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ABSTRACT 

Ultrasonic flaw detection is an important  problem  in the 
nondestructive evaluation (NDE)  of  materials. In order to 

scattering grain echoes, an efficient and robust method is 
successfully detect and classify flaw echoes from high 

required. This paper utilizes split-spectrum processing (SSP) 
combined with a neural  network (NN) to develop a dedicated 
ultrasonic detection system. SSP displays signal diversity 
(i.e., correlated or unwrrelated), and the neural  network 
(NN) performs highly complex nonlinear  mapping by  which 
signals can be classified according to their feature vectors. 

presents a powerful technique for ultrasonic NDE. In this 
Therefore, the combination of SSP and NN (SSP-NN) 

paper, SSP is  achieved by using  Gaussian  bandpass  filters. 
Then, an adaptive three  layer  neural  network  using a 
backpropagation learning process is applied to perform the 
classification processing of frequency  diverse data. Both 
simulated and  experimental data are used to test this method, 
and results show that SSP-NN shows  an excellent sensitivity 
in detecting and separating adjacent flaw echoes and is able 
to detect flaw echoes when the flaw-to-clutter ratio is about 0 
dB. 

randomly distributed and statistically exhibits characteristics 
that differ from those of flaw echoes. Therefore,  the output 

enhance the visibility of flaw echoes over grain echoes. This 
of SSP can be used to present its signal features and  thereby 

enhancement can be achieved by training a three layer fully 
connected  neural  network.  Neural  networks [3] are made  up 
of a number of highly interconnected nonlinear processing 
units, which allow training and  can adapt to a particular 
application, In this paper,  we focus on SSP  followed by a 
three-layer feedforward neural  network  for ultrasonic flaw 
detection. The design and performance of SSP-NN is 
examined using both simulated and experimental data. 

11. SYSTEM  REALIZATION 

The system block of the ultrasonic flaw detector using SSP 
combined with a feedfonvard neural  network is shown  in 
Figure 1. In this figure, the hackscattered ultrasonic signal, 
r(n), is first processed by a SSP algorithm  which includes a 
class of bandpass filters followed by scaling factors ci. The 
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1. INTRODUCTION 

pulse is transmitted into a specimen,  and flaws as well as 
In the ultrasonic pulse-echo technique, a broadband acoustic 

grains will reflect this pulse. However, the reflected signal 
is highly complex due to the interference of multiple echoes 
with random amplitude and  phase. A suitable solution for 
detecting flaw echoes masked by high  intensity grain 
scattering echoes is  to employ Split Spectrum  Processing 
[1,2] combined with  Neural Networks (SSP-NN). SSP is 
used to create frequency-diverse signal features, and NN is 
used to discriminate flaw echoes from the  undesired grain 
echoes. 

frequency hands and can be implemented by using FIR or IIR 
SSP divides the signal frequency band into  several smaller 

filters where each filter extracts signal energy according to its 
frequency range. This property is useful  for  the analysis of 
ultrasonic signals because the ultrasonic grain signal  is 
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output of the i-th  filter is written as zi(n)=h,(n)*r(n), where 
hi@) is the impulse response of  the  i-th filter and * denotes 
the convolution operator. At any time instant, the filtered 

where k is the total number of bandpass filters and T denotes 
signals can be represented as z(n)=[ z&),  z&, ... , 

the transpose. The vector z(n) is then defined as a signal 
feature which carries the  signal characteristics and is 
dependent on the  signal  properties, the number of filters and 
filter parameters. It  is important to point out that  the  power 
spectrum of grain echoes is randomly distributed, and  that of 
flaw echoes, in  general,  is often concentrated in lower 
frequency bands. This unique characteristic of flaw and 
grain echoes is essential and can be used to enhance the 
visibility of flaw echoes. The scaling factor, c,, is employed 
to normalize the SSP output signal, because the power 
spectrum of received ultrasonic echoes is not  uniformly 
distributed. This scaling equalizes the contribution of all 
channels. 

The SSP described above presents only signal features and 
can be viewed as an initial stage of  signal processing. 
However,  we still need another processor  which can classify 
flaw and grain echoes by using  the  signal feature vectors. As 
shown in Figure 1, a three-layer feedforward  neural  network 
is used  for this purpose. The neural nodes in the first layer 
do  not  perform  any computation but  feed signals to the 
second  layer. The neural nodes in the second layer receive 
the  weighted inputs from  the  first layer and  then  perform a 
large mapping calculation by using the activation function to 
yield the output of  the  second layer. Then,  the output neural 

to produce the net  output.  The  neural  node  model in the 
nodes in  the  third  layer sum up  the output of the second layer 

connecting weights a, and the output connecting weights W /  
second layer consists of connection and activation. The  input 

node and the effect of j-th hidden  node on the  output  node 
indicate the effect of the  i-th  input  node on the j-th hidden 

respectively. The cell  body is represented by  an activation 
function, sigmoid function,  and can be written as: 

p(x) = (I +e-')-' (1) 

The overall operation of  the three-layer neural  network  can 
be described by the following equation: 

The importance of the above equation  has  been  examined by 
many researchers including Kolmogorov [4] in  1957, Lorentz 
[S]  in 1962, Sprecher [6] in  1965, and Cybenko [7] in 1989. 
Equation (2) approximates any continuous function of k real 
variables. Therefore, if  we  can find the  parameters m,., a, 
and 4 to perform a particular mapping function, we  can then 
establish a neural  network which can classify flaw and grain 
echoes. To reach this goal, a training process for neural 
networks is required. This  learning process gives  neural 
networks the  ability to learn their environment,  improve their 
performance and ultimately obtain  the parameters of wj, a, 
and 4 for a particular application. 

