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Abstract 25 

Background  26 

Eliminating facial electromyography (EMG) from the electroencephalogram (EEG) is essential for the accuracy 27 

of applications such as brain computer interfaces (BCIs) and quantification of brain functionality. Although it is 28 

possible to find several studies that address EEG filtering, there is lack of researches that improve the filtering of 29 

EEG strongly corrupted by EMG signals with single-channel approaches, which are necessary in situations in 30 

which the number of available channels is reduced for the application of filtering methods based on multichannel 31 

techniques. In this context, this research proposes an EEG denoising method for filtering EMG from the 32 

masseter and frontal. This method, so-called EMDRLS, combines the use of Empirical Mode Decomposition 33 

(EMD) and a Recursive Least Square (RLS) filter to attenuate facial EMG noise from EEG. The results were 34 

compared with those obtained from Wavelet, EMD, Wiener and Wavelet-RLS (WRLS) filters. Besides the 35 

visual inspection of the resultant waveform of filtered signals, the following objective metrics were employed to 36 

contrast the performance of the filtering methods: (i) the signal-noise ratio (SNR) of the contaminated signal, (ii) 37 

the root mean square error (RMSE) between the power spectrum of artifact free and filtered EEG epochs, (iii) 38 

the spectral preservation of brain rhythms (i.e., delta, theta, alpha, beta, and gamma rhythms) of filtered signals. 39 

Results  40 

The EMDRLS method yielded filtered EEG signals with SNR varying from 0 to 10 dB for EEG signals with 41 

SNR below -10dB. The Spearman’s correlation coefficient estimated between the SNR of filtered and corrupted 42 

signals was below 0.04, suggesting, in the evaluated conditions, the independence of the EMDRLS filtering 43 

performance to the SNR of noisy signals. The technique also improved the RMSE between the power spectrum 44 

of artifact free and filtered EEG epochs by a factor of 27 (from 5.429 to 0.197) in the most corrupted EEG 45 

channels with the masseter muscle contraction. The Kruskal-Wallis test and the Tukey-Kramer post-hoc test (p < 46 

0.05) confirmed the preservation of all brain rhythms given by EEG signals filtered with the EMDRLS method. 47 

Conclusions  48 

The results showed that the single-channel EMDRLS method can be applied to highly contaminated EEG signals 49 

by facial EMG signal with performance superior to that of the compared methods. The method can be applied for 50 

the offline filtering of EEG signals contaminated by facial EMG. 51 

 52 

Keywords: EEG filtering, facial EMG noise, EMDRLS, Empirical Mode Decomposition, Adaptative Filtering, 53 

Recursive Least Squares filtering. 54 

 55 
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Background 56 

Electroencephalography is a technique used to record the activity on the scalp of measured cerebral cortex 57 

neuronal populations. It is derived from a high temporal resolution, non-invasive macroscopic process and is a 58 

low-cost method compared to a functional neuroimaging test [1]. The electroencephalogram (EEG) is widely 59 

used in a variety of clinical and commercial applications, including cognitive neuroscience, brain-skill 60 

quantification, pathological diagnosis, biometrics and Brain-Computer Interfaces (BCIs) [2–5]. 61 

The system for measuring EEG amplifies the tiny disturbances of the electrical potentials of the electrodes 62 

positioned on the scalp, which is anatomically separated from the signal-generating sources by the meninges, 63 

skull bones, and scalp. Thus, the synaptic potentials which usually have low amplitudes, in the order of 64 

millivolts, are strongly attenuated by these anatomical structures, reducing the amplitude of the signals recorded 65 

at the scalp [6]. Due to this low amplitude, which typically does not exceed 100 μV, the EEG signal is highly 66 

susceptible to artifacts [7]. 67 

These artifacts are usually caused by electromagnetic fields generated by nearby electronic devices and the 68 

power grid. In addition, artifacts can be produced by other sources of electrophysiological signals (e.g., muscular 69 

and heart activity or eye movement) [8,9]. This contamination decreases the performance of applications such as 70 

BCI and diagnosis of pathological disfunctions, since the amplitude of the artifact will typically be several orders 71 

of magnitude greater than the EEG amplitude [10,11].  72 

In this context, the characterization and attenuation of artifacts is relevant for the correct interpretation and use of 73 

EEG. Facial electromyographic (EMG) signals are a primary source of EEG contamination. The main challenge 74 

with respect to the attenuation of noise generated by the EMG signal lies in the fact that EMG emerges from the 75 

anatomically positioned muscles along the skull. Even weak muscular contractions can be detected throughout 76 

the scalp due to the phenomenon of conductive volume. In addition, the EMG signal overlaps the spectrum of 77 

the EEG signal in virtually all frequency bands [12]. 78 

To solve this problem, several EEG filtering methods are described in the literature. However, these methods 79 

have some limitations, mainly related to the inability to completely remove noise from the corrupted signal 80 

without the introduction of undesired distortions, and the need for a priori noise information for signal filtering. 81 

These limitations, associated with several features  estimated from the EEG signal to suit the diversity of 82 

applications, motivate the search of methods to remove EEG artifacts [9,13–18]. 83 
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Frequency selector filters, such as a linear Butterworth filter, are one of the main techniques described in the 84 

literature for the removal of physiological artifacts from EEG. However, the use of such filter class is only 85 

effective when the frequency range of the signal and noise are not overlapped [8].  86 

