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ARTICLE INFO ABSTRACT

Keywords: Electromyography (EMG) decomposition serves as a powerful tool to provide valuable information regarding
LMMSE motor control strategy and muscle pathology. Various approaches have recently been developed to decompose
SVD surface electromyography (SEMG) signals into motor unit action potential (MUAP) trains, but there is still room
Multi-channel to improve decomposition accuracy and efficiency. In this article, the singular value decomposition (SVD)
Chmca_l_dla,gnom L method is employed to decompose extended multi-channel sEMG signals based on the linear minimum mean
Rehabilitation engineering R . . A . .
square error (LMMSE) estimation and convolution kernel compensation (CKC). The column dimension of the
right unitary matrix obtained via SVD is compressed to reduce the run-time of the decomposition process. As
such, an innervation pulse train (IPT) can be extracted only using the compressed right unitary matrix. We
studied the effect of reduced dimensionality on the computational efficiency and accuracy of the proposed
method. Results from both simulated and experimental data demonstrate that this algorithm can decompose
multi-channel sEMG efficiently and accurately. In most cases, 20%-60% of run-time can be reduced. In addition,
the number of extracted IPTs can also be increased, especially when the signal-to-noise ratio of the EMG data is
low. The method developed in this study has potential applications in clinical diagnosis, rehabilitation en-
gineering and research on human motion control systems.

1. Introduction

Surface electromyography (sEMG) is composed of superimposed
motor unit action potential (MUAP) trains generated by different motor
units (MUs). A wealth of information regarding motor control strategy
and muscle pathology can be extracted by analyzing the recruitment,
de-recruitment, and firing rate of MUs. These motor unit properties are
usually obtained through EMG decomposition, which is the process of
classifying and identifying individual MUAPs in the interference pattern
detected with either intramuscular or surface electrodes. Consequently,
the constituent innervation pulse trains (IPTs) that compose the signal
can be determined.

Efforts have been devoted to intramuscular (iIEMG) decomposition
[1-8] and some gratifying results have been achieved. However, iEMG
is painful to subjects, and requires medical expertise to operate. Surface
electrodes can be easily applied in a noninvasive manner with a high
degree of repeatability, and require minimal medical knowledge or
supervision [9]. More importantly, the spatial coverage offered by
SEMG can describe global muscle activity. However, sEMG

