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Objective: Ultrasound (US) images during a muscle contraction can be decoded into individual motor unit (MU)
activity, i.e., trains of neural discharges from the spinal cord. However, current decoding algorithms assume a
stationary mixing matrix, i.e. equal mechanical twitches at each discharge. This study aimed to investigate the
accuracy of these approaches in non-ideal conditions when the mechanical twitches in response to neural dis-
charges vary over time and are partially fused in tetanic contractions.

Methods: We performed an in silico experiment to study the decomposition accuracy for changes in simulation
parameters, including the twitch waveforms, spatial territories, and motoneuron-driven activity. Then, we
explored the consistency of the in silico findings with an in vivo experiment on the tibialis anterior muscle at
varying contraction forces.

Results: A large population of MU spike trains across different excitatory drives, and noise levels could be
identified. The identified MUs with varying twitch waveforms resulted in varying amplitudes of the estimated
sources correlated with the ground truth twitch amplitudes. The identified spike trains had a wide range of firing
rates, and the later recruited MUs with larger twitch amplitudes were easier to identify than those with small
amplitudes. Finally, the in silico and in vivo results were consistent, and the method could identify MU spike
trains in US images at least up to 40% of the maximal voluntary contraction force.

Conclusion: The decoding method was accurate irrespective of the varying twitch-like shapes or the degree of
twitch fusion, indicating robustness, important for neural interfacing applications.

1. Introduction

Human movements are generated by the central nervous system,
which provides excitatory inputs to motoneurons in the spinal cord.
These inputs are further transmitted from each motoneuron to a group of
muscle fibres, forming a motor unit (MU), i.e. a motor neuron and all its
innervated fibres. It is possible to record muscle electrical activity from
the skin and decode it into the activity of individual motoneurons, i.e.,
trains of neural discharges. The decoded spinal activity can be used for
neural interfacing purposes, such as prosthetic control.

The electrical signal generated by the active muscle fibres (electro-
myographic signal, EMG) is attenuated by the non-homogeneous tissue
between the muscle fibres and the electrodes. This limits non-invasive
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EMG to only recording from fibres close to the skin and intramuscular
EMG to monitoring activity very close to the electrode sites. In both
cases, the analysis of muscle electrical activity is relatively local.

In addition to the electrical activity, the displacements of muscle
fibres in individual MUs can also be measured. Given the electrome-
chanical coupling, an electric impulse corresponds in the mechanical
domain to a shortening and thickening of the muscle fibres (mechanical
twitch). However, the twitches have fundamentally different charac-
teristics to the electrical domain’s action potentials. For example, the
duration of a mechanical twitch is much longer than that of an action
potential. Indeed, a mechanical twitch is usually longer than the interval
between neural discharges, leading to partial fusion of twitch responses
(Fig. 1). Typical force traces from the tendon under different firing rates
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B Unfused tetanic force (fast twitch)

D Unfused tetanic velocity (fast twitch)

Fig. 1. The twitch duration is usually longer than the time between neural discharges leading to (partial) fusion or (unfused) tetani, where the firing rate positively
correlates with the degree of fusion. The force traces from the tendon under different firing rates for (A) a slow and (B) a fast twitch motor unit (MU) differ. (C-D)
Alternatively, the unfused tetani can be described as the velocity of the thickening or the axial movement of the muscle fibres. These plots were produced using
simulations with Gaussian-distributed variability in the inter-spike interval (ISI) times, with an ISI coefficient of variation of 10 %. The twitch responses were
generated using the mathematical equation described in the Methods section, with Vg, = 1 a.u., Tax = 25 ms, and T, = 75 ms in the slow twitch case and Via = 1

a.u., Tee = 10 ms, and T, = 40 ms in the fast twitch case.

for a slow and fast twitch MU (using simulation) are shown in Fig. 1A
and B, respectively. The firing rate is positively correlated with the de-
gree of fusion.

From an alternative perspective, the unfused tetani can be described
as the velocity of the thickening or the axial movement of the muscle
fibres (Fig. 1C and D). The velocity traces are associated with the ul-
trasound (US) measure of MU activity. US images can be decoded into
individual sources by blind source separation (BSS) methods, either with
linear instantaneous models [1,2] or convolutive models [3]. Specif-
ically, convolutive BSS showed high accuracy in identifying discharge
series of individual MUs in superficial and deep parts of the tibialis
anterior (TA) muscle [3]. However, BSS assumes a stationary mixing
matrix, i.e. equal twitches at each discharge for individual MUs. This
assumption may not be entirely met [4,5], for example, because of non-
linear summations of twitches from other MUs [6]. It is currently unclear
how varying twitch waveform shapes influence the accuracy of the
current decoding algorithm. Also unclear is whether the degree of fusion
of the tetanic contraction influences the accuracy of the decoding
algorithm.

