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Decoding the activity of the nervous system is a critical challenge in
neuroscience and neural interfacing. In this study, we present a neuro‑
muscular recording system that enables large‑scale sampling of muscle
activity using microelectrode arrays with over 100 channels embedded in
forearm muscles. These arrays captured intramuscular high‑density signals
that were decoded into patterns of activation of spinal motoneurons. In
two healthy participants, we recorded high‑density intramuscular activity
during single‑ and multi‑digit contractions, revealing distinct motoneuron
recruitment patterns specific to each task. Based on these patterns, we
achieved perfect classification accuracy (100%) for 12 single‑ and multi‑digit
tasks and over approximately 96% accuracy for up to 16 tasks, significantly
outperforming state‑of‑the‑art electromyogram classification methods. This
intramuscular high‑density system and classification method represent an
advancement in neural interfacing, with the potential to improve human–
computer interaction and the control of assistive technologies, particularly
for replacing or restoring impaired motor function.

1. Introduction
Neural interface research aims to restore or establish connections between the
nervous system and the external environment, for example, in individuals with
neurological impairments [1,2]. These interfaces, based on stimulating (encod‑
ing) and/or recording (decoding) of neural pathways, are used to assist individ‑
uals with disabilities or enhance the capabilities of healthy individuals. For this
purpose, the decoding of neural signals provides commands to virtual systems,
wearable robots or tele‑operated devices.

Direct brain signal decoding is the only option for severe impairments; how‑
ever, formany other applications, nerve ormuscle interfacingmay be preferable
[3,4]. The surface electromyogram (sEMG) is particularly simple to record and
is used in several interfacing applications [5–7]. Although recording signals
from muscle tissue is not a direct neural interface, the electromyogram (EMG)
captures the electrical activity produced by muscles, which reflects the neural
activation sent from the spinal cord’s output layers to the muscles [8]. There‑
fore, sEMG signals can be decoded to reflect the activities of individual spinal
motoneurons, which can then be mapped into estimated motor intent.
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Figure1. Experimental set-up and intramuscular high-density EMG recordings. Threemicroelectrode arrayswere implanted into the forearmmuscles of twoparticipants
and three high-density surface electrode grids were placed on the skin overlying the intramuscular recording sites. Two load cells per finger were used tomeasure flexion
and extension forces. Representative data are shown for intramuscular EMG, sEMG and force recordings. A schematic of the high-density intramuscular microelectrode
arrays, with a detailed zoom-in on the electrode tip, is shown

Despite the potential of sEMG‑based decoding of neural activity, current decoding and mapping systems are limited in accu‑
racy and, particularly, vary significantly in performance across individuals and conditions. The primary cause of this variability
is the dependence of surface EMG characteristics on the volume conductor separating the sources of signal (muscle fibres) and
the recording electrodes. Associated with this limitation are the sensitivity of sEMG features to electrode misplacement, typically
due to donning and doffing of the wearable device [9], and EMG signal cross‑talk [10,11]. These and other limitations of wear‑
able EMG sensors can be overcome with invasive electrodes. Recent advances in intramuscular EMG technology have provided
microelectrode arrays with tens of electrodes closely spaced with respect to each other (high‑density EMGmicroelectrode arrays)
[12,13].

Here, we present an innovative neural decoding system that extracts neural information from high‑density intramuscular EMG
(HD‑iEMG)microelectrode array signals, mapping precise discharge timings of the decodedmotoneurons into the executed tasks.
This system was experimentally validated offline in two healthy individuals, using three concurrently implanted intramuscular
electrodes in each participant (figure 1). The validation involved classifying single‑ and multi‑digit isometric tasks. The perfor‑
mance of HD‑iEMG mapping was then compared with(his ; (2) a highly accurate neural classifier (100% accuracy in single‑ and
multi‑digit tasks for 12 classes), using physiological and interpretable features; and (3) a comprehensive comparison of mapping
performance across invasive and non‑invasive high‑density recording modalities. These findings enhance our understanding of
neuromuscular control of the hand and have significant implications for neuroprosthetics and human–machine interfaces.

2. Results

2.1. Targeted muscle insertions
The recording of multiple high‑density intramuscular microelectrode arrays represents one of the key innovations of this study.
HD‑iEMG enables recordings from a significantly larger number of sites comparedwith traditional needle orwire electrode arrays
[14]. Furthermore, HD‑iEMG signals exhibit greater spatial and temporal sparsity thanHD‑sEMG, allowing for more precise anal‑
ysis of motoneuron activity [13]. In this study, three HD‑iEMG electrodes were inserted into the forearm muscles of two healthy
participants, with one electrode placed in each of the most relevant extrinsic muscles for finger flexion and extension. While sev‑
eral other forearmmuscles contribute to thesemovements, each electrode insertion is technically challenging and time‑consuming;
therefore, we selected three key muscles to balance feasibility with exhaustive signal acquisition. Interfacing with motoneurons
that control hand function poses inherent challenges due to the precise targeting required for intramuscular electrode placement
in the muscles responsible for dexterous control. Optimal electrode placement sites were determined via a magnetic resonance
imaging (MRI)‑ and ultrasound‑based anatomical assessment of the forearm. MRI was employed to gain a detailed understand‑
ing of the forearm muscle anatomy and to guide the insertion point and angle of the needles. Specific forearm points, based
on anatomical landmarks, were tracked using MRI markers across scans, allowing precise localization of marker positions and
detailed insights into forearm structure (figure 2A,B). Identification of the muscles with the ultrasound was aided by having par‑
ticipants performing voluntary contractions of the targetedmuscles. Each electrode array, comprising 40 platinum electrodes (140
μm× 40 μm) linearly distributed over 2 cm with 0.5 mm inter‑electrode (IED) spacing [13], targeted muscles involved in finger
flexion and extension. The insertion of each array was facilitated by a 25‑gauge hypodermic needle, which was attached to the
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Figure 2. Anatomical assessment of forearmmuscles and ultrasound-guided insertions. Muscle boundaries are highlighted in colour (EPL: pink; EDC: blue; EDM: yellow;
ECRB: green; FDS: red). (A) Posterior MRI of the right forearm. Yellow lines mark the levels of each cross-sectional scan in (B). (B) ForearmMRI scans from one participant
with targeted muscles outlined in colour. The first and second columns include a marker for tracking anatomical landmarks across views. The ulna and radius indicate
the forearm level at which each cross-sectional slice was obtained. (C,D) Ultrasound images during microelectrode array insertion for participant 1 (C) and participant 2
(D). The guiding needle is highlighted in white.

electrode with a guiding filament. Once the electrode was positioned, the filament was cut, allowing the needle to be removed
while the electrode remained securely in the muscle [13].

