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Abstract

This paper presents a methodology for the detection and classification of structural changes
under different temperature scenarios using a statistical data-driven modelling approach by
means of a distributed piezoelectric active sensor network at different actuation phases. An
initial baseline pattern for each actuation phase for the healthy structure is built by applying
multiway principal component analysis (MPCA) to wavelet approximation coefficients
calculated using the discrete wavelet transform (DWT) from ultrasonic signals which are
collected during several experiments. In addition, experiments are performed with the
structure in different states (simulated damages), pre-processed and projected into the different
baseline patterns for each actuator. Some of these projections and squared prediction errors
(SPE) are used as input feature vectors to a self-organizing map (SOM), which is trained and
validated in order to build a final pattern with the aim of providing an insight into the classified
states. The methodology is tested using ultrasonic signals collected from an aluminium plate
and a stiffened composite panel. Results show that all the simulated states are successfully
classified no matter what the kind of damage or the temperature is in both structures.

Keywords: damage classification, damage index, discrete wavelet transform (DWT), principal
component analysis (PCA), self-organizing maps (SOM), structural health monitoring (SHM),
temperature effects
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1. Introduction

Structural health monitoring (SHM) is an important discipline
that attempts to assess the proper performance of a structure.
To achieve this objective, SHM systems make use of sensors
permanently installed in the structure for inspecting and
defining its current state based on the analysis of structural
responses. As a result, the collected structural responses are
analysed and compared with baseline patterns in order to detect
abnormal characteristics and define the structural integrity.
The obtained information can be used to decide whether the
structure can operate under safe and reliable conditions.

In SHM different levels of damage diagnosis can be
achieved [1]. In a general way, these can be grouped in four
levels. The first level includes the damage detection and its
main objective is to know whether there is any abnormality in
the structure and if this abnormality corresponds to damage.
The second level includes the damage localization and allows
determining the position of the damage in the structure.
The third step includes classification tasks to define the
type of damage and its size. Finally, level 4 is focused on
knowing the structure remaining lifetime. In general, the
damage identification can be performed following two main
approaches. The first approach consists in obtaining a reliable
physics-based model of the structure, while the second is based
on data-driven approaches that normally tackle the problem
as one of pattern recognition. One advantage of the use of
data-driven approaches is the reliability in the analysis since
the indication of damage could be directly determined with
a comparison between a baseline and the collected data.
However, to ensure the reliability of the analysis performed
to the collected signals in several experiments, it is necessary
to consider variations in the environmental and operational
conditions, and the proper functioning of the sensors, actuators
and hardware that are used to inspect the structure.

Different kinds of damage can be found in the normal
service of a structure and these depend on the material,
its configuration, its specific use and the environmental and
operational conditions among others. Some typical examples
are cracks, debonding in sandwich structures, spalling of
concrete cover, buckling of reinforced rods and delamination.
In the same way, these kinds of damage can be produced
by different mechanisms. The following categories can be
distinguished.

e Gradual damage producing mechanism such as fatigue,
corrosion and aging.

e Sudden and predictable damage producing mechanism
coming from aircraft landing and planned explosions in
confinement vessels.

e Sudden and unpredictable damage producing mech-
anism originating from foreign-object impact, earth-
quakes and wind loads.

At the same time, each type of damage can also be
classified depending on their severity into three big groups [3].

e Light damage. This corresponds to the initial stage of
damage, which can be relatively easily repairable and is
not dangerous for the normal operation of the structure.

e Moderate damage. In comparison with the previous
type, this damage requires major repairs and needs to
be evaluated more carefully in order to define if the
structure can operate in normal conditions.

e Severe damage. This type of damage, unlike the pre-
vious, requires major reparations or the replacement of
the structure.

Success in damage identification depends not only on the
methodology developed but also on the correct operation of
sensors permanently attached to the structure. In this sense,
as in all sensing systems, it is need to ensure that it operates
properly. In the case of piezoelectric systems, debonding and
sensor breakage are the big issues to consider. It is important to
consider both types of failure in the detection tasks since false
alarms can be detected by the SHM system without damage
in the structure. The main problem of sensor debonding is that
it cannot be detected by any visual inspection technique and
it can appear because of loadings, degradation of the adhesive
bond or impacts, among others. Sensor breakage is more
common in impacts with foreign objects. It consists in a cut
or cuts that reduce the total area of the sensor. More precisely,
in the case of the piezoelectric transducers (PZTs) it has the
effect of changing the signals applied and collected by the
sensor [2, 38]. This paper considers sensor breakage problems;
debonding problems will be considered in future works.

For a structure in service, the variability in its dynamic
properties can be a result of time-varying environmental and
operational conditions [4]. Some of the environmental con-
ditions to consider are humidity, wind loads, temperature,
altitude, radiation, vibrations and pressure. Operational condi-
tions include loading conditions, operational speed and mass
loading [4]. The design of methodologies to improve the
damage identification including environmental and operational
conditions is currently an area of active research interest. This
interest is motivated by the fact that new designs in civil,
aeronautics and astronautics include the use of more complex
structures subjected to variable environmental and operational
conditions. To assess the structural integrity it is necessary to
have a reliable continuous monitoring that allows false alarms
resulting from these variable conditions to be avoided. Since
a structure in normal operating conditions undergoes tem-
perature variations and different forces by the environmental
conditions, it is necessary to understand the effects of such
conditions and test the developed methodologies under these
conditions.

