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Long-Term Upper-Limb Prosthesis Myocontrol
via High-Density sSEMG and Incremental Learning

Dario Di Domenico'?"*, Nicoldo Boccardo' 3+, Andrea Marinelli’*, Michele Canepal»3*,

Emanuele Gruppionil**#, Matteo Laffranchi'¥, Raffaello Camoriano

Abstract—Noninvasive human-machine interfaces such as sur-
face electromyography (sEMG) have long been employed for
controlling robotic prostheses. However, classical controllers are
limited to few degrees of freedom (DoF). More recently, machine
learning methods have been proposed to learn personalized
controllers from user data. While promising, they often suffer
from distribution shift during long-term usage, requiring costly
model re-training. Moreover, most prosthetic SEMG sensors have
low spatial density, which limits accuracy and the number of
controllable motions. In this work, we address both challenges
by introducing a novel myoelectric prosthetic system integrating a
high density-sSEMG (HD-sEMG) setup and incremental learning
methods to accurately control 7 motions of the Hannes prosthesis.
First, we present a newly designed, compact HD-sEMG interface
equipped with 64 dry electrodes positioned over the forearm.
Then, we introduce an efficient incremental learning system
enabling model adaptation on a stream of data. We thoroughly
analyze multiple learning algorithms across 7 subjects, including
one with limb absence, and 6 sessions held in different days
covering an extended period of several months. The size and
time span of the collected data represent a relevant contribution
for studying long-term myocontrol performance. Therefore, we
release the DELTA dataset together with our experimental code.

Index Terms—Prosthetics, Incremental Learning, Electromyo-
graphy, Rehabilitation, Upper Limb Prosthesis Control.

I. INTRODUCTION

UMAN interaction with the surrounding world is largely
achieved through the execution of dexterous hand mo-
tions requiring synergical coordination between forearm mus-
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Fig. 1: Proposed system scheme. Pre-processed HD-sEMG
signals xp at step k are fed to the classifier Cp, which
predicts the prosthesis gesture ¢i. ¢ is filtered via time-
window majority voting to improve control robustness. The
dashed box shows the incremental model update process.

cles to govern fingers and wrist movements. The loss of an
upper limb severely affects an individual’s life, resulting in
both social and psychological challenges. Advancements in
prosthetics and robotics can represent a source of empow-
erment for subjects facing such challenges, as they enable
the recovery of crucial functions, thus fostering greater inde-
pendence. Over the past decade, upper limb prostheses have
undergone significant enhancements, developing into actual
robotic devices with multiple Degrees of Freedom (DoFs) [1].
Concurrently, advancements in myoelectric control (myocon-
trol) have given rise to innovative approaches for the actuation
of such complex devices, relying on electromyography (EMG)
of residual muscle activity to encode the desired motions [2].

Nowadays, most available prosthetic solutions still rely on
dual-site muscle contractions to trigger device movements,
which in principle allow direct control of two actions only.
If more actions are available, the user can manually select
the desired grasp or gesture configuration among several
pre-recorded ones through remote control, apps, or physical
buttons. This results in considerable delays and unnaturalness
in daily tasks, leading to dissatisfaction and diminished trust
in the prosthesis [3]. Prosthetic control strategies also include
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threshold-based on/off or proportional control and pattern
recognition methods [4]. With the purpose of alleviating cog-
nitive burden and enabling intuitive and precise myocontrol,
researchers are also investigating the application of machine
learning (ML) to predict desired hand motions [2], [5]. Despite
these advancements, learning-based control strategies are not
broadly employed yet in clinical applications, mainly due to
their poor ability to compensate for the variability over time of
EMG signals caused by muscle fatigue, limb position effect,
sweat, and electrodes shift [6]. To address these issues, in this
work we present three primary contributions:

o HD-sEMG setup: we introduce an innovative HD-sEMG
acquisition setup featuring 64 dry electrodes evenly dis-
tributed across the surface of the forearm. This setup aims
to increase the amount of captured information while
ensuring comfortable wearability, facilitated by a fully
dry acquisition interface;

¢ Incremental HD-sEMG classification pipeline: we
propose an efficient and accurate incremental learning
pipeline to address distribution shifts in HD-sEMG data
over multiple days and achieve adaptive prosthesis my-
ocontrol. Our proposed solution targets everyday prosthe-
sis usage, where subjects need to swiftly adapt the control
model with limited data;

o« DELTA dataset: DELTA is a unique new benchmark
for long-term incremental learning on HD-sEMG data.
We release the data acquired from 7 subjects, including
one with limb difference, over 6 sessions across almost
4 months along with the code used in our experiments.

