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Abstract. Gesture recognition using myoelectric signals (SEMG) is a powerful
tool for Human-Machine Interfaces (HMIs). This study investigates the classi-
fication of SEMG signals with varying sets of gestures and predictive features
using Bayesian Optimization for hyperparameter tuning of Machine Learning
(ML) algorithms employed for this task. Experiments were conducted on the
Ninapro DB2 and DB3 datasets, covering data from both intact and amputated
individuals and exploring different ML algorithms. Even though Support Vector
Machines (SVMs) showed the most notable improvement through hyperparam-
eter tuning, the best experimental results were achieved by the Random Forest
(RF) classifier on both datasets, with an average F-Score of 0.853 in DB2 and
0.720 in DB3, using only five gestures and nine features. Overall, a larger fea-
ture set enhanced signal representation, particularly in reduced gesture sets,
while data from amputated individuals posed greater classification challenges.

1. Introduction

Many human-machine interface applications have extensively employed gesture recogni-
tion due to its proven effectiveness [Bi et al. 2019]. Nevertheless, in control of prostheses
and orthotics, gesture recognition still struggles to achieve highly accurate models capable
of identifying a large number of movements, which is fundamental for the real-world use
of such devices. Several datasets have been publicly released to support research on ges-
ture recognition using sSEMG signals, enabling the development and benchmarking of ma-
chine learning algorithms in a reproducible manner [Atzori et al. 2014, Geng et al. 2016].

In this context, many studies exploring Machine Learning (ML) tasks have been
proposed to extract complex features from Electromyography (EMG) signals and identify
movement patterns. Two alternatives are commonly explored: classical ML algorithms
or Deep Learning (DL) [Qiao et al. 2024, Grattarola et al. 2025]. However, there is no
standard for a definitive method to perform gesture classification and feature extraction
from EMG signals [Jia et al. 2020].

Recent studies have shown that the performance of EMG-based gesture clas-
sification is highly influenced by the selection and dimensionality of the feature
set [Sandoval-Espino et al. 2022]. In addition, the effectiveness of many ML algo-
rithms that have been widely applied in this context, such as Support Vector Machine
(SVM), Random Forest (RF), and K-Nearest Neighbors (kNN) [Atzori et al. 2014], can
be affected by their hyperparameter values [Grattarola et al. 2025, Aviles et al. 2023].



Bayesian optimization techniques have recently demonstrated superior performance
in tuning classifiers for biomedical signal tasks, including EMG-based recogni-
tion [Grattarola et al. 2025, Qiao et al. 2024].

This study investigates gesture classification using the NinaPro DB2 and DB3
datasets. We compare classical ML algorithms applied to two sets of handcrafted EMG
features extracted from time, frequency, and wavelet domains. Additionally, we apply
Bayesian optimization to automatically tune hyperparameters for each classifier, aiming
to enhance performance and ensure fair comparison across models. The remainder of this
paper is organized as follows: Section 2 presents the background on EMG signal process-
ing and machine learning methods. Section 3 reviews related works. Section 4 describes
the experimental methodology, including datasets, feature extraction, classification, and
optimization. Section 5 presents the results and discussion.

2. Background

This section provides an overview of the main concepts behind SEMG acquisition and
ML techniques employed for gesture recognition.

2.1. Surface Electromyography (SEMG)

Surface Electromyography (sEMG) is a non-invasive technique used to capture mus-
cle biopotentials. It provides the raw data required to monitor muscle activ-
ity [Ghaffar Nia et al. 2023]. This information is used in diverse applications, notably in
pattern recognition for prosthetic control [Huang and Chen 2019]. Understanding EMG
acquisition techniques is essential for extracting relevant features for gesture recognition
using SEMG signals.

sEMG signals have low peak-to-peak amplitudes, typically ranging from a few
tens of microvolts to 1-2 mV during voluntary contractions. Their frequency content is
mostly concentrated between 10 Hz and 500 Hz [Merletti and Cerone 2020]. Publicly
available databases, such as Ninapro, are pivotal in advancing research in this field. Ni-
napro offers various datasets employing different signal acquisition methods. Ninapro
datasets employ different acquisition methods. DBS5 uses Thalmic Myo Armbands at
200 Hz, while DB4 uses Comet electrodes at 2 kHz. Sampling rate is critical, as it im-
pacts signal accuracy and detail [Phinyomark et al. 2018].

