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Abstract— We compared Non-negative Matrix Factorization
(NMF) and Convolution Kernel Compensation (CKC) techniques
for high-density electromyogram (hdEMG) decomposition. The
experimental data was recorded from nine healthy persons during
controlled single degree of freedom (DOF) wrist flexion-extension,
supination-pronation and ulnar-radial deviation movements. We
assembled identified motor units and NMF components into three
groups. Those active mostly during the first and the second
movement direction per DOF were placed in G1 and G3 group,
respectively. The remaining components were nonspecific for
movement direction and were placed in G2 group. In ulnar and
radial deviation, the relative energies of identified cumulative
motor unit spike strains (CST) and NMF components were
similarly distributed among the groups. In other two movement
types, the energy of NMF components in G2 group was
significantly larger than the energy of CSTs. We further
performed coherence analysis between CSTs and sums of NMF
components in each group. Both decompositions demonstrated a
solid match, but only at frequencies < 3 Hz. At higher frequencies,
the coherence hardly exceeded the value of 0.5. Potential reasons
for these discrepancies include negative impact of motor unit
action potential shapes and noise on NMF decomposition.

Index Terms— high-density surface EMG, Non-negative Matrix
Factorization, Convolution Kernel Compensation, wrist
movements, motor unit identification

I. INTRODUCTION

OR more than a century, electromyograms (EMG) have

been a vital source of information. By measuring the
electrical activities of motor units (MUs) in skeletal muscles,
they provide direct insight into neural codes governing the
human movements [10]. Indeed, electrical activity of MUs
repeats and amplifies (by a factor of up to 1000) the activity of
motor neurons [20]. In this process, the information about the
motor neuron firing times is preserved, whereas the shapes of
action potentials (APs) in MUs and motor neurons differ
significantly [20, 9, 10]. Moreover, detected MUAPS depend on
many factors, including the muscle anatomy, relative distance
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of uptake electrode to the MUs, volume conductor properties
and many others [9, 10].

Technical limitations prevent isolated recordings of
individual MUs. Even the most selective needle electrodes
record superimposed activity of several concurrently active
MUs [20, 9, 10]. Surface EMG electrodes are much less
selective and record the activity of several tens of concurrently
active MUs. For this reason, surface EMG has traditionally
been considered an interferential signal that is easy to
misinterpret.

In order to circumvent this limitation, different techniques
for decomposition of surface EMG into constituent MUs
contributions have been proposed [16, 17, 21, 7, 35, 33, 4, 3,
37]. Among them, Holobar and Zazula [15] were the first to
propose convolutive mixing model of high-density EMG
(hdEMG) and its decomposition by Convolution Kernel
Compensation (CKC) technique. Up to date, CKC has remained
the most validated decomposition technique [16, 17, 18, 19, 20,
21,7, 31, 45, 9, 10] and had significant impact on many other
hdEMG decomposition techniques [4, 3, 38, 37].

Decomposition to the level of MUs allows for complete
cancelation of MUAP shapes and, thus, complete
reconstruction of motor neuron firing patterns (neural codes).
However, it usually comes with relatively high computational
and experimental costs. In order to increase the number of
identified MUs and ease their discrimination, hdEMG
recordings are acquired by arrays of several tens of surface
electrodes [15, 16, 17, 18, 20, 9, 10]. Acquisition of such a large
number of EMG channels may prove difficult in experimental
setups, especially outside the controlled laboratory
environment.

Due to these reasons, simpler decomposition techniques that
do not aim at full compensation of MUAPS have been proposed.
Out of them, Non-negative Matrix Factorization (NMF) has
been frequently used, e.g. in [5, 6, 43, 39, 28, 30, 46] to mention
only a few studies. For example, in [22] the authors applied
NMF to individual pairs of opposing movements (degrees of
freedom - DOFs) and validated the resulting decomposition
against measured forces during isometric [22] and dynamic
contractions [23, 24]. In [34] the authors showed that, compared
to bipolar recordings, the multichannel EMG recordings add
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very little to the extracted NMF components. Experiments in
[1] validated the effectiveness of NMF in identification of
simple hand postures whereas the study in [44] showed that the
components, estimated by NMF and selected by using variance
accounted for (VAF) measure could be activated voluntarily
with high accuracy. The authors in [14] showed that patients
with impaired motor functions exhibited fewer muscle
synergies identified by NMF than healthy controls. When
validating the NMF some of these publications tested the
decomposed components against external measurements of
force or position. Others took the decomposition as an accurate
representation of muscle activity and did not validate it at all.

