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sEMG-driven Hand Dynamics Estimation with
Incremental Online Learning on a Parallel

Ultra-Low-Power Microcontroller
Marcello Zanghieri,* Graduate Student Member, IEEE , Pierangelo Maria Rapa, Graduate Student

Member, IEEE , Mattia Orlandi, Graduate Student Member, IEEE , Elisa Donati, Member, IEEE , Luca
Benini, Fellow, IEEE , Simone Benatti, Member, IEEE

Abstract— Surface electromyography (sEMG) is a State-
of-the-Art (SoA) sensing modality for non-invasive human-
machine interfaces for consumer, industrial, and rehabilita-
tion use cases. The main limitation of the current sEMG-
driven control policies is the sEMG’s inherent variability,
especially cross-session due to sensor repositioning; this
limits the generalization of the Machine/Deep Learning
(ML/DL) in charge of the signal-to-command mapping. The
other hot front on the ML/DL side of sEMG-driven control is
the shift from the classification of fixed hand positions to
the regression of hand kinematics and dynamics, promis-
ing a more versatile and fluid control. We present an incre-
mental online-training strategy for sEMG-based estimation
of simultaneous multi-finger forces, using a small Temporal
Convolutional Network suitable for embedded learning-on-
device. We validate our method on the HYSER dataset,
cross-day. Our incremental online training reaches a cross-
day Mean Absolute Error (MAE) of (9.58 ± 3.89)% of the Max-
imum Voluntary Contraction on HYSER’s RANDOM dataset
of improvised, non-predefined force sequences, which is
the most challenging and closest to real scenarios. This
MAE is on par with an accuracy-oriented, non-embeddable
offline training exploiting more epochs. Further, we demon-
strate that our online training approach can be deployed
on the GAP9 ultra-low power microcontroller, obtaining a
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latency of 1.49 ms and an energy draw of just 40.4 uJ per
forward-backward-update step. These results show that our
solution fits the requirements for accurate and real-time
incremental training-on-device.

Index Terms— Continual Learning, Deep Learning, Elec-
tromyography, Embedded, Human-Machine Interaction,
Human-Machine Interfaces, Incremental Learning, Low-
Power, Machine Learning, Microcontroller, On-Device
Learning, Online Learning, Parallel Computing, Prosthetics,
Ultra-Low Power, PULP, Real Time, Regression, Temporal
Convolutional Networks, TinyML, Training-on-Device.

I. INTRODUCTION

Decoding surface electromyographic (sEMG) [1], [2] sig-
nals is nowadays a widespread approach for driving Human-
Machine Interfaces (HMIs) in an intuitive and non-invasive
way in scenarios involving robotics, prosthetics, and other
industry and consumer use cases [3]–[8]. The current dominant
approach exploits classical Machine Learning (ML) [9]–[15]
or Deep Learning (DL) [16]–[20] to automatize and optimize
the signal-to-command strategy, mapping the sEMG to hand
positions, movements, or forces.

The main obstacle to the ML/DL ability to generalize
accurately and robustly is represented by the numerous vari-
ability factors inherent in the sEMG signal, such as anatomical
variability, fatigue, skin perspiration, and electrode reposi-
tioning. The current SoA ML/DL methodology has tackled
the variability issue by using statistical methods to align
data across days [21] or by producing larger datasets and
performing multi-session training of the models [6], [22]–[24],
i.e., by training deep models on sEMG data acquired in diverse
conditions, postures, electrode placements, or users [10], [25].
This approach is mainly applied to DL since multi-session
training benefits Deep Neural Networks (DNNs) more than
non-deep ML [26], [27]. However, multi-session training has
high computational and memory costs since it requires stor-
ing training datasets representative of several conditions and
involves iteratively training deep models for several epochs.
In addition, collecting sEMG datasets sufficiently large for
multi-session training remains challenging since curating and
releasing high-quality datasets requires several participants and
sessions and is labor-intensive [6].

https://doi.org/10.1109/BioCAS58349.2023.10388902
https://ieeexplore.ieee.org/document/10388902
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Another major limitation of the ML/DL approach to sEMG-
driven HMIs is the focus on classification, i.e., the recognition
of hand postures or gestures. Even if accurate, sEMG recog-
nition limits the control to a discrete set of fixed predefined
movements. In contrast, regression of hand kinematics or
dynamics promises a more fluid and versatile control. Recent
advances in sEMG regression have been made thanks to
public sEMG datasets [28]–[30] and accurate models [31]–
[33]. However, very few sEMG regression works target the
deployment and profiling of the regression algorithms onto
embedded computational devices [34], [35].

To advance wearable sEMG-driven HMIs, it is necessary to
put effort into the hardware-software co-design required to port
the accurate SoA algorithms into the domain of Tiny Machine
Learning (TinyML) [36]–[38], i.e., the approach to ML that
targets resource-constrained platforms and seeks to optimize
the tradeoff between accuracy and execution requirements such
as memory footprint, computational burden, and latency [39].