Feature extraction is crucial for pattern recognition of SEMG signals. It involves
uncovering hidden information about the signal to represent it through features capturing
specific patterns [Krishnan and Athavale 2018]. This process often incorporates dimen-
sionality reduction to produce a smaller set of representative data for precise signal de-
scription. Feature extraction techniques for biomedical signals fall into four categories:
Time Domain (TD), Frequency Domain (FD), Time-Frequency Domain (TFD), and sig-
nal decomposition and sparse domain methods [Krishnan and Athavale 2018].

2.2. Machine Learning

Based on the features extracted from sEMG signals, it is possible to apply machine learn-
ing algorithms to identify patterns associated with gestures or other types of muscle activ-
ity. ML is a field of study dedicated to developing algorithms and models that enable com-
puters to learn, make predictions, and/or make decisions based on data [Marsland 2015].



Depending on the nature of the problem to be solved, different ML algorithms can be
adopted. The main categories include reinforcement learning, unsupervised learning, and
supervised learning, with the latter being the most widely used in practical applications.

Supervised learning consists of training models using a labeled dataset, in which
each instance is represented by a vector of attributes (features) and associated with a
label or target. This type of task can be further divided into: 1) classification, when
the target attribute is categorical, and ii) regression, when the target attribute is contin-
uous [Marsland 2015]. In the context of this work, which uses the Ninapro dataset, the
problem is framed as a supervised classification task, in which the goal is to predict the
performed gesture based on the features extracted from the SEMG signals.

3. Related Works

Gesture recognition using SEMG has been widely investigated due to its potential in
human-machine interfaces, especially in the control of prosthetics and orthoses. Works
based on classic ML algorithms, such as SVM, RF, and kNN, remain effective and con-
tinue to yield competitive classification performance in this context. In [Khan et al. 2021],
the authors used the Cubic-SVM algorithm to classify four gestures: wrist flexion, wrist
extension, hand at rest, and closed fist. Features were extracted in the spectral domain of
the sSEMG signals, achieving an accuracy of 0.989. [Challa et al. 2023] proposed a clas-
sifier combining RF and Logistic Regression (LR). They used eight time-domain features
extracted from four sSEMG channels to classify three gestures: flexing, lifting, and grasp-
ing an object. The model achieved average accuracies of 0.966 and 0.94, respectively.

In parallel, the use of DL, especially architectures such as Convolutional Neu-
ral Network (CNN) and Long Short Term Memory (LSTM), is being widely explored
for its ability to learn complex features directly from sEMG signals automatically.
[Huang and Chen 2019] combined spectrograms with CNN and LSTM networks to clas-
sify 50 finger and wrist movements. The study used the Ninapro database with 40 indi-
viduals. The method increased the average accuracy of basic gesture classification from
0.757 to 0.809, and the overall accuracy from 0.772 to 0.793. These results outperformed
a reference method based on SVM with spectrograms, after PCA-based dimensionality
reduction. [Ozdemir et al. 2022] used time-frequency images obtained by Hilbert-Huang
Transform (HHT), Continuous Wavelet Transform (CWT), and Short-Time Fourier Trans-
form (STFT), with pre-trained CNNs to classify seven specific gestures performed by 30
subjects. The best performance was obtained with HHT and the ResNet-50 architecture,
achieving average accuracies of 0.937 (stratified cross-validation) and 0.944 (leave-one-
subject-out cross-validation).

Some studies also explored hybrid approaches, combining manual features with
those extracted by DL models. [Fajardo et al. 2021] combined features obtained by dis-
crete analysis in the time-spectral domain Mean Absolute Value (MAV), Slope Sign
Changes (SSC), peak frequencies, wavelet transform coefficients) with features extracted
by CNNs, using a Multilayer Perceptron (MLP) classifier. The experimental results
showed average accuracies of 0.815, 0.885, and 0.942 for the classification of 8, 6, and 5
classes of gestures, respectively.