This paper addresses levels one and three of the damage
identification task by means of a methodology which uses
a baseline with several data from different temperatures to
classify structural states and fault sensor damage. As several
works have shown, in metallic and composite materials the
temperature influence is presented in the wave propagation. In
fact, wave propagation is affected when the elastic properties
and density of the propagation medium are shifted. In ultra-
sonic signals, changes in the temperature stretch or compress
the signal and distort the shape [35-37]. These changes directly
affect the performance of the methodologies and need to be
considered. The methodology presented in this work considers
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Figure 1. Aluminium plate and damage description.

the use of discrete wavelet transform (DWT), multiway prin-
cipal component analysis (MPCA) and self-organizing maps
(SOM) to solve the temperature change problem and it is tested
using an aluminum plate instrumented with five piezoelectric
transducers and a simplified aircraft composite skin panel
which is instrumented with four piezoelectric transducers.
On the one hand, seven different states are studied in the
classification in the first structure: the undamaged state, four
simulated damages (structural modifications by adding a mass
at different positions of the structure) and two fault sensor
(sensor breakage at 25% and 50%). On the other hand, six
structural states are studied in the second structure: these
states include the undamaged structure and five structural
modifications that are simulated by means of adding a mass
in different locations. The experimental results show that all
these states are successfully detected and classified no matter
what kind of damage or temperature in both structures.

The paper is organized as follows. Section 2 presents
the experimental setup followed by the basic theoretical
background on the concepts of discrete wavelet transform,
PCA and self-organizing maps in section 3. The methodologies
for the damage detection and classification are presented in
section 4. The results of the application of the methodology
to the different specimens are presented in section 5. Finally,
conclusions are drawn in section 6.

2. Experimental setup

The validation of the methodology is carried out by using data
collected from experiments performed on two different spec-
imens. The first specimen corresponds to an aluminum plate
with dimensions 200 mm x 200 mm which is instrumented
with 5 PZT transducers (PIC-151) bonded on the surface as
shown in figure 1. Six damages have been simulated on the
structure. The first four damages are simulated by placing mag-
nets on both sides of the structure at different positions. The
other two damages correspond to a break or cut of the sensor
patch to reduce the total area; 25% for damage 5 and 50% for
damage 6. The location of the damages is shown in figure 1.
To inspect the structure, a 12 V Hanning windowed cosine
train signal with five cycles and 50 kHz as the central frequency
was used. This structure was subjected to temperature changes.
To perform these experiments, the structure was placed in
an oven with controlled temperature. Data from the structure
under six different temperatures (24, 30, 35, 40, 45 and 50 °C)
for each structural state were collected. To avoid the contact

Figure 2. Simplified aircraft composite skin panel: setup and
damage positions.

between the metallic surfaces and eliminate the noise in the
experiments, plastic elements were used. 100 experiments
were collected for each state and for each temperature.

The second structure is a simplified aircraft composite
skin panel made of carbon fibre reinforced plastic (CFRP).The
structure is depicted in figure 2. The overall size of the plate
is approximately 500 mm x 500 mm x 1.9 mm and its weight
is about 1.125 kg. The stringers are 36 mm high and 2.5 mm
thick. The properties of the unidirectional (UD) material are
VEibre = 60%, E1 = 142.6 GPa, E; =9.65 GPa, v, = 0.334,
v13 =0.328, vp3 =0.54 and G132 = G13 = 6.0 GPa. The plate
and the stringers consist of nine plies. All plies are aligned
in the same direction. Damage on the tested composite plate
was simulated by localized masses at different positions as in
the previous case. Figure 2 outlines the coordinates for the
simulated damage on the composite skin panel. The excitation
voltage signal is a 12 V Hanning windowed cosine train
signal with five cycles; 120 experiments were recorded per
sensor—actuator configuration at five different temperatures
(35, 45, 55, 65 and 75 °C). To determine the carrier central
frequency for the actuation signal in each structure, a frequency
sweep was performed and the spectral content of each signal
was analysed. The carrier frequencies were found to be 50 kHz.
The carrier frequency was chosen to maximize the propagation
efficiency. This type of excitation generates a dominant Ag
mode that is propagated along the structure allowing a better
interaction of the guided wave with the simulated damage.

3. Theoretical background

The damage detection and classification methodology pre-
sented in this work is based on the use of data-driven analysis.
The analysis is performed by pre-processing the data collected
from the structures using discrete wavelet transform and ap-
plying multiway principal component analysis and damage
indices as pattern recognition techniques. Finally the results
obtained in the statistical modelling with PCA and the damage
indices are included in a classifier to perform the final analysis.
As a classifier, self-organizing maps are used. Details of how
these steps are applied will be explained in section 4. However,
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Figure 3. DWT decomposition tree.

a brief introduction to each method used in this methodology
is included in this section. More details can be found in the
references included in each method.

