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Abstract 

Objective  Surface electromyography (EMG) decomposition is crucial for identifying motor neuron activities by ana-
lyzing muscle-generated electrical signals. This study aims to develop and validate a novel motor unit action potential 
(MUAP)-based method for surface EMG decomposition, addressing the limitations of traditional blind source separa-
tion (BSS)-based techniques in computation complexity and motor unit (MU) tracking.

Methods  Within the framework of the convolution kernel compensation algorithm, we developed a MUAP-based 
decomposition algorithm by reconstructing the MU filters from MUAPs and evaluated its performance using 
both simulated and experimental datasets. A systematic analysis was conducted on various factors affecting decom-
position performance, including MU filter reconstruction methods, EMG covariance matrices, MUAP extraction 
techniques, and extending factors. The proposed method was subsequently compared to representative BSS-based 
techniques, such as convolution kernel compensation.

Main results  The MUAP-based method significantly outperformed traditional BSS-based techniques in identifying 
more MUs and achieving better accuracy, particularly under noisy conditions. It demonstrated superior performance 
with increased signal complexity and effectively tracked motor units consistently across decompositions. In addi-
tion, directly applying the MU filters reconstructed from MUAPs to decomposition exhibited marked computational 
efficiency.

Conclusion and significance  The MUAP-based method enhances EMG decomposition accuracy, robustness, 
and efficiency, offering reliable motor unit tracking and real-time processing capabilities. These advancements 
highlight its potential for clinical diagnostics and neurorehabilitation, representing a promising step forward in non-
invasive motor neuron analysis.

Keywords  Electromyography decomposition, Motor unit action potential, Neural decoding, Blind source separation, 
Motor unit tracking

Introduction
Electromyography (EMG) decomposition is a pivotal 
technique for noninvasively identifying motor neu-
ron activities by analyzing the electrical signals gener-
ated by muscle contractions [1, 2]. This technique holds 

significant potential for various applications, including 
neurorehabilitation, prosthetic control, and the diagnosis 
of neuromuscular disorders  [3–5]. By providing insights 
into the functioning of individual motor units (MUs), 
EMG decomposition can enhance our understanding of 
motor control and aid in developing advanced biomedi-
cal devices [6, 7].

Current EMG decomposition techniques include a 
variety of methods, with blind source separation (BSS)-
based decomposition being one of the most prevalent [8]. 
BSS-based methods operate on the principle that the 
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observed EMG signals are mixtures of signals from mul-
tiple sources, in this case, individual motor units. These 
methods utilize statistical techniques to separate the 
mixed signals into their original components without 
prior knowledge of the sources or the mixing process [9]. 
Common BSS algorithms include fast Independent 
Component Analysis (fastICA) and convolution kernel 
compensation (CKC)  [10–13], along with their variants. 
These techniques have shown promising results in accu-
rately decomposing EMG signals under controlled condi-
tions and could effectively separate motor unit discharges 
and their motor unit action potentials (MUAPs) from 
surface EMG signals[14, 15]. However, these BSS-based 
techniques are complex and computationally intensive, 
posing challenges for real-time applications. In addition, 
they are highly sensitive to noise and signal cross-talk, 
which can degrade their performance in less controlled 
environments [16, 17].

Identifying motor unit discharges across different 
decompositions is critical for accurate motor unit track-
ing and analysis. However, current BSS algorithms often 
struggle to consistently and accurately identify motor 
unit discharges  [18]. This limitation hampers the prac-
tical utility of these techniques in myoelectric control 
or clinical settings, where consistent and reliable motor 
unit identification is crucial. Current methods for track-
ing motor units over time typically involve correlating 
the MUAP shapes and discharge patterns across differ-
ent recording sessions [19, 20]. These tracking methods, 
however, often face challenges such as variability in signal 
quality, changes in electrode positioning, and the inher-
ent non-stationarity of EMG signals. Techniques such as 
template matching and clustering have been used to track 
MUAPs, but their reliability can be compromised under 
varying conditions  [21]. Thus, developing a robust and 
accurate motor unit tracking method for EMG decompo-
sition remains a significant challenge.

In CKC-based decomposition, the cross-correlation vec-
tor between sources (motor unit spike train, MUST) and 
recordings (EMG signals), which is also called a MU filter, 
is used to filter the matrix-transformed EMG signals to 
estimate the spike train  [9, 22, 23]. The cross-correlation 
vector is generally calculated by iteration, which is time-
consuming and depends on the statistical properties of 
the decomposed EMG signals. As the MUST is a sequence 
containing only 0 and 1, the definition of the MU filter is 
similar to that of the MUAP (detailed explanation can be 
found in section ). Therefore, it might be possible to recon-
struct the MU filter from MUAP for EMG decomposi-
tion directly. Compared with the cross-correlation vector, 
the MUAP also represents the unique electrical activity of 
individual motor units and can be extracted from surface 
EMG signals [24]. Using MUAP-based methods for EMG 

decomposition can potentially overcome some limitations 
of BSS-based techniques. The distinct shapes of MUAPs 
allow for the identification and tracking of motor unit 
activities. Additionally, MUAP-based decomposition can 
be less dependent on the decomposed dataset, making it 
more applicable in real-world scenarios.

So far, only the separation vectors pre-trained by itera-
tion have been used to directly decompose EMG sig-
nals [16, 25, 26], while the decomposition performance of 
the MUAP-based method remains unknown. Inspired by 
the CKC algorithm [9][27], we aim to develop and validate 
a novel method for surface EMG decomposition based 
on MUAPs. Based on the assumption of distinctiveness 
among MUAPs, we leverage the unique characteristics of 
MUAPs and seek to improve the accuracy and reliability of 
EMG decomposition and MU tracking, thereby enhancing 
its utility for both clinical and research applications. This 
study will assess the performance of the proposed method 
and compare it with existing techniques, highlighting its 
potential advantages and applications.

