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Abstract

This study addresses the detection and localization of barely visible indentation damage in composite sandwich struc-
tures using ultrasonic guided waves. A quasi-static loading was gradually applied on a specimen of carbon fiber reinforced
epoxy with honeycomb core, with the resulting dent size varying between 0.2 and 2.7 mm. The fundamental symmetric
(Sp) Lamb wave mode was excited to interrogate the structure. An anomaly measure was established based on symbolic
time series analysis; it was defined as the ratio between the norms of probability vectors obtained from the symbol
sequence vectors before and after damage has occurred. The symbolic time series analysis method transforms time
series data into symbol sequences according to a pre-constructed symbol space using a set number of partitions. The
number of partitions selected was determined based on the maximum Shannon’s entropy approach. An imaging algorithm
was adopted in order to localize the damage. The effects of the excitation frequency and the number of partitions on the
precision of prediction were investigated. The adopted approach showed high sensitivity to a very small change of 0.2 mm
on the surface panel after a quasi-static loading of 2-mm indentation. Furthermore, the ability of the method to detect
progressive damage was demonstrated. The results obtained demonstrate that symbolic time series analysis has excellent
potential for use in detecting small defects such as barely visible indentation damage.
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Introduction

Considering the need for light, nonmetallic materials
while maintaining the desirable properties of metals,
composite materials appear to be the most convenient
metal substitute by virtue of their high strength-to-
weight ratio, flexibility in design, and corrosion and
fatigue resistance. Composite materials are now the pri-
mary materials used in the aerospace and aeronautical
industries. They are prone to various forms of damage,
including fiber breakage, matrix cracking, delamin-
ation, and barely visible indentation damage (BVID).
BVID can be caused by a low velocity impact resulting
from runway debris or even small birds during landing,
takeoff, or taxiing, dropping tools' during maintenance
or assembly, passenger boarding ramps, or other
ground support equipment.” BVID can result in a

noticeable decrease in the load-carrying capability of
the material® and such damage can develop progres-
sively, leading to a catastrophic failure.*

Much research has focused on evaluating BVID in
composite and metallic structures. Mustapha et al.’ stu-
died the characteristics of guided waves and their inter-
action with tapered sandwich structures with foam core.
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They proposed algorithms for the detection and local-
ization of multiple defects using an active sensor net-
work. Further, Mustapha et al.® investigated the use of
ultrasonic guided waves to detect BVID in carbon fiber
reinforced epoxy (CF/EP) sandwich composites. They
presented two algorithms based on the time reversal
method and a wave attenuation-based method, respect-
ively. Ruzek et al.” compared the performance in com-
posite sandwich structures of three damage detection
techniques: visual inspection, C-scan, and shearogra-
phy. They found that visual inspection lacked effective-
ness in detecting BVID; C-scan did not produce
promising results; shearography performed better,
with the ability to indicate the extent of damage.
Polimeno et al.® implemented nonlinear elastic wave
spectroscopy to detect BVID in CF/EP composites,
based on the shift in resonance frequency or the pres-
ence of harmonics and sidebands contained within the
signals. Ross” and Zhang et al.' proposed piezoelectric
sensor networks for real-time monitoring of structures
to detect the location and time history of impact forces;
these authors sought to detect impacts at the time they
occurred and to locate them according to the time of
arrival of impact vibrations at each sensor. Capineri
et al.'! used a network of flexible piezo-polymer trans-
ducers to detect artificial defects by calculating a
damage index (DI) based on the difference in shape
and amplitude of two signals from the same path in
undamaged and damaged conditions. Takeda et al.'?
proposed a method based on changes in the amplitude
ratio and the arrival time of Lamb waves to detect and
assess delamination in CFRP laminates; the waves were
generated by piezo-ceramic actuators and received by
fiber Bragg grating (FBG) sensors. Later, Takeda
et al.'* demonstrated the ability of FBG sensors to per-
form long-term health monitoring of large composite
structures such as an aircraft wing structure.

Lamb waves have the ability to travel for long dis-
tances in complex structures and hence they have
attracted the attention of researchers in the field of
structural health monitoring (SHM). Over the last
three decades, Lamb waves have been used to detect
various types of damage in composites and metallic
structures, including corrosion, fatigue cracking,
delamination, fiber breakage, and debonding.>®!*=!