Although CKC and NMF decompositions have been
independently tested in many different experimental setups,
they have never been mutually compared on the same set of
EMG measurements. In this study, we applied them to the
hdEMG recordings of wrist movements performed by healthy
subjects. Contrary, to CKC, NMF does not aim to directly
reconstruct the MU activity and to fully compensate the
MUAPs in hdEMG. Thus, the rationale behind this study was
to investigate and quantify similarities and discrepancies among
the estimated NMF components and the activities of MUs,
identified by CKC. With the ground truth about the MU
activation unknown, this quantification was based on mutual
comparison of NMF and CKC decompositions.

Il. METHODS

A. CKC-based identification of MU firing pattern and

corresponding MSE

The A/D-converted hdEMG can be modelled by [15, 16]:
y(n) = Ht(n) + w(n) @

where y(n) = [y;(n) ...y, ()] is a vector of M EMG
channels, w(n) = [w;(n) ... w, (n)]7is zero-mean noise and
t(n) = [tl(n),tl(n -D.ti(n—-L+1)..t;(n).. ;(n—

L+ 1)]T stands for vectorized block of L samples from all the

MU firing patterns. The firing pattern of the j-th MU is defined
as [15, 16]:

tj(n)=zk6(n—rj(k)), j=1.J. @)
where §(.) is the unit-sample pulse and the k-th MUAP of the
j-th MU appears at time 7; (k).

The MxNL mixing matrix H in (1) comprises the L-sample
long MUAPs:

H=[Hy, H, ..H] 3)

where

2
hy(0) .. hy(L—1)
hagj(0) oo hyi(L —1) @)
=1,...,]

and h;; (n) stands for the n-th sample of the j-th MU’s MUAP,
detected by the i-th uptake electrode.

In order to increase the decomposition performance, the
vector y(n) may be substituted by vectorized block of K
samples from EMG measurements [15, 16]:

yn) =[yi(n),yy(n—1),..,yy(n—K )
+1)..yy(n—K+ D]

CKC estimates the j-th MU firing pattern as [15, 16]
A T _
ti(n) = cijCy ly(n) (6)

where C, = E(y(n)y"(n))is the correlation matrix of the
EMG measurements, ¢, = E(tj(n)y"(n)) is the cross-
correlation vector between the j-th MU firing pattern and
measurements y(n), and E(.) stands for mathematical
expectation. The method has been tested in many different
experimental setups [16, 17, 18, 19, 20, 21, 31, 45, 9, 10, 47,
41, 29], also in moderate dynamic contractions [8, 11, 12, 26,
40] and vyielded up to 70 simultaneously active MUs.
Furthermore, Pulse-to-Noise (PNR) metric has been proposed
in [21] for assessment of accuracy of each individual MU
identification. PNR has been shown to increase monotonically
with both sensitivity and specificity of MU firing identification,
whereat the value of PNR > 30 dB corresponds to MU
identification accuracy > 95 % [21]. This is valuable feedback
information on the accuracy of CKC-based decomposition and
considerable advantage over the NMF-based decomposition.

B. Non-negative matrix factorization

Non-negative matrix factorization as described in [27]
addresses the problem of decomposing a matrix Z into a
product of matrices W and F:

ZMxN) — W Mx)p(xN) @)

with a chosen number of components (sources) J whereat Z, W
and F contain only non-negative values [27]. J is often required
to be much smaller than either the number of measurements M
(rows) or the number of samples N (columns of Z) [27].

