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Abstract— An electrocardiogram (ECG) signal is a recording of 

electrical interpretation of cardiac muscle activity. ECG is a non 

linear, non stationary signal. The electrocardiogram is used for 

the diagnosis of different heart abnormalities and is very easy to 

interfere with different noises like electromyogram signal 

(EMG) and baseline wanders while gathering and recording. So 

for the quality diagnosis, the ECG signal must be denoised. 

There are various noise removal techniques available and can be 

implemented in MATLAB software. This paper presents a 

method for the suppression of Electromyogram (EMG) artifacts 

from ECG signal using wavelet transform and wiener filtering 

to produce estimated noise free signal. Dual tree complex 

wavelet transform (DTCWT) and wiener filtering is used for 

getting noise free signal. ECG signal is taken from MIT/BIH 

arrhythmia database and is artificially noised by white Gaussian 

noise. Filtering performance is improved by the adaptive setting 

of the filtering parameters.  

Keywords-EMG noise, ECG signal, DTCWT, thresholding, 

MIT/BIH database, wiener filtering. 

I.  INTRODUCTION  

The Electrocardiogram (ECG) is a graphical interpretation 
of electrical activity of the heart. The signal is generated due 
to the depolarization of cardiac muscle by the electrical 
impulses produced by pacemaker cells .The heart muscle 
contracts upon depolarization and pumps blood throughout the 
body. The ECG signal is taken by placing electrodes in arm, 
chest and leg of our body. ECG signal is used for the 
diagnosis of heart abnormalities like the myocardial infarction, 
conduction defect, and arrhythmia. The ECG signal is 
characterized by peaks and valleys like P,Q, R,S, T and U as 
shown in figure 1. Contaminations of noises change the signal 
amplitude and frequency which may create serious problem in 
detecting actual abnormalities. 

The ECG signal contains important information that can 
be exploited in different manners. The ECG signal that is 
recorded would be contaminated with noise and artifacts. One 
of the major concerns of biomedical signal processing is the 
extraction of pure cardiological indices from noisy 
measurements. A reliable signal processing technique is 
needed to preserve the diagnostic information of recorded 
ECG signal. 

  

 

Fig.1.  ECG Signal 

ECG signal is considered to be non stationary signal. 
Wavelet transform is an efficient technique in case of non 
stationary signal processing. Electromyogram (EMG) noise 
contaminates the recorded ECG signal which is due to the 
increased muscle activity. The EMG noise can be effectively 
suppressed by using discrete time wavelet transform. While 
using wavelet transform the decomposed signal contains 
highest band with EMG noise and some additive components 
of QRS complexes and lower band contains more components 
of QRS complexes. Depending on the estimated level of 
interferences the signal can be filtered. There are different 
strategies for thresholding the wavelet transform coefficients. 
The optimal threshold parameter depends on the level of 
interference. While doing WT with downsampling, the result 
depends on choice of the beginning of filtering and need 
interpolation in reverse transform. So it is preferable to use 
Stationary Wavelet Transform (SWT) for filtering.  

The discrete wavelet transform has so many limitations 
like lack of shift variance property, poor performance of 
distinguishing operations, aliasing, oscillations, lack of 
directionalities etc. In order to overcome these problems and 
to provide an effective denoising tool for ECG signal we use 
dual tree complex wavelet transform technique. DTCWT has a 
good computational structure containing shift invariance 
property and antialiasing effect which is good for biomedical 
signals. By using wavelet wiener filtering each transform 
coefficient is adjusted separately which improves the result. In 
order to calculate the correction factor wiener filter requires 
the estimate of noise free signal. Artificial noise whose power 
spectrum is adapted to the spectrum of an EMG signal is used 
to test the filter. 
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II. MATERIALS AND METHODS 

A. Noise simulation 

As the source of raw data the MIT BIH Arrhythmia 
database was used. The dataset has two channel recording of 
annotated ECG signal with sampling rate 360 Hz and 11 bit 
resolution over a 10 mV range. Here I took the record number 
105 for the study. Random noise is generated and added to 
original signal to produce noisy signal. The power spectrum of 
random noise is adapted to the power spectrum of 
Electromyogram (EMG) noise 

y(n)= x(n)+ d(n).                                                            (1)  

x(n) - clean original MIT BIH ECG data signal with DC 
component rejected. 

d(n) - random noise generated. 

 

 

 

Fig.2.  Clean ECG signal in the top, Random noise signal in the middle and 
noisy ECG signal in the bottom 

B. Dual Tree Complex Wavelet  

The main drawback of DWT for multiresolution signal is 
the shift variance problem. This can be overcome by dual tree 
complex wavelet transform. Shift variance problems means 
the small shift in input signal changes the wavelet coefficient 
singularities. The shift variance occurs mainly in lower 
sampling. This shift variance can be overcome by using 
undecimated dyadic filter tree but it produces computational 
complexity and high redundancy in output. So we can use a 
DTCWT with redundancy factor 2 to overcome shift variance. 
DTCWT contain two trees. One filter is for real part and other 
is for the complex part of the wavelet transform. A complex 
wavelet can be expressed as 

     ᶲ(t)= ᶲh(t)+ ᶲg(t)                                   
 

Where ᶲh(t) is real and even , ᶲg(t)  is real and odd. ᶲg(t) 

is the Hilbert transform of ᶲh(t). 