In this work, we propose a strategy of incremental online
learning for simultaneous multi-finger force estimation on an
embedded platform in real time. The method is based on re-
training a small Temporal Convolutional Network (TCN) [40],
[41], designed for combining accuracy and a reduced compu-
tational and memory budget, for time-domain processing of
raw sEMG [24], [34], [42] and other raw biosignals [7], [43],
[44]. Our contribution is three-fold:

• we propose an incremental online learning setup to learn
new multi-finger force patterns processing the retraining
data in streaming mode, consuming them one-by-one, and
seeing them just once as in an online adaptation session
on an embedded device that does not save the whole
retraining set into volatile or non-volatile memory;

• we validate our method on the HYSER sEMG regression
dataset [29], obtaining a cross-day Mean Absolute Er-
ror (MAE) of (9.58±3.89)% of the Maximum Voluntary
Contraction (MVC) on HYSER RANDOM, the dataset’s
most challenging section containing improvised, non-
predefined force sequences, closest to real scenarios; this
MAE is on par with a baseline offline training exploiting
more computational resources, and compatible with the
literature addressing HYSER in easier settings;

• we deploy and profile the retraining on the GAP9 parallel
ultra-low power Microcontroller Unit (MCU), obtaining
a power draw of 27.1mW; for each forward-backward-
update step, we measure an energy consumption of
40.4 µJ and a latency of 1.49ms, shorter than the input
data frequency used for training and thus consistent with
the requirements of real-time training-on-device.

The present work is an extension of our previous paper [25]
and targets the same challenge of sEMG’s pattern variability
across different conditions and sessions. As schematized in
Table I, the present work contributes an incremental re-
learning strategy which is more powerful than [25] since it
advances from sparse, low-count to high-density, high-count
electrodes, from classification of fixed gestures to regression,
and from cross-arm-posture adaptation to incremental learning
of new simultaneous multi-finger force patterns. This progress

is promising for the future of intuitive and reliable non-invasive
wearable HMIs.

To allow the research community to reproduce our work,
we make the code developed for this paper available open-
source.1

II. RELATED WORK

This section outlines the SoA of the ML/DL-based HMI
control policies that address the two main current challenges
of sEMG-driven HMIs: the inherent variability of the sEMG
signal patterns (II-A) and the advance from recognition to
regression (II-B).

A. sEMG Inherent Variability
In the ML/DL framework for sEMG-driven control, the SoA

methods for addressing the sEMG signal’s inherent variabil-
ity are mainly multi-session training and model adaptation.
In multi-session training, a ML/DL model is refit on data
collected in different conditions, e.g., diverse users, sessions
(involving a different positioning of the sEMG sensors), or
arm postures [10]. In contrast, model adaptation only involves
partial retraining on data from a novel sEMG session. Multi-
session training and model adaptation are mainly applied to
DL models since multi-session training benefits deep models
more than non-deep ML [26], and the deep nets’ modularity
allows to only retune a subset of layers or modules, e.g.,
batch-normalizations in AdaBN [45], [46], or a model’s final
classifier block in continual learning [27].

Multi-session training and deep net adaptation improve
recognition accuracy but imply a large computational burden
and a high memory footprint. On the one hand, multi-session
training requires storing multiple sEMG sessions as training
sets to be merged and training the model on a server. On
the other hand, adaptation based on fine-tuning can lower the
memory footprint. For instance, latent replay stratagems [47]
only save a reduced subset of intermediate activations [27].
Other solutions only retune the final or BN layers, avoiding
the computational load of back-propagation [46]. However,
these methods were not deployed on resource-constrained
computing devices.

To the best of our knowledge, we are the first to propose an
on-device learning setup for sEMG regression, which fits the
resource constraints of embedded devices suitable for wearable
HMIs.

B. sEMG Regression
The estimation of the hand kinematics and dynamics,

framed as a ML/DL regression task, promises a more fluid
and natural control compared to the classification that maps
the sEMG to a limited, fixed set of static positions.

The literature addressing sEMG regression can be classified
based on the variable chosen as the estimation target: kinemat-
ics variables (e.g., joint angle and joint velocity) or dynamic
variables (finger forces). Joint angles constitute the most rep-
resentative variable for hand kinematics and are the quantities

1https://github.com/pulp-bio/incremental_hyser/

https://github.com/pulp-bio/incremental_hyser/
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TABLE I: Outline of the present work as an extension of our previous publication [25].

