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Fusion of Wavelet Packets and Neural Network
in Detection of Composites
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A new data-fusion method is proposed for the damage detection of anisotropic composite materials. Based on
signal processing theory, we combine wavelet packets, which can decompose signals into a tiling of plane of the
time frequency and the feature informationin different frequency bands, with autoregression spectrum analysis to
extract features and recognize the characteristic signals sampled at experiments of damage detection of composites
by vibration. These features are fed into the wavelet neural network as the input patterns for training and classifying.
Analysis on the signals obtained in the damage detection experiment of composites demonstrates the effectiveness

of the proposed method.

Introduction

ECENTLY on-line damage detection of flexible structures has

been a subject of intensive investigation. Dynamic response,
modal parameters, and spectrum analysis are applied in the field
of material damage detection. The candidate models for structures
with various types of damage are designated as the patterns. These
different patterns are organized into pattern classes according to
the location and the severity of the damage. System identification
is performed to extract the transfer functions as the features of the
structuralsystem. These featuresare then trainedin backpropagation
(BP) neural network.!~3 However, compared with the authors’ ex-
periments to extract the feature coefficients of modal and frequency
spectrum and to train the patterns for input to the BP neural network,
itis difficult to effectively detect the differentdamage of anisotropic
composites with large divergence. Method of extraction of features
is therefore an important element. Neural networks are also ap-
plied to detect the damage of composites.* The magnitude spectrum
of signals trains and tests the patterns for input to the neural net-
work. However, it is difficult to draw features with a nonstationary
signal from damage detection composites. Moreover, if the neural
network is to be kept to a manageable size, compression of true
features is an important step. The successful method mustbe able to
analyze nonstationary signals, ignore the noise, and detect relevant
features.

Wavelet transform with good time-frequency localization is ap-
pliedinsignal processing. An intuitiveconceptis the multiresolution
signal representation;-® which considers a signal at differentlevels
of resolution. Wavelet decomposition is a successive approxima-
tion method that adds more and more projectionsonto detail spaces
spanned by wavelets and their shifts at different scales. Wavelet
transformcharacterizesthe fine componentof nonstationarysignals.
The fine componentimplies high frequency or small scale, and how
this changes over a brief duration of time. The wavelet transform
divides up the timescale plane in such a way that high-frequency
activity is described with very sharp time resolution. This method
has been applied to mechanical systems’® but less in composite
systems of damage identification.!” 13

Wavelet packets were first introduced by Coifman and Meyer'*
as a library of orthogonal bases for square-integrablereal functions
[L?(R)]. Implementation of a best-basis selection procedure for a
prescribed signal (or a family of signals) requires the introduction
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of an appropriate cost function, which translates the selection pro-
cedure into a minimization process.’> Choosing a cost function is
intimately related to the specific nature of the application. Entropy,
for example, may constitute a reasonable choice if signal compres-
sion, identification, or classification are the applications of interest.
Statistical analysis of the best-basis coefficients may be used as a
signature, representing the original signal. Both the wavelet packet
decomposition of Coifman and Wickerhauser'> and the extended
algorithm proposed by Herley et al.,'° are sensitive to the signal lo-
cationwithrespectto the chosen time origin. Signals of specimensin
damaged composites may be nonstationary,and their features often
occur over several scales. This feature can be used to great advan-
tage for analysis of nonstationary signals. Multiple-scale activity is
commonplace in detection and diagnostics of composite materials.
Thereliability of vibrationsignalsbased on wavelet packetsanalysis
demonstrates that the multiresolution property of such transforms
is beneficial to the damage detection of composites.

Wavelet neural network has been extensively researched re-
cently,'”" ¥ and it is a potentially powerful detection system.
Because of the abilities to decompose signals into a tiling of the
time-frequency plane and to learn and memorize the patterns as an
associative memory, special attention has been drawn to the use of
wavelet neural networks for patternrecognitionand classification.!”
This application is promising because of its robust characteristics
in dealing with noise and detecting damage-caused signals. It is
capable of detecting patterns of features that define the class of un-
foreseensignals with interference. Accordingly, the objectiveof this
study is to investigate the effectiveness of this approach for dam-
age detection of composites. Being used as a nondestructivetesting
(NDT) technique,damage of detection composites is accomplished
using wavelet neural networks with supervised training, and mak-
ing use of decompositionof wavelet packetsas a physical parameter
in the identification. Another advantage over traditional NDT tech-
niques is the possibility of identifying whether internal failure can
also be made of plastics.

