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ABSTRACT

Achieving accurate and responsive control of robotic hands remains a major challenge
in human-machine interaction, particularly for applications requiring high dexterity such as
prosthetic control and rehabilitation systems. Surface electromyography (SEMG) offers a
non-invasive solution for capturing human motion intent; however, its nonlinear, non-
stationary nature and susceptibility to noise significantly degrade recognition performance
when using conventional methods. This paper proposes a robust sSEMG-based hand gesture
recognition framework that integrates systematic signal preprocessing, including noise
filtering, normalization, and temporal segmentation, with a hybrid deep learning
architecture. The proposed model combines a one-dimensional convolutional neural
network (1D-CNN) for effective spatial and time—frequency feature extraction with a long
short-term memory (LSTM) network to capture long-term temporal dependencies in multi-
channel sEMG signals. Six fundamental hand gestures such as Rock, Paper, Scissors,
Pointing, Hand Flexion, and Hand Relaxation are evaluated using a custom annotated sSEMG
dataset. Experimental results demonstrate that the proposed hybrid 1D-CNN-LSTM model
achieves consistently high classification accuracies of 96.0% and 0.96 weighted F1-score,
outperforming conventional 1D-CNN-based approaches relying solely on time-domain
features. Furthermore, the proposed framework exhibits low computational complexity and
strong inter-subject generalization, indicating its suitability for real-time robotic and
prosthetic hand control applications.

Keywords: Hand gesture recognition, Surface electromyography (sSEMG), 1D-CNN, EMG
classification.

1. INTRODUCTION

Hand gesture recognition has emerged as a key enabling technology in modern human—
machine interaction, providing an intuitive and efficient means for conveying human intent in
applications such as prosthetic control [1-5], rehabilitation systems [6-9], and intelligent
robotics. Among various sensing modalities, bio-signal based approaches have attracted
increasing attention due to their ability to capture physiological information associated with
muscle activation. In particular, surface electromyography (SEMG) offers a noninvasive [10]
and direct measurement of neuromuscular activity, making it a promising candidate for
developing responsive and natural gesture recognition systems [11-13] that are largely
independent of external environmental conditions.

Despite these advantages, achieving accurate and robust SEMG-based hand gesture
recognition under practical operating conditions remains a significant challenge. sSEMG
signals exhibit strong nonlinearity and non-stationarity and are highly sensitive to multiple
sources of variability, including noise contamination, muscle fatigue, electrode displacement,
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and inter-subject anatomical differences. These factors lead to substantial intra and inter-class
variations, which complicate the reliable extraction of discriminative features and limit the
generalization capability of recognition models.

Conventional SEMG recognition pipelines typically rely on handcrafted time-domain
features, such as root mean square (RMS), mean absolute value, or waveform length, followed
by shallow classifiers. While these approaches are computationally efficient, their limited
representational capacity often restricts recognition performance, particularly for complex or
highly similar hand gestures. More recently, deep learning-based methods [14-16], including
one-dimensional convolutional neural networks (1D-CNNs) [17-20] and recurrent neural
networks, have demonstrated superior performance by learning discriminative features
directly from raw or minimally processed SEMG signals. However, many existing studies
focus either on spatial feature extraction through convolutional operations or on temporal
sequence modeling using recurrent architectures. As a result, the complementary information
embedded in the frequency domain and the long-term temporal evolution of muscle activation
patterns is not fully exploited, which constrains the discrimination capability of current models.

To address these limitations, this study proposes a hybrid 1D-CNN-LSTM architecture
for sSEMG-based hand gesture recognition that integrates RMS-based time-domain features
with Fourier-domain spectral representations. The proposed framework leverages the feature
extraction capability of 1D-CNNs to capture local spatial patterns across multiple sSEMG
channels, while long short-term memory (LSTM) networks are employed to model the
temporal dependencies of muscle activation sequences. By jointly learning time frequency
characteristics and long-term temporal dynamics, the proposed method provides a more
comprehensive representation of SEMG signals, thereby enhancing robustness against signal
variability and improving discrimination among similar gestures.

Experiments on six hand gestures (Rock, Paper, Scissors, Pointing, Hand Relaxation,
Hand Flexion) demonstrate that the proposed hybrid model achieves 96.0% accuracy and 0.96
weighted F1-score, substantially outperforming a baseline 1D-CNN using RMS features alone
(86.0% accuracy, 0.86 Fl-score). The proposed framework maintains low computational
complexity suitable for real-time robotic hand control applications.

The main contributions of this study are threefold: (i) the design of a hybrid 1D-CNN-
LSTM framework that explicitly integrates RMS-based time-domain features with Fourier-
domain spectral representations to jointly exploit complementary time—frequency information
from multichannel sSEMG signals; (ii) a unified learning strategy that simultaneously captures
spatial feature patterns and long-term temporal dependencies of muscle activation, thereby
improving recognition performance for highly similar hand gestures compared with existing
CNN-LSTM-based approaches; and (iii) a robust and computationally efficient recognition
system validated through extensive experiments, demonstrating its practical applicability for
real-time SEMG-based human—machine interaction systems.