WORK sEMG sensing ML task Addressed variability Validation
Zanghieri et al. [25]

(extended here)
4 channels:

low-density, low-count
classification:
fixed gestures new arm postures within-session

This work 64 channels:
high-density, high-count

regression: simultaneous
multi-finger forces new force patterns cross-day

most used as a target variable. For instance, [28] targets the
estimation of the joint angles of a dataglove, using a Wiener
filter and attaining a median R2 of 0.63. However, this work
does not investigate other algorithms to improve the regression
score since it focuses on the control quality perceived by users.
The work [31] employs a Long Short-Term Memory deep
neural network on the same dataset as [28], reaching a Mean
Absolute Error (MAE) of 7.04◦. The limitation of [31] is that
it does not explore convolutional networks, which are more
amenable to parallelization and hence more suitable for em-
bedded control. An alternative kinematic approach targets joint
velocity to model finger motion in addition to finger position.
For example, the work [15] estimates velocity using a hybrid
classification-regression setup, which is based on thresholding
the speed’s dynamic range into 3 intervals; though novel, this
method still limits the estimation to the recognition of discrete
classes.

A different and independent research direction in sEMG
regression aims to model hand dynamics, i.e., finger forces.
The work [48] targeted a multiple-Degrees-of-Freedom (multi-
DoF) force estimation but is limited to grasp movements. In
contrast, in the present work, we address the richer set of
force patterns present in the public sEMG HYSER dataset
(III-A) [29].

The limitation of all the sEMG regression works mentioned
above is that they do not focus on the embedded deployment
onto resource-limited computational platforms. The interest
for accuracy alone is common to other sEMG regression
works that implement convolutive deep learning [49], [50].
The deployment of a SoA TCN for sEMG hand kinematics
regression is addressed in [34], matching the SoA accuracy on
the NinaPro DB8 [28] dataset and deploying the TCN onto the
parallel ultra-low power microcontroller GAP8 (predecessor of
GAP9, which we use in this work). However, [34] does not
address cross-session validation and online learning, which we
target in the present work.

III. MATERIALS & METHODS

A. HYSER Dataset

This work targets the High-densitY Surface Electromyo-
gram Recordings (HYSER)2 [29], a rich sEMG dataset re-
leased for research on sEMG recognition and force regres-
sion. HYSER features 20 healthy participants undergoing 2
acquisitions in separate days at a distance of 3 to 25 days
(8.5 ± 6.7 days on average). sEMG data are collected with
four 8 × 8 HD-sEMG arrays (256 electrodes in total) on the

2https://www.physionet.org/content/hd-semg/2.0.0/

forearm covering the extensor and flexor muscles, employ-
ing an OT Bioelettronica Quattrocento system sampling at
2048 samples/s. Force ground-truth signals are collected in
isometric contractions with a sensor-amplifier pair for each
finger, employing Huatran SAS sensors and Huatran HSGA
amplifiers sampling at 100 samples/s. In all the experiments
of this work, we comply with the recommended filtering of
the HYSER data [29]: (i) on the HD-sEMG data, an 8th-order
band-pass Butterworth filter with pass-band between 10Hz
and 500Hz, and a notch filter to attenuate the power line
interference at 50Hz and harmonics up to 400Hz; (ii) on the
force data, an 8th-order lowpass Butterworth filter with cut
frequency 10Hz.

The HYSER dataset is composed of 5 sub-datasets:
1) PR: pattern recognition on 34 hand gestures (not used

in this work);
2) MVC: trials for determining the MVC of every finger’s

flexion and extension;
3) 1-DoF: single-finger contractions for 1-DoF force esti-

mation, subdivided into 5 trials × 5 fingers;
4) 5-DoF: multi-finger contraction following prescribed

combinations and trajectories for 5-DoF force estimation
in controlled conditions, subdivided into 5 trials × 5
fixed finger combinations;

5) RANDOM: multi-finger contractions performed in a fash-
ion defined random task, i.e. with no prescribed protocol
of combinations or trajectories, subdivided into 5 trials
(each lasting 25 s, performed with a 5 s inter-trial rest to
prevent muscle fatigue);

This work uses datasets 2 to 5, oriented to simultaneous multi-
finger force estimation. In particular, HYSER RANDOM is the
closest to real conditions in that the force patterns and dynamic
ranges are not fixed and are allowed to differ between Day 1
and Day 2, making HYSER RANDOM the most challenging
part of HYSER.

Most works that have addressed the HYSER dataset have
targeted discrete gesture recognition on the HYSER’s PR sub-
dataset; only little research has been conducted on continuous
force estimation on HYSER’s 1-DoF, 5-DoF, and RANDOM
sub-datasets. We report the SoA literature on HYSER regres-
sion in Table II, also comparing it against this work. It is
worth remarking that this work addresses the two HYSER’s
most challenging settings: (i) cross-day validation, and (ii)
the RANDOM dataset, with force patterns and dynamic ranges
that are not fixed by protocol and allowed to differ between
Day 1 and Day 2. Targeting these two scenarios means using
the HYSER dataset in the way closest to real, out-of-the-lab
conditions. We provide an in-depth discussion in Section V.

https://www.physionet.org/content/hd-semg/2.0.0/
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TABLE II: Literature summary of force estimation on the HYSER HD-sEMG dataset.

