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Blind separation of surface electromyographic mixtures from two finger extensor muscles
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Blind source separation (BSS) was performed to reduce the crosstalk in the surface electromyografic signals (SEMG) for the muscle force estimation applications. A convolutive mixture model was employed to separate the SEMG signals from two finger extensor muscles using a frequency-domain approach. It was assumed that the tension of each muscle varies independently and the independence of the SEMG was replaced by minimization of the covariance of muscle forces represented by integrated SEMG. This covariance was also used to resolve the permutation ambiguity inherent to the frequencydomain BSS. The forces estimated by the reconstructed sources were compared with the measured forces to calculate the crosstalk reduction efficiency. The proposed algorithm was shown to be more effective in frequency domain than an ICA algorithm for extensor muscles crosstalk reduction.

Introduction

Surface electromyografic signals (SEMG) are widely used in medicine, prosthesis control and biomechanical studies [START_REF] Holobar | Blind source identification from the multichannel surface electromyogram[END_REF]. Integrated SEMG (IEMG) is commonly used in biomechanics as an estimator of muscle force [START_REF] Léouffre | Testing of instantaneity hypothesis for blind source separation of extensor indicis and extensor digiti minimi surface electromyograms[END_REF]. However, crosstalk or interference from neighbor muscles is a widespread problem in SEMG measurements [START_REF] Mesin | Effect of spatial filtering on crosstalk reduction in surface EMG recordings[END_REF]. It appears when two or more muscles situated close to each other are active during a SEMG recording. This effect may cause precision decrease of IEMG-based force estimations. Blind source separation (BSS) methods may be performed to reduce this crosstalk [START_REF] Léouffre | Testing of instantaneity hypothesis for blind source separation of extensor indicis and extensor digiti minimi surface electromyograms[END_REF], [START_REF] Farina | Blind Separation of Linear Instantaneous Mixtures of Nonstationary Surface Myoelectric Signals[END_REF] and thus improve the performance of muscle force estimation.

BSS is a method of source signal recovering from several mixtures when no a priori information is available on source properties (source spatial position etc.). To reduce the crosstalk from neighbor muscles BSS is applied to mixtures, in which each muscle is thought to be a source, and mixture signals are thought to be transformed vectors of source signals. Most of mixing transformations are supposed to be linear, instantaneous or convolutive. A linear instantaneous model can be used in the case of small muscles located close to each other [START_REF] Farina | Blind Separation of Linear Instantaneous Mixtures of Nonstationary Surface Myoelectric Signals[END_REF]. However, validity of the instantaneity hypothesis is very sensitive to electrode location [START_REF] Léouffre | Testing of instantaneity hypothesis for blind source separation of extensor indicis and extensor digiti minimi surface electromyograms[END_REF]. Merletti [START_REF] Merletti | Analysis of motor units with high-density surface electromyography[END_REF] explained the limitations of the instantaneous model by a convolutive effect of a volume conductor and by action potential propagation. Jiang and Farina [START_REF] Jiang | Covariance and Time-scale methods for blind separation of delayed sources[END_REF] proposed an extension of a BSS technique based on second-order moments (SOBI) for the case of sources being delayed in the mixtures. However, little information is available on convolutive mixture separation of SEMG signals.

The purpose of this study was to perform convolutive BSS of SEMG mixtures to reduce the crosstalk in the SEMG signals and to improve the precision of the muscle force estimation. We first discus the hypothesis of independent sources for SEMG signals. As independence of the SEMG sources is not always verified, we propose to replace it by a criterion calculated on the integrated SEMG. The criterion characterizes the fact that the variations of the forces produced by the two muscles are biomechanically independent. This criterion was also used to resolve the permutation ambiguity inherent to the frequency-domain BSS.
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Blind source separation of SEMG signals

Mixture Model

Let us consider the standard convolutive mixing model of two EMG signals:
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where x 1 (t), x 2 (t) denote the observation mixtures, s 1 (t), s 2 (t) the source signals. h kj (l) are the elements of the impulse response matrix from source j to sensor k, L is the length of the impulse response. A noise-free model was considered as the noise can be previously filtered before SEMG separation. The FIR convolutive mixing model can be reformulated into an instantaneous one in the frequency domain. N-point shorttime Fourier transform was performed (STFT), which transformed the observation sequences {x k (t)} to the time-frequency domain {X k (t, f)}. For each frequency bin f equation (1) becomes:
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or in the matrix form:
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Blind Source Separation of SEMG

BSS is generally based on the assumption of independent sources and the idea is to adjust the separating filters G(f) such that the outputs y are as mutually independent as possible in each frequency bin f:
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Usually in ICA algorithms, G(f) is decomposed as:
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where R is a rotation matrix, V is a whitening matrix. As sources are supposed to be uncorrelated, the whitening matrix is calculated by eigenvalue decomposition of the covariance matrix in each frequency. To calculate the rotation matrix R an independence criterion must be chosen, for example, with the help of fourth-order cumulants [START_REF] Cardoso | Blind beamforming for non-gaussian signals[END_REF].