A recent review explored works published between 2018 and 2024, aiming to
identify gaps in this research area and evaluate the most commonly used strategies to



solve this task [de Lima et al. 2024]. The authors identified some gaps that can be ex-
plored in future research, such as using other metrics besides accuracy, such as recall and
F-score, especially in unbalanced datasets. In addition, there is a gap in applying param-
eter optimization techniques and developing models capable of classifying more gestures
while maintaining satisfactory performance.

4. Methodology

This section describes the experiments performed to evaluate the impact of feature selec-
tion, gesture set size, and hyperparameter tuning on classical ML algorithms applied to
gesture classification based on SEMG signals.'. The main objective was to investigate how
these different configurations can influence the performance of the gesture recognition
task.

Figure 1 presents an overview of the experimental methodology adopted in this
work, organized in five steps: (i) data acquisition from the Ninapro DB2 and DB3
datasets; (i1) signal preprocessing with band-pass filtering, normalization, temporal win-
dowing, and definition of gesture sets (5 and 10 gestures); (iii) feature extraction in the
time, frequency, and time-frequency domains, with selection of reduced (3) and full (9)
feature sets; (iv) classification using ML algorithms with and without hyperparameter
tuning via Bayesian Optimization (BO); and (v) performance assessment for different
configurations using classification metrics and statistical tests to compare gesture sets,
feature sets, and hyperparameter tuning. The following subsections provide a detailed
explanation of each step in the methodology.

Data Aquisition  Preprocessing Feature Extraction Classification Evaluation

. b d B H — 3
Bandpass Filter FD Features ayesian Comparison

Optimization
Windowing TFD Features Statistical Test

5G 10G 3F 9F Metrics
— Model Training
Normalization TD Features Configuration
—

Figure 1. Pipeline adopted for the classification of gestures using sEMG.

4.1. Dataset

Experiments were conducted using the Ninapro? dataset collection due to its high-quality
recordings for developing and evaluating gesture recognition models. It is also widely
used in the literature and facilitates data comparison. The data collection is composed
of ten (sub)datasets that sum more than 180 acquisitions from intact and individuals with
transradial amputation, covering electromyography, kinematics, inertial signals, clinical,
neurocognitive, and eye-hand coordination data [Atzori et al. 2012]. A sample sSEMG
signal from gestures 2 and 3 of the Ninapro DB2 dataset is shown in Figure 2. This
figure illustrates the complexity of SEMG signals, highlighting the challenge of accurately
classifying gestures due to signal variability.

Thttps://github.com/GabrielMolinaa/sEMG-Based-Gesture-Recognition-with-BO
Zhttps://ninapro.hevs.ch/
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Figure 2. sEMG signal visualization for gestures 2 and 3 from the Ninapro DB2
dataset, including rest intervals.

From all the available datasets, we selected DB2 and DB3. They offer different
sensor configurations and gesture types, allowing a comprehensive comparative analy-
sis. DB2 contains signals from 40 intact individuals performing six repetitions of 49
distinct hand and wrist gestures, recorded at 2 kHz with 12 electrodes positioned around
the forearm and upper arm [Atzori et al. 2014]. DB3 has data from 11 individuals with
transradial amputation who performed six repetitions of the same gestures using the same
electrode configuration and sampling rate. The used gestures were the [sometric, isotonic
hand configurations and basic wrist movements (EX B DB2) and Grasping and functional
movements (EX C DB3), respectively.

Table 1 describes the ten gestures selected in each data set used in the experi-
ments. Two different versions of the datasets were defined, with 10 and 5 gestures, to
directly compare the performance of induced models considering different levels of ges-
tural variability. In the case of DB2, the gestures in the set with five classes correspond
to positions {1, 2, 3, 4, 5} in the table; in DB3, gestures with indexes {1, 4, 10, 14, 18}
were selected®. Different exercises were selected at each base to increase the diversity
of movements analyzed, covering simpler and isolated gestures and functional and more
complex movements.

Table 1. Gestures used in the experiments with the DB2 and DB3 datasets.

