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Abstract: Empirical Mode Decomposition (EMD) is a data-driven and fully adaptive signal decomposition technique to decompose a signal into its Intrinsic Mode Functions (IMF). EMD has attained great attention due to its capabilities to process a signal in the frequency-time domain without altering the signal into the frequency domain. EMD-based signal denoising techniques have shown great potential to denoise nonlinear and nonstationary signals without compromising the signal’s characteristics. The denoising procedure comprises three steps, i.e., signal decomposition, IMF thresholding, and signal reconstruction. Thresholding is performed to assess which IMFs contain noise. In this study, Interval Thresholding (IT), Iterative Interval Thresholding (IIT), and Clear Iterative Interval Thresholding (CIIT) techniques have been explored for denoising of electromyography (EMG) signals. The effect of different thresholding operators, i.e., SOFT, HARD, and Smoothly Clipped Absolute Deviation (SCAD), on the performance of EMD-based EMG denoising techniques is also investigated. 15 EMG signals, recorded from the upper limb of 5 healthy subjects, were used to identify the best possible combination of thresholding technique and thresholding operator for denoising EMG signals. The performance of denoising techniques is assessed by calculating the Signal to Noise (SNR) ratio of the signals. The results are further evaluated using a two-way Analysis of Variance (ANOVA) statistical test. The results demonstrated that the mean SNR values yielded by the IIT thresholding technique outperform the IT thresholding technique (P-value < 0.05), but there is no significant difference in mean SNR values of IIT and CIIT techniques (P-value = 0.9951). For thresholding operators, there is no significant difference in mean SNR values of the HARD and SOFT operator (P-value = 0.0968), whereas the HARD operator outperforms SCAD (P-value < 0.05). It has also shown that the combination of IIT thresholding with SOFT operator and threshold value equal to half of the universal threshold denoise the EMG signals while preserving the original signal’s characteristics. IIT-based EMD denoising technique with HARD thresholding operator yields the highest SNR, irrespective of the level of noise embedded in the signal. Whereas IIT with SOFT operator provides comparable SNR and successfully preserves the shape of EMG signals. The identified combination of thresholding technique and thresholding operator can eliminate various noises embedded in EMG signals.
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1  Introduction

The electrophysiological response of motor units from a group of muscles is indicated by electromyography (EMG) recording, a collective electrical manifestation of a contracting muscle. The nervous system controls the motor units generating EMG signals. The recorded EMG, also known as a myoelectric signal, is used for rehabilitation, prosthetic, and clinical diagnostic applications [1]. Concentric needle electrodes or surface electrodes are used to acquire and record EMG signals. The former approach is invasive and employed to diagnose myopathic and neurogenic nature’s neuromuscular disorders, which implies that merely the muscle tissues are damaged, and nerves responsible for muscle activation are affected [2]. While the latter technique is non-invasive and has applications in prosthetics, rehabilitation, hand gesture recognition, rehabilitation robotics, and exoskeletons [3,4]. For an appropriate interpretation of EMG signals for investigating muscle activity, the prerequisite is to acquire a clean EMG signal. Like other physiological measurements, EMG recordings are contaminated with different types of noises, i.e., Baseline Wandering (BW) or motion artifacts, White Gaussian Noise (WGN), and Power Line Interference (PLI) [5]. Therefore, the identification of actual and real EMG signal remains a difficult and challenging task.

The efficacy of the EMG signals may be compromised due to the contamination of the noise. Various frameworks have been proposed to denoise EMG signals. For EMG noise removal, conventional digital filters are the efficient and most straightforward solution [6]. Waris et al. [7] utilized a low pass digital Butterworth filter to remove motion artifacts and BW from surface EMG signals along with a digital notch filter to get rid of PLI. In another study, Waris et al. [8] utilized a bandpass digital Butterworth filter to eliminate motion artifacts from intramuscular EMG signals. Similarly, Subathra et al. [9] used a band filter to denoise electroglottography (EGG) signals for voice pathology detection. In [10], the authors’ utilized a bandpass filter to eliminate motion artifacts from electroencephalogram (EEG) signals. Due to the spectral overlap of EMG signal and noise, digital filters attenuate the original EMG signal along with substantial noise reduction. Fourier analysis-based EMG denoising techniques are also widely used; however, the result is the same; an attenuated EMG signal with reduced noise [11]. Reduction of noise without any significant distortion of EMG signal remains the challenge. Nonlinear and adaptive filtering techniques minimally sacrifice parts of EMG signals while reducing noise substantially [12]. Due to better time-frequency representation, the wavelet analysis has also been used to minimize the effect of noise from EMG signals [13]. The problem with wavelet-based approaches is the wavelet function’s pre-selection, which does not match EMG signals’ natural frequency. More advanced techniques might reduce noise from the EMG signal without any attenuation in the original signal. Another mathematical approach, similar to the wavelet-based method, to deal with nonlinear and nonstationary signals, known as Empirical Mode Decomposition (EMD), can be utilized to analyze and denoise EMG recordings [14]. Unlike conventional and wavelet-based filtering techniques, no prior assumptions are assumed by EMD throughout the overall procedure [14]. Zhang et al. [15] conducted a comparative study for denoising of EMG signals and showed that the EMD denoising technique performs better than conventional filtering techniques. Similarly, Andrade et al. [16] showed that EMD outperforms wavelet-based denoising techniques for filtration of EMG signals.