The literature suggests the use of single-channel techniques for muscular artifact removal from EEG instead of 87 

multichannel techniques (e.g. Independent Component Analysis – ICA and Canonical Correlation Analysis – 88 

CCA). The following methods are commonly employed for this purpose: adaptive filtering [19,20]; wiener 89 

filtering [21,22], Bayesian filtering [23], Blind Source Separation (BSS) [24,25], wavelet transform (WT) 90 

[26,27], Empirical Mode Decomposition (EMD) [28,29] and the combination of these techniques (i.e., hybrid 91 

methods) [14,30–33]. 92 

An adaptive filter is required when fixed specifications are unknown. The most prevalent family of algorithms 93 

for removing EEG artifacts is based on the method of least squares [19,34]. Adaptive filters vary in time because 94 

their parameters are continuously changing to meet a performance requirement [35]. 95 

Wiener filtering is appropriate in situations in which the signal and noise spectrum are overlapping, although it 96 

requires an estimated, measured or reliable reference to operate [36]. Borowicz showed that the performance of 97 

the multichannel Wiener filter outperformed that of BSS for removal of EEG artifacts of various types, (i.e. 98 

those that were annotated as unwanted by the user) [37]. In addition, Ferdous and Ali [21] compared Wiener and 99 

Kalman filters, and again the Wiener filter was more effective for removing EEG artifacts. However, the Wiener 100 

filter was mainly applied to remove ocular artifacts, not including muscular artifacts with low SNR (i.e. lower 101 

than -10 dB). 102 

Gao [38] employed an adaptive algorithm to remove ECG from EEG during sleep apnea records by means of 103 

Discrete Wavelet Transform (DWT). Iyer [39] compared DWT with an interactive ICA filter for subsequent 104 

detection of single-trial evoked potential. Krishnaveni [40] compared the JADE algorithm [41] with DWT for 105 

the removal of the electrooculogram contamination (EOG) from EEG. 106 

Empirical Mode Decomposition (EMD) was successfully used for the removal of EEG artifacts in [13], [42] and 107 

also in conjunction with BSS methods [42,43]. A broad review of the application of EMD and its variations on 108 

EEG signal processing is given in [44]. 109 

Recent efforts have been focused on the combination of these algorithms for removing artifacts from the EEG. 110 

Hybrid methods are, therefore, considered the state of the art in EEG filtering because they use the advantages of 111 

different methods in two or more stages and have presented the best results in their applications 112 
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[8,9,14,15,30,45–47]. The main combinations of algorithms in different filtering stages are: (i) adaptive filtering 113 

with BSS-ICA; (ii) EMD with BSS; (iii) wavelet with BSS; (iv) adaptive filtering with EMD [45]. 114 

Mucarquer et al. [18] described a significant reduction in EMG contamination with the hybrid EEMD-CCA 115 

technique by employing an array of EMG channels to increase the number of observations for the blind source 116 

separation method. Somers et al. [48] addressed the removal of the EMG artifact and other EEG artifacts using 117 

Wiener's multi-channel technique. Although they presented favorable results, multichannel techniques have 118 

limitations because their efficiency is generally conditioned to the requirement of a larger number of channels, 119 

which may not be available in some applications. Saini et al. [49] reported an approach to remove EMG from 120 

EEG signals based on the use of single-channel variational mode decomposition. However, there was no analysis 121 

of the performance of the method on experimental EEG signals contaminated by EMG. 122 

In general, single-channel techniques have been shown to be the most effective approaches for the removal of 123 

facial muscular artifacts from EEG, especially when a reference signal is known [50]. However, the main 124 

limitations of this class of noise removal technique is that its performance is low for signal-to-noise ratios below 125 

-10 dB [18,30,50], which is typical in EEG contaminated by facial EMG. This is important when there is a need 126 

to monitor brain activity during human computer interaction based on facial electromyography [51]. 127 

In order to contribute to the research of facial EMG removal from EEG, this study proposes an EEG filtering 128 

method for facial EMG removal that is independent of an external reference noise and is suitable for low SNR 129 

(e.g., less than -10 dB) signals. Thus, the hypothesis to be tested is that a single-channel EMG reference signal, 130 

estimated from EMD, in combination with a Recursive Least Squares (RLS) filter [35,52,53] improves the 131 

filtering of EEG strongly contaminated with facial EMG. The results of the proposed method, so-called 132 

EMDRLS, were compared with those obtained from traditional methods such as the wavelet transform, Wiener 133 

filtering, EMD and hybrid filtering. The experimental protocol adopted in this study is based on the practical 134 

need of assessing brain activity for motor learning quantification during the interaction with a myoelectric 135 

interface [51]. 136 

Results 137 

Visual Inspection 138 

Figure 1 presents a visual inspection of a typical EEG epoch from channel F7-F3 with EMG contamination from 139 

masseter muscular contraction. The hybrid techniques, EMDRLS and wRLS, successfully remove the EMG 140 
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contamination. However, the wRLS method alters the waveform of the noise-free region to a greater extent than 141 

