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Abstract

Multichannel surface electromyography-based hand gesture recognition plays an important role in the
development of intuitive prosthetic and human-machine interfaces. It requires high accuracy, minimal
noise degradation, and electrode drift tolerance for real-world deployment. The goal is to find the best
tuned classifier configurations that balance accuracy and real-world robustness, comparing grid search,
random search, and Bayesian optimization for the four classical classifiers: K-Nearest Neighbors (KNN),
Decision Tree (DT), Random Forest (RF), and Support Vector Machine (SVM). Their performance is
evaluated by repeated stratified 5 x 5 cross-validation with 25 runs and leave-one-subject-out testing.
Furthermore, we use a multi-objective Pareto front analysis considering three factors: (1) accuracy, (2)
adaptation to simulated drift, and (3) relative accuracy degradation under noise. KNN reaches stable 98.4%
accuracy on all optimizers, but Bayesian optimization performs better than other optimization techniques
in terms of accuracy and other performance metrics when using SVM, DT, and RF classifiers. Additionally,
Bayesian optimization gets KNN into the Pareto front with 98.44% accuracy, 98.9% adaptability, and a
minimal 0.10% decrease in noise, which likewise clearly improves SVM and RF. These results provide
guidance about how to choose effective, real-time electromyography classifiers not only for accuracy but
also through trade-offs of accuracy, adaptability, and noise tolerance in prosthetic and rehabilitation
systems.

Categories: Al applications, Bioinformatics, Machine Learning (ML)
Keywords: bayesian optimization, electromyography (emg), gesture classification, grid search, random search

Introduction

Signals generated by the skeletal muscles during gestures are known as electromyography (EMG)

signals [1]. Surface electrodes are used to capture EMG-based gesture recognition signals, which are
commonly from the forearm. It is possible to classify different hand gestures by processing EMG data and
applying machine learning techniques. For surface EMG-based gesture recognition, recent reviews [2,3|
provide comprehensive overviews of data collection, preprocessing, feature extraction, and machine-
learning processes. It is important that these gestures be accurately classified using EMG because EMG
gesture recognition has applications in a variety of domains [4], such as prosthetic control [1], sports
medicine [5], virtual reality environments [6], sign language interpretation [7], and assistive technologies
for disability aid [8]. It provides a natural and easy approach to controlling devices using hand and arm
movements, eliminating the requirement for vision-based tracking.

Most of the systems, whether they are EMG-based gesture recognition systems or any other classification
system, use different optimizers to tune the classifier hyperparameters. Choosing the right optimization
algorithm is critical for efficiently training machine learning models. The optimizer defines how the
model parameters are changed during training in order to minimize the loss function. The choice of
optimizer is particularly important for prosthetic systems because it affects training time, inference
latency, model size, adaptability to changing EMG signals (e.g., electrode shift, muscle fatigue, or inter-
session drift), as well as final accuracy. In prosthetic applications, these properties have a direct impact on
user comfort and real-time response [9,10]. Different optimization techniques have different pros and
cons that cause them to perform better or worse depending on the model design. Techniques such as
Bayesian optimization using a Gaussian process (a sequential model-based approach using a Gaussian-
process surrogate to guide hyperparameter search) [11], grid search [12], and random search [13] are
frequently used to adjust hyperparameters effectively. These techniques pair well or poorly with different
learning algorithms due to tradeoffs they make between search breadth, computational cost, and
convergence rates.

Recent optimization in EMG classification is utilizing more and more optimization techniques in the EMG
classification process, including the use of genetic algorithms (GA), particle swarm optimization (PSO),
grey wolf optimization, and hybrid metaheuristic approaches, to automate feature selection and model
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optimization. Neural networks and support vector machines (SVMs) have been optimized with PSO [14].
Other hybrid methods, such as grey wolf optimization-neighborhood component analysis, have also been
used in EMG classification tasks [15]. Large search spaces are effectively explored by these metaheuristic
methods, which is why they are recommended. They also lessen the need for manual hyperparameter
tweaking, particularly in situations where calculating analytical gradients is expensive or unavailable.

A single study proposed an artificial neural network that auto-configures itself through a randomized
trial-and-error to achieve a network depth and network parameters with minimal manual configurations
[16], which reflects a trend of auto-configurable artificial neural networks through AutoML tools on EMG
modeling. This new paradigm in AutoML emphasizes the shift toward self-optimizing, adaptive
architectures that lessen human bias and speed up the development of EMG models.

In addition, deep learning-based gesture recognition has also been accomplished in the past few years
using convolutional neural networks (CNN) and more recently with convolutional recurrent neural
networks. Studies by Tacca et al. [17], Zafar et al. [18], and Xie et al. [19] have even seen promising results.
However, these methods typically depend on large labeled datasets and substantial computational power,
making it difficult to implement on low-power embedded systems with limited processing capabilities. On
the other hand, classical machine learning models are still in use today in real-time systems like
prosthetic controllers because of their positive tradeoff between accuracy and computational complexity,
especially in resource-constrained systems.