WORK Purpose Algorithm HYSER
sub-dataset Validation Results HW?

incremen-
tal/online
learning?

Jiang et al.
[29] (2021)

HYSER
release

FIR
kernel RANDOM

within-day,
leave-1-trial-out RMSE = (8.57± 5.27)% MVC ✗ ✗✗

Jiang et al.
[51] (2022)

channel
selection

FIR kernel,
random masks 5-DoF

cross-day,
leave-1-subject-out RMSE = (8.66± 0.96)% MVC ✗ ✗✗

Jiang et al.
[52] (2023)

robustness,
physiological
explainability

deep forests 1-DoF
cross-day:

train on Day 1,
test on Day 2

RMSE = (8.0± 2.3)% MVC
rPearson = 0.900± 0.101
R2 = 0.631± 0.172

✗ ✗✗

Wu et al.
[53] (2023)

motor units
extraction

gCKC BSS,
cumulative
spike train

1-DoF
no ML-style

validation rPearson = 0.908± n.a. ✗ ✗✗

This work

incremental online
learning embedded

on a parallel
ultra-low-power MCU

TCN RANDOM
cross-day:

train on Day 1,
test on Day 2

MAE = (9.58± 3.89)% MVC ✓ ✓✓

= taken

= not taken

Fig. 1: Uniform downsampling applied to the HYSER HD-
sEMG channels. The same 2× downsampling in both direc-
tions is applied to all 4 HYSER’s 8×8 sensor patches, lowering
the channel count from 256 to 64.

B. Tiny Temporal Convolutional Network

We address force estimation by designing an extremely
compact Temporal Convolutional Network (TCN) [40]–[42]
that fits the resource constraints of embedded computational
platforms in the spirit of TinyML. The TCN’s complete
structure is detailed in Table III. The net is composed of
5 convolutional blocks followed by a final 3-layer fully con-
nected block; all convolutions and poolings are 1-dimensional,
acting only in the time dimension, and have kernel 2, stride
2, and no padding (also termed valid padding).

The model’s input is constituted by sEMG time-windows of
size 64 channels×63 samples, corresponding to a duration of
∆ = 30.8ms; these windows are taken with slide 64 samples,
i.e., 31.2ms, in both training and validation. The 64 chan-
nels are obtained by undersampling HYSER’s original 256
channels uniformly over the 4 sensor patches; each of the 4
HYSER’s 8 × 8 patches (III-A) is downsampled spatially by
2× along both dimensions, as illustrated in Fig. 1, yielding a
total downsampling factor of 4.

The model’s output is the 5-dimensional output y ∈ R5

HYSER regression datasets

Day 1

Day 2

1-DoF 5-DoF RANDOM
initialization

training retraining retraining

cross-day 

validations

Fig. 2: Scheme of the incremental protocol implemented on
the HYSER dataset.

of the last fully connected layer (without any non-linearity),
constituting the 5-finger forces estimates. In compliance with
the real-time TCN paradigm [40], [41] (which has been
yielding advances in the efficient processing of sEMG [24],
[34] and other raw biosignals [43], [44]), we adopt a causal
setup by pairing each ground-truth force y at time ty with
the sEMG window t ∈ [ty −∆, ty], so that each TCN pass
only takes into account data from the past, without any leak of
information from the future. In contrast, future data leak would
happen if pairing the ground truth with the sEMG signal in
t ∈

[
ty − 1

2∆, ty + 1
2∆

]
.

This TCN is designed to be as compact as possible while ex-
ploiting the numerous sEMG sensors available on the dataset.
We do so by reducing the channels from 64 to 16 in the first
convolutional layer. As shown in Table III, the overall size of
this TCN is 3317 parameters and 150 kMAC, which is very
hardware-friendly for embedded devices [36]–[38].

C. Incremental & Online Learning Protocol

On top of the HYSER dataset, we define a training protocol
that is both incremental and online.

1) Incremental Learning: We employ the HYSER 1-Dof,
5-DoF, and RANDOM datasets (III-A) as a sequence of in-
creasingly complex patterns to be learned. The incremental
protocol (shwon in Fig. 2) follows three stages, performed
separately for each of HYSER’s 20 subjects:
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TABLE III: Structure of the proposed tiny TCN.

