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ABSTRACT Objective: Spatial filters have been extensively studied to improve selectivity of information
extraction from high density surface electromyography (HD-EMG). However, variations in volume
conductors and experimental conditions require tailored solutions, that predetermined filters with fixed
weights cannot guarantee to be optimal. This work proposes the development of data-driven filters, adapted to
the specific subject and experimental conditions, with a focus on crosstalk. Methods: A general framework
to develop filters is introduced. The data are partitioned into patches, which the filter linearly combines
across both electrode channels and time samples (obtaining a spatio-temporal filter). With the purpose
to reduce crosstalk, different objective functions are proposed: maximal local correlation with the input
and minimal cross-correlation across the output channels; minimum entropy of the filter output. Both
optimization strategies promote sparse and spatially localized outputs, thereby reducing the effect of distant
sources generating crosstalk. Results: Simulated monopolar HD-EMGs from two close muscles have been
used to test the filters on a benchmark (n =60: 10 simulated subjects, 3 fat layer thicknesses, 2 levels of
additive noise). Moreover, experimental data from selective contractions of the flexor carpi radialis and the
pronator teres were used as a preliminary validation in the field (8 subjects). All proposed filters reduced
the spread of the recorded signal, better focusing on the sources below the detection point. The estimation
of the envelopes of the target muscles (i.e., the muscles located under the detection points of the filters) and
the signal-to-crosstalk ratio were statistically improved in simulations when using the filters instead of the
raw data. These positive outcomes were confirmed by trends observed in the experimental tests; however,
the limited size of the dataset resulted in only a small number of statistically significant improvements.
Conclusion: Defining a filter by optimizing an objective function allows to target a property of interest while
adapting to the specific recording condition. This adaptive, data-driven approach offers a versatile tool for
information extraction from HD-EMGs and may open new avenues for the investigation of neuromuscular
signals.

INDEX TERMS Surface EMG, crosstalk, spatial filter, data-driven.

I. INTRODUCTION
Surface electromyogram (EMG) is recorded on the skin over
a muscle during its contraction and reflects the bioelectric
signals occurring when its motor units (MU) are activated [1].
The volume conductor spreads the potential generated
by the bioelectric sources at the muscle fibers (i.e., the
transmembrane currents), so that the resulting interference
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EMG includes themixture ofmultiple overlappingMUaction
potentials (MUAP) that are difficult to separate. With the
advent of multi-channel, high density surface EMG (HD-
EMG), more information can be recorded from different
locations, enabling a more detailed characterization of the
neuromuscular activity underlying the recorded signals. Elec-
tric potentials from different electrodes have been combined
by spatial filters: with their high-pass spatial frequency
response, they can partially compensate for the low-pass
diffusing effect of the volume conductor, providing a more
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selective information on the underlying muscle activity.
Different spatial filters have been introduced and studied
both in simulated [2], [3], [4], [5], [6] and experimental
conditions [7], [8], [9], [10], [11]. A filter is typically selected
or evaluated based on key objectives it is intended to meet:
for example, increasing the selectivity by focusing on a small
detection volume, reducing the effect of non-propagating
components (e.g., the end-of-fiber effect), improving the
longitudinal selectivity (i.e., producing shorter MUAPs)
in order to get a more precise timing of activation and
separate contributions of different MUs [12]. However,
advanced simulation models indicated the need to adapt
to the investigated conditions [13], [14], as the specific
details of the volume conductor (geometry and conductivity
of different tissues [15], [16], [17], [18]) and recording
condition (e.g., location with respect to the innervation zone
(IZ) and tendons [19], orientation with respect to the muscle
fibers [20]) deeply affect the results.
The improved selectivity of spatial filters with respect

to the monopolar detection can contrast crosstalk [21], i.e.,
a signal from surrounding muscles which is superimposed
to that from the target muscle of interest [22], [23]. In fact,
electrodes used for surface EMG often have a wide detection
volume [24], [25], so that they can pick up also signals
produced by other muscles than that of interest. This
unwanted interference remains an unsolved issue in surface
EMG. It is challenging both to quantify and to suppress,
and it can compromise various applications, including gait
analysis [26], myoelectric prosthesis control [27], [28], [29],
and ergonomic assessment [30].
Crosstalk have been studied both using simulations [2],

[3], [4], [5], [6] and experimental measurements [7], [8], [9],
[10], [11], [31]. Results consistently indicate the difficulty
in measuring and mitigating crosstalk: for example, cross-
correlation between EMG signals from target and non-target
muscles does not reliably indicate signal quality [32];
the performance of spatial filters varies with the volume
conductor [2]; simple temporal filtering fails to attenuate the
problem [33].
The most common approaches to reduce crosstalk are to

carefully select electrode placement [34] and apply spatial
filtering [7], [9]. Such filters can suppress non-propagating
components [35], [36], which are a primary contributor to
crosstalk [37]. Nevertheless, their efficiency is influenced
by several factors, including electrode type and size, tissue
properties, and individual anatomy [2], [3], [4], [5], [6].
Moreover, they probe only a small detection volume, which
may limit the representativeness of the signal [38].
Some methods have been introduced to tailor the infor-

mation extraction to the specific application: the Optimal
Spatio-Temporal Filter (OSTF) emphasizes the energy of the
signal of interest while reducing that of disturbances (with
possible application to crosstalk reduction) [39]; the non-
linear spatio-temporal filter (NLSTF) has been introduced
to estimate a bipolar EMG from noisy data corrupted by

crosstalk [40]; inverse modelling can also help to estimate the
signal from the muscle of interest [37], [41]. However, these
methods are often cumbersome and demand preliminary
investigations prior to application, such as recordings under
selective conditions or detailed anatomical assessments.
Other methods, based on decomposition algorithms [42],
[43] (which separate the contribution of different MUs) or
blind source separation (BSS) [10] (identifying different
muscle contributions by imposing statistical decorrelation
or independence) are quite complex and computationally
intensive. Thus, they can be impractical in applications (e.g.,
in contexts like ergonomics [44], sports science [45], gait
analysis [46], and clinical settings [47]), where fast setup,
recording stability and minimal interference with movement
are essential.

In this paper, different methods are proposed to select
the weights of a spatio-temporal filter adapting to the
recorded signals. HD-EMG with 2-dimensional (2D) grid
of electrodes is assumed to be used, but the requirements
on the experimental protocol are reduced at a minimum,
designing a calibration of the filter on any contraction (better
if similar to the one of interest, but without requiring selective
activation of single muscles, as for the OSTF [39] or for the
NLSTF [40]). Different optimization problems are defined,
all promoting sparseness, in order to reduce the effect of
crosstalk.

II. METHODS
Let X ∈ RNx×Ny×T be the recorded signal from a 2D
electrode grid, with spatial dimensions (Nx ,Ny) and T time
samples. The filter operates over a spatio-temporal window
of size K × K × Nt , where K is an odd spatial kernel size
and Nt is the number of taps of a centered temporal filter.
At each valid position (i, j) (i.e., for which all electrodes
needed for the computation of the filter are available, thus
removing locations close to the edges), a spatio-temporal
patch is extracted and reshaped into a feature vector xi,j,t ∈

RK2Nt . This vector includes the values from the local spatial
neighborhood over Nt time lags:

xi,j,t = vec
(
[X (i+ u, j+ v, t + τ )]u,v,τ

)
, (1)

with u, v ∈ [−⌊K/2⌋, ⌊K/2⌋] and τ ∈ [−⌊Nt/2⌋, ⌊Nt/2⌋].
The filter output is given by:

Y (i, j, t) = w⊤xi,j,t , (2)

where w ∈ RK2Nt is the vector of spatio-temporal filter
weights to be learned.

