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Abstract: In this research paper another enhanced strategy for expelling the curios from ECG signal in view of 
Wiener filter with Ensemble Mode Decomposition (EEMD). Empirical technique is utilized to disintegrate the 
electrocardiograph signals into number of intrinsic mode functions (IMF). At the point when just EMD was utilized 
for noise lessening as a part of ECG sign it was confronting an issue of mode blending close IMF scales. At first, 
Gaussian white noise utilized as commotion lessening establishment and its genuine and fanciful part between the 
remade ECG and unique ECG by utilizing score and middle channel. In this proposed strategy Wiener filter technique 
is utilized rather than adaptive filtering technique channel. This proposed strategy of hybrid EEMD with wavelet 
demonstrates preferable results over adaptive filtering EMD/EEMD. Here the autoregressive filter coefficients 
blend three signals. The normal SNR of Ensemble Empirical Mode Decomposition (EEMD) to Empirical Mode 
Decomposition (EMD) with Wiener filter was 0.023409 for 300 emphases and 0.00072751 for 600 cycles which test 
study on MIT-BIH information.
Keywords: ECG, Wavelet, EMD, EEMD, Wielenr fitler, IMF, SNR.

Introduction1.	
The Empirical Mode Decomposition method and the evaluation of the intrinsic mode functions got by this 
method has concerned courtesy of countless researchers due to its capability of usage in ensemble mode and its 
compatibility with numerous signals [4,5]. Intrinsic Mode Functions (IMF) are the decomposed portions of a 
signal after smearing EMD method which is an early part of the Hilbert Hawang Transform (HHT) presented by 
Hwang [6]. The EMD algorithm is founded on the iterative computations of the maximum and the lowermost 
limits and high signal in each step, a residue signal is achieved which is named the IMF corresponding to that step. 
The EMD has a performance analogous to a filter-bank in which the components with the higher frequencies are 
usually decomposed in the lower IMFs and the components with the lesser frequencies are more decomposed quite 
in the higher IMFs. This decomposition method is an adaptive and extremely efficient method, which operates 
in the time domain. Since this IMF Rules are adaptive, this technique is also appropriate for nonlinear and non-

International Journal of Control Theory and Applications

ISSN : 0974-5572

„ International Science Press

Volume 9  •  Number 46  •  2016



Deva Pratim Hazarika, Haneet Rana, Paurush Bhulania, Bhupendra Singh and Shaweta Khanna

International Journal of Control Theory and Applications 144

stationary signals [7]. In ECG signal noises are present in numerous situations, when taking records some type 
of contributory noises are artificial and also if the conductors are not located right means noise will affect the 
signal. Many types of noises are present in the signal by Electrodes, Power interference and Instruments. In finite 
set steps are the usefulness of time recursive prediction technique for incident detection. They used three lead 
and one lead for QRS detection. Digital band pass filter was proposed in [7] to minimize the numerous noises 
in the electrocardiographic signal and also it detect the locations of QRS complex have the supreme difference 
in different extraction techniques use a fundamental of pre-processor to extract limits or features of the output 
signal and achieve compression of pointed area.

Compression approaches predicated on changes need to calibrate the state change the signal in the time 
domain to supplemental area and afterward pack a small amount of the change coefficients. Between the change 
strategies, wavelet change has demonstrated great execution because of its great limitation properties [2,11] and 
a large number of wavelet-predicated compression techniques for uni-dimensional signals have been proposed 
to pack the ECG signal [12,13], though just a couple results [10, 15–17] were the consequences of pressure 
of vibration signals using discrete wavelet change and real problems with wavelet change for non - adaptive 
substratum on the grounds that the separate procedure of the best substructure capacity is ruled by the signal 
segments that are generally monstrously gigantic in a frequency band [18]. To distinguish the R wave of the 
ECG signal, varieties in slant and adaptive edge are connected.

Empirical mode decomposition, presented in paper [11], gave early understanding in nonlinear and non-
stationary signals. The strategy locally breaks down signals into swaying components, which are known as 
intrinsic mode functions. Because of its properties of versatile and planarity-information driven, it is exceptionally 
enrapturing in the signal processing field of biomedical. Its capacity for abstracting the baseline wander in 
electrocardiographic [12] and de-slanting in HRV [9, 13] has been accounted for. The real inconvenience of 
empirical mode decomposition is the mode commixing impact.

