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HD-MUNet: integrating artificial intelligence
and high-density electromyography for motor
unit number estimation

M. Gagliardi, A. Ortiz, A. Conte, D. Belvisi, G. Leodori, G. Fabbrini, G. Ferrazzano and T.M. Vieira

Abstract— Objective: In this study we developed and evaluated
the performance of HD-MUNet: a novel method for motor unit
number estimation (MUNE), integrating high-density surface
electromyograms (HD-sEMG) with artificial intelligence (AI).
Methods: We designed a dual-branch neural network to process
raw M-waves elicited by electrical stimulation and their
incremental changes through convolutional and recurrent layers,
producing stepwise estimates of recruited motor units (MUs).
Because no experimental gold standard exists for counting MUs, a
physiologically realistic model of the medial gastrocnemius was
used to simulate HD-sEMG. Simulations included variations in
MUs population (20-50-100-150-200-250-300), subcutaneous
tissue thickness (4-8 mm), signal-to-noise ratio (0-8-16 dB), and
stimulation protocol (50-100-200 steps), yielding 5040 subjects.
HD-MUNet performance was benchmarked against two state-of-
the-art methods: Incremental MUNE and StairFit. Results: HD-
MUNet achieved consistently low median relative errors (< 7%)
across conditions with high test-retest reliability (Pearson r >
0.995), whereas StairFit and Incremental MUNE showed strong
sensitivity to noise and stimulation scenarios, with median errors
ranging from —2% to —195% and —20% to —66%, respectively. Of
practical relevance, differently from the other two methods, HD-
MUNet performed equally well for the three stimulation steps
considered. We confirmed this result on a set of experimental data.
Conclusion: By combining HD-sEMG with Al, HD-MUNet
achieved robust and reliable MUNE across a broad range of
simulated conditions, independently of stimulation protocol.
Significance: This method has immediate potential to simplify
MUNE protocols in both healthy and pathological conditions, with
direct applicability to clinical neuromuscular disease diagnosis
and monitoring.

Index Terms—Artificial Intelligence, electromyography, HD-
sEMG, MUNE.

I. INTRODUCTION

OTOR Unit Number Estimation (MUNE) refers to a

set of electrophysiological techniques used to estimate

the number of motor units (MUs) within a specific muscle [1],
[2]. MUNE has received increasing attention in recent years due
to its reliability in diagnosing neuromuscular diseases,
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monitoring motor unit loss, and evaluating treatment effects [2].
Assessing the size and number of MUs within a muscle is
fundamental for understanding both its functional capacity and
structural organization. Recently, several MUNE-based
techniques have proven valuable as diagnostic and research
tools. For example, tracking motor unit loss in subjects
suffering from Amyotrophic Lateral Sclerosis (ALS) [3], Spinal
Muscular Atrophy (SMA) [4] and Spinal Cord Injury [5].
However, existing MUNE methods only provide an estimation
of the total number of MUs, which can be imprecise. This is
particularly critical in contexts requiring high sensitivity in MU
quantification, such as early disease diagnosis.

The fundamental principle of MUNE relies on the
relationship between the number of excited MUs and EMG
amplitude. It is based on the assumption that a series of
progressively stronger stimuli delivered to the nerve produce a
stepwise increase in the compound muscle action potential
(CMAP) amplitude, due to the progressive excitation of
additional MUs [6]. With traditional approaches, MUNE is
estimated as the ratio between the maximal CMAP amplitude
and the average amplitude of a single MU action potential
(SMUP) [1], [2]. These methods assume that each recruited MU
contributes roughly equally to the total CMAP. More recently,
CMAP scan methods have been proposed as a significant
advancement over traditional MUNE techniques. A CMAP
scan involves recording a high resolution stimulus-response
curve by delivering hundreds of stimuli with gradually
increasing intensity, from subthreshold to supramaximal levels
[7]. Unlike traditional methods that sample a small subset of
MUs [6], [8], [9], CMAP scan methods, such as StairFit [5], aim
to capture responses from the entire motor unit pool, potentially
reducing sampling bias. MUNE is then obtained using
advanced mathematical and statistical modeling, such as
Bayesian inference [10], model-fitting approaches [11], or
staircase function optimization [5]. However, like traditional
methods, CMAP scans rely on single-channel recordings, being
vulnerable to sampling errors in heterogeneous muscles and
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Fig 1: Simulated muscle volume and motor unit structure.