The objective is to determine the filter weights w for
which the output signals satisfy an optimality criterion. The
definition of this criterion enables the formulation of an
optimization problem which can be solved for some training
data. Then, assuming that the experimental conditions are
well represented by the training signals, the estimated filter
weights are kept fixed on test data.
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In the context of crosstalk, the goal is to discriminate
between the signal generated by the target muscle and those
originating from nearby. For example, assume that a wearable
HD-EMG recording system is placed over an arm or a leg,
covering more muscles of interest. In order to correctly
characterize the activation of the different muscles, the filter
output should be high only when a specific muscle is active.
But the diffusion of the potential in the volume conductor
makes more channels to register contributions from the
same muscles. Thus, to mitigate crosstalk, the desired filter
output should compensate for this diffusion of the potential,
producing an output which is spatially focused on the channel
closest to the source. Building on this idea, different objective
functions are presented, defining optimization problems
which require the output to be less dispersed across channels.
Notice that the proposed approach does not require selective
recordings as training data, which could help to discriminate
between target and crosstalk signals and were a prerequisite
to use other data-driven solutions, like the OSTF [39] and the
NLSTF [40].

A. MAXIMUM CORRELATION AND MINIMUM
CROSS-CORRELATION
A desired filter output could be that a single channel keeps
the signal from near sources, while those same sources
remain undetected by the other channels. This way, inter-
channel redundancy is reduced and source localization is
improved. An objective function keeping this requirement
could be one which maximizes the correlation between the
filter output Y (i, j, t) and the original signal at the center
of the patch, X (i, j, t), while minimizing its correlation
with the outputs of the filter from other spatial positions
in the array. This approach is conceptually related to the
nonlinear Teager-Kaiser energy operator, which subtracts
the cross-products of potentials from neighboring electrodes
to the squared potential at the detection site, and has
been successfully applied to surface EMG spatial filtering
in [48]. In contrast, the proposed filter is fully linear,
thereby avoiding potential signal distortions introduced by
nonlinear operations. Moreover, the filter is trained on signal
preliminarily recorded from the subject under study, thus
having the possibility to adapt to the specific anatomy and
experimental condition. The estimated correlations could be
either averaged across channels (inherently assuming that
they are positive) or summed after rectification. These two
filters are referred to in the following as MaxC̄&minX̄C and
Max|C|&min|XC|, respectively.

• In the first case, the following regularized optimization
problem is obtained by linearly combining the local
correlation, the cross-correlation and a regularization
term:

min
w

− (1 − β)E[Y (i, j, t)X (i, j, t)]

+ βE

 ∑
(i′,j′)̸=(i,j)

Y (i′, j′, t)Y (i, j, t)⊤



+ λ|w|
2 (3)

which can be rewritten as

min
w

−(1 − β)E[xi,j,tX (i, j, t)]⊤w

+ βw⊤E

 ∑
(i′,j′)̸=(i,j)

xi′,j′,tx
⊤
i,j,t

w

+ λ|w|
2 (4)

where E averages across channels and time, β ∈ [0, 1]
is a trade-off parameter that balances signal fidelity and
spatial decorrelation, and λ > 0 is a regularization
parameter (chosen by a grid search minimizing the
entropy sparsity). Notice that in the expression (4) the
filter weights have been taken out and the following
terms emerged:

r =
1
N

∑
(i,j,t)

E
[
xi,j,tX (i, j, t)

]
, (5)

R =
1

N (N − 1)

∑
(i,j)̸=(i′,j′)

Et

[
xi,j,tx⊤

i′,j′,t

]
, (6)

where Et indicates the average over time, N is the
number of valid spatial channels and the average over
the channels is explicit. Notice that r is a vector of
dimensions 1 × K 2Nt and R is a matrix K 2Nt ×

K 2Nt (where K 2Nt is the number of unknown weights
defining the filter vector w). Then, the minimization
problem can be written as

min
w

−(1 − β) · rw+ β · w⊤Rw+ λ|w|
2 (7)

The optimal filter is given by the closed-form solution:

w = (βR + λI )−1
· (1 − β)r (8)

which can be implemented efficiently by solving the
linear system

(βR + λI ) · w = (1 − β)r (9)

• A fully numerical optimization approach was used
to manage an objective function considering the sum
of rectified cross-correlation terms. In this case, it is
simpler to keep the filter w as a tensor with dimensions
K × K × Nt and compute the output Y by a 3D
convolution:

Y = X ∗ w, (10)

where ∗ denotes the 3D convolution operator and
only valid channels are kept. The resulting Y has size
(Nx−K + 1) × (Ny−K + 1) × (T − Nt + 1).
The filter weights w are learned by optimizing the cost
function

J (w) = −(1 − β) · corr(Y ,Xcenter) + β

· ARVi̸=j
(
corr(Yi,Yj)

)
, (11)
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where corr(·, ·) denotes the normalized Pearson correla-
tion, Xcenter is the input channel placed on the center of
the filter w, ARVi̸=j is the sum of the averaged rectified
values of the pairwise correlations between different
output channels (Yi and Yj, with i ̸= j) and again
β ∈ [0, 1] controls the trade-off between fidelity and
decorrelation.
The optimization was carried out using a constrained
numerical optimizer (i.e., the sequential quadratic pro-
gramming, SQP). The cost function was evaluated at
each iteration by computing the 3D convolution Y =

X ∗ w, followed by the estimation of the correlation
and cross-correlation terms. A nonlinear constraint was
enforced in the optimization routine to normalize the
weights of the filter to have unity norm. This was
accomplished by the function fmincon from MATLAB
R2025a (fixing the maximum number of iterations to
100 and keeping the other default parameters).

B. MINIMUM ENTROPY
Entropy reaches its maximum for uniformly distributed data
and its minimum for sparse values. By enforcing sparsity in
the filter output, more spatially focused information can be
obtained. As discussed above, this can help reduce crosstalk
from nearby muscles and capture localized activity from the
detection volume beneath the channel center. However, the
resulting waveforms are not expected to resemble those of
the raw input data, which may hinder the direct interpretation
of the results. This is a key difference with respect to the
previous approaches which impose high correlation with the
input signal.

The minimization of the entropy of the filter output was
obtained on training data using again the function fmincon
of MATLAB (same parameters as for the Max|C|&min|XC|

filter) with SQP optimizer, imposing the normalization of
the weights. This filter is referred to as MinEntropy in the
following.

C. ADDITIONAL CONSIDERATIONS ON THE FILTERS
1) DIFFERENT OPERATION MODES
Notice that usually the 2D grid is aligned to the muscle fibers,
e.g., with the columns of the grid along the fibers’ direction
and the rows transverse to them. In this condition, crosstalk
usually affects the EMG recordings in the direction transverse
to that of the muscle fibers, whereas the propagation of the
sources along the fibers affects the signals detected along the
columns of the grid and the potential should be preserved to
avoid distortion. Thus, in this condition, it would be better
to reduce the cross-correlation and promote sparseness only
in the direction of the rows of the grid. For this reason, three
possible modes of spatial decorrelation or sparseness can be
implemented:

• all – cross-correlation or dispersion are computed across
all spatial positions;

• rows – only channels on the same row are considered to
compute either the cross-correlation or the entropy and
then averaged across columns;

• cols – only channels on the same column are used
to estimate either the cross-correlation or the entropy,
averaging then the results across rows.

These modes allow for more structured regularization when
spatial dependencies are not isotropic. In the present work,
both the configurations all and rows were applied on
simulated signals, obtaining similar results, so that only the
former case is discussed.