BLOCK Layer Size # MAC (forward pass)

input parameters
(weights + biases) output

Convolutional 0 conv-ReLU 64× 63 2064 16× 62 127968 (86.01%)
max-pooling 16× 62 16× 31

Convolutional 1 conv-ReLU 16× 31 528 16× 30 15840 (10.65%)
max-pooling 16× 30 16× 15

Convolutional 2 conv-ReLU 16× 15 264 8× 14 3696 (2.48%)
max-pooling 8× 14 8× 7

Convolutional 3 conv-ReLU 8× 7 136 8× 6 816 (0.55%)
max-pooling 8× 6 8× 3

Convolutional 4 conv-ReLU 8× 3 136 8× 2 272 (0.18%)
max-pooling 8× 2 8× 1

(flatten) 8× 1 8

Dense
dense-ReLU 8 72 8 72 (0.05%)
dense-ReLU 8 72 8 72 (0.05%)
dense 8 45 5 45 (0.03%)

TOTAL Total parameters: 3317 Total MAC: 149 · 103

• Stage 0: we initialize the TCN (III-B) and train it
on HYSER 1-DoF, Day 1, to learn single-finger force
estimation.

• Stage 1: we retrain the net on HYSER 5-DoF, Day 1, to
extend the learning to fixed combinations of multi-finger
forces;

• Stage 2: we retrain on HYSER RANDOM, Day 1, to teach
the model more diverse, improvised multi-fingers forces
not belonging to predefined finger combinations.

All (re)trainings only see data from the Day 1 of the HYSER
sub-dataset that is the stage’s target. After every (re)training,
we validate on Day 2 of 1-Dof, 5-DoF, and RANDOM
to compare the regression quality attained at each stage; in
particular, we validate on Day 1 of 5-DoF and RANDOM
also before the training on their Day 1, to assess how good
the model is before seeing on the new force patterns. It is
worth stressing that Day 1 data are used for (re)training, and
validations are always performed on Day 2 data, assessing the
cross-day generalization capabilities of the trained model. The
described procedure is strictly incremental in that the model
never sees data from different sessions during a training stage:
we never perform multi-session or multi-day training.

2) Online Learning: In this work, we implement and evalu-
ate an online learning mode that mirrors the amount of data
and computational budget available in an embedded system
working in real time to process the stream of data produced by
a new sEMG acquisition session. For our real-time embedded
perspective, we define online learning as a (re)training of the
models that is performed with the following constraints:

• the training examples (i.e., 64 channels × 63 samples
windows) are consumed for training one-by-one: a full
forward-backward-update is computed exploiting a single
input window;

• this one-by-one procedure strictly happens in the order
of acquisition, feeding the input windows to the training

in the exact order they are recorded;
• this pass on the session is only done once, so that each

input window only contributes once to the training, i.e.,
with just one forward-backward-update pass (performed
individually for each window, due to the requirement of
the first point).

In our application, each example element is a 64 channels ×
63 samples sEMG time-window, taken with slide 64 samples,
i.e., 31.2ms, as detailed in III-B. Therefore, in online learning,
each of these input windows is processed to perform one
iteration of gradient descent of the TCN, consisting of a
forward pass, a backward pass, and a model update. We
compare the online learning against a baseline represented by a
longer, computation-intensive offline training, more favorable
to accuracy but not feasible on-device due to the memory
footprint of complete training sets and the computational
burden of several epochs. In detail, we implement and compare
the following two training configurations:

• Offline baseline: randomized mini-batching, mini-batch
size 32, Adam optimizer with initial learning rate 1·10−4,
32 epochs (i.e., the whole training set is seen 32 times);

• Online: sequential mini-batching, mini-batch size 1, gra-
dient descent with fixed learning rate 2 · 10−4, 1 epoch
(i.e., just 1 pass over the training set).

The online settings implement the constraints of real-time
training on a computational platform with limited memory:
each example is exploited for one forward-backward-update
as soon as it is acquired, then discarded; no second traversal
on the training session’s data is performed since an embedded
device is typically not able to store an sEMG session on board.

It is worth remarking that the incremental setup and the on-
line setup are orthogonal experimental settings. In particular,
the offline training baseline follows the incremental protocol
like the online training but does not implement the latter’s
streaming behavior. All (re)trainings have the Mean Squared
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Fig. 3: High-level block diagram of the GAP9 MCU.

Error as a loss function. We always perform training on data
from HYSER’s Day 1 and validation on Day 2 (III-A), thus
obtaining a cross-day assessment that accounts for the sEMG’s
inherent cross-session variability mostly due to electrode repo-
sitioning [23], [24], [54]. We conduct all experiments within-
subject, without any multi-subject training or cross-subject
validation. In this way, we target the adaptation to new force
patterns and the cross-day generalization in a subject-specific
scenario. The sEMG’s inter-subject variability is outside the
scope of this work.

