this observation, it can be con-
cluded that the proposed method is capable of detec-
tion and localization of damage even if one is not able

to apply the same excitation in the healthy and dam-
aged states.

Concluding remarks

In this article, a novel scheme of damage identification
was presented to detect and localize damage in the
structure by analyzing the measured time series
responses. The approach is easy to implement and in
general does not make any assumption on the data in
hand. The underlying concept behind the method is to
reduce the dimension of the time series data by trans-
ferring information from the state space to the symbol
space which not only reduces the undesirable effects of
measurement noise, but also improves the computa-
tional efficiency. Useful features are then extracted
based on the statistical properties of symbol sequences
by employing the concept of entropy. The method is in
the context of non-model based and does not require
any representative model of the system under study.
The method was successfully validated using experi-
mental case studies on a structural component from the
SHB and a three-story frame building. It was demon-
strated that the method is capable of identifying any
change in the structure compared to a baseline.
Moreover, the capability of the method in damage
localization was validated. It was observed that the
highest anomaly measure is obtained for location that
is most deviated among the other locations which are
most likely to be a damage location. In the presented
work, the effect of environmental changes in the proce-
dure has been neglected which is crucial to be explored
in the future works. The initial expectation of the
authors is that since the environmental condition is
not a localized phenomenon, it would change the
anomaly measures with a non-localized pattern unlike
damage.
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