Although the current EMG literature is mostly centered around accuracy, and in many cases, high
performance is reported on larger datasets such as the Ninapro DB2 (17 gestures) with the CNN models
incorporated into SVM [20] or traditional methods [21,22], we pursue a different approach here. Many
recent high-accuracy studies [23-25], however, only assess performance on common benchmark splits.
Adaptability to electrode displacement, additional sensor noise, and inter-session drift is not specifically
tested.

Much more work has been done on the use of many machine learning models and algorithms to deal with
gesture classification. One of the most noticeable or important things is the published work related

to SVM, which has also achieved very good results in this field. Khushaba et al. [26] performed a
comparative study between SVMs, linear discriminant analysis, KNN, and naive Bayes classifiers in EMG
data, which led to the conclusion that SVMs present better performance when compared with other
techniques. Naik et al. [27] used multi-class SVMs together with wavelet features computed from EMG
signals to classify hand gestures. Atzori et al. [28] used linear discriminant analysis classifiers on EMG data
for high classification accuracy. Since SVMs have been the subject of voluminous research, many
alternatives, such as DT, RF, etc., are equally well-performing on EMG-based gesture sets. Gailey et

al. [29] showed the DT model was effective for real-time EMG pattern recognition and was used for the
control of powered lower limb prostheses. In a study by Mohapatra et al. [30] using Ninapro-DB5, hand-
crafted features - such as waveform length, mean absolute value, and root mean square - combined with
an SVM classifier achieved an accuracy of 84%.

In recent years, EMG-based gesture recognition has seen new advancements with the rise of deep learning
approaches. In order to address privacy issues on the edge devices that use muscle activity signals for
controlling robotic systems, a federated learning-based deep learning model was proposed by Zafar et al.
[18]. This study was performed by applying short-term frequency transform on an eight-channel EMG
armband using federated learning techniques such as federated averaging (FedAvg), federated
optimization in heterogeneous networks (FedProx), and federated stochastic gradient descent (FedSGD).
In complex gesture recognition, the temporal feature extraction is enhanced by a channel-fused gated
temporal convolutional network [ 18], achieving 92.71% accuracy on 53 gestures from the NinaPro-DB5
dataset. Tacca et al. [17] demonstrated that high-density EMG techniques, utilizing 150-electrode forearm
sleeves, significantly improved gesture classification accuracy, achieving 97.3% for 37 hand movements
with deep learning, and enabled real-time prediction of joint angles for practical applications. Also,
feature selection methods have been investigated by Rumman et al. [31] for enhancing performance. To
select discriminative features, a swarm intelligence-based model is proposed, which outperforms other
conventional optimizers like PSO, genetic algorithm, and gravitational cohesion. Collectively, these
studies point out advancements in EMG-based gesture recognition with deep learning, hybrid
architecture, transfer learning, and feature optimization to improve accuracy. With deep learning-based
approaches giving great improvements, these can be achieved at the cost of large datasets and high
computational resources. In our study, we systematically compare three hyperparameter optimization
methods for multiple ML classifiers performing EMG-based gesture recognition and gain insights on how
to optimize model performance using the limited data and resources available.

Hyperparameter tuning with traditional machine learning models plays a major role in achieving high
classification performance. Improper hyperparameter tuning can cause our model to underfit or overfit,
which will hinder the generalization of the model. Hyperparameter optimization has been a topic of much
research over the years, and some popular methods include grid search, random search, Bayesian
optimization, etc. Grid search is an exhaustive technique in which a predefined set of values is evaluated
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for each hyperparameter used [12]. This technique can be expensive in terms of computation for high-
dimensional hyperparameter spaces. In contrast, random search is a simple stratified method introduced
by Bergstra and Bengio [13] that randomly samples from the hyperparameter space using specified
distributions to reduce computation while still exploring diverse configurations. This was followed by the
Bayesian optimization work of Snoek et al. [11], which takes another approach that could also do well
using fewer iterations than a grid or random search. This technique builds a model over the objective
function as a Gaussian process and then uses an acquisition function to direct exploration towards parts
of hyperparameter space. The optimization process using Bayesian methods is computationally more
expensive and has shown state-of-the-art performance in a plethora of machine learning applications.

Some studies have explored the Bayesian optimization techniques, albeit in a limited scope. Gao et

al. [32] integrated EMG and inertial measurement unit signals into feature fusion and applied it on a
Bayesian XGBoost algorithm for classifying lower limb movement patterns using 94.42% accuracy. A U-
Net architecture consisting of a MobileNetV2 encoder and a bidirectional long short-term memory
network network was proposed [33]. Based on Bayesian optimization, the bidirectional long short-term
memory model was fine-tuned, and the combination achieved higher hand gesture classification accuracy
upon several hand gesture databases. In the work done by Miah et al. [34], they used 23 feature extraction
techniques on EMG signals and applied an extra tree classifier to select a feature from the EMG signal.
However, a comprehensive comparative evaluation of grid search, random search, and Bayesian
optimization techniques across multiple classifiers, including K-Nearest Neighbors (KNN), SVM,

Decision Tree (DT), and Random Forest (RF), for EMG-based gesture recognition has not been extensively
studied. Such an analysis is crucial for understanding the relative strengths, weaknesses, and trade-offs of
each optimizer-classifier combination, enabling researchers and developers to make informed choices
when designing high-performing, robust EMG-based gesture interfaces.