Methods
Decomposition algorithm
The EMG signals are generally modeled as a multi-input-
multi-output system [12]:

where xi denotes the EMG signal from ith channel, n is 
the sample point, θj is the pulse train of the jth MU and 
hij is the corresponding pulse response (action potential 
waveform), L is the sample length of the action poten-
tials, wi is the additive noise signal for the ith channel, 
and J and M are the numbers of active MUs and EMG 
channels, respectively.

The Eq. 1 can be reformed as:

where H is the mixing matrix containing the 
pulse response of active MUs, and θ = E(xθT )
= [θ1(n), θ1(n− 1), ..., θ1(n− L+ 1), ..., θJ (n), ..., θJ (n− L+ 1)]T  

is the extended version of the all pulse trains  [12]. The 
mixing model denoted by Eq.  2 is similar to a Bayesian 
linear model. As the mathematical expectation of EMG 
(x) and pulse trains ( θ ) are close to zero, the LMMSE esti-
mations of the pulse train can be written as [28]:

where Cθx = [cθ1x, cθ2x, ..., cθJ x] contains the cross-corre-
lation vector between each pulse train and EMG signals, 

(1)

xi(n) =

J∑

j=1

L−1∑

l=0

hij(l)θj(n− l)+ wi(n), i = 1, 2, ...,M

(2)x = Hθ + w

(3)θ̂ = CT
θxC

−1
xx x
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and Cxx = E(xxT ) is the covariance matrix of EMG sig-
nals, E denotes the mathematical expectation.

The CKC algorithms used Eq.  3 to estimate the 
MUSTs [9], where the cθjx is defined as:

where �j is the set containing the discharge timings 
of the jth MU. To increase the ratio between obser-
vation and source, the EMG signals are generally 
extended by K delays, adding K delayed versions of each 
observation [11]:

By inserting Eq.  5 into Eq.  4, the resulting cθj x̄ now 
reflecting the jth MU’s pulse response with a length of K 
samples.

In the CKC algorithm, the cθj x̄ can be estimated 
iteratively using a natural gradient descent method 
(gCKC) [27]:

where θ̂j is the jth pulse train estimated depending on 
Eq.  3 in each iteration, l is the learning rate, f(x) is the 
cost function. The ∂f (x)

∂x  should be the concave even 
function  [27], which was set as∂f (x)

∂x = t2 in this study. 
The cross-correlation matrix ( Cθx ) or separation matrix 
( CT

θxC
−1
xx  ) is often kept to decompose new data  [13, 16, 

26]. It should be noted that the EMG signals have not 
been whitened during decomposition.

During BSS-based EMG decomposition, the 
MUAP waveforms can be extracted by post-pro-
cessing. The spike-triggered averaging (STA) is one 

(4)

cθjx = E(θjx
T ) = lim

card(�j)→∞

1

card(�j)

∑

nk∈�j

x(nk)

(5)x̄(n) = [x1(n), x1(n− 1), ..., x1(n− K + 1), ...xM(n), ..., xM(n− K + 1)]

(6)ĉθj x̄,k+1 = ĉθj x̄,k + l
∑

n

∂f (θ̂j(n))

∂θ̂j(n)
x̄(n)

of the most common methods to extract the MUAP 
waveforms [29]:

where MUAPij indicates the jth MU’s waveform at chan-
nel i with a sample length of N. The calculation of MUAP 
waveforms depending on Eq. 7 is similar to Eq. 4, espe-
cially when the EMG signals are extended. As the sam-
ple in a spike train is 1 only when the MU discharges, 
the cθjx becomes the pulse response of the jth MU. When 
the EMG signals by K delays, the cθj x̄ reflects the pulse 

response with a duration of K samples, which can be 
regarded as MUAP in ideal conditions, indicating the 
possibility of using MUAP waveforms to estimate the 
MUSTs. Moreover, the sample length, which requires to 
be pre-defined for cθj x̄ , is more flexible for MUAP.

Therefore, we proposed a MUAP-based decomposi-
tion algorithm as shown in Fig. 1. The EMG signals are 
initially decomposed into MUSTs using the algorithm 
described above. The multichannel MUAP for each 
MUST is subsequently estimated through STA. Portions 
of the MUAP waveforms are extracted to reconstruct the 
MU filter. The details of reconstruction are given in sec-
tion  . These MU filters are then utilized to decompose 
new datasets.

The detailed steps of the proposed MUAP-based 
decomposition method are shown in Algorithm 1. To test 
the effect of intermediate parameters in the algorithm 
and validate the efficiency of the proposed method, we 
adopted two datasets under simulated and experimen-
tal conditions (section  ). The intermediate steps includ-
ing MUAP extraction (step 4 in Algorithm 1), MU filter 

(7)

MUAPij(n) =
1

card(�j)

∑

nk∈�j

x(nk −
N
2

+ n), n = 1, 2, ...,N

Decomposition
MUAP 

extraction
Dataset 1 Dataset 2

MU filter 

reconstruction
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Fig. 1  The flowchart of MUAP-based decomposition. The EMG signals are first decomposed into MUSTs. The multichannel MUAP of each MUST 
is then estimated by STA. Part of MUAP waveforms from all channels are extracted to reconstruct the MU filter. The obtained MU filters are used 
to decompose the new dataset
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reconstruction (step 5), covariance matrix calculation 
(step 10), and pulse train estimation (steps 11 and 12) 
were analyzed as in section .

