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Surface electromyography is a non-invasive method used for monitoring muscle activity and is widely applied
in rehabilitation, prosthetics, assistive robotics, and human—computer interaction. However, its practical use
often remains limited by large differences between individuals and the effort required to train models for each
new user. This study explores whether transfer learning can help address these challenges when using deep
learning to classify hand and wrist gestures. The experiments use a dataset that includes eleven gestures,
each repeated eight times by 22 healthy participants. Three training approaches are evaluated: (i) training
and testing on the same subject (intra-subject), (ii) training on some subjects and testing on a new one
(inter-subject), and (iii) transfer learning with and without resetting the fully connected output layer of the
convolutional neural network. All models are evaluated using a leave-one-out cross-validation strategy across
both subjects and repetitions. Results show that both transfer learning methods outperform the other two
approaches in terms of classification accuracy. The best performance is observed when the fully connected
layer is reset before fine-tuning (F1-score = 0.907, o = 0.074). Wilcoxon signed-rank statistical tests confirm
that these improvements are statistically significant, even when only a few repetitions are used for fine-tuning.
In fact, using transfer learning with just four repetitions instead of eight achieves accuracy comparable to
training from scratch on all eight repetitions. These findings suggest that fine-tuning pre-trained models can
significantly reduce the effort needed to adapt EMG-based systems to new users, providing a practical and
effective approach for developing user-friendly interfaces suited to assistive and rehabilitation applications.

Keywords: surface electromyography (sEMG); gesture recognition; transfer learning; deep learning; con-
volutional neural networks (CNN); inter-subject variability; model generalization; fine-tuning strategies;
subject adaptation; myoelectric control; EMG-based interface; cross-validation; biomedical signal processing;

rehabilitation technologies; low-effort calibration

DOI: 10.64915/RADAP.2026.103.61-68

Introduction

Surface electromyography (SEMG) is a non-invasive
technique for monitoring muscle activity and is widely
applied in rehabilitation, prosthetics, assistive robotics,
and human—computer interaction [1]. It supports ges-
ture recognition, prosthetic control, and assessment of
neuromuscular recovery [2].

However, the utility of sEMG is limited by phy-
siological and technical factors, particularly electrode
placement. Minor variations in electrode position can
lead to substantial differences in signal amplitude and
frequency content due to anatomical variability [3]. Ad-
ditionally, signal quality is affected by skin impedance,
motion artifacts, and muscle fatigue [4].

Classical signal processing methods, including time-
and frequency-domain analysis, wavelet transforms,
and handcrafted features, have been widely used for
EMG interpretation [5-7]. These techniques are com-

putationally efficient and interpretable but struggle
to capture the complex spatiotemporal patterns of
multichannel or dynamic sEMG data. Their generali-
zation across subjects or sessions is also limited [8].
Deep learning, especially convolutional neural networks
(CNNs), has advanced EMG processing by enabling
automatic feature learning from raw signals. CNNs
outperform traditional machine learning models like
SVMs or decision trees in classification accuracy [9].
However, they require large, annotated datasets to
generalize effectively, posing challenges in biomedical
contexts where data collection is costly and time-
consuming [10]. Transfer learning has emerged as a so-
lution, enabling pre-trained models to adapt to smaller,
task-specific datasets. Strategies include fine-tuning
the entire model, freezing earlier layers, or employing
domain adaptation [11,12]. Their effectiveness varies
depending on the dataset and model architecture.
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Recent advances in wearable electronics, such as
flexible sensors, edge AI modules, and low-power mi-
crocontrollers, are making it feasible to deploy deep
learning models for real-time sEMG analysis [13].
Bringing these technologies together supports the cre-
ation of intelligent, adaptive systems for physical ac-
tivity monitoring and neurorehabilitation.

1 Statement of the Problem

Despite the success of CNNs in EMG gesture classi-
fication, their performance declines significantly when
applied across different subjects without retraining.
This inter-subject variability limits the practicality of
deploying EMG-based human-machine interfaces with-
out per-user calibration [11,14].