The basic multiplicative NMF method [27] optimizes the
decomposition with respect to mean square error (MSE)
between Z and WF. The method is simple to implement,
however, it is slow and multiple repetitions of numerical
optimization are required to converge to good results [13].
Several methods have been proposed to improve the speed of
its convergence [2, 25]. In our tests, the alternating least squares
NMF method [2] yielded the fastest and the most consistent
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convergence (results not shown) and was, thus, selected for
EMG decomposition.

Noteworthy, surface EMG signals are not non-negative and
there is extensive literature on their pre-processing before
applying the NMF decomposition [22, 13]. These techniques
differ slightly, but are all based on a similar approach. First,
envelopes of the acquired surface EMG signals are estimated
by applying low-pass filter to rectified or squared values of the
EMG signals. The envelopes are then decomposed using the
selected NMF algorithm into preselected number of
components, which reflect applied forces [22], activation
patterns [13] or muscle synergies [37].

We selected the method and model proposed in [22]. In this
experimental paradigm, the m-th surface EMG signal ym(n) is
squared and filtered with a box filter of size 200 ms:

n+An

— 1 2
Zm(n) = At Z Vi (1) (8)

nj=n—-An

where An is half of the filter length (in samples). The envelope
values Z(n) = [z,(n), z,(n) ... z),(n)] are then modelled by the
non-negative data model (7), whereat W comprises all the
mixing vectors and F all the NMF components reflecting the
muscle excitation. In our study, the columns of W were
normalized and had the second norm equal to 1.

Muscle excitation is non-negative and fits well into
assumptions of NMF. This implies that at least two components
F need to be estimated per each DOF, i.e., one for each
movement direction. The upper bound of the number of
components per selected DOF is harder to define, especially,
when more than two muscles are involved into joint movement.
Theoretically, the number of components F(n) equals the
number of muscle excitation primitives or muscle synergies
[20]. Although some researchers reported that selecting large
number of components produces useful and noisy components
that can be easily differentiated [13], we found that the NMF
with large number of components J often splits useful
components into several subcomponents. Therefore, we tested
the NMF decomposition with J=2, 3, 4, 6, 8, 10 and 12
components, whereat the identified components were classified
into different source groups and summed together to
compensate the impacts of potentially too large J (see text
below).

C. Experimental signals

Nine healthy young subjects (age 35 + 4 years, height 1.77 +
0.05 m, weight 80 + 10 kg) participated to the study. The
subjects received a detailed explanation of the study and gave
written informed consent prior to participation. The study was
conducted in accordance with the Declaration of Helsinki and
was approved by local ethics committee. All the subjects
performed wrist flexions-extensions. Six subjects performed
also pronations-supinations and four subjects performed ulnar-
radial deviation. In all these measurements, two measurements
of each movement per subject were performed. The subjects
followed the trapezoidal (2 s ramp up + 5 s plateau + 2s ramp
down + 5 s rest) force profiles. In each measurement, we

3

recorded ten repetitions of the selected movement (e.g., ten
wrist flexions and ten wrist extensions).  The entire
measurement lasted around 260 seconds.

The hdEMG signals were recorded by two arrays of 5x13
electrodes with diameter of 1 mm and inter-electrode distance
of 8 mm (OT Bioelettronica, Italy). Electrodes were fixed with
adhesive foam on the upper third of the dominant forearm, with
electrode columns circumferencing the forearm in
approximately perpendicular direction to the muscle fibers. In
each subject, the electrodes covered about three quarters of the
forearm circumference. Recorded EMG signals were amplified,
sampled at 2048 Hz and 12 bits resolution (USB EMG 2
amplifier, OT Bioelettronica, Italy) and saved in longitudinal
single-differential mode for offline analysis. This resulted in
4x26 grid of 102 hdEMG measurements.

Universal Haptic Device (UHD) robot [32] was used to
oppose the wrist movement with a torque between 0 of 7 Nm
and to measure exerted muscle forces (Fig. 1). Measured forces
were sampled at 200 Hz and 12-bits resolution (PCI-6023E,
National Instruments Inc., USA), displayed online as a
graphical feedback to the subject and stored for offline analysis.
Special trigger signal has been recorded by both USB EMG 2
and UHD and used offline to synchronize and resample the
EMG and force signals to 2048 Hz.

i al

A

Fig. 1. UHD robot and experimental setup with two arrays of 12x5 electrodes
mounted around the person’s forearm.