2. RELATED WORKS

Early research on surface electromyography (SEMG) for robotic hand control primarily
applied classical machine learning with engineered features. Bitzer and van der Smagt
(2006) demonstrated that support vector machines (SVMs) could discriminate individual
finger actions using a cascade structure; no exact accuracy was reported [21]. Khezri and
Jahed (2009) employed wavelet thresholding to extract time—frequency features and
intelligent classifiers, showing that multi-resolution representations improve separability,
though precise performance metrics were not specified [22]. Ju et al. (2012) applied fuzzy
Gaussian mixture models to distinguish a wide set of hand postures; reported accuracy was
not explicitly provided [23].
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Subsequent studies expanded feature extraction and classification strategies. Sapsanis et
al. (2013) applied empirical mode decomposition (EMD) to decompose raw sEMG into
intrinsic mode components before classification, reporting an accuracy of approximately 91%
for basic gesture discrimination [24]. Kim et al. (2013) integrated tensor neural networks to
map sSEMG and arm posture to continuous grasping force predictions; performance focused
on regression error rather than classification accuracy [25]. Li et al. (2015) highlighted tactile
feedback integration for robust prosthetic control; improvements were qualitative [26].

Later research examined diverse classifier families and feature strategies. Kakoty and
Hazarika (2016) applied radial basis function SVMs to multiple grasp types; exact accuracy
was not reported [27]. X.Tang et al. (2012) proposed a multi-channel SEMG-based hand
motion recognition system using a cascaded classifier architecture, achieving approximately
98.2% classification accuracy for 11 hand gestures [28]. Nishad et al. (2018) applied Kraskov
entropy features with k-nearest neighbors (k-NN), reporting 92% accuracy [29]. Ensemble
machine learning approaches emerged subsequently. Peng et al. (2022) combined ensemble
extreme learning machines (EELM) with recursive feature elimination on the Ninapro DB5
dataset (52 gestures), achieving 77.9% mean accuracy, outperforming decision trees, single
ELM, and random forests [30].

Deep learning has further reduced reliance on manual feature engineering. Convolutional
neural networks (CNNs) automatically learn hierarchical spatial-temporal features, while
hybrid CNN-LSTM architectures capture both local and sequential patterns. A multi-stream
hybrid architecture integrating CNN, temporal convolutional networks (TCNs), and LSTM
modules achieved 94.31% accuracy on Ninapro DB1 and 98.96% on Ninapro DB9, effectively
modeling complex temporal and spatial patterns (Miah et al., 2024) [31]. Neural architecture
search (NAS) has recently been applied to optimize 1D-CNN models; Gehlot et al. (2025)
proposed 1D-CNAS using LSHADE optimization on six gestures from ten subjects, achieving
80.29% mean accuracy and 79.77% F1-score, surpassing a baseline 1D-CNN by ~9.57% [17].

Despite these advances, many methods rely on high-density sensors or significant
computation. Therefore, recent research emphasizes low-channel, efficient architectures that
maintain high accuracy while enabling real-time deployment. In this study, our proposed
hybrid 1D-CNN-LSTM framework leverages only two sEMG channels, integrates CNN
spatial encoding with LSTM temporal dynamics, and achieves 96.0% accuracy and 0.96
weighted Fl-score, balancing performance, robustness, and embedded deployability for
prosthetic and robotic hand control.

3. METHODOLOGY

This section presents the proposed methodology for optimizing robot hand gesture
recognition based on surface electromyography (SEMG), including the hardware configuration
for data acquisition, signal preprocessing, hybrid time—frequency feature extraction, and the
design of a deep learning—based classification model. The overall pipeline is designed to
balance recognition accuracy and computational efficiency, enabling reliable real-time hand
gesture recognition for robotic hand control applications.

3.1. Data Acquisition

Surface electromyography (SEMG) signals were acquired using a customized hardware
setup based on a National Instruments (NI) data acquisition (DAQ) system, as illustrated in
Fig. 1. The system was interfaced with a personal computer (PC) for real-time signal monitoring
and data storage. Two analog input channels (ai0 and ail) were configured to record muscle
activity from selected forearm muscle groups involved in hand and finger movements.
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Fig. 1. Experimental hardware setup for two-channel sSEMG data acquisition
using an NI DAQ system.