Schematic representation of the simulated GM volume. The figure
illustrates the simulation parameters and the spatial organization of
fibers within a representative motor unit territory. Fibers are
distributed along the longitudinal (Gaussian distribution with o =
10 mm) and transverse (uniform distribution) axes, with Gaussian
variability in end-plate location, fiber length, and conduction velocity.
alternation artifacts when MUs with similar thresholds respond
variably to identical stimuli [2]. High-density surface
electromyograms (HD-sEMG) has emerged as a potentially
valid alternative to contend with these issues. This technique
samples action potentials from MUs which fibers reside in
different muscle regions [12], [13]. Such multiple detection has
the potential to resolve alternation artifacts and to provide more
representative sampling of muscle activity [14].

In this manuscript we therefore propose a novel MUNE
methodology that synergizes HD-sEMG with artificial
intelligence (AI). The present approach is compared with state-
of-the-art methods, and is based on an extensive dataset of HD-
SEMG simulated for medial gastrocnemius (MG): a key muscle
for locomotion and postural stability [15]. We used these
signals to train and validate a specialized dual-branch neural
network (NN). The NN processes both raw HD-sEMG and their
incremental changes through two complementary pathways
(convolutional neural network (CNN) for spatial feature
extraction and long short-term memory (LSTM) for temporal
response modeling) providing stepwise predictions across the
full stimulation range rather than a single global MUNE value.
This allows for detailed insights into MU recruitment, spatial
distribution, and neuromuscular organization. The proposed
novel approach was tested using both simulated data and
experimental signals from healthy subjects. As discussed here,
our method represents a significant step toward more accurate
and practical MUNE in both research and clinical fields.

! We use response threshold instead of recruitment threshold excitation, as
conceived by Fuglevand et al (1993), because we simulate the condition in

II. MATERIALS AND METHODS

First, we simulated HD-sEMG with a model of in-depth
pinnate muscles that accurately reflects the anatomical and
physiological MG properties [16]. The dataset was designed to
reflect key biological and experimental sources of variability,
including MU population size (nMUs), subcutaneous thickness
(ST), and signal-to-noise ratio (SNR). Second, we designed the
NN architecture combining convolutional and recurrent layers
to predict the number of elicited MUs from the simulated
signals. Finally, we compared HD-MUNet with two state-of-
the-art MUNE methods on both simulated and experimental
signals: Incremental MUNE [6] and StairFit MUNE [5]. The
experimental procedures adhered to the Declaration of Helsinki
and were approved by the local ethics committee (CER-Polito,
Prot. No. 3152/2025). Full details on the simulated HD-sEMG
and experimental protocol are described in the Appendix.

A. Simulated Data

1) Motor Unit Action Potentials

Surface EMG signals were simulated using the model
developed by Mesin et al. [16]. The MG muscle was selected
for its clinical relevance in posture and locomotion, as well as
its suitability for surface EMG recordings [17], [18], [19]. The
simulated muscle volume measures 120 mm (longitudinal) and
20 mm (transverse), with depth determined by fiber length (45
+ 1 mm; [20]) and pennation angle (20°; [19], [21]). Although
smaller than the full anatomical muscle [22], this volume
adequately represents the typical HD-sEMG recording region ,
with end-plate locations modeled with 1 mm jitter (Fig 1).
2) Motor Unit Recruitment

For each simulated subject, we implemented the inverted size
principle to simulate MU response during an electrical
stimulation protocol. Larger MUs, with lower excitation
thresholds, responded before smaller ones. This approach stems
from the biophysics principle that axons with larger diameters
exhibit higher electrical conductivity and consequently lower
excitability thresholds in response to external currents [23].
This produces threshold separation among large MUs at low
intensities, and increasing overlap among smaller, more
numerous MUs at higher intensities. The response threshold
(RT") for the i-th motoneuron was adapted from the voluntary
contraction model proposed by Fuglevand et al. [24]:

RT(i) = RR — %

(1)
where i is the motoneuron index (from the smallest to the
largest out of the n simulated MUs), RR is the recruitment range
(set to 85 for broad recruitment conditions [24]), and a is the
distribution coefficient given by In(RR) /n. Then, for each MU,
we implemented a sigmoidal probability function centered at
the response threshold RT(i) (Fig 2), consistent with
established MUNE methodologies [24]. To avoid placing
thresholds exactly at the first or last stimulation step, the
interval [0, RR] was normalized to [0, 100%] of the maximal
stimulation intensities. The recruitment threshold of the biggest
MU (RT(n)) was set at 5% of maximal stimulation intensity,
while for the smallest MU we set RT (1) at 95%.

which units fire in response to a simulated external stimulus rather than
centrally-generated, voluntary command.
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Pi(S) = m, S = 0%, ay 100%

@)
where s represents the normalized stimulation intensity,
ranging from 0% to 100% of the maximal stimulation. The
resolution of s depends on the selected protocol, with a smaller
increment between successive values when a larger number of
stimulation steps (nSteps) is used.