D. Data analysis

All the EMG measurements were manually inspected before
the NMF-based decomposition and the 0.82 + 1.69 low quality
EMG channels were discarded, on average. CKC method
comes with automatic EMG channel selection. Therefore, no
manual selection of EMG channels was performed for CKC-
based decomposition. To further improve the signal quality, we
performed manual analysis of movement artefacts, electrode-
skin contact problems and mismatches between the reference
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and measured wrist forces. This analysis indicated higher signal
quality in the last 120 s of the recorded signals. Therefore, we
selected this epoch for the analysis. The NMF decomposed the
whole segment, whereas CKC decomposed its 30 s long epochs,
yielding both the MU firing patterns and corresponding MU
filters that yielded these firings [16, 20]. Noteworthy, the 30
second long epochs were long enough to cover at least one
movement in each direction (i.e. one flexion + one extension).
We then applied the MU filter of each individual MU as
identified on each 30 s long epoch to the entire 120 s of the
EMG segment in order to identify the complete MU firing
pattern. We mutually compared the resulting MU firing patterns
and removed multiple identifications of the same MU by
selecting the MU firing pattern with the highest PNR. In this
way, we optimized the CKC decomposition time and
guaranteed the identification of MUs recruited at different time
moments.

In the case of CKC decomposition, only MUs with PNR > 30
dB (accuracy of decomposition > 95 %) [21] were considered
for further analysis, whereas all the other MUs were discarded.
For each DOF studied, identified MUs were classified into three
different groups (Fig. 4). G1 group consisted of MUs that
demonstrated at least 90% of firings in time intervals of the first
movement direction (e.g. during flexion in flexion-extension
DOF). G3 group comprised MUs with at least 90% of firings
during the second movement direction (e.g. during extension in
the flexion-extension DOF), whereas the remaining MUs were
classified into G2 group.

We followed similar procedure in the case of NMF and
classified all the F(n) components that exhibited at least 90 %
of their energy during the first movement direction into G1
group, all the components that demonstrated at least 90 % of
their energy during the second movement direction into G3
group and all the remaining components into G2 group (Fig. 4).

In each individual group, we summed up the identified MUs
spike trains into cumulative spike train (CST) as it was
demonstrated in [36] and further confirmed in [9, 10, 11, 12]
that CST reflects linearly the descending drive to the muscle
and significantly outperforms the EMG rectification.

Similarly, we applied the identified NMF mixing vectors w;
to nonfiltered versions of hdEMG measurements (we set An =
0 in (8)) and summed up the non-filtered F(n) components form
the same group into cumulative F(n) component (CF).
Afterwards, we used non-overlapping 1 s long Hanning
windows to compute coherences between the CSTs and CFs in
the same source group. Maximal coherence values were then
analyzed in different frequency bands. The hypothesis of
normal distribution was checked by Lilliefors test and rejected
in 18 % of cases tested. We, therefore used Wilcoxon signed-
rank test with significance level set to P < 0.05 to assess the
statistical differences in coherences. We followed the same
procedure when comparing the values of all the other reported
metrics.

MUAP shapes were estimated by spike triggered averaging
of hdEMG channels, using the identified MU firings as triggers.
MUAP trains were calculated by convolving the MUAP shapes
with the identified MU spike trains. Afterwards, the MUAP
trains were summed across all the MUs in each group. Finally,
the sums of MUAP trains in each MU group were squared and

4

averaged across all the EMG channels. Coherences were then
also computed between the averaged squared sum of MUAP
trains and the CFs.

For all the MUs in the same source group, mean squared
(MS) values of MUAPs were summed up in each hdEMG
channel, yielding the spatial representation (in the space of
hdEMG channels) of all the MUs in the group:

MSyyaps(i) = Z Z h(n) )

J

where h;; (n) stands for the n-th MUAP sample of the j-th MU
in the group as detected by the i-th uptake electrode.