In Secs. II-IV we briefly review the orthonormal wavelet pack-
ets’ decomposition and the autoregression (AR) spectrum estima-
tion based on decomposing the wavelet packets. Section V presents
the overview of the wavelet neural network, whichis applied to clas-
sification. In Sec. VI we draw our strategy of data fusion and experi-
mental design for the recognition of different damage of compound
beams, i.e., no damage, cracks, and delaminations with different
sizes. Finally, Sec. VII summarizes the results and conclusions of
our study.

Orthonormal Wavelet Packets

Wavelet packets proposed by Coifman and Meyer!* are a gener-
alization of orthonormal wavelets. Consider a real-valued mother
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orthonormal wavelet function y and the associated scaling function
¢. Let p; define the filter coefficients of the scaling function ¢, and
g =(—1)*p, _; correspond to that of the wavelet function y. We
denoted

Ho(x) = ¢(x),

1
Py(2) = B Z %4
k

ui(x) = w(x) 1

1 1
P@) =5 @it =53 (=D Pt @)
k k

We now define the scaling function ¢ and the wavelet function y
from the coefficients {p; } and {q; }.

po(x) =) prpto(2x — k), (X)) =) qupe(2x — k) (3)
k k

Applying the Fourier transform to Eq. (3), the following relations
are obtained:

Hi(®) = Pi(e™ (@) 2)
“)

fio(®) = Py(e™ ") 1p(@12),

where functions f((®) and fi,() is the Fourier transform of func-
tions to(x) and p;(x). In this new notation wavelet packets can be
introduced more conveniently. These functions could show the local
time-frequency properties.

Definition 1: Define the function p,,n =2l orn =21+ 1,/ =
0,1,...

pa(x) =) pn(2x — k). para(x) =) quu(2x — k)

k k

5)

then u, are described as wavelet packets that can be recursively
calculated by the scaling function py =¢.

One can see? that such wavelet packets are orthonormalin L*(R)
and they can serve as a set of bases similar to the orthonormal
wavelet functions. Furthermore, wavelet packets are well localized
in both time and frequency and thus provide an attractive alternative
to time-frequency analysis.

Orthonormal Decompose of Wavelet Function
Supposethe waveletpackets can be shownby a group of functions
{u,} obtained from an orthonormal scaling function py =¢. For
each positive integer n € Z,., we define a group of subspace U7
obtained by {u, }:

Ut =closepx) (2?1, (2) o =k)), k€ Z,j€EZ.n€Z,

(6)

where the notation close;2){ ) indicates that U7 is the set of all
possible finite linear combinations of 1, (2/ e —k) with fixed j, as
well as their limits under the L?( R) norm, respectively, then the next
relation can be concluded:

ur =V, JEZ

J

urtt =w;, j€EZ (7)
where the subspaces {V; } € L*(R) are generatedby scaling function
Ko =¢ and the orthogonal complementary subspaces {W; } of {V;}
are generated by wavelet i, =w. The orthogonal decompositions
are given’!:

where the sign @ is a direct sum of the orthogonal decompositions
of subspaces {V;} and {W;}. The preceding equation is equivalent
to

Ul,, =U}e Uj, jJEZ (8)
We may inductively demonstrate that the preceding formulas are
still correct for any positiveintegern € Z,.

U’

=UreuUrtt,  jez ©)

An orthonormal base {y;} j,k € Z can be created by an or-
thonormal wavelet v, and for each j € Z the collection of the jth
function {y;} k € Z is not only an orthonormal base in the sub-
space W; =closeLz(R)( Vi k€ Z), but also it can extract the local
time-frequency information in the jth band:

H; =(2/*'A;,277%A;) (10)
where A is the bandwidth that corresponds to the mean quadratic
root of wavelet. With respect to the higher frequency, the width
H; increases. We will show that wavelet packets have better fre-
quency localization property and also better ability in dividing
higher-frequencybandwidth.