Algorithm 1  The proposed MUAP-based decomposition method

Data collection for validation
Simulated signals
EMG signals were generated in the simulated data-
sets by convolving the simulated MUSTs with MUAPs. 
The MUSTs were simulated with recruitment thresh-
olds distributed according to an exponential function, 
organized by size, as previously modeled in  [30]. Each 
motor unit initially discharged at a frequency of 8 Hz 
upon recruitment. The discharge rate then increased by 
0.3 Hz per percent of excitation until reaching a maxi-
mum frequency of 35 Hz [31]. The inter-spike interval 
(ISI) variability followed a Gaussian distribution with 
a coefficient of variation (CoV) of 20%, calculated as 
the standard deviation divided by the mean ISI  [13]. 
The MUAPs were extracted from our previous experi-
ments [25]. The high-density surface EMG signals (8× 8 
with an inter-electrode distance of 10  mm in the two 

directions) were recorded during the isometric con-
traction of wrist movements and decomposed into 
MUSTs by CKC. The MUAPs were extracted using the 
STA after EMG decomposition. When selecting MUSTs 
for MUAP extraction, relatively strict thresholds were 
adopted to ensure the decomposition accuracy, where 
only MUSTs with pulse-to-noise ratio (PNR) >30dB 
and CoV<0.3 were used to extract the MUAPs. No 
manual adjustments were implemented for MUSTs. 
Each MUAP consists of 64 channels of 62.5-ms wave-
forms with a sampling rate of 2048 Hz. Finally, we con-

structed a library containing 700 MUAPs.
We simulated five datasets, each containing six MU 

groups. Each MU group consisted of 20 MUs. The 
MUSTs in each group were generated based on the 
model described above. For each MU group, we only 
simulated the condition under constant excitation, 
where all the MUs were activated, but their firing rates 
differed. The MUAPs in each dataset were first ran-
domly selected from the MUAP library (120 out of 700) 
and divided into six groups. In a simulation trial, the 
MU groups were gradually activated every 12  s, from 
only one active group to six. Each trial can be divided 
into seven segments as the first group was individually 
activated once more to extract the MUAP and MU fil-
ters for the following decomposition (Fig. 2). Each data-
set includes six trials. In each trial, one out of six MU 
groups was selected as the first group. There were, in 
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total, 30 conditions (5 datasets × 6 trials) for simulated 
signals. For each condition, colored zero-mean Gauss-
ian noise with a signal-to-noise ratio (SNR) of 20 dB, 
10 dB, or 0 dB was added to the simulated signals. The 
whitening noise was added first, and then bandpass fil-
tered between 20 and 500 Hz.

Experimental signals
For the experimental signals, we aimed to test the pro-
posed method’s ability to decompose complex EMG 
signals and thus conducted two experiments. The first 
experiment involves EMG signals from movements 
with multiple degrees of freedom (DoF) and combined 
motions, while the second experiment includes EMG sig-
nals at different contraction levels.

In the first experiment, we recruited twelve healthy 
subjects (nine males and three females, aged 25±3) to 
perform the isometric contraction of four wrist move-
ments. The detailed experimental configuration can 
be found in  [32]. In short, three electrode grids, each 
containing 64 channels (8× 8, interelectrode distance of 
10  mm in both directions, ELSCH064NM3, OT Bio-
elettronica, Italy), were mounted around the proximal 
third of the forearm. The EMG signals were amplified 
and sampled at 2048 Hz with a multi-channel ampli-
fier (EMG-USB2+, OT Bioelettronica, Italy). The EMG 
signals were recorded in monopolar mode, and A/D 
converted on 12 bits. The EMG signals were bandpass 

filtered between 20 and 500 Hz with a 4th-order Butter-
worth filter. Another comb filter with a cutoff frequency 
of 50 Hz was implemented to remove power line inter-
ference. Few channels with excessive noise, which might 
be caused by poor contact with skin, were removed 
before decomposition. The subjects were instructed to 
perform four individual wrist movements (pronation, 
supination, flexion, and extension) and their four com-
binations (pronation+flexion, pronation+extension, 
supination+flexion, supination+extension). Three 
repetitive trials were included for each condition, each 
lasting for 20 s. For individual movements, the subject 
performed the isometric contraction following a trap-
ezoidal curve. The upper limit of the curve was set as 
40% maximum voluntary contraction (MVC) force. For 
combination movements, the subject performed the 
two movements following two trapezoidal curves con-
currently. There was a delay between the two trapezoi-
dal curves.

In the second experiment, eight healthy subjects (all 
males, aged 27±5) were recruited and instructed to 
perform a series of grasping tasks  [33]. Four electrode 
grids of 64 channels (5× 13 with 4  mm interelectrode 
distance in both directions, ELSCH064NM4, OT Bio-
elettronica, Italy) were mounted on the forearm cov-
ering the dominant extensor muscles. The recording 
configuration was the same as in the first experiment. 
The grasping force was measured concurrently with 

Fig. 2  Example EMG signals and MUSTs in simulation datasets. The EMG signals included seven segments, each lasting for 12 s. The first 
two segments contain only one MU group, while segments 3–7 contain 2–6 MU groups, respectively. The spike train in each row represents 
the discharges from the same MU, and each MU group is indicated with one color. The inset shows the zoomed-in simulated MUSTs 
from adjacent two segments
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EMG signals by a customed S-shaped transducer. The 
MVC force was measured first, and the isometric con-
tractions at five different force levels (10%, 30%, 50%, 
70%, and 90% MVC) were performed following a trap-
ezoidal curve (1-second ramp-up to the targeted force 
level, followed by an 8-second flat phase, and a 1-sec-
ond ramp-down). Each force level included four repeti-
tive four trials. More details about this experiment can 
be found in [34].

The experimental protocol was approved by the local 
ethics committee of Shanghai Jiao Tong University 
(approval number B2020026I) and followed the Decla-
ration of Helsinki.