We used the same procedure for summing up the NMF’s w
vectors:

(10)

MSW() = ) G (O
J

where w; (i) stands for the i-th element of the j-th mixing vector
w; (i.e., the j-th column of the estimated W) in the group and
a; is the energy of the j-th NMF component. Afterwards, we
reordered MSyyaps(i) and MS,, (i) to match the topology of
hdEMG electrodes and calculated their centroids. Finally,
variance of signal accounted for by CKC-based decomposition
was estimated by calculating the energy ratio between the sum
of all the reconstructed MUAP trains J,,(t) and the original
surface hdEMG channel y,,, (t):

Zm,n(:)’m (n) - 9m (n))z

VAF(Yﬁ 5;) =1-
Yo (@)’

(11)
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Fig. 2. Mean RMS values (uV) of recorded surface EMG signals during
different movement types (left) and the Variance Accounted For (VAF) by CKC
decomposition. We observed no significant differences between VAF values in
different types of movement. The RMS values of recorded surface EMG was
significantly higher in wrist flexion than in pronation and supination; flex. —
flexion, ext. — extension, rad. dev. — radial deviation, ul. dev. — ulnar deviation,
pro. — pronation, sup. — supination, * — Wilcoxon rank sum test (p < 0.05);
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Fig. 3. Representative motor unit firing patterns identified by CKC
decomposition during the wrist flexion and extension. Each vertical bar depicts
one motor unit firing. For clarity reason, decomposition results of only one
flexion and one extension repetition are shown. Normalized RMS maps of
MUAPs depict the locations of identified MUs under the arrays of surface
electrodes.

I1l. RESULTS

Fig. 2 depicts the mean root-mean-square (RMS) values of
recorded surface EMG signals during different movement types
(left) and the Variance Accounted For (VAF) by CKC
decomposition (right). Flexion yielded significantly higher
RMS values than pronation and supination (Wilcoxon rank sum
test, p<0.05), whereas no other RMS values were significantly
different. We observed no significant differences between VAF
values in different types of movement. Moreover, the average
VAF values were comparable to the ones reported in the
previous studies of CKC-based decomposition [15, 16, 17, 18,
19, 20, 21].

Fig. 3 depicts representative example of identified MU firing
patterns during wrist flexion and extension. In total, 24 MSUs
were identified with PNR ratio > 30 dB (accuracy > 95%).
Thirteen of them were active during wrist extension (G3 group),
the others were identified during flexion (G1 group). None of
MUs were classified into G2 group. Fig. 3 also depicts RMS
values of MUAPSs (as assessed by spike-triggered averaging of
the hdEMG signal and normalized to their maximum value per
MU). The MUs identified during flexion and extension have
clearly different spatial supports.

Fig. 4 depicts representative examples of CSTs and CF
components for J=12, filtered with 200 ms long box filter. In
contrast to CSTs, CFs from group G2 (and also from G1 and
G3) demonstrate activity during both movement types. For
clarity reasons, the squared sum of MUAP trains, averaged
across the EMG channel is also depicted.

Fig. 5 depicts the total number of identified MUs and F
components as a function of portion of energy during the first
movement direction, whereas Fig. 6 depicts the relative energy
of CSTs and CF components in G1-G3 groups for NMF with
J=2, J=3, J=6 and J=12 components. For clarity reasons, we
also depicted the average relative energy of CSTs and the
corresponding MUAP trains. All the tested numbers of NMF
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Fig. 4. Representative sums of Nl\/tlllr:n?:ésr:]ponents (CFs), CSTs and squared sum
of MUAP trains, averaged across all the EMG channels. NMF components,
CSTs and MUARP trains were identified from hdEMG signals, acquired during
extension-flexion task in individual subject.

components yielded relatively similar results. By using the
Friedman test we did not identify any significant difference
between their relative energies (Fig. 7) therefore, the NMF with
J=12 components was analyzed in details as it provided the
most flexibility in dividing the signal into the source groups.

