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Abstract — In biomedical signal processing, the important signal is always within strong noise, and leads to error diagnostics. In 
this paper, a signal processing method based on dual-tree complex wavelet transform is presented. The heart sound signal is de-
noised by the method. The signal-to-noise ratio and mean square error are used to evaluate the de-noising effects of the dual-tree 
complex wavelet transform and discrete wavelet transform. The experimental results show that compared with traditional discrete 
wavelet transform, the dual-tree complex wavelet transform reduces noise more thoroughly and retains boundary and texture 
characteristics better. The dual-tree complex wavelet transform can be used as a new de-noising method for biomedical signal 
processing.  
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I. INTRODUCTION 

Biomedical signals are generally the weak low-
frequency and non-stationary signals under strong noise 
background. They have a very important value for 
research and clinical diagnostic of the human system 
state.[1] Their processing methods are based on the 
digital signal processing theory. In biomedical signal 
processing, the ability of removing the interference 
noise and extracting the feature information determines 
whether people actually use these signals. [2] So far, 
based on the Fourier transform, a variety of time-
frequency signal processing methods have used to 
extract useful feature information for research and 
clinical diagnostic.  

The wavelet transform is a further development of 
the Fourier transform. It inherited the localization 
thinking of the short-time Fourier transform. And also it 
overcomes the shortcomings of the time window size 
which does not vary with frequency. It becomes a new 
milestone since the Fourier transform. It is known as a 
“mathematical microscope” in signal analysis. [3, 4] 
Due to the time-frequency analysis and multi-resolution 
analysis, the discrete wavelet transform is widely used. 
In recent years, with the development of the wavelet 
theory, discrete wavelet transform (DWT) has been 
widely used in biomedical signal processing with its 
good time-frequency localization characteristics, scale 
characteristics and direction characteristics. Although 
the discrete wavelet transform has been widely applied, 
it has two limitations, mainly in two aspects, First, the 
lack of translation invariance: this means that the input 
signal with a very small shift can lead to various scales 
in the wavelet coefficients so that energy distribution 
will have significant changes. Second, lack of direction 
selectivity: discrete wavelet transform coefficients 
reveal only threes spatial orientations. (horizontal, 
vertical, diagonal), so the direction selectivity is limited 

In signal processing, these defects will lead to loss 
much detailed information or get inaccurate results. 

To solve the above problems, a new biomedical 
signal processing approach based on the dual-tree 
complex wavelet transform is proposed. The dual-tree 
complex wavelet transform with translation invariance, 
anti-aliasing and directional selectivity, can overcome 
these shortcomings of traditional discrete wavelet 
transform. 

II. DUAL-TREE COMPLEX WAVELET 

TRANSFORM 

KINGSBURY introduced the complex wavelet 
transform. And the complex wavelet transform is 
applied to varieties of areas, like image de-noising, 
image restoration, signal processing, because of it’s 
approximate shift invariant, direction selectivity and 
easy calculation. 

But there still are some problems unresolved. Since 
the input of complex wavelet with multiple layers 
decomposition is plural form, it is difficult to construct 
the inverse filter to make sure of complete 
reconstruction. So, the Dual-tree complex wavelet 
transform (DTCWT) in 1998 by KINGSBURY, and 
Selesnick developed the decomposition and 
reconstruction algorithm o DTWCT further more [5]. 

A. Principle of DTCWT 

The Dual-tree complex wavelet transform 
(DTCWT) calculates the complex transform of a signal 
using two separate DWT decompositions (tree a and tree 
b). If the filters used in one are specifically designed 
different from those in the other it is possible for one 
DWT to produce the real coefficients and the other the 
imaginary, as Fig. 1 shows. 

In these two different DWT filter bank, each filter 
bank satisfies the perfect reconstruction condition. 



JI YI et al: PROCESSING OF BIOMEDICAL WEAK SIGNALS USING DUAL-TREE COMPLEX WAVELET . .  

DOI 10.5013/IJSSST.a.17.17.10 10.2 ISSN: 1473-804x online, 1473-8031 print 

 0h n and  1h n  are the low-pass filter and a 

high-pass filter in tree a. Real scale function 

corresponding to it  h t , wavelet function  h t  is: 
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The m is an odd integer 

 0g n and  1g n  (the low-pass filter and a high-

pass filter in tree b) is like to  0h n and  1h n . 