For SEMG signals, the hypothesis of mutually independent sources has to be discussed. A muscle is composed of Muscle Fibres (MFs) organized into Motor Units (MUs). This functional unit is composed of an alpha-motoneuron, innervating several MFs (from tens to hundreds MFs depending on the MU and on the muscle characteristics). Activation of the MU produces an electric field generated by each MF into the MU. The summation of these electric fields provides a specific waveform called Motor Unit Action Potential (MUAP). This full electrical activity is called electromyogram (EMG) and can be recorded using electrodes located on the skin surface (SEMG). The contraction of Muscle fibres requires a train of action potentials which induces a MUAP Train (MUAPT).

Finally a MUAPT (i.e. one source) writes as a train of a specific waveform. The waveforms issued from two distinct muscles are very close as the physiological process is the same and so are not independent. Some differences may appear only if the muscle widths (and so the number of Fibers) are very different. Recall that an SEMG signal is a sparse signal composed of a train of this waveform. If the two trains are not synchronized or if a great part of the waveforms from two sources are not temporally overlapped, then a BSS method based on independence may work as proved in [START_REF] Léouffre | Testing of instantaneity hypothesis for blind source separation of extensor indicis and extensor digiti minimi surface electromyograms[END_REF], [START_REF] Farina | Blind Separation of Linear Instantaneous Mixtures of Nonstationary Surface Myoelectric Signals[END_REF], [START_REF] Jiang | Covariance and Time-scale methods for blind separation of delayed sources[END_REF]. The MUAP train produces a frequency discharge which varies with the force produced by the muscle. The period of the train decreases when the force increases. It means that in the case of low force level, the sources will be less temporally overlapped than in case of high force level.

Consequently, it may appear that SEMG sources are not independent and even not uncorrelated. We cannot use the whitening step and we must find a new criterion to separate the sources. We focused on the signal nature to choose this criterion. Biomechanics studies [START_REF] Lippold | The relation between integrated action potentials in a human muscle and its isometric tension[END_REF] showed that in isometric contraction, a linear relation exists between the IEMG, which represents muscle activity, and the tension (or force) produced by the muscles. The IEMG is calculated from the estimated outputs by:
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where Y j int is an IEMG of a j-th estimated sources, τ is an integration window varying between 25ms and 200ms. Here we assume that the tension of each muscle varies independently and we propose a new separation criterion where the minimization of the covariance of the integrated SEMG replaces the independence of the SEMG.
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The separating matrices G(f) were researched by adding the constraint as follows. As we looked for normalized sources the main diagonal elements of the mixture matrix H(f) are ones and the secondary diagonal elements are complex numbers h ij with a modulus in [0; 1]. By putting ones to the main diagonal we assume that the vector of the sources is a vector of the contributions from the i-th source to the i-th electrode.

To reduce the estimation error we directly calculated the matrix G(f), which is inverse to H(f). Firstly we looked for a 2-by-2 matrix whose main diagonal elements are ones and the secondary diagonal elements are complex numbers equal to -h ij . After finding the matrix satisfying the criterion [START_REF] Cardoso | Blind beamforming for non-gaussian signals[END_REF] it was divided by its determinant to make this matrix inverse to H(f).

The minimization was performed using Nelder-Mead algorithm.

Permutation Problem

The main problem in a frequency approach is to resolve the permutation ambiguity. As we had only two sources, only two permutations of estimated sources are possible in each frequency bin f. We assume that the force profile of one source is similar in all frequency bins, hence the IEMG of each estimated source in the f frequency bin is highly correlated with the IEMG of the same estimated source in the f-1 frequency bin. So, we choose the permutation which maximizes the sum of the covariances:
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Source Reconstruction

The sources Y(t,f) were calculated in each frequency bin by applying the corresponding separating matrix G(f) to the mixture X(t,f) in the same frequency bin.

Obtained sources were used to reconstruct the source signal using inverse STFT:
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3 Results

Experimental Setting

Bipolar SEMG recordings (Fig. 1) were performed as described in [START_REF] Léouffre | Testing of instantaneity hypothesis for blind source separation of extensor indicis and extensor digiti minimi surface electromyograms[END_REF] on one male volunteer with no prior known condition or trauma on his right forearm. The SEMG signals from extensor indicis (EI) and extensor digiti minimi (EDM) were acquired during the experimental task of the extension of the index and the little finger by two pairs of electrodes, which were placed over the muscles. These two fingers have been chosen because they are known to be biomechanically independent. Five extensions were produced. The first four extensions were alternating, i.e. only one muscle was extended at the same time, and the fifth trial was a simultaneous extension of the index and little fingers. Finger extension forces were measured at the same time by the KISTLER 9017B force sensors. The SEMG and force recordings were performed by mean of the BIOPAC MP150 acquisition system. Both force and SEMG recordings were sampled synchronously at 2 kHz with a 500 Hz anti-aliasing filter. After acquiring the SEMG signals were filtered forwards and backwards with an order eight Butterworth band-pass digital filer in [20; 500] Hz. The force signals were filtered forwards and backwards with an order four Butterworth low-pass digital filer with f s =5 Hz because only low-frequency variations of the force have biomechanical application [START_REF] Hoozemans | Prediction of handgrip forces using surface EMG of forearm muscles[END_REF]. Integration time τ was fixed to 100 ms to calculate IEMG. The movement when the both fingers were active simultaneously is highlighted