In flexion-extension and radial-ulnar deviation, the CKC
decomposition identified relatively low number of MUs in G2
group, whereas this was not the case for NMF (Fig. 5). The
energy of identified MUs was distributed between G1 and G3
groups, whereas the energy of MUs in G2 group was relatively
low, except in flexion-extension measurements 17 and 18 (Fig.
6). On the other hand, the CF components had the energy
distributed among all the groups. In some measurements, the
most of the energy was concentrated in G2 group (Fig. 6).

In pronation and supination, both decomposition methods
identified the components in all three groups, though, when
compared to the number of identified MUs, relatively large
portion of NMF components and their energy was identified in
G2 group (Figs. 5 and 6).
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Fig. 5. Distribution of the number of identified MUs (left column) and NMF
components (right column) with respect to different percentages of firings and
energy in the first direction of each investigated DOF. The limits between the
different groups of MUs/components are indicated by vertical dashed lines; N; -
the number of MUs or NMF components in the i-th group.
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hdEMG measurement.

Fig. 8 depicts the coherences (mean £ SD) in 5 Hz wide
frequency bands between the NMF components and unfiltered
CSTs (blue) and between the NMF components and the squared
sum of identified MUAP trains, averaged across the EMG
channels (red) in different groups (G1, G2 and G3) and different
movement types. Coherence between the NMF components and
unfiltered CSTs was frequently significantly lower than the
coherences between the NMF components and the squared sum
of identified MUAP trains (Wilcoxon signed-rank test, p <
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0.05). This suggests that the identified NMF components did
not fully compensate the MUAP shapes. Notwithstanding, G2
group yielded very low coherence values. These relatively low
coherence values between CF and CST components indicated
substantial discrepancies in the details of both decomposition
results.

Fig. 9 depicts the maximum values of coherences between
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groups of sources (G1, G2 and G3) and in different movement types.
Coherences in 5 Hz wide frequency bands were compared by Wilcoxon
signed-rank test; * (p < 0.05);
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the CFs and CSTs in different frequency bands as a function of
the number of MUs in CSTs. For each depicted number of MUs
in CST, all possible combinations of MUs in a group were used
to generate the set of CSTs and the average coherence between
this set and unfiltered CF was calculated. We then identified the
maximum of these average coherences in each frequency band
and reported it in Fig. 9. For most of the cases, the coherence
values saturated relatively quickly with the number of MUs,
indicating that the number of MUs identified in this study was
sufficient to reliably estimate the coherences. In higher
frequency bands, the values of coherence did not always
saturate with the number of MUs. However, the depicted
coherence trends suggest that the likelihood of coherence
reaching values close to 1 when further increasing the number
of identified MUs is relatively small. For clarity reasons, we
provide only the results for flexion-extension movements. We
obtained similar results for supination-pronation and ulnar-
radial deviation movements (results not shown).
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Fig. 10. Centroids of summed MS values of MUAPs and summed mixing vectors
W ; in each identified source group during different wrist movements. Presented
results are accumulated across all the performed measurements. Electrode rows
were approximately parallel to muscle fibers. Electrode columns were in
circumferential direction.

different wrist movements, accumulated across all the hdEMG
measurements. Centroids of both decomposition methods were
in good agreement, indicating that both techniques identified
activity in the same spatial regions of surface hdEMG arrays.
As expected, centroids of muscle excitation in the G1 group
differed substantially from the centroids of muscle excitation in
the G3 group. Centroids of muscle excitation in the G2 group
(excitations that were non-specific for tested movement
directions) were intermingled with centroids form the other two
groups, indicating that different movement directions cannot be
easily discriminated from raw hdEMG channels, even in the
controlled experimental setups like ours.

IV. DISCUSSION

We compared two popular methods for decomposition of
hdEMG signals into muscle excitation primitives. A general
overview of the methods is provided in Table I. Both methods
can be used to assess activated muscle synergies [5, 6, 20] or
exerted muscle forces [22, 23, 24, 20, 42], but differ
substantially in the foreseen data model and its assumptions.
NMF rectifies surface EMG signals and assumes that this
rectification does not alter significantly the linearity of the
mixing process in (1). On the other hand, CKC method exploits
this mixing model and compensates MUAP shapes in order to
directly estimate the MU firing patterns.