Dataset Selected Gestures

1. Thumb up; 2. Extension of index and middle, flexion of the others; 3. Flexion
of ring and little finger, extension of the others; 4. Thumb opposing base of little

DB2 (Exercise B) finger; 5. Abduction of all fingers; 6. Fingers flexed together in fist; 7. Pointing
index; 8. Adduction of extended fingers; 9. Wrist supination (axis: middle finger);
10. Wrist pronation (axis: middle finger)

1. Large diameter grasp; 2. Small diameter grasp (power grip); 3. Fixed hook
grasp; 4. Index finger extension grasp; 5. Medium wrap; 6. Ring grasp; 7. Pris-
matic four fingers grasp; 8. Stick grasp; 9. Writing tripod grasp; 10.Power sphere
grasp 14.Prismatic pinch grasp 18.Parallel extension grasp

DB3 (Exercise C)

3These indexes follow the same indexes presented in Table 1



4.2. Preprocessing and Feature Extraction

Preprocessing was applied to the raw SEMG signals acquired from the DB2 and DB3
datasets, sampled at 2000 Hz. First, the signals were normalized to reduce inter-subject
variability using the repetitions assigned to the training set. Then, a fourth-order But-
terworth band-pass filter with a frequency range of 20-500 Hz was applied to remove
noise and artifacts outside the relevant sSEMG frequency range. After filtering, the
data were segmented into overlapping windows of 500 samples (250 ms) with a step
of 100 samples (50 ms), a technique known as temporal windowing. The repetitions
used for training were {1, 3, 4, 6}, while the repetitions {2, 5} were reserved for test-
ing [Atzori et al. 2012]. The data from all individuals was concatenated, creating a single
dataset for training and evaluation purposes. This approach allows the models to general-
ize across subjects, capturing variability in SEMG signals from different individuals.

Feature extraction was performed on each window of the sSEMG signals from
the 12 available channels. A set of features was selected based on their relevance for
sEMG signal analysis and their use in prior works, particularly in hand gesture recogni-
tion tasks. The chosen features include Root Mean Square (RMS); the Hudgins feature
set [Hudgins et al. 1993], composed of MAV, Zero Crossing (ZC), SSC, and Waveform
Length (WL); spectral entropy, computed using the Welch periodogram [Welch 1967];
mean and median frequencies (MDF and MNF); and the energy of the sub-bands ob-
tained from the marginal Discret Wavelet Transform (mDWT), computed as the sum of
the squared wavelet coefficients at each decomposition level. For the DWT, we used the
Daubechies 7 (db7) wavelet with a decomposition level of 3, following the methodology
adopted in the Ninapro dataset [Atzori et al. 2014].

Two feature sets were then formed to evaluate the impact of feature reduction on
classification accuracy. The first and more comprehensive set includes nine features per
channel: MAV, RMS, ZC, SSC, WL, MDF, MNEF, spectral entropy, and mDWT-based
energy. The second, reduced set includes only three features per channel: RMS, spectral
entropy, and mDWT-based energy. Feature extraction was performed separately for the
training and testing sets.

4.3. Algorithms and Hyperparameter Tuning

Five widely consolidated ML algorithms in the literature were used for classification tasks
with sSEMG signals: RF, SVM, kNN, Logistic Regression (LR), and Linear Discriminant
Analysis (LDA). The choice of these models is justified by the frequency with which they
are applied in studies related to the classification of gestures using myoelectric signals
[Nia et al. 2023].

Initially, all algorithms were trained using their default hyperparameters provided
by the scikit-learn library, establishing a baseline for comparing the initial performance of
the models. Subsequently, Bayesian Optimization (BO) was applied to tune the hyperpa-
rameters of each algorithm individually. This approach aims to evaluate the performance
gain provided by optimization and analyze how each model responds to parameter tun-
ing in different gesture and feature configurations. BO is a probabilistic model-based
approach to global optimization of hyperparameters, which builds a surrogate model of
the objective function (commonly using Gaussian processes) and selects hyperparameter
configurations to evaluate based on acquisition functions that balance exploration and ex-



ploitation [Snoek et al. 2012]. The specific hyperparameter search spaces used for each
model during BO are detailed in Table 2.

