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 The health of the brain and muscles depends on the proper analysis of 

electroencephalogram and electromyogram signals without noise. The latter 

blends into the recording of biomedical signals for external or internal reasons 

of the human body. Therefore, to obtain a more accurate signal, it is needed to 

select filtering techniques that minimize the noise. In this study, the techniques 

used are empirical mode decomposition and its variants. Among the new 

versions of variants is the improved complete ensemble empirical mode 

decomposition with adaptive noise. These methods are applied to 

electroencephalogram and electromyogram signals corrupted by natural noise 

and white Gaussian noise. The obtained results through the use of the improved 

complete ensemble empirical mode decomposition with adaptive noises how 

the high performance that includes minimizing the noise and the effectiveness 

of the components of the signals used in the present research. This method has 

low values of the mean square error and high values of signal-to-noise ratio 

compared to other methods used in this study. 
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1. INTRODUCTION 

Electroencephalogram (EEG) and electromyogram (EMG) signals are clinical tests that successively 

evaluate the work of the brain, muscles, and nerves. These measures are safe and painless. Such activities have 

been obtained by placing the electrode in a good position of the patient’s muscles and scalp. The EEG signal 

contains good information about electrical movements [1], [2]. This latter is engendered by the cerebral cortex. 

The EEG signal can give the best assessment of brain activities and detect signal irregularities. The measures 

and determinations of the number of the motor unit action potential (MUAP) presented in the EMG signal, 

which gives beneficial information, are provided an exact idea of the work of muscles. MUAP is the wave that 

contains information about muscular dystrophy and neuropathies, nerve conduction, and neuropathies [3]-[5]. 

The electromyogram and electroencephalogram signals are non-linear and non-stationary [6], [7]. Due to the 

latter, denoising and analyzing these signals are very important. The Research on EEG and EMG signal filtering 

has been consistently a useful research area. Traditionally, correction of baseline wander (BW) is performed by 

non-linear denoising, which can simply result in a misrepresentation of the waveform [8]. Electrode motion 

(EM) noise is one of the most disturbing, because it is not always easily removed by conventional filters [8]. 

https://creativecommons.org/licenses/by-sa/4.0/
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The muscle artifact (MA) noise is caused by muscle contraction, which coincides with the measurement of 

muscular activity; the amplitude of this noise may completely cover the biomedical signals [8]. The ocular 

artifacts (OA); these noises are the sources of eye movement and blinking. The changes in the direction of the 

cornea dipole, retina, and flutter produce the ocular noise [9]. 

The denoising techniques are inevitable for a reasonable interpretation of biomedical signals and the 

reduction of the noises that interfere with the EEG and EMG signal. Among the denoising approaches, 

empirical mode decomposition (EMD) and its variants. The EMD is a time-frequency information processing 

technique [10], [11]. The EMD information processing technique decomposes EMG and EEG signals into 

signals named intrinsic mode functions (IMFs), that have a high frequency for the first IMF and low 

frequency for the residual (the last IMF). The denoised EEG and EMG signals can be restored by the IMFs 

that have a low frequency and the residual signal (the high frequency existing in the first IMFs have noises). 

This denoising method is applied in several fields as a global positioning system, biomedical signals, and 

climate change [10]-[14]. The drawbacks of the EMD are the end effect and modal-aliasing. To overcome the 

problems created in the EMD tool, the white Gaussian noise is mixed with signaland the EMD is applied to 

the final signal results. The mean of the results obtained is ensemble EMD (EEMD) [15].  

Despite the white noise added in practice to overcome mode-mixing by the EEMD technique, the 

noise in the signal exists after calculate the multiple averaging. The EEMD method also has constraints; for 

instance, the number of scales is not the same as the EMD decomposition, and the quantity of calculations 

increases [16]. The pitfalls that appeared in EMD and EEMD were overcome by applying complete ensemble 

empirical mode decomposition with adaptive noise (CEEMDAN) that uses the noise auxiliary. This method 

gives a correct restoration of biomedical signals and perfect spectra of the decomposed mode [17]-[19]. The 

iterations presented in EEMD are more than iterations of the CEEMDAN method. This latter may give a 

good reconstruction of the signals and reclaim the EMD characteristics that do not appear in EEMD. The 

residual noise and spurious modes are presented in the CEEMDAN method despite the amelioration of the 

EMD and EEMD. To surpass these problems created by CEEMDAN, the new technique called Improved 

CEEMDAN is used in this study to attain the modes with the filtered noise and give the signal a more 

physical meaning [20]-[24].  

This article is structured as follows. Section 2 provides an explanation of the spectrum restoration 

technique based on the CEEMDAN and its new version. The signals used in this paper are also presented. 