Huang et al. [17] put forward the algorithm of EMD, which is a fully adaptive, data-driven, and time-frequency technique for analysis and decomposition of nonstationary signals. In EMD, the signal is not decomposed in terms of basic atoms like the mother wavelet. However, a sifting process is employed to decompose a signal. The sifting process in EMD is adaptive, data-driven, and makes no assumptions about the signal. Intrinsic mode functions (IMF) are yielded because of the sifting process. These IMFs are frequency and amplitude modulated time series oscillations of processed signal with zero means [17]. Due to the distinct time scale frequencies of the IMFs, some IMFs may contain the signal’s noise. The denoising of the input signal proposed by EMD takes the benefit of this property to reduce noise. EMD-based EMG denoising techniques comprise three steps, i.e., signal decomposition, IMF thresholding, and signal reconstruction [16]. The reconstructed signal is the denoised version of the original noisy signal.

The most crucial step in EMD-based signal denoising techniques is the thresholding of IMFs. After decomposing the original noisy signal into its subsequent IMFs, the task is to identify which IMFs contain noise and portions of the original signal. For the selection of IMFs with noise, the thresholding procedure is applied [18]. Various thresholding techniques, inspired by wavelet thresholding techniques, are utilized to figure out the noisy IMFs. Specifically, for EMD-based denoising techniques, Kopsinis et al. [18] introduced Interval Thresholding (IT), Iterative Interval Thresholding (IIT), and Clear Iterative Interval Thresholding (CIIT) thresholding techniques. Kopsinis et al. [19] also reported that the direct utilization of wavelet-based thresholding methods could not provide the desired results. Along with various thresholding techniques, the denoising performance of EMD is greatly affected by thresholding operators [18,19]. Three types of thresholding operators are widely used, i.e., SOFT, HARD, and Smoothly Clipped Absolute Deviation (SCAD) [20,21]. The detailed mathematical description of thresholding techniques and operators is discussed in Section 2. Xi et al. [22] used the IIT thresholding technique along with the SOFT thresholding operator to denoise EMG signals with EMD and reported that SOFT-IIT EMD-based denoising technique resulted in the elimination of a significant portion of noise while providing a high signal to noise (SNR) ratio. SNR is a widely used performance metric to assess the performance of signal denoising techniques. Naji et al. [23] eliminated ECG contamination from surface EMG signals using EMD, compared performance with digital high pass Butterworth filter and showed that EMD outperforms in eliminating noise from EMG signals. Mengying et al. [24] used EMD to denoise EMG signals for the classification of neuromuscular disorders and showed that EMD enhances the classification results by minimizing the effect of unwanted noise in the recorded EMG signals. Several other studies have investigated the efficacy and performance of EMD based denoising techniques to remove noise from EMG signals [21–27]. Due to the availability of different thresholding operators and thresholding techniques, it is unclear which combination of thresholding operator and thresholding technique and EMD yields the best denoising results.

Various studies have already explored the capabilities of EMD-based EMG signal denoising techniques; however, no study has ever investigated the effect of different thresholding methods and thresholding operators on the performance of EMD for the denoising of EMG signals. The main contributions of this study are:

1.    To explore the effect of different thresholding techniques (IT, IIT, and CIIT)

2.    To explore the effect of different thresholding operators (SOFT, HARD, and SCAD), and

3.    To explore the effect of threshold value on the performance of EMD to denoise EMG signals.

The study’s findings will help to select the best possible combination of thresholding operator and thresholding technique for EMD-based EMG denoising technique for enhanced denoising results. Also, the statistical significance of the generated results yielded from EMD-based EMG denoising techniques is reported. In this study, the results are validated using the Analysis of Variance (ANOVA) statistical test and Tuckey’s Honest posthoc test for multiple comparisons. Finally, the best possible combination of thresholding technique and thresholding operator for the denoising of EMG signals based on EMD is proposed to reduce the noise contamination to provide higher SNR substantially.