111. RESULTS AND DISCUSSION 

The learning process takes place through  an iterative process 
of adjusting its connect weights.  To be specific,  we  adopt  the 
backpropagation algorithm [8,9] to train the neural  network 
for the applications of ultrasonic flaw detection. To illustrate 
the effectiveness of SSP-NN in  the applications of ultrasonic 

ultrasonic signal are used to test the system. 
flaw detection, both the simulated and experimental 

According to the study of Saniie [ I O , ]  l], the  spectrum  of  the 
backscattered ultrasonic signal exhibits  an  upward shifi due 
to scattering and a downward  shift due to attenuation. 
Consequently, flaw echoes concentrate in the lower 
frequency bands while grain echoes spreads over  all 
frequency bands. Therefore, to generate  the  grain scattering 
signal, 512 Gaussian  shaped  echoes  with a normal distributed 
amplitude are superimposed on uniformly distributed 
positions. These Gaussian  echoes have a 7 MHz center 
frequency and a bandwidth  of 2.5 MHz. The flaw echo  has 
been simulated by a single  Gaussian  echo  (f,=SMHz  and 
BW=2.5MHz) with desirable amplitude  such that the ratio of 
the flaw echo to the largest possible clutter echo bas a ratio 
less than or equal to unity (i.e., 0 dB). Then the 

echo at a known position resulfS  in  the simulated signal. 
superposition of the grain scattering signal and isolated flaw 

Once the simulated signal is obtained, the neural  classifier  is 
trained  with different clutter signal patterns. A typical 
processed result is shown in  Figure 2. This result clearly 
indicates that a three layer neural  network  applied to the 
output of the SSP algorithm is able to detect  the flaw signal 
when it is masked by grain scattering echoes. 
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Figure 2. A simulated ultrasonic flaw signal  masked by  grain 

a) Simulated ultrasonic flaw signal. 
scattering. 

b) SSP-NN processed output. 
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Another critical issue in  the  application of ultrasonic flaw 
detection is to distinguish two adjacent flaws. In order to TABLE 1. Flaw-to-clutter ratio enhancement of SSP-NN. 
senante two adiacent flaw echoes. the neural  network is 
trained to  output" a value of one, if &e input is a flaw echo, 
and a value of zero if the input is clutter echoes. To test  the 
ability of SSP-NN to separate two adjacent echoes, we 
superimpose two flaw echoes in a clutter signal as shown in 
Figure 3a. Then, this signal  is  applied to the SSP-NN, and 
the output signal separates two adjacent flaw echoes as 
shown in Figure 3b. 

practical situation, an experimental ultrasonic signal was 
To illustrate the effectiveness of the SSP-NN classifier in a 

utilized. The experiment was  conducted by using  steel 
specimens with an average  grain size about 50pm. To 
simulate a flaw, we drilled a hole  with l - m m  diameter into 
the specimen. The experimental data was  measured  using a 
broadband transducer with a 7 MHz center frequency. The 
SSP algorithm uses  8-channel  Gaussian filters. These filters 
have a 1.5 MHz bandwidth and a 1 MHz frequency step 
between  the adjacent channels starting at 1.5 MHz. The SSP- 
NN output after the training is shown in Figure 4, which 
clearly presents the location of  the flaw echo. To acquire the 
average performance, IO experimental data are used,  and the 
results are shown in  Table 1. From this table, the  average 
flaw-to-clutter ratio enhancement is 12.02 with a standard 
deviation of 6.08. 

Trial No. Before  After 
Enhancement  Enhancement 

1 0.85 24.55 

2 0.90 8.75 

3 0.95 6.08 

4 1.01 7.62 

5 1 .oo 7.64 

6 0.98 5.83 

7 0.99 13.98 

8 0.98 14.11 

9 0.99 15.72 

IO I .oo 17.81 

Mean 0.96 12.02 

STD 0.06 6.08 

Flaw1 Flaw2 

Figure 3. Processing  of ultrasonic hackscattered signal Figure 4. Experimental ultrasonic flaw signal masked by grain 

consisting of two flaw echoes  masked by grain 
scattering. 
a) Simulated ultrasonic signal. 
h) SSP-NN processed output. 

scattering. 
a) Experimental ultrasonic signal. 
b) SSP-NN processed output. 
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IV. CONCLUSION 

We have shown that SSP-NN  can  he  used  for  ultrasonic flaw 
detection in a situation where  the flaw echo is highly  masked 
by grain scattering echoes. The SSP algorithm creates signal 
features, which can be applied to the NN  for  the  purpose of 

pattern of the  target  signal  should he emphasized  over  the 
signal recognition. In the training of  the  neural network, the 

panems of grain scattering.  This study has  demonstrated  that 
a three-layer feedforward  neural network, when properly 
trained, is able to perform highly complex signal recognition. 
Results show that the flaw-to-clutter ratio can be enhanced by 
a factor of 12 when  the signal-to-noise ratio is about 0 dB. 
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