The first microelectrode array targeted the extensor pollicis longus (EPL) and extensor digitorum communis (EDC)muscles, ac‑
tivated for the extension of the thumb and the digits, respectively. A distal location in the forearmwas chosen to allow concurrent
monitoring of the two muscles with the same microelectrode. The second array was inserted transversely to target the extensor
digiti minimi (EDM) and the EDC, employing an unconventional technique that maximizes coverage of the muscles relevant to
digit extension. The third array targeted the flexor digitorum superficialis (FDS) muscle, chosen for its accessibility and essential
role in flexion tasks.

MRI provides a comprehensive anatomical view of the forearm, but practical constraints limit its use during needle insertions.
Once the electrode insertion points and general positioning were identified using MRI, precise muscle targeting during the ac‑
tual insertion was critical to avoid veins, arteries and nerves. This necessitated real‑time imaging guidance to ensure accurate
and safe insertion. A portable ultrasound device (Butterfly iQ+) was used to visualize the electrode paths to the target muscles in
realfigure 2C,D, for participant 1 and participant 2, respectively). Since the EDC and FDS have multiple compartments supplying
different fingers, it is difficult to determine the exact location being sampled; however, we attempted to target all compartments
by instructing participants to perform voluntary movements and verifying muscle activation. Post‑insertion, participants per‑
formed maximal muscle contractions (MVC) as a reference for submaximal tasks. This procedure also confirmed secure electrode
placement and minimized the risk of displacement.

While electrode placement followed the above rigorous procedure, some errors in the exact target placements occurred. For
example, the limited field of view of the ultrasound probe impeded the full tracking of themicroelectrode array targeting the EDM
for both participants (figure 2C,D, second row). The extension of the insertion to the boundary of the revis (ECRB) suggests that
the electrode might not have fully targeted the EDM, potentially failing to record specific information related to the little finger
tasks. Moreover, although the EPL was targeted in both participants (figure 2C,D, first row), the number of channels within the
muscle was relatively small. This potentially impacted the amount of information recorded from the EPL during these tasks.

2.2. Data characteristics
Concurrent recordings of HD‑iEMG and HD‑sEMG were obtained during flexion and extension tasks for each finger of the hand
individually and for four combinations of finger tasks. Two repetitions were recorded for each task. By decoding the electrical
activity into the spiking activities of spinal motoneurons, we performed classification analyses across multiple conditions. First,
we classified 16 classes of tasks, which included all individual finger contractions and three two‑finger combinations, in both flex‑
ion and extension. Next, we analysed the 12 classes that corresponded to tasks primarily controlled by the implanted muscles,
ensuring that these tasks involved contractions whose neural activity was captured by the intramuscular microelectrode arrays.
Finally, as a proof of concept for prosthetic hand control (one representative application of this mapping system), we selected
eight functionally relevant tasks, which are challenging to decode with current methods (see §.2 for more details).

Figure 3A presents a representative example of signals recorded from one of the intramuscular microelectrode arrays during
two different extension tasks, illustrating their spatial distribution across the array. The multi‑channel data recorded from all
three microelectrode arrays were independently decomposed to identify the spiking times of individual motoneurons (figures 3
and 4). On average, 27.1 ± 12.9 (participant 1) and 8.0 ± 6.1 (participant 2) motoneurons were identified from the HD‑iEMG per
task (mean and s.d. across two repetitions, the three electrodes and the 16 tasks). The average discharge rate of the decomposed
motoneurons across the two participants was 11.0 ± 3.9 pulses s−1. In contrast, the HD‑sEMG recordings yielded 5.1 ± 4.4 (partici‑
pant 1) and 1.8 ± 1.8 (participant 2) motoneurons on average. The average discharge rate of the decomposed motoneurons across
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Figure 3. Data characteristics. (A) A 0.5 s segment of HD-iEMG data captured during the extension from the EPL electrode of the little finger (left) and of the ring finger
(right). (B) Raster plots showing the neural activity extracted from the extension contractions of individual fingers for the second repetition for participant 1. The sections
within the dashed lines indicate the parts of the signal considered for this study. The y-axis for the motoneurons is not shared across plots. (C) Summed amplitude map
of motoneuron activities during the extension task of each finger and for each electrode (participant 1).

the two participants was 8.8 ± 3.1 pulses s−1. Due to the low number of motoneurons identified from the surface recordings, the
subsequent analysis was limited to motoneurons identified from the intramuscular recordings. Figure 3C presents the summed
amplitude maps of motoneuron activation during different finger extension tasks. These maps were generated by first computing
the spike‑triggered average for each motoneuron action potential, per electrode and per task, followed by normalization and rec‑
tification. The spike‑triggered averages were then summed across all active motoneurons for each electrode and task to highlight
the areas of the electrode array that were most active for each task. As shown in figure 3C, the electrodes exhibited task‑specific
activity, indicating localized activation within each array. This observation reflects the high spatial selectivity of each HD‑iEMG
channel. Notably, the EPL exhibited only slight activity during thumb extension but was more active during the extension of the
other digits. This pattern aligns with expectations (figure 2), as the EPL electrode placement did not optimally capture the targeted
muscle. In contrast, the EDCwas selectively active during the extension of all digits except the thumb, consistent with its anatom‑
ical function as the primary extensor of the index, middle, ring and little fingers. Additionally, substantial co‑contraction of the
flexor muscles was observed during digit extension, a phenomenon that is expected to stabilize the wrist and fingers during the
contraction. This was particularly evident in the FDS, which exhibited higher activation, likely due to its large muscle volume and
functional role in flexion and stabilization. While some improvements in insertion procedures may be needed in future studies,
the results indicated that the recorded information was of high quality for the subsequent analyses.