II. RELATED WORKS

Machine learning for prosthetic myocontrol: among the
relevant applications of supervised learning for myocontrol,
we recall the early study on amputees controlling a prosthesis
via pattern recognition and outperforming conventional
myocontrol during clinical tests [7]. Enhancing myocontroller
robustness and adaptability is a longstanding goal. Data-
efficient approaches involving humans annotators result
in improved adaptation with minimal data [8]. Another
well-known yet computationally expensive strategy is joint
training across acquisition sessions [9]. Supervised adaptation
methods update model parameters on few samples of different
data distributions [10], [11], while in [12] model pre-training
across subjects enables data-efficient adaptation. Recently,
unsupervised learning has been employed to facilitate co-
adaptation between the controller and the user [13]. Moreover,
incremental learning approaches update models on streams
of data to improve accuracy on related tasks (class/task
incremental) [14] or tackle the distribution shift of EMG
data (domain incremental) [15]. Domain incremental methods
proved effective in predicting finger forces from SEMG
signals to teleoperate a robotic arm [16], as well as for the
on-edge deployment of classifiers for gesture recognition [17].
While tackling SEMG distribution shift, previous works only
considered short time frames disregarding long-term changes
occurring in real-world conditions. This work specifically
targets the long-term stability of myocontrol systems tailored

TABLE I: HD-sEMG datasets comparison.

Dataset  SEEDS ~ EMaGer CapgMyo Hyser csl-hdemg | DELTA
Properties [23] [19] [24] [25] [26] (ours)
# Subjects 25 12 10-18 20 5 7
Amputees X X X X X v
# Sessions 1 2 2 2 5 6
# Repetitions 6 10 10 2 10 10
# Gestures 13 6 8-12 34 27 7
# Electrodes 126 (+8) 64 128 256 192 64
Type wet dry wet wet wet dry
Frequency [Hz] 2048 1000 1000 2048 2048 2000

to gesture recognition in prosthetic applications.

High-Density SEMG sensing: several HD-sEMG acquisition
systems have recently been presented involving multiple
SEMG electrodes positioned on a localized area of the
body. In traditional HD-sEMG technology, conductive cream
is commonly applied to minimize skin-electrode artifacts,
especially when the A/D converter is distantly located from
the acquisition point. Despite signal quality limitations, a dry
acquisition bracelet has been developed for convenient use
and wearability [18], while employing data augmentation
to provide shift invariance [19]. Other solutions include
lightweight and screen-printed HD-sEMG arrays both with
wet [20] and dry [21] skin-electrode interface. We introduce
a dry HD-sEMG personalized acquisition interface featuring
64 sEMG electrodes equally distributed over the target
surface. The dry interface improves wearability, making
it easier to use. Unlike previous works, our setup allows
for the integration of the liner into an actual prosthesis (Fig. 1).

Open myocontrol datasets: in [22], an early effort to publish
low and medium-density EMG data is presented. Several HD-
SEMG datasets are also available in the literature, as summa-
rized in Table 1. SEEDS [23], EMaGer [19], CapgMyo [24],
and Hyser [25] encompass multiple subjects and gestures,
yet fail to address temporal shift. csl-hdemg [26], includes
data acquired over 5 sessions in which the wet HD-sEMG
array is placed in slightly different positions. In contrast with
previous works, our DELTA dataset includes long-term HD-
SEMG acquisition periods and include a prosthetic end-user.

III. BACKGROUND

In this Section, we outline the ML methods employed in
this work. We focus on supervised classification, in which a
classifier mapping input features to output classes is trained
on labeled examples to minimize the expected loss. We
consider batch and incremental classifiers. In the batch set-
ting, the classifier is trained on a fixed training set, while
incremental methods progressively update it on a stream
of examples. We conduct comparative experiments between
7 batch classification methods: k-Nearest Neighbors (kNN),
Linear Discriminant Analysis (LDA), Multi Layer Perceptron
(MLP), Random Forest (RFor), Random Features Support
Vector Machine (RF-SVM), Regularized Least Squares for
Classification (RLSC [27]), Random Features RLSC (RF-
RLSC), and the incremental variants of (RF-)RLSC. We in-
clude both linear and nonlinear methods to determine whether
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the greater approximation capacity of nonlinear classifiers
results in higher accuracy, especially under the large domain
shift occurring in long-term HD-sEMG data. We now recall
the key elements of RLSC and RF-RLSC in their batch and
incremental formulations.