3.1. Discrete wavelet transform

The discrete wavelet transform (DWT) is a powerful tool
specially used in areas dealing with the analysis of transient
signals. This transform provides sufficient information for
both the analysis and synthesis of the original signal with a
significant reduction in the computational time cost compared
with the analysis of the wavelet in the continuous time
domain normally called the continuous wavelet transform
(CWT) [14]. Roughly speaking, the characteristics of the
given function at a specified time and scale are represented by
the transformation coefficients. In other words, each wavelet
coefficient represents time and frequency information of the
signal. The DWT analysis can be performed by means of a
fast, pyramidal algorithm related to a two-channel subband
coding scheme using a special class of filter called quadrature
mirror filters as proposed by Mallat [15]. In this algorithm, the
signal is analysed at different frequency bands with different
resolution by decomposing the signal into approximation and
detail coefficients. This is achieved by successive high-pass
(HP) and low-pass (LP) filtering of the input signal.

The optimum number of level decompositions could
be determined, for example, based on a minimum-entropy
decomposition algorithm [16]. Figure 3 shows the structure
of the decomposition of the signal and the corresponding
frequency bandwidths for the details (D;) and approximations
(Aj) [15]. Each level is obtained by the decomposition of the
signal with high- and low-pass filtering and a downsampling of
the input signal. The approximations represent the high-scale,
low-frequency components of the signal. The details are the
low-scale, high-frequency components. The frequency fiax
represents the maximum frequency contained in the recorded
signal and #n is the decomposition level. Discrete wavelets are

Figure 4. Unfolding the original data.

often associated with dilation equations and scaling functions.
The basic scaling function y (i) can be defined as

J
y(i)=Y cmyQi—m), (1)

m=0

where the values ¢,,,,m =0, ..., j are the wavelet coefficients.
These coefficients must satisfy certain conditions that are
discussed in [18]. The scaling functions are then used to
construct the corresponding wavelets ¢ (i) from the following
formula:

J
$)=Y (=1)"cnyQi+m—j+1). )

m=0

The approximation and detail coefficients can be calculated as
follows:

J
Ank=2""23 "x(D)y@7"j —k), 3)
i=1

J
Dy =2""73"x(i)p@2"j —k), )

i=1

where y is the scaling function, j is the number of discrete
points of the input signal, and » and k are considered to be the
scaling (dilation) index and the translation index, respectively.
Each value of n allows analysis of a different resolution level
of the input signal. Scaling functions are similar to wavelet
functions except that they have only positive values and are
designed to smooth the input signal [15, 17].

3.2. Multiway principal component analysis (MPCA)

MPCA is a very common practice in multivariate statistical
procedures for monitoring the progress of batch processes
[20, 21] and it is based on the fact that the data are inherently
correlated [27]. This is similar to the use of PCA on a large two-
dimensional matrix constructed by unfolding the three-way
data matrix [26]. In this work the original data are expressed in
a matrix whose dimensions are / experiments, K time instants
and J sensors. This three-way data matrix is decomposed into
a large two-dimensional matrix X as shown in figure 4.

3.3. Principal component analysis

Principal component analysis (PCA) is a useful technique
of multivariable and megavariate analysis [6] that provides
arguments to reduce a complex data set to a lower dimension
and reveals some hidden and simplified structure/patterns
that often underlie it. The goal of PCA is to discern which
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information is more important in the system by determining
a new space (coordinates) to re-express the original data
based on the variance—covariance structure. PCA can be also
considered as a simple, non-parametric method for data com-
pression and information extraction that finds combinations of
variables or factors that describe major trends in a confusing
data set. In order to develop a PCA model, it is necessary to
arrange the collected data in a matrix X. This n x m matrix
contains information from m sensors and n experiments [7].
Since physical variables and sensors have different magnitudes
and scales, each data-point is scaled using the mean and the
standard deviation of all measurements of the sensor at the
same time and the standard deviation of all measurements of
the sensor. Once the variables are scaled, the covariance matrix
Cx is calculated as follows:

1

T
— X. 4)

Ck=

This is a square symmetric m X m matrix that measures the
degree of linear relationship within the data set between all
possible pairs of variables (sensors). The subspaces in PCA are
defined by the eigenvectors and eigenvalues of the covariance
matrix as follows:

C,P=PA, (6)

where the eigenvectors of Cy are the columns of f’, and the
eigenvalues are the diagonal terms of A (the off-diagonal
terms are zero). Columns of matrix P are sorted according
to the eigenvalues by descending order and they are called
principal components of the data set or loading vectors. The
eigenvectors with the highest eigenvalue represent the most
important pattern in the data with the largest quantity of infor-
mation. Choosing only a reduced number r < m of principal
components, those corresponding to the largest eigenvalues,
the reduced transformation matrix could be imagined as a
model for the structure. In this way, the new matrix P (P
sorted and reduced) can be called a PCA model. Geometrically,
the transformed data matrix T (score matrix) represents the
projection of the original data over the direction of the principal
components P:

T =XP. (7

In the full dimension case (using P), this projection is invert-
ible (since PPT = I) and the original data can be recovered as
X = TPT. In the reduced case (using P), with the given T, it
is not possible to fully recover X, but T can be projected back
onto the original m-dimensional space and one obtains another
data matrix as follows:

X =TP" = xp)P". 8)