Then, the SEMG (¥, .(t)) was obtained as the summation of
the MUAPs recruited at each step, plus additive noise (w(t)).
The recruitment of the i-th MU was governed by the binary
variable p‘(s), which was set to 1 (active MU) when its
sigmoidal probability P!(s) exceeded the value of a uniform
random variable generated for each step y!(s)~U(0,1).

n

Yre(®) = ) MUAPL(®) pi(5) + w(®)

3)
i _ 1 P > ¥ iee)
P (S) - {0’ Pi(S) < yi(s)}a y (S) U(O,l)
4)

Finally, we implemented three distinct stimulation protocols
by using different nSteps (50, 100, 200). This approach allowed
us to simulate varying clinical protocols while maintaining
consistent recruitment dynamics across all conditions
3) Simulated DataSet

The simulation process generated a dataset of 5040 different
subjects by systematically combining: two MU libraries (4mm
and 8mm ST); seven MUs population scenarios (20, 50, 100,
150, 200, 250 and 300 MUs); three SNR values (0, 8 and 16
dB); and three stimulation protocols (50, 100 and 200 steps).

For each combination, we created 40 different subjects by
introducing physiological variability in the number of fibers per
MU, the spatial distribution of MU territories, and conduction
velocity profile (inter and intra MUSs), according to
physiological evidence acknowledged above. We split the
dataset into Training set (70%), Validation set (15%) for

hyperparameter tuning, and Test set (15%) for final evaluation.
The Test set was restricted to four nMUs (20, 50, 150 and 300
MUs), while the 100, 200 and 250 MUs were used exclusively
during training and validation to ensure richer representation of
the MU population space during learning.

To evaluate interpolation capabilities on unseen nMUs, we
created an additional test set with three held-out populations
(175, 225, 275 MUs) using nSteps = 200, ST =4 mm, and SNR
(0, 8, 16 dB). For each of the 9 combinations, 6 independent
subjects were simulated with physiological variability, yielding
54 interpolation test samples.

B. Reliability Testing

To assess the reliability of HD-MUNet under realistic
measurement conditions, we conducted a test-retest analysis on
simulated data covering two complementary scenarios.
Repeatability was evaluated by re-simulating six test subjects
(ST = 8 mm, nSteps = 200), preserving their MUs architecture
while generating new stochastic recruitment sequences and
additive noise realizations, yielding 72 test-retest pairs across
all nMU and SNR combinations. Robustness to electrode
repositioning was assessed by simulating £5 mm grid shifts
(distally and proximally) relative to the original recording
position, each yielding an additional 72 test—retest pairs.

C. HD-MUNet

We designed HD-MUNet, a custom neural network for HD-
SEMG-based MUNE. The model combines convolutional and
recurrent neural networks in a unique dual-branch design that
processes both the raw sSEMG and their incremental changes
across stimulation steps (Fig 3). This approach allows the
system to capture both the absolute spatial signal characteristics
and their temporal evolution during the stimulation protocol.

The first input branch (M-wave branch) receives the vector

¥ = (e (©), e, (yr‘c(t)))T, with (- ) indicating the average
of SEMG (i.e., y(t)) across the three columns (¢ = {1,2,3}) and
for each of the 16 rows (r = {1,..,16}) simulated (Fig 2). The
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Fig 2: Motor unit recruitment and simulated HD-sEMG signals. (A) Recruitment probability curves of simulated MUs across stimulation steps.
Larger MUs, with lower activation thresholds, are recruited at earlier and are widely separated in threshold. Conversely, smaller MUs,
recruited at higher stimulation steps, exhibit closer thresholds. (B) Example of simulated HD-sEMG signals. From left to right: MUAP of the
first recruited MU recorded with a 16 X3 electrode matrix, the same MUAP averaged across electrode columns;, MUAP of the second recruited
MU averaged across columns; and the cumulative signal of the first two recruited MUs (column-averaged).
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vector y can therefore be seen as an image, with 16 rows and
the number of columns given by the sampling frequency and
the window over which the response to stimulation, the M
wave, is represented. In our simulations, these figures were
respectively 4000 Hz and 12.5 ms (50 samples).
The Incremental branch analyzes step-to-step differences in
muscle response, computed as:
Y= v — e, k = {2,..,nSteps}
(&)

with the first step's incremental input set to zero and nSteps
denoting the number of stimulation steps. Both inputs have
equal dimensions (y € R"StePs*16x50) Thig symmetrical, dual-
input strategy accounts for both constructive and destructive
summation [25] of action potentials of previously and newly
recruited MUs. Each branch passes through a CNN consisting
of two convolutional layers with 3x3 kernels, ReLU
activations, and max pooling operations, with global average
pooling condensing spatial information into compact feature
vectors. The extracted features from both branches are then
concatenated and fed into a two-layer LSTM network (64
hidden units), which models temporal dependencies across the
stimulation sequence. The final output provides continuous
estimates of the cumulative number of elicited MUs at each
stimulation step, with MUNE corresponding to the terminal
step (Fig 3). Finally, to validate the importance of including
both branches, we also trained two ablated architectures: a
Raw-only model and an Incremental-only model. Both retained
the CNN-LSTM structure but differed in input configuration.