EMDRLS method. 142 

 143 

Figure 1: Typical waveforms of contaminated and filtered EEG signals for each filtering method (a - f). In 144 

this example, EEG detected at F3-F7 was corrupted by an EMG signal originating from the masseter 145 

muscle. 146 

 147 

SNR analysis 148 

Figure 2 shows the overall mean SNR of filtered signals for the level of contamination defined as: 1. SNR ≥ -5 149 

dB, 2. -10 dB ≤ SNR < -5 dB, 3. -20 dB ≤ SNR < -10 dB, 4. -30 dB ≤ SNR < -20 dB, and 5. SNR < -30 dB. The 150 

results are shown for the frontal (Figure 2A) and masseter (Figure 2B) EMG contamination. 151 

Figures 2A (frontal muscle) and 2B (masseter muscle) show the estimated relationship between the 152 

contamination level and the SNR of the filtered signal. The curves for each type of filter were obtained by fitting 153 

a spline model based on available data at the discrete points (i.e., from 1 to 5). 154 

 155 
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 156 

 157 

Figure 2: Relationship between the contamination level and the SNR of the filtered signal contaminated 158 

by the EMG from the frontal (A) and masseter (B) muscles. 159 

Figure 2A shows that the EMDRLS and wRLS techniques were less sensitive to a reduction in the contamination 160 

level. The angle between the horizontal axis and the linear model fit for each curve of Figure 2A is -0.41°, -161 

9.42°, -44.41°, -50.60°, -64.24°, respectively for the methods EMDRLS, wRLS, EMD, wavelet and Wiener. 162 

The estimated inclinations with respect to the horizontal axis for the curves of Figure 2B are 13.59°, 16.71°, -163 

39.08°, -44.46°, -50.45°, respectively for the methods wRLS, EMDRLS, Wiener, wavelet and EMD. 164 

Figure 3A shows the overall mean SNR of the EMG contaminated signal after filtering by the EMG from the 165 

frontal (A) and masseter (B) muscles with regard to the EEG sensor positioning. The overall mean SNR of the 166 

corrupted EEG signal, s[n], is also shown. 167 
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 168 

 169 

 170 

Figure 3: Overall mean SNR of the filtered EMG from the frontal (A) and masseter (B) muscles in 171 

relation to each EEG channel.  The overall mean SNR of the contaminated EEG signal, s[n], is also shown. 172 

 173 
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Ideally, the filter should be able to remove noise by maintaining signal information, regardless of the level of 174 

contamination. This can be achieved by a filter whose relationship between the level of contamination and the 175 

SNR of the filtered signal follows a linear model with a linear and angular coefficient close to zero in order to 176 

avoid degradation of the filtered signal at high levels of contamination. This scenario can be obtained when PD 177 

equals PC in Equation 6. To evaluate the performance of the filter by the dependence of the intensity of 178 

contamination, the Spearman’s correlation coefficient between the SRN of the contaminated signal and the SNR 179 

of the filtered signal was calculated. Among the most contaminated channels (Fz-F3, F4-F8, F3-F7, Fp1-Fp2, 180 

T3-C3, C4-T4, Fp2-F8, and Fp1-F7) the correlation coefficient for the EMDRLS filtering method was 0.04 and -181 

0.64, respectively for signals from the frontal and masseter. For the other methods, the correlation coefficient 182 

between the SNR of the filtered signal and the SNR of the frontal muscle contamination was 0.77, 0.82, 0.98, 183 

and 0.33, respectively for the methods EMD, wavelet, Wiener and wRLS. For the contamination from masseter, 184 

the correlation coefficient was 0.83, 0.93, 0.99 and -0.27, respectively for the methods EMD, wavelet, Wiener, 185 

and wRLS. 186 

RMSE between the power spectrum of EMG-free EEG and filtered EEG epochs 187 

Tables 1 and 2 show the overall mean RMSE values for the frontal and masseter muscles, respectively. Results 188 

for the frontal and central channels were included in the tables as they are the most contaminated. 189 

The lower the RMSE the more efficient is the filter in terms of spectral preservation with regard to the EMG-free 190 

signal. The best results were obtained from the EMDRLS filter, which showed lower variability and significant 191 

differences for all frontal channels and EMG contamination from both muscles (i.e., frontal and masseter). 192 

Table 1: Mean and standard deviation of the RMSE between the power spectrum of EMG-free EEG and 193 

filtered EEG epochs contaminated by EMG from the frontal muscle. The numeric labels in superscript 194 

denotes
(1-9)

 significant difference between nonfiltered and filtered scenarios at a significance level of 0.05. 195 

Channel 
Frontal muscle 

(without filtering) 
EMDRLS EMD Wiener Wavelet WRLS 

Fp2 - F8 1.670 ±0.0291,2
 0.039 ±0.011

1
 1.225 ±1.666 0.650 ±0.656 1.325 ±1.752 0.109 ±0.6522

 

F4-F8 1.311 ±0.0603,4
 0.076 ±0.093

3
 0.995 ±1.546 0.446 ±0.436 1.166 ±1.611 0.091 ±0.1094

 

Fp1 - F7 1.251 ±0.0195,6
 0.025 ±0.024

5
 0.737 ±1.491 0.636 ±1.001 0.658 ±0.976 0.074 ±0.0396

 

Fp1-Fp2 1.107 ±0.2237,8 0.013 ±0.008
7
 0.619 ±1.228 0.553 ±0.792 0.493 ±0.625 0.058 ±0.0538