The residual data matrix (the error when not all the principal
components are used) can be defined as the difference between
the original data and the projected back:

E=X-X=XI-PP"). )

In this paper, a comparison between the dynamical responses
of the structure to be diagnosed and a baseline (pattern) allows

one to determine if some changes exist on the structure and,
besides, whether these changes can be considered as a damage
or not. Transforming or projecting data from different states
of the structure by using PCA would permit an easy and
sometimes visual comparison between them. In some other
cases, these projections are not sufficient and the use of some
statistical measurements that can be considered as damage
indices is necessary. There are several kinds of index that can
give information about the accuracy of the model and/or the
adjustment of each experiment to the model. In a general way,
it is possible to define any index in the form

Index = x Mx, (10)
where the column vector x represents measurements from
all sensors at a specific experimental trial. Matrix M is a
m x m squared matrix and depends on the type of index.
Two well-known indices are commonly used to this aim:
the SPE-index (or Q-statistic), where SPE stands for square
prediction error and the Hotelling’s 7%-statistic (also known as
D-index) [7-10]. The former is based on analysing the residual
data matrix to represent the variability of the data projection
within the residual subspace. Denoting e; as the i-th row of the
matrix E (see equation (9)), the Q-statistic for each experiment
can be defined as its squared norm as follows:
0; =x] (I-PPY)x;. (11)
In a previous work by the authors [19], it was demon-
strated that in the methodology the use of the SPE-index and
the scores allow a good classification, since the T?-statistic is a
measure calculated from the scores, and its use in the method-
ology in combination with the scores introduces redundancies
to the analysis.

3.4. Self-organizing map (SOM)

The self-organizing map (SOM) is a kind of unsupervised neu-
ral network also known as a Kohonen network [11] in honour
of the professor Teuvo Kohonen. This neuronal network is
specialized in visualization and analysis of high-dimensional
data and has the special property of generating one organized
map in the output based on the inputs, grouping input data
with similar characteristics in clusters [12, 34]. To do that, the
SOM internally organizes the data based on features and their
abstractions from input data. In particular, these maps have
been used in practical speech recognition [30], robotics [29],
control [31] and telecommunications [31], among others [13].

The structure of the SOM is a single feed forward network
and each node in the input layer is connected to all the output
neurons [28]. The connection between the input layer and the
output layer is defined by a weighting matrix as shown in
figure 5. In general, the inputs to the network are defined in
the input layer and a weighting matrix relates each input with
each cluster in the output layer.

The result of the SOM is an organized map which
contains the final clustering of the input data. This information
can be visualized by using the cluster map. The distance
matrix techniques are widely used in the visualization of the
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Figure 5. The self-organized map.

cluster structure of the SOM. One of these techniques is the
unified distance matrix, called U-matrix, which shows the
separation between prototype vectors and neighbouring map
units. The U-matrix is related to the linkage measure and can
be visualized using a colour scale [32].

4. Damage detection and classification

In this paper, a methodology is proposed for damage detection
and classification which is partly based on a methodology pre-
viously developed by the authors [3, 19, 33]. This methodology
is considered to be used in plate-like structures instrumented
with several sensors and uses ultrasonic signals to inspect
the structure as a local approach. Further studies need to be
considered to determine the application of this methodology
in large-scale structures.

The proposed methodology considers the use of a multi-
actuator piezoelectric system (distributed piezoelectric active
network) working in several actuation phases, discrete wavelet
transform, multiway principal component analysis (PCA),
SPE-index and self-organizing maps for the classification of
different structural states by considering temperature changes
using robust baselines. In this case, a robust baseline is
defined as a baseline with the data from the healthy structure
at different temperatures. For building the baselines, the
information about the temperature is not required because just
the coefficients from the experiments at different temperatures
are used to unfold the information by each actuation phase,
as will be shown in the following paragraphs. The multi-
actuator piezoelectric system consists of several piezoelectric
transducers attached to the surface of the structure under test
working in several actuation phases. In each actuation phase,
one lead zirconium titanate (PZT) transducer is selected as
actuator and a signal is applied to produce Lamb waves in the
structure. On this paper the use of PZTs is considered since
these can be easily attached to the surface of metallic structures
and can work as sensors or as actuators. A study of the sensors
to use needs to be considered in each particular application,
because the piezoelectric sensors could not be useful in large
civil applications where a large quantity of sensors is needed
and the computational cost also needs to be considered for a
successful application.

The signals propagated through the structure are col-
lected in different points using the rest of the sensors and
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Figure 6. Unfolding the collected data in the actuation phase 1 using
n temperatures.

pre-processed by using the DWT. In this paper the DWT
is used as a method for pre-processing the information by
representing the high-dimensional original data from all the
sensors attached to the structure to a compact representation
by means of approximation coefficients. In this work the family
of Daubechies wavelet basis function ‘db8” was chosen for the
methodology presented here since it proved to be adequate to
encode and approximate the ultrasonic waveforms. This was
accomplished by means of different trial-and-error tests by
evaluating different mother wavelets and levels of decomposi-
tion so that the signal could be properly reconstructed from the
calculated wavelet coefficients. The chosen ‘db8’ wavelet is an
orthogonal wavelet with the advantage of avoiding phase shifts
and allowing exact reconstruction of the signal. The index
number refers to the number of coefficients. The number of
vanishing moments for each wavelet is equal to half the number
of coefficients, so the ‘db8” has four vanishing moments.
A vanishing moment confines the ability of the wavelet to
represent polynomial behaviour [17, 23]. Special attention was
paid to selection of the optimum decomposition level in order
to avoid removing important information that could be related
to some of the modes of propagation contained in the signal.
The optimum number of level decompositions is determined
based on both a minimum-entropy decomposition algorithm
and systematic trials [16]. The entropy-based methods perform
a systematic comparison of the signal and noise using the
Shannon information theory [17]. It has been shown that a
pure noise signal has the largest entropy while a systematic
signal has zero entropy [24].