Theorem 1: For each j =1, 2, ..., the following equalities are
held:
w; =Uj?_1 3] Uf_l
W, =U!_,eU;_,eU_,eU]_,
W, =0 eU "' e .0 U "
J Y-k j—k j—k
Wj=U§/eU§/“®-"eU§/HH (11)

Moreover, the library of functions
{29791y 4, (2 T = 1), 1 € Z} (12)

are a normal orthonormal basis in subspace UI?A_;’" for each
m=0,...,2=1k=1,...,j,and j =1,2,.... In fact the kth
orthonormal decomposition in the jth frequency band H; can be
divided into 2* subbands

k,m _
Hj ,m=0,..

2R -1 (13)

The functions in Eq. (12) provide local time concentration in sub-
bands H;."'", and the combinations of set {HI].‘"", m=0,...,2k-1}
give the all-band H;.

For any fixed value k 1 <k <, all wavelet series g;(x)

&) =Y diy@ix —n) =) diy2'x—n) (14

can be decomposed into an orthonormal sum of packets:

Cikm(X) =Y A"y, (277" — ), L2k -1

n

m=0,..

(15)

The preceding formulas can be expressed as a binary tree, and
the decomposition of the tree should be convenient in application.
If the branch of some wavelet packets is less important than others,
a small value k should be chosen for this branch.

When the value k is the largestin Eq. (11), we have the following:

Theorem 2: Foreach j =0, 1, 2, ..., we have the decomposition

LXR) =P W, =0 W_ e W0 U0 U - (16)
jez

where the sets {y, u,(o—k), j=...,-1,0;n=2,3,...;k €

Z} are normal orthonormal bases.

This process can be depicted schematically in Fig. 1. The oper-
ator H and G is constructed by the filter coefficients p, of scaling
function ¢ and the g, of the wavelet function y, respectively.
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S
/ \ Fig. 1 Binary decomposition
/ H\ G of wavelet packets.
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The advantage of packets algorithm lies in the adaptive selection
of the best bases according to the actual signals. Decomposition of
wavelet packets is achieved by the algorithm of Quadrature Millor
Filter, which projects signals to a set of orthogonal conjugate filters
constructed by high-pass and low-pass filters. This approach can
extract the essential features so that the wavelet neural network can
distinguish different signals effectively. Based on the entropy func-
tion, we decompose the signals according to the sixth Daubechies
compactly supported wavelet>?> When the process is applied once,
the data points keep one out of two, and the sampling interval dou-
bles, as shown in Fig. 1. If the initial data contain 1024 points, the
number of data points becomes fewer and fewer as the decompo-
sition continues. As a consequence, we cannot correctly make out
the frequency component by fast Fourier transform (FFT). In the
next section an autoregressive algorithm will be used to solve the
problem of short data sequence, which performs better than FFT
analysis.

Foundation of AR Model and Spectrum Analysis

Suppose that we have the data {x; } k =1, 2, ..., N decomposed
by wavelet packets, we may then use the AR model to perform the
spectrum analysis. The order p of the autoregressivemodel is deter-
mined by experiment or Akaike’s information criteria.?? The Yule-
Walker equation that describes the relations of AR signal model
parameters and autocorrelationcan be easily derived. If the order p
of AR is assumed, we have

P
X ==Y ax,o +w, (17

I=1
where w,, is white noise with zero mean and covariance . From
Eq. (17) we can get

rxx(k) = E(xn + km

»
=E|:(_Zalxn+k—l + Wn+k>ﬁ:|
I=1

P
==Y ara(k =)+ E(w,..%,)

=1

p

- Za,rxx(k -1, k>0

=1

ME I

2 —

l l=1a,rxx(k )+ o7, k=0 (18)
This is the Yule-Walker equation, and its parameter will be obtained
next. First the p parameters {a,, a,, ..., a, } can be solved from the
partk > 0inEq. (18). Then o” is obtained from the part correspond-
ing to k =0. When the p autocorrelationfunctions are known, it is
obvious that the solutions can be obtained. The Yule-Walker equa-
tion can be expressed as the following matrix form:

7 (0) ro(=1) ro(=p+ DY\ (a
re(1) r:(0) ra(=p+2)| | @
rxx(l; - rxx(p. -2 - rxx.(O) “.n
rec (1)
= r’“:(z) (19)
r,«.xkp)

