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the inherent structure of the original data with reducing variability, which may be
used to visually explore subgroups formed by objects exhibiting similar appearance.
PCA still needs a post processing step to automatically classify different patterns in
data structure each one related to one state of the structure that could be a safe and
trustable alternative for visually exploring subgroups. To achieve this goal, different
classifiers can be used. Among them, WaveCluster algorithm is chosen in this work to
provide the automatic classification of damages. WaveCluster is one of the promising
clustering algorithms based on wavelet idea.

In this work, PCA is used as a dimensional reduction and feature selection tool.
In first step, PCA is applied on time series response of structure actuated by appro-
priate guided wave. Then WaveCluster is used to classify all objects in 2 dimensions
each of which representing an observation. Observations with highest similarities are
categorized in a common group, each one stand in for a significant status of structure.
Thereby any probable discordancy caused by damage are classified and automatically
detected.

PRINCIPAL COMPONENT ANALYSIS

The central idea of principal component analysis is to reduce the dimensionality of a
data set in which there are a large number of interrelated variables, while retaining as
much as possible of the variation present in the data set.

The theory of PCA has been considered in [3, 4] completely. However a brief
description and mathematical definition is presented as following. PCA model is
calculated using the collected data in a matrix form of X(m×n) containing informa-
tion from n sensors and m experimental trials. Once the variables are normalized the
covariance matrix S is calculated as follows:

S =
1

m−1
XT X (1)

Covariance matrix is a square symmetric m×m matrix that measures the degree
of linear relationship within the data set between all possible pairs of variables (sen-
sors). The subspaces in PCA are defined by the eigenvectors and eigenvalues of the
covariance matrix as follow:

CX P̃ = P̃Λ (2)

Where the eigenvectors of S are the columns of P̃ and the eigenvalues are the
diagonal terms of L (the off-diagonal terms are zero). The eigenvectors with the
highest eigenvalue present the majority of data. The score matrix T represents the
projection of the data in the new subspace. This projection is defined by the equation
3 where P is the new sorted and reduced matrix of principal components.

T = XP (3)

The score matrix T (m× r), is used as a dimensionally reduced representative of
the original data.



After reducing the dimension of data, the observations in new space are provided
to the classifier to distinguish and organize them in appropriate groups each one ded-
icated to different condition of the structure. This goal is done by using a Wavelet
based classifier called WaveCluster.

WAVECLUSTER

The aim of data-clustering methods is to group the objects in databases into mean-
ingful subclasses. Clustering tries to detect groups and assign labels to the objects
based on the cluster that they belong to. A good clustering algorithm should be time
efficient, order-insensitive and be able to identify clusters irrespective of their shapes
and relative position. Clustering algorithms are categorized into four main groups:
partitioning algorithms [5], hierarchical algorithms [6], density based algorithms [7]
and grid based algorithms [8, 9]. In latter category, the algorithm tries to quantize
the space into finite number of cells and then do all operations on the quantized
space. This method is fast and independent of the number of objects. In this work we
use a spatial data-mining method termed WaveCluster that belongs to this category.
WaveCluster is efficient method with low computational complexity. The results are
less affected by noise and the method is not sensitive to the order of input objects.
The main idea of WaveCluster is to transform the original feature space by applying
wavelet transform and then find the dense regions in the new space. This procedure
makes finding the connected components in the transformed space easier than in the
original feature space, because the dense regions in the feature space will be more
salient [10]. Applying wavelet transform on a signal decomposes it into different
frequency sub bands. The high frequency parts of the signal is related to the regions
where there is a rapid change such as boundaries of cluster and the low frequency
part corresponds to the areas that the objects are more concentrated, the cluster them-
selves. In another words, observations in a 2D feature space are considered as an
image where each pixel of image corresponds to one cell in the feature space. To
achieve this goal, the discrete wavelet transform (DWT) is used. Using DWT, details
and approximation of signal are decomposed for different steps. Approximation or
average sub-band carries information about content of cluster and details sub bands
have information about the boundaries of clusters.

According to Sheikholeslami et al [9, 10], WaveCluster algorithm is concluded as
following steps:

Input: Multidimensional data objects’ feature vectors

Output: clustered objects

1. Quantize feature space, and then assign objects to the cells.

2. Apply wavelet transform on the quantized feature space.

3. Find the connected components (clusters) in the sub bands of transformed fea-
ture space, at different levels.

4. Assign labels to the cells.



5. Make the look-up table.

6. Map the objects to the clusters.

Based on mentioned algorithm, the original feature space is devided into non-overlapping
hyper-rectangles, which are called cells. This happens by segmenting every dimen-
sion into specific number of intervals.

As all data should be at least read, the required time for this algorithm to detect the
clusters is linear in terms of number of input. After reading the data, the processing
time will be only a function of number of cells in the feature space. Therefore, ap-
plying PCA as a primary step to reduce the dimension of the data is a beneficial step
based on the fact that WaveCluster will be very efficient for low number of feature
space dimension.