2.3. Decoding hand function
The following sections present the results of three offline analyses: (1) classification of all 16 classes of recorded tasks; (2) classi‑
fication of a subset of 12 classes associated with tasks primarily requiring the muscles that were targeted by the multi‑electrode
arrays (§2.1); and (3) classification of six (participant 1) and eight (participant 2) classes chosen as important for prosthetic control
[15] (considered as a potential application of the proposed decoding system). In all analyses, results are reported when using
three feature spaces: motoneuron discharge timings as decoded fromHD‑iEMG (figure 4A,B), RMS values for each channel of the
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Figure 4. Classification pipelines. (A) The HD-iEMG signals recorded by each electrode and task in the first recorded repetition were independently decomposed into
their constituent neural activities. The separation filters optimized in the decomposition to extract the discharge times were pooled into a dictionary of filters. (B) Classi-
fication using the motoneuron discharge times as features. The separation filters were applied to the HD-iEMG signals of each electrode and task, in the second recorded
repetition, generating a set of sequences of electrical pulses, also known as rains (IPTs). Each IPT was clustered into source and noise components. If the clustering quality
was robust, the source was accepted and segmented into sliding windows. Each time bin was assigned a class label based on the separation filter that produced the
corresponding source. Majority voting was applied across the set of IPTs for each segment. The final classification label was determined by the ratio of correctly labelled
segments to the total number of labelled segments. (C) Classification fromglobal EMG features. The rootmean square (RMS) values of the HD-EMG signals were extracted
and segmented into sliding windows. These formed the input to a linear C-support vector machine (SVM) classifier. The model was fit on the training data (repetition
one) and then applied to the test data (repetition two) for classification. The resulting output provided the final classification labels.

HD‑iEMG and RMS values for each channel of the HD‑sEMG (figure 4C). Additionally, in the first two analyses, we report results
from lower‑density iEMG and sEMG signals (configurations visualized in figure 5B,D, respectively). This analysis was performed
to investigate whether high‑density configurations were essential for achieving high prediction accuracy.

2.3.1. Full classification (16 classes)

In the analysis of motor tasks spanning all 16 flexion and extension categories, the motoneuron discharge timings decoded from
HD‑iEMG provided a perfect classification accuracy for participant 1 of 100% and an accuracy of 96.1% for participant 2 on av‑
erage across the tasks. The misclassification for participant 2 was exclusively related to the little finger, and it was due to the fact
that the electrode placement did not adequately target the EDM, the muscle primarily responsible for the activation of the little
finger. The accuracy using the decomposition from the HD‑iEMG recordings was higher than that achieved using the RMS values
of the HD‑iEMG (90.1% and 94.3%) or the RMS values of the HD‑sEMG (96.6% for participant 1, 76.5% for participant 2). Figure
6 presents the confusion matrices per participant and classification type.

2.3.2. Lower-density electrode configurations

When using low‑density EMG configurations, the accuracy decreased substantially comparedwith the high‑density systems, with
the bipolar intramuscular achieving 47.8% for participant 1 and 69.0% for participant 2, and the sEMG achieving 92.5% for par‑
ticipant 1 and 64.3% for participant 2. These results indicate that the reduction in accuracy when shifting from a high‑density to a
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Figure 5. The four electrode configurations considered in this study. (A) HD-iEMG electrode, 40 channels with 0.5 mm IED. (B) Lower-density iEMG electrode, two chan-
nels with 2 cm IED. (C) HD-sEMG electrode, 64 channels with 4 mm IED. (D) Lower-density sEMG electrode, eight channels with 4 mm IED.

Figure 6. Normalized confusion matrices illustrating the percentage of predictions for each of the 16 flexion and extension tasks, comparing true labels (y-axis) with
predicted labels (x-axis). The matrices show predictions for participant 1 on the first row and participant 2 on the second row, across different data types: HD-iEMG mo-
toneurons (first column), RMS values of HD-iEMG (second column) and RMS values of HD-sEMG (third column). N/A: class representing no predictions for a given bin.

lower‑density configuration for pattern recognition is particularly large for intramuscular recordings andmoremodest for surface
signals 16,17. The confusion matrices for the bipolar and low‑density sEMG signals are shown in appendix B, figure 9.

2.3.3. Targeted muscle classification (12 classes)

Figure 7 shows the confusion matrices for the classes fully captured by the electrodes, as confirmed by ultrasound imaging (figure
2). The classifier using motoneurons decomposed from HD‑iEMG signals reached 100% accuracy for both participant 1 and par‑
ticipant 2, which shows a perfect classification when targeting all muscle structures responsible for the tasks. The classifier using
RMS values from HD‑iEMG achieved an accuracy of 99.3% for participant 1 and 99.7% for participant 2, while the classifier using
RMS values from HD‑sEMG reached an accuracy of 95.3% for participant 1 and 71.4% for participant 2.

These results underscore the superior performance of intramuscular configurations over surface configurations for the classi‑
fication based on neural features. When the electrodes accurately targeted the relevant muscles, the classification accuracy was
100% in the two participants.
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Figure 7. Normalized confusion matrices illustrating the percentage of predictions for each of the 12 flexion and extension tasks, comparing true labels (y-axis) with
predicted labels (x-axis). The matrices show predictions for participant 1 on the first row and participant 2 on the second row, across different data types: HD-iEMG mo-
toneurons (first column), RMS values of HD-iEMG (second column) and RMS values of HD-sEMG (third column). N/A: class representing no predictions for a given bin.