This study aimed to investigate the accuracy of a convolutive BSS
method [3] in estimating MU discharge times from US images that
comprise varying twitch-like shapes in response to neural discharges of
each MU, and a varying degree of fusion of the tetanic contraction. For
these purposes, we performed an in silico experiment using current
knowledge about the experimental spatial distributions [7] and tem-
poral characteristics of MU behaviour [8]. Using the ground truth
enabled us to study the decomposition accuracy for changes in simula-
tion parameters, including the twitches, territories, and motoneuron-
driven activity. Finally, we explored the consistency of the findings
from the in silico experiment with an in vivo experiment on the TA
muscle at varying contraction forces.

2. Methods
2.1. Insilico experiment

To understand how different degrees of tetanic fusion and varying
twitch-like shapes within a MU change the spike train accuracy using the
convolutive BSS method [3], we simulated image sequences (40x40 mm
transverse images over time; 100x100 pixels) corresponding to the axial
velocity field in US images during isometric contractions similar to
previous simulation approaches [2]. The model of Fuglevand and col-
leagues inspired us to develop a similar motoneuron-driven model with
a recruitment and rate coding organisation [9]. To make the model as
realistic as possible, we adapted the functionally-based model to the
experimental features of MU twitch profiles [8] and MU territory dis-
tributions [7]. We also added three noise levels: no added noise, 20 dB,
and 0 dB white noise. In this way, we could quantify the precise change
in accuracy after a parameter change associated with the twitch wave-
form shapes, territories, noise, and discharge rate. Below, we describe
each part of the simulation model in detail.

2.1.1. Motoneuron pool

The simulation model comprised a pool of n =200 motoneurons
where the time of the j th discharge (spike) of the i th motoneuron was
modelled as:

1 1
= bt
L} max{ge[E(t) — RTE;]| + MFR’ PFR; } +tij1

given that E(t) > RTE; holds, where E(t) is an excitatory drive function
representing the effective synaptic current, RTE; is the i th recruitment
threshold excitation (RTE), i.e., the minimum level of excitatory drive
required to initiate repetitive discharges, MFR is the minimum firing rate
once a motoneuron was recruited, PFR; is the maximal firing rate of the i
th motoneuron, and g, is the gain of the excitatory drive-firing rela-
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Fig. 2. The simulation model modelled the firing rate as a function of excitation max (A) with 8 Hz firing rate once any unit is recruited. The maximum firing rate
differs between units, and it was 35 Hz for the first and 25 Hz for the last, meaning all units had maximum firing rates between 25 and 35 Hz. (B) An example of the
spike trains of the recruited motor unit (MU) pool for an excitatory drive curve shaped like a trapezoid with a flat section at 20 %.
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Fig. 3. Modelling the motor unit (MU) twitch profiles. (A) Each MU twitch profile can be described by three parameters: Viax, Tmax, and T,. (B) These three pa-
rameters were modelled such that for the first recruited unit the contraction time was the highest and the amplitude (maximal velocity) was the smallest whereas the
last recruited was the opposite, i.e., shortest contraction time and largest amplitude. (C) All the 200 generated twitch profiles visualised together.

tionship, which was assumed linear.

In this work, we set the gain and the minimum firing rate to fixed
values, i.e., g. = 1, MFR = 8 Hz, and the RTE for the i th motoneuron as
RTE; = exp{%}, where RRT = 30 denote the range of recruitment
threshold values, and the peak firing rates PFR; = PFR; —PFRD }%,
where the peak firing rate for the first motoneuron was set to be PFR; =
45 Hz. The difference in peak firing rates between the first and last
recruited motoneurons was PFRD = 10 Hz, as in the original model [9].
Furthermore, we imposed inter-spike interval (ISI) variability onto the
model by adding a Gaussian-distributed randomly generated sample
with a coefficient of variation equal to 15 % for each discharge.

The excitatory drive function E(t) was set to be a 30-s-long trapezoid
function, i.e., a linear increase for the first 5 s from 0 % to either 10, 30,
50, 70 or 100 % of the maximum excitatory drive, and then a stable level
of force for 20 s, and finally a linear decrease down to 0 % again. In
Fig. 2, we illustrate the firing rate as a function of the excitatory drive
(Fig. 2A) and the neural drive to muscles for the first 10 s of a 20 %
trapezoid function using the above-mentioned parameters (Fig. 2B).