decomposition is very challenging due to the low pass filter effect of
skin and fat tissue [10]. Furthermore, the low-pass filtering effect of the
volume conductor further reduces differences in MUAP shapes, greatly
increasing the difficulty of correctly classifying MUs. As a result, the
properties of MUAP shapes in SEMG are not identifiable. Together,
these aspects make sEMG decomposition using traditional spike-sorting
techniques employed in the decomposition of iEMG a challenging task.
Regardless, great strides have been made towards the efficient and
accurate decomposition of SEMG signals. So far, SEMG decomposition
techniques can be divided mainly into two categories. The first is based
on template recognition, De Luca et al. [11,12] and others have
achieved good results with this method. Template recognition methods
require signal acquisition at a high sampling frequency, and then the
templates of the MUAP waveform, which correspond to different MUs,
are identified. These templates are then used to identify and classify the
corresponding MUAP waveform to decompose sEMG signals. The
second is the blind source separation (BSS) methods, of which Holobar
et al. first proposed the CKC method [13]. By directly employing the
multi-channel measurements, the CKC method does not involve any
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correlation calculations of the demixing matrix that are required in
other BSS methods. CKC requires simple calculations, produces highly
accurate decomposition results and extracts a large number of IPTs.
Next, the gradient (§CKC) method was proposed [14], which uses the
natural gradient algorithm to optimize the IPT sequence, improving
upon the original CKC method. Finally, KmCKC [15] was proposed
based upon the original CKC method. This method first classifies the
multi-channel signal vectors corresponding to the MU firing times using
k-means clustering, and then reconstructs the initial IPT using the
classified vectors. On this basis, the correlation vector between the IPT
and the measurements is reconstructed, and finally, the corresponding
IPT is estimated. KmCKC can significantly improve the decomposition
results when compared to the previously discussed methods. Later,
Ning et al. [16] proposed an approach based on the construction of the
measurement correlation matrix to decompose the sEMG signals with
LMMSE. This method has two main steps. First, the measurement cor-
relation matrix is calculated, and then an iterative approach is adopted
to reconstruct the correlation matrix between IPTs and the measure-
ments. This method can obtain reliable decomposition performance,
especially in cases where the MUAP superposition is severe. Although
various approaches have been developed [11-23] and a high number of
promising results have been achieved, sEMG decomposition accuracy
and efficiency can still be markedly improved, and the importance of
such undertakings cannot be understated. Many sources of noise can
obfuscate sEMG signals recorded under experimental conditions. In this
case, it is vital to design a decomposition algorithm that is more robust
to noise. Additionally, it is imperative that sEMG decomposed for
clinical and physiological research data is accomplished in a manner
that produces the most information from a single recording session.
Several SEMG decomposition methods have been developed pre-
viously [11-17,23], however, the decomposition performance with
dimensionality reduction using eigenvalue truncation has not been
extensively investigated. In this study, the singular value decomposition
(SVD) and compressed unitary matrix were employed to process multi-
channel sEMG signals to improve the performance of the sEMG de-
composition achieved using linear minimum mean square error esti-
mation (LMMSE) and convolution kernel compensation (CKC) [13]. The
obtained results were compared with the KmCKC method, which shares
several features with previously proposed methods [13,17,23]. Our si-
mulation and experimental results demonstrate that the run-time of the
decomposition process is significantly reduced by compressing the
column dimension of the right unitary matrix derived from SVD.

2. Materials and methods
2.1. Data model

Multi-channel sEMG can be described with a time-invariant linear
Multi-Input-Multi-Output system. The data model can be given using
the following equation [13]:

X(n)=A8(n) + b(n) 1)

Where X (n) = [x(n),...xpy(n)]" is the sEMG signals measured by M
channels, xj(n) is the n-th sample in the j-th channel,
b(n) = [by(n),....byy(n)]" is a spatially and temporally zero-mean white
noise vector.

() = [6:(n), 6:(n — 1),... 6(N = P + 1), ...,
On (1), Oy (1 = 1)y On(n = P + DT

is the expanded form of N motor unit pulse trains (MUPTSs)
6(n) = [6,(n),...,6n(n)]". A is the mixing matrix which is made up of all
the channel responses a;; = [a;(0),...,a;(P — 1)] with length P. Where a;
denotes the j-th response appeared in the i-th channel.

It is necessary to extend X(n) in Equation (1) with L-1 delayed re-
petitions of each original measurement [13] to improve the knowns-to-
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unknowns ratio:
X)) =[x(”),x(n—1),.,xq0—L+1),.,xxn), xpxy(n — 1),...xy(n — K+ DT
(2)

Consequently, there are a total of LM rows in the matrixX (n).
2.2. Decomposition methods using SVD and LMMSE

Per the expression of LMMSE in Ref. [24], a linear estimation of 6
which is statistically correlated with X can be written as

A — _
6 =E(6) + CxeCxx (X — EX)) 3

where 8 is an estimation of 6, E(6) is an expectation of 6, and X is a
known parameter which is statistically correlated with 6.Cx; is the
cross-correlation of X and 0, and Ciy is the inverse of self-correlation
of X. Let E(6) = E(X) = 0, then it can be written

A 1o
6 = CxoCxy X @

where Cxx = E[XXT].

