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Abstract

The purpose of this study is to develop artificial neural networks for the nondestructive evaluation of a bounded structure using laser
generated surface waves. The radial basis model is employed and the inputs of the networks are the sampled dispersion curves while the
output is the thickness of the bonding layer or unbond ratio. Numerical simulated dispersion curves with noises were used to train and test the
neural networks. The dispersion curves of laser ultrasonic experiments acquired by spectral analysis method were also utilized to test the
systems. For comparison, simplex inverse method was also introduced. The results demonstrate that neural networks are well suited for on-
line evaluation of bonding thickness and unbond ratio of a bonded layered structure. © 2001 Published by Elsevier Science Ltd.
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1. Introduction

Due to the broad use of composite structures, the non-
destructive evaluation (NDE) of bonding structures has
gathered a lot of interest, in particular, the detection of
delamination and/or bonding quality in bonded structures
is of practical importance. Due to the noncontact feature
and the ability of broadband signal generation, laser ultra-
sonics has been utilized to investigate the wave propagation
phenomena in composite structures [1-6]. Further, it has
also been applied to the NDE of elastic properties and/or
defects [7—10] in various structures, and promising results
were obtained.

On the other hand, it is known that neural networks
possess benefits of real-time and noise tolerance, and there-
fore, they are most suitable for in situ nondestructive
evaluation of materials. Lorenz and Wielinga [11] utilized
perceptron networks to detect the shape of defects in steel.
The inputs were ultrasonic signals and the outputs indicated
the shape of the defect. Thus more information was
provided in the event that the B-scan image resolution
was not enough. Kitahara et al. [12,13] applied a three-
layer back propagation network to detect depth of cracks
in steel plate. The inputs were ultrasonic time signal and
frequency spectrum. The outputs were 10 neurons, which
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represented 10 kinds of crack depths. Williams and
Gucunski [14] introduced the use of neural networks to
evaluate pavement thickness and properties, which was
trained with results of many numerical simulation of
waves propagation with different layers configuration.

Recently, Wu and Liu [15] demonstrated that the thick-
ness and elastic properties of bonding layer in a bonded
structure could be determined by utilizing the inverse opti-
mization method. As to the detection of the unbond region,
Wu and Chen [16] utilized the wavelet transform to study
the laser generated surface waves in a bonded structure.
They found that the dispersion analysis of surface waves
can be employed to differentiate the unbonded from the
bonded regions in layered structures.

The purpose of this paper is an extension of the previous
work [15,16] to develop an efficient method for rapid
nondestructive evaluation of bonded structures based on
neural networks. Radial basis neural networks are employed
in this paper to evaluate the thickness of a bonding layer
and/or unbond area of a bonded structure. The inputs are
sampled dispersion curves while the output presents the
bonding thickness or unbond ratio. Training and testing
sets are composed of many numerical simulations of surface
wave dispersion in layered media. To evaluate the system
performance, laser ultrasonic experiments were performed
on an epoxy bonded copper—aluminum layered specimen
with very small bonding thickness. The measured dispersive
elastic wave signals were processed via the spectral analysis
method to obtain the experimental dispersion curve.
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Fig. 1. Surface analysis of surface wave test of layered medium.

2. Surface wave dispersion in bonded layered structures
2.1. Calculation of surface wave dispersions

The propagation of surface wave in an isotropic layered
half space has been studied by many researchers and the
associated references can be found in the book by Aki and
Richard [17]. The following calculations of the dispersive
surface waves in layered media were calculated by a
general-purpose computer program, which was written
based on the matrix method [18,19] for the calculations of
dispersion curves of isotropic as well as anisotropic multi-
layered media.

Shown in Fig. 1 is an epoxy bonded layered medium with
part of the area unbonded. The thickness of the surface layer
is H. In the figure, transient elastic waves are generated by a
point source (in this paper, a Nd—YAG pulsed laser was
used) and detected by a pair of receivers with spacing /. [,
and /, are the unbond and the bond parts of /, respectively.
For the elastic wave propagating through both the bond and
unbond regions, the velocity dispersion cannot be predicted
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from either the Lamb wave analysis or the generalized
surface wave analysis. However, to the first order approx-
imation, it can be assumed that the elastic wave propagation
in the unbond region is with the velocity of Lamb wave and
that in the well bond region is with the velocity of the
generalized surface wave [16], i.e.
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where /| and [, are the propagation distances in the unbond
region and well bond region, respectively, v, and v, are the
velocities of the fundamental anti-symmetric Lamb mode
and the generalized surface wave mode, respectively.