Recently, symbolic dynamics (SD) have been intro-
duced to characterize time series responses in many
applications including SHM.*?>?* online fatigue
damage monitoring using wave based signals,” under-
water object detection,”® anomaly detection in elec-
tronic systems,?’ weather forecasting,”® and currency
exchange monitoring.”’ In a structural system, SD
evaluates the progress of variation in the system
dynamics to monitor any gradual change that indicates
growing structural damage.>® The application of this

technique does not depend on the nature of the
system, being deterministic or stochastic, linear or non-
linear.>> ?* Rather, it centers on transforming time
series records into symbol sequences, reducing compu-
tational time while conserving the main characteris-
tics.222* Moreover, it has been demonstrated that this
technique enhances the signal-to-noise ratio.*'
Minimum work has been done on the application of
symbolic time series analysis (STSA) to ultrasonic
waves; probably the only work reported in the litera-
ture was by Gupta et al.>> They made use of STSA for
early detection and online monitoring of fatigue
damage in polycrystalline alloys (7075-T6 aluminum)
subjected to low- and high-cycle fatigue. However,
damage assessment using SD is becoming more recog-
nized due to many successful applications in this field.
In 2009, Rao et al.** published a comparative review to
evaluate the efficiency of SD in detecting early damage
compared to other methods such as principal compo-
nent analysis, artificial neural networks, and kernel
regression analysis. SD was demonstrated to be super-
ior in early detection and computational efficiency.
That study was based on time series determined from
a nonlinear active electronic system. Li et al.*® intro-
duced a new method called symbolization-based differ-
ential evolution strategy (SDES) in which they
integrated STSA with the differential evolution (DE)
method for system identification in SHM. The authors
performed both experimental and numerical analysis,
in comparison with DE and particle swarm optimiza-
tion, to verify the superiority of SDES even when deal-
ing with relatively high noise contamination. Alamdari
et al.>>?* proved the feasibility of STSA for the detec-
tion and localization of gradual deterioration in civil
structures. Using numerical simulations applied to a
flexural beam and a 2-D planar truss bridge, they
demonstrated the robustness of the method for differ-
ent damage, excitation, and noise conditions. SD has
also been applied to detect anomalies in flexible mech-
anical couplings using simulated acceleration data
sets.** Further work was done to detect anomalies in
aircraft gas-turbine engines using time series extracted
from the inputs and outputs of the numerically mod-
eled dynamic system.*

In this study, using ultrasonic guided waves, a robust
scheme based on STSA is proposed to assess BVID in
CF/EP sandwich composite structures. Damage was
artificially introduced into a specimen by quasi-static
indentation. Guided waves were excited and captured
using piezoelectric wafers (PZTs). The S, mode was
chosen for analysis due to its higher sensitivity over
the Ag mode in detecting surface flaws according to a
previous study.® The anomaly rate, indicating the
extent of damage in each path within the sensor net-
work, was determined by STSA according to the
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maximum Shannon’s entropy approach. As a result, an
imaging algorithm was adopted to localize the damage
based on the anomaly value obtained from each path.
Further, progressive damage was also evaluated
through correlation of various damage cases with
their corresponding anomaly values.

Experimental setup

A sensor network consisting of 16 circular PZTs was
surface-mounted on a plate. The PZT elements were
distributed enclosing a square area as shown in
Figure 1(a), where the distance between neighboring
PZT elements was 100 mm. Each PZT element is a cir-
cular wafer of 10 mm diameter and 1 mm thickness. The
properties of the CF/EP sandwich panels are summar-
ized in Table 1. During testing, one PZT element func-
tioned as the actuator while the others functioned as
sensors, and the role of the actuator alternated until all
the PZT elements had functioned as the actuator.
Sinusoidal tone bursts (90 V peak-to-peak) enclosed in
a Hanning window were used as the input signal for the
actuator. Activation and acquisition of wave signals
were performed using an active signal generation and
data acquisition system developed on the VXI plat-
form, consisting mainly of a signal generator
(Agilent© E1441), signal amplifier (PiezoSys® EPA-
104), signal conditioner (Agilent© E3242A), and
signal digitizer (Agilent© E1437A) (see Figure 2). The
wave signals were captured at a sampling rate of
20.48 MHz. The acquisition duration was set to
ensure that the activated wave modes were captured,
knowing the group velocities of individual wave
modes. Figure 3 shows a sample of an excited wave
signal, its measured response, and a zoomed-in portion
of the response showing the Sy mode used for this inves-
tigation. The Sy mode was identified as the first trans-
mitted wave packet since it is known to be the fastest
mode. The S, was verified by comparing its group vel-
ocity to that of the Sy mode from an experimentally
obtained dispersion curve from a similar structure.’®
The selected portion was chosen to be always of 220
data points; the choice was in accordance to the used
excitation frequencies and the sampling frequency of
data collection. The other portion of the wave signal
contained both the boundary reflections and the
Ay mode.