2) CROSS-VALIDATION FOR PARAMETER SELECTION
The parameters β, K and Nt can be selected through cross-
validation. For the specific tests shown below, the only
optimized parameter was Nt , which was selected among 1
(only spatial filter) and 3, whereas the other parameters were
fixed to K = 3 (which allows to have filters centered
on the detection point and cover the same region of many
popular 2D spatial filters, e.g., the Laplacian) and β =

0.6 (a sensitivity analysis of this parameter is provided
in the Appendix). The number of folds was 5. The cost
function for the first two filters based on correlations (i.e.,
MaxC̄&minX̄C and Max|C|&min|XC|) was the ratio of
the ARV of the cross-correlations between different output
channels and the ARV of the correlations with the input;
for the MinEntropy filter, the cost was the average entropy
of the output. In different applications, performance can
be optimize according to a different desired metric (e.g.,
classification accuracy, source separation quality, maximal
cross-correlation in the estimation of conduction velocity,
CV).

3) LOCAL AND GLOBAL FILTERS
The filter weights could be obtained either globally (a single
shared filter across all spatial positions) or locally (separate
filter weights wi,j for each spatial position), the latter leading
to increased flexibility and source localization. In this work,
however, only global filters have been implemented. This
choice has the advantage of leveraging a larger amount
of data to estimate the filter weights, leading to a more
stable solution. Furthermore, when adjacent channels capture
related information (such as delayed contributions caused by
action potential propagation along muscle fibers) applying
the same weights across locations helps preserve their
temporal and spatial correspondence.

4) SYMMETRY
A requirement that can be imposed to the filter is symmetry.
Letting the method to select all the weights with minimum
constraints (e.g., only normalization) allows to reach a deeper
minimum in the cost function, but reducing the degrees of
freedom makes the method more stable and less prone to
overfitting. For example, by imposing symmetry along both
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axes, a 3 × 3 spatial filter can be written as

w =

a b ac d c
a b a

 (12)

where a, b, c, and d are the four degrees of freedom (which
can be further reduced by additional constraints, such as
normalization and zero mean).

Symmetry of the weights was imposed for the two filters
requiring numerical optimization (i.e.,Max|C|&min|XC| and
MinEntropy), not in the case where an analytical solution was
available (i.e.,MaxC̄&minX̄C).

D. TESTING SIGNALS
The method was tested both on simulations and experimental
data. Both datasets are described in the following.

1) SIMULATED SIGNALS
The cylindrical model proposed in [49] was used to simulate
monopolar single fiber action potentials (SFAP) from a grid
of 5 × 11 electrodes with 5 mm of inter-electrode distance
(IED), covering two adjacent muscles. The properties of
the volume conductor and the location of fiber sources are
represented in Figure 1A-C and the location of the electrode
grid in Figure 1D. Notice that three volume conductors have
been considered, with fat layer thickness of 3 mm, 7 mm or
12 mm, respectively. Fibers were simulated with density of
20 fibers/mm2, approximately the MU fiber density and one
order of magnitude lower than the muscle fiber density [50].
The number of fibers per MU followed an exponential
distribution in the range 15-300.

A total of 200 MUs were simulated. Ten different libraries
of MUAPs were built, assigning randomly the size of the
MUs. MU locations were uniformly distributed across the
muscle cross-section, and the fibers closest to eachMU center
were assigned to it. The corresponding SFAPs were summed
to generate the MUAP (introducing a small error, as the
SFAPs of the same fibers could be included in different
simulatedMUAPs).MUCV followed a Gaussian distribution
(mean 4 m/s, SD 0.3 m/s), with values assigned according to
the size principle [51].

The control of MUs was described as in [52], considering
the distributions of recruitment thresholds and firing rates
(FR) of the vastus lateralis muscle, but rescaling to get min-
imum and maximum FR equal to 5 and 35 Hz, respectively.
The ISI was assumed to have a Gaussian distribution with
coefficients of variation equal to 10%. Force levels varying
over time were simulated, as shown in the Results section.

White Gaussian noise with SNR 30 dB or 20 dBwas finally
added to the simulated monopolar signals.

2) EXPERIMENTAL SIGNALS
The experimental dataset is the same as in [40] and [53]
(to which the reader can refer for details). In short, eight
healthy subjects were recruited. Monopolar EMGs were
recorded using an electrode grid of 13 × 5 with IED of

8 mm during contractions of flexor carpi radialis (FCR) and
pronator teres (PT). Surface EMGswere amplified, band-pass
filtered (−3 dB bandwidth, 10-500 Hz), sampled at 2048 Hz
and converted in digital form with a resolution of 16-bit
(Quattrocento, OT Bioelettronica, Turin, Italy). Ideally, two
columns were over the FCR, two on the PT and the central
one in between.

The contractions were quite selective, as the subjects were
asked to make either a flexion or a pronation. The applied
force was recorded by load cells and a visual feedback was
provided to the subject to ask to produce a constant level:
10%, 20%, 40% and 50% MVC were successfully recorded
from all subjects and used for testing. The recorded signals
had duration of 10 s. A portion 5 × 5 of the grid showing
the largest EMG amplitude during the recordings was
considered. A small portion of the data was used for training:
non-selective contractions were simulated by summing the
signals recorded at 20% MVC of the FCR muscle with those
at 40% MVC of the PT muscle, and vice versa (40% MVC
FCR + 20% MVC PT). The resulting signals were then
concatenated. For testing, the central epochs of 8 s were
selected from each recording and concatenated to simulate
alternating selective contractions.

The experiments were conducted in accordance with the
Declaration of Helsinki and with the approval of the Ethical
Committee of University of Turin (approval number 510190).

E. TEST OF PERFORMANCES
Before filtering, the signals were extended by symmetry
on the borders: if along a direction we have N electrodes
indicated with the numbers 1, · · · , N , the virtual electrodes
0 and N + 1 were added with the same signals as for
electrodes number 2 and N − 1, respectively. As K = 3, this
choice allowed to get the same space dimension for the raw
and filtered signals, simplifying the comparisons. The same
approach was implemented a long time, in the case in which
Nt = 3.
Different performance indicators were considered: the

signal-to-crosstalk ratio (SCR) and the correlation coefficient
(CC) of envelopes of the actual and crosstalk-free signals
recorded from channels over a specific muscle. Moreover,
two dispersion indexes were monitored: the cross-correlation
and the entropy dispersion. Statistical analysis was per-
formed to compare the performance across four filters: raw
monopolar signals, MaxC̄&minX̄C , Max|C|&min|XC| and
MinEntropy.

In estimating the envelope, the electrodes over eachmuscle
were considered separately (i.e., the 5 columns over each
muscle, for simulations; column 2 and 4 for FCR and PT,
respectively, in the experimental data); selective activations
of the muscle under the electrodes were used for the
reference signal; average envelopes were then estimated for
the two muscles and used to compute the CC, comparing the
reference with the output of each filter.

VOLUME 14, 2026 35013
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FIGURE 1. Description of the simulation model. A) Cross-section of the volume conductor, with indication of the thickness of the layers (case of 7 mm of
fat thickness), of the active muscles and of the electrodes. B) Longitudinal section of the volume conductor, with indication of the mean fibers lengths,
spread of the tendons and innervation zone (IZ). C) Parameters of the tissues. D) Top view of the simulated model, with indication of the 2D grid of
electrodes and relative location of the fibers of the simulated active muscles.

All analyzes were performed using MATLAB R2025a.
Different analyzes were applied to the results of tests on
simulated and experimental data, as detailed below.

1) SIMULATED DATA PROCESSING
For each performance or dispersion index, a linear mixed-
effects (LME) model was applied to evaluate the impact
of the filter, subcutaneous fat thickness, and SNR on the
metric. The LME framework allows to account for the
correlation between repeated measurements on the same
simulated signals.

Let yijkm denote the observed value of the metric for the i-
th signal, fat level j, SNR level k , and processing method m
(i.e., the filter used). The model is specified as

yijkm = µ + Methodm + Fatj + SNRk + bi + εijkm (13)

where
• µ is the overall intercept,
• Methodm is the fixed effect of them-th signal processing
method (m = 1, . . . , 4),

• Fatj is the fixed effect of the j-th fat thickness level,
• SNRk is the fixed effect of the k-th SNR level,
• bi ∼ N (0, σ 2

b ) is the random intercept representing the
i-th signal, capturing within-signal correlations across
methods,

• εijkm ∼ N (0, σ 2) is the residual error term.