2.3.4. Lower-density electrode configurations

On average across the two participants, the bipolar iEMG achieved an accuracy of 55.4% for participant 1 and 78.8% for partici‑
pant 2, while the sEMG achieved an accuracy of 89.1% for participant 1 and 57.2% for participant 2. These results show a notable
reduction in accuracy compared with high‑density configuration systems, highlighting the importance of a high‑density set‑up in
achieving high classification accuracy. The confusion matrices for the 12‑class classification from the lower‑density configurations
are shown in appendix B, figure 9.

2.3.5. Mapping specific functional classes (6 and 8 classes)

Figure 8 presents the classification results when focusing on the classes most relevant from a control perspective. Results are re‑
ported for six (participant 1) and eight (participant 2) classes (refer to §4 for details). The accuracy achieved from the motoneuron
activities decoded from HD‑iEMG was 99.4% for participant 1 and 100% for participant 2, while the accuracy from the RMS val‑
ues of the HD‑iEMG was 76.4% for participant 1 and 89.0% for participant 2. The accuracy from the RMS values of the HD‑sEMG
was 87.0% for participant 1 and 74.4% for participant 2. The effectiveness of using high‑density intramuscular EMG recordings
combined with motoneuron decomposition for the neural control of prosthesis is also demonstrated in this analysis by the very
high accuracy rates (>99%). This near‑perfect accuracy in classifying tasks typically used for prosthetic hand control indicates the
potential of the proposed interface in external device control.

3. Discussion
Decoding motor intent is critical for accurate control in neural interfacing systems. At the peripheral level, decoding performance
depends heavily on the type and quality of recorded muscle signals. We developed an advanced processing system capable of
decoding the precise discharge timings of spinal motoneurons by deconvolving HD‑iEMG recordings. These recordings capture
detailed neural signals from motoneuron pools, offering rich insight into the underlying motor control processes. The proposed
system enabled precise discrimination between hand tasks, which was successfully validated with high accuracy.

Given the high quality of the signals recorded from the intramuscular microelectrode arrays, we hypothesized that a system
leveraging the decoded activities of motoneurons could achieve near‑perfect accuracy in task classification. The accuracy of the
proposed mapping system was validated through a series of experiments. A novel signal classification method was applied to
the decoded series of discharge timings, achieving near‑perfect discrimination for six, eight and 12 classes (average >99%) and
very high accuracy for up to 16 classes (average >96%). While traditional HD‑iEMG and HD‑sEMG features demonstrated solid
performance (over 71%), the motoneurons identified through HD‑iEMG consistently yielded superior accuracy, exceeding global
features by 0.3–28.6%, depending on the conditions. The substantial improvement in classification accuracy is highly relevant for
applications in neuroprosthetics, as this increase in accuracy can significantly enhance the effectiveness and responsiveness of as‑
sistive devices, leading to better user experiences and outcomes. Moreover, in all tasks, the classification accuracy fromHD‑iEMG
motoneurons for the combined finger contractions approached 100% (figures 6 and 7).

Decoding motor intent can be approached through global EMG features or motoneuron discharge timings, each with distinct
advantages and challenges. Global EMG features represent the spatiotemporal convolution of many motoneuron discharges but
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Figure 8. Normalized confusionmatrix illustrating the percentage of predictions for each of the six (participant 1, first row) and eight (participant 2, second row) flexion
and extension tasks, comparing true labels (y-axis) with predicted labels (x-axis) across different tasks: motoneurons from the HD-iEMG (first column), RMS values of
HD-iEMG (second column) and RMS values of HD-sEMG (third column). N/A: class representing no predictions for a given bin.

are variable across individuals, particularlywhen recorded at the skin surface. This variability, alongside issues like amplitude can‑
cellation and cross‑talk, complicates precise control in complex tasks [18,19]. Due to these challenges, global HD‑sEMG achieved
classification accuracies ranging from 71% to 97%, highlighting variability in performance across tasks. Although relatively high
classification accuracies were achieved in some tasks, the reliance on features that are not directly linked to the underlying phys‑
iological mechanisms diminishes interpretability and presents challenges for clinical applications and motor control research.
Understanding the specific contributions of muscle groups and neural activity is essential for validating model predictions and
enhancing practical utility.

In contrast to global EMG features, motoneuron discharge timings provide a direct and physiologically relevant representation
of neural activity, closely reflecting the spinal‑level coding mechanisms of movement. By decomposing the EMG signals into their
constituent motoneuron activities, we demonstrated that motoneuron spike trains can serve as critical sources of information for
identifying complex tasks. This approach addresses the variability present in global EMG by separating neural information from
muscle fibre action potentials, ensuring that the shapes of action potentials do not influence classification outcomes. Addition‑
ally, this separation mitigates the effects of EMG amplitude cancellation and enhances spatial and temporal sparseness, thereby
reducing issues related to cross‑talk [20].

It is important to acknowledge that the motoneuron‑based classification method employed a preselection process to exclude
units with low decomposition accuracy. One might argue that this quality control step contributed to the superior performance
observed compared with global EMG features, which did not undergo equivalent selection procedures. However, we note that
the preselectionwas applied to ensure physiologically meaningful motoneuron identification rather than to artificially inflate clas‑
sification performance. The fundamental advantage of motoneuron‑based classification lies in its direct representation of neural
activity, which inherently provides cleaner and more task‑specific information than the spatiotemporally convolved global EMG
signal.

A key novelty of this work is the recording of high‑density data intramuscularly, enabling detailed and accurate decoding of
neural activity. The importance of intramuscular measurements is underscored by the large number of motoneurons that could be
decomposed per task. HD‑sEMG has also been used for motoneuron decoding [8] but it presents evident limitations with respect
to implanted systems. One of these limitations is that it typically allows for the decoding of fewer motoneurons. This limitation
is compounded by the challenge of accurately determining which muscles are activated, primarily due to a lack of spatial selec‑
tivity in the signals captured. This lack of resolution can lead to overlapping activity from adjacent muscles, making it difficult to
pinpoint specific muscle contributions during movement [18,19].