RLSC: consider a training set D = {z;,y;}!*, with inputs
z; € X CR™ consisting of m sEMG channel measurements
and class labels y; € Y = {1,...,c¢} encoding the associated
desired movements. RLSC consists of a linear model with
weight matrix W € R™*¢. Since RLSC employs the squared
loss, the optimal weights W minimizing the regularized em-
pirical risk can be computed in closed form as:

W=(X"X+A\,) X"y, (1)

where X € R™*™ and Y € R"*¢ are the matrices of stacked
input (z;) and output (y;) vectors, respectively. The batch
training computational cost is O(n-m?+m?). The predicted
label § € Y for a new input x € X’ can be computed as

§ = f(z) = argmax{W ' z}. 2)

Incremental RLSC: incremental learning algorithms sequen-
tially update predictive models with new training samples
and can adapt them to shifting distributions. In particular, the
closed-form RLSC solution shown in Eq. 1 can be conve-
niently computed in an incremental way [28]. The updated
model W), at step k can be efficiently and exactly obtained by
combining Wj,_; with the newly observed example (zk,yx),
as detailed in Alg. 1. The computational cost of a single
classifier update is O(m?), while the full training procedure
costs O(n - m?) for n updates. Model predictions at step k
can still be computed as in Eq. 2, based on Wj.

RF-RLSC (batch and incremental): real-world learning
problems often benefit from nonlinear modeling, and HD-
SEMG classification is no exception. RLSC models can be
extended to the nonlinear case while retaining their incre-
mental formulation thanks to kernel approximation schemes
based on random sampling. In particular, we consider Random
Features [29] due to their versatility and modularity. This
involves projecting the input data into a feature space of
typically higher dimensionality M > m based on a nonlinear
random feature map ¢y (z) : X € R™ — X C RM
approximating a kernel function k(-,-) : X x X — R, ie.,
(onr(x), dar(2')) = k(x,2’). Data mapped according to ¢y
can be provided as input to batch or incremental RLSC models
as presented earlier in this section, yielding efficient nonlinear
classifiers with respect to the original input space.

IV. MATERIALS AND METHODS
A. Acquisition Setup

We now describe the proposed acquisition setup in charge
of measuring the forearm muscle activity while a set of
movements is performed. It consists of a novel HD-sEMG
interface based on dry electrodes placed on a semi-rigid
custom liner. The motivation for developing our acquisition
setup is to enable limb absence subjects to use the prosthesis
in their daily activities through a device which is easy to wear
and operate. The main limitation of commercial HD-sEMG

systems lies in their requirement for effective skin-electrode
contact, currently restricting their application to laboratory
settings. This constraint arises from the necessity for conduc-
tive gel to reduce interface impedance. In our pursuit of a
more user-friendly device, we have opted to transition from a
wet interface to a dry one. Although this design choice may
slightly decrease signal quality, it significantly enhances us-
ability for prosthesis users outside the laboratory environment.
Moreover, with our innovative system, we aim at increasing
the amount of collected data, thus acquiring information from
most of the forearm muscles. Therefore, the positioning of 64
electrodes is studied to cover the whole interested area while
avoiding the bony zone. Electrodes 1 to 32 are placed on the
flexor muscles, whereas 33 to 64 are located on the extensor
ones. Since the sockets are individually customized, it is
difficult to maintain uniformity in electrodes placement across
subjects. However, we aim to obtain a functional device for
each individual, resulting in custom fit models. This goal suits
well prostheses end-users, since the varied muscle organization
among limb difference subjects poses challenges for gener-
alizing across this population. The system shown in Fig. 2
(right) is the internal liner built for an able-bodied subject
(patent application: 10202300002816). The personalized semi-
rigid socket is the result of a novel manufacturing process
developed in collaboration with INAIL Prosthetic Center in
Budrio (Italy). The negative plaster counterpart is made from
the cast of the subject’s forearm. Subsequently, based on this
mold, the internal thermolyn liner is formed. This ensures that
each individual receives a personalized semi-rigid socket. The
compliance of the liner enables to both conform to the forearm
(or stump) and accommodate for volume changes during mus-
cle contraction, while its rigidity ensures repeatable electrode
placement on the skin over multiple dressings. This approach
enhances skin-electrode contact for improved functionality.
The electrodes consist of rigid conductive dome elements
uniformly distributed on the liner with an inter-distance of
approximately 2 cm. All electrodes are wired to a local flex
printed circuit board (PCB), providing a compact connector for
the HD-sEMG wireless acquisition system (Sessantaquattro,
OT Bioelettronica, Turin, Italy). The Sessantaquattro is a
portable, multichannel (64 sensors) amplifier for recording
of sSEMG activity. The EMG signals are sampled at 2 kHz
and collected in a monopolar configuration with respect to
a reference electrode, fixed to the acromion through medical
adhesive tape. The EMGs are A/D converted with 16 bits of
resolution and transferred to a PC via Wi-Fi for visualization
and storage.