The rest of the paper is summarized as; the prior knowledge about EMD, thresholding techniques, and the information about the adopted methodology is described in Section 2. The findings of the study are reported in Section 3. Section 4 discusses the results and their statistical significance. The concluding remarks of the study are presented in Section 5.

2  Materials and Methods

2.1 Empirical Mode Decomposition

An adaptive method introduced for analyzing nonstationary and nonlinear signals is Empirical Mode Decomposition (EMD). Theoretically, EMD is similar to Fast Fourier Transform (FFT). However, in FFT, the signal is changed to the frequency spectrum from the time spectrum. The difference between FFT and EMD is that in EMD signal remains in the time domain. It is not assumed to be periodic and decomposed into its Intrinsic Mode Function (IMF). The EMD can be used on different datasets, and no assumptions for the data need to be made. Whereas an IMF is a mono-component function and obeys the following criteria [17]:

•    Zero crossings and extrema need to be the same or have a difference of one.

•    At any given point, the local minima envelop, and the mean of the local maxima envelop are zero.

The above-stated criteria restrict an IMF from only a single oscillation per cycle, and each cycle is defined based on the number of zero crossings. Riding waves are not allowed because they can cause negative frequencies, a significant issue in instantaneous frequencies-based applications [17]. EMD works based on the instantaneous frequency, which can be defined as per application. An iterative mathematical process called sifting is used in EMD to decompose any given signal into its IMF components. The local mean is subtracted from the input signal in the process of sifting. Envelopes are used to create local means and are therefore subsequently used to find all the IMF components. The last component found has the lowest frequency and is used to represent the overall trend. Conversely, the first IMF contains the highest frequency components.

EMD is not a computationally fast method for signal decomposition and suffers from mode mixing [17]. Mode mixing occurs when an IMF has various scales or when a signal having a similar scale is captured in multiple IMFs. Two methods have been used for getting rid of the mixing of IMF modes. Ensemble Empirical Mode Decomposition (EEMD) removes mixing by adding white noise before decomposition [28]. Moreover, the other method being Complete Ensemble Mode Decomposition with Additive Noise (CEEMDAN), which also utilizes WGN to get rid of mode mixing [29]. Both EEMD and CEEMDAN variants of EMD are computationally intensive due to the increased number of realizations needed to decompose the given signal [30].

2.2 Denoising

Wavelet denoising techniques mainly inspire Time-frequency domain denoising techniques. The denoising of digital physiological signals can be elaborated as[image: images]

Where, [image: images] and [image: images] represent a denoised and noisy version of the same signal, respectively. Whereas [image: images] is a random variable that is distributed concerning Gaussian distribution. The variance of the noise [image: images] can be known or unknown. Based on the denoised signal’s parametric model, the signal denoising techniques are labeled as parametric and nonparametric [18].

Physiological signals can be denoised using nonparametric signal denoising techniques due to the signals’ nonstationary nature and are inspired by the wavelet denoising technique. In wavelet denoising techniques, a discrete wavelet transform (DWT) of the noisy signal is built by selecting an orthonormal based orthogonal matrix (W). The DWT of a noisy signal can be represented as [image: images]

Where, [image: images]and [image: images] are resulting coefficients of the wavelet transform with [image: images] As W is an orthogonal matrix, the resulting coefficients of DWT are normally distributed with variance ([image: images] and mean (µ) equal to the wavelet coefficients values of noiseless signal ([image: images]. The fundamental property of DWT is that it divides the total energy of [image: images] in wavelet components of high amplitude. In DWT, the lower than the predefined threshold components, which is [image: images], are set equal to zero such that the reconstructed denoised signal is composed of components with high amplitudes only. Three types of thresholding operators have been used for thresholding based denoising techniques, i.e., SOFT, HARD, and Smoothly Clipped Absolute Deviation (SCAD) [20]. Mathematically each thresholding operator is described as:
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where [image: images]is recommended to set equal to 3.7 based on Bayesian argument [18,19]. The predefined threshold T plays a vital role in denoising signals, and it should be selected higher than the maximum level of noise contained by the noisy signal [31]. For a noisy signal with random WGN having variance [image: images], there is a high probability that the maximum amplitude of noise remains below [image: images]. This is called a universal threshold for wavelet denoising, and it tends to increase with the increasing value of N, which seems counterintuitive. However, the reason is that the tail of the curve of the gaussian distribution produces coefficients of noise with larger amplitudes with an increasing N. Although [image: images] does not yield perfect denoising results; however, it is an optimal selection. The drawback of using [image: images] is that for SOFT thresholding, it generates a risk more significant than the HARD thresholding. To obtain a relative risk, it is mandatory to reduce the threshold value for the SOFT thresholding operator by two than the HARD thresholding operator. The effect of setting threshold value equal to [image: images] for all types of thresholding operators and to set it equal to T/2 for SOFT thresholding operator has been investigated, and the results are presented in Section 3.2.