Precise targeting of the appropriate muscles and decoding of direct neural information resulted in nearly perfect decoding ac‑
curacy from the motoneuron activity derived from HD‑iEMG. Ensuring accurate muscle targeting remains critical for effectively
extracting useful information from these recordings. As we reported in §2.3.2, when there was high confidence in the targeted
muscles, the accuracy of classification from decoded motoneuron activities was 100%.

However, the reliance on invasive electrodes introduces practical challenges. Even with ultrasound guidance, electrode place‑
ment can result in suboptimal muscle targeting, as observed in our study where the EDM muscle was not accurately targeted in
participant 2, leading to specific misclassification errors for little finger tasks. These placement challenges are likely to be even
more pronounced in clinical applications such as prosthetic control, where electrode positioning is constrained by anatomical
factors including the level of amputation and the length of the residual limb. Future research should explore how restricted access
to recording sites influences classification accuracy compared with the comprehensive forearm coverage employed here.
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Lower‑density configurations were extracted from the HD‑iEMG and HD‑sEMG data to evaluate whether multi‑channel con‑
figurations were necessary for achieving high classification accuracies. The results showed that classification accuracy from global
EMG features dropped with fewer channels, more significantly so for the iEMG. Regarding the 16 class classification, the bipolar
iEMG configuration dropped by 40% for participant 1 and by 25% for participant 2 for 16 classes, while sEMG dropped by 4%
for participant 1 and just over 10% for participant 2. A similar trend was observed for the 12 classes. This highlights the impor‑
tance of high‑density configurations to accurately classify tasks from the EMG. It has to be noted, however, that in this study, we
compared each recording type with only a single low‑density configuration, which may not fully generalize to all conditions. On
the other hand, we believe that this provides a representative baseline for evaluating the impact of electrode density on classifica‑
tion performance. Similar results have indeed been obtained by changing the low‑density recording in pilot analyses (results not
shown).

In a recent study [21], we showed that both the number of identifiable motoneurons and the accuracy of their decomposi‑
tion depend on the number and density of channels in intramuscular microelectrode arrays. Consequently, classification based
on motoneuron activity would not be feasible with lower‑density configurations, as the decomposition methods used to extract
motoneuron signals require high‑density set‑ups. For this reason, we did not test decomposition‑based features in the case of
low‑density recordings.

Various approaches have been explored in previous research for classifying hand tasks from global EMG features. For eight
classes, time domain and deep learning methods have shown variable level of success, with accuracies ranging from 81.54% [22]
to 95% and about 91% [23]. A convolutional auto‑encoder combined with a convolutional neural network achieved 99% accuracy
for 10 finger tasks [24], but this approach was tested on a smaller set of 10 classes compared with the 16 and 12 classes used in our
study.

There have also been previous studies that presented results on the classification of motoneuron activities, extracted from
sEMG, associated with hand tasks. For example, neural drives to muscle regions were estimated by grouping motoneurons based
on the spatial location of their corresponding muscle units, achieving over 97% accuracy across 11 classes in patients with tar‑
geted nerve reinnervation [8], while similar methods using motoneuron action potential waveform activations reached around
95% accuracy for 11 classes [25]. A related technique employing motoneuron filters achieved 94.6% accuracy for 12 tasks [26].
Additionally, neuromorphic approaches have shown promise, with approximately 95% accuracy for 10 classes [27].

Overall, our method outperformed all previous approaches, achieving accuracies exceeding 99% for and 12‑class classifica‑
tion tasks and greater than 96% for 16 classes. Notably, the precision obtained from motoneuron activity significantly surpasses
prior results, highlighting the robustness and reliability of our system for decoding neural information. The use of motoneurons
not only enhances performance but also provides a theoretical framework for achieving 100% accuracy. As long as motoneuron
discharges are accurately detected, and each task involves at least one unique motoneuron, it becomes theoretically possible to
reach perfect classification. This implies that, with precise muscle targeting and continued advancements in decoding algorithms,
flawless performance is achievable—a potential we have already demonstrated in some cases in this study (e.g. 100% accuracy
for both participant 1 and participant 2 in the 12‑class classification). Reaching perfect, or almost perfect, accuracy in decoding
is essential, particularly in clinical and real‑world applications when even small errors can have significant consequences. For
assistive devices, such as prosthetic limb control, near‑perfect accuracy is often necessary to ensure reliable, intuitive and safe
operation. Errors in decoding can lead to unintended movements, frustration or even device rejection by the user. While simpler
systems may suffice for some applications, such as general activity recognition, tasks requiring fine motor control demand higher
accuracy to maintain usability and effectiveness. The present results bring us substantially closer to this goal.

Under the experimental conditions of our study, the proposed approach based on decoding motoneurons demonstrated su‑
perior accuracy compared with traditional pattern recognition methods. However, the small sample size, driven by the need for
intramuscular insertions, limits the generalization of these results. The study was conducted on two healthy men in a single ses‑
sion. However, sex‑ and age‑related differences in muscle architecture and motor unit properties could influence classification
performance in different demographic groups, thus the generalization of the results is still limited. Validation with a larger and
more diverse population is needed. Furthermore, the degree of stability of motoneuron recruitment patterns over extended time
periods remains unknown, as chronic electrode implantationmay introduce variability due to electrodemigration, tissue encapsu‑
lation or changes in the electrode–tissue interface. Future longitudinal studies will be essential for establishing the clinical viability
of this approach.