The quasi-static indentation process was conducted
on the sandwich composite panel using a steel indenter
with a semi-spherical head set (Figure 1(b)). Using the
controlled displacement mode on a Materials Testing
System (MTS), BVID was produced, on the same
panel, after 2-, 3-, and 5-mm indentations. The position
of the indentation was maintained for the three cases,
as shown in Figure 1(a). After the indenter was

removed, the skin was partially pushed back up, but a
dent in the skin remained due to the damage that had
occurred in the core (crushing) and the skin (e.g. fiber
breakage, matrix cracking, delamination). After each
indentation, the deformation on the plate surface,
defined as the residual deformation, was measured
using a dial indicator gauge. It was observed that the
residual deformation depth increased with the increase
in the indentation depth. The 2-, 3-, and 5-mm inden-
tations resulted in peak residual deformations of 0.2,
0.5, and 2.7 mm, respectively. The wave signals, from
the sensor network, were captured for the intact state
and after each indentation loading—unloading
procedure.

STSA for guided waves
Data partitioning

Partitioning of a state space consists of the division of
the space into a certain number of non-empty subsets
called partitions. Those partitions should not have
common information and, when assembled, they form
the entire state space. That is, if {P, Ps,...,, Ps}
are the partitions of the state space (), then both equa-
tions (1) and (2) are valid:*’

N
Ui:l Pi=Q (M
Pi(\Pi=0 Vi#j: ije[lS] )

Time series data may be transformed into a symbol
sequence by partitioning the state space into .S intervals,
where each interval is represented by a symbol. After
replacement of each value of the time series by the
symbol of the partition to which it belongs, the symbol
sequence of the time series can be established (Figure 4).

Shannon’s entropy was used in order to specify an
appropriate number of partitions and the correspond-
ing thresholds (8;) (as shown in Figure 4). Shannon’s
entropy quantifies the amount of information. It is
defined as:*®

k=S
H=—Y pclogp (3)
/\=1

where py. : probability of the kth symbol in the symbolic
sequence; S: number of symbols or number of
partitions.

Two important properties of Shannon’s entropy
worth highlighting are:**>*

Property 1: For a certain number of partitions S, the
entropy A is maximal if p;,=p; Vi je[l,S].
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Figure 1. CF/EP sandwich composite panel: (a) sensor network on the surface and (b) quasi-static loading and (inset) the

resulting dent.

Property 2: If p;=p;Vi,je[l,S], then as the
number of partitions increases, the entropy H increases.

These two features can be incorporated to select the
optimal number of partitions and the suitable thresh-
olds upon which the data are to be partitioned. When
pi =p; Vi jell,S], then the probabilities of all sym-
bols are equal, meaning that all the partitions contain

the same number of data points. Therefore, according
to Property 1, the thresholds should be set to ensure
that all the partitions contain the same number of data
points.

Considering Property 2, maximizing Shannon’s
entropy requires maximization of the number of parti-
tions. The selection of a suitable number of partitions
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Table I. Properties of CF/EP sandwich panel.

(a) Properties of plain woven fabric CF/EP composite laminate

En Ex Vi2 Gy G2 Gs Vi3 Va3 Density
55.8 GPa 55.8 GPa 0.06 3.65 GPa 3.65 GPa 3.65 GPa 0.05 0.38 1600 kg/m®

(b) Properties of Nomex core (HRH 10 1/8-4)

Core thickness
20.4 mm

Cell diameter
3.2mm

Density
64 kg/m®

Sensor PZT

Transmitted
Wave -

k WA@—\\*‘* Actuator PZT
©

/ Signal Generation \

ﬁtructural Health Monitarinh /

Signal Acquisition \

Power Amplifier

Signal Conditioner
Signal Digitizer

Figure 2. Experimental setup.

is critical. A large number of partitions leads to preser-
vation of the noise contained in the signals and
becomes computationally expensive. On the other
hand, a small number of partitions can result in the
loss of important information. On those bases, the sig-
nificance of the entropy variation when increasing the
number of partitions, while keeping those partitions
equiprobable, was investigated. This variation value is
defined in equation (4) and is known as the entropy
excess:

Entropy excess = H(S+ 1) — H(S) 4)
while taking:

1
p,:p,Vl,]E[l,S]ikaEVke[l,S] (5)

Figure 5 shows the variation of the entropy excess as
a function of the number of partitions. It is observed
that there is a sharp variation when considering a small
number of partitions, while the variation approaches
zero with the increase of the number of partitions.
For S > 9, the variation in the entropy excess becomes
less than 5%. Therefore, the choice of S > 9 is import-
ant for preserving the information content obtained
from the original data.