B. The DELTA Dataset

We introduce and release! the DELTA dataset (Dense
Electromyography for Long-Term Adaptive Control) consist-
ing of HD-sEMG data collected from 7 subjects over an
extended time span. DELTA is a substantial new benchmark
for developing and evaluating data-driven models under con-
ditions that closely align with real-world prosthetic applica-
tions (Tab. I). The dry electrode-skin interface simplifies the

'The DELTA dataset is available on Zenodo: 10.5281/zenodo.10801000.
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Algorithm 1 Incremental RLSC Training.

Input: A >0
Output: W,
Initialize: Ry < V- I,
bg < 0 with by € R™*¢,
Wy < 0 with Wy € R™*€,
Increment:
by < b1 + a?,;'—eyk
Ry, = CHOLESKYUPDATE(Ry_1, x))
Wi = Ry (R]) by
return W

donning and doffing process compared to commercial HD-
SEMG systems, allowing users to integrate it into their daily
prosthetic use (Fig. 2). By focusing on the temporal shift of
HD-sEMG data, DELTA fosters the development of robust and
adaptive ML models, which could significantly enhance the
efficacy of prosthetic systems. The data collection is based
on our novel acquisition setup (Sec. IV-A) equipped with
a dense distribution of EMG sensors. We measure muscle
activity over a long-term period (3.9 2.2 months) to observe
data distribution shift over time. We recruited 6 healthy
individuals (5 males), right handed, without known neuromus-
cular impairments, and aged between 25 and 34 (28.5 & 3.0
years). Moreover, a subject (28yo) with congenital upper limb
amputation is included in the study. Written informed consent
was obtained from participants before data collection. All
experiments were conducted in line with the Declaration of
Helsinki and approved by the ethical committee of Regione
Liguria, Italy (Ref.: IT_REHAB_HTO1). The collection spans
6 days of HD-sEMG acquisitions with at least a week’s
break between two consecutive sessions. The days elapsed
between the first and last session of acquisition for each subject
range from 48 to 262. Such extended duration is pivotal to
encompass the diverse factors contributing to variability in
the EMG data at multiple time scales, including electrode dis-
placement, muscle fatigue, sweating, changes in volume, and
added weight [6]. The participants are instructed to execute 7
distinct gestures, each labeled accordingly, corresponding to
the available movements on the Hannes prosthesis [30], [31],
i.e., hand closing (HC, 1), opening (HO, 2), wrist pronation
(WP, 3), supination (WS, 4), wrist flexion (WF, 5), extension
(WE, 6) and resting (Rest, 0). Acquisition begins as the subject
starts executing the movement and persists during the steady
state. Throughout this phase, the subject is asked to keep
contracting the muscles until the end of the 2 s acquisition
period. After each iteration, the subject relaxes the muscles
to prevent fatigue. This procedure is repeated 10 times for
each gesture. On every acquisition day, the dataset is saved
as an n x (m + 1) matrix, where n is the product between
sampling frequency (f; = 2 kHz), number of repetitions
(Nreps = 10), time window of the acquisition (Z,;, = 2 s), and
the number of recorded gestures (c = 7), while m represents
the 64 HD-sEMG signals. The last column contains class
labels. In the following, we refer to the training set as ngs,