For approximate analytical DTWCT,  
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 th  is the real one, while  ti g  is the 

imaginary one.  
Since Fourier transform analyzing wavelet in the 

negative frequency is 0, DTCWT can separate the 
phase and amplitude of the signal. 

To make sure that DTWCT is an approximate 
analytic wavelet, it is important that the design of  

 th0  and  tg0  satisfy Half-sample Delay Condition. 

It means: 

   5.0-nhng 00                      (6)

Figure 1. Principle of DTCWT (The wave filter tree a, and tree b are real part and imaginary part of the transform, 2 means sampling every other one 
point. 

 

B. Advantages of DTCWT 

The DTCWT shows the nearly shift invariant property, 
because of the filter design. When the input signal is 
generated after a small shift, a significant change occur in the 
wavelet coefficients of DWT [6]. 

Low and high frequency components of translation 
invariance cannot be the same, as b of Fig (2), although 
perfect reconstruction of the signal. Some important 
information would be lost, leading to bad consequence, due 
to the deficiency. However, DTCWT is shift invariant, as (a) 
of Fig .2. [7, 8] 

Dual-tree complex wavelet transform is complied with 
transformation of each row and column. Because 
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Each layer decomposing will produce two low frequency 

components and six high frequency components. The overall 
data redundancy are 4: 1,at any number of layer. Dual-tree 
complex wavelet transform in the direction of each layer 
with the selective production of six sub-band, ±15’、 ±45’、 
±75’ as shown in Fig.3. Because there is more information in 

3 more directions,[9] dual tree complex wavelet transform 
will be applied to image de-noising. 

 
Fig. (2). The Shift Tests of the DTCWT and the DWT 

and it can better represent the image edge and texture features, which has 
smaller waves better denoising effect. 
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Fig. (3). 2D DTCWT Impulse Response (Only the Real Pad) 

DTCWT can separate different parts of the frequency 
space, with shift invariant and direction selectivity. Similar 
to Gabor wavelet, DTCWT is an effective method of 
generating response Gabor coefficients. Compared with 
Gabor wavelets, DTCWT with the advantages of parallel 
processing and fast algorithm in DWT, the computational 
complexity is greatly reduced. And DTCWT is completely 
reconstructed, and there is no loss of image information. 
DTCWT decomposition contains all frequency of 
information, so band selection is not required, avoiding the 
problems caused by wrong band selection. Currently, the tree 
complex wavelet transform has been applied to many areas, 
such as signal de-noising, image segmentation, fusion, 
classification, feature extraction, and so on. 

III. APPLICATION IN WEAK BIOMEDICAL 

SIGNAL  

As we all know, it is accurate and effective of DTCWT 
processing weak biomedical signal than DWT. So heart 
sound signals and biomedical image fusion are tested to 
validate the de-noising effects of the DTCWT. 

A. Heart Sound Signal  

Normal heart sound signal is composed of the first, 
second, third, fourth part of signal, marked as S1, S2, S3, and 
S4. In quiet environment, S1 and S2 can be heard. S3 and S4 
are audible in patients with cardiovascular disease. 
Frequency of heart sound signal is between 10~1000Hz, 
most within 200Hz. S1 is mainly in low frequency 10~50Hz 
and in mid frequency 50~140Hz. S2 is mainly in 50~200Hz. 
S3 and S4 with smaller magnitude are within 50Hz. Some 
heart disease and cardiomyopathy cause two types of 
abnormal heart sound signals: the spilt of S1 and S2 because 
of valvular disease, S3 and S4 because of heart murmur and 
abnormal blood flow with atrial or ventricular myocardial 
disease. The heart sound signal analysis in the diagnosis of 
valvular or myocardial disease is important to some degree. 

Heart sound signal in this paper comes from website 
“Classifying Heart Sounds Challenge”. [10] The initial 
frequency is 44.1 kHz, and it is reduced to 2205Hz in order 
to process easily. Fig. 4 is the wave form of heart sound 
signal. (a) is the wave form of 2205Hz after down-sampling, 
(b) is the wave form of 44.1 kHz before down sampling. 