Transfer learning offers a promising way to address
this issue by adapting models trained on one subject
group to new individuals. However, its practical im-
plementation, such as whether to fine-tune all layers
or use fixed feature extractors, has not been carefully
studied for sSEMG tasks [15].

Furthermore, most studies do not systematically
compare transfer learning strategies using standardized
datasets or well-defined evaluation protocols. As a re-
sult, there is little guidance on which methods offer
the best accuracy and stability, particularly when the
amount of data collected from each subject is limited.

This work aims to fill this gap by experimentally
comparing two transfer learning strategies on a real-
world sSEMG dataset: (1) fine-tuning with the reset
of the fully connected (FC) output layer and (2)
fine-tuning without resetting the FC layer. We assess
classification accuracy and model variance on the 3DC
dataset [16], and investigate whether these methods
can reduce the amount of required subject-specific data
while maintaining or improving performance.

2 Dataset

The 8DC Dataset dataset comprises SEMG record-
ings collected from 22 able-bodied participants per-
forming eleven distinct hand and wrist gestures. Each
subject completed eight repetitions of a predefined
gesture sequence, resulting in a substantial volume of
labeled gesture data.

The 3DC Dataset is introduced in the work of
Coté-Allard et al. [16], where the authors designed
a low-cost, 3D-printed, wireless myoelectric armband
called as the 3DC Armband. This device has 10 dry
sEMG electrodes and a 9-axis inertial measurement
unit (IMU), with a sampling rate of 1000 Hz. The
data acquisition protocol involved placing the 3DC
Armband on the dominant forearm of each partici-
pant, alternating the armband’s position relative to
the elbow between participants to simulate real-world
variability in wearability.

Subjects perform a sequence of eleven gestures,
including wrist flexion, wrist extension, and various
hand shapes. Each gesture lasts 5 seconds. They repeat
the entire sequence eight times, taking a 5-minute rest
between the fourth and fifth repetitions.

The original study uses diverse electrode placement
protocols to simulate real-world variability, resulting in
substantial inter-subject signal differences. On the one
hand, this variability challenges the generalization ca-
pability of learned models. On the other hand, it makes
the dataset a valuable benchmark for evaluating inter-
subject generalization and transfer learning strategies
in sSEMG-based gesture classification.

3 Methods

This research is conducted using the LibEMG
Python library [17], which provides a unified frame-
work for data loading, preprocessing, training, and
evaluation of machine learning models in electromyo-
graphic control systems.

Several studies have shown that feeding raw sEMG
signals directly into deep learning models, particularly
CNNs, is an effective approach for gesture classifica-
tion. In their early review, Oskoei and Hu [20] outlined
the challenges of handcrafted feature extraction and
discussed the potential of neural networks to bypass
manual processing by learning directly from raw sig-
nals. Later, Rehman et al. [19] demonstrated that deep
learning models trained on raw multiday sEMG data
can outperform traditional methods that rely on engi-
neered features, especially in terms of robustness across
recording sessions. Similarly, Coté-Allard et al. [11]
showed that a CNN trained on raw sEMG windows
achieves high classification accuracy and reduced the
need for complex preprocessing steps, making the sys-
tem more practical for real-time applications.

Based on these findings, this study adopts a raw-
input strategy. This approach eliminates the need for
manual feature engineering and allows the model to
learn directly from raw signal patterns, which is partic-
ularly beneficial when handling variability in electrode
placement and signal characteristics.

Following existing best practices [18] and prior
works using the chosen dataset [16,17], raw sEMG
signals are split into 200-sample overlapping windows
with a step size of 100. Each window forms a 10 x 200
matrix that serves as input to the CNN.

CNN Model Implementation

The CNN architecture used in this study builds
on implementations from previous works [16, 17], as
shown in Fig. 1. The network processes raw sEMG
inputs of shape 10 x 200 (channels x samples). All
layer weights are initialized using the Glorot (Xavier)
uniform method, with biases set to zero. Training em-
ploys the Adam optimizer with an initial learning rate
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of 1073, adjusted over time using a cosine annealing
schedule. Cross-entropy serves as the loss function,
and early stopping is applied with a patience of four
epochs and a tolerance threshold of 0.03. Each training
session runs for up to 50 epochs, although convergence
typically occurs within 15. Random seeds for PyTorch,
NumPy, and Python’s built-in generators are explicitly
set to ensure reproducibility. The exact implementa-
tion of the CNN is available in the publicly accessible
repository [21].