Multichannel Wiener channel and a coordinating extra time movement like drawing closer were connected 
to expel cardiopulmonary revival antique from any human being ECG [17]. The versatile Least Mean Square 
filter which used to evacuate cardiopulmonary revival relics from electrocardiographic has accomplished 
statures affectability and specificity of value around 95% and 85%, separately [17]. Next adaptive technique 
based filtering used is to stifle irregular noise in electrocardiographic signals, unprejudiced and regularized 
versatile commotion conveyance, can effectively evacuate unintentional noise in walking electrocardiographic 
recordings, prompting a higher signal to noise ratio change. The plane of time and frequency was likewise used 
in particularly to distinguish between signal and noise constituents with a whole outfit of weiner sifting which 
covering in various window size because of low signal abnormality was accomplished after gathering averaging 
dangerous interfacing redundant deterministic signs blended with uncorrelated noise [17].

System Model2.	
The proposed technique depends on a vibration signal gathered from a genuine traction motor. At last, conclusions 
are as per the following:

A. Ensemble Empirical Mode Decoposition (EEMD)
The EEMD strategy [8] is created from the EMD technique [2, 12]. It is only a clamor helped signal investigation 
technique and has been demonstrated with preferable scale partition capacity over the ordinary EMD strategy. It 
invalidates the mode blending issue of EMD. The technique of the EEMD strategy can be quickly compressed 
as under:



Enhancement for Denoising of ECG Signal based on Improves Wiener Filter with EMD/EEMD

International Journal of Control Theory and Applications145

1.	 Adding of white noise and fixed amplitude to the signal under study.

2.	 Use convergence of empirical mode decomposition technique to decompose the newly generated 
output signal and enhance the signal processing.

3.	 Recycled empirical mode decomposition signal disintegration with various repetitive white noise, 
which the adequacy of the additional settled length of background white noise.

4.	 After that evaluate and ensemble means of the decomposition simulate, which we will consider as the 
final artifacts using a signal preparing strategy. A multi-part signal, x(k), is decayed into a fix number 
of characteristic intrinsic mode functions.

	 x k c ri
i

n
( ) = +

=
Â

1
	 (1)

Here n speaks to the quantity of the intrinsic mode functions, ci is the ith IMF that is gathering mean of the 
relating IMFs got from all of disintegration procedures and r is the mean of the buildups from all of disintegration 
procedures.

The empirical mode decomposition algorithm used in this learning comprise of the following breakage as 
under:

1.	 Identifying all of the great (maxima level and minima level) of the signal, x(s) for the readied 
information.

2.	 Mark the upper level and lower level billet spread by cubic spline interference of extrema rate point 
created in entire tone (1).

3.	 Compute mean expectation of upper value and lower value, m(t) and examine the distinction 
signal.

4.	 Perform the step d(t) = x(t) - m(t).

5.	 If the function d(t) turns into zero-mean procedure, then the reiteration stops and d(t) is an IMF1, 
named as c1(t); something else, proceed back to step (1) and supplant x(t) with d(t).

6.	 Compute the deposit signal of function r(t) = x(t) - c1(t).

7.	 Riposte the routine from starting i.e. steps (1) to (6) to acquire IMF2, named as c2(t). In order to 
acquire cn(t), continue the process from the steps (1)–(6) after n circling. The procedure is stationary 
when the last residue signal r(t) is leap forward as monotonic reason.

B. The EMD + EEMD (Hrbrid Technique) based Filtering Process
The electrocardiographic signal was filtering with partial reconstruction of intrinsic mode functions by this 
Hybrid model by the following equations,

	 RECGemdkq =	 c tii k

q
( )

=Â 	 (2)

	 RECGeemdkq(t) =	 EEMD_c tii k

q
( )

=Â 	 (3)

Whenever k = 1, q = n and RECGemdkq is comparable weight to the first noised electrocardiographic signal. 
The filter having low pass characteristics was gotten from cancellation of lower value IMF scale, that sense 
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mean k > 1; a filter having high pass characteristics was gotten from erasure of high IMF scale, which implies 
q < n; and a filter having band pass characteristics was thus is determined and for this both conditions k > 1 and 
q < n must be fulfilled.