A further consideration when choosing the number
of partitions is the reduction ratio (R), which is defined
as the ratio between the data size N and the chosen
number of partitions S:

R=N/S (6)
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Figure 3. (a) An excited wave signal (dashed) and its response (solid). (b) The Sy mode portion used for investigation.
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Figure 4. Maximum entropy partitioning of raw time
series data.

As R approaches 1, the original features of the signal
are more conserved in the symbol sequence; noise is
also conserved in case of noisy signals. In contrast, as
R increases above 1, some features contained within the

original signal are eliminated. Consequently, a careful
selection of the value of R is essential. In addition, this
data reduction would lead to a reduction in the com-
putational power and time required for anomaly calcu-
lations. With this in mind, R will be investigated based
on experimental results, and will be discussed further in
‘Results and discussion’ section.

After selecting the number of partitions, suitable
thresholds must be chosen. Those thresholds should
ensure that the probabilities of occurrence of the sym-
bols are equal in the healthy state (or in the benchmark
data), i.e. all the partitions must contain the same
number of data points. This maximizes Shannon’s
entropy and thus maximizes the amount of information
preserved from the original data for this particular
number of partitions. When thresholds are set for the
benchmark state of a specific path of the sensor net-
work, they remain constant when dealing with other
states of the same path.
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Figure 5. The effect of number of partitions on the entropy
excess.

Partitioning based on maximum entropy makes the
intervals wider in regions with poor information con-
tent and narrower in information-rich regions. Figure 4
shows an example of a maximum entropy partitioning
of one of the collected time series samples containing
220 data points (N = 220). The partitioned regions are
labeled P; to Ps (S = 5), where the dashed lines repre-
sent the threshold values (8;, 8>, B3, and B,).

Figure 6 illustrates the same sample of data as pre-
sented in Figure 4 after incrementally sorting the data
points. As can be seen, the probabilities of the symbols
are equal between different partitions. The vertical
dotted lines are drawn to show the equal number of
data points in each partition (each partition has strictly
220/5 = 44 data points).

Anomaly detection using STSA

Consider a dynamic system under testing at 7 obser-
vation stages. A practical example might be a structure
that is instrumented with a SHM system in which tests
are performed regularly at spaced intervals or after a
major incident. Each test yields N data points at M
different sensing locations. The time series data
obtained at a stage ¢ € [1, 7] and at a sensing location
m € [1, M] can be represented as:?> 24

X =[x Xy, ] (7)
while the evolution of the system at location m along
the 7T tests is represented by:*>>*

E" = [X1 XY, X )

The first observation X7' is considered the bench-
mark state for the location m and is adopted to con-
struct the symbol space. A distinct symbol space
according to the maximum entropy approach can be
constructed for each of the m locations, separately (as
discussed in ‘Data partitioning’ section).

Data points

Figure 6. Incrementally sorted time series data after
partitioning to visualize equiprobable symbols.

For every location, the symbol sequence S can be
generated by mapping the time data into the pre-con-
structed symbol space for that particular location. The
probability of occurrence of each symbol in the
sequence can be calculated and assembled into a prob-
ability vector, V7". The anomaly measure, A}’, is calcu-
lated according to the change in the magnitude of the
probability vector compared to that of the benchmark
state (equation (9)). The algorithm developed in this
work includes the following steps:

1. Select the number of partitions, S. Choose the same
number of partitions for all the locations to allow
statistical comparison between different locations.

2. From the first observation, determine the threshold
values B;;1€[l,S — 1] according to the maximum
entropy approach. This will create a symbol space
for each of the M locations.

3. Determine the symbol sequence SV
observation X7".

4. Determine the probability vector . Notice that

=[5t L]
5. Calculate A", the anomaly measure at location m

and at stage  according to equation (9):**>*

of the

|7

1 —
[

Al = ©)

where |[V]" || is the norm of the probability vector in the
nominal state:*> >4

VPl =v1/S (10)

Localization of damage and data fusion

From the network of 16 PZT elements in the panel, 240
sensing paths are available. Due to the dual function of
the PZT elements, the number of paths can be reduced
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to 120 distinct paths (e.g. instead of using both paths
1-6 and 6-1, only 1-6 is considered). This value can be
easily found by computing the number of possible com-
binations of 2 elements from a set of 16 distinct elements
1,C = 120 distinct paths). After neglecting the paths
connecting sensors on the same edges (e.g. paths 1-2,
1-4, and 14-16), the paths are further reduced to 80 rele-
vant paths, which are shown in Figure 7(a). The anom-
aly measures obtained for these 80 paths (steps 1 to 5 in
‘Anomaly detection using STSA’ section) are employed
to construct a damage image (using data fusion tech-
nique). The damage location is expected to be located
on the intersection of the most damaged paths, i.e. the
paths having the highest anomaly measures.