Evaluated training approaches

All experiments in this study follow the same cross-
validation protocol to ensure a fair comparison. Specifi-
cally, a leave-one-out cross-validation (LOO-CV) strat-
egy is applied to the gesture sequence repetitions of
each subject. In each fold, we select one repetition for
testing, one for validation during training, and use the
remaining repetitions for model training.

Three training approaches are explored. The first,
referred to as Intra-subject training, trains and tests
the model using data from the same individual. Each
repetition is assigned to either training, validation, or
testing according to the LOO-CV protocol.

The second approach, called Inter-subject training,
trains the model on data from 21 participants and eval-
uates its performance on the one subject excluded from
training. The same repetition-based LOO-CV strategy
is applied to each subject’s data.

The third approach, called Transfer learning, fine-
tunes a model pre-trained on data from 21 subjects

Convolutional layers

1D convolution
(in: 64, out: 32,
kernels: 5)

1D convolution
(in: 10, out: 64,
kernels: 5)

using data from the left-out subject. This approach
uses the same cross-validation setup described ear-
lier. We evaluate two fine-tuning strategies: one that
resets the FC output layer before fine-tuning — Fine-
tuning with FC reset, and one that keeps the FC layer
unchanged, referred to as Fine-tuning without FC re-
set. In both strategies, the convolutional layers remain
trainable during fine-tuning.

To further examine whether transfer learning with
FC reset continues to outperform training from scratch
under limited subject-specific data, this study conducts
additional experiments using fewer training repeti-
tions. Instead of all eight available repetitions, six, four,
and three are used. The same LOO-CV protocol is
applied in each case to ensure consistency.

When all eight repetitions are used, the cross-
validation process generates 56 folds per subject
(8 x 7 =56), resulting in a total of 1232 folds across
22 subjects. Using six repetitions yields 30 folds per
subject (6 x 5 = 30), totaling 660 folds. With four
repetitions, we obtain 12 folds per subject (4 x 3 = 12),
giving 264 folds overall. Finally, three repetitions gene-
rates six folds per subject (3 x 2 = 6), resulting in
132 total folds.

The F1-score serves as the primary metric for evalu-
ating classification accuracy in this study. To assess
whether the observed performance differences are sta-
tistically significant, Wilcoxon signed-rank tests are
applied to the distributions of F1-scores obtained from
the folds of each experiment.

Fully connected layer

1D convolution
(in: 64, out: 32,
kernels: 5)

Flatten
16x188 to 1x3008

Input array

10x200 BatchNorm1d

BatchNorm1d

Linear

BatchNorm1d (in: 3008, out: 11)

Layer 3 output : H Layer 4 output
16x188 : : 1x11

: Layer 1 output :
H 64x196 V

RelLU RelLU

: Layer 2 output |
' 32x192 '

RelLU Softmax

Fig. 1. Diagram of the CNN architecture used in this study. It consists of three sequential 1D convolutional
layers followed by batch normalization and ReLU activations, ending with a FC layer mapping to 11 gesture
classes.
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4 Results and discussion

Compare training approaches

Figure 2 presents box-and-whisker plots summariz-
ing the Fl-score distributions for inter-subject gen-
eralization, intra-subject training, and two transfer
learning strategies: fine-tuning with and without re-
setting the FC layer. All eight available repetitions
are used for training in those experiments. Conse-
quently, distributions are based on 1232(8 x 7 x 22)
cross-validation folds per training approach across all
22 subjects.

The inter-subject approach yields a mean F1-score
of 0.382 (¢ = 0.149), which confirms the significant
limitations in cross-subject generalization caused by
variability in electrode placement and anatomical dif-
ferences. In contrast, intra-subject training, where the
model trains and tests on data from the same partic-
ipant, achieves a much higher mean F1-score of 0.869
(o = 0.089).

