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Abstract—ultrasonic microscope or Scanning Acoustic 
Microscope (SAM) is a powerful tool for biological tissue 
characterization. Characterization of thin sliced tissue is 
difficult, as the reflected signals from tissue top and bottom are 
superimposed. To determine thin tissues having micrometer 
thicknesses, high acoustic frequencies are required for 
conventional SAM systems. The acoustic frequency used in 
practice is limited by its penetration depth through the tissue. 
In this paper, in order to improve the axial resolution of 
conventional scanning acoustic microscopy, a new SAM 
technique based on sparse signal representation in 
overcomplete time-frequency dictionaries is investigated and 
among great number of algorithms for finding sparse 
representation of signal, we apply MP and OMP algorithms. 
Different criteria are used for measuring this technique 
performance for various SAM applications, such as waveform 
estimation, echo detection and C-scan imaging. Simulation 
results show that this method has higher resolution comparing 
with conventional SAM methods.    

I. INTRODUCTION 
n the 1970s, the development of a new technique, 
scanning acoustic microscopy (SAM), made it possible to 

analyze the biomechanical properties of materials at much 
higher resolution than was achieved by ultrasonic method. 
SAM enabled the measurement of elastic properties of 
biological tissues and tissue/material interfaces at micro 
structural level. A significant advantage of SAM is the 
ability to investigate the properties of internal and 
subsurface structures in addition to the surface properties of 
most materials. In conventional scanning acoustic 
microscopy, a radio frequency (RF) signal is used to excite a 
transducer. The signal is converted into an acoustic wave by 
transducer, then the acoustic wave converged by lens and 
focused onto the sample through a coupling liquid [1]. 
Ultrasonic microscope or SAM operates in the pulse-echo 
mode, in a range of 10 MHz to 2GHz, to provide images of 
different depth levels of sample. Using the time domain C-
scan acoustic microscopy, a transducer alternatively sends 
pulses and receives reflected echoes from different 
interfaces within sample. Based on the specific depth that is 
selected to view, a time window is used. A high speed 
mechanical scanner scans the transducer over the sample 
surface pixel by pixel and produces the C-scan images. 
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Maximum intensity value and polarity of echo within the 
time window are used to provide the C-scan image [2]. In 
the case of tissue characterization, for example when the 
sound speed of different positions of sample is important, 
determination of the time of flight or time lag between two 
consequent echoes is necessary.  

Sound speed is an appropriate parameter to characterize 
abnormality of the tissue [3]. When the thickness of the 
tissue or some layers of sample are less than the wavelength 
of acoustic wave, the echoes related to consequent interfaces 
are superimposed. Therefore constructed C-scan image is 
blurred or in other cases estimation of sound speed of the 
tissue wouldn't be correct because the estimation of the time 
lag between two reflections is not possible. 

The first approach to increase the axial resolution of 
scanning acoustic microscopy is to use the transducers using 
high frequency acoustic waves. But higher frequencies 
results in the less penetration depth. Therefore, it is better to 
apply the signal processing techniques to improve the 
resolution [4]. In A-scan signals, a deconvolution technique 
has been applied. But for SAM signals, this method is not 
effective because the reflected echo is completely different 
from the incident waveform due to the focal effect [5]. In 
2004 a high-resolution SAM technique for evaluation of 
microelectronic packages was proposed. The proposed 
method was based on the concept of sparse signal 
representation [6]. Several algorithms such as methods of 
frame (MOF), matching pursuit (MP), best orthogonal basis 
(BOB), basis pursuit (BP) and etc. have been proposed over 
few years ago for finding the sparse signal representation. In 
this paper, two algorithms matching pursuit (MP), 
orthogonal matching pursuit (OMP) on different 
overcomplete Gabor dictionaries for simulated SAM signals 
are examined. Results obtained from these two algorithms 
on simulated data are compared with each other and also 
with conventional SAM technique in Table I, II and III. 