By using the SOFT thresholding operator with a threshold equal to [image: images], the denoised signal is as smooth and regular as the original signal. This is not possible with the HARD thresholding operator because the coefficients above the predefined threshold are left unchanged. The denoised signal’s unchanged coefficients are usually more extensive than the original signal’s coefficients because of additive noise, resulting in discontinuities in the denoised signal. Whereas the SOFT thresholding operator leads to unnecessary bias in the denoised signal, it shifts the denoised signal by an amount of T even if the coefficients have energy much more considerable than noise levels. To overcome this disadvantage of SOFT thresholding, the SCAD thresholding operator can penalize the coefficients with noise coefficients. The original signal’s effect is discarded to calculate the noise’s variance because it only influences a tiny portion of coefficients with large amplitude. These large-amplitude coefficients are taken as outliers. An intuitive estimate of the variance of the noise is calculated from the median of the components such that:

[image: images]

The approximated denoised signal can be modeled as: [image: images]. Where, [image: images], [image: images], and [image: images] represent the denoised signal, transpose of matrix W, and thresholded wavelet components, respectively. Conversely, in EMD, the goal is to approximate IMFs which are only composed of noise. The energies of such IMFs can be modeled as:

[image: images]

[image: images]is the total energy and [image: images] is the square of the energy of first IMF and [image: images] and [image: images] depend on iterations used in the process of sifting to decompose any given signal by EMD [20].

2.2.1 Interval Thresholding

The IMF’s resulting from EMD decomposition resembled amplitude and frequency modulated sine waves having a mean equal to zero. Due to this property of IMFs, the direct utilization of thresholding based on wavelet thresholding methods results in discontinuities in the denoised signal. The amplitude of individual IMFs cannot help to determine if the IMF contains noise or the signal. Alternatively, the extrema points can determine if any specific interval of the IMF contains noise or signal. If the IMF contains noise only or if noise is dominated in any IMF, then the extrema value would be below the predefined threshold and vice versa. Utilizing this information, wavelet-based HARD, SOFT, and SCAD thresholding techniques can be translated for EMD as well and can be described by Eqs. (6) to (8), respectively. As the thresholding is applied on zero-crossing interval [image: images] to [image: images]. Thus, it is called Interval Thresholding (IT).
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For j = 1, 2, . . . , [image: images] where, [image: images], [image: images], and [image: images] represents the samples of the noisy signal, thresholded samples, and extrema of the noisy signal, respectively, from instant [image: images] to [image: images] of the [image: images] IMF.

2.2.2 Iterative Interval Thresholding

Just like IT thresholding, IIT is also inspired by the wavelet thresholding technique. In translational invariant wavelet thresholding, various versions of a denoised signal are achieved iteratively. By averaging the various versions of the denoised signals, the iterative process increases the tolerance against noise. IIT works similarly. After IT thresholding, for EMD, various versions of the input signal can be produced. In IIT, this is achieved by decomposition of various noisy forms of the signal under consideration. Various noisy versions of the input signal are achieved by changing the first IMF positions randomly and then combining the first IMF’s noisy version with the remaining IMFs. The following steps are performed in the IIT-based thresholding technique:

1.    Decompose noisy input signal into its N subsequent IMFs using EMD.

2.    Reconstruct the signal, using last N-1 IMFs, without first IMF.

3.    Change the positions of the samples of the first IMF randomly.

4.    Again, reconstruct the signal by adding updated first IMF and signal from step 2.

5.    Again, decompose the newly reconstructed signal using EMD.

6.    Using IT-thresholding, obtain a denoised version of the signal yielded from step 5.

7.    Repeat the procedure M times to obtain M denoised versions of the original signal.

8.    Average the obtained M signals to generate the final denoised version of the signal.

2.2.3 Clear Iterative Interval Thresholding

The Clear Iterative Interval Thresholding (CIIT) thresholding technique was designed for low noise and higher SNR value signals. Unlike IIT, in CIIT, the sample of the first IMF’s position is not changed because there is an excellent possibility that the first IMF contains a significant portion of the signal. The useful information is extracted from the first IMF, and any thresholding technique removes the remaining portion. The first IMF’s information is combined with the remaining IMFs to obtain a denoised version of the noisy input signal. The procedure of CIIT is similar to IIT. Only step 2 and 3 of IIT thresholding are changed with the following steps:

1.    Decompose noisy input signal into its subsequent IMFs.

2.    Denoise, the first IMF, using any thresholding technique.

3.    Subtract the denoised version of the first IMF from the original first IMF to obtain its noise-only version.

4.    Reconstruct the signal using all IMFs except the first IMF.

5.    Combine both signals obtained from steps 2 and 4.

6.    Change the position of the samples of the noise-only part of the first IMF.

2.3 EMG Recordings

The EMG dataset is comprised of 15 EMG recordings. Such that 3 EMG signals were recorded from 5 healthy subjects. All the EMG recordings were prerecorded and had been used in [32]. The EMG signals were recorded for different hand motions from the upper limb of the subjects. The experimental data recording protocol was designed so that the subjects performed Hand Open motion with four repetitions. Such that, the motion lasted for 5 s, followed by a REST-period of 5 s. The EMG signals were recorded with a commercially available EMG amplifier at a sampling frequency of 8000 Hz. More details about the dataset can be acquired from [32].

2.4 EMG Signal Filtration Protocol

The recorded EMG signal had a contraction period of 5 s. One second of data from the start and end of the contraction period were discarded to avoid non-stationarity. The remaining data of 3 s was further utilized for signal analysis. To evaluate the efficacy of the investigated signal processing techniques, the recorded EMG signals were first artificially contaminated by introducing synthetically generated random Gaussian noise having different SNR levels in the signals. The noisy EMG signals ([image: images] were generated by introducing noise, such that:
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Figure 1: Original EMG signal and EMG signal contaminated with various noise levels. (a) Original experimental EMG signal. (b) Noisy EMG with noise (0 dB). (c) Noisy EMG with noise (5 dB). (d) Noisy EMG with noise (10 dB). (e) Noisy EMG with noise (15 dB)

N is a variable with random Gaussian distribution, the SNR levels investigated in this study for noise are [image: images] dB. The quality of the EMG signals was assessed before and after the contamination of artificial noise by using Eq. (11). All the EMG recordings were first decomposed to obtain corresponding IMFs. After decomposition, the IMFs were thresholded using the thresholding methods mentioned above, along with the mentioned thresholding operators. All the procedures were implemented in MATLAB 2018. Fig. 1 shows the original and noise-contaminated EMG signal at different noise levels.

2.5 Performance Evaluation

The signal filtration technique’s performance is assessed based on how deliberately the technique could remove noise from the signals and how much information about the original signal is preserved. Signal to noise (SNR) is a widely used performance metric to evaluate the performance of signal filtration techniques and has been used to assess the investigated techniques’ performance. The SNR values are measured before and after the introduction of artificial noise for a fair comparison. The SNR is calculated using Eq. (11). The SNR values corresponding to all 15 EMG recordings are averaged to get mean SNR values.

[image: images]

where, [image: images] and [image: images] are original and denoised EMG signals, respectively. The results of all thresholding methods and thresholding operators are validated using the two-way Analysis of Variance (ANOVA) test and Tuckey’s Honest Post-hoc test for multiple comparisons. The null hypothesis was that all the group means of IT, IIT, and CIIT thresholding techniques and the group means of SOFT, HARD, and SCAD thresholding operators are equal against the alternative hypothesis, which states that all the group means are different. A P-value of less than 0.05 has been considered significant to reject the null hypothesis

3  Results

To demonstrate and evaluate the efficacy of EMD for denoising EMG signals, IT, IIT, and CIIT thresholding techniques have been utilized to denoise EMG signals. Along with thresholding techniques, the performance of 3 widely used thresholding operators, i.e., SOFT, HARD, and SCAD, is also investigated. For the said purpose, the EMG signals were used from a prerecorded dataset. A total of 15 EMG signals were used, recorded from 5 healthy subjects. As EMG signals are nonstationary and stochastic, the denoising has been performed on EMG signals with various noise levels. The performance has been measured in terms of SNR before and after denoising of the signals.