Flex PCB EMG electrode

Custom-made

Sessantaquattro
semi-rigid socket

Connector

Electric wiring

Fig. 2: Custom HD-sEMG socket for a limb difference subject (left) and for an
able-bodied one (right). The 64 EMG electrodes are wired to flexible PCB with
an integrated Sessantaquattro connector.

to the incremental update set as Dgi’;, and to the test set
as Dgfs, where d corresponds to the acquisition day (i.e.,
d e {l,...,6}) and s corresponds to the subject number (i.e.,
s € {1,...,7}, where s = 7 represents the limb difference
one). The construction of these sets is different on the basis
of the learning configuration (Fig. 3). See Sec. IV-C for dataset

splitting and Sec. V-A for dataset visualization.

C. Learning pipeline

In this Section, we present the pipeline employed to inves-
tigate classifiers performance on the DELTA HD-sEMG data
provided by our acquisition setup. The learning process is per-
formed individually for each subject, thus obtaining subject-
specific models. We opt for this approach since electrode
placements on custom sockets vary across subjects. Indeed,
developing a single model for all subjects proved too challeng-
ing given the difficulty in guaranteeing consistent electrode
placement on identical muscles across individuals, especially
with limb differences. Two learning settings are compared,
namely the batch setting and the incremental setting:

Batch setting: The model is trained from scratch using data
from the first day and remains unchanged across the following
ones (Fig. 3). 2 gestures repetitions from the first day form
the training set DY, . while the remaining 8 are included in
the test set DI 1,s- Model selection is performed via 10-fold
cross-validation (CV) on Df[zl,s. Finally, we include the data
of the remaining days (d = 2,...,6) in the test set Dfi‘fs.
Incremental setting: The model is first trained from scratch
on DZT:LS including 20% of the data from the first day. It is
then updated using 2 repetitions for each of the following days
(see Fig. 3). For RLSC and RF-RLSC, this involves updating
the weight matrix (W, in Alg. 1). The model is 10-fold cross-
validated on fo:l,y Since we acquired 10 repetitions for each
gesture, 2 of them are included in D}, , while the others are
added to D}i2, ,. In contrast with the batch setting, in this case
for each of the following days (d = 2, ..., 6) we split the data
into Dgﬂ (20%) and fos (80%). The model is incrementally
updated on 2 repetitions for each day (d = 2,...,6), and
sequentially tested on the remaining 8 repetitions.

In the following, we present the detailed description of each
step of the learning pipeline:
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SUBJECT
DAY 1 | DAY2 | DAY 3 | DAY 4 | DAY 5 | DAY 6

Batch-settini

Incremental-settin

Legend:
B Train&Validate

B Test
[ Update

Class

Fig. 3: DELTA dataset splits. Representation of 6 days of HD-
SEMG acquisitions from a subject. 10 repetitions of each class
are acquired each day. Batch setting: 2 repetitions for each
class are included in the training set (DZT:LS) for the first
day, while the remaining constitute the test set. Incremental
setting: same split for the first day, while for the following
days 2 repetitions for each class are employed for incremental
updates (D,;") and the remaining 8 form the test set.

1) Filtering: The acquisition setup collects raw myoelectric
data (spectrum range: 10 Hz to 500 Hz [32]). To filter out
noise, we first apply a notch filter to remove the powerline
frequency (50 Hz) followed by a Butterworth bandpass filter
(20 Hz to 500 Hz) to remove motion artifacts.

2) Preprocessing: We employ the well-known Root Mean
Square (RMS) representation: RMS(z) = /1/N ), a2
Filtered EMG signals are used to compute RMS separately for
each channel. We use a sliding window of 200 ms (N = 400
samples) and a 50 ms increment, in line with the acceptable
controller delays for prosthetic applications [33], [34]. To
simplify the ML-model design, we fixed some parameters
early, though experimenting with smaller window sizes [35]
might slightly affect decoding performance. Moreover, differ-
ent handcrafted features can impact the classifiers outputs [36].

3) Normalization: The RMS of the EMG signals are then
normalized by subtracting the minimum value and dividing by
the difference between the maximum and minimum of each
of the 64 channels, computed for each day.