Data analysis
Decomposition
In each trial of simulated EMG signals, the first 12-s 
EMG signals were decomposed to obtain the MUAP and 
MU filters. The MU filters were then used to decompose 
the remaining EMG signals in this trial. During decom-
position, several factors may affect the decomposition 
performance, such as the ways to extract MUAP and 
reconstruct MU filters and the EMG covariance matrix 
used for decomposition. The effect of these factors on the 
decomposition performance was evaluated based on the 
simulated EMG signals.

We first tested the decomposition performance 
when using different ways to reconstruct MU filters 
from MUAPs (step 5 in Algorithm  1). Generally, the 
extracted waveforms from MUAPs should capture vari-
ations as much as possible to ensure distinction from 
other MUAPs. Following this principle, we proposed 

four ways to reconstruct MU filters and tried to find the 
optimal one. Suppose the sample length of the MU filter 
in each channel was K and the MUAP in the ith chan-
nel ( Pi ) owned the maximum absolute amplitude among 
all channels (Fig. 3A), the K samples from each channel, 
centered by n0 , were determined by the following four 
methods (Fig. 3B).

•	 Centered Spike: The K samples around the center of 
the waveform are extracted. n0 = N/2 , where N (128 
in this study) is the length of Pi.

•	 Maximum PPV: The K samples should own the 
maximum peak-to-peak value (PPV) at channel i. 
n0 = arg max f (n0), f (n0) = max(Pi(n0 − K/2 : n0 + K/2))
−min(Pi(n0 − K/2 : n0 + K/2)) . If there is more 
than one case, the n0 will be set as the center between 
the maximum and minimum values.

•	 Maximum Product: The K samples should 
own the Maximum Product of absolute maxi-
mum and minimum value at channel i. 
n0 = arg max f (n0), f (n0) = |max(Pi(n0 − K/2 : n0 + K/2))
·min(Pi(n0 − K/2 : n0 + K/2))| . If there is more 
than one case, the n0 will be set as the center between 
the maximum and minimum values. If the distance 
between the maximum and minimum value is less 
than K, this method is the same as Maximum PPV.

•	 Centered Peak: The K samples should be centered 
around the maximum absolute value of channel i. 
n0 = arg max f (n0), f (n0) = |Pi(n0)|.

The first method (Centered Spike) serves as a baseline, 
extracting the waveform centered on the decomposed 
spikes. The second and third methods (Maximum PPV 

Maximum value

Minimum value

Waveform center

K samples
K samples

K samples K samples

Reconstructed MU filter

A B

C

Centered spike Maximum PPV

Centered peakMaximum product

Channel with maximum absolute value

62.5 ms

Fig. 3  Illustration of MU filter reconstruction. A shows an example of MUAP with 64 channels and the waveform from the channel 
with the maximum absolute value. The four methods to extract the K samples (in the gray blocks) are illustrated in B. If the distance 
between the maximum and minimum values is less than K samples, the Maximum PPV and Maximum Product will extract the same area in each 
channel as here. C gives the reconstructed MU filter via Maximum Product with 64× K  samples
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and Maximum Product) aim to maximize the amplitude 
variation within the extracted segment, with the distinc-
tion that one relies on differences while the other uses 
products for evaluation. The fourth method assumes that 
the waveform undergoes the most significant variation 
at the MUAP’s peak amplitude, making it the most rep-
resentative of the MU’s waveform distribution. During 
this test, the MU filters were reconstructed from ground-
truth MUAPs, which were used to simulate the EMG 
signals.

After extracting K samples from the channel with 
maximum absolute amplitude (the ith channel), the K 
samples at the same positions from all remaining chan-
nels were also extracted and cascaded to form the MU 
filter. Figure 3 shows the flowchart of MU filter recon-
struction. The K samples from each channel constitute 
1/64 of an MU filter (Fig. 3C).

Three types of EMG covariance matrix ( Cxx ) were 
then tested (step 10 in Algorithm 1). The ground-truth 
MUAPs were used during this test, and the MU fil-
ters were reconstructed based on the Centered Peak 
method. Suppose x1 denotes the EMG signals to recon-
struct MU filters ( Cθ x̄1 ) and x2 is the new EMG signals 
to be decomposed by reconstructed MU filters, the 
MUSTs ( ̂θ ) are estimated as:

•	 Raw Cxx: the Cxx was calculated based on EMG 
signals ( x1 ) used for MU filter reconstruction. 
θ̂ = Cθ x̄1C

−1
x̄1x̄1

x̄2.
•	 Current Cxx: the Cxx was calculated based on 

EMG signals ( x2 ) to be decomposed by MU filters. 
θ̂ = Cθ x̄1C

−1
x̄2x̄2

x̄2.
•	 Global Cxx: the Cxx was calculated based on all 

EMG signals ( [x1, x2] ) in each trial. 
θ̂ = Cθ x̄1C

−1
¯[x1,x2] ¯[x1,x2]

x̄2.

Two MUAP extraction methods (step 4 in Algorithm 1), 
STA and least square (LS), were also tested [35]. The STA 
method extracts the MUAPs depending on Eq.  7. Sup-
pose J MUs were activated and the MUAP had M chan-
nels, the LS method estimated the MUAP matrix H as:

where θ̄ is the extended pulse trains with N delays simi-
larly as Eq. 5, Ĥ (dimension JN ×M ) contains estimated 
MUAPs of J MUs at M channels with a sample length of 
N. For both the STA and LS methods, the duration of 
MUAP waveforms (N) was set to 62.5 ms (128 samples). 
During this test, the MU filters were reconstructed based 
on the Centered Peak method, and the Current Cxx was 
used for decomposition.