[image: images]

Figure 2: Noisy EMG signal and its corresponding IMFs decomposed by EMD. The y-axis represents the amplitude in millivolts, and the x-axis represents time in seconds

3.1 EMD Denoising

The fundamental purpose of EMD is to decompose any given signal into its subsequent IMFs. Fig. 2 depicts an EMG signal and its corresponding IMFs decomposed by EMD. The IMF distribution shows that higher-order IMFs contain relatively low-frequency components, whereas lower-order IMFs contain relatively high-frequency components. The distribution of IMFs and frequency components has a resemblance with the filter bank. However, filter banks are band restricted, whereas EMD generates IMFs adaptively because of the signals’ oscillation structure. It can also be observed, from Fig. 2, that most of the noise is concentrated in the first IMF, which is a high-frequency component, and the remaining IMFs contain comparatively low noise.

3.2 Threshold Selection

The threshold value must always be chosen to be higher than the maximum level of noise in the signal. Donoho and Johnstone [33] showed that the risk of SOFT or HARD thresholding operator satisfies [image: images] for N ≥ 4. The authors also proved that [image: images] is not the best choice for threshold, and a smaller value reduces the risk and yields better denoising results. Literature regarding EMD-based denoising techniques shows that most researchers utilized threshold equal to [image: images] or integer multiples of [image: images] [18,19]. The HARD thresholding technique yields better SNR values, but it leaves traces of the noise in the neighborhood of singularities. To obtain comparable SNR values, the SOFT thresholding operator’s threshold value should be chosen half of the HARD thresholding operator [31,33]. Tab. 1 shows the mean SNR values of EMG signals for SOFT and HARD thresholding operators with a threshold equal to [image: images] and for SOFT thresholding operator with threshold T = T/2 against all subjects at 0 dB only, for demonstration of the effect of the threshold value. The SNR values of all the 3 EMG signals recorded from each subject are averaged to get the mean SNR values. From Tab. 1, it is evident that the SOFT thresholding operator yields comparable results when the value of the threshold is chosen half of the HARD threshold. The remaining of the results of this study are produced using [image: images] threshold value. However, for the SOFT thresholding operator, the results are generated using half of the mentioned threshold value.

Table 1: Mean SNR (input SNR = 0 dB) of EMG signals before and after denoising procedures when the EMG signals were contaminated with different noise levels

[image: images]

Table 2: Mean SNR of EMG signals before and after denoising procedures when the EMG signals were contaminated with different noise levels
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Figure 3: (a) Original experimental EMG signal. (b) Noisy EMG signal (SNR = 5.02 dB.). (c) Denoised EMG signal with SOFT-IT thresholding (SNR = 6.54 dB.). (d) Denoised EMG signal with SOFT-IIT thresholding (SNR = 6.80 dB.). (e) Denoised EMG signal with SOFT-CIIT thresholding (SNR = 6.71 dB.). (f) Denoised EMG signal with SOFT-IIT thresholding and with threshold T/2. (SNR = 10.50 dB.)

3.3 Thresholding Techniques

Artificial noise of different SNR levels (0 dB, 5 dB, 10 dB, and 15 dB) was first introduced in the recorded signals to find the optimum thresholding technique for noise removal from EMG signals. The noisy signals were then denoised using IT, IIT, and CIIT thresholding techniques. Results demonstrated that all 3 investigated thresholding techniques significantly remove the noise from signals, irrespective of the level of noise present in the signal. The performance of the thresholding techniques and thresholding operators is shown in Tab. 2. From Tab. 2, it can be seen that at each noise level and with each thresholding operator, the IIT thresholding technique yields higher SNR as compared to IT and CIIT thresholding methods irrespective of the type of thresholding operator.

Statistical analysis showed that at 0 dB noise level, there is no statistically significant difference in SNR values between IIT and CIIT thresholding techniques (P-value = 0.9134). However, IIT has comparatively better results in terms of mean SNR values with mean SNR of 7.75 dB, whereas IT and CIIT have mean SNR values of 4.06 dB and 7.35 dB, respectively. A similar trend has been observed at 5 dB noise level. There is no statistically significant difference in mean SNR values of IIT and CIIT thresholding techniques for all thresholding operators (P-value = 0.9610), but the mean SNR of IIT differs significantly from IT (P-value < 0.05). However, IIT has a better mean SNR value than IT and CIIT thresholding methods with mean SNR of 10.20 dB, 9.17 dB, and 10.16 dB, respectively.

Again, when the EMG recordings were contaminated with a 10 dB noise level, the IIT method’s SNR values are statistically significantly different from IT (P-value = 0.0038). However, there is no statistically significant difference in SNR values of IIT and CIIT techniques (P-value = 0.9861). Also, the IIT method secured maximum mean SNR values in comparison with IT and CIIT, with mean SNR values of 13. 8 dB, 12. 72 dB, and 13. 73 dB, respectively. Similarly, at 15 dB, the IIT method outperformed the IT thresholding technique (P-value = 0.0124), but there is no statistically significant difference in mean SNR values of IIT and CIIT methods (P-value = 0.9620). At 15 dB, the IIT method achieved a maximum mean SNR value of 16.02 dB. IT and CIIT achieved mean SNR values of 14.73 dB and 15.91 dB, respectively.