According to the property of autocorrelation functions, r(—k) =
r (k). The autocorrelation matrix in Eq. (19) can be defined as

rxx(o) rxx(_l) rxx(_p + 1)
Rxx _ rxx.( 1) rxx.(o) Tyx ( _{7 + 2)
rxx(p - 1) rxx(p - 2) ttT rxx(o)

where matrix R,, is a Hermitian satisfied Rﬁ =R,,. Moreover it
is also a Toeplitz matrix because of its diagonal elements being
the same. If X, is not pure harmonic quantity, the matrix R, has
solutions{ay, a,, ..., a,}. Weadd Eq. (18) (with k =0)and Eq. (19)

together and get
re(0)  re(=1) ree(=p) 1 o
rxx(l) rxx(o) rxx(_p + 1) a _ 0
rxx(p) rxx(p - 1) Ut rxx(o) ap, 0
(20)

To determine the variables {a;,as,...,a,} and o2, it is nec-
essary to solve Eq. (20) by calculating p + 1 autocorrelations
7ex(0), 75 (1), ..., re(p). If the variables of AR are obtained, the
AR spectrum of decomposition of wavelet packets in the ith se-
quence of the /th layer is expressed as follows:

2/ fis
|1 =37 acdexpl-j2a(f = fidlfid)|’

PAR(f - fli) =

where the sampling frequency fi; and initiative frequency f;; are
related to the layer number of the wavelet decomposition. If the
sampling frequency of the initial data is fy,, the data length is N,
and we get 2! sequences of differentbands in the /th decomposition
layer. The corresponding sampling frequency is fis =27 fy,, and
the length of each sequence is N; =27'N. The initial frequency is
fi = fis * (i — 1)/2 by the theory of wavelet packets.

Adaptive B-Spline Wavelet Network

A wavelet network g : R™ — R" can be expressedin the form!’

Jo m k—b.:
Z;’i(t)=0{zwij|:zck(t)‘//< a.l):”, i=12,...,n

j=1 k=1

(22)
where ¢, (¢)(k =1,2, ..., m)isthe kthinputtraining sample, mean-
ing the extracted feature of the signal according to the preced-
ing theory. §; (i =1, 2, ..., n) represents the ith output, and jj is

the number of the hidden layers. The B-spline wavelet functions
yl(k — bj)/aj] serve to be the connective function from the kth in-
putto the jthhiddenlayer,a; and b; are dilations and shifts for each
wavelet, w;; are the weight coefficients from the jth hidden layer
to the ith output, and o(z) is a sigmoidal activative function. The
expression(22) can be realized by the network shown in Fig. 2. The
network parametersa;, b;, and w;; can be optimized by minimizing
an energy function accordingto the input samples ¢, (¢) and training
samples g; (7). The least-mean-squarescriterion is employed as

po. _n

1
E=33 3 [~ o] (23)

p=li=Il

where p is the total number of samples. By introducingmomentum
factor a for speeding up the convergenceand stabilizing the change
of the weights, the formulas of the change of the weights are givenby

0E
a;(ng +1) =a;(ng) — n— + ala;(ny) 24)
oa;

0E
bij(ng+1) =b;(ng) — nm + alAb;(ng) 25)

J
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— 5
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Fig.2 Adaptive B-spline wavelet network.

E

ij

wii(ng + 1) =w;;(ng) — n

where 1 is a variable step size and
oE po n m

Y33 e - gl )]

p—li=lk=1

Jo m k—b.
xd{ ZWU[ZQ’SU)W( — ’):”Wu'cf(t)

j=1 k=1 i

k—b; 1
><v/< - ’)(k -b)— 27

oa;

k—b\ -1
Xl//( ! (28)

aE Po n
= PO AG)

Jo m —bh. — b
oSS ron(52) o (52)
j=1 k=1 aj aj

(29)

Those are obtained from Egs. (22) and (23).

Experimental Results

The proposed methodology will be presented to approach the
practicaldamage detectionof composite materials through the study
of a simple example. We have made six composite beams with
identical size using the same materials and technologies. They are
of the same length, thickness and width, 60.0 X16.0 X2.5 cm,
respectively. The first beam contains no crack and delamination,
and it is classified as health. Three of the beams contain crack of
sizes 2.0, 2.5, and 3.0 cm; two of the beams have delaminations of
1.5 X 1.5 cm and 2.0 X2.0 cm. All of the cracks and delaminations
are located in the middle of the beams.