Figures 6-8 show the scheme of the methodology. In a
first step, when working with one temperature, the dynamic
responses collected from each actuator phase are stored by the
data acquisition system in a matrix with dimensions (I x K),
where [ represents the number of experiments and K the
number of sampling times. Denoting J as the number of PZT
transducers that are receiving the dynamical responses for each
experiment, J matrices with the information from each sensor
by each actuator phase are finally stored. Therefore, the whole
set of the data collected in each actuator phase and with a
specific temperature can be organized in a three-dimensional
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Figure 7. Calculation of the baseline pattern using PCA and
calculation of scores and SPE-index in the actuator phase 1.

matrix (I x K x J) or in a two-dimensional unfolded matrix
(I x JK), where data from each sensor are located besides the
other sensors as in figure 4. This is a very common practice in
multivariate statistical procedures for monitoring the progress
of batch processes [20, 21]. To manage the use of different
temperatures, in this paper the data (approximation coefficient)
from each temperature are unfolded and organized in a matrix
as shown in figure 6 in order to obtain a matrix by each actuator
phase with the information from all the sensors at different
temperatures.

The collected data in each actuation phase must be
pre-processed before the computation of the PCA model.
For this kind of data sets (unfolded matrices), several ways
of scaling have been presented in the literature: continuous
scaling (CS), group scaling (GS) and auto-scaling (AS) [22].
According to these references, GS is selected for this work
because this method considers changes between sensors and
these sensors are not processed independently. Using this
normalized data, a PCA model is built by each actuator phase.
This way, the data are reduced by selecting a reduced number
of components according to the cumulative percent variance
(CPV) approach. The CPV approach guarantees the minimal
model dimension that captures the desired variance. For the
pre-processing step, the limitation is given by the processing
capacity, since the data fusion implies the processing of
a matrix with dimensions n (experiments) X md (sensors
X approximation coefficients) by each actuation phase. As
was previously mentioned, in the methodology data from
a piezoelectric active system are considered. Even when
in this paper it is not included, it would be interesting to
test the proposed methodology with other types of sensor
network, i.e. acceleration measurements, strain measurements,
etc. However, this topic goes beyond the scope of the proposed
paper and it would probably be evaluated in future work.

In a second step, the experiments are performed by
evaluating the structure in the different possible states or
scenarios (undamaged and with different kinds of damage)
under different temperatures. The collected signals are pre-
processed and organized in the same manner as in the first step.
Afterwards, these signals are projected onto the corresponding
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Figure 8. Final pattern for damage classification.
PCA model (equation (7)), and the scores and the Q-index are
obtained, as represented in figure 7.

With a predetermined number of scores and with the
SPE-index, combining the results of all the actuator phases, a
feature vector is built. This vector is used to apply data fusion
and obtain a pattern with the information for the classification
using all the structural states as shown in figure 8. This feature
vector is then introduced as the input to a classifier. A SOM
has been chosen as a classifier because its characteristics
can provide good support for the classification and graphical
representation, and group input data with similar features in
clusters [19]. One important characteristic of this kind of ANN
is that it does not need previous knowledge about the state of
the structure (healthy or with some damage) to obtain the final
clustering.

To visualize the results of the classification the U-matrix
surface and the cluster map are used. The U-matrix surface
allows the visualization of the distances between neurons by
means of colours between adjacent neurons and the cluster
map corresponds to another representation that can be used
as a tool to show the different data set grouped with similar
characteristics showing the clustering tendency. However, it
is not possible to provide a multi-damage detection which
is able to identify several damages occurring independently.
Multi-damage scenarios will just be detected as an additional
damage and generate an additional cluster in the SOM.

The proposed methodology is indeed a qualitative ap-
proach since a quantitative assessment of damage is not pro-
vided in the presented work.

5. Analysis and discussion of the results

5.1. Aluminum plate

The following three studies were conducted in order to verify
and determine the approach sensitivity and the influence of
the temperature variations in the detection and classification
of damage.

(a) Classification of baselines at different temperatures.
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Figure 9. Percent of variance in the aluminum plate in (a) actuation
phase 1 and (b) actuation phase 5.

(b) Damage detection and classification at each temperature
level.

(c) Damage detection and classification using all tempera-
tures.

5.1.1. Classification of baselines at different temperatures.
Firstly, the classification of the different baselines at the
different temperatures is evaluated. In particular, data from
the structure at six different temperatures (24, 30, 35, 40, 45
and 50 °C) were used to evaluate the approach.