 

C4-T4 0.708 ±1.355 0.140 ±0.080 0.618 ±0.629 0.387 ±0.670 0.643 ±1.126 0.422 ±0.314 

F3-F7 0.580 ±0.0669
 0.032 ±0.021

9
 0.219 ±0.314 0.284 ±0.249 0.388 ±0.275 0.081 ±0.049 

 196 
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Table 2: Mean and standard deviation of the RMSE between the power spectrum of EMG-free EEG and 197 

filtered EEG epochs contaminated by EMG from the masseter muscle. The numeric labels in superscript 198 

denotes significant difference between nonfiltered
(1-18)

 and filtered scenarios at a significance level of 0.05 199 

Channel 

Masseter muscle 

(without 

filtering) 

EMDRLS EMD Wiener Wavelet WRLS 

C4-T4 8.047 ±3.5961,2
 0.271 ±0.2211

 0.338 ±0.3532
 1.270 ±5.221 1.279 ±7.724 0.290 ±0.430 

T3-C3 7.842 ±0.9123,4
 0.362 ±0.383

3
 0.380 ±0.227 0.429 ±3.363 0.373 ±5.434 0.396 ±0.4434

 

F4-F8 5.388 ±0.1895,6,7,8,9
 0.151 ±0.1595

 0.159 ±0.1556
 0.170 ±2.9057

 0.181 ±3.5558
 0.155 ±0.181

9
 

F3-F7 4.571 ±1.10710,11,12
 0.158 ±0.119

10
 0.260 ±0.05311

 0.482 ±1.522 0.510 ±1.641 0.258 ±0.11912
 

Fp2 - F8 3.373 ±0.013 13,14,15
 0.109 ±0.105

 13
 0.143 ±0.07214 

0.175 ±1.519
 

0.179 ±1.600 0.151 ±0.09915
 

Fp1 - F7 3.345 ±0.15016,17,18
 0.134 ±0.125

16
 0.186 ±0.05517

 0.141 ±0.816 1.172 ±0.587 0.229 ±0.12318
 

 200 

Spectral preservation of brain rhythms 201 

Tables 3 and 4 show the overall mean and standard deviation of MPSD for the frontal and masseter muscles, 202 

respectively. The table compares the MPSD for each brain rhythms between EMG-Free EEG signal and filtered 203 

signals. Only the proposed EMDRLS method did not produce differences between the noise free and the filtered 204 

signals for all brain rhythms.  205 

Table 3: Mean and standard deviation of the MPSP (in µV) between the power spectrum of EMG-free 206 

EEG and filtered EEG epochs contaminated by frontal muscle EMG for the distinct brain rhythms. The 207 

effectiveness of filtering is measured by the spectral similarity between filtered EEG signals and the 208 

EMG-Free EEG signal. The numeric labels in superscript denotes
(1-11)

 significant difference between the 209 

power spectrum of EMG-free EEG and filtered EEG epochs at a significance level of 0.05 210 

Rythymn EMG-free EEG EMDRLS WIENER WAVELET EMD WRLS 

Delta 0.041 ±0.0351,2 0.071 ±0.179 0.094 ±0.5011 0.113 ±0.3245 0.073 ±0.108 0.004 ±0.0072 

Theta 0.071 ±0.06913,4 0.087 ±0.106 0.135 ±0.7243 0.167 ±0.497 0.107 ±0.147 0.005 ±0.0044 

Alpha 0.406 ±0.63215,6 0.309 ±0.422 0.476 ±2.4915 0.908 ±2.678 0.483 ±0.748 0.015 ±0.0216 

Beta 0.340 ±0.4917,8 0.304 ±0.419 0.374 ±1.5327 0.937 ±1.768 0.574 ±0.718 0.022 ±0.0128 

Gamma 0.095 ±0.1669,10,11 0.092 ±0.147 0.257 ±0.7219 0.586 ±1.08510 0.356 ±0.594 0.014 ±0.00611 

 211 

Table 4: Mean and standard deviation of the MPSP (in µV) between the power spectrum of EMG-free 212 

EEG and filtered EEG epochs contaminated by masseter muscle EMG for the distinct brain rhythms. The 213 

effectiveness of filtering is measured by the spectral similarity between filtered EEG signals and the 214 
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EMG-Free EEG signal. The numeric labels in superscript denotes
(1-13)

 significant difference between the 215 

power spectrum of EMG-free EEG and filtered EEG epochs at a significance level of 0.05 216 

Rythymn EMG-free EEG EMDRLS WIENER WAVELET EMD WRLS 

Delta 0.056 ±0.0581,2 0.063 ±0.057 0.025 ±0.0621 0.136 ±0.269 0.089 ±0.125 0.002 ±0.0012 

Theta 0.088 ±0.0893,4 0.096 ±0.084 0.035 ±0.0853 0.190 ±0.358 0.127 ±0.164 0.003 ±0.0034 

Alpha 0.456 ±0.6535,6 0.360 ±0.467 0.117 ±0.3025 0.764 ±1.169 0.475 ±0.622 0.009 ±0.0156 

Beta 0.388 ±0.5797,8,9 0.285 ±0.374 0.162 ±0.4657 1.943 ±3.9798 0.925 ±1.735 0.025 ±0.0159 