Section 3 presents the results obtained through the use ofthese techniques. The final part sums up the main 

findings and conclusions of the study.  

 

 

2. DENOISING AND BIOMEDICAL SIGNALS 

2.1.  Denoising techniques 

2.1.1. CEEMDAN 

The EMD is a method that decomposes the z (t) signal into modes called intrinsic mode function 

IMFs. The EMD method is presented by the following steps [6], [7]: the first step is the extraction of all 

extrema from the original signal and the second step is the calculation of the local average ( )m t : 

 

𝑚(𝑡) =
(𝑒𝑚𝑎𝑥(𝑡)+𝑒𝑚𝑖𝑛(𝑡)

2
 (1) 

 

With emax(t) is the upper envelope and emin(t)) is lower envelope. Then, the third step is computing the mode 

dJ(t)=IMFJ(t), a local detail by: 

 

𝑑(𝑡) = 𝑧(𝑡) − 𝑚(𝑡) (2) 

 

The fourth step is to compute the new signal 1( ) ( ) ( )r t z t imf t= − , and to determine if ( )r t less than three 

extrema, the algorithm stops has; otherwise, pass to the first step. 

The CEEMDAN technique is based on EMD. The set of rules and basics ofthe EMD theory and its 

variant techniques are given in [17]-[19]. The CEEMDAN method is presented as follows: 

− Decompose 0( ) ( )i ix n w n+  to access the first mode by (3): 

 

𝐼𝑀𝐹1(𝑛) =
1

𝐼
∑ 𝐼𝑀𝐹𝑘

𝑖(𝑛)𝐼
𝑖=1  (3) 
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where 0w  is the level noise adding in signal, ( )i t is a different white Gaussien noise (i=1, …, I) and k 

represents the mode. 

− The first residue is obtained by the following relation: 

 

𝑟1(𝑛) = 𝑥(𝑛) − 𝐼𝑀𝐹1(𝑛) 
(4) 

 

The Operator Ej(.) presents the ith mode obtained by decomposition of the biomedical signals (EEG or 

EMG) with the EMD method. 

− The new signal 1 1 1( ) ( ( ))ir n w E n+
 is decomposed to obtain the first mode. The 2IMF is given by (5): 

 

𝐼𝑀𝐹2(𝑛) =
1

𝐼
∑ 𝐸1
𝐼
𝑖=1 (𝑟1(𝑛) + 𝑤1𝐸1(𝜀

𝑖(𝑛))) (5) 

 

For k= 2, …, K, calculate the k-th residue and obtain the first mode. Define the (k+1)-th mode as (6): 

 

𝐼𝑀𝐹𝑘+1(𝑛) =
1

𝐼
∑ 𝐸1
𝑙
𝑖=1 (𝑟𝑘(𝑛) + 𝑤𝑘𝐸𝑘(𝜀

𝑖(𝑛))) (6) 

 

− Iterate this operation until the residual is no longer feasible. The residue is obtained by (7). 

 

𝑟𝑘(𝑛) = 𝑟𝑘−1(𝑛) − ∑ 𝐼𝑀𝐹𝑘
𝐾
𝑘=1  (7) 

 

The final equation of residue is obtained as (8): 

 

𝑟(𝑛) = 𝑥(𝑛) − ∑ 𝐼𝑀𝐹𝑘
𝐾
𝑘=1  (8) 

 

After decomposition of the EEG, EMG signal, the results of the final signal is obtained by (9): 

 

𝑥(𝑛) = 𝑟(𝑛) + ∑ 𝐼𝑀𝐹𝑘
𝑘
𝑘=1  (9) 

 

2.1.2. Improved CEEMDAN (ICEEMDAN) 

Improved complete ensemble empirical mode decomposition with adaptive noise (ICEEMDAN) 

method is based on the last technique cited above, named CEEMDAN method [23]-[25]: The operator M(.) 

computes the local mean of the EEG or EMG signal in this research. The ICEEMDAN method is obtained by 

the following steps. The signal ( ) ( ) ( )( )( )

0 1

i ix n x n E w n= +  is original with white Gaussien noise  

where: 𝛽0 =
𝜀0𝑠𝑡𝑑(𝑥)

𝑠𝑡𝑑(𝐸1(𝑤
𝑖(𝑛)))

 

The white Gaussian noise is important to calculate and generate the new extrema with the new 

version of the EMD method. These new extrema are more important to give the new local mean. The local 

means is calculated using realization I of the EMD technique applied on the biomedical signal to obtain the 

first residue:
( )

1 ( )ir M w=    

− The mode for k=1 is: 

 

𝐼𝑀𝐹1 = 𝑥(𝑛) − 𝑟1 (10) 

 

The next residue presented by this equation: 
( )( )( )