Instead of many gestures, we focus on six key prosthetic hand gestures to simplify the system complexity,
facilitate user control, and improve real-time decoding performance. More to the point, we consider
models with respect to three important axes - accuracy, adaptability to electrode drift, and noise-induced
accuracy drop - instead of focusing only on accuracy. The analysis of trade-offs among these metrics is
done and illustrated with the help of Pareto fronts (a set of non-dominated solutions in a multi-objective
optimization problem, where improving one objective would lead to the degradation of at least one other
objective) [35].

The objective of this research is to find the best combination of classifier and hyperparameter
optimization approach for recognizing hand gestures based on EMG. To achieve this, the study employs a
multi-metric assessment paradigm assessing performance using accuracy, adaptability to electrode drift,
and noise-induced accuracy degradation. The findings of this study aim to provide insight into the future
development of a dependable, real-time prosthetic control device. We compare three hyperparameter
optimization techniques (grid search, random search, and Bayesian optimization) of EMG-based gesture
recognition using multiple classical classifiers. We use classical machine learning classifiers in this work
because of their computational effectiveness and compatibility with low-resource embedded systems.

Materials And Methods

The proposed study is divided into four parts: the dataset, data segmentation, feature extraction, and
classification and optimization. Figure I depicts the whole workflow.
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Dataset Data Features Classification Optimization
Selection Segmentation Extraction

Using ML algorithms Employing optimizers
Dataset used from the Extracting features like KNN, SVM, DT, like Grid Search,
online resources, and Applied Overlapped like Max, Min, RMS, and RF Random Search, and

this selected dataset Windowing Technique and MAV Bayesian using
gaussian process

created using Myo
Armband.

FIGURE 1: Workflow of the proposed study: (1) Dataset, (2) Data
segmentation, (3) Feature extraction, and (4) Classification and
optimization

The diagram outlines the sequential stages of the proposed pipeline.

Classifiers used are as follows: KNN = K-Nearest Neighbors, SVM = Support Vector Machine, DT = Decision Tree,
and RF = Random Forest.

Optimization techniques include Grid Search, Random Search, and Bayesian Optimization based on Gaussian
processes. The dataset utilized was collected using the Myo Armband.

The dataset

We utilized a publicly accessible dataset [36]. There are seven gestures included in the dataset: extended
palm, hand fist clenched, wrist flexion, wrist extension, radial deviation, ulnar deviation, and a hand at
rest. However, for this study, six gestures were used for classification, excluding the extended palm
gesture because the data available is not sufficient for this gesture. This raw EMG signals dataset contains
the data collected from 36 people using a Myo armband, as shown in Figure 2, with a fixed sampling rate
of 200 Hz.

FIGURE 2: Myo armband

The Myo armband (Model: Thalmic Labs MYB-0001, manufactured by Thalmic Labs Inc., Waterloo, Ontario, Canada)
consisted of eight medical-grade stainless steel dry sensors placed uniformly around the forearm to record
electromyography signals and send them wirelessly to the PC through Bluetooth with a sampling frequency of 200
Hz.

Each subject did two series consisting of six of the fundamental gestures selected from each series, the
motion being taken in each for 3 seconds, and after 3 seconds, there was a break. The preprocessing step
of bandpass filtering was applied in order to improve data quality. In Figure 3, all the hand gestures that
are present in the dataset are shown, except hand rest.

2025 Ali Shah et al. Cureus J Comput Sci 2 : €s44389-025-09497-9. DOI https://doi.org/10.7759/s44389-025-09497-9 4 0of 15


https://assets.cureusjournals.com/artifacts/upload/figure/file/31439/lightbox_ac8c034072a611f0bbcccd6b30ddc0a1-Workflow-of-proposed-work2---visual-selection.png
javascript:void(0)
javascript:void(0)
https://assets.cureusjournals.com/artifacts/upload/figure/file/31440/lightbox_f98647f072a611f0b8bced3b2f7e2bfd-MYO-ARMBAND_imresizer.png
javascript:void(0)

Cureus Journal of Computer Science

Y=

Hand-clenched Extended palm Mrist extension ~ Wrist flexion  Ulnar deviation Radial deviation
in a fist

FIGURE 3: Set of hand gestures used for electromyography
classification

Data segmentation

The overlapping window technique is used during the signal segmentation step. The window size for this
approach is very carefully set to be 1,000 per sample and set to 500 samples for the overlapped window,
giving a balanced and constant sample size for analysis. This overlapping technique is essential because it
helps in the capture of any shifts and changes within the data, ensuring that no important information is
lost throughout the processing step.