For multi-channel sEMG, 6 denotes an estimation of the IPT. X
denotes the extended multi-channel sEMG signals and Cxg is an un-
known parameter that needs to be estimated [13]. According to Ref.
[13], if all firing times of an IPT are known in advance, the estimation
equation of Cxg can be written as

1 —
Col=—— ) X
" = ard ) 2X@) ©
where z,bjstands for a set of firing times of the j-th MU, and card(l,bj)
stands for the cardinal number of P
To decompose X using economy-size singular value decomposition
(SVD), shown by

X = vpUT (6)
Substitute Equations (5) and (6) into (4), to yield

6(n) = XT(M)E[X (X" (m)]}7X (n)
= U (n)E[DTVTV (DDT)-'VTVD]UT (n)
=Umn)UT(n) )

Where n; denotes the nj-th time instant. It can be seen from Equation (7)
that an estimation of IPTs can be obtained only using U(n) which is the
right unitary matrix on the right-hand side in Equation (6). This is
because the time-domain characteristic information of the sEMG signals
is included in the column vectors of U(n) [25].

2.3. Dimension reduction and decomposition

The right unitary matrix U(n) with LM columns is obtained after
decomposing X via economy-size SVD. To simplify the matrix calcu-
lation and shorten the run-time of the decomposition algorithm, the
number of columns in U(n) is reduced by removing columns corre-
sponding to LM-r (r < LM) smallest singular values from the rearward
part of the matrix. As a result, only the first r columns in U(n) are re-
tained, significantly decreasing the size of U(n). Consequently, the
computational efficiency of the decomposition is considerably im-
proved. Furthermore, the time domain characteristic information of
SsEMG signals is preserved. The detailed decomposition procedure is
shown below:

1. Decompose the matrix XT(n) into XT(n) = Unsx na()Drnss (1)
Vimsim() T using economy-size SVD, where T denotes the trans-
pose, and Ns is the number of samples in each measurement.

2. Reduce the number of columns from LM to r in matrix U(n).

3. Compute y(n) =XT(m)X(),n = 1,2, L) and ny =
median (y (n))[13]. Then compute IPT,, = U (no)1x,UT (1) rxns-

arg
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An example of estimated IPT when SNR=20dB
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Fig. 1. The algorithm step diagram, simulated sEMG signals and examples of reconstructed IPTs. (A) algorithm step diagram, (B) simulated SEMG signals with SNR of
20 dB, (C) simulated SEMG signals with SNR of 10 dB, (D) simulated sEMG signals with SNR of 0 dB, (E) an example of estimated IPT when SNR was set to 20 dB, (F)
an example of estimated IPT when SNR was set to 10 dB, (G) an example of estimated IPT when SNR was set to 0 dB, (H) two examples of reconstructed IPTs from

experimental signals.

4. Identify dix (dx = C X k, where k is the k-th iteration, and C is an
integer greater than zero and usually between 3 and 6) time in-
stantsg,. = {Nx, Ny, .., Ny}, corresponding to the highest peaks
in IPT,,, then replace U(ng),in step 3 with f= ﬁz U@,
Then a new IPT IPT (n) = f,,, U (n),xnswill be obtained. The vector
f will be gradually improved by repeating this iterative process
untildy > N, where Np is a rough estimate number of firing times in
each IPT, at which point the final IPT will be obtained.

5. Set y(ny) = 0.

6. Repeat steps 3 to 5 for Lp times (Lp can be set according to actual
condition)

7. Classify all the IPTs for each specific MU.

Note that every di time instant needs to be identified in each esti-
mated IPT in step 4. N, is theoretically equal to the number of firing
times of MUs. However, it is difficult to estimate the number of firing
times of MUs in a practical case. Therefore, N, can be estimated ac-
cording to the length of signal acquisition and firing rate, the latter of
which can be set to a normative value for the target muscle, which was
chosen to be 30 Hz in this case. The algorithm step diagram is shown in
Fig. 1A.