Fine-tuning pre-trained models using the “with-
out FC reset” transfer learning strategy further im-
proves performance to 0.896 (¢ = 0.071). However,
the “with FC reset” strategy achieves the best result,

reaching a mean Fl-score of 0.907 (¢ = 0.074), which
suggests that resetting the CNN’s head enables bet-
ter adaptation to new subjects. Both transfer learning
strategies outperform the intra-subject training ap-
proach, reaffirming the benefit of leveraging pre-trained
models.

Evaluate the effect of reduced subject-
specific data

To assess whether transfer learning reduces the
need for subject-specific data, we conduct additional
experiments using fewer training repetitions (6, 4, and
3). As shown in Fig. 3, the transfer learning approach
with FC layer reset consistently achieves higher F1-
scores across all scenarios. Reducing the number of
repetitions to three leads to a noticeable decline in
accuracy, while using four repetitions causes only a
modest drop. This setup effectively cuts the required
subject effort in half compared to using all eight repeti-
tions, without significantly compromising classification
accuracy.
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Fig. 2. Box-and-whisker plots of F1-score distributions across training approaches: “Inter-subject’, “Intra-subject”

training approaches, and two fine-tuning (FT) strategies in transfer learning (TL) approach: with and without

FC layer reset. Boxes represent interquartile range (IQR), lines show medians, and dashed lines indicate means.
Outliers are shown as individual points.
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Fig. 3. Box-and-whisker plots showing the distribution of F1-scores across different numbers of training re-

petitions (6,4,2,1) for “Intra-subject” and “Transfer learning” (TL) approach with FC layer reset. Note that

repetitions numbers here represent a total number of repetitions consisting of eleven gestures a subject would

need to execute to achieve shown accuracy. Each box shows the interquartile range and median; dashed lines
denote the mean. Qutliers are plotted as individual points.

Statistical significance of transfer learn-
ing improvements

To assess whether the observed differences in model
performance are statistically meaningful, Wilcoxon
signed-rank tests are applied to compare subject-wise
Fl-score means (u) and standard deviations (o). Ta-
ble 1 summarizes the results for all training approaches
and repetition settings evaluated in this study.

When using all eight repetitions for trainin, transfer
learning without FC reset yields a statistically signifi-
cant improvement in mean F1-score over intra-subject
training (p = 7.87 x 107°), although it does not sig-
nificantly improve model stability (p = 0.0829). In
contrast, transfer learning with FC reset results in
both a significant increase in classification accuracy
(p =2.38 x 1077) and a notable reduction in Fl-score
variability (p = 0.0016), indicating more consistent
performance across cross-validation folds. Moreover,
when directly comparing the two transfer learning
strategies, resetting the FC layer leads to significantly
higher mean Fl-scores (p = 3.46 x 10~%), though the
difference in standard deviations remains statistically
insignificant (p = 0.118).

Fine-tuning with FC reset consistently maintains
its advantage across all tested repetition counts. Even
when we reduce the training data to six, four, or
three repetitions, the mean F1-score stays significantly
higher than that of intra-subject models trained un-
der the same constraints. In each scenario, Wilcoxon
tests confirm not only improved accuracy but also sig-
nificantly lower variability in model performance (all
p < 0.05), even under data-limited conditions.

The results of all training experiments, as well as
the Python scripts used for statistical evaluation, are
available in the publicly accessible repository [21].

Overall, these findings confirm that transfer learn-
ing strategies offer statistically robust improvements
in terms of gesture classification accuracy. Among the
evaluated strategies, fine-tuning with FC reset provides
statistically better accuracy and stability, regardless of
how much subject-specific data is available. The ability
to retain these advantages under reduced-data condi-
tions supports its suitability for real-world deployment,
especially in real-time or wearable applications where
minimizing calibration effort is essential.
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Tabl. 1 Wilcoxon signed-rank test results comparing subject-wise F1-score means (u) and standard deviations
(o) across training strategies and training set sizes. Hy represents null hypothesis, while H; — alternative
hypothesis. TL+FC: Transfer Learning with FC reset; TL-FC: Transfer Learning without FC reset; Intra: Intra-
subject training. The number of training repetitions used in each experiment is denoted by r. Bold horizontal
lines separate hypothesis groups. Statistically significant results (p < 0.05) indicate a meaningful difference in
accuracy or model stability.