It is worth noting that as the laser point source or the
receiver is very close to the boundary of the well bonded
and unbonded regions, the diffraction induced by the
discontinuity is not considered in Eq. (1).

2.2. Dispersion analysis of surface waves

Consider the test configuration shown in Fig. 1. Transient
elastic waves are generated by a point source and detected
by a pair of receivers. The cross-power spectrum, wacz( H,
between the two signals is defined as
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where R;(f) and R,(f) correspond to the Fourier transforms
of time records from the two receivers located a distance [
apart, while » is the number of records averaged. The phase
difference ¢ of the two signals can be calculated from
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Fig. 2. Numerical dispersions of various epoxy thicknesses.
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Fig. 3. Numerical dispersions of various unbond ratios.

and the phase velocity Vj, is thus obtained by
l

4
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3. Neural networks

Neural networks are composed of many simple elements
operating in parallel. These elements are inspired by bio-
logical nervous systems. The network function is deter-
mined largely by the connections between the elements
[20]. The weighted data accepted from input layer or
previous layer are summed by neuron elements and then
are transformed and propagated to output layer or next
layer. Through learning rules of various neural models,
the weightings are properly adjusted. The neural network
can then respond to the input data accurately and rapidly.

3.1. Abstraction of features

In order to provide useful features as the input vector of
neural network, we must consider the following rules [21]:

1. The elements of the feature vector must be the typical
features so that the feature vector differs from each other
evidently.

2. Only the best features are abstracted to decrease the
dimension of the feature vector and the complexity of
the system.

For an epoxy-bonded copper—aluminum layered speci-
men, the dispersion curves of various bonding thickness
and unbond ratio can be calculated using the general
purpose program described in Section 2 and are shown in
Figs. 2 and 3, respectively, where k, is the wave number of

surface wave and H is the thickness of the surface layer.
Figs. 2 and 3 show that the shape of the dispersion curve is
very sensitive to the thickness of the bonding layer and the
unbond ratio, therefore, the sampled dispersion curve is
suitable for the feature vector. We note that for 100% (the
lowest curve in Fig. 3) unbond ratio, this is corresponding to
the Lamb wave propagation in a thin plate. For the unbond
ratio equal to zero (the highest curve in Fig. 3), the dis-
persion curve is equivalent to that of a perfect bonded
layered half-space. For higher frequency or larger wave
number, such as k.H >4 in Fig. 3, the phase velocities
converge to the Rayleigh wave velocity of surface layer.
Therefore, the influence of the bonding layer on the dis-
persion of surface wave becomes small. On the other
hand, we note that the experimental dispersion curve is
usually noisier in the low frequency or smaller wave number
region, such as k,H < 0.5. Consequently, the phase velocity
dispersions of k,H between 0.5 and 4 sampled in 0.1 were
picked as 36 features in this study.

3.2. Neuron model and network architectures

In general, the multi-layered back-propagation network
(BPN) is the most commonly-used model. However, the
determination of layer number and neuron number of each
hidden layer is quite difficult. In order to choose the best
parameters, lots of training is required. On the other hand,
the radial basis neural networks (RBN) require less training
time. The neuron number of hidden layer is automatically
determined during training procedure. Therefore the RBN is
chosen to be the network model in this paper.

Fig. 4 shows the RBN model which is made of only two
layers of neurons, namely hidden layer and output layer.
The transfer function of hidden layer is a Gaussian function
while that of the output layer is a linear function. The net
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Fig. 4. Architecture of radial basis neural (RBN) net model.

input to the hidden layer is the vector distance between its
weight vector ¢; and the input vector x, multiplied by the
bias A;. The output function f,(x) of the rth output neuron
may be described as

£00 =2+ 3 Adlix — cil) 5)
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where n, is the neuron number of hidden layer; ¢(®) is the
Gaussian function. Through an orthogonal least squares
learning algorithm [22] the weighting and bias are directly
evaluated with least sum-square output error. The neuron
number of hidden layer may be increased as well as training
epoch increases until output error decreases to an acceptable
value. The neuron number of hidden layer is then deter-
mined.

In this paper, the input vector is composed of 36
abstracted features adopted from the dispersion curve
while the output is a single neuron, which indicates the

10 T T

bonding thickness or unbond ratio. As the bonding thickness
must be larger than zero and the unbond ratio must be
between zero and 100%, the network output will be re-
arranged if it exceeds these limits.