C. Wiener Filter Steps by Cleaned ECG
Wiener filter’s working principle depends upon the following equation,

	 W R R= -
x x x x1 1 1 1

1 	 (4)

where, W is the coefficients if Wiener filter and the term cross correlation is comprised of x1(t) and x(t), Rx1x1
, 

and autocorrelation is comprised of x1(t), Rx1x1
 were estimated.

The x1(t) and x(t), speak to the information about the input signal and fancied signal separately. Wiener 
filter hypothesis depends on the minimization of distinction between the separated yield and sought yield.

D. Wavelet Shrinkage Method for Merge 3 Signal
We consider accompanying model of discrete noisy signal: The parameter i.e. vector x speaks noisy signal value 
and ∆ is an obscure unique clean signal value. Z is autonomous character approximation Gaussian white noise 
having mean zero and the unit variance. For straightforwardness, we surmise intensity of noise is one.

Figure 1: Wavelet decomposition and reconstruction stage

The steps of wavelet shrinkage are defined as follow:

1.	 Applying discrete wavelet change to watched noisy signal.

2.	 Estimation of noise value and edge esteem value, thresholding of the wavelet coefficients of the 
observed signal.

3.	 Applying the converse of discrete wavelet change to remake the signal.

4.	 DWT (Discrete Wavelet Transform) analysis was initially acquainted in seismology with give a period 
measurement to seismic investigation that Fourier investigation needed.

5.	 Fourier analysis is perfect for contemplating stationary information; however it is not appropriate for 
concentrating on information with transient occasions.

6.	 Wavelets were outlined on account of such non stationary information and with their all inclusive 
statement and solid results have rapidly gotten to be valuable to various controls.

7.	 In wavelet transform, signal x(t) belonging to square integral domain of subspace L2 (R) is expressed 
in terms of function of scaling jj,k(t) and mother of the wavelet function yj,k(t).
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Here j is the dilation parameter or the frequency visibility and k is the parameter for the position

	 X( ) ¥( ) ( ), , . .t a o bk tjo k jo kk j k j kkj jo
= +Â ÂÂ =

•
	 (5)

The coefficients a, b can be calculated as we calculate the coefficients in Fourier transform. The expression 
of a, b are given in the following equations.

	 ajo,k =	 x t dttjo k( ) ( ),∆
-•

•

Ú 	 (6)

	 bj,k =	 x t dttj k( )¥ ( ),-•

•

Ú 	 (7)

The scaling function jj,k(t) can be expressed as

	 ∆j,k(t) = 2j/2∆2jt - k)	 (8)

The mother wavelet function yj,k(t) is expressed as

	 ∆(t) = h t nno ( ) ( )2 2∆ - 	 (9)

Proposed Algorithm3.	
In this proposed study we will get the parts of ECG with calculated noised which is examined to get the filter 
output. Here noised are restricted to EMG, 100Hz control line and baseline wanders.

Figure 2: Proposed flow diagram for the study
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By using Simulated unmoving and arrhythmia electrocardiographic signals were delivered from an 
electrocardiographic test framework (sort number BC Biomedical PS-2210 Patient Simulator) covering 60 
seconds thought clock. The electrocardiographic test framework parameter is 80 BPM, temperature 47oC, most 
compelling top to slightest top voltage is 5-10 mV, and breath rate is set to 30-32.

The varieties proposed focuses on the key investigations of four noiseshaving three levels on a normal 
electrocardiographic which follows for noise line to improve ECG execution are beneath as:

1.	 Finding EMG disturbance: EMG noise was displayed by discretionary number having value which is 
distributed normally, at first worked with the MATLAB code mainrun.m. After that most compelling 
EMG noise level was the scaling of arbitrary succession and the increase to Vpp with minimized extent 
up to 1/8. EMG commotion gathering.

2.	 Noise at Power lineat center sign: Power line obstruction was demonstrated by 50 Hz sinusoidal 
purpose with expansion on amplitude scale derived with MATLAB simulation mainrun.m and the 
higher 50Hz noise level was scaling of chance succession.