After calculation of the anomaly measures of all 80
available paths, construction of the damage image is
accomplished by dividing the monitored zone into uni-
form 1 mm? square-shaped grid points, where the exist-
ence of damage in each cell is evaluated by merging the
perceptions of the anomaly measures from all the sen-
sing paths. The DI or the probability of damage at a
cell (x, y) in the observed zone is given by:*’

J J
DI(x,y) =Y Pi(x.0) =Y _Aifi(z) (11
J=1 J=1

where P; (x, ) is the probability of damage at cell (x, y)
obtained from the anomaly measure of the jth path; 4;
is the anomaly measure for the jth path; fi(z) is the
normal distribution function for the jth path (defined
below).

To account for the possible existence of damage near
the paths, the influence of the anomaly measure is con-
sidered in the shape of a normal distribution function
having a maximum effect on the path and decreasing
away from it. This normal distribution function is
defined by:

1
o2

e
flo)= = for —oo <z < +o00 (12)

where u is the mean of the normal distribution model;
o is the standard deviation of the normal distribution
model.

Since the effect of a damage at a point located along
the sensing path is stronger than a damage located at a
certain distance from the sensing path, p© was set to be
equal to zero.

On the other hand, an experimental investigation
was performed to determine the proper value of o for
the used sandwich structure.® The study has found that
the effect of a damage located at a point further than
40mm from the sensing path is negligible. For this
reason, o was fixed at 40 mm.
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Figure 7. (a) The 80 used sensing paths with potential blind
zones indicated in red. (b) The sensor network’s grid coverage.

Further, z was determined by assigning the same
effect of damage for all the grid points that were equi-
distant from the path. This was conducted by consider-
ing a rectangular affected zone for each sensing path
during the fusion process, where z was defined as the
normal distance separating the grid point from the jth
sensing path.

To visualize the coverage of the used network for the
grid, all the sensing paths were given similar weights
instead of the anomaly values, and data fusion was
applied for image reconstruction as explained earlier.
Figure 7(b) shows the constructed image which
addresses the degree of coverage of each grid point.
The grid points near to the sensors are shown to have
less coverage than other grid points. It is noticed from
Figure 7(b) that when going about 75Smm from the
sensor network’s circumference into the panel, most
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of the grid points have approximately the same high
coverage degree with minor differences. This full cover-
age means the capability of the network to detect dam-
ages in any position in the grid. However, it does not
mean accurate localization. The accuracy of localiza-
tion depends on the availability of intersections
between different paths covering the panel’s surface.
Figure 7(a) shows that the regions near the sensors con-
tain potential blind zones in terms of the availability of
paths intersections.!” Though those regions are totally
covered for damage detection, less accuracy is expected
when localizing a damage that lies in one of the poten-
tial blind zones. Therefore, any damage along the cir-
cumference of the network can be easily detected but
may not be accurately localized.

In practice, this may not be considered a drawback
when implementing the system on a real structure. If a
large structure is to be covered and a very precise local-
ization is required, multiple sensor networks may be
overlapped to cover the whole structure. The number
of sensors that should be used in a real implementation
is then dictated by both the size of the monitored struc-
ture and the needed level of localization precision.

A flowchart summarizing the main steps of the
damage identification algorithm presented in this article
is shown in Figure 8.

Robustness of the method

This section will discuss the robustness of STSA along
with the used testing wave signals against variable
environmental and loading conditions.

In STSA, sets of data points lying in the same inter-
val are grouped and given the same symbol. This dis-
cretization performs as a smoothing technique which
dampens the perturbations and measurement noise
effects. The dampening level, therefore, depends on
the selected reduction ratio R.

From another perspective, the fact that the used exci-
tation frequencies are in the range of 150 to 250 kHz
lessens the effects of environmental noise on the signals.
The reason behind this is that the environmental noises
are usually of a much smaller order of frequencies.

Considering temperature effects, and according to a
previous study and what was found in literature, one
major effect of temperature changes is on the wave’s
propagation speed.*'*? In the proposed methodology,
the first transmitted wave package is cut with previous
knowledge of its duration according to the used excita-
tion frequency. The position of the cut wave package is
detected based on the position of the first peak of the
signal envelope. This makes the approach robust to
wave velocity changes due to temperature variations.