II. SAM SIGNAL MODEL  

A. A-scan 
The basic information in pulse-echo scanning acoustic 

microscope exists in received signal which is called A-scan. 
At each x-y coordinate, the A-scan contains echo depth 
information of the sample. At each interface of the sample, 
specific echo is produced in A-scan signal. There is a time- 
distance relationship between the echoes related to their 
depth in the sample and the sound speed in the materials. In 
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order to determine the interfaces, the amplitude and phase 
information of its related echo is used. This information is 
dependant on the acoustic impedance value of the materials. 
The reflection coefficient at each interface is defined as 
follows:  

)1(
12

12

zz
zzc

+
−

=  

Where 1z  is the intrinsic acoustic impedance of the 
material through which the pulse is traveling and 2z is that 
of the next material which is encountered by the pulse [2]. 

 

B. C-Scan 
This method involves gating the A-scan signal for 

extracting specific echo from the interface to be 
investigated. At each x-y position only the peak intensity 
and phase of the echo in the gate or time window are 
displayed as a pixel in the C-scan. The conventional C-scan 
output is only two dimensional image involving x-y plot of 
one specific plane in the z direction.  

 

C. General model of multilayer SAM signals 
Fig. 1 shows SAM echo components at different 

interfaces of a three layer sample. 21 , ss  and 3s  are echoes 
related to each interface, consequently. The received A-scan 
signal )(ty  can be mathematically written as follows: 

)2()()()(
1

ttsty
M

i
i ξ+= ∑

=

 
Generally M-layer sample has been considered and is is a 

reflected echo related to the i’th interface in the sample. The 
term )(tξ  accounts for the measurement additive noise and 
can be characterized as white Gaussian noise. Each of the 
reflected echoes can be represented as the multiplication of 
reflection coefficient and the incident pulse at the i’th 
interface location, as follows: 

)3()()( iiii ttxcts −=  
Substituting the expression for )(tsi in Eq. (2) results in  

)4()()()(
1

ttxcty
M

i
ii ξ+= ∑

=

In matrix format, Eq. (4) becomes [4], 
)5(ξ+Φ= Cy  

 

III. SPARSE SIGNAL REPRESENTATION BASED SAM  
In fig. 2, simulated A-scan signal of two different 

transducer frequencies is shown for three layer sample. Fig. 
2 (b) displays the A-scan while its second and third echoes 
are superimposed because the thickness of the second layer 
is less than wavelength of the acoustic wave. Fig. 2 (a) is the 
simulated A-scan signal of the same sample with a higher  

 
Fig. 1.  SAM echoes at three boundaries of the sample 
 
frequency transducer. In order to illustrate the second 
interface of the sample, an electronic gate is used as shown 
in fig. 2 (a), (b). It is completely obvious that C-scan image 
of fig. 2 (b) is blurred, since the second echo is not separated 
of the third echo. For constructing a clear C-scan image of 
second interface without increasing the frequency of 
transducer, signal processing techniques can be applied to 
separate the echoes within the gate. A powerful signal 
processing technique is sparse signal representation which 
was applied to blind source separation and has been 
developed for separating echoes of superimposed signals 
[7]. The problem of ultrasonic signal interpretation is then 
formulated as the problem of blind source separation that 
separates a set of linear mixture onto a number of unknown 
source signals, extracting the reflectivity function ic and the 

ultrasonic incident pulses ix from observed signal y  and 
then select proper echo and produce C-scan images. 

We can summarize the method in three steps: first 
choosing an overcomplete signal dictionary , second 
separating the incident pulses by sparse representation of A-
scan signal and then selecting specific echo according to the  
depth of C-scan imaging [4].  

A. Selecting an overcomplete dictionary  
A dictionary is a collection of parameterized waveforms 

):( Γ∈= γφγD , the waveform γφ  is discrete time signal of 

length N called atoms. Depending on the dictionary, the 
parameter γ  may have the interpretation of indexing 
frequency, in which case dictionary is a frequency or Fourier 
dictionary or of indexing time-frequency jointly, in which 
case the dictionary is a time-frequency dictionary. Usually 
dictionaries are complete, when they contain exactly N 
atoms, or overcomplete when they contain more than N 
atoms, Where N is the length of the ultrasonic signal to be 
processed [7]. The dictionary Φ  can be supposed to be a 
matrix of size LN ×  where L is the number of atoms. In an 
overcomplete  dictionary, the atoms or the columns of the 
matrix are linearly dependant.  