Table 2. Search spaces for hyperparameter tuning of each algorithm

Algorithm Hyperparameters

SVM C € [1072,101], v € [1073,10%] (log scale)

RF n_estimators € [100, 600], max_depth € [3, 20]

KNN n_neighbors € [1, 30]

LR C € [1072,100] (log scale)

LDA solver € {svd, lsqr, eigen}, shrinkage € {auto, None} (if solver is Isqr/eigen)

4.4. Evaluation Methodology

Two main metrics were used to evaluate the models: accuracy and macro Fl-score.
Choosing the macro average of the F-score allows a more balanced analysis of the models’
performance, especially in scenarios with possible imbalances between classes. Statisti-
cal tests were applied to compare the performance between the models, verifying whether
the differences observed in the metrics are statistically significant. The Friedman test
was used for this analysis, followed by the Nemenyi post-hoc test, both recommended for
comparisons between multiple classifiers in ML contexts [Demsar 2006].

All experiments were conducted using a global approach, in which training
and testing sets were constructed by aggregating data from all individuals within each
database. This setup assesses the model’s ability to generalize across different subjects,
rather than fitting to individual-specific signal patterns.

5. Results and Discussion

Figure 3 depicts the average F-Score values for each ML algorithm on DB2 and DB3
datasets under four experimental configurations: combining gesture sets (5G and 10G)
and feature sets (3 and 9 features), with and without hyperparameter tuning. The upper
panels depict the results with tuning, while the lower panels present the performances
without tuning (baseline).

In DB2, comprising signals from intact individuals, the models generally achieved
higher F-Scores across all setups. RF consistently led the rankings, reaching an F-Score
of approximately 0.843 in the most favorable configuration (5G, 9 features, with tuning).
kNN and SVM followed closely, showing strong performance particularly when the num-
ber of gestures was reduced and the full feature set was used. Linear models (LR and
LDA) exhibited lower performance across the board, reflecting their limited capacity to
capture the complex, multi-class distributions inherent to sSEMG data.

In contrast, DB3, comprising signals from individuals with transradial amputa-
tion, presented a more challenging scenario. Performance drops were observed across all
models and configurations. Even RF, while maintaining a leadership position, showed a
maximum F-Score of around 0.72, significantly lower than its performance on DB2. SVM
and kNN also displayed reduced effectiveness, whereas the linear models continued to un-
derperform. These trends corroborate prior findings suggesting that SEMG signals from
amputees tend to be more variable and less stable, challenging both feature extraction and
classification processes.
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Figure 3. Average results inducing models under different number of gestures
(5G, 10G) and features (3, 9).

5.1. Effect of Tuning and Feature Set Size

The results presented in Figure 3 indicate that hyperparameter tuning differently impacted
the algorithms. The SVM algorithm was more sensitive to tuning, showing the most sig-
nificant performance gains, especially on the DB2 dataset. For example, in the configura-
tion with 10 gestures and 9 features, the F-Score of SVM increased from approximately
0.726 to 0.783. In DB3, considering the configuration with 9 features and 5 gestures, the
F-Score improved from 0.674 to 0.706, a gain of 3.2 percentage points, while accuracy
increased from 67.4% to 70.2%. On the other hand, although the RF algorithm achieved
the best overall performance in almost all scenarios, it showed minor sensitivity to tuning.
The variation in F-Score before and after optimization was minimal. These results suggest
that RF already operates close to its maximum potential with default hyperparameters.

The complete set of features (9) consistently provided better results than the re-
duced set (3 features). This is due to the expanded set’s ability to capture a more compre-
hensive range of properties of the myoelectric signal, including temporal aspects (RMS,
MAV, WL), frequency components (MDF, MNF, spectrum), and time-frequency infor-
mation (mDWT coefficients). The feature importance plot for RF in Figure 4 supports
this observation, highlighting the relevance of temporal and time-frequency features for
DB2 and DB3. In DB3, although gains were observed with tuning and feature set expan-
sion, the impact was more limited due to the natural variability and instability of signals
from amputees, which presents an additional challenge for modeling. Overall, the com-
bination of fine-tuning and using the complete feature set proved to be the most effective
configuration, especially for SVM and RF.