2.4. Simulated surface EMG signals

According to Refs. [26,27], the extracellular single fiber action
potential (SFAP) can be represented via the sum of three basic Gaussian
functions as shown below:

¢ =3 me ()
)= ) Wel Z
g ®

where t is time, Z; is the bandwidth, W; is the amplitude factor, and G; is
the center of the peak. Using these three basic Gaussian functions, any
triphasic action potential waveform can be approximated accurately by
adjusting W; and Z;. Suppose each fiber is parallel to the skin surface,
then the SFAP shape detected by the electrodes can be considered as a
function of muscle fiber conduction velocity and the fiber position in a
3-dimensional Cartesian coordinate system. W; and Z; in Equation (8)
were represented as defined in Ref. [27]:

Wi=fi(def,cv) 9

Z; = fa(d, e, f, cv) (10)

where e denotes the fiber depth in the vertical direction below the skin
surface, f is the center position along the fiber in the f-d plane, d is the
fiber center position in the f-d plane perpendicular to the f direction,
and cv is the muscle fiber conduction velocity. The MUAP shapes were
depicted as the summation of the SFAPs included in a single MU. Then
the MUAP trains were produced by convolving their corresponding
firing times with the MUAP shapes. Finally, the synthetic SEMG signals
were modeled as linear summations of the MUAP trains. The shape,
duration and amplitude distribution of the MUAP depended on the
morphological properties of active muscle fibers innervated by the
corresponding MUs.

In this test, a series of SEMG signals were simulated. Additive zero-
mean Gaussian noise of varying amplitude was added into the simu-
lated SEMG signals. The center depths of all MUs were uniformly dis-
tributed from 1mm to 10mm. A random number of muscle fibers
uniformly distributed between 50 and 200 was assumed in active MUs.
All semi-fiber lengths were set to 50 mm, and the endplate and tendon
positions of the fibers were uniformly distributed in the range of + 5
mm. MU conduction velocities were set to 4.0 m/s. The motor unit
recruitment and discharge patterns in sEMG simulation primarily de-
pended on [28]. The mean and standard deviation of firing rates of the
MUs were normally distributed and set from 20 = 5 to 30 = 5Hz. A
total of 130 MUs were simulated for each respective group. The starting
times of each MU was set from 10ms to 300ms. A 16 X 8 electrode-
array grid with a 4.5-mm inter-electrode distance in both directions was
generated and centered above the simulated MUs. A sampling rate of
2,000 Hz was assumed. The numbers of fibers, location of active MUs,
and MU discharge patterns were all randomly generated. Fig. 1B, C, D
shows the simulated sEMG signals with an SNR of 20dB, 10dB and
0 dB, respectively. The extension factor L was set to 16. Hence, a total of
2048 channels were produced after original measurements X(n) were
extended.

2.5. Experimental surface EMG signals

The vastus lateralis (VL) of one subject (Subject 1) (the contraction
level was not measured), the first dorsal interosseous (FDI) of three
adult subjects (Subjects 2, 3 and 4) (with contraction force of 2 N), the
biceps brachii muscle of one subject (Subject 5) (the contraction level
was not measured) and the FDI of three adult subjects (Subject 6, 7 and
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8) at different force levels were studied. The protocol was approved by
the Institutional Review Board of University of Houston, Houston, TX,
USA. Written informed consent was obtained before conducting each
experiment. Two 8 x 8 arrays of silver-plated electrodes with an 8.5-
mm inter-electrode distance were used to acquire SEMG from the VL of
Subject 1. An 8 x 8 array of silver-plated electrodes with a 4-mm inter-
electrode distance was used to acquire SEMG from the FDI of Subjects 2,
3,4, 6,7 and 8. An 8 X 8 array of silver-plated electrodes with an 8.5-
mm inter-electrode distance was used to acquire SEMG from the biceps
brachii of Subject 5. Isopropyl alcohol was used to sanitize the skin over
the target muscle, and the skin was lightly abraded with an abrasive
paste to reduce the skin-electrode impedances. The electrode was af-
fixed over the target muscle. The ground electrode was attached to the
wrist of the subject via a Velcro strap. The subjects were configured in a
manner to ensure an isometric contraction of the target muscle. Signals
were recorded with a 136 channel Refa amplifier (TMSi, the
Netherlands) with a sampling rate of 2,048 Hz. The sEMG signals were
band-pass filtered with a range of 10 Hz-500 Hz. The extension factor L
for all subjects was set to 16. Hence, the total number of channels after
extension was 2048, 1024, 1008, 944, 1024, 1024, 1024 and 1024, for
each subject respectively, in numerical order. Fig. 2A shows one
channel of signal measured from subject 1. Fig. 2B shows one channel
of EMG from subject 7 at 15% maximal voluntary contraction (MVC).