2.1.2. MU twitch profiles

We refer to the MU twitch profile as the mechanical response(s) for
each discharge of a specific motoneuron. In contrast to typical non-
negative twitch profiles in the force or displacement domain, we
consider velocity twitch profiles since we intend to simulate image se-
quences corresponding to the axial velocity field during isometric con-
tractions. Here, we used an analytical equation inspired by a previous
study where the mechanical force production of electro-stimulated sin-
gle MUs in the medial gastrocnemius muscles of rats was modelled [4].
Each velocity MU twitch profile can be described as:

f(t) = pt" e ™™ (m —kt)
where t > 0 and where the MU twitch profile can be described by three

parameters: Viax, Tmax, and T, (Fig. 3A). Given these constraints, we can
find the analytical forms of m, k, and p:
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Fig. 4. Motor unit (MU) territory modelling. (A) The territory sizes in diameter range from 3 to 10 mm, with the earliest recruited having the smallest. (B) All the 200
units overlayed on top of each other in recruitment order, from smallest in red to largest in blue.

Tinax

p= VmameaxTcemTc
mea.x(Tc - Tmax)

The parameters Vo, Tmax, and T, are only related to the contraction
part (the positive values in the velocity domain). The relaxation part
(the negative values in the velocity domain) is automatically defined by
the value of the same parameters.

The twitch profile parameters were set depending on the order of
recruitment to represent the slow and fast units. For the amplitude
parameter (Vpe), we ensured there was a 100-fold difference in
amplitude (V;nq,) between the first and last recruited MU in the pool and
that most units in the pool generated small forces [9]. Therefore, the

amplitude for the i th MU was set to be Vi = exp{%}, where

RTV =100 denotes the range of twitch velocity values (Fig. 3B). The
contraction time (T,) was set as an inverse power function depending on
the amplitude where we considered a 3-fold range in contraction time
with the maximal contraction time being 90 ms for the first recruited
unit [9]. Thus, the contraction time for the i th MU was set to be Té =

232
90 (vil ) , and similarly, the time at maximum velocity for the i th MU

1

a2
was set to be T% =35 (%) (Fig. 3B). This procedure led to one

consistent twitch profile for each MU over the whole time period. In
Fig. 3C, we illustrate all the twitches in the MU pool overlayed on each
other.

We also generated unequal successive twitch profiles within each
MU (i.e., non-uniform twitch shape and magnitude across the spike
train) to investigate the decoding algorithm’s accuracy in estimating
neural spike trains for varying MU twitch-like shapes in response to
neural discharges. The procedure for generating the unequal twitch
profile parameters was to draw a random value from a uniform distri-
bution around the equal twitch profile parameters above, i.e., a 50 %
range around Vi . and 20 % range around T. and T¢ .. Thus, for each
twitch profile j th discharge (spike) and the i th motoneuron, we
randomly selected a value from Vi, Uniform{0.5e V!

. . m ; 1.5 * Vl"nax}’
T/ Uniform{0.8 e T:;1.2 e Ti}, Trex Uniform{0.8eT. :1.2
°

and

ac

2.1.3. MU territories

A MU territory, which comprises the cross-sectional region of the
muscle fibres innervated by a motoneuron, was in these simulations a
circular region in the 40x40 mm field of view of the muscle cross-section
(perpendicular to the fibres). Two parameters described the MU terri-
tory. The first parameter was the diameter of the MU territories, which
we varied such that the earlier recruited had smaller diameters and the
later recruited had larger diameters, i.e., ranging from 3 to 10 mm.
Therefore, the territory size for the i th MU was set to be MUT' =

exp{w} + 2, rounded to the nearest integer for practical

implementation reasons, where MUTR =10—-3 =7 mm denote the
range of territory diameter values (Fig. 4A). We defined the MU terri-
tories as Gaussian-like distributed velocities similar to experimental
observations [7]. In practice, we used weights on the velocities such that
the pixels on the centre of the territory were equal to one with a linear
decrease in weights as the distance from the centroid increases until
zero. The second parameter is the locations of the MU territories. Ter-
ritories were evenly distributed across the field of view (Fig. 4B), similar
to the approach of farthest point sampling [10].

2.2. In vivo experiment

To explore the consistency of the findings from the in silico experi-
ment, we performed an in vivo experiment comprising a dataset from a
healthy 33-year-old man with synchronised ultrafast US, thin-film
intramuscular EMG, and force recordings during isometric ankle dorsi-
flexion contractions of the TA muscle. The study was conducted
following the Declaration of Helsinki and was approved by the Imperial
College Research Ethics Committee (reference number 191C5641).
Informed consent was obtained from the subject after the study pro-
cedures were explained.

After cleaning the skin above the TA muscle, an expert inserted, with
the help of a Butterfly ultrasound probe (Butterfly Network, Massa-
chusetts, USA), a thin-film intramuscular EMG array (0.5 mm inter-
electrode distance) with 40 platinum electrodes (140x40 ym) [11], a
few centimetres below the skin to align it with the image plane of the US
probe. Once the needle with the thin-film structure reached the target
depth, it was removed, leaving the thin-film with the electrodes inside
the muscle. The wires outside the skin were secured with tape, and the
leg was secured in an ankle dynamometer (OT Bioelettronica, Torino,
Italy).