3.3. Training procedures

To evaluate bonding thickness, the dispersion curves with
0, 0.01H, 0.02H,...,0.1H of bonding layer thickness were
utilized. To improve the noise tolerance, uniformly distrib-
uted random numbers between (—0.177 and 0.17) were
added to phase angle of 10 copies of the above 11 signals.
Therefore, in all there are 110 signals utilized in the training
set. Another 11 signals with 0, 0.005H, 0.015H,
0.025H,...,0.105H bonding layer thickness were generated
as the testing set. Similar consideration of the noise treat-
ment as that in the training set was taking in the testing set.
During the training phase, the network error converges, as
shown in Fig. 5. The solid and dashed lines demonstrate the
error of the training set and testing set, respectively. The
result shows that the least testing error can be achieved with
a spread of 1586 in the Gaussian function and 14 epochs.
That is, 15 hidden layer neurons were required in this neural
network.

To evaluate the unbond ratio, the dispersion curves with
0, 10, 20,...,100% of unbond ratio and 5, 15, 25,...,95% of
unbond ratio were utilized to generate 110 training sets and
100 different testing sets, respectively, according to the
above procedures. The network error during training
converges is shown in Fig. 6. The result shows that the
least testing error can be achieved with a spread of 6000
in the Gaussian function and 5 epochs. That is, six hidden
layer neurons were required in this neural network.
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Fig. 5. Network error for evaluating of layer thickness.
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Fig. 6. Network error for evaluating of unbond ratio.

4. Measurements of dispersion curves using laser
generated surface waves

4.1. Experimental set-up

The experimental configuration of the present study is
shown in Fig. 7, where the focused ND:YAG pulsed laser
beam (Quanta-Ray, GCR-130) (wavelength 532 nm)
provides a broadband source. The duration of the laser
pulse utilized was 10 ns and the energy carried was about
100 mJ. The layered specimen was rested on a precision
translation stage to accurately control the distance between
the source and the receiver. An NBS conical transducer was
utilized to measure the generated elastic wave signals from
the laser sources. The received voltage signals from the

Oscilloscope GPIB

Digitizer

Q-Switch
trigger signal

e

Nd:YAG
Laser
Conical
transducer
speciman

Fig. 7. Experimental configuration of the laser ultrasonic experiment.

conical transducer were then amplified by a preamplifier
and recorded by a 100 MHz digital oscilloscope (LeCroy
9314L). A trigger signal synchronized with the laser source
was utilized to trigger the digital oscilloscope. The recorded
signals were sent to a personal computer via GPIB for
further spectral analysis.

The layered medium specimen was composed of a
200 X 200 X 1 mm® copper plate and a 200 X 200 X 150 mm®
aluminum block. A 1 mm deep shallow square slot (area
120 X 80 mm?) was machined from the aluminum block.
The thin copper plate with 1 mm thickness was then bonded
carefully on top of the aluminum block with epoxy resin.
The wave velocities of these materials were measured by the
ultrasonic experiments and the results are shown as follows:

e Copper:
p = 8500 kg/m*
C,=4848.4 m/s
C,=2271.4 m/s
e Aluminum:
p = 2698 kg/m’
C,=6389.1 m/s
C,=3097.8 m/s

4.2. Measurements of dispersion curves

Since the pulsed laser utilized in this study generates
stable point sources, instead of using one point source and
two receivers, one point receiver and two point sources were
utilized. The advantage of this alternative is that only one
receiver is needed in the experiment, further, the precision
of the change of the source to receiver distance can be
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Fig. 8. Wave signal received on the surface of well-bonded zone (source—receiver distance is 35 mm).

controlled by a precise translation stage. However, it is
worth noting that with this arrangement, the received
surface responses of the two receivers located at a distance
x are generating from different laser point sources. There-
fore, the cross-power spectrum defined in Eq. (2) cannot be
applied directly. In this study, the cross-power spectrum is
redefined as:

y n
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where n; and n, are the number of the two sets of records
averaged. R|(f) and R,(f) correspond to the normalized
R, (f) and R,(f), respectively. The phase velocity V,, may

0.3 T T

be obtained through Egs. (3) and (4) in the same way as
those described in Section 2.

Shown in Fig. 8 is a typical wave signal (displacement
perpendicular to the sample surface) received in the well-
bonded region of the layered specimen. The distance
between the source and the receiver is 35 mm. The vertical
axis of Fig. 8 represents the relative amplitude of the dis-
placement signal. Fig. 9 shows a similar wave signal with
source to receiver distance equal to 55 mm. We note that
due to the dispersion of waves in the layered specimen, big
differences in the received signals at difference locations
can be found easily from Figs. 8 and 9.

