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ABSTRACT 

Resolution of ultrasonic B-Scam for NDE ia l i i t e d  by 
the bandwidth of the transducer and the presence of noise. 
Deconvolution can improve the image resolution, but only 
at  the expense of increasing undesired microstructural noise 
(i.e., echoes caused by dense scatterers or grains) and the 
additive impulsive noise caused by the instrument. An 
improvement in signal-to-noise ratio (SNR) can be 
obtained, to some extent, by performing ensemble averag- 
ing of numerous measurements. This method is impracti- 
.tal and can not eliminate interfering echoes resulting from 
stationary scatterers. Contrary to averaging, morphologi- 
cal filters, a class of nonlinear filtera, are capable of elim- 
inating impulsive noise, moderately reducing grain echoes 
and improving the overall image quality while selectively 
preserving certain image features. In this paper, we have 
applied deconvolution and morphological filters in tandem 
(i.e., deconvolution before or after morphological opera- 
tions) in order t o  improve resolution and SNR. In particu- 
lar, the performance of these algorithms and the design of 
the deconvolution kernel and the structuring element as 
well as morphological filters is evaluated using experimen- 
tal results. 

INTRODUCTION 

In ultrasonic imaging systems, resolution of detection 
can be improved using broad-band transducers with higher 
frequencies. However, higher frequency signals become 
attenuated and make it difficult to  penetrate deep into the 
material. An approach t o  improve image resolution is 
inverse filtering (deconvolution) with a linear system whose 
transfer function is the reciprocal of the Fourier transform 
of the measuring system. This method is only useful when 
signal-bnoise ratio (SNR) is high and the echo waveshape 
(the impulse response of the measuring system) is known. 
Tn this paper, an effective solution to the above problem is 
introduced by coupling deconvolution with morphological 
filters. Morphological filters are attractive because they 

are simple to  implement and can suppress impulsive noise 
while preserving the shape of the signal. These filters are 
nonlinear processors based on mathematical morphology [ I ,  
21 that incorporate shape information of a signal. Shape 
information is extracted by using another signal often 
referred to as structuring element which ia simpler in 
nature than the signal under processing. In particular, by 
selecting a suitable structuring element, morphological 
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filters are used for signal processing such as noise removal 
and signal smoothing 13, 41. 

This paper presents a review of the basic concept of 
dcconvolution and morphological filters. Simulation results 
to suppress noise and detect single echoes using morpholog- 
ical filters in tandem with deconvolution ii presented. The 
performance of these filters for improving flaw detection 
and resolution when applied to  experimental ultrasonic sig- 
nals (A-Scan and B-Scan) is also evaluated. 

DECONVOLUTION AND MORPHOLOGICAL OPERATIONS 

Deconvolution (inverse filtering) is a method to  unravel 
the effccts of a convolution between a system and a signal. 
One type of inverse filtering that has been extensively used 
because of its mathematical simplicity is the least squares 
filter or the Wiener filter [5]. Deconvolution based on the 
Wiener theory requires knowledge of the characteristics of 
the noise process in terms of its spectral density. Suppose 
a measured data  r(n) is related to  the input, (i.e., the 
,ultrasonic wavelet) u(n), noise v(n), and the desired 
unknown target impulse response y(n) as follows: 

r (n)  = u(n)*y(n)+v(n) 

One must now estimate the target impulse response jl(n), 
which is subject to  mcan square error, 

c=< ( y (n) - i (  n))z > 

A solution for y(n) can be obtained by performing a linear 
operation, h( t ) ,  on the measured data sequence (Le., 
Wiener filter ). This means that the output of the estima- 
tor h(t): 

ij(n)=r (n) *h (n) (3) 

is subject t o  the minimization of Equation (2). The 
optimum discrete Fourier transform of h(n), is obtained by 
solving (51, 

whcre 

(4) 
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I U ( k )  l 2  W ( k ) =  
I U ( k )  I z+Qi 

( 5 )  

and a, the noise-to-signal ratio, is approximated by a suit- 
able constant. The output of such a filter is the optimal 
estimate of the target impulse response. 