By including the signal as a random effect, the model
accounts for the repeated-measures nature of the data,
since each simulated signal is processed by all methods.
Pairwise comparisons between methods were performed
using contrasts on the estimated fixed effects. Possible
significant differences between each filter and raw data were
indicated. Statistical significance was assessed at α = 0.05.
Residual normality was assessed with the Lilliefors test; data
were log-transformed when necessary.

2) EXPERIMENTAL DATA PROCESSING
Due to the small size of the experimental dataset (n = 8),
non-parametric statistics was applied. Possible statistically
significant differences between raw and filtered data were
tested for each performancemetric using theWilcoxon signed
rank method. Significance was assessed at α = 0.05.

III. RESULTS
Figure 1 shows the simulation model used to gener-
ate HD-EMGs under controlled conditions. Specifically,
Figure 1A and 1B show cross-sectional and longitudinal
views of the volume conductor, respectively, illustrating the
different tissue layers, the geometry of muscle fibers, the
distribution of IZs and tendon endings, and electrode place-
ment. The model parameters are summarized in Figure 1C

35014 VOLUME 14, 2026
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FIGURE 2. A) Simulated force levels of the two muscles (green and violet for the first and second muscle, respectively) for training the filters (volume
conductor with fat thickness of 7 mm, additive noise with SNR of 30 dB). B) Example of signal from an electrode placed over the first muscle (M1): both
the training signal (red) and the one produced by M1 (green) are shown. C) Example of signal from an electrode placed over the second muscle (M2):
both the training signal (red) and the one produced by M2 (violet) are shown. D) Simulated force levels of the two muscles for testing the filters. The first
portion shows selective contractions, from which the signal-to-crosstalk ratio (SCR) is computed. E) Example of signal from an electrode placed over M1:
both the test signal (red) and the one produced by M1 (green) are shown. F) Example of signal from an electrode placed over M2: both the test signal
(red) and the one produced by M2 (violet) are shown.

and Figure 1D provides a top view of the electrode grid and
the spatial distribution of the simulated active muscle fibers.

Figure 2 presents the simulated force levels and an example
of the corresponding signals recorded at some individual
electrodes over both muscles. Figure 2A illustrates the
training signals: notice that the contractions of the two
muscles were not selective, but they were co-contracted with
an opposite force level linearly varying in time. Panels B
and C show the signals measured at electrodes over the
muscles, indicated as M1 and M2, respectively, highlighting
the contribution of each muscle to the recorded signals.
Panels D-F illustrate the signals during test contractions,
including selective contractions used to compute the SCR and
another portion with a co-contraction of the two muscles with
different time dynamics.

Preliminary examples of the application of different
filters to the test data are shown in Figure 3. Panels A,
B and C show the filtersMax|C|&min|XC|,MinEntropy and
MaxC̄&minX̄C , respectively, applied to the test data shown
in Figure 2. Panels D-G display the envelope of the raw and
of the processed signals across the electrode grid, averaged
along the fiber direction. The results highlight differences in
the spatial and temporal distribution of the processed signals
depending on the filter used. All the 3 proposed filters reduce

the dispersion of the potential and provide a better estimate
of the true envelope.

Figure 4 illustrates the effect of the filters on SFAPs
generated by fibers at different depths within the muscle
(1 mm and 8 mm). The filters are the same discussed
in the previous Figure, trained on interference raw signals
generated with the same volume conductor model used to
simulate the SFAPs. Panels A-B show the raw potential
distributions over the skin, while Panels C-D, E-F, and G-H
display the SFAPs after processing by the three different
filters: Max|C|&min|XC|, MinEntropy and MaxC̄&minX̄C ,
respectively. The filters affect both the amplitude and spatial
distribution of the SFAPs, with deeper fibers showing a larger
dispersion across the electrode grid. The dispersion of the
SFAPs is largely reduced by the filters with respect to the
raw data. The EMG amplitude is reduced when comparing
the superficial and deep fiber, with the raw signal showing
a reduction factor of about 12, whereas the filters are more
selective, but still preserve substantial residual potential from
the deep fiber (with reductions of about 18 to 30).
Figures 5 and 6 show the overall results obtained by

processing the simulation dataset. Notice that the dataset
includes 60 simulations, i.e., 10 subjects × 3 fat layer thick-
nesses× 2 SNRs of the additive noise. The type of processing
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FIGURE 3. Example of application on test data (same data as in Figure 2). A) Application of the filter which maximizes the modulus of the correlation
with the input and minimizes the modulus of the cross-correlation of the output. B) Application of the filter which minimizes the entropy of the output. C)
Application of the filter which maximizes the mean of the correlation with the input and minimizes the mean of the cross-correlation of the output. D)
Envelope (absolute value of the signal low-pass filtered at 4 Hz) of the raw signal, averaged across the 5 electrode arrays along the fibers direction,
shown as a function of the transverse location of the electrodes and time (down-sampled of a factor 100). E) Average envelope for the signals processed
by the filter in A). F) Average envelope for the signals processed by the filter in B). G) Average envelope for the signals processed by the filter in C).

selected by cross-validation of the training data was a simple
spatial filter in 32, 2, and 56 cases (out of 60 simulations), for
Max|C|&min|XC|, MinEntropy and MaxC̄&minX̄C , respec-
tively. Another general result is the local correlation between
the raw and filtered signals: in terms of mean±std, it is
74.6±5.3, 31.3±34.2 and 72.0±10.2, forMax|C|&min|XC|,
MinEntropy andMaxC̄&minX̄C , respectively (showing a low
correlation for theMinEntropy, which is not designed to keep
the correlation with the raw data).

Figure 5 summarizes the performance of the different
filtering methods in reducing crosstalk between muscles. The
upper panels show the pooled results across all simulated
conditions, whereas the middle and lower panels illustrate
the outcomes obtained when data are grouped according
to fat layer thickness and noise levels, respectively. For all
metrics, significant differences were observed between the
raw and the processed signals obtained using any of the filters
(p < 0.001). Panel A reports the average SCR computed
across all 25 detection channels over each muscle (thus
removing the central array of electrodes, placed between the
two muscles). All the proposed filters substantially increased
the SCR compared to the raw data, indicating a reduced
contribution of signals originating from adjacent muscles.
No significant effect was disclosed for the factors fat and
SNR. However, a clear inverse trend is noticed between SCR

and fat layer thickness, which is aligned to expectations,
as a thicker fat increases the effect of crosstalk [31].
Panel B shows the correlation coefficient (CC) between
the average envelopes of the correct and estimated signals
(where the signals considered to be correct are those from the
muscle below the electrodes, not perturbed by the crosstalk
contribution from the other). The CC values confirm the
improved selectivity of the filtered signals, with only minor
differences between the filters under the same conditions.
Also in this case, neither fat nor SNR had a significant
effect, with the factor fat being close to significance
(indicating that it is easier to estimate the envelope when
the fat is thinner, as the detection is more selective in that
case).
Figure 6 presents the results for the spatial dispersion

metrics of the potentials detected over the skin. As in the
previous figure, data are shown both pooled across conditions
and separated according to fat thickness and noise level. Panel
A illustrates the average cross-correlation across channels,
which quantifies the spatial overlap of the detected signals.
The filters markedly reduced this value relative to the raw
signals, reflecting a more localized spatial distribution of the
MUAPs after processing. No statistically significant effects
were observed for either fat or SNR (however, an increasing
trend of cross-correlation with fat layer thickness is observed,
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FIGURE 4. Effect of the different filters on SFAPs from fibers placed under the center of the electrode grid and of different depths (1 mm and 8 mm within
the muscle; same volume conductor and filters as in the previous Figure). The potentials are normalized with respect to the range of the A)-B)
Distribution of the potentials over the skin (oversampling by a factor 4 the detection by the electrode grid, for representation purposes) in a specific time
sample, for the fibers with the two depths, respectively. C)-D) Same SFAPs as in A)-B) obtained after processing by the filter which maximizes the
modulus of the correlation with the input and minimizes the modulus of the crosscorrelation of the output. E)-F) Same SFAPs as in A)-B) obtained after
processing by the filter which minimizes the entropy of the output. E)-F) Same SFAPs as in A)-B) obtained after processing by the filter which maximizes
the mean of the correlation with the input and minimizes the mean of the crosscorrelation of the output.

as it emphasizes the effect of crosstalk). Panel B shows the
average entropy of the detected potentials, as a measure
of the spatial spreading of the signal over the skin. The
lower entropy values obtained after filtering indicate a more
focused potential distribution, confirming that all tested
filters effectively enhanced spatial selectivity. No significant
effects were found for the factors fat and SNR, with the
factor fat being close to significance (with smaller entropy
for thinner fat layers, as the potential is less dispersed in such
a case).