[image: images]

Figure 4: (a) Original experimental EMG signal. (b) Noisy EMG signal (SNR = 5.02 dB). (c) Denoised EMG signal with SOFT-IIT thresholding (SNR = 6.80 dB). (d) Denoised EMG signal with HARD-IIT thresholding (SNR = 12.58 dB). (e) Denoised EMG signal with SCAD-IIT thresholding (SNR = 8.21 dB). (f) Denoised EMG signal with SOFT-IIT thresholding with threshold T/2. (SNR = 11.30 dB)

Fig. 3 depict the original experimental, noisy (with 5 dB noise level), and denoised EMG signals for all thresholding techniques while using SOFT thresholding operator with threshold value [image: images]. From Figs. 3(c) and 3(e), it can be observed that both IT and CIIT do not retain the regularity and smoothness of the original signal. Whereas the IIT thresholding technique preserves the regularity of the original signal even at sharp edges. Fig. 4(f) depicts the denoised version of the same signal, with IIT and SOFT thresholding technique and threshold value equal to half of [image: images]. It can be graphically visualized that the IIT with SOFT thresholding operator and threshold value equal to half of [image: images] preserve the characteristics of the original signal successfully.

3.4 Thresholding Techniques

From Tabs. 1 and 2, it is evident that the HARD thresholding operator yields the best denoising results for EMG signals at all denoising levels with all thresholding methods in terms of SNR. Statistical analysis showed that the HARD thresholding operator outperforms the other investigated thresholding operators at 0 dB noise level (P-values < 0.05). The HARD operator achieved the maximum mean SNR value of 7.75 dB, whereas SOFT and SCAD operators obtained the mean SNR values of 7.35 dB and 4.04 dB, respectively. Similarly, at 5 dB, a statistically significant difference between SNR values of the HARD operator and both SOFT and SCAD operator has been observed (P-values < 0.05). The HARD operator achieved a maximum mean SNR value of 11.65 dB, whereas SOFT and SCAD operators obtained the mean SNR values of 10.39 dB and 7.49 dB, respectively.

At a 10 dB noise level, the HARD operator outperformed the other two thresholding operators, and there exists a statistically significant difference among mean SNR values of all thresholding operators (P-values < 0.05). The HARD operator achieved the maximum mean SNR value of 15.35 dB, whereas SOFT and SCAD operators obtained the mean SNR of 13. 36 dB and 11.51 dB, respectively. At 15 dB noise level, the HARD thresholding operator’s performance differs statistically from the other two operators (P-values < 0.05). However, there is no significant difference between the SOFT and SCAD operator at 15 dB noise level (P-value = 0.5045). The mean SNR value of the HARD operator is 16.99 dB. Whereas the SCAD operator achieved the minimum mean SNR value of 14.59 dB and the SOFT operator achieved the mean SNR value of 15.08 dB.

Fig. 4 depicts the original experimental, noisy (with 5 dB noise level), and denoised EMG signals for all thresholding operators while using the IIT thresholding technique with threshold value [image: images]. From Fig. 4(c), it can be observed that SOFT thresholding operator with threshold value [image: images] fails to retain the characteristics of the original EMG signal. In Fig. 4(d), the performance of HARD thresholding operator with threshold [image: images] is also shown. It can be observed that HARD thresholding retains the traces of noise at sharp edges and introduces discontinuities in the denoised signal. The performance of the SCAD operator is shown in Fig. 4(e), and it can be observed that the SCAD operator also fails to retain the original signal’s smoothness and characteristics. SOFT operator when used with a threshold equal to half of [image: images] generates a denoised signal with much resemblance to the original signal.

4  Discussion

The study aimed to evaluate the performance of EMD for denoising of EMG signals in the presence of random noise at various levels. It was also intended to evaluate the effect of various thresholding techniques and thresholding operators on the performance of EMD for denoising EMG signals. 15 EMG recordings were used, which were recorded from 5 healthy subjects. All the EMG recordings were first contaminated with noise at various noise levels, and their SNR was calculated. After introducing artificial random noise to original EMG signals, the noisy signals were decomposed using EMD. Various thresholding methods and thresholding operators were then used to denoise the noisy EMG signals. Although EMG signals’ characteristics are very complex and stochastic, the results demonstrate that EMG signals can be successfully denoised using EMD-based denoising techniques.