)(1 ts
)(2 ts
)(3 ts
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Fig. 2.  A-scans of three interface sample using (a) a high frequency 
transducer, (b) a low frequency transducer 
 

In this paper, overcomplete dictionary is applied because 
it is more flexible in representing the signals. Since the 
ultrasonic echoes appear as transient in A-scan, they exhibit 
time-frequency localization characteristic and also A-scan 
signals are assumed to have a sparse representation in a 
time-frequency dictionary, we try to select the best 
overcomplete time-frequency dictionary. Various kinds of 
time-frequency dictionaries such as wavelet packets 
dictionaries, cosine packet dictionaries and Gabor 
dictionaries have been proposed over the last few years. 
According to the previous research [6] Gabor function can 
model the ultrasonic echoes very well. Therefore the most 
suitable dictionary is Gabor dictionaries and in this paper the 
different degrees of overcomplete Gabor dictionary are used.  

 
1) Gabor Dictionaries 

The real Gabor dictionary is built from Gaussian window 
function  

)6()(
2tetg π−=  

That is scaled and modulated as follows: 

)7()cos()(),,,( ωω +
−

= vt
s

utgg vus
 

Where s  is the scale of the function, uis the translation 
and v  its frequency modulation. ω  is the phase of the real 
Gabor vectors. Also, g  must be normalized. In practical 
application, signal decomposition is performed in the 
discrete Gabor dictionary where ),,(),,( dvkadupaavus jjj −= . 
In this paper the parameter are discretised as follows: 

 
- jajs =][ , for nj <≤1 , where n  the biggest integer 

power of a  such that Nan ≤ , and a can be  selected in an 
arbitrary way.  

- 2][][ jsjdu =  and [ ]jsjdv π=][  
- { }1,0, −≤≤∈∈ NpdupZppduu  

- }{ rmvkdvkZkkdvv <≤∈∈ ,0, , where π2=rmv . 
 
The discretised scale parameter a  can be given in an 

arbitrary way. The smaller the scale a , the higher degrees of 
overcompleteness of the Gabor dictionary, i.e. there are 
more atoms in the dictionary. When parameter 16=a , It is 

×2 -overcomplete and with 2=a  it is ×8 -overcomplete 
[8]. 

B. Separating the incident pulses 
The problem of blind source separation in Eq. (5) is 

formulated as follows: Given an observed A-scan signal y  
and an overcomplete dictionary Φ , find the reflectivity 
function }{ icC =  such that Cy Φ=  and C is as sparse as 
possible, i.e., there are few non-zero elements in the source 
vector C .  For achieving this sparsity condition we need to 
solve the following problem: 

 
)( 0P  Minimize 

0
c  subject to  Cy Φ=  

Where ∑=
j jcc

0

0
[9].  

The problem that arises is that in terms of "dictionaries" 
of overcomplete set of vectors, every signal has multiple 
representation. Selecting one of them based on sparsity is a 
difficult optimization problem. 

Over the last few years several methods have been 
proposed for obtaining signal representation in overcomplete 
dictionary. These methods range from general approaches 
like Method Of Frame (MOF), and the method of Matching 
Pursuit (MP), to intelligent schemes such as the method of 
Best Orthogonal Basis (BOB). Another method is Basis 
Pursuit (BP) which finds signal representation by convex 
optimization problem. It obtains the decomposition that 
minimize 

1l  norm of the coefficients in the representation. 
In this paper, among these great numbers of algorithms for 
finding sparse representation of signal, we apply Matching 
Pursuit (MP) and Orthogonal Matching Pursuit (OMP) for 
ultrasonic A-scan signals and decompose the received signal 
y over a Gabor overcomplete dictionary. 
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1) Matching Pursuit(MP) 
 
The matching pursuit (MP) algorithm was originally 

introduced in Mallat and Zhang's paper in 1993 [15]. In 
matching pursuit the signal dictionary element that best 
matches the signal is removed from the signal, and the 
search process for the best match is repeated with the signal 
residue from the previous step until a stopping rule is 
satisfied. By "best  dictionary element" we mean the one 
having maximum inner product with the signal. Therefore 
the residue obtain at each step has squared norm as small as 
possible for that step. An algorithm that operates in this way 
with minimal "look ahead" is known as a greedy algorithm. 
The greedy MP algorithm is simple, fast and general, and 
has many interesting applications. Rates of convergence and 
other mathematical questions related to MP are investigated 
in [8]. 