Gamma 0.201 ±0.32710,11,12,13 0.122 ±0.203 0.124 ±0.29010 2.321 ±5.34311 1.090 ±2.40012 0.015 ±0.00613 

 217 

Discussion 218 

The EMDRLS method has been developed for the removal of facial muscular artifacts from EEG signals, which 219 

is an important requirement for distinct applications. It is a single channel approach for filtering low SNR EEG 220 

signals. In this research, EMD was used to generate an EMG noise reference to an adaptive RLS filter. The 221 

performance of the EMDRLS filter (Figure 5) was compared with other traditional single-channel approaches 222 

(wRLS, EMD, wavelet and Wiener) by using several quantitative metrics (SNR, RMSE and MPSD). 223 

The developed filter was assessed on actual EEG data collected from 10 healthy subjects. Since there is a need 224 

for studies comparing the efficacy of filtering methods for different muscles [9,45], this research investigated the 225 

performance of the filter considering the EEG contamination by two distinct facial muscles (i.e., frontal and 226 

masseter).  227 

Visual inspection of a typical EEG filtered signal (Figure 1) shows how the EMDRLS method guarantees the 228 

preservation of waveforms in the EMG-free region compared to other approaches and how EMG contamination 229 

is removed from the EEG signal. 230 

From the results presented in Figures 2 and 3, the EMDRLS method is the less sensitive to the SNR of the 231 

corrupted EEG signal. Such results are consistent, independent of the noise produced by the frontal and masseter 232 

muscles, as measured by the relatively low slope of the linear model adjusted to the response curve of the 233 

EMDRLS method. This is further confirmed by the relatively low correlation coefficient (0.04 and -0.64, 234 

respectively, for the frontal and masseter) between the level of contamination and the SNR of the filtered signal. 235 

This low correlation reinforces relative independence of the method with regard to the contamination level. 236 
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Tables 1 and 2 compare the RMSE between EMG-free EEG and filtered EEG epochs contaminated by EMG 237 

from the frontal and masseter muscles. The selected EEG channels were those which presented the highest level 238 

of EMG contamination. The RMSE for the masseter is larger than the RMSE for the frontal muscle. This may be 239 

justified by the fact that the masseter is one of the strongest muscles (based on its weight) in the human body. 240 

The highest RMSE (i.e. 7.842 and 8.047) was obtained for the central regions of the scalp during the contraction 241 

of the masseter. These values were reduced to 0.362 (for T3-C3) and 0.271 (C4-T4) in the signals filtered by the 242 

EMDRLS method. The technique maintained the lowest RMSE values for all other channels (central and frontal) 243 

compared to other filtering techniques. Although there is no consensus among researchers on the selection of 244 

EEG artifact removal techniques, some researchers have proposed the use of the RMSE in the time domain 245 

[9,45,49]. In this research this metric was introduced to contrast the power spectrum between EMG-free EEG 246 

and EEG-filtered epochs. 247 

When compared to the other filtering methods, the EMDRLS method was the one that produced the lowest mean 248 

RMSE with the lowest variability for all channels, suggesting spectral preservation. In addition, it was the only 249 

method that yielded statistical difference between the RMS of the nonfiltered and filtered signals for all EEG 250 

channels contaminated by EMG from the masseter muscle (Table 2). For EEG channels contaminated by EMG 251 

from the frontal muscle (Table 1) the results are similar, except for the RMSE of channel C4-T4 that was 252 

statistically equivalent to the RMSE of the nonfiltered signal. However, the RMSE value was significantly 253 

reduced from 0.708 to 0.140. 254 

Tables 3 and 4 present the results for the metric MPSP. The desirable behavior of the filter is to guarantee a 255 

similarity of values between the MPSP of EMG-free EEG and filtered EEG epochs. The results in the tables are 256 

given for specific brain rhythms. The EMDRLS method was the only one that produced filtered EEG signals 257 

whose MPSP was statistically similar to the MPSP of the EMG-free EEG, for all brain rhythms.  258 

The hybrid techniques analyzed in this study have combined the adaptive RLS filter with both EMD and wavelet 259 

decomposition techniques, which removed the EMG contamination as shown in Figure 1. However, the wRLS 260 

method does not preserve the waveform of the EMG-Free EEG signal. The superior performance of the hybrid 261 

technique with the EMD method is consistent with [54], which also compared both EMD and wavelet methods 262 

in a hybrid combination with ICA, and concluded that the wavelet-based hybrid technique performed worse than 263 

that based on EMD. The possible reason is that the wavelet analysis decomposes the signal at each stage in a 264 

predetermined way, excluding the possibility of adapting the decomposition to local variations of the oscillation. 265 

Without prior knowledge of the EMG-Free EEG signal, it is inconvenient to effectively select the ideal mother 266 
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wavelet and the number of decomposition levels. Conversely, hybrid filters with EMD are a completely data-267 

oriented method, which means that the signal is decomposed in a natural way without requiring prior knowledge 268 

of the signal of interest. Therefore, EMD hybrid variations are generally preferred and have been widely used for 269 

EEG filtering as suggests in [18,30,31,43]. 270 

The technique known as Ensemble Empirical Mode Decomposition with Canonical Correlation Analysis 271 

(EEMD-CCA) combined with CCA in a single-channel approach as described by [43] was used to remove the 272 