Blind Source Separation

Two BSS algorithms, one ICA based (JADE) [START_REF] Cardoso | Blind beamforming for non-gaussian signals[END_REF] and the algorithm based on proposed criterion (IEMG-based), were performed in frequency domain using the convolutive mixture model. BSS were performed by two different ways. At first, BSS algorithms were applied to the whole signal mixtures. Afterwards, the BSS algorithms were performed as follows. The separation matrices were calculated only for the part of the mixtures corresponding to the simultaneous extension of the index and little fingers, i.e. to the fifth movement (Fig. 1) and then applied to the whole signal mixtures in each frequency bin.

The permutation problem, which is typical for the frequency approach, was solved using the fact that the IEMG profiles of the reconstructed sources remained the same from one frequency bin to another (Fig. 2). The sources were reconstructed (Fig. 3) and used to estimate the finger forces. The crosstalk reduction efficiency was estimated as described below. 

Force Estimation and Crosstalk Reduction Efficiency Measure

The forces of EI and EDM muscles were estimated by calculating IEMG using the reconstructed source signals. The IEMG was calculated by applying [START_REF] Jiang | Covariance and Time-scale methods for blind separation of delayed sources[END_REF] to the reconstructed source signals. As the force measurements, the calculated IEMG signals were filtered forwards and backwards with an order four Butterworth low-pass digital filer with f s =5 Hz.

Signal-to-Crosstalk Ratio. The first four trials, which are corresponding to the alternating finger movements, were used to calculate the Signal-to-crosstalk ratio (SCR). As only one finger was active at the same time during these finger movements, the signal of the source corresponding to the active muscle is a useful signal, and the signal coming from the other source could be thought as a crosstalk. The SCR was calculated as:
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where P 1 is a power of the signal of interest and P 2 is the crosstalk. The resulting SCR was calculated as a mean of SCRs in both initial or both reconstructed signals.

Root-Mean-Square Deviation. The RMS deviation between the measured force and the force estimated by IEMG was calculated after normalization of the measured and estimated force to unit power.

Discussion

The crosstalk reduction efficiencies of JADE and IEMG-based algorithm were compared for two different ways of separation matrices calculation (Table 1). The findings lead us to believe that the crosstalk reduction in SEMG of finger extensor muscles seems to be efficient when a convolutive mixture model is used. We can also assume that the permutation problem was properly solved for the both methods.

The performances of the both methods are close when G(f) were calculated from the whole mixtures, because first four movements were alternating that makes the sources unsynchronized and independent during the main part of the mixtures.

For the fifth movement the sources are strongly temporally overlapped that could make the sources no more independent, because the MUAPs' waveforms are similar.

That may explain the decrease of JADE performance when G(f) were calculated from the fifth movement.

However, it would be beneficial to replicate the outlined approach for different electrode positions and for SEMG signals from other muscles.

Conclusion

We focused on the separation of FIR convolutive mixtures of Surface electromyografic signals (SEMG) to reduce the crosstalk in the SEMG signals and to improve the precision of the muscle force estimation. As independence of the SEMG sources is not always verified, we proposed to replace it by a criterion calculated on the integrated SEMG. The criterion characterizes the fact that the variations of the forces produced by the two muscles are biomechanically independent.
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 1 Fig. 1. The reordered SEMG signals (a) and the forces (b) of the index and the little fingers.The movement when the both fingers were active simultaneously is highlighted

Fig. 2 .

 2 Fig. 2. The IEMG of the 3 first frequency bins of the estimated signal from extensor indicis muscle

Fig. 3 .

 3 Fig. 3. The SEMG signal from extensor indicis muscle before and after BSS

Table 1 .

 1 Comparison of IEMG-based algorithm with JADE algorithm. The separation matrices were calculated from the whole mixtures and from the fifth movement

	Separation method	SCR (dB)	RMS
	No method (signal mixture)	5,34	0,74
	The matrices G(f) were calculated from the whole mixtures	
	IEMG-based method	12,98	0,47
	Frequency JADE	12,84	0,47
	The matrices G(f) were calculated from the fifth movement	
	IEMG-based method	11,12	0,54
	Frequency JADE	8,30	0,56
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