In this paper for decomposing signal y  over a given 
dictionary Φ , let an initial approximation 0)0( =y , and 
residual yyR =)0(  At stage k , MP identifies the dictionary 
atom that best correlates with the residual and then adds to 
the current approximation a scalar multiple of that atom, so 
that kk

kk cyy φ+= − )1()( , where kc  is computed by 

>=< −
k

k
k yRc φ,)1( , and )()( kk yyyR −= . 
After m  iterations, a matching pursuit decomposes the 

signal y  into  

)8(
1

∑
=

+=
m

i

m
ii yRcy φ  

 
This method works perfectly when the dictionary is 

orthogonal. When the dictionary is not orthogonal, the 
situation is not clear. Because the algorithm is myopic, one 
expects that in certain cases it might choose wrongly in the 
first few iterations and ,in such cases, end up spending most 
of its time to correct for any mistakes made in the first few 
terms. So we can say in this case that MP has failed to super 
resolve.  

 
2) Orthogonal Matching Pursuit (OMP) 

 
For non orthogonal dictionaries, a refinement of the 

matching pursuit (MP) algorithm that we refer to as 
orthogonal matching pursuit (OMP) is proposed. In general, 
OMP will converge faster than MP. One takes all k terms 
that have entered at stage k  and solves the least squares 
problem: 

)9(min
21)( ∑

=

−
k

i
ic i

i

cy γφ  
 

For coefficients )( )(k
ic . Then one forms the residual 

∑ =
−=

k

i
k

i
k

i
cyR

1
)(][

γφ  which will be orthogonal to all terms 

currently in the model. This method is called orthogonal 

matching pursuit by Pati, Rezaiifar and Krishnaprasad [10]. 
OMP is an iterative greedy algorithm that selects at each 

step the dictionary element best correlated with the residual 
part of the signal. Then it produces a new approximant by 
projecting the signal onto those elements which have already 
been selected.  

The main benefit of OMP over MP is guarantee of 
convergence in a finite number of steps for a finite 
dictionary [10]. 

 

C. Selecting specific echo  
 

When the A-scan signal is decomposed in to time-
frequency overcomplete dictionary, the selected atoms can 
be displayed in the phase plane. Phase plane is a simple 
block diagram helps us visualize the atoms appearing in the 
decomposition.  This diagram associates with each atom a 
rectangle in the time-frequency phase plane. The darkness of 
the time-frequency image increases with the energy value 
[11].  

In this section, we suggest the required steps for selection 
of proper echo and production of C-scan image. First, a 
time-frequency window is determined with center frequency 
equal to the transducer frequency and at the time position 
related to the interface which is investigating in the sample. 
This window centers at position ),( cc vu  with time width 

cu∆ and frequency width cv∆ . A logical selection of the 
window width is the width of Heisenberg box of expected 
atom multiplied by a constant factor. The determination of 
the window is a crucial step because it dramatically affects 
the image quality depends on it a lot.  

After selecting a proper window, we try to find atoms 
whose centers are lying in the window and between these 
atoms select the atom having the highest decomposed 
coefficient. Fig. 3 displays the phase plane of the 
decomposed result of the A-scan. 

 Finally, the selected atom and its coefficient are used as 
the approximation of ix  and ic  respectively. Now if we 
want to produce the reflection coefficient SAM image, these 
coefficients can be displayed at their corresponding position 
in C-scan image. Amplitude SAM images can be 
constructed by reconstructing )(tsi  using ix and ic . At the 
corresponding position of the C-scan image, the maximum 
intensity value of )(tsi  is displayed. For the application of 
tissue characterization like sound speed estimation or 
thickness estimation, the whole waveform or echo )(tsi  and 
its time location are used. When the technique separates 
each echo in superimposed A-scan signal, all these 
information would be more reliable. 
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Fig. 3.  The phase plane of above A-scan signal and the time-frequency 
window  

IV. NUMERICAL SIMULATION  

A. Ultrasonic A-scan signal generation 
The performance of the proposed method  was evaluated 

quantitatively through simulation. Simulated data were 
produced according to the model of signal formation in 
Eq.(2) , (3). In our simulation, we assume that each A-scan 
signal has two echoes or the sample has two interfaces. The 
incident pulses ix  in Eq.(3) was produced by a real Gabor 
function mentioned in Eq.(7). Gabor function model 
measured ultrasonic pulses very well [12].  