(8)Ĥ = (θ̄T θ̄ )θ̄T x̄

When reconstructing MU filters from MUAPs, differ-
ent extending factors (K, step 5 in Algorithm 1), rang-
ing from 10 to 60, were also tested with different ways 
to extract MUAP. The MU filters were reconstructed 
from ground-truth MUAPs or STA-extracted MUAPs. 
For the MUAPs extracted by STA, we also implemented 
a principal component analysis (PCA) to compress the 
noise and smooth the waveforms  [36]. The number of 
principal components kept for MUAP reconstruction 
corresponded to >90% of explained variance. The noise 
might be caused by the original spike train or by a low 
number of firings where STA has not canceled out all 
the noise. During this test, the MU filters were recon-
structed based on the Centered Peak method, and the 
Current Cxx was used for decomposition.

At last, different ways to apply the MU filters to 
MUST estimation were tested (steps 11 and 12 in 
Algorithm 1).

•	 MUAP-direct: The MU filters were used to directly 
estimate the MUSTs depending on Eq. 3.

•	 MUAP-iteration: The MU filters were used as 
the initial iteration vector ( ̂cθj x̄,0 ) and estimated 
depending on Eq. 6.

•	 MUAP-refine [11, 37]: The MU filters were used as 
the initial iteration vector and estimated depending 
on Eq. 4, where �j is the set containing the pulses 
estimated in the last iteration.

After MUST estimation, the pulse trains were extracted 
using the K-means clustering from the θ̂ . For compari-
son with classic decomposition, the separation matrix 
( CT

θxC
−1
xx  ) was also used to directly decompose the EMG 

signals, which was denoted as W-direct.
For the EMG signals in the first experiment, the 

EMG signals recorded during individual movements 
were decomposed to obtain the MU filters. The MU 
filters were then used to decompose the EMG signals 
of movement combinations. As to the second experi-
ment, we first performed separate decompositions for 
each force level. Based on the decomposition results, 
MUAPs were extracted to reconstruct MU filters, form-
ing an MU filter library. This library, containing all MU 
filters, was then used to decompose the signal from all 
force levels. The decomposition was implemented for 
each electrode grid, and the MUSTs identified from 
each grid were combined. The Centered Peak, cur-
rent Cxx, STA, and MU-direct methods were used to 
decompose experimental EMG signals.

Duplicate MUSTs might be identified during decom-
position. Two MUSTs were considered to belong to the 
same MU when the rate of agreement (RoA) between 
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them was higher than 0.3 [38], and only the MUST with 
the higher PNR was kept.

where nA and nB are the number of pulses from the iden-
tified and generated MUSTs, and ncommon is the number 
of common pulses from the two MUSTs. The time toler-
ance of two discharges identified from both MUSTs was 
set to 0.5 ms.

The proposed MUAP-based decomposition method 
was fully automated, and the obtained MUSTs, whether 
for MUAP extraction or accuracy evaluation, were 
entirely free from manual intervention. The MUAP-
iteration decomposition was implemented when testing 
the effect of different methods for MU filter recon-
struction, covariance matrix calculation, and MUAP 
extraction. The extending factor of EMG signals was set 
to 10. The maximum number of iterations for estimat-
ing each MU filter was 45. Iteration stops, and the esti-
mation of the next MUST begins when the maximum 
number of iterations is reached, or the change in the 
estimated MUST is less than 1% for two consecutive 
iterations. The Current Cxx was used to test the MU fil-
ter reconstruction methods. Apart from the difference 
in iteration strategy, the parameter settings for MUAP-
refine are identical to those for MUAP-iteration. The 
gCKC method was also used for EMG decomposition 
as a control group for both simulation and experimen-
tal signals. When implementing the gCKC algorithm, 
the maximum number of MU filters or MUST estima-
tion was set to 100, while the remaining parameters 
were kept identical to those used in the MUAP-based 
method. The time cost of each decomposition method 
was compared based on an Intel CPU (i7-12700K).

Accuracy evaluation
For the simulated EMG signals, the MU filters recon-
structed from the first 12  s, where only one MU group 
was activated, were used to decompose the EMG sig-
nals generated from one to six MU groups. The decoded 
MUSTs were compared with the ground truth in the 
first group, as the MU filters were reconstructed from 
this group. The RoA between the identified MUSTs and 
ground truth was used to evaluate the decomposition 
accuracy  [38]. Only the MUs with RoA> 0.3 were kept 
for the following analysis [38].

For the experimental EMG signals, the PNR was 
used to evaluate the decomposition. Only the MUs 
with PNR> 25 dB were kept for the following analysis. 
The threshold of PNR was lower than that in the EMG 
simulation to keep more MUSTs for the following anal-
ysis. The discharge rate curve of each MUST during 

(9)RoA =
ncommon

nA + nB − ncommon

movement combinations was calculated by sliding aver-
aging with a Hanning window. The Pearson correlation 
coefficient between the discharge rate and torque curves 
of each movement was calculated. A MUST was regarded 
as belonging to a motion if the correlation coefficient was 
higher than 0.7. If a MU did not belong to any motion, 
this MU would be removed. The kept MUs were regarded 
as confident due to their high correlation with move-
ments and were counted to evaluate the decomposition 
efficiency.

A one-way analysis of variance was applied to evaluate 
the effect of the described factors (MUAP extraction, MU 
filter reconstruction, Cxx , decomposition ways) on the 
decomposition performance (MU number and RoA). The 
homogeneity of variance for the variables was first tested. 
If satisfied, the Bonferroni method was conducted. If not, 
Dunnett’s C method was used instead. The significance 
level was set to 0.05.

All the simulations, decomposition, and analyses were 
implemented in MATLAB 2024a (Matlab Inc. USA).