16 Scissors 0 Rock 10 Paper
——Channel | —— Channel 2 |—Channc] 1 —Channel 2 —— Channel I —— Channel 2

8 8
9 3 9
=} (V‘H 1l . ! = 6 =
£ R e = 2
O P T &
2 agl il R ‘ 8 4 £
< M ! < <

I I L i
2 | | 2
0 0
0 100 200 300 400 500 0 100 200 300 400 500 0 100 200 300 400 500
Samples Samples Samples
it Pointing i6 Hand Relaxation 10 Hand Flexion
Channel 1 Channel 2 ——— Channel | —— Channel 2 ———Channel I = Channel 2

8 8
] 2 ]
26 E £
& = =3
< 4 < 4 <

2

IR

0 100 200 300 400 500 0 100 200 300 400 500 0 100 200 300 400 500
Samples Samples Samples

Fig. 2. Representative raw sSEMG signals recorded from two channels for six hand gesture

Two-channel SEMG signals were acquired from forearm flexor-extensor muscle groups
using bipolar Ag/AgCl electrodes and a common reference electrode. Signals were sampled at
1000 Hz, which sufficiently covers the effective sSEMG bandwidth for voluntary contractions
while maintaining practical system complexity. Six gestures (Rock, Paper, Scissors, Pointing,
Hand Relaxation, and Hand Flexion) were performed, each held for 3 s followed by 3 s of rest,
repeated 20 times per class. Representative raw sSEMG signals are shown in Fig. 2.classes.

3.2. Signal Preprocessing

Prior to feature extraction, the recorded sEMG signals were preprocessed to enhance
signal quality and ensure stable training of the deep learning model. The preprocessing
pipeline included the following steps:
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e Removal of invalid or saturated samples: Raw sEMG signals were first inspected to
discard samples corrupted by acquisition transients, preventing artifacts from affecting
subsequent analysis.

e Bandpass filtering: A fourth-order Butterworth filter with cutoff frequencies of 20—
450 Hz was applied to suppress low-frequency motion artifacts, baseline drift, and high-
frequency electronic noise, preserving the relevant muscle activation components. The discrete-
time bandpass filter output y[ ] can be expressed as:

y[n]:ibkx[n—k]—ﬁaky[n—k] (D)

Where x[n] and y[n] denote the input and filtered signals, N is the filter order, and a, , b,
are filter coefficients.

e Notch filtering: A narrowband notch filter at 50 Hz was used to reduce power-line
interference.

e Amplitude normalization: Each channel was independently normalized using
min-max scaling to map signal values into the [0,1] range:

X—X .
X norm = (2)
X — X

max min

. . . X, . X - .

where x is the original signal, " ™i» and “™2x are the minimum and maximum values of
the channel. This step mitigates inter-trial and inter-subject variability and improves numerical
stability during gradient-based optimization.

e Segmentation using sliding windows: The normalized signals were partitioned into
short-term frames using a sliding window of length 7 = 200ms and a step size T, =100ms

resulting in 50% overlap between consecutive frames. Each frame X, is represented as:

X, = [xl,,x X ] 3)

i+12°°°9 Vit L1

Where L is the number of samples per window. Sliding windows act as local receptive
fields, capturing short-term patterns in the signal, similar to convolutional operations in deep
learning.

3.3. Hybrid Time—Frequency Feature Extraction

For each segmented window, both time-domain and frequency-domain features were
extracted to capture complementary characteristics of the sSEMG signals.
e Time-domain features (RMS):

The root mean square (RMS) of each frame was computed independently for each

channel:
1 L
RMS = |~ > xl (4)
n=1

Where x, represents the sample values in a window of length L. RMS provides a robust

measure of muscle activation intensity and is computationally efficient.
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e Frequency-domain features (FFT):

Spectral features were obtained using the Fast Fourier Transform (FFT):

N-1
X[K]= 3 x[nf ™, k=0,1,.,N-1 )

n=0

The magnitude spectrum was computed as:
X [K] = yRX[&])? + T (X [£])? 6)

With N=128 is the FFT length. Only the first 32 frequency bins per channel were
retained to reduce dimensionality. FFT magnitudes from both channels were flattened and
concatenated with RMS to form hybrid time—frequency feature vectors for each frame.

3.4. Sequence Construction

To capture short-term gesture dynamics, consecutive frames were grouped into sequences
of F = 6 frames (approximately 600 ms). Each sequence was labeled according to the class of
its final frame, aligning predictions with the current gesture state.

3.5. Model Architecture and Training

The overall architecture of the proposed sEMG-based gesture recognition framework is
illustrated in Fig. 3, while a concise layer-wise comparison with a carefully designed baseline
model is summarized in Table 1. Two architectures were evaluated to isolate the contribution
of hybrid features and temporal modeling.

The baseline model adopts a lightweight yet competitive 1D-CNN operating on RMS features
only. It consists of two Conv1D layers with 32 and 64 filters, respectively, followed by max pooling
and global average pooling to capture local spatial activation patterns while maintaining low
computational complexity. A fully connected SoftMax layer performs final classification.