The frequency weighting function W(k) has a very desir- 
able behavior. When I U(k)  I * is much greater than zero 
and naturally greater than Qi W k) approaches one which 

&& is reliable and needs implies that the ratio of 

minimal correction. On the ot er hand, in the frequency 
region of poor signal-to-noke ratiq, W(k) approaches zero 
thus reducing the value of Y(k) significantly. 

u p  

Morphological filters have been known for their robust 
performance in preserving the shape of a signal while 
suppressing noise. Therefore, coupling morphological 
operators with deconvolution can improve SNR and resolu- 
tion. Morphological filters are based on the principles of 
mathematical morphology in which signals are represented 
by sets. These sets are operated on by several morphologi- 
cal operations. The primitives of morphological operations 
are erosion and dilation 12, 31. Using erosion and dilation in 
tandem results in two basic operaton referred to as open- 
ing and closing. Opening of a data  sequence by a structur- 
ing element is defined as erosion followed by dilation. Clos- 
ing of a data  sequence by a structuring element is defined 
as dilation followed by erosion. In general, an opening is 
used to  suppress positive pulses while a closing is used to  
suppress negative pulses. Cascading opening and closing in 
tandem yields two more morphological filters: open-closing 
and clos-opening. These filters smooth the signal like 
median filters and results in median roots in a single pass 
161. 

In this paper a sequence of opening and closing opera- 
tions is used to improve the SNR. An estimate of the 
input signal, x(n), is obtained by processing the input sig- 
nal using an opening followed by a closing operation. A 
second estimate of the signal is formed by processing the 
input signal using a closing followed by an opening opera- 
tion. Then the output signal, q n ) ,  is the average of these 
two estimates, i.e., 

;(n)= [(z(n) o a )  0 s+ (z(n) 0 8 )  o 8]/2 (7) 

where " s - is the structuring element, "0. denotes opening 
and denotes closing. The average of the two signals is 
used to  minimize the bias caused by the extensiveness p r s  
perties of opening and closing. 

SIMULATION RESULTS 

This section illustrates the performance of deconvolution 
and morphological filters when connected in tandem for 
noise suppression and echo detection. The signal to be p r s  

cessed is a sum of two components: an ultrasonic echo, 
u( t ) ,  backscattered from a single reflector, b(t), and uni- 
formly distributed noise, v (n), i.e., 

r (n)=u (n) *a( t )+v(  n) (8) 

where the ultrasonic echo is assumed t o  have Gaussian 
envelope and is modeled as: 

(9) 

The term jc  is the center frequency, f a  is the sampling 
rate, and a is a constant proportional t o  the bandwidth of 
the echo and f , .  In this simulation a=0.0002 , f,=1.25 
MIIz and f,=lOO MtIz . The noise v ia a sequence of 
independent, identically distributed random signals with a 
~ n i f o r m  density function (-0.5, 0.5) resulting in an average 
signal power to  average noise power ratio of 3.58 

(SNR=5.54 dB). The echo signal and the echo signal con- 
taminated by noise are shown in Figures l a  and Ib respec- 
tively. The above signal (Equation 8) is processed using a 
morphological filter followed by deconvolution (Method I) 
and the results are compared with the processed signal 
using deconvolution first and then a morphological filter 
(Method 11). Note that Methods I and I1 are not equivalent 
since they include morphological filters which are nonlinear 
processors. Figures 2 and 3 show the processed signals of 
Methods I and I1 respectively, using a half period sinusoidal 
structuring element for morphological filters, and Gaussian 
shape spectrum for deconvolution. The sinusoidal struc- 
turing element has a width = 23 samples and a constant 
height =0.1. In order to eliminate both the very high and 
very low frequencies, the frequency response of the output 
of deconvolution processing (Equation 6) is modified by the 
following form: 

where I b(k) 1 = I U ( k )  I +Q and + ( k )  is the frequency win- 
dow defined as 

f V ( k ) = l  for k l < k < k 2  and @ ( k ) = O  otherwise(l1) 

In this simulation kl=7, k2=25, (corresponding to fre- 
quency range of 0.68-2.5 MHz) and @ (i.e., a factor for 
reducing the effect of noise in the pass band region) is one- 
seventh of the peak value of IU(k)l. Processed signals using 
Methods I and I1 demonstrate the effectiveness of these 
methods for suppressing noise and preserving the original 
echo. A comparison between the average signal power to 
average noise power for the above methods is presented in 
Table 1. These results indicate that a morphological filter 
without deconvolution offers the best SNR. Also, in both 
Methods, the processed signals show some oscillation 
resulting from limited bandwidth of the filter defined in 
Equation 11 .  
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Figure la. Simulated ultrasonic echo. 

SNR 

I 

Morphological filter 

Morphological filter followed by deconvolution 
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Deconvolution followed by morphological filter 
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Figure Ib. Echo contaminated by uniformly distributed 
noise. 

Figure 2a. Processed echo using morphological filter. 
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Figure 2b. Processed echo using morphological filter 
followed by deconvolution. 