4) Model Selection: As for model training, we consider
a realistic scenario in which a well-performing model shall
be obtained from a limited budget of labeled data. Model
selection follows the same procedure in the batch and in-
cremental settings. Specifically, it is carried out on Df[:l,s
(Train&Validate in Fig. 3). We perform a 10-fold cross-
validation to select the best hyperparameters. After determin-
ing the best model, it is fixed and employed in the training
and updating phases. Further details are available in Sec. V-B.

5) Model Training and Update: The classification methods
used in this work are presented in Sec. III. After model se-
lection, the optimal hyperparameters are fixed, paving the way
for the training process. In this work, we compare incremental
methods with batch ones, evaluating their adaptability to data
distribution shifts over multi-day acquisitions. In both settings,
training is performed on Df[:l’s. Moreover, in the incremental
setting, the update phase (Update in Fig. 3) takes place on iji

Day 1% 3

LIMB DIFFERENCE
Day 2 Day

o
o

o
=)

KPCA comp-2

S
"

.05 -025 00 025 05 -0.2 0.0 0.2 0.4 0.6
KPCA comp-1 KPCA comp-1

(a) (b)

Fig. 4: 2D KPCA projection of the DELTA dataset for each of
the 6 acquisition days (top), as well as for the entire dataset
across days (bottom), for (a) a representative healthy subject
and (b) the limb difference subject. Colors represent classes.

for all the following days (d = {2,...,6}).

6) Classification: In the testing phase, trained models are
employed to classify previously unseen examples from fos-
Classification accuracy is computed for the 8 test repetitions
of each day.

V. EXPERIMENTAL RESULTS

We now present the results obtained by the pipeline intro-
duced in Sec. IV-C on the DELTA dataset, focusing on long-
term adaptation. We conduct the analysis on a Dell Precision
workstation with a 12" generation Intel Core i7 CPU. Code
and data are available as supplementary material.

A. Data Distribution Shift Visualization

We first visualize the data distribution shift of the acquired
HD-sEMG data across multiple days by applying Kernel
Principal Component Analysis (KPCA [37]) with the Gaussian
kernel to the full dataset and then plotting the data projected
on the the first two KPCA nonlinear components. We employ
KPCA since it allows us to compute a single explicit nonlinear
transformation of the data on the full dataset. Then, we apply
it to data from individual days to evaluate distribution shifts
across days in the same 2D space. We report the KPCA-
projected data for a healthy subject (Fig. 4a, vk pca = 0.05)
and the limb difference one (Fig. 4b, yxpca = 0.01). In
Fig. 4, the large plots include all the subject’s data, while the
small ones represent the data of each day. Note that data are
relatively well-separable at single-day level, while overlap be-
tween classes on all days combined is strong. Also, significant
distribution shift across days can be observed for both subjects.
Such observations further motivate our investigation on the
performance of batch and incremental classifiers on long-term
HD-sEMG data to tackle distribution shift, and highlight the
unique relevance of the DELTA dataset as a benchmark.
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. . . -4
TABLE II: Optimal hyperparameters (H P*) mean + standard deviation for 10 % -
. . o L. . o~
each participant. Statistics computed over the model selection results for each 20 2
day of HD-sEMG acquisition. S: healthy subject, LDS: limb difference subject. 10" g
0
: 10 43 5
Algorithm ~ HP* ‘ S1 S2 S3 S4 S5 LDS1 8
RF-RLSC i 0.2+0.2 0.4£0.2 0.5£0.2 0.4+0.4 1.0£1.3 0.2£0.2 0.2£0.3 <
A* 0.0694£0.092  0.003£0.001  1.465+1.337  0.002+0.002  0.026+0.051  0.051£0.063  0.017+0.037 103 — . . . . - 17
—— 0.240.1 0.7+1.4 03403 0.3+0.5 1.0+1.1 0.9+1.4 0.54+0.5 5_“) 5-10—3 5_10‘7' 5_104 5 5_1()”
C* | (1.442.6)-10°  (2.1£2.6)-10°  24.4451.3  (4.7+£3.8)-10° (3.3+3.4)-10° (1.943.6)-10° (2.4+2.1)-10% V4
MLP I 2.8+0.4 3.0£0.0 1.3£0.7 3.0£0.0 3.0£0.0 1.7£0.7 2.7£0.5 Flg 5: )\ and ,y hyperparameters SeleCtion fOr
h* 79.2430.3 91.7+18.6 37.54+28.0 91.7£18.6 87.54+28.0 54.2433.6 91.7£18.6
kNN k* 1.0£0.0 1.7£1.5 6.315.1 1.0£0.0 1.3+0.8 9.3£17.8 1.7£1.5 - . -
RF-RLSC. 10-fold CV accuracy reported for
RLSC A* 1.5+£0.8 31.7439.4 5.7+3.8 0.440.7 1.5+£2.6 3.1£3.0 1.3£1.7 :
RFor T 57.7£37.0 60.7£33.0 46.3+£31.4 78.8+33.1 46.5+10.0 55.2+£24.0 62.24+28.2 a representatlve day The CO]Or Scale enCOdeS