Results
Decomposition accuracy and performance
Figure  4 illustrates the impact of different intermedi-
ate steps on the decomposition results. Specifically, the 
number of identified MUs and their RoA are compared 
across various methods of MU filter reconstruction, 
EMG covariance matrix, and MUAP extraction. Among 
the tested methods, the Centered Peak method yielded 
the highest number of identified MUs and the best RoA, 
with significant differences (P<0.001, Fig. 4A). Therefore, 
we recommend it as the preferred method for extract-
ing MU filters from MUAPs. The decomposition per-
formance varied with different covariance matrices. The 
Current Cxx and global Cxx methods exhibited compa-
rable decomposition performance, and both significantly 
outperformed the Raw in terms of the number of identi-
fied MUs and RoA (P<0.001) (Fig. 4B). The STA method 
demonstrated superior performance in MUAP extraction 
compared to the LS method, achieving higher RoA values 
and identifying more MUs (Fig. 4C).

Decomposition time cost
The time cost for decomposing 12-second EMG sig-
nals using different methods is presented in Tab. 1. The 
MUAP-direct method exhibited the lowest time cost 
across all extending factors, ranging from 1.00±0.17s to 
1.06±0.15s. In contrast, the MUAP-iteration and gCKC 
methods required significantly more time, particularly as 
the extending factor increased, with the gCKC method 
taking up to 484.77±41.67s for an extending factor of 60.
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Impact of decomposition methods under different 
conditions
The performance of different decomposition methods 
under simulated conditions without noise and with SNR 
of 20 dB, 10 dB, and 0 dB, is shown in Fig. 5. The MUAP-
refine method identified the highest number of MUs and 
achieved the best RoA, significantly outperforming other 
methods (P<0.001) (Fig. 5A). Under noisy conditions, the 
MUAP-refine method continued to perform well, main-
taining a higher RoA and identifying more MUs than 
other methods. In the case of 20 active MUs and a 20 dB 
SNR, 16.17±1.68 MU filters were successfully identified. 
Notably, the number of identified MUSTs by gCKC was 
16.20±1.65, indicating a success rate close to 100% of MU 
filter reconstruction. The complexity of EMG signals had 
a negative effect on the decomposition performance, as 
the number of identified MUs and RoA decreased when 
more MU groups were involved. Under 0 dB condi-
tions, few MUs could be identified from all the methods, 
especially when six groups of MUs are simultaneously 
activated. This is primarily due to the original gCKC 
algorithm’s limited ability to effectively decode MUSTs 
and estimate MUAPs. The success rate of MU filters used 

for MUST decomposition ranges from 36.9% to 100% 
under 0 dB conditions. Figure 6 shows three examples of 
MU filter reconstruction and their true values under dif-
ferent noise conditions. Among them, we can effectively 
reconstruct the MU filter for MU1 and use it for MUST 
decoding at all noise levels. However, for MU2 and MU3, 
the 0 dB noise level prevents effective MUAP extraction 
and MUST decoding, leading to the failure of MU filter 
reconstruction.

Effect of extending factors
Figure 7 illustrates the effect of varying extending factors 
on decomposition results when different numbers of MU 
groups were involved. For MU filters reconstructed from 
MUAPs using the Centered Peak method, the perfor-
mance improved with increasing extending factors up to 
a certain point, after which the benefits plateaued. Using 
true MUAPs for extraction yielded the highest RoA and 
number of identified MUs across all extending factors. 
Both methods showed a similar trend, with perfor-
mance peaking at an extending factor of 40 and declin-
ing slightly thereafter. For the gCKC method, the number 

Fig. 4  The effect of different intermediate steps on decomposition results. A-C shows the number of identified MUs and their RoA when using 
different extraction methods for MU filters, covariance matrix, and MUAP, respectively. The number in the horizontal axis indicates how many 
MU groups were involved when generating EMG signals. The symbols ∗ and ∗ ∗ ∗ indicate the significant level of 0.01 < P < 0.05 and P < 0.001 , 
respectively. The black horizontal lines in the violin plot of RoA results indicate the mean values. The decomposition results were obtained based 
on the simulated signals with an SNR of 20 dB
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of identified MUs drops dramatically with the increase of 
the extending factor.

Experimental validation
Figure  8 shows the results of the experimental valida-
tion. Figure  8A and B depict the torque signals and 
corresponding decomposed MUSTs during four wrist 
movements. The MUAP-based method identified signifi-
cantly more MUs than the classic method across all sub-
jects (96±49 vs. 15±7) and movements (Figs. 8C and D). 
The improvement was most pronounced during combi-
nation movements, where the complexity of signals was 
higher. When decomposing the EMG signals of multi-
ple contraction levels, the MUAP-based method also 
obtained more MUSTs (145±93) than gCKC (51±26), as 
shown in Fig. 8F.

Discussion
Overall, the proposed MUAP-based decomposition 
method demonstrated superior performance in terms 
of accuracy, reliability, and computational efficiency, 
highlighting its potential for clinical and research 
applications.

Effect of intermediate steps in decomposition
The intermediate steps involved in the MUAP-based 
decomposition method play a crucial role in determining 
the overall accuracy and efficiency of the process. Our 
study assessed various factors, such as MU filter recon-
struction methods, EMG covariance matrices, MUAP 
extraction techniques, and extending factors, to under-
stand their impact on decomposition performance.

