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1. Introduction
The ultrasound device with plane wave (PW) 

emission, because of the broad transmit beams, has 
the potential to achieve high-frame-rate imaging 

which is a key factor in the applications of real-time 
3D ultrasound imaging and ultrasound cardiac imag-
ing [1][2]. In the receiving, the array signals are con-
ventionally processed with delay-and-sum receiving 
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beamforming (DAS). Because of the non-adaptive of 
DAS, compared with the focused beam emission, the 
resolution and contrast are worse in the PW emission 
ultrasound imaging.

Recently, lots of beamformers have been pro-
posed to improve the resolution and contrast of the 
broad transmit beam ultrasound imaging. Basically, 
the methods fall into two categories. One is element-
space adaptive weighting, represented by minimum 
variance beamformer (MVBF) [3]-[7], which adap-
tively updates aperture weights by minimizing the 
power of the output subject to the constraint that the 
on-axis data must be preserved. However, the high 
degree of correlation among backscattering signals 
degrades the performance of the MVBF. The other 
is the beam-space adaptive weighting (BSW), rep-
resented by coherence factor (CF) [8]-[9] and phase 
coherence factor (PCF) [10][11], which weights the 
initial beamformed data using an index of focusing 
quality (IFQ) to preserve the on-axis data and can-
cel the off-axis ones. However, in these methods, the 
performance of IFQ decreases with the increase of the 
fire beam width.

Following the idea of BSW, a novel wavelet 
sparse representation based beamforming (WSRBF) 
is proposed. Wavelet sparse representation with an 
overcomplete basis is able to get an accurate IFQ in 
the correlated or even coherent backscattering signals 
in PW emission. Simulated results demonstrate that 
WSRBF is able to achieve high resolution and con-
trast ultrasound imaging in PW emission.

The abbreviations used in the paper were showed 
in Table I.

2. Basic Theory of Sparse Representation
Sparse representation has found applications in 

numerous domains [12], [13]. The problem of sparse 
signal representation is to find the signal s  ( ∈ Ls C ) 
to satisfy 

0
0min s  s.t. = + addx As n  	 (1)

where , ×∈ ∈K K Lx C A C  is an overcomplete dic-
tionary, i.e., K << L, addn  is an additional noise[14], 

[15]. However, (1) is a NP-hard (non-deterministic 
polynomial-time hard) problem in general. Recent 
results [16], [17] point out that if s  is sufficiently 
sparse, they can be efficiently recovered by instead 
minimizing 1l -norm of 0l -norm. After replaced, the 
form of sparse representation is

2
2 1min λ − +  

x As s  	 (2)

3. Proposed Method
3.1. Signal Model
In PW emission, assuming the incident wave at 

the point ρi  in the ROI is denoted by ( )ρis t . The 
pulse-echo data received by the k-th element are de-
noted by ( )kr t . The scattering intensity at ρi  is de-
noted by ( )ρif . Without consideration of multiple 
scattering, the contribution of each point ρ ∈



i ROI 
to ( )kr t  is ( ) ( ) ( ( ))ρρ τ ρ ∗ ⋅ − 



 

ii k ih t f s t  where ( )h t  is 
the receiving impulse response of an element and 

( )τ ρk i is the time delay from ρi  to the k-th element. 
Considering a discrete ROI with L grids, ( )kr t  can 
be expressed as

1
( ) ( ) ( ) ( ( )) ( )ρρ τ ρ

=

 = ∗ ⋅ − + ∑ 

 

i

L

k i k i k
i

r t h t f s t n t  	 (3)

where ( )kn t  is the additive noise of the k-th ele-
ment. In the frequency domain, (3) can be written as

Table 1. The Abbreviations used in the Paper

Abbreviation Full title
BSW beam-space adaptive weighting
CF coherent factor
CR Contrast ratio index
DAS delay-and-sum
FT Fourier transform
IFQ index of focusing quality
MVBF minimum variance beamformer
PCF phase coherent factor 
PW plane wave
ROI region of interestion

WSRBF wavelet sparse representation based 
beamforming

		            (
1

( ) ( ) [ ( ) ( ) exp( ( ))] ( )ρρ τ ρ
=

= ⋅ ⋅ ⋅ − +∑ 

 

i

L

wk w i w k i wk
i

r w h w f s w jw n w  			   (4)

where ( )wkr w , ( )wh w , ( )ρiws w , ( )wkn w  are the 
Fourier transform (FT) of ( )kr t , ( )h t , ( )ρis t , ( )kn t  re-
spectively. By defining [ ]1 1( ), ( ), , ( )ρ ρ ρ=   



T
LF f f f , 

the FT of the received array signals is

( ) ( ) ( )= ⋅ +wR w D w F N w  	 (5)

where {}⋅ T denotes the nonconjugate transpose, 
[ ]1 2( ) ( ), ( ), ( )= 

T
w w w wKR w r w r w r w , ( )D w  is a K by L 

matrix with [ ( ) ] ( ) ( ) exp[ ( )]ρ τ ρ= ⋅ −



ik i w w k iD w h w s w jw , 

[ ]1 2( ) ( ), ( ), ( )= 

T
w w wKN w n w n w n w . 

3.2. Wavelet Sparse Representation based 
Beamforming

Because K << L, (5) is ill-posed. As F is the scat-
tering intensities of the imaged medium, according to 
the theory of multi-scale signal sparse representation 
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[18], there exists a wavelet basis Φ  and the sparse 
vector C, such that = ΦF C . Therefore (5) can be rep-
resented as

[ ]( ) ( ) ( ) ( ) ( ) ( )= ⋅ Φ + = ⋅Φ ⋅ +wR w D w C N w D w C N w
s.t. C  sparse 	 (6)

As the purpose is to get the IFQ, (6) can be solved 
at the fire center frequency f0 to reduce computation.