Figure 7 shows the results of the tests on the experimental
data. The training data were very short: 625 ms, in which
a small portion of the signals from flexion and pronation
were summed and concatenated. Notice that the dataset
includes 8 subjects. The type of processing selected by
cross-validation of the training data was a simple spatial filter
in 1, 1, and 5 cases (out of 8), for the Max|C|&min|XC|,
MinEntropy andMaxC̄&minX̄C , respectively. The dispersion
of the signal was significantly reduced by all the methods,
as indicated by a smaller cross-correlation between channels
and entropy with respect to the input data. The performances
in reducing crosstalk indicate median improvements for all
filters with respect to the raw data, reflected by a larger
SCR (median paired improvement of 0.67, 1.61 and 1.01 dB
for Max|C|&min|XC|, MinEntropy and MaxC̄&minX̄C ,

respectively) and CC of the envelope of the single muscle
(improvement of 2.4, 2.5, 3.1 %, respectively), but only
a few cases are significant: the increase of SCR for the
MinEntropy filter and the improved envelope estimation for
the MaxC̄&minX̄C filter.
The local correlation between the raw and filtered sig-

nals, in terms of mean±std, is 69.0±4.2, 20.6±16.6 and
38.1±33.7, for Max|C|&min|XC|, MinEntropy and MaxC̄&
minX̄C , respectively.
Notice that the tests in simulation and experiments were

done in very different conditions, e.g., in terms of electrode
density (55 and 25 electrodes with IED of 5 mm and
8 mm for simulations and experiments, respectively), type
of activations and duration of the training signals (5 s and
0.625 s, respectively), in addition to the deviations from ideal
conditions in the real data (e.g., misalignment with respect
to the electrode grid, small muscle shifts and fiber rotations
during the contractions, more muscles than expected con-
tributing to the signal). The influence of specific parameters
and the extraction of additional information is investigated
in the Appendix for a few cases. Specifically, a default sim-
ulation model was considered: fat thickness of 7 mm, noise
level with SNR of 30 dB, electrode grid with 55 electrodes
and IED of 5 mm. Then, the following conditions were
tested:
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FIGURE 5. Simulation dataset: general performance in crosstalk reduction. Comparison of different filtering methods, either pooling all data (top),
or splitting different fat layer thicknesses (middle) or noise levels (down). Box and whisker plots are shown, indicating median, quartiles and range.
Significant pairwise comparisons between raw signals and all filters (p<0.001). No significant effect of fat and SNR. A) Average signal-to-crosstalk ratio
(SCR) estimated considering all 25 channels over each muscle. B) Correlation coefficient (CC) of the average envelopes: correct versus estimated.

• variation of the tradeoff parameter β on Max|C|&
min|XC| filter;

• removal of symmetry constraint on the filter MinEn-
tropy;

• different values of IEDs, duration of the training signal,
rotation of the electrode grid with respect to the muscle
fibers, estimation of CV and median frequency (MDF)
using MaxC̄&minX̄C filter.

These tests are only a few of the possible of interest and
should be considered only preliminary, but all confirm that
reducing the dispersion of the electric potential by the
proposed filters improves the performance on information
extraction (EMG amplitude, CV, MDF from the target
muscle) with respect to using the raw data.

IV. DISCUSSION
The present study proposes different filtering strategies for
reducing crosstalk in surface EMG recordings and evaluates
their performance through both a simulation framework and
experimental tests. The common thread among all proposed
methods is that they are data-driven: the filter weights are not
pre-determined (as in classical spatial filters), but are instead
obtained by optimizing problem-specific cost functions.

In addition, the proposed filters can operate on samples
acquired at nearby time instants as well as at neighboring
electrode locations, thus defining spatio-temporal filters that

provide greater flexibility than traditional purely spatial
approaches. The filter weights are chosen so as to reduce
the dispersion of the outputs, thereby yielding signals that
are more spatially focused on the underlying bioelectric
sources. This makes the filters ideally dependent only on the
recording conditions (i.e., on the volume conductor, location
of electrodes, muscles under investigation) and not on the
specific signals used to calibrate them. This is a further
distinguishing feature of the proposed approach with respect
to other existing methods that require dedicated training
data obtained from specific motor tasks (e.g., selective
contractions).

A. GENERAL CONSIDERATIONS ON SPATIAL FILTERS
Spatial filters are typically designed to accomplish a spe-
cific task, such as increasing spatial selectivity [48] (e.g.,
to improve EMG decomposition), removing some signal
components (e.g., end-of-fiber effects [2], [12]), improving
the estimation of physiological parameters (e.g., muscle fiber
CV [54]), or enhancing the target muscle activity with respect
to crosstalk [39]. When applied to HD-EMG recordings
obtained with a regular grid of electrodes, these filters operate
according to the same rule at each spatial location, effectively
performing a spatial convolution, similarly to filtering masks
in image processing. This inherently assumes that the volume
conductor is space invariant [55] and the electrode grid well
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FIGURE 6. Simulation dataset: metrics of dispersion of the potential over the skin. Comparison of different filtering methods, either pooling all data (top),
or splitting different fat layer thicknesses (middle) or noise levels (down). Box and whisker plots are shown, indicating median, quartiles and range.
Significant pairwise comparisons between raw signals and all filters (p<0.001). No significant effect of fat and SNR. A) Average cross-correlation across
channels. B) Average entropy.

aligned to the muscle fibers, which in turn should be parallel
to each other.

In order to achieve their objective, spatial filters search
from neighboring electrodes the information needed to
generate their output. Notice that if we were to evaluate the
quality of a filter solely based on the reduced dispersion
of the potential and consequential increase of sharpness of
the MUAPs, a trivial approach (that would not even require
information from neighboring electrodes) would be to elevate
the signal of each individual channel to a power larger than
1. This improved localization could be measured by indexes
like entropy or kurtosis (which are respectively smaller
and larger in the presence of highly peaked waveforms).
For instance, the signal detected over the FCR shown in
Figure 7B exhibits entropy and kurtosis equal to 11.0 and
21.0, respectively. Using the output of the MinEntropy filter
shown in Figure 7C, the dispersion is reduced, obtaining
entropy and kurtosis equal to 10.9 and 50.8, respectively.
However, if we compute them after elevating the signal to
the power 3, they are 8.4 and 1497.4, showing a smaller
dispersion; if we elevate it to a larger power (e.g., 11, which
is again an odd number, to keep the sign) the dispersion
is getting still smaller (entropy 3.4 and kurtosis 18642.0).
Nevertheless, this trivial way of reducing dispersion does
not reflect any deterministic property of surface EMG and
therefore lack physiological interpretability. Moreover, the