In case of the influence of noise signal in the heart sound 
segment positioning, we separate the noise and normal 
component of heart sound by decomposition and 
reconstruction of heart sound signal with DTCWT. The 
signal is decomposed by 5 layers dual-tree complex wavelet 

transform, and different frequency bands are in wavelet 
coefficients of different layers. In dual-tree complex wavelet 
transform, the first layer of filter ‘near_sym_a’ and the above 
layers of filter ‘qshift_a’ are applied.[11] The detail 
coefficients of wavelet coefficients are composited of d1 ~ 
d5 and a5.Then the signal can be express as S= 
d1+d2+d3+d4+a5. The noise is mainly in d2(276-551Hz), 
normal signal is in d3 、 d4 、 d5(34-276Hz). In the 
reconstruction process, make the d1、d2 and a5 equal 0, 
most of the noise signal is filtered out. The treated signal is 
S’=d3+d4+d5. 

De-noising of 8 heart signal “Classifying Heart Sounds 
Challenge”, wavelet db6 is chosen.  

Table 1 and Table 2 are the SNR and MSE of de-noising 
signal. Table 3 is the statistical comparisons (Paired samples 
t-test) of SNR and MSE in heart sound signal de-noising 
between the two different algorithms. 

As shown in Table 3, the p-value of the SNR and MSE 
statistics are 8.5864E-6 and 0.0152, less than the significance 
level of 0.05. Thus, there are significant differences of the 
SNR and MSE between two different algorithms. In 
summary, the DTCWT is better in de-noising than DWT. 

TABLE 1. THE SNR IN HEART SOUND SIGNAL DENOISING BETWEEN 
DTCWT AND DWT 

Signal DTCWT 
SNR(dB) 

DWT
SNR(dB) 

1.wav 9.0018 7.4005

2.wav -6.0658 -8.4521

3.wav 6.1022 3.7154

4.wav 9.7521 6.5589

5.wav 8.0658 5.5648

6.wav 15.4056 12.0598

7.wav 1.6985 0.9985

8.wav 9.1965 2.0551

TABLE 2. THE MSE IN HEART SOUND SIGNAL DENOISING BETWEEN 
DTCWT AND DWT 

Signal DTCWT 
MSE 

DWT
MSE 

1.wav 1.4059E-4 2.5697E-4

2.wav 0.0308 0.0354

3.wav 0.0028 0.0065

4.wav 0.0034 0.0089

5.wav 3.6759E-5 4.8694E-5

6.wav 0.0021 0.0038

7.wav 4.4685E-4 6.9985E-4

8.wav 1.5689E-4 0.0008

TABLE 3. THE STATISTICAL COMPARISONS (PAIRED SAMPLES T-TEST) OF 
SNR AND MSE IN HEART SOUND SIGNAL DENOISING BETWEEN THE TWO 

DIFFERENT ALGORITHMS 

DTCWT
Mean±SE

DWT 
Mean±SE 

Paired samples t-
test p-value

SNR 6.7519±1.5689 3.4648±1.4568 8.5864E-6
MSE 0.0029±0.0016 0.0038±0.0027 0.0152



JI YI et al: PROCESSING OF BIOMEDICAL WEAK SIGNALS USING DUAL-TREE COMPLEX WAVELET . .  

DOI 10.5013/IJSSST.a.17.17.10 10.4 ISSN: 1473-804x online, 1473-8031 print 

B. Biomedical Image Fusion  

By a variety of algorithms, information of two or more 
images is concentrated to one image, which can reduce 
errors and provide enough information. CT image and MRI 
image are fused to one with presented algorithms based on 
DCWCT. 

A is an image of CT (256*256), B is the image of MRI 
(256*256). There are three steps in image fusion. 

First, A and B are transformed by DCWCT, lead to some 
layers sub-images. 

Second, sub-images are fused in different rules, and 
fused sub-images are obtained. The low-frequency of sub-
image represent to approximate performance of image, the 
high-frequency of sub-image corresponds to the details of the 
image. So, the low-frequency sub-image is fused with 
weighted average rules, the high-frequency sub-image is 
fused with “the greater one” rules. 