Each echo is in a simulated A-scan signal is obtained by 
the convolution of normalized incident pulse ix  with a 

reflection coefficient ic determining an interface. 
The simulated A-scan signal is the superposition of two 

echoes as Eq.(2). Although this simulation seems simplistic, 
it is very useful for investigation of all the main features of 
the suggested technique. In the community of ultrasonic 
imaging, such simulations have been usually applied [5], 
[13],[14]. 
By changing the wvsu ,,,  of two echoes, different A-scan 
signals can be simulated. By adjusting the parameter u of 
each echo, we can model different degrees of overlap in time 
domain. The overlap degree in the frequency of each echo 
was adjusted by v . The reflection coefficient which 
determines the amplitude of each echo is selectable and also 
is simulating different kinds of materials which have 
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Fig. 4.  an example of A-scan signal composed of 2 echo and the recovered 
first echo by MP on Gabor dic. 

 
composed the multilayer sample. An example of a 

simulated A-scan signal and the recovered first echo by MP 
on Gabor dictionary is displayed in fig.4.   

 

B. Performance of SAM echo separation and echo 
estimation 
The performance of the proposed method was measured 

by three criteria: Energy error, coefficient error and 
amplitude error.  The energy error errorE  is as follows: 

)10(%100
~

2

2 ×
−

=
i

ii
error s

ss
E  

In this formula is is the original echo, is~  is the recovered 
echo. The other criteria, coefficient error is defined as:  

)11(%100
~

×
−

=
i

ii
error c

cc
C  

Where ic  is original reflection coefficient , and ic~ is the 
estimated reflection coefficient. The amplitude error is  

)12(%100×
−

=
theo

theorec
error A

AA
A  

recA is peak intensity value of recovered echo, theoA  is its 
theoretical value [4]. errorA  measures the performance of 
amplitude C-scan images while coefficient error measures 
the performance of reflection coefficient images. For 

 
TABLE I 

MP AND OMP RESULT WITH SIMULATED A-SCANS (#1,2,3 AND 4) IN GABOR DICTIONARY ( 2=a ) 
OMP algorithm MP algorithm 

errorE%  
errorC%  errorA%  errorE%  

errorC%  errorA%  number 

55.71 12.66 17.29 51.02 15.11 18.21 #1 
65.98 2.70 27.72 64.03 10.83 33.76 #2 
22.90 2.51 0.13 22.91 3.43 0.81 #3 
39.39 7.49 2.02 39.37 8.80 1.27 #4 

 
TABLE II 
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OMP RESULT WITH SIMULATED A-SCANS (#1,2,3) IN GABOR DICTIONARIES 

errorE%  errorC%  
errorA%  

#3 #2 #1 #3 #2 #1 #3 #2 #1 
Gabor 

dictionary 

29.00 63.12 64.83 4.05 13.21 20.92 2.02 45.21 39.12 3=a  
22.90 65.98 55.71 2.51 2.70 12.66 0.13 27.72 13.29 2=a  

 

11.02 59.76 31.91 0.75 4.32 3.02 1.19 28.02 11.23 2.1=a  
 
 

TABLE III 
AMPLITUDE  ERROR OF A-SCAN SIGNALS WITH DIFFERENT TIME OVERLAP CONDITIONS BY DIFFERENT SAM METHODS 

Parameters errorA%  

C1/C2 12 uu −  MP OMP Time SAM 

1.00 45 0.66 0.15 0.00 
1.00 35 0.61 0.82 0.00 
1/0.8 30 0.60 0.81 0.00 
1/0.8 25 0.52 2.11 0.00 
1/1.5 20 1.28 3.16 1.43 
1/1 15 8.54 7.14 19.13 

1/1.5 15 9.21 3.63 58.32 

 
scanning acoustic microscopy or time SAM, errorA  is 
computed in order to give us a criterion for comparing the 
proposed and conventional method. The echo location is 
also important for the applications of defect location and 
thin layer thickness measurement or in some cases for 
determination of sound speed of a tissue.   