In the following experiments, the source-receiver offsets
for the two receivers shown in Fig. 1 are x; = 35 mm and
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Fig. 9. Wave signal received on the surface of well-bonded zone (source-receiver distance is 55 mm)
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Fig. 10. Evaluation result of unbond ratio (/;/l = 0%)

X, =55 mm, respectively. This shows that the distance
between the two receivers are kept at constant spacing as
20 mm, while the source to the receiver set is fixed at a
distance equal to 35 mm. A series of laser ultrasonic exper-
iments was then conducted on the epoxy bonded copper—
aluminum layered specimen with /,/] equal to 0, 40, 65 and
90%. That is, the spacing of the receiver set is 0, 40, 65 and
90% on the unbond area.

The dashed lines shown in Figs. 10—13 are the measured
dispersion curves for unbond ratio /;// equal to 0, 40, 65 and
90%, respectively. We note that for the case of /,/I equal to
zero (Fig. 10), unlike the Lamb wave dispersion, the phase
velocity of the generalized Rayleigh wave at the cut-off
frequency is equal to that of an aluminum half-space. In

2200

this case, small noise on the phase angle measurement
will cause large phase velocity error. And this explains
why the phase velocities in Figs. 10 and 11 for the low
wave number range are not accurate. The 36 features picked
from experimental dispersion are indicated in open circles
in Figs. 10-13.

5. Evaluation results
5.1. Evaluation of bonding thickness

To demonstrate the performance of the neural network
method in predicting the bonding thickness, the neural
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Fig. 11. Evaluation result of unbond ratio (/,/l = 40%)
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Fig. 12. Evaluation result of unbond ratio (/,// = 65%)

network results are compared with those obtained by the
simplex inverse method [15]. The error function indicating
the difference between the measured (v,,) and the guessed
(v,) phase velocities is defined as

N 2
> [l = v,

=S ©)

> @I

i=1

where i represents the discrete non-dimensional wave
number and N is the number of data points utilized in the
inversion process. In this paper, the 36 sampled velocities
picked by neural network were also used here, i.e. N = 36.

2200 :

Shown in Table 1 are the comparison of the results
obtained by the neural networks and the simplex inverse
methods. The neural networks indicate that the epoxy thick-
ness is of 0.099 mm, while the simplex method indicates
that the epoxy thickness is of 0.094 mm. Although the deter-
mined values of the bonding thickness are close, the simplex
inverse method requires 26 iterations or 52 forward calcula-
tions of the dispersion curves. On the other hand, the neural
network method predicts the result in real time, and no
forward calculation is required.

5.2. Evaluation of unbond ratio

Table 2 demonstrates the result of unbond ratio detection.
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Fig. 13. Evaluation result of unbond ratio (/,/l = 90%)
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Table 1
Results of bonding thickness evaluation

Epoxy thickness (H) Neural network

Simplex method

Epoxy thickness (H)

Error function (X 10™%)

Epoxy thickness (H) Error function (X 10™% Iteration

0.1 0.0992 1.727

0.0937 1.551 26

Table 2
Results of unbond ratio evaluation

L/l (%) Neural network Simplex method
L/1 (%) Error function ( X 10™%) L/l (%) Error function (X 10™%) Iteration
0 0 1.778 0 1.778 22
40 43.6 2.251 41.2 1.544 26
65 67.5 6.042 63.7 4.057 28
90 91.6 1.963 90.2 1.709 29

Note that for a well bonded area, both the neural networks
and the simplex method indicate the unbond ratio is zero.
The results showed that accuracy of the unbond ratio
predicted by the neural networks is slightly less than that
of the simplex inverse method. However, the computer time
needed in the neural networks is far less than that of the
simplex inverse method. The solid lines in Figs. 10—13 are
obtained by the forward calculation of dispersion curves
with the unbond ratios determined by the neural networks.
It is seen that the calculated dispersion curves are in good
accordance with the measured ones (dashed lines).

6. Conclusions

In this paper, we have introduced the radial basis neural
networks to evaluate the thickness of a bonding layer and/or
unbond ratio of a bonded structure. Numerical simulations
of surface wave dispersion in layered media were performed
and the results were utilized to form the training and testing
sets of the neural networks. Laser ultrasonic experiments
were performed on an epoxy bonded copper—aluminum
layered specimen with small bonding thickness. The output
dispersive elastic wave signals were processed via the spec-
tral analysis method to obtain the experimental dispersion
curve. The results of this study have demonstrated that
neural networks could be adopted for on-line evaluation
of bonding thickness and unbond ratio of a bonded layered
structure.
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