Feature extraction

Feature extraction is an important topic in signal processing and data analysis. It entails converting raw
data into a collection of representative features that capture the essential data required for further
analysis or classification tasks. Due to their widespread use in wearable EMG systems and their low
computational cost, we chose simple time-domain features, which include min, max, mean absolute value,
and root mean square [37]. This choice reduces run-time costs and increases the pipeline's suitability for
future embedded or low-latency implementations. While more complicated features (entropy, spectral
measurements, and time-frequency wavelet coefficients) might improve discriminability, they also raise
processing costs and the possibility of overfitting on smaller datasets [37]. Therefore, we leave it to future
studies to systematically evaluate these features. After the feature extraction, 70% of the extracted data is
used for training and 30% for testing.

Classification and optimization

We used machine learning classifiers such as SVM, RF, KNN, and DT to classify the EMG hand gesture
data. Because of the size of the dataset and the work's focus on lightweight models appropriate for low-
latency embedded deployment, deep learning techniques were not used. Traditional machine learning
models (KNN, SVM, RF, and DT) are easier to deploy on prosthetic devices and require less data and
computation. We plan to explore deep models in future work when larger datasets or hardware resources
are available. To optimize the classifiers, Bayesian optimizer using Gaussian process, grid search, and
random search optimizers along with the classifiers are employed. All approaches seek to identify the
optimum set of hyperparameters for a specific machine learning model that produces the highest
performance. Grid Search exhaustingly tests all combinations within the predefined parameter space [12],
while Random Search samples parameter combinations randomly, which is less computationally intensive
but can skip optimal settings [13]. In contrast, Bayesian optimization is quite different from grid search
and random search because it does not use brute force or random sampling but constructs a probabilistic
model to guide the search for optimal hyperparameters. Specifically, it uses a Gaussian process model to
predict the objective function (e.g., classification accuracy) from previous evaluations. Bayesian
optimization strategically searches over hyperparameters using an acquisition function, which is unlike
grid search, which exhaustively tests all possible values, and random search, which randomly samples
hyperparameters. It strikes a balance between exploration (testing new regions of the hyperparameter
space) and exploitation (exploring the already discovered promising area in the hyperparameter

space) [11].

Model evaluation and performance reporting

The optimizers adjusted the tuning hyperparameters, as shown in Table I, to achieve the highest accuracy.
We use two complimentary summaries to assess each classifier-optimizer combination. To evaluate
central tendency and variability, we first calculate accuracy (mean # standard deviation [SD]) over 25
stratified cross-validation (CV) runs (5 folds x 5 repetitions). Second, we record the optimal
hyperparameters from each optimizer, retrain the model with them, and provide the tuned results for
downstream analysis. Both standard and custom evaluation metrics were produced using the
optimized/tuned models listed in Table 3. The metrics included accuracy, precision, recall, F1-score, and
one-vs-rest gesture-wise accuracy, adaptability and noise drop. Accuracy measures the model’s ability to
make accurate predictions overall. Precision is the fraction of true positives among all predicted positives,
and recall is the fraction of true positives among all actual positives. The F1-score is the harmonic mean of
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precision and recall. The performance specific to each class was assessed using one-vs-rest gesture
accuracy and is computed as the per-class recall. To evaluate generalization across subjects, we did a
leave-one-subject-out (LOSO) evaluation with the tuned configurations listed in Table 3 (Results). Each
held-out subject was tested on the classifier after it had been retrained using the fixed best-
hyperparameter values (no re-tuning) on the other subjects. Per-subject accuracy was calculated, and each
tuned classifier summary was obtained as the mean and standard deviation across the 36 subjects. To
evaluate robustness under non-ideal signal conditions, two metrics were defined. The first is adaptability,
which indicates how well the model can perform even with test signals slightly varying to simulate
electrode drift. The second parameter is the Noise Drop, which presents the reduction in the model
accuracy when the Gaussian noise (sigma = 0.1) is applied to the testing signals, defined as:

AccuraCYdean - AccuraCYHoisy

Noise Drop =
Accuracy qoan
Classifiers Tuning Hyperparameters
n_neighbors = range from 1 to 10
p={1.2}
KNN leaf_size: {10, 15, 20, 25, 30, 35, 40, 45, 50}

weights: {'uniform’, 'distance'}
algorithm: {'auto’, 'ball_tree', 'kd_tree', 'brute’}

C = range from 107 to 108

SVM
gamma = range from 107 to 108
max_depth = {10, 20, 30, 40, 50, 60}

DT min_samples_leaf = {1, 2, 4, 8, 16, 32}
min_samples_split = {2, 5, 10, 20, 30, 40}
n_estimators = {200}

o max_depth = {10, 20, 30, 40, 50, 60}

min_samples_leaf = {1, 2, 4, 8, 16, 32}

min_samples_split = {2, 5, 10, 20, 30, 40}

TABLE 1: Search space of tuning hyperparameters

Hyperparameters: For KNN, n_neighbors refer to the number of neighbors, p is the distance metric power, leaf_size indicates the tree leaf size, weights

define the prediction weighting, and algorithm specifies the neighbor search method. For SVM, C represents the regularization parameter, and gamma is the
kernel coefficient. For DT and RF, max_depth denotes the tree depth, min_samples_leaf is the minimum number of samples per leaf, and min_samples_split is
the minimum number of samples required to split a node. In RF, n_estimators is the number of trees, fixed at 200.