EMG artifact for the EEG. This method has also been compared with the filtering methods based on wavelet, 273 

EMD and EEMD-ICA. The results have shown that the hybrid technique EEMD-CCA is a reliable and 274 

computationally efficient filter. However, they showed a relative improvement in the SNR below 4 dB, which 275 

contrasts with our work, which showed improvements in the SNR in the order of 20 dB in the frontal EEG 276 

channels. The same happens with the hybrid single-channel filter described by [30] which evaluated the EEMD-277 

ICA technique, however, for low SNR (i.e., below 2 dB). Thus, although significant efforts have been made to 278 

develop methods for detecting and removing artifacts from EEG signals, this is still an active area of research. 279 

Additional considerations regarding the ICA and CCA used in hybrid EMD filters must be taken into account as 280 

they could not be effective if the number of channels was not equal to the number of sources as described in [9]. 281 

According to [55], there is disagreement in the literature on the efficacy of ICA, especially for high frequencies, 282 

for the removal of EMG activity from the data, which is also reported in [56,57]. This was one of the factors that 283 

motivated the use of the adaptive RLS filter in this work for the removal of the EMG artifact. 284 

The evaluation of the performance metrics together with the visual inspection of the filtered signals confirmed 285 

the robustness of the EMDRLS method. Future studies should consider the adaptation of the EMDRLS filter to 286 

real time applications and to the attenuation of other types of noise, for instance, motion. It is also necessary to 287 

extend the database of collected signals so that the filter can be evaluated under several other experimental 288 

conditions. 289 

Conclusion 290 

This paper has proposed an EMG signal denoising, the so-called EMDRLS. This type of filter fills the need for 291 

low SNR EEG filtering corrupted by facial EMG signals. The method was compared to other four single-channel 292 

filtering methods, i.e. Wiener, wavelet, EMD and a hybrid wavelet-RLS (wRLS) filter. The evaluation of the 293 

performance metrics showed the advantage of the use of the EMDRLS for single-channel EEG filtering 294 

corrupted by facial EMG. The current need is to adapt the use of the EMDRLS filter for real time application. 295 
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This would be relevant for the development of brain-computer interfaces and for studying the extraction 296 

information from EEG during facial muscular contraction. 297 

Methods 298 

Database and Participants 299 

Data were collected from ten healthy individuals during the execution of successive facial muscular contractions 300 

to characterize the EEG signal contamination by facial muscular activity.  This experimental protocol was based 301 

on previous published work [51] reporting the implementation of a facial EMG interface and motor learning 302 

assessment.  303 

The EEG data in this study were obtained from the scalp surface of participants by using 16 channels in which 304 

the electrodes were positioned according to the standard 10-20 international placement. The signals were 305 

sampled at 5 kHz.  The protocol consisted of two trials (i.e., trials 1 and 2 as illustrated in Figure 4). For each 306 

trial, the volunteer was asked to activate one of the following muscular groups: frontal (1) and masseter (2) 307 

muscles. These trials consisted of a sequence of 30 muscular contractions whose onset and duration were 308 

controlled by an auditory stimulus (beep). The beeps lasted 0.5 s, 1 s or 3 s, and the volunteer was asked to 309 

maintain the contraction while listening to the beep, and to finish the contraction immediately after the auditory 310 

stimulus. The stimuli were randomly and equally distributed. Figure 4 illustrates an example of stimuli during 311 

the experimental trials (1 and 2). 312 

 313 
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Figure 4: Example of an experiment with random sequences of auditory stimuli for the frontal (1 – circle) 314 

and masseter (2 - square) muscles. The vertical bars indicate the duration of the control auditory stimulus. 315 

The trial with the masseter muscle (2) starts after the end of the trial with the frontal muscle (1). 316 

 317 

The EMDRLS Filtering Method  318 

This section describes the EMDRLS technique proposed in this research. The use of this strategy for signal 319 

filtering has two main purposes: (1) to use EMD to generate noise activity, specific for each EEG channel, which 320 

is used as a reference signal to the RLS filter; and (2) to use RLS to filter noise corrupted EEG signals. The  321 

EMDRLS filter uses a single channel technique that is considered to be the most suitable for EEG filtering, as 322 

suggested by Chen [50]. 323 

The application of the EMDRLS consists of 3 steps as shown in Figure 5. 324 

 325 

 326 

Figure 5: Block diagram of the EMDRLS technique for noise attenuation in EEG signals. First step: 327 

Signal regions without EMG are detected. Second step: The input signal s[n] is decomposed into IMFs and 328 

then the EMG-free regions are thresholded so that an EMG noise reference signal (r[n]) is generated. 329 

Third step: The input signal, s[n], is filtered by an RLS filter with a reference signal (r[n]), resulting in a 330 

filtered EEG signal (y[n]). 331 

 332 

First step: detection of EMG-free signal regions 333 
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This step, illustrated in Figure 5, performs the detection of the facial muscular contraction. This information is 334 

used to identify EMG-free signal regions. EMG signal detection is based on the application of a moving average 335 

(MA) filter in which the window size L is equal to half of the sampling frequency (i.e., 5 kHz in this study). 336 

The transfer function in the Z domain, H(z), of the employed MA filter is given in Eq. 1, where s is the raw EEG 337 

signal (Figure 5). The mean of the output of the MA filter was used as a threshold to detect EMG-free regions. 338 