Transitioning to online implementation for real‑world applications presents significant challenges. Real‑time HD‑iEMG de‑
composition is computationally intensive, requiring high sampling frequencies to capture neural signals accurately [28]. While
advances in microprocessor speeds have made real‑time neural data processing more attainable, the challenge remains significant
due to the intensive computational demands, especially since even offline data recordings are often hindered by the high sampling
rates required (this problem is clearly exacerbated when increasing the number of channels, as in this study).

A promising future direction is the integration of spiking neural networks directly onto low powermixed‑signal neuromorphic
chips [29,30]. As decomposition methods continue to advance and become more capable of adapting to signal non‑stationarities
[31], implementing real‑time decomposition methods with neuromorphic electronic circuits will significantly accelerate the de‑
velopment of practical neural interfaces. The combination of adaptive signal processing and the computational efficiency of
neuromorphic architectures represents a crucial step towards deploying neural prosthetics and other neurotechnologies that rely
on real‑time neural decoding [32]. This integration would not only enhance the system’s ability to handle dynamic, real‑world
scenarios but also reduce the need for constant retraining.

Despite the clear advantages of intramuscular systems over non‑invasive ones, practical challenges hinder their widespread
adoption. Precise muscle targeting is essential, requiring careful planning and execution by trained personnel, as mis‑targeting
can lead to misclassifications. While increasing the number of electrodes may improve targeting accuracy, it also raises concerns
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about computational demands and real‑time processing requirements. Additionally, intramuscular systems introduce substantial
challenges beyond electrode placement. Their invasive nature increases the risk of infection, electrode migration and potential
tissue damage over time. Surgical implantation and the routing of leads present technical challenges, while transcutaneous con‑
nectors pose risks related to physical stability and long‑term biocompatibility. It is also important to acknowledge that our study
focused on well‑controlled isometric contractions, where signal decomposition is highly reliable, but the system remains untested
in dynamic, naturalistic conditions where movement alters action potential shapes.

In conclusion, we have proven the possibility of decoding the behaviour of the pools of motoneurons that physiologically in‑
nervate some of the muscles responsible for finger contractions. This decoding was demonstrated in two healthy individuals with
three implanted electrodes each and was shown to provide information that can be used for highly intuitive and accurate control
commands. The accuracy of control derived from motoneurons extracted from HD‑iEMG was near‑perfect for both participants
and was successfully tested across a range of conditions, encompassing 6 to 16 distinct fine finger tasks.

4. Methods

4.1. Data acquisition

4.1.1. Participants

Two healthy men, aged 39 and 30 years, were recruited for this study. Both participants had no history of neurological or muscu‑
loskeletal disorders that could affect motoneuron functionality. The small participant sample was due to the relatively complex
implant procedure, which included three microelectrode arrays per participant, with ultrasound‑guided insertion. All experi‑
mental procedures adhered to the ethical guidelines set by Imperial College London. The studies were performed according to
the Declaration of Helsinki, with an informed consent form signed by all participants before each experiment (ICREC Project ID
19IC5640 for the intramuscular recordings; JRCO Project ID 18IC4685 for the MRI acquisition).

4.1.2. Experiments

HD‑iEMG signals were recorded from forearm muscles using multi‑channel intramuscular electrodes designed for acute record‑
ings [12,13] (figure 5A). Additionally, three surface electrode grids (IED 4 mm) with 64 recording sites each (figure 5C) were
positioned over the targeted muscles to concurrently acquire HD‑sEMG signals. This configuration enabled concurrent measure‑
ment of the electrical activity bothwithin themuscle and at the skin surface. The EMG signals were acquired using amulti‑channel
amplifier (OT‑Bioelettronica, Torino, Italy). All EMG data were sampled at 10 240 Hz and digitized with 16 bit resolution. The
HD‑EMG signals were bandpass filtered (Butterworth, order 5) between 1004400 Hz (HD‑iEMG) and 20500 Hz (HD‑sEMG).
Recordings were made in single‑differential configuration with a reference electrode placed on the wrist.

The participants performed force‑tracking tasks following trapezoidal force trajectories at 15% of their MVC (figure 3B). These
tasks were executed individually for each finger (thumb, index, middle, ring and little finger) in flexion and extension. Addition‑
ally, forces were exerted by combinations of fingers (thumb and index; index andmiddle; middle and ring; index with middle and
ring; thumb with index, middle, ring and little finger) in flexion and extension, following the same trapezoidal profile. As shown
in figure 1, the fingers were constrainedwithin the flexion and extension load cell, ensuring no dynamic movement between states
was involved. During all tasks, participants maintained isometric contractions, focusing on the specified contractions. Each trial
consisted of a 1 s initial rest period, followed by a 3 s ramp phase (5% MVC s−1), a 20 s constant‑force hold and a ramp‑down
phase (5%MVC s−1), concluding with a 1 s rest period. A 2 min rest was provided between contractions to minimize fatigue. Two
repetitions were recorded for each task.

A total of 20 types of contractions (classes) were performed. In the following, these classes were labelled as follows: thumb flex‑
ion (T‑F), index flexion (I‑F), middle flexion (M‑F), ring flexion (R‑F), little flexion (L‑F), thumb and index flexion (TI‑F), index and
middle flexion (IM‑F), middle and ring flexion (MR‑F), index and middle and ring flexion (IMR‑F), thumb and index and middle
and ring and little flexion (TIMRL‑F), thumb extension (T‑E), index extension (I‑E), middle extension (M‑E), ring extension (R‑E),
little extension (L‑E), thumb and index extension (TI‑E), index and middle extension (IM‑E), middle and ring extension (MR‑E),
index and middle and ring extension (IMR‑E) and thumb with index, middle, ring and little extension (TIMRL‑E).