 
Fig.3.  Analysis filter bank. 

 

 
Fig.4.   Synthesis filter bank. 

 

 

Complex arithmetic is not required since the coefficients 

of the filters are real. The inverse of the DTCWT is obtained 

by inverting separately both real and imaginary filters and 

averaging final reconstructed output. The analysis and 

synthesis bank to compute DTCWT is shown in figure 3 and 

4. 

C. Wavelet thresholding 

Thresholding is very important for denoising. Here 
wavelet filtering is based on appropriate adjustment of 
wavelet coefficient in the wavelet domain. Interference and 
signal can be efficiently separated by using thresholding. 
Efficient thresholding requires right value of threshold and 
right method of thresholding. 

The corrupted signal y(n) is a combination of noise free 
signal x(n) and noise d(n), y(n)= x(n)+d(n). Transforming the 
noisy signal using DTCWT we get the wavelet coefficients 
ym(n) = um(n)+vm(n), where um(n) is the coefficient of noise 
free signal and vm(n) is the coefficient of the noise. Here m is 
the level of decomposition. 

Based on the noise level vm(n), for each decomposition 
level, the threshold level for the modification of wavelet 
coefficient has to be set separately. Many methods exist for 
estimating the optimum threshold including universal 
threshold, Stein’s unbiased risk estimate threshold (SURE) or 
minimax threshold. All these methods are based on product of 
standard deviation of the noise and derived constant value 
which is called threshold multiplier (TM). The threshold 
multiplier is described by the equation 

        λ m=TM. σ vm                                                                (3) 

   The robust method to estimate the standard deviation of 
noise is by using median  

     σvm= (median (|ym|)/0.6745                                                 (4)   
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In this paper we tested hard and soft thresholding and 

negative garrote thresholding. 

D. Wavelet  wiener filtering method (WWF) 

By using the WWF method we are able to estimate the 
noise free coefficient um(n) from the coefficient ym(n). This is 
explained in figure 5. 

 

Fig.5.  Block diagram of wwf method 

 The block can be divided in to two path, the upper path 
consists of four blocks: dual tree complex wavelet transform 
DTCWT1 , the modification of the coefficients in block H, 
inverse dual tree complex wavelet transform IDTCWT1 and 
DTCWT2. The lower path contains three blocks: wavelet 
transform DTCWT2, the wiener filter in wavelet domain and 
inverse wavelet transform IDTCWT2.  

The estimate of noise free signal Ŝ (n) is obtained by 

inverse transform IDTCWT1. Wiener filter (HW) is designed 

using this and this is applied to the original noisy signal x(n) 

in DTCWT2 domain via wiener correction factor 

 

 
 

where Ûm
2
(n) is the square of wavelet coefficient which is 

obtained from the estimate Ŝ(n) and σvm
2
 is the variance of 

noise free signal vm(n). 

        The modified coefficient from HW block using wiener 

correction factor is   

 
              λ 

ym(n) =  ym(n).ĝm (n)                                                (6) 

        

       The noise free output signal y(n) is obtained from inverse 

transform IDTCWT of the modified coefficient λym(n). 
 

E. Setting of parameters 

We took parameters like decomposition level 2 to 6, the 
thresholding method Hard, Hyperbolic, negative garrote, 
semisoft and soft, the threshold multiplier value is taken from 
1 to 20, and set of filter banks for wavelet transform 
DTCWT1 and DTCWT2.  

 

 

 

.                        

                           TABLE I 

BASIC GROUP OF INVESTIGATED PARAMETERS 

Dec.level Thresh. TM DTCWT1 DTCWT2 

2 hard 1 haar haar 

3 hyperbolic 2 Db4 Db4 

4 garrote . Sym2 Sym2 

5 semisoft . - - 

6 soft 20 - - 

III. RESULT AND DISCUSSION 

The ECG signal for testing is taken from MIT/BIH 
arrhythmia database. The signal with number 105 is taken. 
The signal value has 2rows (signal) and 3600 columns 
(samples/second). ECG signal has the duration of 10s and is 
sampled at a frequency of 360Hz. 

In this study the simulation is done using MATLAB. The 
signal is first mixed with random noise to produce noisy 
signal and preprocessing is done. Dual tree complex wavelet 
transform is done on noisy signal with decomposition level 2 
and 3 which is shown in figure 6. Then the compression or 
thresholding is done on level 3 decomposed wavelet 
coefficient and is shown in figure 7. 

Wiener filtering result is shown in figure 8. Performance is 
measured by calculating signal to noise ratio 

 

 

Fig.6. level 2 and level 3 decomposition of the original signal using DTCWT 
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Fig.7.  Thresholding of  level 3 decomposed wavelet coefficient. 

 

Fig.8.  wiener filtered signal in time domain 

 

CONCLUSION  

This paper presents the ECG signal denoising technique 
using dual tree complex wavelet transform and wiener 
filtering. This proposed paper provides better result than 
simple wavelet wiener filtering using stationary wavelet 
transform. DTCWT could overcome the limitations of discrete 
wavelet transform. The SNR can be improved in any ECG 
signal corrupted by EMG noise. 
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