 H(𝑧) =   1𝐿∑𝑠[𝑘]𝑧−𝑘𝐿−1
𝑘=0  (1) 

Second step: generation of the EMG noise reference signal 339 

EMD was used to decompose the contaminated signal s[n] into M limited band components dm[n] known as 340 

Intrinsic Mode Functions (IMFs) [58] defined in accordance with the following conditions:  341 

(i) In the whole time-series, the number of extrema and number of zero crossings must be either equal 342 

or differ at most by 1. 343 

(ii) At any point in the time-series, the mean value of the envelopes, one defined by the local maxima 344 

(upper envelope) and other by the local minima (lower envelope), is 0. This mean is computed for 345 

all available samples in the time-series. 346 

The signal 𝒔[𝒏] can be represented by Eq. 2. 347 

 s[n] = ∑ 𝑑𝑚[𝑛] + 𝑟𝑀[𝑛]𝑀
𝑚=1  (2) 

 348 

where dm[n] is the m-th IMF, and rM[n] is the final residue which can be a constant or an average trend. 349 

As EMD provides the decomposition of a signal into different time scales or IMFs, it is possible to filter the 350 

signal components individually instead of the original signal. Thus, the following procedure is applied to filter 351 

EEG signals:  352 

1. Decompose the signal into IMFs 353 

2. Threshold the estimated IMFs using the EMG-free epochs as noise 354 

3. Reconstruct the signal r[n] to obtain an EMG noise reference signal as a linear summation of 355 

the thresholded IMFs 356 
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The strategy used for IMF thresholding is the soft-thresholding technique applied to individual IMFs, as shown 357 

in Eq. 3 [59], in which tIMFm is the denoised (or thresholded) version of the m-th IMF. The threshold tm is 358 

estimated by using the following strategy: a window of noise is selected from the original signal and then the 359 

boundaries of this window are used to extract a region of noise from IMFs. The standard deviation of each 360 

region is then estimated and taken as the required thresholds tm (t1, ..., tM). 361 

 𝑡𝐼𝑀𝐹𝑚𝑠𝑖𝑔𝑛(𝐼𝑀𝐹𝑚) = (|𝐼𝑀𝐹𝑚| − 𝑡𝑚)+ (3) 

Third step: RLS adaptative filtering 362 

The adaptive RLS filtering [35,52,53] is depicted in Figure 5. The input signal s[n] is composed of two 363 

components, i.e., EEG and EMG artifact. The reference signal, r[n], necessary for RLS filtering is estimated 364 

as described previously. The application of the RLS filter assumes that the desired EEG and the noise are 365 

independent (or at least uncorrelated) [60]. The output of this system, y[n], is the filtered EEG signal. 366 

Comparative analysis with single-channel methods 367 

The EMDRLS method is compared to the following single-channel artifact removal methods: (i) Wavelet, (ii) 368 

Wiener (iii) EMD and (iv) Hybrid wavelet-RLS (wRLS). 369 

The wavelet filter was used as suggested in [61]. In this study, Daubechies 8 (db8) was identified as the most 370 

suitable to eliminate noise from EEG signals. In addition, it was applied 5 levels of decomposition and a soft 371 

threshold. The Wiener filter used was based on the two-step noise reduction technique for EEG filtering 372 

proposed in [62]. The EMD filter was used to filter EEG as suggested in [13] by means of thresholded IMFs. 373 

The wRLS hybrid method was used in accordance to [63,64] that illustrates its application to remove ocular 374 

artifacts from EEG.  375 

 376 

Performance metrics 377 

The aim of the use of performance metrics is the objective evaluation of noise removal capability of each 378 

investigated method. 379 

To evaluate the performance of the aforementioned EEG filtering methods, the following metrics were used: (i) 380 

the signal-noise ratio (SNR) of the contaminated signal, (ii) the root mean square error (RMSE) between the 381 

power spectrum of artifact free and filtered EEG epochs, (iii) the spectral preservation of brain rhythms (i.e., 382 

delta, theta, alpha, beta, and gamma rhythms) of filtered signals. 383 
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Figure 6 defines the signal regions A, B, C and D for the estimation of performance metrics: s[n] is the corrupted 384 

signal and y[n] the corresponding filtered version. A is the signal region corrupted by EMG, whereas C is the 385 

corresponding filtered signal. B is the EMG-free region, and D the corresponding filtered signal. 386 

Eq. 4 defines the mean power (𝑃𝑒𝑝𝑜𝑐ℎ) of each region, in which V is the input discrete time series and N is the 387 

number of samples of the signal. 𝑆𝑁𝑅𝑖𝑛 (Eq. 5) measures the SNR with respect to the regions A and B of the 388 

contaminated signal s[n], whereas 𝑆𝑁𝑅𝑜𝑢𝑡 (Eq. 6) measures the SNR with respect to the regions C and D of the 389 

filtered signal. 390 

 𝑃𝑒𝑝𝑜𝑐ℎ = ∑𝑉[𝑛]2𝑁𝑁
𝑛=1  (4) 

 391 

 𝑆𝑁𝑅𝑖𝑛 = 10𝑙𝑜𝑔10 (𝑃𝐵𝑃𝐴) (5) 