KNN = K-Nearest Neighbors, SVM = Support Vector Machine, DT = Decision Tree, RF = Random Forest

Results And Discussion

The following findings summarize the performance evaluations of all classifier-optimizer combinations,
followed by statistical and comparative analysis. Table 2 compares the stability of classifier-optimizer
combinations by reporting accuracy (mean # SD) throughout the 25 repeated CV runs. The mean estimates
predicted performance across different splits, while the SD represents run-to-run variability, indicating
robustness to sample variations. KNN optimized with Bayesian search has the best mean accuracy (98.3 £
0.1) and minimal variation, suggesting good stability. SVM and RF achieved comparable accuracy (95.2 +
0.3 and 96.6 * 0.3, respectively), but with significantly more variation.
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Classifier

KNN

SVM

DT

RF

Grid Search

98.2+0.2

95.0+0.4

86.9+1.0

96.2+0.4

Random Search

98.1+0.3

94.7+0.5

86.1+1.2

955+0.5

Bayesian Optimization
98.3+0.1
95.2+0.3
87.5+0.8

96.6 £0.3

TABLE 2: Classification accuracy (mean * SD, %) for each classifier—optimizer pair (25 repeats of
stratified 5 x 5 CV)

KNN = K-Nearest Neighbors, SVM = Support Vector Machine, DT = Decision Tree, RF = Random Forest, SD = Standard Deviation, CV = Cross Validation

Classifier

KNN

SVM

DT

RF

Table 3 lists the best hyperparameters found by each optimizer and the corresponding model accuracy
after retraining. When optimized using a grid, random search, or Bayesian optimizer, KNN consistently
obtained 98.4% accuracy, as shown in Table 3. This is likely due to its inherent simplicity as a distance-
based algorithm with few hyperparameters and well-separated classes in the dataset. SVM classifiers with
grid search obtained accuracy of 95.4%, random search obtained an accuracy of 95.21%, and Bayesian
optimization slightly improved the accuracy to 95.50%. DT models achieved accuracies ranging from
87.29% to 88.27% across various optimization strategies, whereas RF classifiers produced accuracies
ranging from 96.57% to 96.87%, with Bayesian optimization yielding the best accuracy.

Optimizer
Grid
Random
Bayesian
Grid
Random
Bayesian
Grid
Random
Bayesian
Grid
Random

Bayesian

Best Hyperparameters

n=1, p=1, leaf=10, weights=uniform, algo=auto
n=2, p=1, leaf=35, weights=distance, algo=ball_tree
n=1, p=1, leaf=50, weights=distance, algo=auto
C=100, gamma=0.215

C=4.6415, gamma=0.215

C=440.77, gamma=0.224

depth=20, leaf=1, split=2

depth=30, leaf=1, split=5

depth=40, leaf=1, split=2

n=200, depth=20, leaf=1, split=2

n=200, depth=60, leaf=1, split=5

n=200, depth=60, leaf=1, split=2

Accuracy
98.4%
98.4%
98.4%
95.4%
95.2%
95.5%
87.9%
87.3%
88.3%
96.6%
96.0%

96.9%

TABLE 3: Results after using Grid Search, Random Search, and Bayesian Search

Optimization methods include Grid Search (Grid), Random Search (Random), and Bayesian Optimization using a Gaussian process (Bayesian). For the
definitions of all hyperparameters shown in this table, refer to Table 1.

KNN = K-Nearest Neighbors, SVM = Support Vector Machine, DT = Decision Tree, RF = Random Forest

Moreover, the performance of each of the models was evaluated on standard classification metrics such as
accuracy, F1-score, precision, and recall, as shown in Figure 4. These metrics help in benchmarking every
optimizer-classifier combination regarding its overall classification ability.
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DT (Bayesian Search)

DT (Random Search)

DT (Grid Search)

RF (Bayesian Search)

RF (Random Search)

RF (Grid Search)

SVM (Bayesian Search)

SVM (Random Search)

SVM (Grid Search)

KNN (Bayesian Search)

KNN (Random Search)

KNN (Grid Search)

FIGURE 4: The performance matrices for each optimized model

o

Performance Metrics of Models

20 40 60
Scores (%)

[/

h ofo

82.5

85.0

87.5

88.10
88.10
88.00

I 55.27

I ©7.05
87.01
86.98

I 5729
I 57.63

87.61
87.59

90.0 92.5

Scores (%)

95.0

Metric

97.5

B Accuracy
N F1 Score
W Precision
N Recall

98.40
98.40
98.40
98.44

98.40
98.40
98.40
98.44

98.40
98.40
98.40
98.44

100.0

Bar plots showing accuracy, precision, recall, and F1-score for four classifiers, including KNN (K-Nearest Neighbors),
SVM (Support Vector Machine), DT (Decision Tree), and RF (Random Forest). Each is optimized with Bayesian
optimization using a Gaussian process, Grid search, and Random search.