reduced dispersion of the time series obtained by raising
the values to a large exponent is nonlinear (thus, not
satisfying the superposition principle) and does not provide
additional informative value to the recorded signal (which
could instead be gained by incorporating information from
other sampled locations); rather, it merely produces a sparser
signal by amplifying outliers (e.g., MUAPs from large MUs
located close to the electrodes) while attenuating smaller
contributions (e.g., MUAPs from small or deep sources),
which may nonetheless be relevant, as they could originate
from the target muscle. For instance, considering deeper
fibers producing a surface potential which is 10 times smaller
than superficial fibers (i.e., a similar situation as in Figure 4),
by elevating the signal to the power m we would get an
amplitude which is 10m times smaller.
The use of a spatial filter is a more reasonable approach,

which is grounded in the biophysics underlying surface
EMG generation. In fact, EMG reflects the diffusion of
the electric potential within the volume conductor, governed
by quasi-electrostatic principles [13]. Specifically, the EMG
results from the solution of Poisson equation, which relates
the bioelectric sources (namely the transmembrane currents
flowing across the sarcolemma) to the potential diffusing
in the volume conductor. In principle, the EMG could be
found by inverting the Laplacian operator and applying it
to the bioelectric current sources. This observation could
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FIGURE 7. Experimental dataset: performance in reducing the effect of crosstalk and the dispersion of the potential over the skin. Comparison of different
filtering methods. A) Example of training data, recorded from the central electrodes of the second and fourth columns (expected to be over the muscles
Flexor Carpi Radialis and Pronator Teres, FCR and PT, respectively), with indication of the exerted force levels of the signals that were summed and
concatenated. Here and in B and C, the processed data is in red, whereas green and violet colours refer to FCR and PT, respectively. B) Test signal (from the
same electrodes as in A), composed of the concatenation of 8-s epochs of selective contractions of different force levels (indicated down). C) Test data as
in B, with the filtered signal superimposed (MinEntropy filter was considered). D) Box and whisker plots (indicating median, quartiles and range) of the
signal-to-crosstalk ratio (SCR) for the raw signal and the different filters, considering the 5 channels of the columns 2 and 4 (for FCR and PT, respectively).
Significant pairwise comparisons between raw signals and Min Entropy filter (p<0.05). E) Correlation coefficient (CC) of the average envelopes of the
correct and estimated signal from the muscles under the detection points (second and fourth columns for FCR and PT, respectively). Significant pairwise
comparisons between raw signals and MaxC̄&minX̄C filter (p<0.05). F) Average cross-correlation across channels. Significant pairwise comparisons
between raw signals and all filters (p<0.01). G) Average entropy. Significant pairwise comparisons between raw signals and all filters (p<0.01).

provide a key for understanding the rationale behind the
use of a Laplacian filter, which, when applied to the EMG,
makes an inverse operation with respect to the solution of
the forward Poisson problem (giving the potential induced
by the current sources) to provide focused information on the
bioelectric sources. Similar interpretations could be given to
other pre-defined filters (e.g., single and double differential)
which have a high-pass behaviour in the spatial frequency
domain, which in part can compensate the low-pass effect of
the volume conductor.

In practice, however, the volume conductor has com-
plicated conductivity (as tissues are inhomogeneous and
anisotropic) and geometry [13], which makes the simple
pre-defined filters not optimal. In this regard, the information
from nearby electrodes becomes crucial to explore the
dispersion of the surface potential in order to design strategies
to compensate for it. If detailed knowledge on the volume
conductor is available, a filter inverting its low-pass filtering
effect could be designed (as shown in [56] for a plane layer
volume conductor model). As an alternative, a data-driven
approach can be used to obtain directly the weights of the
filter by processing some preliminary data. The effectiveness

of data-driven strategies has been demonstrated in several
applications, including the discrimination of the contribution
of different muscles with BSS [10], the crosstalk reduction
using the OSTF [39] and the estimation of the bipolar signal
from noisy recordings with the NLSTF [40].

In the present study, the same underlying principle is
exploited to reduce the spatial dispersion of the EMG
potential over the skin surface by jointly considering spatial
and temporal information (i.e., potentials from neighboring
electrodes and consecutive time samples), thereby providing
great flexibility in achieving the desired output. The results
indicate that this approach leads to measurable improvements
in crosstalk reduction, while also highlighting some limi-
tations that warrant further investigation in future studies,
as discussed in the following sections.

B. DISCUSSION OF THE RESULTS
The results demonstrated that all the proposed filters
substantially improved the selectivity of the detected signals
by reducing their spatial dispersion over the skin and by
increasing the SCR. These effects were consistent across
different levels of simulated subcutaneous fat thickness
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FIGURE 8. Test on Max|C |&min|XC | of the effect of the parameter β, weighting the correlation with the input and the
cross-correlation between output channels on the optimized functional: J (w) = −(1−β) · corr(Y , Xcenter)+β · ARVi ̸=j

(
corr(Yi , Yj )

)
.

The same simulated data configuration as in Figure 5 were used, considering a fat layer thickness of 7 mm and noise with SNR =
30 dB. A) Correlation coefficient (CC) with the envelope of the crosstalk-free simulated signal. B) Signal-to-crosstalk ratio (SCR). C)
Average entropy of the signal, as a measure of dispersion. D) Average cross-correlation of output channels, as another measure of
dispersion of the surface potential. E) Correlation between raw and filtered data.

and noise, indicating that the filters are robust under
various physiological and recording conditions. Specifically,
Figures 3 and 4 show preliminary qualitative indications
that the proposed filters indeed reduce the dispersion of the
potential (both in interference signals and single SFAPs),
allowing to decrease the effect of crosstalk. Then, Figures 5
and 6 demonstrate on the entire simulated dataset that
the proposed filtering strategies significantly improve the
discrimination of muscle activity by simultaneously reducing
crosstalk and increasing the spatial focus of the detected
potentials across a wide range of tissue and noise conditions.

The reduction in signal dispersion observed after filtering
suggests that the processed EMG signals become more
spatially confined to the active muscle region. This result
is particularly relevant for applications in which selective
detection of muscle activity is required, such as MU
decomposition, neuromuscular modelling, and the control
of myoelectric interfaces. By attenuating the contribution
of nearby muscles, the filters improve the correspondence
between the electrical activity detected on the skin and the
underlying muscle sources.

The simulation approach used in this workmade it possible
to systematically investigate the influence of tissue properties
and noise on the performance of each filter. The results
confirmed that crosstalk contamination increases with thicker

subcutaneous fat layers, due to the enhanced spatial blurring
of the volume conductor. Nevertheless, all filters tested were
able to significantly mitigate this effect, supporting their
potential use in realistic recording conditions. In addition,
the robustness of the filters to different noise levels suggests
their applicability in experimental and clinical contexts where
signal quality may vary.

All the evaluated methods (i.e., filters based on correlation
or entropy optimization) showed similar overall performance
(with some problems observed for the Max|C|&min|XC|

filter, with 12 mm of fat layer thickness), indicating that mul-
tiple cost functions can effectively exploit the spatio-temporal
structure of EMG signals to enhance selectivity. The improve-
ment in both target signal recovering (in terms of SCR and
envelope estimation) and spatial localization metrics (cross-
correlation and entropy) highlights the consistency between
the different measures of filter performance.

The crosstalk reduction achieved by the filters was also
observed in experimental data (Figure 7), although the small
dataset and the imperfectly selective contractions limited the
statistical significance.