The rules are:  
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 i,jLX ,  i,jHX  are low frequency and high 

frequency parts of fused image.  is 0.5 generally.  
Third, fused layers images are transformed to one image 

based on DCWCT conversely. 

 
Fig. (4). The Original CT Image and MRI Image 

TABLE 4. THE ENTROPY IN IMAGE FUSION BETWEEN DTCWT AND DWT 

 Original CT Original 
MRI 

Fusion by 
DTWCT 

Fusion by 
DWT 

bit 6.5859 6.8457 7.2548 7.2486

 
Fig. (5). The Fusion of CT Image and MRI Image 

As shown in Fig. 4, (a) is the original CT image and (b) 
is the original MRI image In Fig. 5, (a) is the image fusion 
by DTCWT and (b) is the image fusion by DWT. In contrast 
with the fusion by DWT, the edges are clearer and there are 
more the details of image. 

The entropy of an image is an important parameter to 
evaluate the amount of information. As shown in Tab.4, the 
energy of two image fusions between DTCWT and DWT 
increase, but the energy of image fusion by DTWCT is more 
than image fusion by DWT. So, in the same rules, more 
information is obtained from image fusion by DTWCT 
instead of DWT. 

C. Image Denoising  

If image signal often influenced by many kinds of noise 
when collected, acquainted, encoded and transmitted; and the 
image degradation maybe impair the quality of the image 
information processing, transmission and storage. Therefore 
it is a very important work to reduce image noise. The 
processing in order to reduce noise and to improve the 
quality of image is called Image de-noising. 

Most of image de-noising algorithms are relying on some 
kind of space domain transform now. the results of the 
transform algorithms is influenced by the effect of image 
value converting. An excellent image de-noising algorithm 
should accord with human visual perception characteristics, 
and be able to demonstrate the rich information of an image. 

DTWCT, with perfect nature of shift invariant, good 
directional selectivity, and anti-aliasing, is used to de-noise 
image. Here we check the effect of image de-noising by 
DTWCT in contrary to DWT, to prove these advantages of 
DTWCT. 

A Barbara image (256*256) is chosen, and different 
levels Gaussian noise is added to the image to check de-
noising effect. The effect of de-noising is measured by Peak 
signal noise ratio (PSNR). 

   NffdBPSNR /'/255ln10)(
22            (10) 

'f means the gray of image after de-noising, f means the 
gray of image before de-noising,  N is the number of images’ 
pixels. 

The threshold of DTWCT and DWT is generated by 
MTLAB. Thorough 4 layers of DTCWT and DWT 
decomposition and reconstruction, the noise of image is 
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removed, and the effect of de-noising by different algorithms 
is checked. 

In Fig. 6, (a) is the original image before de-noising, (b) 
is the image with Gaussian noise. (c) is the image after de-
noising by DWT, (d) is the image after de-noising by  
DTCWT. In Table 5， in different levels of noise， the 
PSNR of image de-noised by DTCWT and DWT is shown. 
The DTWCT get higher PSNR, indicating a better de-noising 
affect and a clearer image. 

 

 
Fig. (6). The Denoising of Image 

TABLE 5. THE PSNR OF IMAGE DENOISED BY DTCWT AND DWT 

Noise 
level 

Noisy 
image 

Denoised 
image  

by DWT 

Denoised 
image  

by DTWCT 
α=10 25.568

4 
25.8457 29.9547

α=20 22.489
5 

22.8561 24.7416

α=30 20.549
2 

20.6935 21.7512

 

IV. CONCLUSION 

A weak biomedical signal process method based on 
Dual-tree complex wavelet transform with shift invariant, 
anti-aliasing and directional selectivity is presented. Based 
on these advantages of DCWCT, the check in heart sound 
signal de-noising and image fusion is carried on. And 
evidence shows that the dual-tree complex wavelet transform 
reduces noise more thoroughly, retains and extracts 
boundary and texture characteristics, compared with the 
traditional discrete wavelet transform. And the fusion image 
is clearer, and includes more information. So DCWCT is 
much better than DWT, and it can be used as a new method 
for biomedical signal processing. 
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