D. Deployment on a Parallel ULP MCU
We execute our application on the commercial microcon-

troller GWT GAP9.3 It is equipped with a Parallel Ultra-
Low Power (PULP)4 [56], [57] 9-core cluster accelerator
exploiting a RISC-V Instruction Set Architecture extended
with instructions specialized for digital signal processing and
ML (linear algebra). Fig. 3 shows a high-level block diagram
of the platform. GAP9 represents the SoA of low-power MCUs
since it has ranked first in latency and energy consumption in
the MLPerf Tiny v1.05 benchmarking.

We have deployed the TCN model’s (III-B) learn-
ing via online back-propagation (III-C.2) by using the
TrainLib Deployer tool of the PULP-TrainLib6 [58],
[59] library, the first open-source DNN training library for
RISC-V-based multi-core MCUs (such as GAP9, mounting
PULP), developed to enable the On-Device Learning on this
category of parallel ultra-low-power platforms. The library
offers matrix multiplication primitives for training and utilities
for back-propagation in float32 and float16 on multiple
cores. The library’s TrainLib Deployer is the automated
code generator for validating and training user-specified DNNs
on a PULP-based platform. The deployer’s output is a C source
code project to run and profile the training update stages of
the model, performing back-propagation with the mini-batch
size and a number of epochs set by the user.

3Product brief at https://greenwaves-technologies.com/
gap9_processor/; for a thorough exposition, refer to the paper about
GWT GAP8 [55], the predecessor of GAP9.

4https://pulp-platform.org/
5https://mlcommons.org/en/inference-tiny-10/
6https://github.com/pulp-platform/pulp-trainlib

We performed the online training experiments by streaming
the sEMG windows of the HYSER trials from a PC to the
GAP9 MCU via a serial interface; GAP9 processes each
window executing one training step, i.e., forward pass, back-
ward pass, and weights update. GAP9 repeats the reception-
forward-backward-update loop online for each sEMG window
individually.

The profiling of the net’s training updates was conducted
by executing with GAP9’s most energy-efficient settings,
namely, Vdd core = 0.65V and fCLK = 240MHz. Latency was
measured in cycles exploiting the performance counter of the
API of PMSIS,7 the open-source system layer for GAP9’s
operating system. Latency in physical time was determined
as num cycles/fCLK. The power consumption was measured
experimentally with GAP9’s Evaluation Kit8,9 and a Nordic
Semiconductor Power Profiler Kit II (PPK2).10 We used the
PPK2 to measure the GAP9 cluster’s current draw (excluding
the peripherals and the off-chip memories), we used a GPIO to
synchronize the current measurement with the code execution,
and we determined the energy draw as power×latency.

IV. EXPERIMENTAL RESULTS

A. Regression Error
Fig. 4 shows the MAE obtained with the incremen-

tal learning protocol (III-C.1) on all trials of all 20 sub-
jects of the HYSER dataset, using the baseline offline
training and the online training (III-C.2). The MAEs of
Day 1 of (1-DoF,Stage 0), of (5-DoF,Stage 1), and of
(1-RANDOM,Stage 2) are training MAEs, reported to check
the cross-day training-to-validation accuracy drop; all other
distributions are validation MAEs.

The most relevant difference between the offline (Fig. 4a)
and the online training (Fig. 4b) is that the latter yields
higher regression errors, both in training and validation. This
difference is expected since the online training works in
streaming by doing a single pass on the training set (i.e., only
1 epoch) and has thus less opportunity to exploit the training
data. However, only the online setup is deployable on resource-
constrained embedded devices.

A second general trend, observed in both the offline and the
online training, is that in all validations (i.e., on Day 2), the
models retrained more recently (based on the protocol stages
illustrated in III-C.1) are more accurate. In detail:

• on Day 2 of the 5-DoF dataset, the Stage-1 TCN has a
lower error distribution than the Stage-0 TCN since the
latter is specialized on the single-finger force patterns of
the 1-DoF dataset whereas the former has seen Day 1
of the 5-DoF dataset;

• analogously, on Day 2 of the RANDOM dataset, the Stage-
2 TCN has a lower error distribution than the Stage-1

7https://greenwaves-technologies.com/manuals/
BUILD/HOME/html/index.html

8https://greenwaves-technologies.com/product/gap9_
evk-gap9-evaluation-kit-efused/