3. Results

The proposed decomposition algorithm, abbreviated here to “SL”,
was tested with simulated SEMG signals, and experimental SEMG sig-
nals recorded from 8 subjects, including 5 healthy subjects and 3 stroke
patients. The main purpose of this study is to investigate the effect of
column dimension of U(n) on the computational efficiency, amount of
decomposed IPTs, and decomposition accuracy of the algorithm. The
performance of the proposed approach was evaluated by comparing
against the developed KmCKC method [15]. The number of main de-
composition loops was set to 500. All data results were averaged over 5
trials.

3.1. Simulation results

Fig. 3 shows the influence of reduced dimensions of matrix U(n) on
run-time corresponding to SNRs of 20 dB (Figure 3A), 10 dB (Fig. 3B),
and 0 dB (Fig. 3C). As U, is decreased, the run time of the algorithm also
decreases linearly.

Fig. 4 shows the influence of the reduction of the column dimension
of matrix U(n) on the number of extracted IPTs and the accuracy cor-
responding to SNRs of 20dB (Figure 4A), 10dB (Fig. 4B), and 0dB
(Fig. 4C). At a high noise level (SNR = 0dB), only an average of 2.8
IPTs could be extracted when U; was set to 2048. Compressing Uy
improves the decomposition performance and results in IPTs from over
10 MUs being extracted. Further compression of Uy to 256, however,
resulted in a reduced number of extracted IPTs.

T
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The accuracy was calculated according to Ref. [15]. The firing time
tolerance was set to = 1 sample. Thus, each detected firing time was
considered true if it was identified within = 0.5ms (sampling fre-
quency of 2000 Hz) from its actual position along the signal. In addi-
tion, pulse-to-noise-ratio (PNR) [29] was also used to verify the per-
formance of the proposed method. The PNR was varied from 23.98 dB
to infinity. The average PNR was 36.89 dB after removing the maximum
of infinity.

Table 1 summarizes the simulation results with varying signal SNR,
extension factor L, and dimensionality of U(n). R denotes the percen-
tage of the first r columns reserved (corresponding to r largest singular
values) in matrix U(n), which were varied from 100% to 25%. It can be
seen from the table that when L was 6 and the SNR was 20 dB and 0 dB,
the average number of reconstructed IPTs reached the maximum of
28.8 and 8.2 respectively, when R; was set at 75%. While the average
number of reconstructed IPTs reached the maximum of 18.4 when the
SNR was 10 dB and R was set at 50%, respectively. When SNR, L, and
Rc were set to 20dB, 16, and 25% respectively, the largest number of
IPTs could be reconstructed, at an average of 35.2 IPTs. When SNR and
L were decreased to 10 dB and 10, the resultant largest number of re-
constructed IPTs decreased to an average of 30.6 IPTs when Rc were set
to 50%. Similarly, when SNR was further reduced to 0 dB, L was set to
16, IPT yield was significantly increased by reducing Rc, yielding a
maximum of 13.4 IPTs. Fig. 1E, F and G shows an example of an esti-
mated IPT when SNR was set to 20 dB, 10 dB and 0 dB, respectively.