Further, in order to understand better the behavior of class-wise prediction, we visualized one-vs-rest
accuracy of each gesture, as shown in Figure 5. The per-gesture classification accuracy of all classifier-
optimizer combinations is presented using this heatmap. As expected, KNN models are the best
performing and are exceedingly accurate, with an overall accuracy of 99% and above in all six gestures
among all optimizers. These results underscore the presence of classifier-varying results in classifying
individual gestures and validate the gesture-wise robustness study.
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Classifier

KNN

SVM

DT

RF

Models

KNN (Grid Search)

KNN (Random Search)

KNN (Bayesian Search)

SVM (Grid Search)

SVM (Random Search)

SVM (Bayesian Search)

DT (Grid Search)

DT (Random Search)

DT (Bayesian Search)

RF (Grid Search)

RF (Random Search)
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FIGURE 5: One-vs-rest per gesture accuracy heatmap

A heatmap showing gesture-wise classification accuracy using the one-vs-rest method. Each column represents a
gesture, and each row represents a classifier—optimizer combination. Cells show accuracy for classifying each
gesture against all others. High values (dark blue) indicate high accuracy.

KNN = K-Nearest Neighbors, SVM = Support Vector Machine, DT = Decision Tree, RF = Random Forest

In order to further assess subject-level generalization, a LOSO assessment was performed with the fixed
tuned hyperparameters of Table 5. The classification accuracy mean * SD for each classifier-optimizer
combination is shown in Table 4 for all 36 subjects. KNN maintained the best overall performance with a
mean LOSO accuracy of 98.38 = 0.45% using Bayesian optimization, ahead of RF (96.71 + 0.66%) and SVM

(95.15 £0.72%). The DT models have the most inter-subject variability (SD > 1.3%), making them the least

reliable. The low SD values in KNN and RF indicate good cross-subject stability, showing that the tuned
configurations performed well when applied to subjects who did not participate in training.

Grid Search

98.21 £ 0.55

94.96 + 0.86

86.71 + 1.65

96.12+0.78

Random Search

98.14 £ 0.48

94.78 + 0.94

86.14 + 1.82

95.62 + 0.92

Bayesian Optimization
98.38 + 0.45
95.15+0.72
87.92+1.38

96.71 + 0.66

TABLE 4: LOSO accuracy (mean * SD, %) across 36 subjects for tuned models

Mean and standard deviation (SD) calculated with 36 subjects with leave-one-subject-out (LOSO) analysis. The average subject-level test accuracy is
displayed in each cell, keeping tuned hyperparameters (Table 3) constant and retraining the classifier on the remaining 35 subjects.

KNN = K-Nearest Neighbors, SVM = Support Vector Machine, DT = Decision Tree, RF = Random Forest

To properly examine real-world robustness, we used a multi-objective approach with three axes: (1)
accuracy, (2) adaptation to simulated electrode drift, and (3) noise robustness. Table 5 shows the Pareto-
optimal models that correspond to the best-performing optimizer for each classifier, identified by a non-
dominated sorting method that evaluates trade-offs across all three objectives. In this approach, a model
can be called Pareto-optimal if no other model achieves higher accuracy, adaptability, and noise
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robustness. Together, these metrics describe the model's ability for generalization and robustness to signal

noise.
Classifier Optimizer Accuracy (%) Adaptability (%) Noise Drop (%)
KNN Bayesian 98.4 98.9 0.1
RF Bayesian 96.9 95.5 1.1
SVM Bayesian 95.5 95.7 0.32
DT Bayesian 88.3 89.4 5.7

TABLE 5: Best-performing optimizer for each classifier with corresponding tuned accuracy,
adaptability, and noise drop values

Accuracy represents standard classification accuracy. Adaptability measures performance under simulated electrode drift. Noise Drop quantifies performance
degradation when noise is added. Higher Adaptability (closer to 100) and lower Noise Drop are better. “Bayesian” refers to Bayesian optimization using a

Gaussian process.

KNN = K-Nearest Neighbors, SVM = Support Vector Machine, DT = Decision Tree, RF = Random Forest

In Figure 6, a 3D Pareto front view of evaluated models is shown. Among these, KNN with Bayesian
optimization was the highest-performing model, with an accuracy of 98.4%, 98.99% adaptability, and only
0.10% performance deterioration by noise. These findings show that, whereas many models perform well
in terms of accuracy alone, only a few retain performance under situations similar to electrode
replacement and ambient EMG noise, highlighting the importance of Pareto analysis in robust classifier
selection.68y6y7uik

Pareto Front: Accuracy vs Adaptability vs Noise Robustness

Classifier-Method

@ KNN-Grid

@ KNN-Random

@ KNN-Bayesian

© SVM-Grid

@® SVM-Random 1.00

© SVM-Bayesian Q 4

@ DT-Grid 'O 099 @

@ DT-Random -

@ DT-Bayesian (@] 00 é

@ RF-Grid [ ] 097 2

@ RF-Random 096 ©

@ RF-Bayesian : A
095 =

0.94

FIGURE 6: Pareto front visualization of all classifier—optimizer models
across three objectives: accuracy, adaptability, and noise robustness

Three optimization strategies were evaluated: Grid Search (Grid), Random Search (Random), and Bayesian
optimization using a Gaussian process (Bayesian). Each point represents a classifier-method combination plotted in
a 3D space of accuracy, adaptability, and noise robustness.