A. Simulation Results and algorithms comparison  
we decide to produce C-scan image of the first 

interface of the sample. Therefore the time frequency 
window is set to the Heisenberg box of the first echo of 
A-scan signals. MP and OMP were performed on 
simulated data over different overcomplete Gabor 
dictionaries. For four A-scan signals which simulate the 
two interface of soft tissue sample with different 
thicknesses, the results of MP and OMP performance are 
listed in Table I. Each A-scan signal length is 256 
samples or stretched in 256 nanoseconds. In this table the 
Gabor dictionary with 2=a  was used. As it is obvious, 
in this table errorA%  and errorE% of two algorithms are 
very close to each other but we can say that errorC% of 
OMP is lower in most cases. Because as it was already 
mentioned, OMP is an iterative greedy algorithm that at 
each step projects the signal onto the elements which have 
been selected till that iteration. Therefore, each coefficient 
may change in next iteration and get closer to its real 
value. But in MP algorithm, the selected coefficient in 
each step is fixed in representation of the signal till last 
iteration.     

Table II present the results of first echo reconstruction 
of A-scan signal with OMP algorithm over Gabor 
dictionaries with different degrees of overcompleteness. 
For three A-scan signal of the first table and over the 
dictionaries with 3=a , 2=a , 2.1=a  the performance of 

this algorithm were examined. Comparing error values 
show that the smaller the scale a , the smaller the SAM 
error.  

In Table III, for examining OMP and MP algorithms 
performance or generally sparse signal representation 
method, in different time overlap conditions ( 12 uu − ), 

and different reflection coefficients (C1/C2), errorA  were 
computed and presented. In last column of the table, 
conventional or time SAM error was also calculated to 
help us compare the super resolution sparse signal 
representation SAM and conventional SAM techniques. 

For time SAM, the gate was chosen to center at 1u  , 
with width equal to 32 samples. If two echoes have low 
differences in time position, or they have greater overlap 
in time domain, the proposed method has a really better 
result in detecting first echo correctly in compare with 
time SAM as it is seen in sixth and seventh rows of the 
table. But the proposed method performance also affected 
by the overlap degree of two echoes in time-frequency 
domain. This table clearly shows the improvement of 
axial resolution of the proposed method especially when 
the second echo has greater amplitude in compare with 
first echo (seventh row of the table). In this case the 
amplitude of second echo affects the first or the desired 
echo a lot. The last column of the table shows the great 
difference between amplitude error of SSRSAM method 
and time SAM method. 

The frequency dependent attenuation in materials 
affects the frequency, phase and amplitude of each 
incident pulse and reflected echo. In this paper, by having 
different 21, vv  and 21,ωω  and different amplitude of 
each echo, we considered this attenuation and simulated 
numerous kind of A-scan signal.  

Administrator
Placed Image

www.SID.ir


Arc
hive

 of
 S

ID

www.SID.ir

ICBME2008 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 

V. DISCUSSION 
Although the attenuation in the coupling medium and 

tissue is not explicitly incorporated into the SAM model 
in Section II-C, it has been implicitly considered 
throughout this paper. The frequency dependent 
attenuation in materials affects the frequency, phase, and 
amplitude of each incident pulse and reflected echo in (2) 
and (3). In contrast conventional deconvolution technique 
where either the reflected echoes were assumed to have 
similar waveform or the attenuation need to be considered 
determined value, in this paper, the arbitrary attenuation 
is assumed and each reflected echo can be modeled by 
any frequency, phase and amplitude. 

VI. CONCLUSION 
In this paper, sparse signal representations of ultrasonic 

signals have been explored to separate superimposed 
echoes of thin layer tissues. Two implementation 
algorithms have been applied and investigated: The MP 
and OMP algorithms. They decompose an A-scan signal 
in to optimal superposition of dictionary elements or 
atoms in a Gabor dictionary with different 
overcompleteness. Simulated A-scan signals were used to 
measure the capability of these algorithms in estimating 
both reflectivity function and ultrasonic echoes. The 
proposed method can separate closely space overlapping 
echoes beyond the resolution of conventional SAM 
systems. The final results show the better performance of 
OMP in composing reflection coefficient images of SAM.  
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