3.2. Experimental results

Figs. 5 and 6 present an analysis of decomposition results obtained
from experimental sEMG signals recorded from 5 healthy subjects.
Fig. 5A presents the results obtained from Subject 1. The number of
reconstructed IPTs improved when U; was decreased to 1500, but
further reductions in dimensionality deteriorated the decomposition
results. Fig. 5B presents the results obtained from Subject 2. Decom-
position results were slightly affected by small reductions in Uy (less
than 50%). After this point, the number of extracted IPTs was drasti-
cally reduced. SL outperformed KmCKC in both run-time and accuracy.
Fig. 5C presents the results obtained from subject 3.

The number of extracted IPTs increased when Uy was decreased to
490, but any further reductions in dimensionality resulted in reduced
IPT yield. Fig. 6A presents the results obtained from subject 4. The
extracted IPT number increased as U; when was decreased to 472.
Further reductions in Uy yielded less IPTs. Fig. 6B presents the results
obtained from subject 5. The number of extracted IPTs increased to 10.6
when U, was decreased to 768 but yielded less IPTs when Uy was fur-
ther reduced. Dimensionality reduction of U(n) drastically decreased
the run time of the algorithm in all healthy subjects. Fig. 1H presents
the two reconstructed IPTs from subject 1.

Table 2 shows results from subjects 6, 7 and 8 at different contrac-
tion levels. Where the forces generated by subjects 6 and 8 were 20%,
30% and 40% of MVC, and those by subject 7 were 10%, 15% and 20%
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Fig. 2. The experimental signals. (A) one channel of EMG from subject 1, (B) one channel of EMG from subject 7 at 15% MVC.
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Fig. 3. The results of simulated signals generated by a Gaussian function with 50 active MUs. The influence of the number of column dimensions in matrix U(n) on

running time with SNR of (A) 20 dB, (B)10dB and (C) 0 dB, respectively.

of MVC. As seen from the table, in most cases, the average number of
extracted IPTs is increased by reducing U(d). Moreover, the average
calculation time is reduced significantly. Fig. 7A and Fig. 7B shows the
25 IPTs extracted from subject 1 and the instantaneous firing rates of 14
MUs from subject 7 at 15% MVC. In Fig. 7A, each vertical bar represents
a firing time. In Fig. 7B, each dot indicates a MU instantaneous firing
rate at a given time instant, where each vertical axis has a range of 0-30
pulses per second (pps).

4. Discussion

The method presented in this article aims to enhance LMMSE by

employing SVD to reduce the number of column dimensions of right
unitary matrix U(n), thus, significantly shortening the computing time,
and, in some cases, achieving a more representative decomposition
result. To the best of our knowledge, the presented approach has not
been previously reported in the literature. In this article, the proposed
method and the advanced KmCKC were compared in terms of com-
prehensive performance. Our results show that IPT yield and calcula-
tion time are improved.

After the extended measurement matrix X (n) is decomposed by
SVD, the original information of the time domain characteristic is re-
served in matrix U(n), where the most important information is re-
served in the columns corresponding to r largest singular values at the
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367 199.5 251 198.5 141 198
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Fig. 4. The results of simulated signals generated by a Gaussian function with 50 active MUs. The influence of the number of column dimensions in matrix U(n) on
the number of extracted IPTs and decomposition precision with SNR of (A) 20dB, (B) 10dB and (C) 0dB, respectively. The solid line indicates the number of

reconstructed IPTs, the dashed line indicates the precision.
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Table 1
Simulation results achieved using different extension factors and different numbers of columns of U(n).
Rc (%) Extension factor L SNR (dB)
6 10 16
Number of IPTs Accuracy (%) Number of IPTs Accuracy (%) Number of IPTs Accuracy (%)
100 21.4 97.1 25.6 98.8 27.2 99.4 20
75 28.8 97.4 27.4 98.2 27.0 99.2
50 26.6 97.8 30.6 98.6 28.8 98.5
25 24.4 97.4 27.2 98.3 35.2 99.2
100 14.4 97.5 16.2 97.5 19.2 96.2 10
75 15.8 96.7 23.0 97.0 18.2 97.2
50 18.4 96.5 19.6 96.8 24.2 98.2
25 15.6 96.6 19.2 97.7 18.2 97.7
100 6.6 91.0 7.2 94.7 2.8 97.5 0
75 8.2 91.0 9.0 91.8 7.8 95.6
50 6.2 92.6 10.2 93.7 9.0 94.1
25 6.0 94.7 8.2 95.0 13.4 95.7