We classified the different tasks with a series of analyses. First, we attempted the classification of 16 classes that included all
individual fingers in flexion and extension, and three combinations involvingmultiple fingers (T‑F, I‑F, M‑F, R‑F, L‑F, IM‑F,MR‑F,
IMR‑F, T‑E, I‑E, M‑E, R‑E, L‑E, IM‑E, MR‑E, IMR‑E). Then, we focused on the tasks mostly associated with the targeted muscles,
which resulted in 12 classes: I‑F, M‑F, R‑F, IM‑F, MR‑F, IMR‑F, I‑E, M‑E, R‑E, IM‑E, MR‑E, IMR‑E. Finally, as a proof of concept
of a specific application of the mapping system—the control of a prosthetic hand—we selected tasks that are functionally im‑
portant for amputees and challenging to decode with state‑of‑the‑art methods [15,33]. This group of tasks included power grip
(TIMRL‑F, TIMRL‑E), pinch (TI‑F, TI‑E) and individual index/thumb finger activation (T‑F, T‑E, I‑F, I‑E), for a total of eight classes.
All tasks were performed isometrically, with the corresponding fingers activated simultaneously. However, the power grip class
was excluded for participant 1 due to the inability to correctly perform the coordinated contractions of the thumb, index, middle,
ring and little fingers. Specifically, participant 1 exhibited oscillations in the force applied by the little finger, with fluctuations of
amplitude of around 7%MVC. These force variations led to inconsistent activation of the motoneurons, which were subsequently
removed by the automatic cleaning process. As a result, the last analysis resulted in six classes for participant 1 (T‑F, I‑F, TI‑F, T‑E,
I‑E, TI‑E) and eight for participant 2 (T‑F, I‑F, TI‑F, TIMRL‑F, T‑E, I‑E, TI‑E, TIMRL‑E).
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4.1.3. Instrumented platform

Afinger force measurement platformwas designed to be adaptable to different hand sizes, adjustable in wrist angle and equipped
with high‑resolution and cost‑effective load cells to capture force signals. A 10mmpolycarbonate board was used for the platform
body because of its light weight. Precision laser‑cutting of load cell rails was executed using CAD software. The platform features
ten 10 kg TAL220 load cells (two per finger, one for flexion and one for extension), selected based on the maximum observed male
exertion forces of 7–8 kg [34,35]. The load cells are mounted on adjustable rails with rolling pins and connected to 3D‑printed
mounts to accommodate varying finger thicknesses. The EMG signals and the force data were acquired simultaneously by zing
the set‑up for accurate force measurement across various hand sizes.

4.2. Classification
We examined the accuracy in classifying intended motor tasks into predefined categories by comparing two approaches: one that
used decomposed motoneuron activity (i.e. the timings of motoneuron discharge events) and another that used global features
derived from the interference signal (e.g. signal amplitude).

To classify tasks using motoneuron behaviour, the HD‑iEMG signals were decomposed into the contributing motoneurons.
The filters associated with each source (motoneuron) were aggregated into a comprehensive dictionary of filters for each task.
Figure 4A provides a schematic representation of this filter bank. In the diagram, each colour corresponds to a different class
label, indicating the specific task being represented. The width of each bar reflects the number of filters associated with that task,
illustrating how many motoneuron filters contribute to the classification of each specific task. The zoomed‑in section within the
magenta box offers a closer look at a representative filter from the pooled filter bank. This filter visualizes the amplitude of the
motoneuron across different channels, providing insights into how the neural activity is distributed spatially across the electrode
array. Conversely, for global EMG classification, the RMS of the EMG signals served as the feature for a C‑SVM classifier (figure
4C). To mimic a real‑life mapping system, the calibration phase was conducted using the first recorded repetition, and the testing
phase was performed using a repetition recorded later in the day.

4.2.1. Finger task classification based on motoneuron behaviour

Motor unit spike trains were extracted through blind source separation of HD‑iEMG recordings obtained during isometric finger
tasks at 15% MVC (see appendix A for more details on EMG decomposition). The tasks included individual finger flexion and
extension as well as multi‑finger combinations performed isometrically. The decomposition process produced task‑specific sets of
motoneuron filters, which were pooled to create a comprehensive bank of motoneuron action potential filters 𝔽𝔽𝔽i ∈ℝN×M, where
N represents the total number of extracted motoneuron filters andM the number of EMG channels. Each motoneuron filter 𝔽𝔽𝔽i in
this set was labelled according to the specific finger movement task it was derived from (e.g. thumb flexion corresponding to class
0).

These reference motoneuron filters from the 15% MVC contraction were then applied to the multi‑channel iEMG signals
Ej∈ℝM×DR , whereDR is the duration of the recording, recorded during a separate 15%MVC trial involving all fingers performing
both flexion and extension contractions. This produced the corresponding discharge timings, represented as IPTs Iij ∈ℝN×DR for
each motoneuron i and task j. Each IPT Iij was clustered to separate the peaks (i.e. the source) from the noise components. Only
motoneurons with robust clustering quality (silhouette value >0.9), physiological discharge periodicity (coefficient of variation
<35%) and firing rates within the physiological range for isometric contractions (mean discharge rate 30 Hz) were retained for fur‑
ther processing. The discharge timings of these units were temporally segmented into 100 ms time bins with <50% overlap. This
window was selected to be long enough for reliable classification while remaining short enough to minimize delay in real‑time
control applications. The windowing resulted in a binary matrix B∈ℝN×K, where K represents the number of bins. For each time
bin k, the corresponding class label was assigned according to the filter 𝔽𝔽𝔽i that produced the source, creating a final label vector
L∈ℝK. If no predictions were made for a given bin (i.e. no motoneurons were active), it was labelled as N/A. Finally, for each
time bin, the class with the majority of votes was assigned to that bin. If there were no predictions overall for a bin, it was labelled
as N/A and counted as a misclassification in the final accuracy calculation. The method, therefore, relies on unique motoneurons
being consistently active throughout the entire task. Figure 4A,B shows a schematic of the method.