Following the scheme described in section 4, the wavelet
approximation coefficients from the data of the healthy struc-
ture at different temperatures are computed. These approxi-
mation coefficients are organized as in figure 4 and then the
baselines (PCA models) are built. To determine the number
of principal components that will be used to project the new
data, the variance captured by each principal component was
computed for each temperature in order to determine the
number of principal components. This analysis is fundamental
in order to ensure that enough variance is captured by the
model, therefore, allowing an optimal reduction. The distribu-
tion of the retained variance along the principal components
in two of these actuator phases is depicted in figure 9. Only
the components with a significant variance value are shown.
The components with the highest variance represent variables
or factors that describe major trends in a confusing data set.
Similar results are obtained in the other actuation phases. From
this analysis, the first 10 principal components are selected and
used to define the PCA model by each actuator phase. This
number of components considers more than 90% of variance
in the statistical modelling.

New data from the structure to be diagnosed, in different
states (healthy and damaged) are then collected and projected
into the corresponding PCA model. These projections (scores)
and the SPE-index are calculated by each actuation phase and
used to define the feature vector and perform the data fusion
as in the equation

F; = [scorek  QF], (12)

where Score = [score; ...score,] with n principal compo-
nents, k corresponds to the number of actuator phases and
i is the number of experiments.

In order to define the optimal set of parameters to config-
ure the map such as the normalization, the shape of the cluster
map and its size, several SOMs are trained and validated.

Six possible normalizations are implemented in the tool-
box to pre-process the input data: range, var, log, logistic,

=
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Figure 10. Classification of the different baselines at different
temperatures using 10 scores and the SPE-index using the cluster
map.

histD, histC [25]. According to [25], the normalization type
var, performs a linear transformation which scales the value
such that their variance is one. Normalization type range
scales the variable values between [0,1] also using a linear
transformation. Log normalization makes a logarithmic trans-
formation of the input variables. The logistic normalization
is more or less linear in the middle range and has a smooth
nonlinearity at both ends, which ensures that all values (even
in the future) are within the range [0,1]. Normalization type
histD is a discrete histogram equalization. It sorts the values
and replaces each value by its ordinal number. Finally, it scales
the values such that they are between [0,1]. Normalization type
histC is a continuous histogram equalization. The value range
is divided into a number of bins and the values are linearly
transformed in each bin. In a previous work by the authors [19],
these normalizations were explored and the advantages and
disadvantages of each normalization were explored. As a
result, normalization type histD is selected on this work to
normalize the feature vector. From this analysis a hexagonal
lattice with a flat sheet shape is also defined. Different shapes
such as sheet, cylinder or toroid can be chosen. For ease, a
flat sheet shape is considered here. Finally, a cluster size of
30 x 10 is obtained to train the SOM.

The results of the training are presented by means of both
the cluster map, in figure 10, and the U-matrix surface in
figure 11. In the figures, the information about the temperature
value is used just for labelling the results and the axis
corresponds to the cluster size; in this sense, all the plots
have 30 x 10 neurons. The analysis of these plots allows one
to find differences between the data from the healthy structure
at different temperatures. In this case six clusters seem to have
been well identified in the cluster map and in the U-matrix
surface. More precisely, the observations of the cluster map
shows that the data from the structure when the temperature
is 24 °C are better organized. This fact can be inferred by
reviewing the number of output neurons occupied in the cluster
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Figure 11. Classification of the different baselines at different
temperatures using 10 scores and the SPE-index using the U-matrix
surface.
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Figure 12. Classification of the different states at 24 °C using 10
scores and the SPE-index using the cluster map.

map. In the U-matrix surface the boundaries represent the
separation between the clusters and the colour shows the
magnitude of the differences between the clusters. In this sense,
higher value colours according to the colour scale imply large
separations. According to the colours at the boundaries, it can
be seen that there are no significant differences between the
first four temperatures. However, this difference is remarkable
with respect to the last two temperatures. Another important
issue is related to the management of the outliers. In the cluster
map presented in figure 10, there is an outlier that corresponds
to the structure at 45 °C. In this case, it is worth noting that the
U -matrix surface (figure 11) allows the isolation of the outlier
by the separation between the different areas. This separation
represents the different zones delimited by boundaries, where
the colours with low magnitude according to the colour scale
depict these zones. The colours with high magnitude into
these boundaries can be interpreted as the zones with a high
separation between the clusters or the zones where the outliers
appear. The result of this first study demonstrates the influence
of the temperature despite the fact that the data comes from
the healthy structure. These differences are not so evident with
respect to the first temperatures.

5.1.2. Damage detection and classification by each tempera-
ture. Inthe second study, the maps were trained using the data

Undamaged case
Damage 2 case

Damage 5 case 1.5

Damage 4 case

Damage 6 case

Damage 1 case 30}2 )

1

Figure 13. Classification of the different states at 24 °C using 10
scores and the SPE-index using the U-matrix surface.
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Figure 14. Classification of the different states at 40 °C using 10
scores and the SPE-index using the cluster map.

from seven different states (healthy state and six damages). The
normalization, the hexagonal lattice and the cluster size were
defined as in the previous study. Four damages were simulated
in the tested plate by adding a mass at different locations on
the surface of the structure. In addition, two real damages
in a sensor were performed. These damages correspond to a
breakage at 25% and 50% of the sensor 3. Figures 12 to 17
show the classification results when the structure is exposed
to a temperature of 24, 40 and 50 °C.