On the other hand, Baptista et al.** have shown that
the increase in the mechanical impedance of the host
structure due to loading, increases the PZT transducer’s
impedance. This decreases the sensitivity of the trans-
ducer in damage detection. To overcome this problem,
proper transducers should be chosen for the examined
structure and its loading conditions. After the load is
applied, the transducer’s impedance change should
keep the sensitivity in a good range. Moreover, loading
also induces strain inside the structure. This strain
would be read by the PZT sensors. Thus, changing
the loading conditions may affect the measurements
from the inspected structure. A proposed solution is
to take the benchmark reading of the STSA approach
after putting the structure under its normal loading
conditions to decrease the effect from the loading
strains. If the structure is to be used under known vari-
ous conditions, a separate symbol space should be con-
structed for each case in order to calculate the
anomalies based on the existing conditions. This solu-
tion also applies for highly variable temperature condi-
tions that may affect the amplitudes of the signals
measured by the used transducers.*>**

Data acquisition:
time series data

£

Construction of the
symbol spaces

E> Symbol sequences

2V

Data fusion

<j Anomaly measures <] Probability vectors

Figure 8. Damage localization flowchart.
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Figure 9. Reconstructed images for indentation damage using 250 kHz excitation frequency and based on 20 partitions: (a) 2-, (b) 3-,
and (c) 5-mm indentation depth.

Results and discussion

The number of partitions was set at S = 20 (the reason
for the selection of S = 20 is discussed further below)
and the STSA method with maximum entropy parti-
tioning was applied on the collected data of N =220
data points. After computation of the anomaly meas-
ures, damage images were constructed as explained in
‘Localization of damage and data fusion’ section.
Figure 9(a) to (c), respectively, shows the constructed
images of the three damage cases after 2, 3, and Smm
of indentation when the excitation frequency of
250 kHz was used. As clearly seen, damage was reliably
identified in all three test cases, even in the case of the
smallest surface dent (order of 0.2mm) that occurred
after the 2-mm indentation. The localization method

appeared to be very effective in Figure 9(b) when con-
sidering a dent which is 0.5mm in depth (after 3-mm
indentation). Moreover, after the 5-mm indentation,
and with a dent depth of 2.7mm, the localization of
damage is demonstrated to be very precise, as shown
in Figure 9(c) (less than 13 mm distance between actual
and predicted location). However, uncertainty to loca-
tion is evident for the 0.2 mm dent, which is considered
to be very small (Figure 9(a)). Detecting a smaller
damage may require the need to excite higher order
modes. This is related to the fact that the modes excited
at higher frequencies have smaller wavelengths, and
thus they have the capability of detecting damages of
smaller sizes and in a better resolution.*’

Different excitation frequencies of 150, 175, 200, and
250kHz were used to investigate the state of the
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Table 2. Distances between actual and predicted damage locations using different excitation frequencies and based on 20 partitions.

20
Partitions

2 3 5
Indentation depth (mm)

AX Ay Distance AX Ay Distance Ax Ay Distance
Frequency (kHz) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm)
150 59.00 188.00 197.04 70.00 178.00 191.27 25.00 2.00 25.08
175 79.00 102.00 129.02 46.00 27.00 53.34 13.00 0.00 13.00
200 75.00 35.00 82.76 33.00 43.00 54.20 10.00 5.00 11.18
250 7.00 67.00 67.36 11.00 27.00 29.15 8.00 9.00 12.04

Table 3. Distances between actual and predicted damage locations at 200 kHz excitation frequency for different numbers of

partitions.
200 kHz
Frequency (kHz)
2 3 5
Indentation depth (mm)
AXx Ay Distance Ax Ay Distance Ax Ay Distance
Partitions (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm)
2 29.00 127.00 130.27 50.00 28.00 57.31 62.00 162.00 173.46
4 85.00 25.00 88.60 62.00 15.00 63.79 30.00 5.00 3041
5 79.00 31.00 84.86 35.00 42.00 54.67 15.00 19.00 2421
10 85.00 22.00 87.80 34.00 44.00 55.61 12.00 8.00 14.42
I 58.00 63.00 85.63 39.00 37.00 53.76 14.00 7.00 15.65
20 75.00 35.00 82.76 33.00 43.00 54.20 10.00 5.00 11.18
22 67.00 41.00 78.55 41.00 32.00 52.01 13.00 9.00 15.81
44 24.00 117.00 119.44 47.00 25.00 53.24 16.00 13.00 20.62
55 66.00 40.00 77.18 49.00 25.00 55.01 21.00 13.00 24.70
110 6.00 144.00 144.12 65.00 7.00 65.38 30.00 7.00 30.81
220 32.00 155.00 158.27 69.00 8.00 69.46 48.00 6.00 48.37

sandwich structure. The distances between the actual
and the predicted locations of the damage are summar-
ized in Table 2. Ax and Ay are, respectively, the dis-
tances between the actual and the predicted damage
locations in the x and y directions (a coordinates
system was defined in Figure 2(a)).