Simulation and experimental tests span a broad range
of conditions, as details on signal generation (ideal vs.
real volume conductor), recording (different density and
distribution of the electrodes) and filter training (activation of
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FIGURE 9. Test of the symmetry constraint on the filter MinEntropy. The same simulated data configuration as in Figure 5 were used,
considering a fat layer thickness of 7 mm and noise with SNR = 30 dB. The symmetry constraint was either imposed (sym) or not (no
sym). A) Correlation coefficient (CC) with the envelope of the crosstalk-free simulated signal. B) Signal-to-crosstalk ratio (SCR).
C) Average entropy of the signal, as a measure of dispersion. D) Average cross-correlation of output channels, as another measure of
dispersion of the surface potential. E) Correlation between raw and filtered data. All paired comparisons of raw and each of the
filtered data are statistically significant (Wilcoxon signed-rank test).

the muscles and duration of training phase) differed signifi-
cantly. However, additional ablation and sensitivity tests are
collected in the Appendix, focusing on individual deviations
from a default simulation model. All tests confirmed the
importance of reducing signal dispersion and the value of the
proposed filters.

C. LIMITATIONS AND FUTURE WORKS
The innovative filters were applied to signals heavily affected
by crosstalk, acquired using monopolar detection with a
small IED and with two muscles in close proximity. As any
filtering operation inevitably introduces signal distortion,
a careful evaluation of its benefits and drawbacks is therefore
warranted before data processing. In the specific conditions
investigated here, there was substantial room for improve-
ment and the underlying assumptions of the methods were
reasonably satisfied. In other general applications, the user
should consider that the proposed filters linearly combine
potentials from neighboring electrodes and from consecutive
time samples; thus, a clear rationale is required to justify that
the integrated information is indeed beneficial for achieving
the intended goal (namely, crosstalk reduction in this study).
For instance, electrodes should be sufficiently close to
capture contributions from common sources; otherwise, their
combination may be of limited relevance. In summary,
while the effectiveness of the proposed filters has been

demonstrated under the tested conditions, their generalization
to different recording setups should be carefully evaluated.

Another critical point to be acknowledged is that the
present work is primarily based on simulated EMG data, with
only a preliminary experimental validation. The simulation
framework incorporates realistic anatomical and electro-
physiological parameters and allows performance evaluation
under controlled conditions, where a precise reference
is available. Moreover, the simulation dataset was large
and specific details (fat layer thickness, noise, random
distribution of the MUs in the muscles) have been integrated
separately, to explore their effect. This represents a key
advantage for the systematic assessment of the proposed
filtering approach.

Nonetheless, an extended experimental validation will be
required to fully confirm the observed improvements under
real recording conditions, where several confounding factors
may affect the performances. The relatively large variability
observed in the limited experimental dataset highlights the
intrinsic challenges associated with real EMGs.

In particular, the experimental analysis relied on the
assumption that the recordings were performed under
selective activation conditions, such that the signal detected
over the relaxed muscle could be attributed mainly to
crosstalk. However, visual inspection suggests that a residual
activity of the muscle assumed to be relaxed was likely
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FIGURE 10. Test on MaxC&minXC of the effect of changing the inter-electrode distance (IED) of the simulated data. The same volume
conductor and configuration as in Figure 5 were used, considering a fat layer thickness of 7 mm and noise with SNR = 30 dB. A very
dense electrode grid with IED of 2.5 mm was simulated: then, electrodes were down-sampled, taking 1 over 2, 3, and 4 to get IED
equal to 5 mm (same as the default tests), 7.5 mm and 10 mm, respectively. A) Correlation coefficient (CC) with the envelope of the
crosstalk-free simulated signal. B) Signal-to-crosstalk ratio (SCR). C) Average entropy of the signal, as a measure of dispersion.
D) Average cross-correlation of output channels, as another measure of dispersion of the surface potential. E) Correlation between
raw and filtered data. All reported results show statistically significant differences between raw and filtered data under same
conditions (Wilcoxon signed-rank test), with the exception of the CC and SCR metrics at an inter-electrode distance of 7.5 mm.

present. Moreover, only two muscles (FCR and PT) were
considered as contributors to the recorded EMG, whereas
additional neighboring muscles may also have influenced the
measurements. For example, Figure 7C reveals an unexpected
reduction of EMG amplitude recorded over the PT muscle
when comparing the 40% and 50% MVC force levels;
this raises the suspicion that a change in selectivity or
an additional contribution from other muscles may have
occurred.

Furthermore, as mentioned above, the proposed spatial fil-
tering approach implicitly assumes a space-invariant volume
conductor, enabling the use of a fixed global filter (which
is applied as a spatial convolution over the surface EMG
map). On the other hand, local variations in geometry and
tissue conductivity are expected. In addition, small muscle
displacements may occur across different contractions,
violating the ideal assumption of constant relative positions
between sources and detection points. These factorsmay limit
the direct transferability of the simulation-based results to
experimental scenarios.

Thus, further applications on real data is fundamental, and
future work is suggested to extend the proposed approach,
assessing whether the same filters (or others obtained by
a data-driven optimization of alternative cost functions)

can consistently and robustly enhance signal selectivity.
Moreover, it would be important to verify their stability
in dynamic conditions or in the presence of geometrical
deformations. The value of the proposed approach in
experimental tests could also be assessed on the basis of
the possible improved outcomes in specific applications, for
example the followings.

1) Decomposition of the interference signal into single
MUAP trains. Reducing the spread of the surface
potential could help separating different contributions
from single MUs.

2) Optimization of myoelectric control by processing data
focused on the muscles under the detection point.

3) Estimation of muscle synergies, based on data less
affected by crosstalk.

4) Estimation of activation intervals (e.g., in gait analysis).
5) Basic physiology studies (e.g., onmyoelectric manifes-

tations of fatigue), in which the focus on specific target
sources (single MUs or muscles) is important.

V. CONCLUSION
A filter inevitably alters the input signal, emphasizing certain
information over others. Therefore, it is not meaningful to
claim that a filter is optimal unless it is tailored to a specific
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FIGURE 11. Test on MaxC&minXC of the effect of changing the duration of the training data. The same configuration as in Figure 5
was used, considering a fat layer thickness of 7 mm and noise with SNR = 30 dB. The training data was the EMG corresponding to
the sum of two force ramps, as in Figure 2A, but with different durations. A) Correlation coefficient (CC) with the envelope of the
crosstalk-free simulated signal. B) Signal-to-crosstalk ratio (SCR). C) Average entropy of the signal, as a measure of dispersion.
D) Average cross-correlation of output channels, as another measure of dispersion of the surface potential. E) Correlation between
raw and filtered data.

application. Moreover, it would be wise to design a filter
considering the desired output information to be extracted.

This work proposes a data-driven approach for the
definition of spatio-temporal filters for pre-processing HD-
EMGs. A cost function is defined to measure the electric
potential dispersion across different electrodes and filter
weights are chosen to minimize it. This allows to get more
selective information (either promoting output fidelity with
the input signal or not, as for the correlation and entropy
based costs, respectively). The filters are trained on some
preliminary recordings before being applied on new data;
however, no specific calibration requirements are imposed
beyond asking the subject to contract all muscles of interest
(e.g., separate selective contractions for each muscle are not
required). Thus, in practical implementations, the operator
could optimize the filter on data recorded during a short
preliminary contraction in which more muscles are activated
and then the experiment can start, using the pre-processing
online.

This form of personalization aligns with recent perspec-
tives on hyper-personalized medicine within the Healthcare
5.0 paradigm, which emphasizes tailoring data processing
pipelines to individual physiological and anatomical char-
acteristics rather than relying solely on population-level
models [58]. In this context, subject-specific adaptation
of the spatial filter for EMG pre-processing represents a

consistent strategy to improve robustness and interpretability
in real-world signal analysis.

Based on simulation and experimental tests, this study
demonstrates that the proposed data-driven filtering can
effectively reduce crosstalk and improve the spatial selectiv-
ity of surface EMGs, with promising potential for practical
applications.

Crosstalk was here chosen as prototype problem, but other
applications, e.g., robust CV estimation, could be investigated
with a similar approach.

APPENDIX
ADDITIONAL SIMULATION RESULTS
Additional tests on sensitivity to parameters and ablation
studies are shown here. Tests on single filters have been
performed, considering a default simulation model, with
average thickness of the fat layer, a small amount of additive
noise and the same electrode grid shown in Figure 1. Ten
subjects were simulated for each explored condition.