 392 

 𝑆𝑁𝑅𝑜𝑢𝑡 = 10𝑙𝑜𝑔10 (𝑃𝐷𝑃𝐶) (6) 

 393 
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 394 

Figure 6: Definition of signal regions (A, B, C and D) for the estimation of the performance metrics. s[n] is 395 

the corrupted signal and y[n] is its corresponding filtered version. A is the signal region corrupted by 396 

EMG, whereas C is the corresponding filtered signal. B is the EMG-free region and D the corresponding 397 

filtered signal. 398 

  399 

RMSE provides a distance measurement between the power spectrum of EMG-free and filtered EEG epochs. 400 

The power spectral density of each signal is obtained by the Burg’s method [65]. The Burg’s method, also 401 

known as the Maximum Entropy Method (MEM) consists of minimizing the sum squared of both the forward 402 

and the backward prediction errors. The spectrum is resulted by derivative of the Lagrange function where 403 

Fourier transform coefficients are replaced by Lagrange multipliers, after maximizing the entropy function [66].  404 

Eq. 7 defines the 𝑅𝑀𝑆𝐸𝑖𝑛, which is the distance measurement between the power spectral density of EMG-free 405 

EEG, X(f), and contaminated EEG epochs, R(f). Eq. 8 defines the 𝑅𝑀𝑆𝐸𝑜𝑢𝑡  as a distance measurement between 406 

the power spectral density of the EMG-free EEG epoch, X(f), and filtered EEG epochs, Y(f). 407 

 408 
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 𝑅𝑀𝑆𝐸𝑖𝑛 =  √1𝑁∑(𝑋(𝑓) − 𝑅(𝑓))2𝐹
𝑓=1  (7) 

where N = F, which is the length of vectors 𝑋(𝑓) and 𝑅(𝑓). 409 

 410 

 𝑅𝑀𝑆𝐸𝑜𝑢𝑡 =  √1𝑁∑(𝑋(𝑓) − 𝑌(𝑓))2𝐹
𝑓=1  (8) 

where N = F, which is the length of vectors 𝑋(𝑓) and 𝑌(𝑓). 411 

 412 

One-sample Kolmogorov-Smirnov test was employed to test the normality of RMSE (p < 0.05), rejecting the 413 

hypothesis that the data distribution is normal. Thus, the non-parametric Kruskal-Wallis test was used to verify 414 

the statistical difference (p < 0.05) between 𝑅𝑀𝑆𝐸𝑖𝑛  and 𝑅𝑀𝑆𝐸𝑜𝑢𝑡 for the five filtering methods. Also, the 415 

Tukey-Kramer post-hoc test was used for a pairwise comparison between methods. 416 

The mean Burg’s power spectral density (MPSD) was estimated for the evaluation of the spectral preservation of 417 

brain rhythms (i.e., delta, theta, alpha, beta, and gamma) of filtered signals. An overall average of the MPSD was 418 

calculated for the contaminated signal s[n], the filtered signal y[n] and the EMG-free epochs.  419 

One-sample Kolmogorov-Smirnov test was employed to test the normality of MPSP (p < 0.05), rejecting the 420 

hypothesis that the data distribution is normal. Thus, the non-parametric Kruskal-Wallis test was used to verify 421 

the statistical difference (p < 0.05) between MPSD estimated from regions B and C and regions B and D 422 

illustrated in Figure 6, and the Tukey-Kramer post-hoc test was used was used for a pairwise comparison 423 

between methods.  424 

List of abbreviations 425 

EMG - electromyography  426 

EEG - electroencephalogram  427 

BCI - brain-computer interface 428 
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ICA - independent component analysis  431 

CCA - canonical correspondence analysis 432 
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Figures

Figure 1

Typical waveforms of contaminated and �ltered EEG signals for each �ltering method (a - f). In this
example, EEG detected at F3-F7 was corrupted by an EMG signal originating from the masseter muscle.



Figure 2

Relationship between the contamination level and the SNR of the �ltered signal contaminated by the
EMG from the frontal (A) and masseter (B) muscles.



Figure 3

Overall mean SNR of the �ltered EMG from the frontal (A) and masseter (B) muscles in relation to each
EEG channel. The overall mean SNR of the contaminated EEG signal, s[n], is also shown.



Figure 4

Example of an experiment with random sequences of auditory stimuli for the frontal (1 – circle) and
masseter (2 - square) muscles. The vertical bars indicate the duration of the control auditory stimulus.
The trial with the masseter muscle (2) starts after the end of the trial with the frontal muscle (1).



Figure 5

Block diagram of the EMDRLS technique for noise attenuation in EEG signals. First step: Signal regions
without EMG are detected. Second step: The input signal s[n] is decomposed into IMFs and then the EMG-
free regions are thresholded so that an EMG noise reference signal (r[n]) is generated. Third step: The
input signal, s[n], is �ltered by an RLS �lter with a reference signal (r[n]), resulting in a �ltered EEG signal
(y[n]).

Figure 6

De�nition of signal regions (A, B, C and D) for the estimation of the performance metrics. s[n] is the
corrupted signal and y[n] is its corresponding �ltered version. A is the signal region corrupted by EMG,
whereas C is the corresponding �ltered signal. B is the EMG-free region and D the corresponding �ltered
signal.
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