1 1 2

ir E w n+
; then the 2IMF is obtained by (11): 

 

𝐼𝑀𝐹2 = 𝑟1 − 𝑟2 = 𝑟1 − ⟨𝑀 (𝑟1 + 𝛽1𝐸2 (𝑤
(𝑖)(𝑛)))⟩ (11) 

 

− For p = 3, …, P calculate the pth residue
( )( )

1 1( ( ))i

p p p pr M r E w n− −=  + 
 

− Calculates the pth mode 

 

𝐼𝑀𝐹𝑝 = 𝑟𝑝−1 − 𝑟𝑝 (12) 

 
− Repeat step d for next p.  
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2.2.  Biomedical informations 

The EEG and EMG signals are used in this paper, these signals are naturels and provides by the 

MIT-BIH database [8]. Testing of these signals is non-invasive; they can show the normalities and 

abnormalities of brain and muscle functions in humans. The abnormal signal presented in the EEG signal can 

be represented by the sleep disorder in the case of this research. The first subject presented in this paper is 

healthy for EEG signal and the secondone is abnormal. Figure 1 shows the EEG signal in case of 

neurological disorders and Figure 2 shows the abnormal EEG signal 
 
 

  
 

Figure 1. Normal EEG signal 
 

Figure 2. Abnormal EEG signal 
 
 

The electromyogram test can give more information about the states of the human muscles. EMG 

signals have a good factor named MUAPs which gives the morphology, amplitude, distance between two 

successive MUAPs, and the frequency content of this last. Figure 3 shows the EMG signal with neuropathy 

and Figure 4 presents the EMG signal with myopathy.  
 

 

  
 

Figure 3. Abnormal EMG signal: Neuropathy 
 

Figure 4. Abnormal EMG signal: Myopathy 
 

 

The noises signals used in this research are muscle artifacts (MA), Basline wander (BW) and 

electrod motion (EM) [8]. This first noise shown in Figure 5 is a muscle artifact. This noise is a familiar high 

frequency signal and is a natural noise provided by the MIT-BIH Database[8]. The spectrum of the muscle 

artifact interferes with the biomedical signals.  

This noise shown in Figure 6 is the baseline wander. This noise is the origin of the patient's 

movement. or the leads. The baseline wander is a low-frequency family and is a natural noise provided by the 

MIT-BIH database [8]. The electrode motion noise is one of the difficult noises to minimize because it can 

imitate the ECG signal components. Generally is obtained by intermittent mechanics. This artifact cannot be 

deleted without difficulty by conventional methods, as can other noise and is a natural noise provided by the 

MIT-BIH database [8]. Figure 7 shows the electrod motion (EM) artifact. 
 

 

  
 

Figure 5. Noise signal muscle artefact (MA) 
 

Figure 6. Noise signal Baseline wander (BW) 
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Figure 7. Noise signal electrod motion (EM) 

 

 

The creation of the noise as white noise, BW, MA, and EM needs functions in MATLAB that permit 

it to generate. In this research, we used a function that associated the natural noises as BW, MA, and EM, this 

function is CN. The CN indicates the realistic artifact that impedes the EEG and EMG registration. The CN 

noise interfered with the real and clean EEG and EMG signals, and the white noise is added with different 

values of the signal-to-noise ratio (SNR). CN composed noise is given by following equation [17]: 

 

𝐶𝑁 = 
𝑟𝑏𝑎𝑤*𝐵𝑊+𝑟𝑒𝑙𝑚*𝐸𝑀+𝑟𝑚𝑜𝑎*𝑀𝐴

𝑟𝑏𝑎𝑤+𝑟𝑒𝑙𝑚+𝑟𝑚𝑜𝑎
 

(13) 

 

The percentage of noise added to the BW is defined by rbaw=2, theEM noise is defined by relm=2, 

and the MA noises are defined by rmoa=5. The evaluation of the results obtained by the algorithms used in 

this research using the indicators the SNR improvement 
OUTSNR and MSE. The low MSE values and high 

SNR_imp values indicate the effect performs of the denoising methods. The metrics are calculated as (14): 

 

2

1

1
( ( ) ( ))

k

k
zMSE z n n

k =
= −

 
(14) 

 

The SNR equation indicates the robustness of the methods by giving high values that demonstrate 

the performance of denoising and restoration of signal shapes, on the other hand, the low values of MSE 

shows the powerful method. The OUTSNR equation is obtained by (15): 

 

𝑆𝑁𝑅𝑂𝑈𝑇(𝑑𝐵) = 10* 𝑙𝑜𝑔10 (
∑ [𝑧(𝑛)]2𝐾−1
𝑖=0

∑ [𝑧(𝑛)−𝑧(𝑛)]2𝐾−1
𝑖=0

) (15)

 

 

with z(n) is the EEG signal before adding the noise, ( )z n is results after de-noising the EEG and EMG 

signals and N is the number of biomedical length signals used. 