HD-MUNet was trained with the Adam optimizer (in its
PyTorch implementation), leveraging GPU acceleration and
with the following hyperparameters: 500 epochs; patience =
30 epochs; learning rate = 107*; £=10"%;, B1=0.9;
B2 =0.99; batch size = 4 subjects; loss criterion =
L1 Loss. Computation was performed on a 13th Gen Intel(R)
Core(TM) 17-13700H, 2400 MHz, 14 core.

D. Comparison with existing MUNE Methods

We tested two state-of-the-art solutions for MUNE using our
dataset. For the “Incremental MUNE” method [6], representing
the traditional MUNE approach, a single monopolar sEMG was
generated out of the HD-sEMG. This single EMG was obtained
by using a virtual electrode (10 mm of diameter) positioned at
the center of the muscle volume. The signal simulated at the

®,
(2

S
<z°c§\°
&

l 3
I

WD
L

32x8x25 64x8x25
32x16x50

nSteps X 16 X 50

M-wave Branch

Incremental Branch

first step, with no MU elicited, was used for defining a minimal
amplitude increase resulting from the excitation of MUs
between two consecutive stimulation steps. After discarding
increments below the noise threshold, the amplitude of the
SMUP was estimated as the mean of the first 15 valid
increments [2]. The MUNE value was obtained by dividing the
maximal CMAP amplitude by this SMUP.

The recently proposed MUNE method we considered was the
StairFit algorithm [5]. This method requires a 2 X N input
matrix z, with N corresponding to the number of stimulation
steps. The first and second rows of z are given by stimulation
intensities, expressed in mA, and the corresponding response,
expressed in mV, as provided by the large virtual electrode just
described. The generated signal was then rescaled to fit the
physiological MG ranges: 10-130 mA for stimulation and 0-11
mV for response. In addition, StairFit requires an initial value
of the expected MUNE value (D1), which we set adaptively
based on the number of simulated MUs: D1 = 0.8nMUs when
nMUs <nSteps and D1 =nSteps — 10 otherwise. The method
models the CMAP scan as an ideal monotonically increasing
staircase function, with each "stair" representing the cumulative
amplitude of elicited action potential. The primary goal of the
method is to find the optimal set stair heights that best fit the
recorded CMAP amplitudes by minimizing the distance
between each recorded point and its nearest "stair". The MUNE
is then determined as the minimum number of MUs that can
satisfy a predefined error requirement. All input parameters
were kept at the default values recommended by Chen et al. [5].

E. Statistical Analysis

We evaluated the performance of each method separately
(RStudio® version 4.4.2.). A four-way interaction linear mixed
model (“lmer” RStudio® function) was applied to assess the
effect of nMUs, nSteps, ST, and SNR on the percentage error
relative to the simulated MU count for each subject. Positive
and negative relative error values respectively indicate
underestimation and overestimation. The hypothesis of
normality of residuals was tested through the Shapiro-Wilk test
(“shapiro” RStudio® function), while the hypothesis of
homoscedasticity was tested through the Levene test of
variance (“car::leveneTest” RStudio® function). If the
normality and homoscedasticity hypothesis were satisfied,
analysis of variance (ANOVA) with four-way repeated

Output

Global Average
Pooling

Active MUs

N° of Steps

I

64x4x12

— LSTM
64x1x1
yine = ylwave _ yMwave  J — {2, ..., nSteps}

First step’s incremental input set to zero
m denoting the number of stimulation steps

Fig 3: Architecture of the proposed HD-MUNet. The dual-branch network combines CNNs for spatial feature extraction and LSTM layers for
temporal modeling. The two branches process raw HD-sEMG responses, and their outputs are merged to generate the final prediction. The
network provides both the total MUNE value and the cumulative number of recruited MUs at each stimulation step.
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Fig 4: Interaction effects for StairFit. (4) SNR x nMUs x nSteps. with
median relative errors ranging from —2.0% to —195%;(B) ST x
nMUs: with large overestimations at 20 MUs, minimal errors at 50
MUs, and increasing overestimation for larger nMUs where estimates
reflected only the value D1. Legend: « significantly different from 50
MUs, + from 150 MUs, x from 300 MUs; *** p<0.0001.
measures (nMUs, nSteps, ST and SNR) was performed to
identify significant effects of the four factors and their
interactions. Post hoc, pairwise comparisons were performed
using the Bonferroni correction. After Q—Q plots visual
inspection to assess residual normality, the experimental data
set was analysed by following an identical procedural approach;
however, the sole nSteps factor was considered. For test—retest
scenarios, we computed Pearson correlation coefficients (r),
coefficient of determination (R?), and linear regression
parameters (slope and intercept) to quantify agreement between
initial and repeat estimates.