The distance between the actual and the predicted
location of the dent after 5-mm indentation was less
than 26 mm for all excitation frequencies. Nevertheless,
excitation frequencies ranging between 175 and 250 kHz
for the 3-mm indentation damage led to accurate predic-
tions of the dent location within a distance of less than
55mm (from the actual location). However, the predic-
tion of the damage location for the 2-mm indentation
damage was less accurate; the best result, which was
within 70mm of the actual location, was observed at
an excitation frequency of 250 kHz.

The effects of the number of partitions on the
damage prediction and on computational time were
also investigated, considering only the two excitation
frequencies of 200 and 250 kHz. The analysis was per-
formed for each of the above selected frequencies,
applying different numbers of partitions using all the
possible divisors of 220, that was the data set size. The
results are summarized in Tables 3 and 4; it is evident
that an increase in the number of partitions improves
the localization accuracy to a certain limit, after which
it begins to drop. The reduction in the precision for
higher numbers of partitions S may be due to the
increased sensitivity to small variations and the signifi-
cant influence of noise when the value of S is closer to
the size of the data set. When S = 220 partitions, i.e. is
equal to the data set size, this means each data point in
the benchmark data set is considered as a partition



4140

Journal of Composite Materials 51(29)

Table 4. Distances between actual and predicted damage locations at 250 kHz excitation frequency for different numbers of

partitions.
250 kHz
Frequency (kHz)
2 5
Indentation depth (mm)
Ax Ay Distance AXx Ay Distance Ax Ay Distance
Partitions (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm)
2 23.00 61.00 65.19 62.00 159.00 170.66 144.00 154.00 210.84
4 27.00 70.00 75.03 22.00 24.00 32.56 149.00 153.00 213.56
5 99.00 11.00 99.61 21.00 14.00 25.24 6.00 14.00 15.23
10 12.00 22.00 25.06 7.00 10.00 12.21 3.00 12.00 12.37
I 62.00 104.00 121.08 6.00 12.00 13.42 4.00 13.00 13.60
20 7.00 67.00 67.36 11.00 27.00 29.15 8.00 9.00 12.04
22 72.00 20.00 74.73 17.00 27.00 31.91 10.00 12.00 15.62
44 53.00 112.00 12391 33.00 30.00 44.60 10.00 11.00 14.87
55 10.00 100.00 100.50 38.00 17.00 41.63 11.00 9.00 14.21
110 64.00 23.00 68.01 63.00 30.00 69.78 12.00 12.00 16.97
220 68.00 28.00 73.54 71.00 32.00 77.88 22.00 5.00 22.56
1
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Figure 10. Computational time for calculating anomaly values of all existing paths versus the number of partitions.

(i.e. R = 1), and this is where the greatest noise effect is
obtained because any small variation from the bench-
mark data points in the new captured measurements
can be considered as an anomaly. In contrast, when
S decreases (i.e. R increases), there is loss of informa-
tion and consequently lower precision; this may explain
the significant increase in the error for the smallest
value of S considered in this study (S=2 and
R=110). The above may not apply to the case with
indentation depth of 2mm, which is possibly due
to the minor effect of the miniature surface dent
(0.2mm) on the wave propagation characteristics.

The results given in Tables 3 and 4 show that the
number of partitions could vary from 10 to 22 while
maintaining adequate precision (also 10 < R < 22).

As for computational time, both frequencies resulted
in approximately the same values for different numbers
of partitions, meaning that the elapsed time was not
affected by excitation frequency. Figure 10 shows the
influence of changing the number of partitions on the
computational time for calculating the anomaly values
for all existing paths within the sensor network. It is
evident that the computational time is linearly propor-
tional to the number of partitions. As the reduction
ratio increases (S decreases), the time needed for anom-
aly calculations decreases at the same rate, demonstrat-
ing an advantage of using STSA, that demands less
computational time than other approaches that do
not contain any means of data reduction. For instance,
using S = 20 partitions, the best precision for damage
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localization was obtained while reducing the computa-
tional time by approximately the same value of the
reduction ratio (R = 11), and the time elapsed to cal-
culate anomaly values was less than 0.5s. In this case,
dimensionality reduction made this approach suitable
for online SHM and instantancous damage localization
and assessment.