KNN = K-Nearest Neighbors, SVM = Support Vector Machine, DT = Decision Tree, RF = Random Forest

According to Pareto-front analysis, the best model was defined as KNN with Bayesian optimization

because of its compromise between accuracy, adoptability, and tolerance to noise. Figure 7 shows that the
confusion matrices of the top KNN, RF, SVM, and DT models to demonstrate their classification behavior.
KNN has the highest diagonal dominance, all gestures have recalls greater than 98%, and RF also has high
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per-class performance. On the other hand, SVM and DT exhibit more off-diagonal value, meaning more
confusion between some gestures. This comparison also reveals why KNN came out as the overall best
model.

True labels
True labels

° 1 2 3 ] s

2
Predicted labels Predicted labels

© (D)

True labels

2 ) 2 3
Predicted labels Predicted labels

FIGURE 7: Confusion matrices of the models reported in Table 5, each
representing the best-performing configuration obtained through
Bayesian optimization: (A) K-Nearest Neighbor, (B) Random Forest, (C)
Support Vector Machine, and (D) Decision Tree

Each matrix shows the number of samples classified for each class, where the x-axis represents the predicted labels
and the y-axis represents the true labels.

A comprehensive discussion of the experimental results is provided below:

The results of the classifications from various classifiers and optimization strategies provide subtle
insights into the effectiveness of various approaches. Accuracy, F1 score, precision, and recall are four key
performance matrices and also confusion matrices that we used to assess the models in order to identify
which classifier and optimizer would be best for gesture recognition. As shown in Figure 4, grid search,
random search, and Bayesian optimization for KNN scores for all performance metrics were consistently
around 98.40% to 98.44%. KNN is a top performer here, but their consistent accuracy across all the
optimization methods suggests that algorithm is inherently less sensitive to hyperparameter tuning. In
contrast to SVM and DT, whose performance enhances considerably by hyperparameter optimization,
KNN depends on distance metrics, and hence its performance remains stable with little adjustments. This
observation shows that it was KNN's simplicity that made it efficient enough, and even simple
optimizations were enough. Plus, class separability for the dataset should be highly clear, thereby reducing
the need for a lot of interactions when tuning KNN compared to other models. SVM is also a good
performer here because it managed to score high results for all performance metrics, which were in the
range of 95.10% to 95.5%. Comparing all the optimization techniques used, there was a minor difference
between them. Nevertheless, the Bayesian search exhibited slightly better results. This also implies that
SVM can benefit from better hyperparameter tuning techniques, such as Bayesian search, which
effectively searches for the best hyperparameter values. RF classification models seem to have provided
reasonably good results, with performance matrices ranging from 95.9% to 96.87%, especially when grid
search and Bayesian search were used. Another search algorithm that was used was random search, which
also provided performances that were somewhat lower but still better. The fact that all of the RF models
show high performance, but with the Bayesian optimizer, it obtained good results. When it comes to DT,
their performance metrics range from 86.9% to 88.27%, and their results with Bayesian search surpass
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both random and grid searches, providing the accuracy of 88.27%, with grid search closely following at
87.87% and random search trailing slightly behind at 87.29%. These findings indicate that DTs are
sensitive to hyperparameter adjustment, with Bayesian and grid searches outperforming. The adaptive
nature of Bayesian optimization provides slight performance gains for SVM, DT, and RF classifiers, as it is
able to better manage complex interactions between hyperparameters as opposed to the brute force
approaches of grid and random search.

Furthermore, Figure 5 depicts the gesture-wise heatmap, which provides further insights into model
performance. As seen in the heatmap, KNN is the most stable and performant model with consistently
good gesture-wise accuracy across all optimization strategies. RF and SVM perform somewhat better when
using Bayesian search, especially for complex gestures. Particularly for complex models like RF that
mainly depend on finely tuned parameters, these enhancements support the finding that Bayesian
optimization is the most efficient approach overall. Additionally, the LOSO results in Table 4 show the
tuned models are strongly generalized to subjects that they have not seen, suggesting their use in a
practical prosthetic or rehabilitation application where retraining per user is limited. With its simplicity
and built-in distance-based adaptation, KNN's strong LOSO performance allows it to efficiently handle
subject-wise EMG variations. SVM and RF models also generalize quite well with a little higher variability,
which indicates that personalized calibration may further increase their stability. Conversely, the lower
mean and larger variance of DT compared to all classifiers underline that the heterogeneous EMG signals
can be poorly modeled by a single-tree model. Moreover, raw accuracy is significant, but models used in
the real world must also have a tradeoff between accuracy and resistance to noise and sensitivity to signal
drift. On our Pareto front analysis, KNN with Bayesian optimization produced the best trade-off. Other
preferable alternatives were SVM and RF classifiers, which also emerged on the Pareto front. The
outcomes have significance relating to the design of EMG-based prosthetic systems in which
environmental noise and physiological changes are frequent. The confusion matrix of the Pareto-optimal
model (Bayesian-optimized KNN) shows that the model is highly cross-subject-reliable, with nearly all the
gestures being identified correctly. Compared to the other best-effective models in Figure 7, KNN and RF
have more defined diagonals and fewer misclassifications, whereas SVM has more misclassifications but
less than DT. Notably, the confusion matrix of KNN validates that the classifier can retain good per-class
performance, which is crucial to reliable control in prosthetics or wearable systems.