III. RESULTS

A. Simulation Results

1) Main and Interaction Effects for StairFit

As shown in Fig 4, StairFit’s performance fluctuated across
all tested conditions. Different combinations of SNR, nMUs
and nSteps resulted in markedly different errors (Fig 4A).
Median relative errors ranged from -2.0% (8 dB x 50 MUs x
200 steps) to -195% (0 dB x 20 MUs x 200 steps). Overall, the
50 MUs x 200 steps condition emerged as the most stable,
yielding relative errors of at most -22% across all SNR
conditions. A clear dependency on the nSteps/nMUs ratio
emerged: when this ratio was small (<1.5), the algorithm
produced markedly positive errors due to the influence of the
initialization parameter D1. Conversely, very large ratios (>5)
consistently  yielded strong negative errors, with
overestimations exceeding 50% across all noise conditions.
Analysis of the significant nMUs x ST interaction (Fig 4B)
revealed distinct patterns across MU populations. At 20 MUs,
StairFit largely overestimated MUNE, by 95% at 4 mm and by
85% at 8 mm. In contrast, the 50 MUs condition showed the

best performance, yielding only slight overestimations. For
larger populations (150 and 300 MUs), estimates reflected only
the initialization value D1.
2) Main and Interaction Effects for Incremental MUNE

Incremental MUNE exhibited three different significant
interactions (Fig 5), indicating that estimation accuracy varied
substantially across experimental conditions. Relative errors
depended strongly on the combination of nMUs and nSteps (Fig
5A). Underestimation was pervasive across almost all
conditions, with the only notable exception at 50 MUs x 200
steps (median error 20%). The 50 steps condition consistently
produced the worst results, with errors exceeding 66%
regardless of nMUs. Increasing the number of steps improved
accuracy but introduced broader variability, particularly at low
MU numbers. A similar dependency was observed between MU
population and noise level (Fig 5B). The 0 dB condition
consistently yielded the largest errors (above 65%), whereas 16
dB produced the most accurate but also the most variable
outcomes. The most accurate configuration overall was 150
MUs x 16 dB, where the median error was 0%. The interaction
between SNR and number of steps (Fig 5C) confirmed the
strong dependence on both noise level and stimulation
resolution. At 50 steps, the three SNR levels yielded
comparable results, but at 100 and 200 steps differences across
SNR conditions became pronounced, with the most accurate
outcomes at 8 dB x 200 steps (9%) and 16 dB x 200 steps (5%).
3) Main and Interaction Effects for HD-MUNet

As shown in Fig 6, HD-MUNet exhibited only one
significant interaction effect between nMUs and ST, with no
significant effects observed for nSteps and SNR. Overall, errors
remained below 7% (median values) across all tested
conditions. At low nMUs counts, performance was remarkably

Incremental MUNE - Interaction Effects
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Fig 5: Interaction effects for Incremental MUNE. (A) nSteps x nMUs:
underestimation across conditions, (B) SNR x nMUs: largest errors
at 0 dB (>65%) and improved but more variable performance at 16
dB; (C) SNR % nSteps: showing comparable performance across
SNRs at 50 steps and increasing divergence at 100 and 200 steps.
Legend: + significantly different from 150 MUs, % from 300 MUs; ~
from 100 steps; # from 200 steps; ** p<0.05; *** p<0.0001.
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Fig 6: Interaction effects for HD-MUNet. ST x nMUs: the only
significant interaction Increasing nMUs leads to increased
variability, particularly in the 8 mm condition. Performance remains
robust at low nMU counts with minimal ST sensitivity. At higher nMU
counts, ST influences performance at 300 MUs. Legend: X%
significantly different from 300 MUs; *** p<0.0001.
similar between the two ST conditions (at 50 MUs median
errors were -2.0% and -0.04% for 4 mm and 8§ mm
respectively), demonstrating robustness to ST variations. In
contrast, ST influenced performance at higher MU counts, with
significant differences detected exclusively at 300 MUs, where
median errors were 2.5% (4 mm) and 6.7% (8 mm),
accompanied by a progressive increase in variability (sd =
0.034 and 0.059 respectively). Increasing nMUs led to a
progressive increase in variability, with a particularly
pronounced underestimation in the 8 mm condition.
4) Ablation Study Analysis