4.2.2. Finger classification based on global

For myoelectric decoding of dexterous hand tasks, a linear SVM classifier with an L2 regularization penalty factor of 0.1 was em‑
ployed (figure 4C). The SVM classifier is a widely used method in EMG pattern recognition [36–38]. The HD‑EMG signals were
bandpass filtered (Butterworth, order 5) between 1004400 Hz (HD‑iEMG) and 20500 Hz (HD‑sEMG) to remove noise. Global nor‑
malization factors based on the maximum absolute value across the pooled training set were derived and applied to the test set
for consistent scaling. Outlier channels with baseline noise exceeding 3 s.d. from the training mean were removed from all train‑
ing and testing data. The pre‑processed EMG was segmented into 100 ms intervals, with 50% overlap using a sliding window,
preparing the bins similarly to how they were organized for the classification based onmotoneurons. The RMS values of the EMG
were extracted as the input features. This was done in the same way for both surface and intramuscular high‑density recordings.
Moreover, to simulate a lower‑density iEMG electrode configuration, we selected the first and last channel for each electrode,
resulting in an IED of 2 cm (figure 5B). The difference between the two electrodes was computed for each array, resulting in three
electrodes, currently being tested to control multifunction hand prostheses [39–41]. For the sEMG, we selected eight channels
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in the central column of the electrode grid, mimicking the configurations found in commercial low‑density systems such as the
MYOband (figure 5D).
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Appendix A. Decomposition
The EMG signals were decoded into the discharges of the corresponding motoneurons via a blind source separation algorithm
[42].

Multi‑channel EMG signals represent combined mixtures of motoneuron spike trains. Each recorded signal, i.e. each EMG
channel, is the summation of the convolution of unknown finite impulse response filters, corresponding to motor unit action po‑
tentials, with their respective sources, i.e. the sequences of motoneuron discharge timings. To make the deconvolution (i.e. EMG
decomposition) possible, this combined mixture can be converted into a linear instantaneous mixture by extending the sources to
include the originalN sources and their delayed versions, with delays ranging from 1 to the filter length L. Similarly, theM original
observations are extended by a factor R to ensure there are more observations than sources [43].

For each time sample (k), indicating the sources, observations and noise, respectively, with s
=
(k) = [s1(k), s2(k),… , sN(k)]

T , x
=
(k) =

[x1(k), x2(k),… , xM(k)]
T and n

=
(k) = (n1(k),n2(k),… ,nN(k))

T, where T is the transpose operator, the extended model is as follows:

x̃
=
(k) = [H̃

=
s̃(k) + ñ

=
(k)] for k= 1,… ,DR, (A 1)

where DR is the duration of the recording in samples, and with the extended sources, observations and noise as s̃(k) =
[s̃1(k), s̃2(k),… , s̃n(k)]

T, x̃(k) = [x̃1(k), x̃2(k),… , x̃M(k)]
T and ñ(k) = [ñ1(k), ñ2(k),… , ñN(k)]

T, where

s̃j(k) = [sj(k), sj(k − 1),… , sj(k − L − R)], j= 1,… ,N

x̃i(k) = [xi(k), xi(k − 1),… , xi(k − R)], i= 1,… ,M

ñi(k) = [ni(k),ni(k − 1),… ,ni(k − R)], i= 1,… ,M

The mixing matrix representing the filters is

H̃
=
=
⎡
⎢
⎢
⎢
⎣

h̃11 ⋯ h̃1N
⋮ ⋱ ⋮

h̃M1 ⋯ h̃MN

⎤
⎥
⎥
⎥
⎦

with

hij =

⎡
⎢
⎢
⎢
⎢
⎢
⎣

hij[0] ⋯ hij[L − 1] 0 ⋯ 0

0 ⋱ ⋱ ⋱ ⋱ ⋮

⋮ ⋱ ⋱ ⋱ ⋱ 0

0 ⋯ 0 hij[0] ⋯ hij[L − 1]

⎤
⎥
⎥
⎥
⎥
⎥
⎦

,

where hij the action potential of the jth motoneuron recorded at the channel i. The noise in model (A1) includes both electronic
interference and the activity ofmotoneurons at the skin surface, depicted by low‑energy action potentials that cannot be separated.
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The linear instantaneous model in equation (A1) is inverted to retrieve the matrix of extended and spatially whitened sources.
The inversion of the matrix is performed with an iterative gradient descent optimization procedure with a contrast function that
maximizes the independence, or sparseness [43], of the estimated sources. This method extracts the motoneuron discharge tim‑
ings associated with individual motoneurons and the unique representation of the associatedmulti‑channel action potentials. The
estimated sources are trains of delta functions centred at motoneuron activation instants, with varying amplitudes due to the esti‑
mation process. To separate the discharge timings from the baseline noise, K‑Means clustering is applied to the estimated sources,
comparing each candidate peak with the surrounding peaks.

Several blind source separation approaches have been proposed in the literature [13,44–48]. However, these methods often
struggle to separate sources when their waveforms are similar, resulting in overlapping signals. Current contrast functions and
nonlinear metrics are not optimized to resolve these overlaps. We thus utilized a novel algorithm, Swarm‑Contrastive Decom‑
position [42,49], that addresses these limitations by using an adaptive contrast function that enhances spike sorting accuracy by
adapting to the unique characteristics of spiking distributions.

Appendix B. Lower-density configuration

Figure 9. Normalized confusion matrices illustrating the percentage of predictions for each of the 16 flexion and extension tasks, comparing true labels (y-axis) with
predicted labels (x-axis). The matrices show predictions for participant 1 on the first row and participant 2 on the second row, across different data types: RMS values of
simulated bipolar (first column), RMS values of 8-channel sEMG (second column). N/A: class representing no predictions for a given bin.

Figure 10. Normalized confusion matrices illustrating the percentage of predictions for each of the 12 flexion and extension tasks, comparing true labels (y-axis) with
predicted labels (x-axis). The matrices show predictions for participant 1 on the first row and participant 2 on the second row, across different data types: time domain
and RMS values of simulated bipolar (first column), time domain and RMS values of 8-channel sEMG (second column). N/A: class representing no predictions for a given
bin.
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