EXPERIMENTAL RESULTS 

In this section, we present experimental results which 
objectively illustrate the effectiveness of morphological 
filter and deconvolution to detect f l a v  in ultrasonic imag- 
ing (A-Scan or B-Scan) of complex structures resulting in 
high scattering noise. In the previous section, morphologi- 
cal filters are applied to  simulated signala when SNR is. 
very poor, and results indicated that morphological filters 
can improve SNR. Therefore, morphological filters can be 
used as a replacement for ensemble averaging which 
requires numerous measurements. Ensemble averaging is 
also impractical because it can not eliminate interfering 

J 
0 500 1000 

Figure 3a. Processed echo using deconvolution. 

0 500 1000 

Figure 3b. Processed echo using deconvolution followed by 
morphological filter. 

echoes resulting from station+ scatterers. A typical 
measured ultrasonic signal with poor SNR is shown in Fig- 
ure 4a. This signal is processed using morphological filters 
(Equation 7) and the result is shown in Figure 4b. Figure 
IC shows the same signal processed using an ensemble 
averaging of 500 measurements. The ability of each 
method to smooth the signal is comparable, although mor- 
phological filtering is far more practical and efficient. 

To illustrate the effectiveness of morphological filtering 
coupled with deconvolution to improve the SNR and reso- 
lution in detection, a typical ultrasonic signal (A-Scan) 
contaminated by microstructure scattering noise has been 
used. This signal has been acquired using a broad band 
ultrasonic transducer which examined a steel specimen 
with a constructed flaw embedded within the sample. The 
measurement was made using the contact technique in the 
far field, and data was acquired using a 100 MHz sampling 
frequency. The backscattered signal and its spectrum are 
shown in Figure 5. This signal was processed using decon- 
volution and morphological filtering in tandem (i.e., decon- 
volution before and after morphological operations, i.e., 
Method I and 11). The processed results are shown in Fig- 
ures 6 and 7, respectively, using a flat structuring element 
for morphological ' filtering (Equation 7) and Gaussian 
shape kernel for deconvolution (Equation 10). The flat 
structuring element has a width =6 samples. The fre- 
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Figure 4a. A typical measured ultrasonic echo with poor 
signal to noise ratio. 

Figure 4b. Processed echo using morphological filter. 
I 
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measurements. 
Figure 4c. Ensemble averaging of the echo using 500 

quency response of the kernel of deconvolution is estimated 
from the envelope of the frequency response of the signal 
before deconvolution. Then, the output of the deconvolu- 
tion operation is calculated using Equation 10. In this pro- 
cessing, the parameters are kl=50, k2=150, (corresponding 
to frequency range of 2.44-7.32 MHz)), and .\k is onetenth 
of the peak value of IU(k)l. A comparison between average 
SNR for the above methods is shown in Table 2. The aver- 
age input SNR is 8.86 dB. These results indicate that both 
Methods I and I1 are able to improve SNR. However, 
Method I shows a slightly better performance than Method 
11. With each methods the improvement depends on the 
design parameters of inverse filtering. A further improve- 
mdnt of SNR can be achieved by coupling morphological 
filters with band pass filters rather than deconvolution 
since the flaw echo has different frequency range compared 
to microstructure noise 171. Figure (8)) ahow an example of 
the processed signal using morphological filtering followed 
by band pass filtering. These results indicate that the aver- 
age output SNR is equal to 14.73 dB. These results are 
processed using a flat structuring element with a width = 6 
samples and a ideal band pass filter with frequency range 
of 2.44-7.32 MHz. 

r 
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Figure 5. An ultrasonic backscattered flaw signal 
contaminated by high intensity microstructure 
echoes. 
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morphological filter. _ _  
Figure 6a. Processed backscattered flaw signal using 
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Figure 6b. Processed backscattered flaw signal using 
morpholoRical filter followed by deconvolution. 
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Figure 7a. Processed backscattered flaw signal using 
deconvolution. 
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Figure 7b. processed backscattered flaw signal using 
deconvolution followed by morphological filter. 
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Figure 9. An experimental B-Scan image. 
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morphological followed by band-pass filer. 
Figure 8. Processed backscattered flaw signal using 

, In this study, the evaluation of morphological filtering 
coupled with deconvolution has been extended from A- 
Scans to B-Scans. A B-Scan experimental measureyent is 
shown in Figure 9. This image is processed using morpho- 
logical filtering followed by deconvolution processing (see 
Figure 10) where the background noise ie reduced, thus 
enchancing the B-Scan image. 

CONCLUSION 

In this paper the performance of deconvolution and 
morphological filters has been evaluated to improve the 
detection resolution detection and SNR of A-Scan signals 
and B-Scan images. The results presented indicate that 
combination of morphological operatiom and deconvolution 
filtering are capable of reducing microstructure noise and 
improving resolution. Also, morphological filters can 
replace ensemble averaging which required numerous meas- 
urements. It has been shown that coupling band pass 
filtering with morphological filtering provides the best per- 
formance in regard to SNR and resolution. 
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