3.	 Baseline wander for relics: Baseline meander was modeled by a Baseline wander of 0.3331 Hz 
sinusoidal signal value for past steps and most extreme level of noise was the same sufficiency scale 
as ofVpp.

4.	 Composite noise after notch filter: Composite noiseis the blend of the above three noise with the 
accompanying connection:

	 N4(t) = 0.5 ¥ [N1(t) + N2(t) + N3(t)]	 (10)

Experimentals Results4.	
In our Experimental results, utilizing the algorithms discussed in System Model are shown under different 
subsections. The electrocardiographic waveform taken from MIT-BIH database which is tested in different 
research studies with different technique which generates noises and the corrupted ECG signal for the removal 
of different artifacts.

Figure 3: Original ECG MIT-BIH data

Figure 3 shows the simulations of later parts, which is computed out with data number 100 of MIT/BIH 
arrhythmia database from high to low and low to high frequencies.

The artifacts in the ECG, rendering to their corresponding frequency criteria towards the level of low 
frequency noise (electrode contact noise and signal artifact), have frequency rating under 2 Hz and high frequency
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Figure 4: Original Signal with Gaussian Noise adding signal

noise (EMG noise) whose level of frequency is more than 100Hz are ignored. The power which assessed the 
length of time test for top qualities -0.5 to +0.5, the gaining ratio proportion for various windowing and its 
created in MATLAB in light of their frequency content.

Figure 5: Denoised signal for 100 length

The noise signals which are generated are combined with the electrocardiographic signal to get the distorted 
electrocardiograph.

Figure 6: Denoised ECG with collective noise signal
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Figure 7: ECG withIMF12databaseindifferentzooming Factor

Every one of the reenactments appeared in the above makes sense of are conveyed with information number 
100 of MIT-BIH arrhythmia database. It is tried with wiener filter using wavelet transform and is compared with 
the values of adaptive filter. The PSNR qualities are figured with electrocardiographic data 105 and 108 of the 
database in various IMFs.

Figure 8: Merge 3 signals for collective Wiener Filter

The signal having noisy content appeared in Figure 8 is de-noising so as to noise discrete wavelet change. 
In the figure underneath, various window size as in various time test and we had picked symlet8 wavelet since 
it has vitality range centered around the level of low frequencies, for example, surmised EEG signal because of 
control starting abundancy with beginning stage degree.

At that point the inexact coefficients at level 4 (cA4) are set to start from origin. After that, inverse wavelet 
transform of the altered coefficients are taken to get the inexact noise of the electrocardiographic signal. The 
approximated level of noise signal is appeared in Figure 9. The deposit of the crude signal and the estimated 
noise level is gotten to get commotion free electrocardiographic signal.
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Figure 9: Signal Gaining after wind owing with wiener Filter

Figure 10: Real and Imaginary part for accuracy of filtered signal at 0 origin

Figure 11: Difference magnitude at artifacts removal with different frequencies
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Figure 11 shows that at the initial stage when removing different artifacts is undergoing the magnitude is 
too low. It shows that removal of artifacts is happening in accordance. Because if there is fluctuations present 
in the amplitude and phase diagram at high frequencies then it indicates the presence of artifacts. But here at 
higher frequencies the phase and amplitude get saturated and remains constant.

Conclusion5.	
In this research paper a new technique based on an algorithm called as EEMD with Wiener filter is proposed. 
In the figure 10 a real-imaginary plot is shown. Here both the real and imaginary values come close to the real 
axis. Real parts of a signal are those part which is near to the real axis and imaginary part of a signal are those 
which are close to the imaginary axis, which are nothing but the noise in the signal. So basically the aim of a 
denoising method is to make these imaginary parts come closer to the real axis. In the Figure 10 we can see both 
the real and imaginary parts are closed to the real axis. It means that the imaginary parts i.e. the artifacts in the 
ECG signal are decreased. The method which is proposed removes noise from the electrocardiographic signal 
without producing any distortion of the electrocardiographic signal features. In future, we can evaluate towards 
rule based noisy wavelet transform for the removal of base line wander and another use of other adaptive methods 
like AWGN and QAM method for denoising.
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