9https://greenwaves-technologies.com/product/
gap9-resources/

10https://www.nordicsemi.com/Products/
Development-hardware/Power-Profiler-Kit-2

https://greenwaves-technologies.com/gap9_processor/
https://greenwaves-technologies.com/gap9_processor/
https://pulp-platform.org/
https://mlcommons.org/en/inference-tiny-10/
https://github.com/pulp-platform/pulp-trainlib
https://greenwaves-technologies.com/manuals/BUILD/HOME/html/index.html
https://greenwaves-technologies.com/manuals/BUILD/HOME/html/index.html
https://greenwaves-technologies.com/product/gap9_evk-gap9-evaluation-kit-efused/
https://greenwaves-technologies.com/product/gap9_evk-gap9-evaluation-kit-efused/
https://greenwaves-technologies.com/product/gap9-resources/
https://greenwaves-technologies.com/product/gap9-resources/
https://www.nordicsemi.com/Products/Development-hardware/Power-Profiler-Kit-2
https://www.nordicsemi.com/Products/Development-hardware/Power-Profiler-Kit-2
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Fig. 4: Experimental distributions of the MAE obtained for the incremental learning stages for baseline offline train-
ing and online training. 4a: Baseline offline training. 4b: Online training. The MAEs of (Day 1,1-DoF,Stage 0), of
(Day 1,5-DoF,Stage 1), and of (Day 1,RANDOM,Stage 2), are training MAEs, since Day 1 is the training set of these
dataset-stage pairs, as explained in III-C.1; all other distributions are validation MAEs; the training metrics are reported to
check the cross-day training-to-validation accuracy drop. The lower (resp., upper) whisker is set at the lowest datum above
Q1 − 1.5 · IQR (resp., Q3 + 1.5 · IQR), with Q1 and Q3 the first and third quartiles respectively, and IQR ≜ Q3 − Q1 the
interquartile range.
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TABLE IV: Results of the ablation experiments that reduce the
input time window, the HD-sEMG data rate, or the number
of HD-sEMG channels (one at a time). The baseline is the
setup using 63-sample input time-windows of 64 HD-sEMG
channels sampled at 2048Hz (detailed in III-B; dedicated
results in IV-A).

Ablation experiment MAE, reported as
(median ± IQR) % MVC

input time window 47 samples 10.15± 3.93
31 samples 10.54± 4.02

data rate 1024Hz 10.33± 3.98
48 HD-sEMG channels 9.98± 3.91

Reference setup (III-B; IV-A) 9.58± 3.89

TCN (which in turn performs better than the Stage-0
TCN) since the Stage-2 TCN has seen multi-fingers force
patterns out of the fixed combinations of 5-DoF during
retraining on RANDOM’s Day 1.

This result confirms the motivation for the computational
investment in retraining, showing that it is required to im-
prove the regression accuracy. It is worth observing that this
improvement is present for both the baseline offline training
and the online training, showing that the online training can
learn even with the online protocol’s limitations (4b).

The most significant validation for summarizing our
method’s accuracy and generalization ability is the cross-day
validation on HYSER RANDOM, which contains diverse non-
predefined force patterns like a real-world scenario. In this
cross-day validation, the baseline non-deployable offline train-
ing and the online training reach a median regression error of
(9.10±4.02)% MVC and (9.58±3.89)% MVC, respectively,
expressed as median ± Inter-Quartile Range (IQR). This result
indicates that the online training protocol produces a negligible
accuracy loss compared to the physiological variability range
across subjects and trials. Moreover, this regression error is
comparable to that attained by the SoA literature targeting
the HYSER dataset, which is in the range (8.5 ± 5.0)%
MVC in simpler settings, such as within-day validation [29],
validation on 5-DoF [51], or validation on 1-DoF [53].
This comparison demonstrates that our setup matches the
SoA regression accuracy on the dataset. Moreover, the cited
regression works on HYSER only target the regression error
without addressing the deployment on embedded hardware and
the real-time operation.

B. Ablation Study
The previous subsection (IV-A) exposes the results of the

setup that uses 63-sample input time-windows of 64 HD-
sEMG channels sampled at 2048Hz (detailed in III-B). We
identified these settings as a sweet spot providing an effective
trade-off between accuracy and a low resource budget. We
motivate this choice by reporting in Table IV the results
of ablation experiments that decrease the computation and
memory requirement by reducing the following parameters
(one at a time):

• input time window: reduced from 63 samples to 47 or 31
samples (amounting to 22.9ms or 15.1ms, respectively);

• data rate: subsampled from 2048Hz to 1024Hz;
• channels: reduced from 64 to 48; the 48 channels were

obtained by downsampling the 4 HYSER’s 8 × 8 sen-
sor patches by 2× and 3× longitudinally and trans-
versely with respect to the forearm, respectively (the in-
verse choice, i.e., 3× longitudinally and 2× transversely,
yielded worse accuracy).

These ablations were applied one at a time, i.e., one for
each ablation experiment. As can be seen from the results in
Table IV, all these more compact settings yield sub-optimal
regression errors that are not competitive with the reference
setup, motivating our choices. The following subsection ex-
poses the deployment and execution results that show that
the proposed reference setup is efficient and suitable for an
embedded implementation.