When the structure is exposed to a temperature of 24 °C,
seven zones seem to have been well identified, as can be seen in
figures 12 and 13. The boundaries between the clusters in the
U -matrix surface show that there is a clear separation between
all the states. Moreover, according to the cluster map there are
no outliers.

Figures 14 and 15 show the results when the structure is
exposed to a temperature of 40 °C. As it can be seen, there
are seven clusters well identified in the cluster map and the
U -matrix surface. As in the previous case, there is no presence
of outliers. However, the damage distribution across the map
is different.

The results when the structure is exposed to 50 °C (figures
16 and 17) show that all the states are clearly classified.
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Figure 15. Classification of the different states at 40 °C using 10
scores and the SPE-index using the U-matrix surface.
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Figure 16. Classification of the different states at 50 °C using 10
scores and the SPE-index using the cluster map.

The lowest boundary is presented between the data from the
undamaged state and damage 2 in the U-matrix surface. If the
results of the classification are compared with respect to all
the temperatures, it can be concluded that the damages have
been correctly classified. Moreover, the way the outliers have
been treated does not imply the creation of a new cluster. The
undamaged state in all the temperatures is clearly separated
from the rest of the damages although the number of output
neurons in the cluster map is different for each temperature.

The results in the previous two studies have shown
that the proposed methodology applied to data coming from
dynamic responses at different temperatures allows a proper
final classification in the cluster map and the U-matrix surface.
However, these results change from one temperature to another
and the distribution at each temperature is different. Therefore,
these results suggest that changes in the temperature during
the inspection can probably lead to false results in the final
classification.

5.1.3. Damage detection and classification using all tempera-
tures. The third study with the aluminum plate is aimed to
solve the question about how it is possible to improve the

Damage 5 case

Undamaged case
»y r -

Damage 2 cdse

Damage 4 case Damage 1 case

Figure 17. Classification of the different states at 50 °C using 10
scores and the SPE-index using the U-matrix surface.

final classification pattern by considering the data covering
different temperature ranges. As a possible solution, in order
to improve the robustness of the methodology to temperature
changes, the data from the different temperatures are organized
and processed as it has been explained in section 4. In the
previous cases, we have just used 10 scores. However, the
use of data from all the temperatures increases the number
of scores that have to be considered. In this case, the optimal
set of parameters to configure the map was found to be as
follows: 150 scores, normalization HistD, a hexagonal lattice
with a flat sheet shape and a cluster size of 30 x 30. In spite
of the number of scores being high, the feature vector built
with this number of scores and the SPE-index corresponds to
areduced version compared with the use of the raw signals or
all the approximation coefficients.

The results are presented in the figures 18 and 19 by means
of the cluster map and the U-matrix surface. Results show
a clear distinction between the different structural states in
both figures. This distinction can be observed by the different
data sets with different colours in the cluster map. The main
difference with the previous results is that damage 3 is now
separated into two groups. This result can also be confirmed
by evaluating the U-matrix surface. It is also worth noting
the presence of small zones inside of each damage case in the
U -matrix surface and the cluster map. In the U -matrix surface,
the damage cases are separated by the highest boundaries, the
sub-groups are represented by the dark blue colour and the
separation between these sub-groups is represented by the light
blue colour. More precisely, six sub-cases can be identified for
each damage case. These six cases correspond to the data at the
six temperatures. These results confirm that the methodology
allows a proper identification of the different types of damage
despite the changes in the temperature.

5.2. Multi-layered composite plate

The evaluation of the damage detection and classification
methodology using this specimen was performed by means
of the following three studies:

(a) Damage detection and classification at different tempera-
ture levels.

(b) Damage detection and classification of different damages
at different temperatures when the baseline is built using
the data from all temperatures.
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Figure 18. Classification of the different states using all temperatures, 150 scores, SPE-index, normalization type histD and map size

30 x 30 in the cluster map.
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Figure 19. Classification of the different states using all
temperatures, 150 scores, SPE-index, normalization type histD and
map size 3 x 30 in the U-matrix surface.

(c) Damage detection and classification of the same damage
at different temperatures when the baseline is built using
the data from all the temperatures.

To define the optimal set of parameters to configure
the map in each study, several SOMs are again trained and
validated. As a consequence, a defined number of scores and
the SPE-index are used by each actuation phase to define the
feature vector. To train the SOM, a normalization type histD
is applied to the feature vector, and a hexagonal lattice with a
flat sheet shape and a cluster size of 30 x 10 are used.

5.2.1. Damage detection and classification at different temper-
atures. Results from the first study are presented in fig-
ures 20-25. These figures illustrate the results when the plate
is exposed to temperatures of 35, 55 and 75 °C. Similar results
are obtained with the rest of the temperatures, but the figures
are omitted for space reasons.

Undamaged Case
Damage 4 Case

Damage 5 Case

Damage 2 Case

Figure 20. Classification of the different states at 35 °C using five
scores and the SPE-index.