Recent EMG studies from 2024 and 2025 show 97.3% accuracy utilizing HD-EMG CNNs [17], 96.92% with
federated edge learning [18], 92.7% with gated temporal convolutional networks [19], and 84% with time-
domain feature fusion [30]. Also, based on the same dataset that we used, other studies have shown
accuracies of 81.69% with RF [38], 96.43% with Naive Bayes [39], 82.81% with KNN, SVM, and RF [40], 90%
with CNN [41], 97.43% with KNN [34], 98.4% with an ensemble bagged tree matches our best accuracy [42],
and 98.6% with RF [43], which is very marginally higher than our best accuracy of 98.4%. However, none of
these studies assessed robustness to electrode drift or signal noise. On the other hand, our Bayesian-
optimized KNN maintains 98.9% accuracy under simulated drift, drops by only 0.10% under noise, and
attains an overall accuracy of 98.4%. Our method avoids the high computational cost of deep models and
is suitable for real-time embedded prosthetic systems by utilizing lightweight classifiers and basic
features. This comparison shows that multi-objective assessment of adaptability and noise tolerance,
which is mostly lacking in previous work, is crucial for practical EMG applications beyond simple accuracy.

Improving hyperparameter optimization not just helps improve the classification performance but also
has direct implications for prosthesis design and related applications. This will result in a more responsive
and adaptable control system for prosthetic devices. Machine learning algorithms have been studied to be
highly accurate for EMG signal classification, correlating with improved prosthetic functionality [44].
Tables 2-5 and Figures 4-7 present the quantitative results, and we emphasize five simple, practical
implications for implementing these models in real prosthetic systems:

« Fast inference: Use lightweight classifiers (such as KNN) on the prosthesis to make sure it responds
rapidly. These models use fewer computing resources and provide reduced control latency.

« Tolerance to electrode shift: Prefer models with high adaptability scores (Table 5). Because they can
better withstand slight changes in electrode placement or muscle condition, users need fewer
recalibrations.

 Robustness to noise: Select models with low noise-drop values (Table 5). These models preserve
performance even in the presence of distorted signals.

« Low calibration burden: Use tailored models that have minimal LOSO variability (Table 4). These require
less setup per user and make the system easier to use in clinical settings.

« Resource-aware selection: Choose Pareto-optimal models (Figure 6) that balance accuracy, adaptability,
and noise tolerance while fulfilling the device's memory and energy restrictions. If necessary, prune or
quantize the model to minimize its size.
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Considering our work limitations, this paper utilizes the data of 36 participants and only six various hand
gestures. It is possible that performances may differ with more gestures, various other subjects, or other
variations in the signals of the real world. The only basic features and standard machine learning
classifiers were used. More benefits might come from sophisticated features or lightweight deep networks.
These limitations suggest that future studies should validate our findings in real-time trials and on larger,
more diverse datasets. In order to evaluate the clinical effectiveness of these improved models, future
research will also involve incorporating them into actual prosthetic systems. Additionally, evaluating
these improved classifiers on edge or embedded devices would yield important information about their
power efficiency, latency, and real-time responsiveness. Such evaluations will help in ensuring that the
suggested plan will be feasible to adopt on a device and use in wearable prosthetics.

Conclusions

The key findings of this study emphasize the choice of optimizer significantly affects classifier
performance in EMG-based hand gesture recognition. For most classifiers, grid search is still a reasonable
alternative, yes, but Bayesian optimization is a strong opponent, which consistently improved accuracy
and robustness. Interestingly, KNN performed very well and stably across all optimizers. When it was
paired with Bayesian tuning, it became the Pareto-optimal model, with 98.4% accuracy, 98.9%
adaptability, and negligible noise degradation (0.10%). This work developed a multi-objective assessment
approach that goes beyond accuracy alone to evaluate classifier dependability in practical settings. This
approach includes noise robustness and adaptation to electrode drift. Since physiological and
environmental variability are unavoidable in prosthetic control systems, these metrics are essential for
their practical implementation.

The presented findings are clinically important because more adaptable and stable EMG systems will lead
to enhanced control and usability of prosthetic devices in everyday practice. For clinical-grade EMG
applications, future research will concentrate on applying these findings to lightweight deep learning
architectures and real-time embedded systems.
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