Both decomposition techniques identify subcomponents of a
specific muscle excitation. CKC identifies individual MU firing
patterns that need to be summed up to compensate the
nonlinearities in the transfer functions of individual motor
neurons [36, 11, 12]. For these reasons, we first classified the
MUs into three complementary groups per investigated DOF
(i.e. MUs active mostly during one movement direction, mostly
during the opposite movement direction or during both
movement directions) and, afterwards, calculated CST for each
group. In NMF, we need to preselect the number of identified
components. In this study, we tested different numbers of NMF
components and empirically selected the decomposition with
relatively large number of components (J = 12). This might
result in identification of several subcomponents of specific
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TABLE |: COMPARISON OF NMF AND CKC PROPERTIES

Property NMF CKC

Required number of EMG channels >1 >20

per investigated muscle

Processing time per a second of EMG About1s About 20 s

signals (measured on Intel i7

processor)

Complete compensation of MUAPs in No Yes

isometric contractions

Complete compensation of MUAPs in No No

dynamic contractions

Selectable number of components Yes. No, the number of identified motor units
depends on the contraction level and quality
of hdEMG signals.

Automatic assessment of No Yes

decomposition accuracy

Decomposition into physiological Not guaranteed Guaranteed

components only
Detection of superficial motor unit
activity.

Detection of deep motor unit activity
(within the detection volume of
surface electrodes)

Automatic artefact detection and
removal

Robustness to EMG outliers
(recordings above the innervation

Moderate to good, depending
on the number of EMG
electrodes used

Moderate: many motor units
contribute small MUAPs

No

Moderate, depending on the
number of EMG channels per

Good, as 2 20 electrodes are used per muscle

Low: deep and small motor units are usually
identified with questionable accuracy and,
thus, removed by motor unit selection criteria
(PNR > 30 dB in this study)

Yes

Good, as > 20 electrodes are used per muscle
and this guarantees sufficient redundancy of
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zone, bad electrode-skin contact, muscle.
extensive movement artefacts, etc.)

information and efficient outlier detection.

muscle excitation primitive. In order to compensate for this
potential overestimation, we followed the same procedure as in
the case of CKC decomposition and calculated cumulative
NMF components in each of the aforementioned three source
groups.

The results of both decompositions agreed well on a global
scale, demonstrating that both techniques identify
approximately the same global muscle activation patterns. On
the other hand, the results differed substantially when we
studied details of muscle excitation. The coherence between
CFs and CSTs was mainly below 0.5 (Fig. 8). Moreover, NMF
identified significantly larger portion of movement direction
non-specific components (i.e. components in G2 group) than
CKC (Fig. 5). In several cases, G2 group of NMF components
accounted for the largest portion of the signal energy, also when
clear separation of both movement directions was achieved by
CKC (Fig. 6).

There are several possible reasons for these discrepancies.
First, surface EMG and consequently CKC detects superficial
MUs only. Deep MUs lay bellow the noise level and cannot be
reliably identified by CKC (selection criterion of PNR > 30 dB
in our study). This is, indeed, potential limitation of CKC that
needs to be considered when interpreting the results of this
study. According to our analysis, lowering the PNR threshold
increased the number of identified motor units by one or two
MUs, on average, whereas the identification accuracy of
additional MUs and their impact on CST became highly
questionable. Namely, while calculating CST, the MU
contributions are weighted by the number of their firings.
Inaccurately identified MUs may have a relatively big impact
on CST. For these reason, we used relatively strict MU

selection criteria. In addition, the average VAF for CKC-based
decomposition (Fig. 2) was comparable to other hdEMG
decomposition studies [16, 17, 18, 19, 20, 21, 7, 31, 45, 9, 10,
38, 4, 3, 37].