B. Model Selection

For all the learning methods (except LDA, which is
hyperparameter-free), model selection is carried out on DZT:LS
only, and the optimal hyperparameters remain constant while
updating or testing the model on the remaining days. As
detailed in Section IV-C, hyperparameters are individually
optimized for each subject as follows:
kNN: the number of neighbors k is optimized on a range
between 1 and 49. We select the optimal £* exhibiting the
highest predictive performance and robustness, defined as
average accuracy minus two standard deviations (STD).
MLP: we select the architecture considering up to 3 hidden
layers and 25, 50, or 100 neurons. The best one maximizes
average accuracy minus 2 STD, prioritizing low model com-
plexity first by layers (I*), then by neurons (h*).

RFor: we optimize the number of trees (7') in the forest across
50 values between 1 and 120. The optimal hyperparameters
maximize average accuracy minus 2 STD.

RLSC: )\ is optimized over 50 values logarithmically scaled
between 10~* and 103. \* maximizes the average accuracy
minus twice the STD. As shown in Fig. 6a for a representative
subject, the accuracy gradually increases for growing values
of )\, followed by a sharp decrease for values larger than the
optimal \*. This trend is observed across all subjects.
RF-RLSC: we optimize 3 hyperparameters: the number
random features M, the regularization parameter A, and the
Gaussian kernel coefficient . First, we select M* in a range
M € {10,...,1000}. We report the validation accuracy with
respect to M in Fig. 6b, where the upper bound in red cor-
responds to the accuracy obtained with the exact kernel. Due
to the hardware constraints of the embedded control system,
we select M* by trading off accuracy and computational
cost. Across subjects, M* = 500 results in a low memory
footprint and an accuracy consistent with the ideal one. Then,
we cross-validate \ between 10~ and 10 and + in the
range {5 21074, .., 50}, considering 50 values in logarithmic
scale for both. Fig. 5 shows the validation performance for a
representative subject. The color-scale represents the average
accuracy minus twice the STD for each hyperaparameters
combination. The optimal pair (A*,~*) is highlighted in blue.
RF-SVM: we optimize the regularization parameter C' and
the kernel coefficient . The number of random features
M is fixed to 500, as detailed above. We cross-validate C'
between 1073 and 10* and ~ in the range {5-107*,...,50},
considering 50 values in logarithmic scale for both.

the accuracy mean minus 2 STD.
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Fig. 6: (a) RLSC: CV accuracy vs. A for S4. Optimal A\* in
blue. (b) RF-RLSC: CV accuracy vs. RF dimensionality M for
S4. Upper bound in red. (c) Classifier prediction times.

C. Batch vs. Incremental Methods Evaluation

We evaluate and compare the classifiers in the barch and
incremental settings by considering all possible permutations
between days to exhaustively characterize the effects of a
broad range of HD-sEMG distribution shifts on performance.
Given that model selection is performed on DZT:LS, the
optimal hyperparameters only depend on the data of the first
day in the specific permutation. Thus, since we consider all
permutations, optimal hyperparameters potentially change for
each permutation, strengthening the generality and adherence
to real-world conditions of our analysis. In the batch setting,
the classifier is trained on the data of the first day (D, ,) and
tested on all the remaining days. In the incremental setting,
the model is trained on DZQLS and incrementally updated on
Dy, with d € {2,...,6}. Note that the classifier is updated
on few examples (i.e., 2 repetitions, 28 seconds). This reflects
the scenario of day-to-day prosthesis use, in which the subject
wears the device and the model quickly adapts.