As illustrated in Fig 7 The full two-branch model achieved
best validation performance (MAE = 6.07 MU), with the lowest
variability across training epochs. The Raw-only model
performed substantially worse (MAE = 24.03 MU, +296%),
demonstrating that M-wave information alone is insufficient for
reliable MUNE estimation. While the Incremental-only model
achieved an intermediate performance (MAE = 11.78 MU,
+94%), indicating that step-to-step differences carry
discriminative information but are insufficient when considered
alone.
5) Reliability Testing

HD-MUNet demonstrated exceptional reliability under
simulated test-retest conditions. Across 72 conditions
generated by re-simulating six test subjects, the model achieved
a Pearson correlation coefficient of r = 0.995. The regression
slope was 1.02 [95% CI: 1.00, 1.05] and the intercept was -0.94
[95% CI: -4.78, 2.89] MU, indicating negligible systematic bias
between test and retest estimates (Fig 8A).

Robustness to electrode repositioning was confirmed through
simulated £5 mm grid displacements (Fig 8B-C). For the distal
shift (+5 mm), HD-MUNet maintained high accuracy with r =

Full (Two-branches)

Raw (Mwave only)

0.997, slope = 0.97 [95% CI: 0.96, 0.99], and intercept = 0.44
[95% CI: -2.36, 3.24] MU. For the proximal shift (-5 mm),
results were comparable: r = 0.995, slope = 1.04 [95% CI: 1.01,
1.06], and intercept = -0.96 [95% CI: -4.95, 3.03] MU.
6) Interpolation Capabilities

As shown in Fig 9 HD-MUNet demonstrated robust
generalization. When tested on MU populations (175, 225, 275
MUs) not present during training, HD-MUNet achieved
consistently low errors < 7%. In contrast, StairFit consistently
returned D1 across all interpolated nMUs, yielding constant
errors of (19.4, 30.6%) regardless of the actual MU count.
Incremental MUNE exhibited high variability across
interpolated conditions (4.22, 20.32% with std > 49%),
particularly sensitive to SNR variations.

B. Experimental Results

For the experimental MUNE, the sole factor included in the
statistical model was nSteps. Also, since the true number of
MUs is unknown in vivo, absolute MUNE counts are reported.
As shown in Fig 10, although all three methods showed a
qualitative tendency toward larger MUNE when nSteps
increased from 50 to 200, this trend reached statistical
significance only for the Incremental and StairFit methods.

For HD-MUNet, no significant effect was detected for
nSteps. Predictions remained stable across the 50, 100, and 200
steps conditions, indicating that the method is largely
insensitive to variations in the stimulation protocol. In contrast,
StairFit exhibited significant differences between 50 and 100
steps and between 50 and 200 steps, consistently returning the
initialization value D1 at low step counts and diverging only at
200 steps. For the Incremental method, a significant difference
emerged exclusively between the 50 and 200 steps conditions.

IV. DISCUSSION

This study introduces HD-MUNet, a novel MUNE
methodology that integrates HD-sEMG with Al. The novelty of
the method consists in a cutting edge NN architecture that
combines CNNs and LSTMs in a dual-branch design that
processes both the raw M waves and their incremental changes
across stimulation steps. The rationale behind this design was
to overcome key limitations of existing approaches, including
spatial under sampling of MU activity [26], and the
vulnerability to alternation artefacts [1]. Simulation results
showed that HD-MUNet achieved consistently low errors
across all tested conditions, with performance independent
from SNR and stimulation protocol. In contrast, state-of-the-art
methods showed substantially greater and more variable errors,
with strong sensitivity to SNR, nMUs, and nSteps
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Fig 7: Ablation Study: Contribution of M-wave and Incremental Branches. Full two-branch model showing optimal convergence and low
validation error; Raw (M-wave only) model: significant performance degradation (+296% MAE),; Incremental only model: substantial
performance loss (+94% MAE). Learning curves demonstrate that both branches are essential for accurate MUNE estimation.
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Fig 8: HD-MUNet Reliability  Performance. ~HD-MUNet
demonstrates exceptional repeatability under simulated test—retest
conditions: stochastic recruitment (r = 0.9955), distal electrode shift
(r = 0.9973), and proximal electrode shift (r = 0.9952). Strong
linearity with slopes (~1.0) and minimal intercepts confirms stability.