The participant performed two maximum voluntary isometric (MVC)
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Fig. 5. Quantification of the accuracy of the convolutive blind source separation (BSS) method in estimating motor unit (MU) discharge times from in silico ul-
trasound image sequences. The accuracy is quantified with (A-B) the absolute number of units with rate of agreement (RoA) metric > 90 % and (C-D) the percentage
of units with true positive rate > 90 %, i.e., the correctly identified spikes. The absolute values are shown in A and C, whereas B and D show the percentages of the
total number of active units. The upper bound values are shown in black lines and boxes. The number of units identified depended on the level of additive white
noise, the percentage of excitatory drive, and whether the twitches were set to be equal or unequal within each unit (i.e., uniform or non-uniform twitch shape and
magnitude across the spike train). The number of units identified with high accuracy decreased with increasing noise level and excitatory drive and, therefore, fusion
level. Furthermore, the number of accurately identified units decreased further in the case of non-uniform twitches.

contractions, the highest one being the MVC reference. Then, the US
transducer (L11-4v, 7.24 MHz centre frequency) was placed on the skin
with a custom-built probe holder to secure it. Two repeats of five force-
level trapezoid ramps were performed at 5 %, 10 %, 20 %, 30 %, and 40
% MVC, with 60 s of rest between each repeat. Each ramp had a 40-s
plateau with 5-s recruitment and de-recruitment ramps. Once the
participant reached the plateau, a 30-s ultrafast US recording was
performed.

The EMG signals were sampled at 10240 Hz, bandpass filtered at
10-4400 Hz, and A/D converted with 16-bit resolution using a Quat-
trocento amplifier (OT Bioelettronica, Torino, Italy). The force data
were fed through the Forza force amplifier (OT Bioelettronica, Torino,
Italy) into the auxiliary port of the Quattrocento. The ultrafast US data
were recorded (28.96 MHz sampling frequency) with the Vantage
Research Ultrasound System (Verasonics Vantage 256, Kirkland, WA,
USA) at a frame rate of 1 kHz using single-angle plane wave imaging. We
aligned the data offline after sampling a trigger pulse in the Quattro-
cento from the Verasonics system via an Arduino Uno [12]. Finally, the
recorded EMG signals were decomposed to obtain MU spike trains using
an open-source software [13].

2.3. Convolutive blind source separation model of US images

Here, we briefly describe the convolutive BSS model and imple-

mentation for decoding US-based velocity images to spike trains based
on the original work by [3]. The model represents the axial velocity in
the i pixel as x;(t), i = 1,2, ---,m over time t € [0, T] as:

n+k

x,-(t) =

T
=

-1

hy(U)s(t = 1) + &(t) + (1),

||
-
I
o

where n is the number of MUs, k is the number of non-MU sparse sources
such as blood vessel pulsations, s;(t) is the j source at time t, hy(I) is the
impulse response for the i pixel and j* source with (finite) duration L,
&i(t) is the additive non-white noise such as bone movement, and w;(t) is
the additive white noise at the i pixel. As explained in the original
work, we assumed ¢;(t) to be negligible due to stable isometric con-
tractions [3]. Moreover, the sources are sparse with mostly zeros and a
few ones, and the impulse response (twitch profile for a specific source)
is the same for each discharge. In this work, we intend to explore how
important the latter assumption is for the method’s performance.

2.4. Convolutive blind source separation implementation

We may represent the axial velocities and sources as x(t) = [x;(t),
Xo(t), -+, Xm(t) | and s(t) = [s1(t),s2(t), -, Snsk(t) |, where m is the number
of pixels and n+k is the number of MU and non-MU sources. Then, we
can reformulate the convolutive mixture to a linear instantaneous



R. Rohlén et al.

100 q P ‘Y‘.“
g W !

80 e
;\? >
% 60 1 Correct spikes
g False spikes
® 40 Missed spikes
S’? Y

20 oy

O 7(

20 40 60 80
Motoneuron #

100 @i o 0 s

@
o

|

e
40

20 0 dB noise
20 dB noise
0 . .

0 50 100 150 200
Motoneuron index for identified spike trains

Excitatory drive (%)

No noise

A 10% of max. excitatory drive
s @I 0D )

Biomedical Signal Processing and Control 100 (2025) 107002

B 30% of max. excitatory drive

100 s SI——
@y
. 80
R
& 607 Correct spikes
S B¢ o8 False spikes
c . )
® 40 - o Missed spikes
fu o\
) ()
B 5p [eeimed sy, &° e 9
%04 \
. »
.
) V)‘W{W’ " @ g

20 40 60 80 100 120 140
Motoneuron #

s ’ |

= '

0]