A test on the computational costs of the training phase
has been performed. The algorithms were implemented in
MATLAB R2025a and computations were performed on a
fixed workstation featuring an AMD Ryzen 7 9700X CPU
(8 physical cores, 16 logical threads, 3.8 GHz) and 64 GB
of RAM. A dedicated GPU was not used. The times for
training on 5 s simulated signals (including the selection
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FIGURE 12. Test on MaxC&minXC of the effect of rotating the electrode grid, producing a misalignment with respect to the muscle
fibers. The same configuration as in Figure 5 was used, considering a fat layer thickness of 7 mm and noise with SNR = 30 dB, but
the recording grid was rigidly rotated around its center of an angle θ ∈ [0o, 30o]. Different performance and dispersion indexes are
computed on both the raw and filtered signals. The channels considered covering the first muscle included the electrode grid
columns from 1 to 5, those from 7 to 11 were over the second muscle (excluding the column number 6 allowed to keep all
electrodes over the correct muscle also with the largest considered rotation). A) Correlation coefficient (CC) with the envelope of the
crosstalk-free simulated signal. B) Signal-to-crosstalk ratio (SCR). C) Average entropy of the signal, as a measure of dispersion.
D) Average cross-correlation of output channels, as another measure of dispersion of the surface potential. E) Correlation between
raw and filtered data. All reported results show statistically significant differences between raw and filtered data under same
conditions (Wilcoxon signed-rank test).

of the optimal parameters by cross-validation) for the
filters Max|C|&min|XC|, MinEntropy and MaxC̄&minX̄C
were 139.49±7.40 s, 114.16±13.16 s and 2.21±0.14 s,
respectively (given as mean ± standard deviation).

Figure 8 illustrates the effect of the parameter β,
which balances the correlation with the input signal and
the cross-correlation among output channels in the opti-
mized functional (given in Equation (11)). The tests were
performed for the filter Max|C|&min|XC|. The analysis
shows how varying β influences both performance (in
terms of the CC with the envelope of the crosstalk-free
reference and the SCR) and dispersion-related metrics
(including entropy and inter-channel correlation). The results
highlight the trade-off between preserving the desired
signal content and reducing inter-channel redundancy.
Specifically, small values of β prioritize fitting the input
signal (with β = 0 yielding an output identical to
the input), whereas larger values increasingly emphasize
cross-correlation reduction and lower signal dispersion, with
values around β = 0.5 also leading to minimum entropy
dispersion.

The same tests were also applied to the filter MaxC̄&
minX̄C , but the results were very stable (except for the case
β = 0), as the regularization parameter λ of Equation (3)

(selected tominimize entropy dispersion) compensates in part
for the variation of β.
Figure 9 reports the impact of imposing a symmetry

constraint on the MinEntropy filter. In the average, the
envelope of the crosstalk-free signal is estimated better
and the SCR is improved less when using the symmetric
constraint (Figure 9A and 9B, respectively), indicating that
there is not a clearly better solution for the specific test
signals. Smaller electric potential dispersion is achievedwhen
removing the symmetry constraint (Figure 9C and 9D), as it
allows the filter to better adapt to the data (due to the
additional degrees of freedom). Thematch with the processed
signal is not imposed, and this is reflected with a small
correlation with the input (Figure 9F).

The influence of the IED is analyzed in Figure 10. Starting
from a very dense simulated grid, different IEDs were
obtained through spatial down-sampling. The figure shows
how increasing electrode spacing affects the ability of the
method to suppress crosstalk while preserving signal quality,
as reflected by the considered performance and dispersion
measures. In general, the observed dispersion is lower when
the IED is larger. However, the filtered signal shows always
improved performances and reduced dispersion with respect
to the raw data.
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FIGURE 13. Error in the estimation of EMG indexes. The filter MaxC&minXC is used, applied on data simulated with the same
configuration as in Figure 5, with a fat layer thickness of 7 mm and noise with SNR = 30 dB. The last 8 s of test signal were used (both
muscles are activated, M1 with 4 steps of increasing force levels, M2 with an opposite pattern). Data were segmented into 16 adjacent
and non-overlapping epochs of 0.5 s. Conduction velocity (CV) was estimated by a multi-channel maximum likelihood method [57]. The
muscle M1 was considered and the fifth column of electrodes was used (i.e., the closest to the crosstalk muscle). A) Difference between
the estimation of CV using the raw data or the crosstalk-free signals. Mean absolute error = 1.45 m/s. B) Difference between the
estimation of CV using the filtered data or the filtered crosstalk-free signals. Mean absolute error = 0.11 m/s (statistically smaller than
for raw data, according to the Wilcoxon signed rank test). C) Difference between the median frequency (MDF) estimated using the raw
data from the third electrode and the corresponding crosstalk-free signal. Mean absolute error = 3.95 Hz. D) Difference between the MDF
estimated using the filtered data from the third electrode and the filtered crosstalk-free signal. Mean absolute error = 2.55 Hz (not
statistically lower than for the raw data). E) Example of raw data from one of the ten simulated subjects: comparison of processed data
and crosstalk-free (i.e., M2 switched off). F) Same signals as in E), but processed by the filter.

Notice that, for the smallest IED considered, the correla-
tion with the input exhibits large variability and a lowmedian.
This arises because enforcing a low cross-correlation between
potentials recorded by very close electrodes degrades the
fidelity of the filtered signal with respect to the input.
This issue is mitigated when using the rows modality (i.e.,
reducing cross-correlation only between channels in the
transverse direction, and not along the muscle fiber direction;
see Section II-C1); for larger IEDs, this filter yields results
comparable to those observed in the figure.

Figure 11 investigates the effect of the duration of the
training data on filter performance. Different training lengths
were considered using the same simulated configuration. The
filter appears to provide fairly stable results even with short
training data.

The robustness of the proposed method to electrode grid
misalignment with respect to muscle fiber orientation is
assessed in Figure 12. By progressively rotating the recording
grid around its center, the analysis evaluates the effect
of spatial misalignment on both raw and filtered signals.
Performance is not degraded by this specific test. Across

all considered rotation angles, the filtered data consistently
exhibit statistically significant improvements with respect to
the input signals.

It is worth noting that the MaxC̄&minX̄C filter is not
constrained to be symmetric. This property is expected to
be advantageous in the presence of geometric perturbations
with respect to the ideal configuration, as electrode misalign-
ment with muscle fibers would otherwise make symmetry
constraints potentially detrimental by forcing equality among
non-equivalent electrodes. To further investigate this aspect,
the same test was repeated using the MinEntropy filter
with an imposed symmetry constraint: results indicate
that MinEntropy and MaxC̄&minX̄C filters have similar
performances, thus suggesting that the symmetry constraint
does not degrade substantially the performance of the filter
up to 30o of misalignment.

Finally, Figure 13 quantifies the error in the estimation
of relevant EMG indexes. The comparison between raw
and filtered signals demonstrates a substantial reduction in
CV estimation error due to crosstalk after filtering and
moderate improvements for MDF estimation. Nevertheless,
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these results should be interpreted with caution. When
global indexes are extracted from interference EMGs, the
contributions of different sources are combined through a
complex weighted averaging process [35], which depends on
the detection volume of the employed filter. In this study,
the estimates obtained from crosstalk-free signals (either raw
or filtered) were used as reference values to specifically
assess the perturbing effect of crosstalk. However, in practical
applications, it is crucial not only to mitigate crosstalk (e.g.,
by reducing the detection volume), but also to ensure that the
extracted index remains representative of the activity of the
target muscle, which may be compromised if the detection
volume becomes excessively small [38], [39], [40]. Further
investigation is thus recommended to improve the estimation
of meaningful EMG indexes from crosstalk-affected data,
depending on the specific application of interest.
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