NMF does not put such a strict limit between identifiable and
nonidentifiable components and likely yields activity of a larger
number of MUs than CKC. However, the deep MUs have small
MUAPs on the surface of the skin and likely contribute little to
the identified NMF components. This conclusion is also
supported by the results in Fig. 9. Most of the coherence values
between CST and CF saturated or began to saturate before
reaching the maximal number of identified MUs in CST,
indicating that the conclusions of this study would likely not
change considerably when more MUs were identified by CKC.

Second, CKC automatically removes the artefacts from the
hdEMG signals, such as line inferences and movement
artefacts; whereas (semi-) manual signal cleaning is required in
the case of NMF as there is no guarantee that all the
interferences will be automatically separated from the muscle
excitation primitives. This may partially explain the low
coherence values between CSTs and CFs in G2 group as this
group likely gathered noisier NMF components that G1 and G3
groups. We have made considerable effort to ensure the good
quality of hdEMG signals and reduce the impacts of noise.
Thus, to our belief, the mismatch between CSTs and CFs in G2
group cannot be explained solely by noise.

Third, none of the tested decomposition techniques fully
compensates for the MUAP changes due to dynamic muscle
contractions, though in the case of investigated wrist
movements these changes are relatively small, as previously
discussed in [8]. Incomplete decomposition due to the negative
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impact of MUAPs and, possibly, signal artefacts may lead to
incomplete muscle crosstalk separation by NMF. This is
supported by the results in Fig. 8, where the coherences
between the NMF components and MUAP trains were
frequently significantly higher than the coherences between the
NMF components and CSTs. Note that both CSTs and MUAP
trains were both identified by CKC and differ only in the
exclusion/inclusion of MUAPs.

Fourth, we occasionally observed the narrow spike-like
activity in the envelopes of the hdEMG signals. This activity
appeared strictly at the beginning of each movement and was
likely due to the movement artefacts and/or due to increased
MU activity at the sudden initiation of the movement. Without
the ground truth about the MU activity, we were not able to
ascertain the origin of this activity. However, CKC method
often reduced these spikes whereas NMF method projected
them into the space of F components.

Noteworthy, NMF is faster than CKC and can be applied to
a few surface EMG channels only, whereas CKC requires at
least several tens of hdEMG channels per investigated muscle.
Reference [34] showed that the results of NMF do not change
significantly when hdEMG is used in place of a few EMG
channels per muscle. Nevertheless, NMF does not track
individual MUs and does not allow for detailed investigations
of MU recruitment and derecruitment patterns and their
adaptations in longer or/and repeated contractions (Figs. 3 and
4). The same applies to CSTs, computed from the individual
MU spike trains. Thus, full decomposition to the level of MUs
is required to fully analyze the excitation of skeletal muscles
and its alternations due to fatigue, pathology or rehabilitation
[20, 9, 10].

Finally, muscle co-activation patterns are difficult to assess
from force recordings alone. Thus, we cannot easily classify the
frequently observed NMF components from G2 group as
methodological artefacts. In our case, MUs that were active
during both wrist flexion and extension were identified by CKC
in 5 out of 18 measurements. This demonstrates the intra-
subject and intra-measurement variability of muscle control
strategies, even in relatively simple tasks with clearly separated
directions of recorded wrist forces. Moreover, we conducted
this study on the forearm muscles and single degree-of-freedom
wrist movements only and we cannot easily generalize the
results to the other muscles and movement types. Nevertheless,
the results of this study clearly demonstrate the discrepancies
between both decomposition techniques and stress the need for
their further systematic evaluation. The latter is a non-trivial
task, especially in dynamic muscle contractions, where the
ground truth about the muscle excitation is very difficult to
assess.

In conclusion, we mutually compared two popular surface
EMG decomposition techniques in controlled single-DOF wrist
movements and quantified the discrepancies in their results. We
showed that results of both decompositions agree on a global
scale but differ substantially in several details. NMF identified
significantly larger portion of direction non-specific
components than CKC. Further investigations are required to
fully understand the reasons for these discrepancies and to
quantify their consequences for in vivo movement analysis of
humans.
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