front of U(n). Therefore, the column dimensions of U(n) can be reduced
by removing columns in the rearward position. Finally, satisfactory
decomposition results can be achieved utilizing only the reserved in-
formation. Our results show that the optimal dimensionality of U(mn)
varies. The diverse nature of EMG signals recorded from different ex-
perimental protocols explains this variance. Factors including the
muscle properties of various subjects, muscle anatomy (small vs large),
number of electrodes, size of electrodes, and SNR, are different for all
experimental cases. These factors all influence the optimal dimension-
ality of U(n). Therefore, for each experimental case, ideal U(n) di-
mensionality should first be estimated if necessary. In practice, several
matrix dimensionalities can be selected at large intervals. For example,
75%, 50% and 25% of the original matrix dimensionality can be se-
lected, then sEMG can be decomposed to obtain the desired results.
Both the simulated and experimental results show that the greater
compression of U(n), the more the run-time performance of the algo-
rithm is increased. However, if too many dimensions in U(n) are re-
moved, useful information may not be retained. Consequently, the de-
composition accuracy will be negatively affected. If U(n) is not

compressed, not only is the run-time of the algorithm increased, the IPT
yield may not be optimal. Therefore, run-time performance and de-
composition quality should be balanced when determining the optimal
degree of dimensionality reduction of U(n). According to the results
achieved in this study, an appropriate balance between the computing
time and the number of decomposed IPTs was found with a 25%-50%
reduction in column dimensions of U(n), depending on signal char-
acteristics. There is no single standard for the choice of r columns, it
depends on the goals of the operator.

In most cases, r is set to half the number of U(n) columns to obtain
the best balance of efficiency and IPT yield. It is also possible to set
multiple r values according to the characteristics of the specific signal,
and then select an r value with the best decomposition results. An im-
portant difference between KmCKC and SL is that the sEMG signal
matrix cannot be compressed during KmCKC. Therefore, the di-
mensionality of the inverse correlation matrix of extended observations
in KmCKC is unique, that is, it can only be assessed in the full-dimen-
sional case, which leads to a time-consuming calculation. The ability to
reduce the dimensionality of the unitary matrix U(n) is an advantage of

) ject
Subject 1 Subject 2 Sub]Cec 3
800 A 122 800 r —12 350 B * 112
% Fada
SIS Ef/ S
700 I 121 700 | 1 411
300 F
(7] w 7 «
|_
600 E 600 | E 2 o
1203 1039 : 110 E
g S o250 ! 8
P |-
@:500 ‘3 @ 500 % @ ‘.' ‘Uc-g
) i S o S o 4
E Y8 E °8 E ) ° 8
- P L ' P ] =
400 o 400 : w200 9]
— ] b : ‘0-)
1188 N -8-SL 8 8 . -E-SL 18 ¢
300 E  300f e S ' E
* <%-KmCkC | 2 BmCR 3 - ~-KmCKC E
1 '
e T P ©-SL 17 1sor -6-SL ]
200 200} —¥-KmCKC
‘ —¥-KmCKC m ; —¥-KmCKC
! ®
E 1
100 —8— . 16 100 : : 6 100 : ; 6
0 1000 2000 3000 0 500 1000 1500 0 500 1000 1500

Number of dimensions Number of dimensions Number of dimensions
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Table 2
Experimental results achieved at different contraction levels (%MVC) and dif-
ferent numbers of columns of U(n).