€

3

5 {3

@ {

s | l {

o

T ‘ i % H

o | ‘\ * 4 '
90 ¢ ' H ! }

8-12 12-16 16-20 20-24 24-28 28-32

Firing rate (Hz)
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increased number of missed spikes, as illustrated in two O dB cases: 10 % (A) and 30 % of maximum excitation (B). The latest recruited units in the pool were
identified (RoA>90 %) with high spike train agreement (C), showing that the decomposition algorithm easily finds units with the largest amplitude twitches.
Although not simultaneously, we can also study the full motor unit (MU) pool by detecting units at different excitatory max levels. (D) Out of all the identified units
with spike train agreement above 90 %, we found they varied in firing rates from about 8 Hz to almost 35 Hz.

mixture of a new set of sources, which contains the original sources and
their delayed versions:

X(t)= 1 (), %1 (E=1), -+, X (£), X (t = 1), -+, Xm(t = R+ 1)]T,
S(6)= [s1(t),s1(t = 1), -+, Sk (t), Spek(t — 1), -+, Sper (t =L — R + 2)]7,

B(t)= [01(8), 01 (t = 1), -, O (1), Om(t = 1), -+, On(t =R+ 1)]",

where L denote the finite duration of the impulse responses and R denote
delayed observations as described in the literature [3,14]. In matrix
form, we have:

X(t) = AS(t) + &(t)

This representation enables a simple implementation using the fixed-
point iterations approach [3,15] to estimate the sparse sources s(t) by
finding the projection (separation) vectors.

For practical reasons, we consider a sliding region of interest (ROI)
instead of using a full image sequence as input to the convolutive BSS
method, similar to previous works [1,3,16]. Here, we chose non-
overlapped ROIs of size 20x20 pixels corresponding to 6x6 mm for the
in silico experiments (100x100 pixel images) and slight overlap (for
ROIs furthest to the right and bottom) in the in vivo experiments
(119x128 pixel images). The ROI size was set to be large enough to
capture parts of a MU territory, which normally has a diameter of about
5 mm [17], but small enough to maintain the computational load
limited. We found 20x20 pixels (6x6 mm) to be a good compromise,
although other ROIs will likely work equally well. Next, the ROIs were

vectorised, z-scored, and extended with R = 20 delayed versions of each
observation. Then, the mean was subtracted along each dimension
before whitening the extended observation matrix X(t) using the
eigenvalue decomposition of the covariance matrix to induce uncorre-
lation for time lag zero and unit variance.

After removing stationary, temporal, and spatial white noise by
applying a 70 % threshold and assigning those eigenvalues smaller than
the threshold to noise [3,18], we kept the 100 first eigenvalues for the
final stage of the pipeline (except for the no-noise simulation case, where
we kept the 400 eigenvalues). As discussed in previous work, the
number of eigenvalues used for selection should be subject-specific for
optimal performance. However, in this study, using the 100 first ei-
genvalues provided results close to optimal in both simulations and
experimental data. After this step, we applied a fixed-point algorithm
with a Gram-Schmidt orthogonalisation [15] to estimate the projection
vectors. This estimation was based on maximising the sparsity of the
source vector using the same gradient functions as in the original work
[3]. Since the estimated sources are not ideal spike trains with zeros and
ones, we applied a blind deconvolution method [19] on each estimated
source to identify the time instants of the spikes. Note that the param-
eters in the convolutive BSS method are not tuned in the in silico or in
vivo experiments; we use the same fixed parameters in both. For more
details about the implementation including the pseudo algorithm, see
the original work proposing the method [3].

2.5. Quantifying decomposition accuracy

To quantify the accuracy of the convolutive BSS method in esti-
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mating neural spike trains upon a varying degree of fusion of the tetanic
contraction and varying twitch-like shapes, we calculated the rate of
agreement (RoA) between estimated and reference spike trains (ground
truth or EMG). The metric is defined as RoA = %S where CS
denote the number of correctly identified spikes, MS denote the number
of missed spikes, and FS the number of false spikes, given a tolerance
window being set to [0,30] ms, which is the length used in previous
studies [1,19,20]. Although it is not fully understood why this tolerance
window seems optimal [19], it is likely due to the time instant of the
maximal velocity of a twitch profile being up to around 30 ms [5]. Since
the successive twitches may have various shapes, the time instant of the
maximal gradient differs within this time window. The tolerance win-
dow was chosen large enough to include a potential substantial offset in
the comparison of estimated and correct spike trains. Once the offset was
compensated, the variability in the error between each estimated and
correct firing instant was much more limited than 30 ms (within 5 ms).
We also quantified the time between a correctly estimated spike (CS)
and the simulated spike (defined as spike delta) and its variability (spike
delta variability).

We defined two separate criteria for a MU match, which are our
validation criteria. The first criterion was RoA > 90%. The second cri-
terion was the ratio between the true positives (CS) and the total number
of firings in the ground truth spike train (n), i.e., % > 90%. The second
criterion is included because it only considers the accuracy of identifi-
cation of ground truth spikes, in contrast to RoA, which is a combined
metric that includes false positives and false negatives.