5.2. Challenging Classes and Misclassifications

Figure 5 compares each model’s predictions and the ground truth across the samples for
DB2 and DB3. The corresponding class color represents correct classifications, while
black indicates misclassifications. DB2 heatmap shows that gestures 2 (Extension of in-
dex and middle, flexion of the others), 4 (Thumb opposing base of the little finger), 5
(Abduction of all fingers), and 8 (Adduction of extended fingers) are particularly prone to
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classification errors. The visual representation highlights scattered regions of misclassifi-
cation concentrated in these gestures, with interruptions along the sequences, suggesting
challenges in accurately identifying their distinct myoelectric patterns. These difficulties
are likely related to biomechanical similarities, such as the simultaneous activation of
adjacent muscle groups during finger abduction/adduction and thumb opposition, which
may produce overlapping signal characteristics. Variations in muscle coordination and
recruitment across repetitions can further increase classification complexity, even among
non-amputated subjects.

In the DB3 dataset, composed of signals from individuals with transradial ampu-
tation, the heatmap reveals more pronounced challenges in classifying certain gestures.
The black regions, indicative of errors, are most prominent in gestures 2 (Small diam-
eter grasp), 5 (Medium wrap), 8 (Small diameter grasp), and 9 (Writing tripod grasp),
with a consistent pattern of misclassifications for these grasp movements. Notably, three
of these four problematic gestures involve different types of grasp, which inherently re-
quire complex coordination of multiple muscle groups. The observed difficulties reflect
the inherent variability and instability of myoelectric signals from amputees, influenced



by individual-specific factors such as residual limb physiology and adaptation strategies.
This observation aligns with the literature, which highlights that EMG signals from am-
putees tend to be less stable and more variable, as different clinical parameters can affect
these individuals’ ability to reproduce the movements [Atzori et al. 2014].

5.3. Statistical Analysis

A statistical analysis was conducted using the Friedman-Nemenyi test to assess the mod-
els and experimental configurations across the DB2 and DB3 datasets. The Critical Dif-
ference (CD) diagrams (Figure 6) illustrate the average rankings and significant statistical
differences among the models and setups.

i | CD
;

RF —— LDA
SVM LR
KNN

5G-3F

(a) Models. (b) Experimental setups.

Figure 6. CD diagrams comparing (a) models and (b) experimental setups in the
DB2 and DB3 datasets. Configurations connected by horizontal lines do
not present statistically significant differences (o = 0.05).

Figure 6a indicates that RF, SVM, and kNN did not present statistical differences
between them. The linear models (LR and LDA) composed a second group with sig-
nificantly inferior performance. This demonstrates the consistency and robustness of RF
across the different setups, although the differences relative to SVM and kNN were not
statistically significant.

Regarding the experimental setups, Figure 6b reveals that the SG-9F configuration
achieved the best average ranking, outperforming the others. However, its performance
was not statistically better than the setup with 5G-3F, as a horizontal line connects both.
In contrast, the configurations with 10 gestures (10G-3F and 10G-9F) showed lower rank-
ings and significantly inferior performance compared to the 5-gesture setups. This sug-
gests that reducing the number of gestures contributes more to stability and discriminative
power than simply increasing the number of features. Overall, the combined statistical
analysis highlights the clear advantage of the 5-gesture configurations and the relative
similarity among the top-performing models, reinforcing the importance of a balanced
experimental design for sSEMG gesture classification tasks.

6. Conclusions

This study investigated the classification of myoelectric gestures using sSEMG signals,
considering different gesture and feature sets and evaluating the impact of hyperparame-
ter tuning. The experiments revealed that Bayesian Optimization significantly enhanced
the performance of SVM, while RF proved consistent but showed minor sensitivity to
optimization. Using a more comprehensive feature set (9 features) effectively captured

5G-9F - — 10G-3F

10G-9F



diverse information from the signals. Additionally, configurations with a smaller num-
ber of gestures (5G) were more stable, especially in the scenario involving amputated
individuals (DB3), which presented greater signal variability.

As a continuation, future research could explore the effects of Bayesian Opti-
mization in deep learning models, as this study focused exclusively on classical ML al-
gorithms. Moreover, it is recommended to investigate further the interaction between the
number of gestures and the quantity of extracted features, applying the methodology to
other SEMG datasets or in contexts with more complex and varied gestures to assess the
observed patterns.
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