MUAPs represent the electrical activity of individual 
MUs and can be used for EMG decomposition  [39]. As 
the length of MU filters is limited, how to extract the 
most representative information about the unique spatial 
distribution is important. The results demonstrated that 
selecting the optimal reconstruction method can signifi-
cantly enhance MU identification accuracy. The Maxi-
mum PPV method was found to yield the highest number 
of identified MUs and the best RoA compared to other 
methods like Centered Spike and Maximum Product 
(Fig.  4A). The primary reason may be attributed to the 
fact that waveform amplitude fluctuates most noticeably 
near the maximum absolute value, thereby best reflect-
ing the propagation properties. The Maximum PPV or 
product method could also extract related information 
as the suboptimal performance was obtained. Directly 
extracting the samples from the waveform center is not 

Fig. 5  The decomposition results when using different decomposition methods. A-D illustrates the number of identified MUs and their RoA 
during the simulated condition without noise and with SNR of 20 dB, 10 dB, and 0 dB, respectively. The number in the horizontal axis indicates 
how many MU groups were involved when generating EMG signals. The symbol ∗ ∗ ∗ indicates the significant level of P < 0.001
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Fig. 6  Three example MUAPs and reconstructed MU filters. Each row displays information corresponding to the same MU. The left column 
illustrates the 64-channel MUAPs for simulation. Each channel contains 128 samples (62.5 ms). The middle column gives the MU filter estimated 
based on the definition, which was the cross-correlation between EMG signals and MUSTs. The EMG signals used for estimation were noise-free. The 
right column shows the MU filters reconstructed by Centered Peak under different noise conditions. The RoA gives the accuracy of identified MUST 
when using the reconstructed MU filter to decompose EMG signals. We arranged the waveforms of the MU filters according to channel positions, 
with each channel containing 10 samples. The missing MU filter for MU3 at 0 dB SNR is due to the inability to identify the MUST

Fig. 7  The effect of extending factors (exFactor) on the decomposition results when different numbers of MU groups were involved. The MU 
filters were reconstructed from MUAPs (true, STA+PCA, or STA) with a length of exFactor using the Centered Peak method. For the gCKC method, 
the decomposition was implemented by extending the EMG signals with corresponding factors. The decomposition results were obtained based 
on the simulated signals with an SNR of 20 dB
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advisable since the pulse trains for STA might have ran-
dom shifts caused by signal extending.

Among the tested covariance matrices, the Current 
Cxx method significantly outperformed Raw Cxx regard-
ing MU identification and RoA (Fig. 4B). This highlights 
the importance of using the most relevant and immedi-
ate data for constructing covariance matrices, which 
can improve the decomposition accuracy. The global 
Cxx obtained comparable performance with the current 
Cxx, indicating the possible existence of a common Cxx. 
The methods to extract MUAPs had little effect on the 
decomposition, as the MU number and the RoA obtained 
by STA and LS showed no significant difference.

The impact of extending factors on decomposition per-
formance was significant, with optimal results observed 
at specific values (Fig.  7). For MU filters reconstructed 
from MUAPs using the Centered Peak method, perfor-
mance improved with increasing extending factors up 
to a point, after which the benefits plateaued. This indi-
cates that selecting appropriate extending factors is cru-
cial for maximizing the method’s effectiveness  [25]. It 
should be noted that when the ground-truth MUAP was 
used, the decomposition performance always increased 
with the extending factor. This indicates that there is still 
some error between the estimated MUAP and the true 
value, and reducing this error has the potential to fur-
ther improve the decomposition performance based on 
MUAP.

Reconstructing a MU filter using MUAP is challenging, 
and improper MUAP extraction can significantly affect 
the reconstruction process and following decomposition. 
In this study, we tested different MU filter reconstruc-
tion methods, among which the Centered Peak method 
yielded the best results, and we recommend it as the 
preferred approach. Two MUAP extraction methods 
were tested, but no significant difference was observed 
between them. Apart from the MUAP extraction method, 
the quality of MUAP estimation is also influenced by 
the decomposition accuracy of MUST, which is deter-
mined by EMG decomposition algorithms. These find-
ings indicate that careful consideration and optimization 
of reconstruction steps and original CKC algorithms are 
essential for enhancing the performance of MUAP-based 
decomposition methods.

Performance comparison with traditional methods
The MUAP-based decomposition method shows signifi-
cant improvements over the traditional CKC method. 
The MUAP-based method identified more MUs than 
traditional methods (Fig.  5), especially when additional 
MU groups were involved. This can be attributed to the 
distinct shapes and firing patterns of MUAPs, which 

facilitate more precise MU identification. When more 
than one groups were activated concurrently, the conven-
tional CKC could only identify a small portion (<50%) of 
the MU group under most conditions. With the increase 
in the number of MU groups, the decomposition perfor-
mance of CKC degraded rapidly. The separation matrix 
obtained based on the EMG signals of one MU group 
also failed to decompose the EMG signals with more MU 
groups. As the number of activated MUs increases, the 
complexity of the EMG signal rises, making it challeng-
ing to identify MUSTs and extract MUAPs accurately. As 
a result, a decline was also observed in the performance 
of the proposed method when involved MU groups 
increased (Fig.  5). However, the MUAP-based method 
showed superior decomposition when more MU groups 
were involved. The MUAP-direct identified more than 
half of the MUs of each group even when six MU groups 
were involved (under SNR 20 dB).

Therefore, the MUAP-based method showed the ability 
to consistently identify and track motor unit discharges 
across different decompositions and EMG conditions. 
Traditional BSS-based techniques often struggle with 
consistency, leading to unreliable motor unit tracking, 
especially in multi-DoF movements  [40]. In this study, 
directly decomposing multi-DoF EMG signals, where a 
large number of MUs were activated, results in few iden-
tifiable MUs. However, by first decomposing single-DoF 
EMG signals (with fewer activated MUs) to construct 
MU filters and then integrating the MU filters for multi-
DoF EMG decomposition, the number of identified MU 
is significantly improved (Fig.  8). When performing 
EMG decomposition across multiple contraction levels, 
the MUAP-based method consistently demonstrated 
superior performance to traditional methods, identify-
ing many more MUSTs that were highly correlated with 
the contraction intensity. During the decomposition of 
low-force EMG signals, several MU filters reconstructed 
from high-force EMG signals became ineffective, as the 
corresponding MUs were not activated. However, the 
MU filters reconstructed from low-force EMG signals 
generally remained effective for higher force levels (e.g., 
90% MVC), thereby increasing the number of identified 
MUSTs and demonstrating the effectiveness and supe-
riority of the MU filter reconstruction approach. The 
MUAP method, by leveraging the unique characteris-
tics of MUAPs, provides more reliable tracking of motor 
units, which is essential for accurate longitudinal studies 
and applications where consistent MU identification is 
crucial.