Figure 3 shows the experimental setup. A piezoelectric ceramic
patch, functioning as an actuator, was bonded to the top of each
beam 6.0 cm from a clamp using super glue. A second piezoelec-
tric ceramic patch, functioning as a sensor, was bonded in the same
manner, 6.0 cm from the opposite end of the beam. Each beam is
clamped 2.5 cm from the end closest to the actuating piezoelectric
ceramic patch. The cantilever beam length is 60.0 cm. The natural

60.0cm — -
B:.0cm
Crack .
insen
l PZT actuator Delam. PZT sensor
¥ 60.025)2 cm

Clamp

T Composite Beam

Fig.3 Experimentalsetup for detection of a cantilever composite beam
with prescribed damage.

frequencies of health specimen are found using piezoelectric ce-
ramic sensors by an experiment. The first two modal frequencies
are too low, so we choose the third frequency 1.0 kHz to stimu-
late the cantilever beam. We find that the cantilever beams have a
more stable state of vibration with a narrow bandwidth using the
1.0-kHz square wave as the center frequency than using that of
the 1.0-kHz sine wave. The square-wave signal drives the actuating
piezoelectric ceramic patch after amplification by Piezo Systems.
The output acceleration signal of the health compounds, measuring
by the piezoelectric ceramic patch sensor, is sampled and shown in
Fig. 4a, whereas those of the other classes are plottedin Figs. 5a-9a,
respectively. The corresponding spectrum of Fourier transform are
shown in Figs. 4b-9b. Moreover, the correspondingeight figures of
decompositionof packetsin the third layer, obtainedby decomposi-
tion using the sixth Daubechies’? compactly supported wavelet, are
shown in Figs. 4c-9c. The corresponding eight frequency spectra
plots obtained from the decomposition of packets in the third layer
are shownin Figs. 4d-9d. The available informationis not fully con-
sistent for cracks with almost the same degree of damage because
of complexity in making the structure of compounds, dispersions,
and random disturbance in the process of measurement. Signal of
interest can be obscured by background signal sources. From the
Fourier transform spectrashown in Figs. 4b-9b, the health material
is found to have some main peaks, whereas those of the cracks and
deliminations samples also have some. All of these peaks lie in dif-
ferent frequencies. These characteristics might be used to identify
the composites from damaged ones. But the frequencies of main
peaks lie in different frequencies for cracks and deliminations with
different sizes in Figs. 5b-9b. The structure of composites with dis-
persion may be unstable, inconsistent,and complex in behavior. As
aresult, it is quite difficult to obtain a set of consistent features. To
improve the fault tolerance and interference immunity, we should
take into account the transmission bands, extract, and distinguish
the features in different frequency bands before we can obtain the
essential feature corresponding to each damage.

Because of the unstationary property, it is better to manipu-
late these signals using wavelet packets than Fourier transform.
Figures 4d-9d show the eight AR spectraof the wavelet packets cor-
respondingto each beam. From the figures we observe that the mean
values of energy spectrum of signals in different bands are almost
the same for the same type damage, although there are deviationsin
position of the peaks. However, they vary largely for different types
of damage. This mean value of energy spectrumreflects the features
of damage types and shows the inner property attributed by different
damages. We extract these mean values as the features of the sig-
nals from Figs. 4d-9d. Eight feature data ¢, (t) (k =1, 2, ..., 8) are
extracted in every case and are listed as Table 1. They can then be
input to the adaptive wavelet network for training and classifying.
The network consists of eightinput features, eighthiddennodes, and
three output nodes corresponding to the three classes of the dam-
age composite, i.e., health, cracks and delaminations of different
degrees. When the features ¢, (t) (k =1, 2, ..., 8) correspondingto
the health class are fed to the network, the output §; (i =1, 2, 3)
are defined as (1,0,0). When those correspond to the crack class and
delaminationsare fed, the output &; (i =1, 2, 3) are respectivelyde-
fined as (0,1,0) and (0,0,1). In the network y is the fourth B-spline
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Table1 Eight mean values of decomposition of energy spectrum