For the in silico experiments, we selected one estimated source
(candidate MU) for each ground truth MU through maximum spike train
agreement (criteria above). For the in vivo experiment, we repeated the
same procedure but used the spike trains from intramuscular EMG as a

reference. However, the uptake area of the 40 electrodes in the thin-film
could not access all the units within the field of view of the US trans-
ducer (40x40 mm). The criteria to select estimated sources which were
not detected by EMG were firing rates above 5 Hz and below 35 Hz, and
the coefficient of variation of the ISI to be below 50 %. These broad
criteria lead to putative false positives, which we removed manually if
the sources looked like a mixture of units based on their instantaneous
firing rate curves. Finally, to remove duplicates, we calculated the cor-
relation between estimated sources. If the correlation was greater than
50 %, we kept the estimated source with the lowest discharge variability
while discarding the others.

2.6. Statistical analysis

Descriptive statistics of the rate of spike train agreement, number of
MU matches, and temporal correlations were quantified. We tested
whether the variation of sources’ amplitudes differed between those
from simulated data with equal and unequal successive twitch-like
shapes. In addition, we tested whether the variation of sources’ ampli-
tudes differed in experimental and simulated MUs (both for equal and
unequal twitches). We set a p-value of 0.05 for statistical significance.
All data processing was done using MATLAB Version: 9.13.0 (R2022b).

3. Results
3.1. In silico experiments

To investigate the accuracy of a convolutive BSS method in esti-
mating MU discharge times from US images that comprise varying

twitch-like shapes in response to neural discharges of each MU, and a
varying degree of fusion of the tetanic contraction, we first performed an
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Fig. 8. The delay between the ground truth and estimated spikes for the equal and unequal twitch cases in the in silico experiments did not differ (p < 0.001) and was
about 12 ms, ranging from 1 to 25 ms from unit to unit (A). Within each motor unit (MU), the variation was smaller for the equal twitch cases than for the unequal
twitch cases (p < 0.001) (B). Despite the large spike delta values, the small spike delta variation values imply a near-constant offset between the true and the
estimated firing times across the recording time. Hence, the offset does not introduce large errors in the series of discharges.

in silico experiment. Using the convolutive BSS method, we found that a
large population of identified MUs had a spike train agreement of at least
90 % with the ground truth spike trains (Fig. 5). The total number of
units with such spike train agreement depended on the level of additive
white noise, the percentage of excitatory drive max, and whether the
twitches were set to be equal or unequal over time within each MU. The
performance was significantly superior without added noise, as ex-
pected. Yet, it is useful to include the “null” case in understanding how
noise affects the decomposition algorithm. For example, the full moto-
neuron pool and their neural spike trains can, in theory, be accurately
identified if no white noise is present (Fig. 5, blue solid lines). The worst
performance was for the unequal successive twitch case and 0 dB white
noise (Fig. 5, yellow dashed lines), with ~ 60 units found corresponding
to ~ 65 % of the active pool at 10 % excitatory max and ~ 20 units found
corresponding to ~ 10 % of the active pool at 100 % excitatory max.
Although the unequal successive twitch-like shapes affected the
number of identified units with high spike train agreement, we found
that this was mainly due to the increased number of missed spikes, as
illustrated in two cases with 10 % (Fig. 6A) and 30 % of excitatory max
(Fig. 6B) and 0 dB white noise added. The lower amplitudes can explain
these missed spikes in the sources for the peak detection method. The
lowest possible detectable twitch amplitude depends partly on noise
level, but also on the relative amplitudes of the other active units
(Fig. 6C). We also found that the latest recruited units in the pool were
identified with high spike train agreement (Fig. 6C), showing that the
decomposition algorithm easily finds units with the largest amplitude
twitches (latest recruited). However, at 10 % of excitatory max, all the

units could be identified independently from the noise level. Although
not simultaneously, we can also study the full MU pool by detecting
units at different excitatory max levels (Fig. 6C). Finally, the identified
units with spike train agreement above 90 % had firing rates ranging
from about 8 Hz to 35 Hz (Fig. 6D), suggesting that the method main-
tains high accuracy even for high degrees of twitch fusion.

Fig. 7 shows an example of a source output (MU #100 at 30 % of the
maximum excitatory drive) for the equal (Fig. 7A) and unequal suc-
cessive twitch-like shapes (Fig. 7B) within each MU. We found that when
the twitches were equal, the variation of the sources’ amplitudes was
small compared to the unequal twitches (p < 0.001), which was
consistent for most MUs (Fig. 7C). Interestingly, we found that the
ground truth twitch amplitudes for MU #150 with unequal twitch-like
shapes were highly correlated with the amplitude of the sources
(Fig. 7D). This high correlation was consistent for most MUs (Fig. 7E).
We found this correlation was also true for other cases, such as when
multiplying a common mode signal with the compound signal (velocity
images), i.e., the weights and the decomposed sources were correlated
(not shown).