All three investigated thresholding techniques (IT, IIT, and CIIT) were developed and inspired by wavelet denoising techniques. In wavelet denoising techniques, the selection of threshold value also plays a vital role in denoising signals. Donoho and Johnstone [33] were the first to introduce a generic and universal threshold ([image: images]) for wavelet-based denoising techniques. They mathematically proved that the SOFT threshold generates a risk more significant than the HARD threshold since it approximately converges to 0 the amplitudes of coefficients just below -T or above T [33,34]. In contrast, the HARD threshold leaves the amplitude of the coefficients unchanged. For a fair comparison, to yield the same risk for both thresholding operators, the SOFT operator’s threshold value must be half of the HARD threshold operator’s value. Therefore, in this study, we have investigated the effect of the threshold value for SOFT thresholding operator both with threshold value [image: images] and it’s half. The results demonstrate that SOFT thresholding operator yields comparable SNR values when computed with threshold value equal to half of [image: images]. The best denoising results in terms of retaining characteristics of the original EMG signal, after denoising, yields from SOFT thresholding operator when the threshold value was set to half of [image: images]. While using the SOFT operator with a universal threshold decreases the resulting SNR of the denoised signal, it also fails to retain the original EMG signal’s regularities and smoothness.

To study the effect of different thresholding methods, IT, IIT, and CIIT thresholding techniques were investigated in this study. Results demonstrated that all the investigated thresholding techniques minimized noise in EMG signals when the signals were corrupted with various noise levels. However, the best results are yielded from the IIT thresholding technique for all the investigated EMG recordings corresponding to various noise levels. The IIT and CIIT thresholding technique’s performance is similar, and no statistically significant difference has been observed between IIT and CIIT methods. Originally CIIT was designed and introduced to eliminate noise from signals with low noise levels. However, in the case of EMG signals, it has been observed that for signals corrupted with low or high noise levels, the performance of IIT and CIIT is stable and removes noise from the signals significantly. On all investigated noise levels, two-way ANOVA revealed that the IIT thresholding method outperforms the IT thresholding technique (P-value < 0.05), however, there is no statistically significant difference in mean SNR values of IIT and CIIT (P-value = 0.9951).

To investigate the effect of thresholding operators on the performance of EMD-based denoising technique for denoising of EMG signals, three thresholding operators (SOFT, HARD, and SCAD) have been used in this study. The results demonstrated that for EMG signal denoising HARD thresholding operator provides the best performance results in terms of mean SNR. Individually, at each investigated noise level, the HARD thresholding operator resulted in maximum mean SNR value compared with SOFT and SCAD operators. Whereas combinedly on all investigated noise levels, two-way ANOVA revealed that there is no statistically significant difference in mean SNR values of SOFT and HARD thresholding operator (P-value = 0.0968). In contrast, there is a significant difference in mean SNR values of HARD and SCAD thresholding operators (P-value < 0.05). Although the HARD thresholding operator yields the best SNR values for denoising EMG signals, it fails to remove the traces of noise embedded in the noisy signal and generates discontinuities in the denoised signal. Fig. 4(d) can be graphically visualized that the denoised signal produced by the HARD operator has discontinuities at sharp edges. In comparison, the SOFT thresholding operator removes the traces of noise from noisy EMG signals and retains the signal’s original characteristics by preserving its smoothness. Since EMD is a computationally extensive process due to its detailed mathematical background, EMD-based EMG denoising methods require more time to denoise EMG signal comparatively. Also, in the future, the efficacy of EMD-based methods for the denoising of intramuscular EMG signals should be explored.

5  Conclusion

This study investigated and explored the efficacy of EMD for denoising of EMG signals at various noise levels. The performance of various thresholding techniques and thresholding operators is also investigated for EMD-based denoising of EMG signals. The results showed that EMG signals could be filtered out, and the effect of noise can be minimized using EMD-based denoising techniques. The performance of IT, IIT, and CIIT thresholding techniques and SOFT, HARD, and SCAD thresholding operator is investigated in this study. It is found that the IIT thresholding technique with HARD thresholding operator yields the best denoising results for EMG signals in terms of SNR, but it fails to preserve the shape of the original signal and produces discontinuities in the denoised EMG signal, irrespective of the noise contamination level of the signals. Whereas IIT with SOFT thresholding operator yields comparatively lower SNR values for denoising EMG signals, it successfully preserves the original signal’s smoothness and characteristics. The inferred results can be used to eliminate the effect of various noise types from EMG signals while preserving the original signal’s characteristics.
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