MVC(%) Re(%) Number of IPTs RunningTime(s) Subject
20 100 11.2 715.2 Subject 6
75 13.0 407.1
50 10.8 287.2
25 8.4 185.1
30 100 9.4 717.9
75 9.2 543.5
50 7.8 383.3
25 4.2 240.6
40 100 7.8 666.8
75 4.4 394.1
50 8.4 276.9
25 4.2 179.3
10 100 8.4 644.4 Subject 7
75 9.8 495.0
50 9.8 350.0
25 8.2 232.1
15 100 12.2 544.2
75 12.6 433.6
50 12.2 307.1
25 11.4 204.3
20 100 11.0 583.2
75 11.0 465.9
50 9.2 331.0
25 7.6 218.8
20 100 9.8 515.0 Subject 8
75 11.4 410.4
50 8.4 297.9
25 8.0 187.9
30 100 6.0 491.4
75 6.2 383.3
50 3.4 276.9
25 2.2 178.7
40 100 9.2 573.4
75 10.4 456.8
50 8.2 332.3
25 5.6 210.9

SL, significantly improving run-time performance. Since SL directly
estimates the IPTs from the measurement matrix, channel extension is
necessary to obtain suitable results [13]. Without channel extension,
IPT yield and accuracy will be diminished, and in some cases, no IPTs
will be extracted. The proposed dimensionality reduction can improve

the efficiency and the number and accuracy of the extracted IPTs when
compared with previously published related methods. When the unitary
matrix U(n) can be compressed, and necessary information is retained
to the greatest extent, the influence of interference information is di-
minished or discarded. On the other hand, by applying an advanced
iterative method, the greatest amount of firing MU firing information
can be obtained, thus the correlation vector f between the measure-
ments and the IPTs can be better constructed. Note that dimensionality
reduction can be performed in several ways, which may also improve
computational efficiency and decomposition accuracy. The improve-
ment is particularly apparent when the noise level in the signals is re-
latively high, as seen from the simulated results.

Although channel extension greatly improves results, it leads to
increased computational burden. Therefore, the proposed method of
compressing U(n) can solve the problems posed by increased compu-
tational complexity after channel extension. Moreover, in some cases
compressing U(n) can significantly improve the number and accuracy
of the reconstructed IPTs. According to the previous literature
[13,15,23], the extension factor L can be set from 10 to 16, which di-
rected our decision to use L values from 10 to 16 in our tests. We tested
the relationship between L and dimension of U(n), as presented in
Table 1. Sometimes choosing a larger L value (such as 16) may improve
results (see Table 1), at the expense of computational speed. So far,
published literature [13,15] most commonly chose an L of 10 to balance
trade-offs between accuracy and computation time. The economy-size
SVD method was first employed which can achieve decomposition ac-
curacy at the level very close to non-economy-size SVD decomposition
methods, but with higher efficiency. Whether or not step 4 converges
depends largely on the initial condition. If the initial condition is re-
presentative of the initial firing times of only one IPT, it very likely will
converge. However, if the initial firing times set for iteration are in-
accurate, it may not converge.

5. Conclusions

Multi-channel sEMG signal decomposition has become more acces-
sible since the introduction of LMMSE and CKC into the field. In this
paper, SVD is utilized to decompose SEMG signals based on LMMSE and
CKC. The number of extracted IPTs, computational efficiency and ac-
curacy were improved by compressing the right unitary matrix U(n).
Dimensionality reduction simplifies the decomposition process and
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Fig. 7. The extracted IPTs and instantaneous firing rate (A) IPTs extracted from subject 1, (B) instantaneous firing rate of MUs from subject 7 with 15% MVC.

faci

litates SEMG decomposition. As mentioned in 2.2, the important

time-domain characteristic information of the sEMG signals is included
in U(n). Thus, an IPT can be estimated from only the right unitary
matrix from the SVD of the measurement matrix. Our results indicate
that dimensionality reduction of U(n) can improve the efficiency and
accuracy of sEMG decomposition in simulated and experimental sig-
nals, while greatly reducing computation time, even in cases of poor
SNR.
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