A. Motivation for the two state-of-the-art MUNE tested

Among the many MUNE techniques available, we focused
our comparison on Incremental MUNE and StairFit MUNE [5],
[6]. Incremental MUNE was included as the most common
approach, providing a natural baseline for comparison.
Conversely, StairFit represented the most recent MUNE
method at the time of our study, with an implementation that
was openly available. Alternative MUNE methods, such as HD-
SEMG based approaches, were not considered because of their
assumption that the mean amplitude of single MU action
potential is comparable across the MU population. However,
this assumption is not fully consistent with physiological
parameters [27]. In a healthy muscle, and more so under
pathological conditions involving reinnervation, MU sizes can
vary substantially [28].

B. Single detection points yield biased and highly variable
MUNE values

The Incremental and StairFit methods, based on a single
detection point, demonstrated competitive performance only
under favourable simulated conditions.

Interpolation Capabilities

50%

0%

-50%

-100%

Relative Error (%)

m== HD-MUNet
=== StairFit
== Incremental
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Fig 9: HD-MUNet Interpolation capabilities. HD-MUNet achieves <
5% error on interpolated nMUs population (175, 225, 275 MUs),
while StairFit returns constant values (30.6%) and Incremental
MUNE shows high variability (std > 49%,).
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Fig 10: Experimental Results. A significant nSteps effect was

observed for Incremental and StairFit, but not for HD-MUNet.
Legend: ~ significantly different from 100 steps; # from 200 steps.

The analysis of StairFit highlighted structural limitations that
are closely related to its reliance on CMAP scan data [5]. When
nSteps was insufficient relative to the number of MUs
simulated, the algorithm was unable to produce a true MUNE
estimate and systematically returned the D,. This consistent
behavior was expected, as CMAP-scan based methods, such as
StairFit, typically require a substantially larger number of
stimulation steps (500) to reliably resolve MU recruitment [1],
[11]. Within operable conditions (nSteps/nMUs ratio between
2 and 4, high SNR), errors were comparable to HD-MUNet
(within +£15%), though with greater variability and sensitivity
to signal quality and protocol configuration. At low SNR,
StairFit consistently overestimated MUNE, likely due to the
misclassification of noise fluctuations as recruitment events.
Similarly, when the nSteps/nMUs ratio became excessively
large, pronounced overestimation emerged, consistent with
alternation phenomena whereby the same MU is repeatedly
recruited and derecruited across fine stimulation steps and
erroneously counted as multiple units [2]. An additional
limitation emerged with respect to ST. At 20 MUs, the only
nMUs for which StairFit produced estimates across all step
conditions, a significant difference was observed between the
two ST values. This finding suggests sensitivity to tissue
filtering effects.

On the other side, the Incremental MUNE method exhibited a
strong dependence on nMUs, nSteps, and SNR, while showing
no detectable sensitivity to ST. This latter finding is consistent
with its reliance on relative CMAP increments rather than
absolute signal amplitude [6]. Across most simulation
conditions Incremental MUNE tended to underestimate MUNE
(Fig 5), particularly at low nSteps (50 steps) and low SNR
(0dB). This behavior is intrinsic to the method’s formulation, as
MUNE is derived from the ratio between maximal CMAP
amplitude and the mean SMUP [6]. With few steps or poor
signal quality, detected increments tend to be large,
overestimating mean SMUP and consequently underestimating
MUNE. Conversely, at high nSteps and SNR, very fine
increments unrelated to true recruitment creates a bias in unit
count, leading to overestimation, an effect most evident at low
nMUs where alternation is more likely. This effect was most
evident in conditions combining high stimulation resolution
(200 steps) and low nMUs (20 MUs) where alternation
phenomena are more likely to occur [2]. Overall, these findings
indicate that Incremental MUNE is highly sensitive to
experimental configuration and signal quality. While increasing
the number of steps and improving SNR can reduce systematic
underestimation, these same conditions may introduce
substantial variability and severe overestimation due to
alternation effects, particularly in small MU populations [1].

Taken together, these results indicate that StairFit and
Incremental MUNE can provide reasonable estimates only
under a restricted set of favorable conditions. These
dependencies limit the robustness and generalizability of the
methods.

C. HD-MUNet provides robust and accurate MUNE values

We believe the main determinant of the highly variable
performance of the two state-of-the-art methods we considered
was due to their use of a single detection point. Recently, high-
density surface EMG has been shown to enable spatially
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distributed analysis of motor unit activity from multiple
recording sites over the skin surface [26]. This is particularly
true for in-depth pinnate muscles [29], like gastrocnemius. It is
therefore conceivable that MUs which fibers reside far away
from the detection point does not contribute to the detected
EMGs and therefore to MUNE. The proposed HD-MUNet
architecture was specifically designed to exploit HD-sEMG
spatiotemporal information. CNN extracts spatial activation
patterns across the electrode grid, thereby capturing features in
MUs territories that would be missed in single-channel
acquisitions. In parallel, LSTM models temporal dependencies
across successive stimulation steps, enabling the network to
learn recruitment dynamics. The dual-branch design, translated
into highly stable performance across all simulated conditions,
with consistently low relative errors and a predominant
tendency toward mild underestimation. Test-retest analysis
confirmed that estimates were highly reproducible under
repeated simulations (Fig 8). HD-MUNet robustness further
extended to electrode repositioning (£5 mm). Critically, errors
on held-out nMUs were comparable to performance on trained
populations, indicating that the network learned generalizable
features rather than memorizing training data.