Similar to previous studies  [17, 41], the signal quality 
had a dramatic effect on the decomposition performance 
for all the tested methods. With the increased noise level, 
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fewer MUs were identified, and the RoA decreased. This 
is mainly due to the failure of MU filter reconstruction. 
On the one hand, the CKC method fails under low SNR 

conditions, making it difficult to identify MUSTs. On 
the other hand, the estimation of MUAPs is also com-
promised as the noise increases [28], as shown in Fig. 6. 
For the three MUAP-based decomposition ways, the 
MUAP-iteration or MUAP-refine could improve the 
decomposition accuracy, but at the cost of identified 
MUs quantity and computation complexity. The MUAP-
direct approach exhibited significantly lower time costs 
compared to iterative methods like the other two MUAP-
based methods and gCKC (Tab.  1). Moreover, the time 
consumption of MUAP-direct showed nearly no increase 
as the extending factor grew. This efficiency is crucial for 
real-time applications, such as neurorehabilitation and 
prosthetic control, where timely processing is essential.

The proposed MUAP-based decomposition method is 
built upon the CKC algorithm framework, reconstruct-
ing MU filters from MUAPs for EMG decomposition. In 

Table 1  The time cost of different decomposition methods. 
The time unit is second and calculated when decomposing 
12-second signals

Extending 
factor

MUAP-
direct

MUAP-
refine

MUAP-
iteration

gCKC

10 1.00±0.17 21.57±4.43 51.00±8.27 106.90±12.42

20 1.00±0.17 24.28±5.05 86.33±16.15 161.45±16.74

30 1.03±0.17 25.23±5.59 118.01±19.80 217.40±24.23

40 1.02±0.16 26.61±5.68 152.84±30.55 277.41±39.87

50 1.05±0.17 28.50±6.29 227.58±39.20 420.62±35.75

60 1.06±0.15 29.51±6.20 265.88±43.24 484.77±41.67
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Fig. 8  The decomposition results of experimental signals. A shows the torque signals of four movements concurrently recorded with EMG 
signals in the first experiment (Exp1). The decomposed MUSTs by MUAP-direct are illustrated in B. C and D give the decomposition results of each 
subject and each motion when using the classic and MUAP-based methods. E and F illustrate the example MUSTs decoded by MUAP-direct 
and the decomposition results of all subjects in the second experiment (Exp2). The gray line in E indicates the force signals. The symbol *** indicates 
the significant level of p<0.001. The extending factor was set to 10
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previous studies  [9, 25, 42][43], the MU filters are typi-
cally a set of parameters iteratively estimated, and these 
parameters are influenced by the EMG signals used for 
decomposition. In contrast, extracting MU filters from 
MUAPs requires less complex computation and offers 
greater interpretability. In the simulation test, when 
using ground-truth MUAPs to reconstruct MU filters for 
EMG decomposition, the performance was significantly 
improved compared to using MUAP estimates, further 
proving the great potential of the proposed method. In 
other EMG decomposition algorithms, such as fastICA, 
the EMG signals undergo transformations like whitening, 
making it less feasible to extract separation vectors from 
MUAPs directly. However, this represents a promising 
direction for future research to enhance the performance 
of ICA-based decomposition algorithms.

Applications and limitations
The enhanced performance of the MUAP-based decom-
position method has several implications for clinical 
and research applications, as well as some limitations 
to consider. Improved accuracy and robustness in MU 
identification can lead to more reliable diagnostics for 
neuromuscular disorders  [6, 44]. Accurate tracking of 
MU activities over time can aid in monitoring disease 
progression and evaluating treatment efficacy. The meth-
od’s efficiency and reliability make it suitable for real-
time applications, such as controlling prosthetic limbs or 
providing feedback in neurorehabilitation settings [45].

It should be noted that the MUAP-based decomposi-
tion was proposed based on the assumption of unique 
MUAP distribution. If the two MUAPs were highly simi-
lar, such as from reinnervated muscles, the proposed 
method might fail to identify their discharge trains 
accurately. The sensitivity to the similarity of MUAP 
distributions is worth exploring in future work. As to 
the reconstruction method of the MU filter, while the 
STA method showed superior performance, the choice 
of extraction technique can influence decomposition 
results. Further research is needed to optimize these 
techniques to reduce the error between the estimated 
MUAPs and ground truth. Although validated with both 
simulated and experimental datasets, additional valida-
tion with diverse datasets and in different experimental 
setups is necessary to generalize the findings. In addition, 
only indirect metrics such as PNR, CoV, and correlation 
with kinetics were adopted for decomposition evaluation. 
It will be necessary to conduct invasive experiments, for 
example, recording the intramuscular and surface EMG 
signals concurrently [38–46], to provide more direct and 
comprehensive validation of the proposed decomposition 
methods for surface EMG signals.

Conclusion
In this study, we proposed a MUAP-based decomposition 
method upon the CKC algorithm, reconstructing MU 
filters directly from MUAPs. The MUAP-based method 
offers significant advancements in simulated and experi-
mental EMG decomposition, providing improved accu-
racy and efficiency over traditional techniques. Its ability 
to track motor units reliably and process data in real-time 
highlights its potential for various applications, including 
clinical diagnostics, neurorehabilitation, prosthetic con-
trol, and motor control research. Further optimization 
and extensive validation are necessary to fully harness its 
capabilities and address any limitations.
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