First AR Second AR Third AR  Fourth AR  Fifth AR  Sixth AR Seventh AR Eighth AR
Type mean mean mean mean mean mean mean mean
Health 1.0913 1.0808 0.1744 0.5127 0.0548 0.1763 0.0494 0.1060
2.0-cm crack 0.7028 0.4507 0.1613 0.3566 0.0535 0.1353 0.0449 0.0870
2.5-cm crack 0.6691 0.3583 0.1150 0.3515 0.0407 0.1347 0.0519 0.0782
3.0-cm crack 0.6766 0.4149 0.0937 0.1633 0.0339 0.1089 0.0508 0.0709
1.5 X 1.5 cm delam.  0.1967 0.1336 0.0786 0.0654 0.0138 0.0277 0.0338 0.0255
2.0 X2.0 cm delam.  0.1102 0.0827 0.0720 0.0372 0.0126 0.0238 0.0312 0.0213
5 200, 5 -
T B
% ol MM, | L |
g 0 W i vﬁ Wb W‘v MW \A‘Hﬂ‘ | | 100 O Nampmhin L |
5 P P sid 5
0 Point 500 o Freq (Hz) 5000 0 500 1000 1500 "’é’boo
40 20 2 10 1 4 0.
20 | 10 ’ 1 'L 5 J 0.5 U i | ‘ |
| ! i
0 LJLﬂ \L(U 0 i 0 / 0 / J 0 L]‘LM,, 1o ‘ )

Fig. 4 Health composite: a) output signal, b) amplitude-frequency of the output sampling signal, c¢) eight decomposition of packets in third layer,

and d) corresponding eight AR spectrum plots according to the decomposition of packets in the third layer.
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Fig. 5 Crack size of 2.0 cm: a) output sampling signal, b) amplitude frequency of the output sampling signal, c) eight decomposition of packets in

L

L

0

—

.

third layer, and d) corresponding eight AR spectrum plots according to the decomposition of packets in third layer.
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Fig. 6 Crack size of 2.5 cm: a) output sampling signal, b) amplitude frequency of the output sampling signal, c) eight figures of decomposition of

packets in third layer, and d) corresponding eight AR spectrum plots according to the decomposition of packets in third layer.
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Fig. 7 Crack size of 3.0 cm: a) output sampling signal, b) amplitude frequency of the output sampling signal, c) eight decomposition of packets in

third layer, and d) corresponding eight AR spectrum plots according to the decomposition of packets in third layer.
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Fig.8 Delamination size of 1.5 X 1.5 cm: a) output sampling signal, b) amplitude frequency of the output sampling signal, ¢) eight decomposition of
packets in third layer, and d) corresponding eight AR spectrum plots according to the decomposition of packets in third layer.
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Fig.9 Delamination size of 2.0 X 2.0 cm: a) output sampling signal, b) amplitude frequency of the output sampling signal, ¢) eight decomposition of
packets in third layer, and d) corresponding eight AR spectrum plots according to the decomposition of packets in third layer.

Error E

1000 2000
Number of learning

3000

Fig.10 Learning convergent curve of the wavelet neural network.

wavelet!® empirically. Because the neural network is simple, the
erroris less than 1072 after 3000 batch-mode iterations of the gradi-
ent descent algorithm using Egs. (24-26). The learning convergent
curve of the network is shown in Fig. 10. After training the other
composites made corresponding to the three states are tested. The
features of the signals extracted by the wavelet packets are fed to
wavelet neural network. Generally, only one of the output patterns
g (i =1,2,3) is equal to 1. If there are more outputs equal to 1,
we choose the output pattern with the maximal argument. The per-
formance of the network that classifies the signals corresponds to
differentclasses is correct. Moreover the system can also recognize
signals with small perturbance.

Conclusion

Testing signals from composites with different types of damage
have differentbehaviorsin different bands. Wavelet packets project
a signal into a set of basic wavelet functions so that the signals can
be exactly decomposed to different frequency bands. We extract the
useful information in different bands for distinguishing different
levels of damage. Further research will be done on a series of test
samples using wavelet packets to study composites to identify the
location and magnitude of the damage in addition to its type.
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