Notably, HD-MUNet was not affected by nSteps and SNR,
indicating that stimulation protocol and noise level do not
influence its predictions. However, a significant nMUs x ST
interaction emerged, revealing that ST affects performance at
high nMUs. Performance was largely stable up to 150 MUs,
with median errors within £3% across all ST conditions. At 300
MUs, a tendency toward positive errors, reflecting mild
underestimation, was observed across both ST values. This is
likely attributable to the limited nSteps relative to nMUs, which
makes it increasingly difficult to resolve individual MUs.
Overestimation was more pronounced at 8§ mm ST, presumably
due to a reduced discriminability of individual MUs due to the
ST low-pass filter effect [30], [31].

It should be noted that HD-MUNet's ability to distinguish MU
populations when nSteps < nMUs relies on morphological
differences in CMAP characteristics shaped by physiologically
recruitment threshold distributions. Nevertheless, even in this
worst-case scenario, median relative errors remained below 7%,
indicating that HD-MUNet preserves reliable estimation
accuracy across the full range of simulated conditions.

Beyond the global MUNE estimate, HD-MUNet outputs a
stepwise recruitment curve that maps the cumulative number of
elicited MUs across the full stimulation range. This
representation may provide clinically relevant information
beyond a single MUNE. For instance, the stimulation intensity
at which a given fraction of the MU pool is recruited (an analog
of the D50 parameter derived from CMAP scans [7]) could
serve as a sensitive marker of neuromuscular organization. In
neurodegenerative conditions such as ALS, and following
neurological injury such as stroke, the shape of the stimulus-
response curve is known to change with MU loss and
reinnervation [1], [3], [32]. A recruitment curve expressed
directly in MU counts, rather than CMAP amplitude, may
therefore offer complementary information for monitoring
disease progression, though this application requires dedicated
validation in patient populations.

D. Performance on Experimental Data

Experimental data confirmed the simulation findings. StairFit
returned the initialization value D: at both 50 and 100 steps,
diverging only at 200 steps. Incremental MUNE showed a
significant dependence on nSteps between the 50 and 200 steps
conditions. HD-MUNet predictions remained stable across all
step counts, confirming its robustness to stimulation protocol
variations in vivo.  Beyond sensitivity to stimulation
parameters, the interpretation of absolute MUNE values
deserves careful consideration. By definition, only MUs whose
fibers lie within the pick-up volume of the electrode grid
contribute to MUNE, and the sampled muscle volume
inevitably varies across subjects due to anatomical differences.
At 200 steps, three subjects with similar muscle lengths (21-23
cm) showed comparable HD-MUNet estimates (243-246
MUs), consistent with a similar proportion of the MU pool
being sampled by the electrode grid. Subject 3 (25.5 cm)
exhibited lower estimates (219), in line with a longer muscle
reducing the relative coverage of the grid. However, Subject 2
(25 c¢cm), with a comparable muscle length, showed the highest
estimates across all subjects (260). Inter-subject variability in
absolute MUNE values likely reflects a combination of
anatomical factors (e.g. ST, muscle cross-sectional area,
pennation angle) and protocol-related factors, including
achieving true supramaximal stimulation for each subject.

V. CONCLUSION

In conclusion, HD-MUNet exhibited consistent performance
characterized by minimal variability in relative error across a
broad spectrum of simulated conditions, contrasting sharply
with the instability observed in traditional approaches. High
test-retest reliability and robustness to electrode repositioning
further support its suitability for repeated clinical assessments.
In addition to providing a global MUNE estimate at maximal
stimulation, HD-MUNet outputs a stepwise recruitment curve
across the entire stimulation range, with potential to extend the
scope of MUNE beyond a single index of muscle activity
toward a more detailed characterization of MU organization
and recruitment dynamics. Nevertheless, the present study has
two main limitations. First, HD-MUNet was validated using a
single muscle geometry. Second, simulations assumed
physiologically regular recruitment threshold distributions
based on the Henneman size principle. Further validation across
different muscle architectures and pathological recruitment
patterns, such as those observed in ALS or myopathies, will be
required to fully assess its robustness in clinical applications.

APPENDIX

Supplementary material associated with this article is
available online.
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