Hypothesis p-value

Ho : p(Flri—rc,r=8) = it (Flintra, r=3) p=787x10"%<0.05
Hy:p(Flri—rc, r=s8) > ft (Flingra, r—=3)

Hy : o (Flvi_fc,r=8) = 0 (Flintra, r=3) p = 0.0829 > 0.05
Hy : o (Flri—rc,r=8) < 0 (Flintra, r—8)

Ho : p(Flrigre, r=8) = ft (Flintra, r=8) p=238x10"" < 0.05
Hl : /J'(F]-TLJrFC r= 8) > (Fllntra r= 8)

Hy : o (Flriyrc, r=8) = 0 (Flintra, r=8) p = 0.0016 < 0.05

Hl el (F]-TL+FC r= 8) (F]-Intra r= 8)

Hy : p(Flvitrc, r=s) (Flvi—Fc,r=8) p=3.46 x 1074 < 0.05
Hy :p(Flrigrc, r=s) (Flti—Fc,r=s)

Hy: 0 (Flritrc, r=s) (Flvi—Fc,r=8) p=0.118 > 0.05

Hy o (Flriirc, r=s) (FlvL—Fc,r=8)

Ho : p(Flrigre, r=6) = ft (Flintra, r=6) p=2x107%<0.05
Hy:p(Flrigre, r=6) > it (Flingra, r=6)

Hy : o (Flriirc,r=6) = 0 (Flintra, r=6) p = 0.033 < 0.05

Hy : 0 (Flritrc, r=6) < 0 (Flintra, r=6)

Hy : p (Flrigre, r=4) = ft (Flintra, r=4) p=2x10"%<0.05
Hy g (Flriqre, r=4) > pt (Flintra, r=4)

Hy : 0 (Flrigrc,r=4) = 0 (Flintra, r—4) p=0.0018 < 0.05

Hl el (F]-TL+FC r= 4) <o (F]-Intra r= 4)

Hy : p (Flrigre,r=3) = ft (Flintra, r=3) p=2x10"% < 0.05
Hy :p(Flrigre, r=3) > ft (Flingra, r=3)

Hy : 0 (Fltiirc,r=3) = 0 (Flintra, r=3) p = 0.0473 < 0.05

Hy : o (Flrigrc,r=3) < 0 (Flintra, r=3)

Limitations, Comparison to Related
Work, and Future Directions

While our experiments clearly show that transfer
learning improves model accuracy and stability, there
are some limitations to consider.

First, the CNN model we used is relatively simple.
We chose this to keep training fast and make our results
easier to compare with past research [16,17]. However,
more advanced models like temporal convolutional net-
works [2] or CNN-LSTM combinations [9] may be able
to improve accuracy further.

Second, the 3DC dataset is designed to simu-
late real-world changes in electrode placement, which
supports testing model generalization. However, this
variability also introduces noise into the data, poten-
tially lowering accuracy compared to more controlled
datasets.

Third, this study conducts all experiments offline.
To determine whether the models perform effectively
in real-world use, future research should evaluate them
under real-time conditions, such as with wearable sys-
tems or interactive applications [13].

Compared to earlier works such as Coté-Allard et
al. [11], which demonstrate the benefits of transfer
learning for sEMG, our study goes further by com-
paring two fine-tuning strategies and evaluating their
statistical significance. While other studies [12,15] ex-
plore transfer learning under electrode shift conditions,
few measure how much subject-specific data can be
reduced. This is the key contribution of our work.

In the future, it would be useful to test more com-
plex models, add domain adaptation techniques, and
use fewer labeled samples. Testing the models on small
devices like microcontrollers would also show how well
they work in real applications. Public benchmarks on
larger and more varied datasets would also help to
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confirm how well these results generalize. The source
code and evaluation results for this study available
publicly [21] can help other researchers build on this
work.