2
0 0 12min (2 ) (2 )π π λ ⋅Φ ⋅ − +  wD f C R f C  	 (7)

Let 0 0(2 ) (2 )π πΦ = ⋅ΦD f D f , then (7) can be writ-
ten as

2
0 0 12min (2 ) (2 )π π λΦ

 ⋅ − +  wD f C R f C  	 (8)

After solving (8), the IFQ can be calculated as 
= ΦIFQ C . The processing diagram of WSRBF is 

shown in Fig.1. After the received pulse echo data 
are digitized by ADCs, parallel DAS is performed to 
form the initial image. The final image are then ob-
tained by weighting the initial image with IFQ .

4. Analysis of Inclination
A phantom with a circular cyst and four point tar-

gets in a speckle pattern was simulated to compare 
the resolution and contrast of the WSRBF with that 
of DAS, PCF, and MVBF. The circular cyst has a ra-
dius of 3 mm and center at (x, z) = (0, 50) mm. And 
the four point targets are located at (x, z) = {(0, 60),  
(-3.4, 65), (0, 65), (0.5, 65)} mm. The Field II [19] 
was used to generate channel data in PW emission 
with a 5 MHz, 80% bandwidth, 96-element, half-
wavelength spacing linear array transducer. The db4 
wavelet was used to construct the dictionary. In the 
WSRBF, the ROI was discretized every 0.15mm axi-
ally and every 0.1mm laterally and the regularization 
parameter in (8) was set 0.6 by experience. For the 
MVBF, we used subarray length V = K/2 (K is the 
number of elements) and the diagonal loading param-
eter Δ = 1/(100 V) to ensure a well-conditioned cova-
riance matrix. The contrast ratio index (CR), defined 
as the ratio of the mean value of the background to 
that of the cyst region [20], is used to evaluate the 
enhancement of the contrast.

Fig.2 shows the beamformed responses of the 
phantom via the DAS, MVBF, PCF and WSRBF and 
the corresponding lateral variation at depth z = 60 
mm is shown in Fig. 3. It is shown that all the point 
targets can be resolved clearly in Fig. 2(d) and the 
mainlobe width of the WSRBF is about 16.6% that of 
DAS, 20.1% that of MVBF and 30.7% that of PCF in 
the speckle pattern. And CR gains of 9.8 dB, 4.3 dB 
and 3.7 dB were obtained compared to DAS, MVBF 
and PCF, respectively. Therefore, the WSRBF pres-

ents the narrowest mainlobe, the lowest sidelobe level 
and the highest contrast among the four methods.

Figure 1. Block Diagram of Signal Processing of 
the Proposed WSRBF. DFT is the Discrete Fourier 
Transform. And Φ = ⋅ΦD D  is the Wavelet Overcom-
plete Dictionary.

      (a)                 (b)                    (c) 	            (d)

Figure 2. Beamformed responses of the circu-
lar cyst and four point targets in a speckle pattern 
with a 5-MHz, 80% bandwidth, 96-element, half-
wavelength spacing linear array in the PW emission. 
The circular cyst has a radius of 3 mm and center  
at (x, z) = (0, 50) mm. And the four point targets are 
located at (x, z) = {(0, 60), (-3.4, 65), (0, 65), (0.5, 
65)} mm. (a) DAS, (b) MVBF, (c) PCF and (d)  
WSRBF. All images are shown with a dynamic range 
of 60 dB.

Figure 3. Lateral variation at z = 60 mm of the 
beamformed responses shown in Fig. 2(a)-(d). The 
point target is located at (x, z) = (0, 60) mm.

Conclusions
A novel receiving beamforming based on the 

wavelet sparse representation, named WSRBF, has 



Metallurgical and Mining Industry780 No. 9 — 2015

Engineering design
been proposed to improve the resolution and con-
trast of ultrasound imaging with the PW emission. 
Simulated results demonstrated the effectiveness of 
the proposed method. The excellent performance of 
the WSRBF could be explained by the IFQ calculated 
by the wavelet sparse representation which translates 
into narrowed mainlobe, reduced sidelobes and en-
hanced contrast when compared to DAS, MVBF and 
PCF in PW emission. 
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1. Introduction
In recent years, radiodiagnosis equipment is con-

tinuously renewed and perfected. Hospitals have 
collected a large amount of brain CT image data of 

patients. It becomes more and more important to dig 
information from these image data which can help 
doctors diagnose patients. The image classification 
is an important research content for brain CT image 
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Abstract
In order to enhance the accuracy of brain CT image classification, this article proposes a brain CT image clas-
sification of improving harmony search algorithm to optimize LSSVM(HIS-LSSVM) aiming at the optimization 
problems of parameters of least squares support vector machine (LSSVM)in the classifier. This article first takes 
LSSVM parameters as a combination of tones from different musical instruments and then finds the optimal pa-
rameters through “tone tuning” of harmony search algorithm. It also introduces optimal position adjustment policy 
of particle swarm optimization to strengthen the algorithm’s capability to jump out of local minimum. At last, this 
article establishes brain CT image classification model according to optimal parameters and implements simula-
tion test to the performance of the model. It is shown from the simulation results that comparing with the contrast 
model, HIS-LSSVM not only enhances the accuracy of brain CT image classification, but also increases classifica-
tion speed. It is more suitable for the real-time classification requirements of brain CT image.
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