Given the identification of many MUs with a high spike train
agreement, the delay between the ground truth and estimated spikes
(spike delta) was, on average, ~12 ms, ranging from about 1 to 25 ms
depending on the MU, with no difference between equal or unequal
twitches (Fig. 8A) (p < 0.001). However, within each MU, the variation
in delay across successive twitches was smaller for the equal twitch cases
than the unequal twitch cases (p < 0.001). The average variation for
equal twitch cases was less than 1 ms (Fig. 8B). The variation for unequal
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Fig. 9. In the in vivo experiments, we found good matches between the identified and electromyography (EMG) reference units having a spike train agreement above
90% for two (A-B) motor units (MUs) at 5% of the maximum voluntary isometric contraction (MVC), as shown by the good alignment between the EMG detected

firing times (red) and the peaks in the ultrasound source estimation (blue).

twitches was about twice as long (about 2 ms), which was still a limited
value.

3.2. In vivo experiments

To explore the validity of the findings from the in silico experiment,
we performed an in vivo experiment on the TA muscle with thin-film
intramuscular EMG as a reference. Using the convolutive BSS method
with the same parameters as in the in silico experiment, we found good
matches between the identified and reference units having a spike train
agreement above 90 %. Fig. 9A-B illustrates two different matched MUs

in the 30-s recordings at 5 % MVC. However, after post-processing the
data offline, we found that the matched units were on the far left of the
US transducer’s field of view, thus the thin-film and probe were not well
aligned and the number of matched units between EMG and US was
relatively small.

We found a large number of sources not matched with spike trains
from EMG (Fig. 10), being highly similar in “spikiness” to matched units
in both simulated and experimental recordings in this study and in
previous work [3]. Moreover, these units had firing rates in the range
10-20 Hz, with low variation. Interestingly, we could identify units at all
the recorded force levels, including 20 % (Fig. 10A-B), 30 %
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Fig. 10. Three examples of sources from the in vivo experiments that did not match with spike trains from electromyography (EMG) but were highly similar in
characteristics to matched units in both simulated and experimental recordings. We could identify units at all the recorded force levels, including 20% (A-B), 30% (C-

D), and 40% MVC (E-F).

(Fig. 10C-D), and 40 % MVC (Fig. 10E-F). Note that these sources have
not been edited, contrary to what commonly done in EMG analysis
[13,21], to avoid any subjective element in the results shown.

As shown in Figs. 9 and 10, the amplitudes of the estimated sources
from the in vivo experiments varied. They were visually similar to the
unequal successive twitch cases from the in silico experiments
(Fig. 11A). We found that the variation of the sources’ amplitudes from
all the identified units in experimental data was higher than those from
simulated MUs at 10-30 % of maximum excitation with equal twitch
shapes and lower than those with unequal twitch shapes (Fig. 11B, p <
0.001).

The identified experimental MUs at 5-40 % MVC had varying firing
rates, from 8 to 16 Hz, and the distribution centred around 12 Hz
(Fig. 12A). In simulations at 10-30 % of excitatory max with unequal
successive twitch-like shapes, the identified MUs had a similar range of
varying firing rates from 8 to 18 Hz with a few up to 20 Hz, and the
distribution centred around 11 Hz (Fig. 12B). This indicates consistency
between the in silico and in vivo experiments in identifying units with
similar degrees of fusion at low-to-medium force and excitability levels.

4. Discussion

This study aimed to investigate the accuracy of a convolutive BSS
method, which theoretically assumes equal successive twitch profiles, in
estimating MU spike trains in US images comprised of 1) varying twitch-
like shapes in response to neural discharges of each MU, and 2) a varying
degree of fusion of a tetanic contraction. We performed in silico ex-
periments and explored the consistency of these findings with an in vivo
experiment. We report five main findings, where the first two answer the
study’s aims.

First, a large population of MU spike trains across different excitatory
drives and noise levels could be identified using the convolutive BSS
method, including when the individual MUs had varying twitches. The

10

identified MU spike trains with varying twitch-like shapes resulted in
varying amplitudes of the estimated sources, which were correlated with
the ground truth twitch amplitudes. The twitch amplitude variations
impacted the number of units with high spike train agreement (Fig. 5),
mainly due to missed spikes (Fig. 6). An adaptive blind deconvolution
step could therefore be useful, as discussed previously [3]. However,
performing so-called MU editing [13,21] by updating the projection
vector will also be required to refine these source outputs. To overcome
the post-hoc manual editing for online interfacing purposes, one should
consider an automated error correction method using deep metric
learning, as recently proposed [22]. Another issue is that current met-
rics, such as the pulse-to-noise (PNR) ratio [23] and silhouette (SIL)
value [14], used for assessing the quality of the decomposition output
are not optimal for varying amplitudes of estimated sources, and a new
metric, robust to this variation, is therefore needed. However, we found
that the amplitude variation of the sources from the in vivo experiments
was lower than the simulated variation, thus the simulation results with
twitch amplitude variations provide conservative estimates of accuracy.