Fig. 7 reports the accuracy of the classifiers on all
permutations for healthy subjects (Fig. 7a) and the limb
difference one (Fig. 7b). We observe that batch algorithms
incur severe drops in accuracy on the remaining days due to
their sensitivity to distribution shift. The best-performing batch
algorithm is kNN, whose accuracy drop is smaller, although
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Fig. 7: Batch (blue) and incremental (red) classifiers’ accuracy over 6 days for (a) 6 healthy subjects and (b) limb difference
one. Distributions of the difference in test accuracy between incremental RF-RLSC and RLSC over 6 days for (c) 6 healthy
subjects and (d) limb difference one. The red line corresponds to equivalent accuracy (no difference).

very significant (i.e., > 10%). In the incremental setting,
the results highlight high and stable accuracy across days
for the incremental variants of (RF-)RLSC. These trends are
observed for both healthy subjects and the limb difference one.

Impact of RF on incremental RLSC: We quantify the effect
of random features on incremental (RF-)RLSC accuracy. In
particular, we evaluate the difference in test accuracy between
incremental RF-RLSC and RLSC in the same experimental
conditions on all subjects and days permutations. Fig. 7c-d
displays the distributions of accuracy differences across days.
We observe that incremental RF-RLSC achieves consistently
higher accuracy than linear RLSC for both subject categories,
thus validating its effectiveness under distribution shift.

VI. DISCUSSIONS

As the number of prosthesis DoFs increases, so does the
need for higher density and coverage of sEMG electrodes to
accurately recognize a growing number of desired motions.
However, myocontrollers incorporating HD-sEMG interfaces
still lack wearability and ease of use. In response to this
challenge, we propose a novel system featuring 64 sEMG
electrodes, thus enhancing information collection from the
forearm, and a learning pipeline for classifying gestures
from HD-sEMG data. To the best of our knowledge, this
is the first application of such a high number of dry EMG
electrodes within a prosthetic liner, making it compatible
with real prosthesis fittings. Furthermore, we investigate the
long-term performances of multiple learning methods across
multiple sessions. To this aim, we collect the DELTA dataset,
composed of HD-sEMG data from 7 participants, including
one with limb absence, over an extended period of nearly
4 months. We observe strong distribution shift across days
(Fig. 4), which severely impacts classification performance.
In particular, classes are relatively well-separable within a
single day, while the shift becomes evident across different

days. This causes accuracy drops when testing on new days
models trained on previous ones, indicating the need to adapt
the classifier to effectively adapt the controller. To address
this issue, we employ incremental classification methods and
compare their predictive performance with multiple batch
baselines. Our results show that incremental RLSC and RF-
RLSC successfully adapt to long-term HD-sEMG shift, while
batch ones suffer from significant performance degradation
(Fig. 7). By including prosthetic end-users with congenital
amputation, we demonstrate the system’s accuracy and ro-
bustness over nearly 4 months of HD-sEMG acquisitions,
despite challenging data distribution shifts. Additionally, re-
sults in Fig. 7c-d show that random features significantly
improve accuracy in the incremental setting, demonstrating
the benefits of incremental RF-RLSC in terms of accuracy and
efficiency for HD-sEMG gesture recognition under distribution
shift. Moreover, Fig. 6c¢ reports prediction times for each
classifier on the test set across all subjects and permutations.
Crucially, both RLSC and RF-RLSC display 10-fold to 1000-
fold faster predictions than the other models, which is highly
suitable for the hardware and time constraints of embedded
prosthesis control systems. The decision to use (RF-)RLSC in
the incremental setting is driven by their sustained accuracy
over long-time, their efficacy with minimal hyperparameters,
and their low prediction times. However, our study does not
offer a comprehensive benchmark comparison of all available
algorithms, especially in the incremental setting. Therefore, we
release the DELTA dataset as a unique benchmark for fostering
the study of long-term dry HD-sEMG myocontrol.

VII. CONCLUSIONS

We introduce a novel HD-sEMG customizable acquisition
setup and an incremental learning pipeline for myocontrol
enabling efficient and long-term adaptation with minimal la-
beled data. We release the DELTA HD-sEMG dataset collected
from 7 participants, including one with limb absence, over an
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extended period of almost 4 months to stimulate research on
this challenging task. Our results show that fast (RF-)RLSC
incremental updates result in high accuracy while satisfying
tight memory and time constraints. To our knowledge, this is
the first study characterizing the performance of incremental
learning methods for long-term, dry HD-sEMG myocontrol.
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