C. Profiling on a Parallel ULP MCU
The profiling of the memory occupation of each TCN’s

forward-backward-update step with mini-batch size 1 yielded
110.9KiB, which amounts to 86.6% of the 128KiB available
in the L1 memory of GAP9’s cluster (III-D). This compact
memory footprint shows that our model combines high accu-
racy and a hardware-friendly size suitable for TinyML appli-
cations on resource-constrained devices. As to execution, the
profiling yielded a latency of 356 k cycles for each forward-
backward-update step of the whole net; this corresponds to
1.49ms at fclk = 240MHz, which is the clock frequency
of GAP9’s most energy-efficient configuration (III-D). This
latency is consistent with the training setting of consuming
one data window every 31.2ms (III-B), indicating that our
application fulfills the requirements of real-time training. The
consensus for the latency requirement for sEMG-based HMIs
to make users perceive the control as real-time is 300ms [60].
Taking into account our 30.8ms input window plus the 1.5ms
of computation latency, our application matches the sEMG
HMI real-time requirements, proving capable of providing
a fluid control without a significant perceived delay. The
measured power draw was 27.1mW, which yields an energy
consumption of 40.4 µJ for every forward-backward-update
step. This value shows that our solution fits the requirements
of low-power operation on embedded platforms.

V. DISCUSSION

This section discusses the contribution of this work in
comparison with the related SoA literature. In particular, our
contribution can be better identified based on the scheme we
provide in Table II, reporting the SoA works that use the
HYSER dataset targeting the regression task of HD-sEMG-
based force estimation. These works represent a minority since
most research on the HYSER dataset addresses its PR sub-
dataset for discrete recognition of fixed hand positions; this
limitation is common to the domain of sEMG-based hand
modeling in general [6].

On the HYSER dataset, the most relevant assessment to
determine a model’s accuracy and generalization robustness is
on the RANDOM dataset (featuring diverse forces not fixed by
protocol) in a cross-day validation to be close to a realistic



M. ZANGHIERI et al.: PREPARATION OF PAPERS FOR IEEE TRANSACTIONS AND JOURNALS (FEBRUARY 2017) 9

utilization. In these conditions, the proposed online training
achieves a regression error (9.58±3.89)% MVC (IV-A). This
regression error falls in the same range as the error achieved
in literature, which lies in the range of (8.5 ± 5.0)% MVC
for validations conducted in settings that are easier from the
Machine Learning viewpoint, namely, validation performed
within-day [29], on 5-DoF [51], or on 1-DoF [53]. A
remarkable result is that the constraints introduced by the
online learning protocol only cause a negligible regression
error increase, compared to the physiological variability range
across subjects and trials (this physiological variability is an
established trend also observed in the literature, as can be seen
in the numerical results of Table II). Globally, the comparison
highlights that our proposed solution is competitive with the
SoA accuracy of sEMG-based force estimation.

As far as deployment and execution are concerned, we
are the first to report several progresses. The SoA literature
does not address the implementation on resource-constrained
hardware, which is a requirement of enabling wearable HMIs.
In contrast with this general limitation of all the cited
works, we present a TinyML solution that is deployed and
profiled an embedded computation device [36]–[38] suitable
for a low-power real-time wearable sEMG-based controller.
Moreover, our solution is more advanced compared to other
TinyML sEMG applications that, though successfully exploit-
ing resource-constrained embedded hardware, only deploy
inference [20], [24], [34]. In contrast, we also implement real-
time incremental online learning as a key contribution.

VI. CONCLUSION

In this work, we have presented an incremental online-
training solution for sEMG-based estimation of simultaneous
multi-finger forces. We propose a tiny TCN devised so that its
training computational budget fits the strict resource require-
ments of embedded platforms. We evaluate our strategy on the
HYSER dataset in a cross-day validation, accounting for the
sEMG’s inherent inter-session variability. With an incremental
training protocol, our online training reaches a cross-day MAE
of (9.58±3.89)% MVC on HYSER’s RANDOM subset, which
has no predefined force pattern sequences and is thus the
most challenging and closest to a real scenario. This error
is in the same range reached by an offline training with
more epochs and resources and is compatible with the SoA
literature tackling HYSER with easier training and validation
settings. We profile our TCN’s online training on the SoA
parallel ultra-low power microcontroller GAP9, obtaining a
latency of 1.49ms and an energy consumption of 40.4 µJ
for each forward-backward-update step. This proves that our
solution fits the requirements of real-time training-on-device
on an embedded platform. This work expands our previous
paper [25] by contributing a more advanced retraining strategy:
we progress from sparse low-count to high-count, high-density
electrodes, from classification of fixed gestures to regression,
and from cross-arm-posture adaptation to the learning of
new simultaneous multi-finger force patterns. This advance is
promising for the future intuitive and realiable non-invasive
wearable HMIs.

In future work, we will exploit this work’s insights about
the computational budget of incremental online learning for
HD-sEMG-based force regression to implement a high-count
sEMG setup and to realize a novel research dataset for hand
force modeling [29], [30].
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