Figures 20 and 21 show the results obtained by means of
the cluster map and the U-matrix surface at 35 °C respectively.
These results show that six structural states are well identified.
As it can be shown in the U-matrix surface (figure 21), there
is a clear separation between the undamaged state and the rest
of damages at this temperature.

Figures 22 and 23 show the results when the multi-layered
composite plate is exposed to a temperature of 55 °C. As it has
been discussed previously, the cluster map and the U-matrix
surface present six well defined clusters. The biggest boundary
can also be found between the undamaged state and the rest of
damages. However, in this case, the boundary between damage
4 and damage 2 is less evident.
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Figure 21. Classification of the different states at 35 °C using five
scores and the SPE-index.
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Figure 22. Classification of the different states at 55 °C using nine
scores and the SPE-index using the cluster map.

Damage 4 Case

=

Undamaged Case

—

Damage 1 Case
Damage 3 Case

Figure 23. Classification of the different states at 55 °C using nine
scores and the SPE-index using the U-matrix surface.

Figures 24 and 25 present the results obtained when the
temperature is 75 °C. As well as the previous cases, the
undamaged state is clearly separated from the damaged cases.

5.2.2. Damage detection and classification of different dam-
ages at different temperatures when the baseline is built using
the data from all temperatures. Results from the second study
are depicted in figures 26 and 27. In this case, the baseline is
built using data from all temperatures. Moreover, five different
damages from different temperatures are used. In this respect,
damage 1 corresponds to damage 1 when the plate is exposed
to a temperature of 35 °C; damage 2 is the damage 2 at 45°;

]
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Damage 4 Case

Damage 5 Case

Damage 2 Case

Figure 24. Classification of the different states at 75 °C using 11
scores and the SPE-index in the cluster map.

Undamaged Case 1.5
mage 2 Case
1
10
0.5
Damage 1 Case
0

Damage 3 Case

Figure 25. Classification of the different states at 75 °C using 11
scores and the SPE-index in the U-matrix surface.

damage 3 is the damage 3 at 55°; damage 4 is the damage
4 at 65°; and damage 5 is the damage 5 at 75°. The feature
vector is formed by 30 scores and the SPE-index of each
actuation phase. The observation of the cluster map and the
U-matrix surface allows us to identify the different states
despite the presence of two outliers (in the undamaged case and
in damage 1). In contrast to the previous results, the boundary
in the undamaged state is less clear with respect to the rest of
boundaries in the U-matrix surface.

5.2.3. Damage detection and classification of the same dam-
age at different temperatures when the baseline is built using
the data from all the temperatures. Figures 28 and 29 show
the results from the third study. In this case, the baseline is built
using the data from all the temperatures. The objective is now
to classify the same damage (damage 1) at different tempera-
tures. The feature vector is composed of 30 scores and the SPE-
index of each actuation phase. The results in the cluster map
and the U-matrix surface show that it is possible to perform the
damage detection because there is a clear distinction between
the healthy state and the damaged states. Nevertheless, the
clusters with damaged states cannot be clearly separated, and
some outliers are present in the cluster map. The last remark
can be validated using the U-matrix surface since its bound-
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Figure 26. Classification using the baseline with all temperatures
and damages at different temperatures and positions.
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Figure 27. Classification using the baseline with all temperatures
and damages at different temperatures and positions.

aries do not have a significant value. As a conclusion, a proper
classification of all damages from this case is not possible.

6. Conclusions

An automatic method was proposed for the analysis of ultra-
sonic signals for the purpose of damage detection and clas-
sification under temperature variations. The results obtained
showed that there is an influence of the temperature in the
variability of the dynamics in the data gathered from the
structure when it is subjected to environmental changes in
spite of the structural state studied. This result demonstrates
that the temperature is an important environmental effect to
bear in mind in the design of a SHM system.

The first study indicated that the use of the approach
enables one to detect and classify damage in the structure
and the breakage at different percentages in the sensor when
the data are collected under the same temperature conditions.
In the specific cases presented, the pre-processing with DWT,
the use of the scores and the SPE-index by each phase and the
data fusion by means of a self-organizing map presented the
best result in the detection and classification in both structures.

The use of robust baselines as presented in this paper
allowed the damage detection in all the cases in spite of
temperature changes, and the complexity and type of material
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Figure 28. Classification using the baseline with all temperatures
and damage 1 as damage at all temperatures in the cluster map.
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Figure 29. Classification using the baseline with all temperatures
and damage 1 as damage at all temperatures in the U-matrix surface.

of the evaluated structures. According to the results, in all
the evaluated cases there was a clear separation between the
healthy state and the damage states in the cluster map and the
U -matrix surface.

In the classification problem, the use of robust baselines
allowed classification in most of the cases with the exception
of the same damage at different temperatures in the simplified
aircraft composite skin panel where the use of scores and
SPE-index do not allow classification. In this specific case,
additional studies need to be performed to obtain a better
classification of all the damaged states.

Finally, it is necessary to highlight that with the appli-
cation of this approach, the problem of evaluating all the
phases to define the existence of damage especially in large
structures instrumented with several PZT transducers is solved.
The solution implies only the evaluation of the cluster map or
the U-matrix surface obtained by data fusion.
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