 

 

3. RESULTS AND DISCUSSION 

The EMG signals generally interfere with natural noises that hide useful information. This 

information has more significant meaning that explains how the muscles work and gives where the problems 

exist. In this research, EMG signals are contaminated by the composed noises; containing EM, BW, MA and 

white noise. We used (13); this equation combines the four noises cited above. The denoising techniques 

applied on the EMG signals are the CEEMDAN method and its ICEEMDAN variant. The filtering 

techniques are applied on abnormal myopathy and neuropathy signals with different SNR. Table 1 shows the 

results obtained by these methods. Figure 8 presents the MSE of abnormal EMG signal with neuropathy. 

 

 

Table 1. MSE of normal and abnormal EMG signals 
Signal SNR ‘‘dB’’ Myopathy Neuopathy 

 ICEEMDAN CEEMDAN ICEEMDAN CEEMDAN 

0 0.01075 0.01077 0.23049 0.23102 

5 0.00439 0.00440 0.10144 0.10194 
10 0.00236 0.00237 0.06064 0.06107 

15 0.00171 0.00171 0.04803 0.04826 
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Figure 8. EMG signal with neuropathy 
 

 

The EEG signals can be contaminated by ocular artifacts (OA); these noises are the sources of eye 

movement and blinking. The changes in the direction of the cornea dipole, retina and flutter produce the 

ocular noise. EEG and EOG can propagate to the surface of the scalp, through the medium of volume 

conduction effect. Table 2 presents the results of the SNR to the abnormal EEG signal. Table 3 presents the 

results of the SNR compared to normal EEG signal. Figures 9 and 10 present the SNR evaluation of normal 

and abnormal EEG signals contaminated by EOG signal and white noise with 10 (dB) et 20 (dB). The choice 

of the 10 dB and 20 dB is related to the level of noise that can be in the middle between the high and low 

values of the SNR. The metric used for evaluation and comparison the de four denoising methods are SNR 

given by (13).  

The Tables 2 and 3 show the robustness of the new technique called ICEEMDAN that presents the 

high values (19,9330472, 10,0872857) of SNR 20dB and 10dB for the normal EEG signal compared with the 

CEEMDAN (19,8867641;10,0862754) EEMD (19,7109528; 10,0421496) EMD (17,6338571;9,7408917) 

and the same results are obtained for the abnormal EEG signal. The Table 1 presents the low values of the 

MSE obtained by the denoising method called ICEEMDAN compared with the CEEMDAN technique. The 

MSE of the abnormal EMG signal with myopathy and neuropathy obtained by ICEEMDAN (0,01075; 

0,23049) CEEMDAN (0,01077; 0,23102). The quality of the signal is depending on the level of the 

restoration and the elimination of the noise that interfered with the biomedical signal used in this paper. From 

the results, the ICEEMDAN method shows high performance and power according to the results obtained 

from the MSE and SNR metrics; when reforming the EEG and EMG signals with composite noise filtering, 

the results obtained are better than those obtained in our research published in these results [7]. 
 

 

Table 2. 
OUTSNR  of denoising techniques 

SNR en dB 10 dB 20 dB 

ICEEMDAN 10.0948868 20.0256902 

CEEMDAN 10.0883071 19.9886309 
EEMD 10.0456369 19.5118041 

EMD 10.0091271 18.9140325 
 

Table 3. 
OUTSNR  of denoising techniques 

SNR en dB 10 dB 20 dB 

ICEEMDAN 10.0872857 19.9330472 

CEEMDAN 10.0862754 19.8867641 

EEMD 10.0421496 19.7109528 
EMD 9.7408917 17.6338571 

 

 

 

  
(a) (b) 

 

Figure 9. Diagram of SNR evaluation for abnormal EEG signal denoising for; (a) 10 dB and (b) 20 dB 
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(a) (b) 

 

Figure 10. Diagram of SNR evaluation for normal EEG signal denoising for; (a) 10dB and (b) 20dB 

 

 

4. CONCLUSION 

The present study investigated the effect of noise on EEG and EMG signals. The proposed method is 

ICEEMDAN for denoising natural and artificial noise with a noise minimization property. The comparative 

study of EMD, EEMD, CEEMDAN, and ICEEMDAN methods is done to deduce the powerful method in 

terms of noise reduction used in this work using MSE and SNR metrics. According to the MSE and SNR 

results, the ICEEMDAN has low values of the MSE and high values of SNR. This shows its high 

performance compared to other methods used in this study. We conclude that the ICEEMDAN is a powerful 

method for reducing the noise that corrupted EEG and EMG signals. 
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