Second, the identified spike trains had a wide range of firing rates,
indicating the method was still accurate at high degrees of fusion. The
unfused tetanus of a MU will oscillate around zero, regardless of the
firing rate and twitch shape, because the positive and negative parts of a
velocity contraction curve approximately cancel each other [8]. In these
isometric contractions, where the firing rates are not too high to fuse
fully, they still oscillate enough for detectability. However, in some
specific subjects or explosive or dynamic conditions, we should expect
complete fusion, and thereby, it would be impossible to detect the spike
trains indirectly. Another limitation of the technique is that there might
be no twitch in some pathological conditions in response to a neural
discharge. Nevertheless, in physiological conditions, we conclude that
MU spike trains can be identified for most part of the range of discharge
rates.

Third, the MUs with larger twitch amplitudes were easier to identify
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successive twitch-like shapes, the identified MUs had a similar range of firing rates (8-18 Hz) with a few up to 20 Hz, and the distribution centred around 11 Hz (B).

than those with smaller twitches. This finding suggests the method to be
biased towards later recruited units, confirming the detectability
assumption that a larger MU would have a greater effect on the velocity
field of the muscle with respect to a smaller MU, as it involves the
movement of more muscle fibres [6]. The question remains whether a

100-fold difference in twitch amplitude (velocity) between the first and
last recruited unit is realistic, as we applied this value to velocity
twitches adopting it from force twitches [9]. Moreover, as shown in
Fig. 6C, studying the full MU pool may be possible by detecting units at
different excitatory max levels. Although not confirmed in experimental
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conditions, this indicates the feasibility of studying the characteristics of
the pool of slow and fast MUs that could be important in diagnostics for
diseases involving the denervation of a specific MU type, such as ALS
and the early denervation of fast MUs.

Fourth, the in silico and in vivo results were consistent, although the
simulation model was a linear system, and we did not include non-MU
motions, such as due to connective tissue, bone movement, etc. Yet,
the output of the sources in simulation, which have been processed
similarly throughout the study, had characteristics similar to those of
experimental recordings, suggesting that the simulations still capture
important dynamics in experimental data. There are multiple ways of
improving the simulation model. For example, instead of simulating the
velocity field directly, one may simulate the US field using Field II [24]
and then use axial phase-shift correlation methods to obtain the velocity
images. Deep learning-based approaches are more appropriate for
making a more authentic simulation model, including non-MU activity,
e.g., using unsupervised domain-to-domain translation [25].

Fifth, the convolutional BSS method can identify MU spike trains in
US-based velocity images up to 40 % MVC. Previous studies using ul-
trafast US for MU identification and analysis have considered low forces
of up to 10 % [16,28], 20 % [6], and 30 % [20], and not with direct
identification of the spike trains. This is the first study showing MU spike
trains directly identified from US at 40 % MVC. Moreover, the in silico
experiments suggest the feasibility of identifying MU spike trains at even
higher force levels. As shown in Figs. 9 and 10, the decomposed outputs
have similar characteristics, i.e., spiky source outputs with varying
amplitudes, despite different force levels.

Physiologically, the displacement field during muscle contractions
can be considered a non-linear system, especially due to the connective
tissue and the push-and-pull on nearby units and tissue [6,25]. However,
this does not imply that we cannot detect all spikes from all motoneu-
rons because we only need to detect the twitch response to a neural
discharge, which should be one-to-one. On the other hand, the non-
linearities, other non-MU sources, and connective tissue likely affect
the detectability of the twitch onsets, e.g., through global or local
common mode signals. This could be a reason for missed low amplitude
spikes, e.g., Fig. 10A-B after 25 s. We briefly tested this idea by multi-
plying a pre-defined common mode signal by the image sequence where
the amplitudes of the decomposed sources were consistent with the
common mode signal. Therefore, we anticipate that removing the
common mode in experimental data will improve the MU yield, espe-
cially at higher forces. For example, one may use spatiotemporal
filtering like singular value decomposition directly on the raw US signals
to remove a selected set of singular values [26], as used in, e.g., func-
tional US location microscopy to discard global tissue motion and
improve the detection of microbubbles [27].

In conclusion, we analysed the accuracy of a convolutive BSS method
in estimating MU spike trains in US images comprising varying twitch-
like shapes in response to neural discharges of MUs and a varying de-
gree of fusion of a tetanic contraction. By performing in silico experi-
ments and exploring the consistency with an in vivo experiment, we
found the BSS method was robust in identifying MU spike trains under
varying successive twitch-like shapes, degrees of fusion, and force levels.
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