Two other damage identification approaches were
previously used for the same experimental measure-
ments.® The first approach used the attenuation in the
peak amplitude of the Sy mode for defining the DI,
while the other approach defined the DI based on the
correlation between the incident signal and the

Table 5. Comparison between STSA and two other
approaches in terms of damage localization precision.

reconstructed one using a time reversal algorithm.
The results of STSA were compared with the previously
investigated approaches for evaluation. Comparison
was performed on the best case results, which were
for the 5-mm indentation depth with an excitation fre-
quency of 200 and 250kHz, and is shown in Table 5.
While the distance between the actual and the predicted
locations of the damage was less than 13 mm for the
STSA approach, it increased to about 25mm for the
amplitude attenuation approach. However, the least
accurate DI was that based on the time reversal
approach yielding a distance of above 50 mm between
the actual and predicted damage locations. This
showed a strong superiority of STSA over the other
two approaches and proved its high potential in detect-
ing and localizing flaws in such structures.

Moreover, the capability of the approach to evaluate
the severity of damage was also investigated. Figure 11
shows the mean values of the anomaly measures
obtained from all the existing paths for the three
damage sizes (0.2, 0.5, and 2.7mm residual dents).
The measured dent profile for each of the cases is
shown on the figure for clarity. It can be observed
that when the size of damage increases, the mean anom-
aly value also increases, indicating that the severity of
damage may be deduced or at least predicted from the
obtained anomaly values. Comparison between damage
sizes is obviously possible from the results obtained,
and there appears to be a high correlation between
the size of damage and the average anomaly value of

Indentation
depth 5mm
Frequency Ax Ay Distance
Used approach (kHz) (mm) (mm) (mm)
STSA (20 partitions) 200 10 5 11.18
250 8 9 12.04
Amplitude 200 19 18 26.17
attenuation 250 4 24 2433
Time reversal 200 65 25 69.64
250 44 28 52.15
0.12 T
0.1
.03 Measured
dent profile

Average anomaly
of all paths
o
(=]
(2]

0.04

0.02

0
0.2 0.5 2.7
Residual dent size (mm)
Figure 11. Mean values of the anomaly measures obtained from the existing 80 paths using an excitation frequency of 250 kHz and

20 partitions for the three damage cases.
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all paths. To predict the damage size, training of the
system on different damage sizes would be required.

Furthermore, detecting multiple damage cases in
tapered sandwich structures based on a time reversal
algorithm was investigated in a previous study.’
The current approach can also be extended to detect
multiple damage cases, which will be explored in
future work.

Conclusion

In this article, detection, localization, and evaluation of
progressively increasing BVID in a sandwich CF/EP
composite structure was investigated using STSA. The
analysis was applied on ultrasonic guided wave signals
actuated and sensed using a PZT network installed on a
sample plate. Partitioning of the original data was per-
formed based on maximizing the Shannon’s entropy to
retain maximum information content from the original
signal while eliminating noise effects. An anomaly in a
sensor path was defined as the ratio between the norms
of probability vectors obtained from the constructed
symbol sequences before and after damage had
occurred, and the DI of each 1 mmZ»square shaped
cell of the plate was obtained by data fusion combining
information from all existing paths. Finally, an imaging
algorithm was implemented to construct the images of
the predicted damages.

The effects of the excitation frequency and the
number of partitions on the resolution of the prediction
were investigated. Best results were obtained at an exci-
tation frequency of 250kHz and after partitioning the
data into 1/11 of its original size. The approach proved
to be very sensitive to the existence of the smallest
damage in the order of 0.2 mm after 2-mm indentation.
This method was also able to locate the damage pos-
ition precisely for residual dents of 0.5 and 2.7 mm.
Furthermore, the anomaly values determined in the
approach were a good indicator of the increasing
damage size. In addition, the computational time
elapsed for calculating the anomaly values of all the
investigated paths was shown to be very low (order of
hundreds of milliseconds). These characteristics make
the approach highly promising for online health moni-
toring of structures and for damage assessment and
damage localization in real life applications.

A drawback of the approach is the need for a large
number of sensors to be placed to achieve the capability
of precise damage localization. This can make the real
life implementation more complex. Further optimiza-
tion is therefore required to obtain the optimal
number and locations of the sensors. Future work
may also include improvement for better localization
of very small damage sizes and testing the capability
of the approach to detect and localize multiple defects.
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