Conclusion

This study investigated the effectiveness of transfer
learning for sEMG gesture classification using CNN. By
comparing intra-subject training, inter-subject gener-
alization, and two transfer learning strategies (with and
without resetting the FC layer), we demonstrate that
transfer learning significantly enhances classification
performance and model stability.

Our experiments show that fine-tuning pre-trained
models, especially when resetting the FC layer, not
only improves F1-scores but also reduces standard de-
viation across cross-validation folds, indicating more
consistent performance. Notably, this benefit remains
statistically significant even if to reduce the number
of repetitions used for subject-specific fine-tuning, sug-
gesting that transfer learning can substantially lower
the effort required for user calibration.

In addition, Wilcoxon signed-rank test results con-
firm the superiority of fine-tuned models under various
data constraints. These findings emphasize the prac-
ticality of transfer learning in real-world applications
where data availability remains limited.

Nevertheless, the study faces several limitations.
The CNN architecture remains relatively simple and
might fail to capture more complex spatiotemporal
dependencies in the sEMG signal. Additionally, the
evaluation takes place in an offline setting and relies
on a single dataset (3DC), which, despite its realistic
variability, may not generalize to all SEMG acquisition
systems or application environments.

Future works could explore deeper and hybrid mod-
els, real-time implementations, and domain adaptation
techniques to further reduce calibration overhead. Ex-
panding evaluation to diverse datasets and hardware
platforms will be critical to validating these results at
scale.

In summary, transfer learning, particularly fine-
tuning with FC reset, proves to be an effective strategy
for subject adaptation in sSEMG-based gesture recogni-
tion. It enhances both performance and model stability
while reducing the amount of subject-specific training
data required.
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Orpumani pe3yabraTu CBiIYaTh, 10 JOHABYAHHSI
HOKpaH_IeHHSI K .TIaCI/I(l)iKaI_Ii.l. EMT- mwomepennbo HATPEHOBAHWUX — MOIEIEH MOXKe CyTTEBO

CUTHAJIIB 3a JIONMOMOTOI0 TpaHC(EpPHOTO
HABYAHHA B yMOBaX OOMEXKE€HUX JAHUX
Ta BapiaTUBHOCTI Mi>XX KOpPHCTyBadaMu

Koaomieyv B. FO., Kapnawx €. C.

TloBepxneBa  enekrpomiorpadia (EMI) — me
HeIHBA3WBHUN METOZ MOHITOPDHHIY M SI30BOI AKTHBHOCTI,
IMHPOKO 3aCTOCOBYETHCH B peabimiTari,
POTe3yBaHHI, ACUCTUBHIA pOOOTOTEXHIII Ta cHCTEMax
B3a€MOJil Jioauan 3 KoMmm'torepoM. Omuak i mpakTuyHe
3aCTOCYBAHHS YaCTO OOMEKYETHCS 3HATHOIO BaAPIaTUBHICTIO

KW

3MEHIIUTH 3yCUJIIst, HeoOxigui mus amanrtanii EMI'-cucrem
[0 HOBUX KODHUCTYBAdiB, 1 € IPAKTUIHUM Ta edEKTUBHUM
MiIXOOOM ISt CTBOpEHHsI inTepdeiiciB, OpI€HTOBAHMWX HA
JOIOMIXKHE Ta peabiniTamiiiie 3aCTOCYBAHHS.

Karowoei caosa: nosepxuesa enexrpomiorpadia (EMI);
pO3Mi3HABAHHSA pPyXiB; TpaHcdepHe HABYAHHS; IJIHOOKe
HABYAHHS; 3TOPTKOBI HEUPOHHI Mepexi; MiKIHIUBITyaIhHA
BaplaTUBHICTD; y3araJbHEeHHS MO/IesIei; crparerii
JOHABYAHHA; II€PCOHAJI3AIIA MOJesell; MioeJeKTpUIHe
kepyBanug; EMI-iarepdeiic; nepexpecna nepesipka (cross-
validation); 06pobka 6iomeauanux curnais; peabimiTaniiini
TEXHOJIOTI; CIpOoIeHe KaaibpyBaHH
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