EXPERIMENTAL SETUP

A Carbon Fiber Reinforced Polymer (CFRP) is used as an experimental benchmark
to apply the methodology. CFRP plate was chosen in a size of 250× 200× 1.7 mm
made of 4 layers and stacking of [0 90 90 0]s . The plate is supported by 9 piezoelec-
tric ceramics (PZT) from PI Ceramics with reference number PIC151 with 100mm
diameter as actuator and sensor. The PZT sensors are distributed over the surface to
detect time varying strain response data in a array of 3 columns and 3 rows with a
70mm and 85mm distance between columns and rows respectively. Figure 1a shows
the schematic and Figure 1c shows a snapshot of the structure with PZT arrangement.

Damages are simulated by adding suitable mass in different locations. Totally 6
damages are simulated in the structure. Figure 1a shows the schematic of damage
locations and Figure 1b shows a sample damage.

(a) Schematic of structure and
damage locations

(b) Simulated damage (c) Snapshot of the structure

Figure 1: Experimental Setup

A 10 V Hann-windowed toneburst signal is used as an actuating signal with dif-
ferent carrier frequencies (30, 50, 60 KHz) with 3 cycles.

For sake of simplicity and according to the symmetry of the structure, transducers
number 4, 5, 7 and 8 are used for this experiment (the rest of transducers was allocated
because of other experiments in a local laboratory). The four transducers are used
as actuator and 13 observations are recorded per sensor. Actuating the structure is



performed for any status of structure including pristine and structure with different
simulated damages. Signals are de-noised and decimated using Matlab® software.
Observations are used in two different ways. Primary, damage detection is testes per
each route and the damages that are allocated in this route. A route is defined as
collection of signals from one actuator to another sensor; hence there are 3 different
routes for each actuator. Secondly, data from each actuator to all other sensors are
folded in a unique matrix and the same procedure is repeated for damages in the area
surrounded by 4 transducers.

AUTOMATIC DAMAGE DETECTION

To start detection and classification procedure, route between transducer 5 and 4 is
chosen as a primary route to be analysed. To do this, signals from actuator 5 to sensor
4 are collected in 4 different states of structure including pristine, damage 1 , 2 and
3 (see Figure 1). Above all, PCA is applied on collected data associated to this route
contain of 4 package each one consist of 13 observations. As a result the dimension
of data is reduced to the first two principal components (X52×2).

In the second step, WaveCluster is applied on the data with new dimension to
classify extant cluster. As a result, WaveCluster algorithm indicates 4 different clus-
ters in data set. In figure 2, all observations are depicted based on the WaveCluster
labeling. As it can be seen in this figure, observations belong to different clusters
including pristine (connected circle) and three different damages (dashed circles) are
clearly distinguished and classified clearly. It should me highlighted that WaveClus-
ter releases the need for visually exploring the groups depicted on the new dimen-
sion space (PC1-PC2) by automatically labeling the observations belong to the same
group.

It should be mentioned that to achieve a satisfactory result a initial step is manda-
tory. In other words, before applying PCA all observations in a group should be
pre-processed to remove the contaminated data or outliers [11].

In next step, the collected data from all sensors associated with a significant actu-
ator are folded in a single observation. Mujica et al [12] suggest a method to organize
recorded data somehow that response over a whole time period excited by an actu-
ator and captured from all sensors are folded in a 2×D matrix where rows show the
observation and columns are consists of package of data from each sensor laid beside
each other. This method highlights the correlations in time for each signal and the
correlations between sensors. Therefor, 3 package of data from each actuator con-
taining 3000 recorded samples per observation are folded. Figure 3 shows the result
of clustering applied on folded data. As it can be seen from the figure, all clusters
related to different condition of structure are distinctly separated and automatically
categorized.
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Figure 2: Damage Classification in route between transducer 5 and 4
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Figure 3: Clustering based on folding observation data

Beside all benefits that WaveCluser algorithm poses, it has the problem accuracy
in some cases. For example in some cases that few specific clusters ,probably similar,
are located far away from the majority of other clusters, WaveCluster algorithm con-



sider these clusters as unique clusters. For example, as figure 4 shows, two damages
(Damage 1 and 3) that are highly located similarly are clustered as a alike damage.
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CONCLUSION

In this work an automatic damage detection is presented based on two fundamen-
tal algorithm. Firstly, Principal Component Analysis is used to reduce the dimen-
sional of data and after that a clustering algorithm based on Wavelet transform called
WaveCluster is applied on dimensional reduced data. Results show that this combi-
nation is capable of automatically detecting and classifying any probable damage in
complicated structure such as composite plates without any need to visually explore
the groups of the data obtained by applying PCA.
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