The proposed model extends this design by jointly exploiting hybrid RMS—FFT features
and explicit temporal modeling. As shown in Fig. 3, frame-level feature extraction is performed
using Time-Distributed 1D-CNN layers with increased filter capacity (64 and 128 filters),
enabling consistent processing across short temporal sequences. L2 regularization is applied to
convolutional and dense layers to mitigate overfitting.

To preserve salient activations while reducing feature dimensionality, Time-Distributed
global average pooling is employed prior to temporal aggregation. An LSTM layer with 128
hidden units is then introduced to model inter-frame dependencies, which are essential for
distinguishing gestures with similar instantaneous sEMG patterns but different temporal
dynamics. The classification stage consists of a regularized dense layer followed by a six-unit
SoftMax output. Both architectures were trained using the Adam optimizer and sparse
categorical cross-entropy loss. Early stopping based on validation performance was applied to
ensure stable convergence and fair comparison between models. The detailed architectural
differences and hyperparameter settings are reported in Table 1.
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Table 1. Layer architecture comparison between the baseline and proposed models

1D-CNN + RMS
Layer Layer name (baseline) Hybrid 1D-CNN-LSTM (proposed)
64 filters, kernel 3, ReLU
1 ID-CNN 32 filters, kernel 3, ReLU Hers, fetnet 2, B,
L2=1x10"*
2 I1D-CNN_MaxPooling Pool size 2 Pool size 2 (Time-Distributed)
1D-CNN 64 filters, kernel 3, ReLU 128 filters, kernel 3, ReLU, L2
. GlobalAveragePooling1D (Time-
4 Global Avg. Pool GlobalAveragePooling1 D Distributed)
. LSTM 128 units, dropout = 0.3,
> Temporal modeling B recurrent dropout = 0.3
6 Dense (hidden) 256 units, ReLU 128 units, ReLU, L2 = 1x10™*
Dropout (Regularization) - Dropout = 0.4
Dense (output) 6 units, SoftMax 6 units, SoftMax
. Pre:Processing '
1. Notch filter =
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Fig. 3. Architecture of the proposed hybrid 1D-CNN-LSTM framework. RMS and FFT
features are extracted at the frame level and processed by Time-Distributed
convolutional blocks, followed by global average pooling and LSTM-based temporal
modeling for six-class SEMG gesture recognition.

4. EXPERIMENTAL RESULT

This section reports the experimental protocol and the performance of the baseline (1D-
CNN+RMS) and proposed (Hybrid 1D-CNN-LSTM) models on the collected same sSEMG dataset.

4.1. Evaluation Protocol

After preprocessing and windowing, RMS features (baseline) and hybrid RMS + FFT
features (proposed) were extracted as described in Section 3. The hybrid features were further
organized into sequences of six frames for the proposed model.

Both models were implemented in TensorFlow/Keras with GPU acceleration. A five-fold
stratified cross-validation was used to assess generalization. In each fold, 80% of the sequences
were used for training and 20% for validation, preserving class balance. For each architecture,
10 independent runs were performed with different random splits or initializations, and metrics
were averaged across runs.

Performance was quantified using overall accuracy, weighted precision, weighted
recall, and weighted F1-score. In addition, per-class recognition rates were derived from the
confusion matrices.
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4.2. Overall Performance

Table 2 summarizes the overall performance of the baseline 1D-CNN+RMS model and
the proposed hybrid 1D-CNN+LSTM architecture. Across ten independent runs, the proposed
model consistently achieves higher accuracy, precision, recall, and F1-score than the baseline,
which is further supported by the training curves and confusion matrices shown in Figs. 4-6.
Under the same intra-subject cross-validation protocol, the hybrid model improves mean
accuracy by approximately 10 percentage points and increases the weighted F1-score from 0.86
to 0.96, while simultaneously yielding higher precision and recall. These consistent gains across
all evaluation metrics indicate that integrating time-domain RMS features with low-frequency
Fourier components and explicit temporal modeling via LSTM enhances the separability of
sEMG patterns, resulting in a more stable and reliable gesture recognition framework compared
with an RMS-based convolutional baseline.

Table 2. Summarizes the average performance of the two architectures over 10 runs.

Model Accuracy Precision Recall Fl-score
(%) (weighted) (weighted) (weighted)
1D-CNN + RMS (baseline) 86 0.88 0.86 0.86
Hybrid 1D-CNN + LSTM (proposed) 96 0.97 0.96 0.96
Training / Validation Loss (10-CNN + RMS) & Training / Validation Accuracy (1D0-CNN 4 RMS)
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Fig. 4. Accuracy and loss curves comparing baseline 1 D-CNN+RMS and hybrid
1D-CNN-LSTM model
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Confusion Matrix (1D-CNN + RMS) Confusion Matrix of 1D-CNN + RMS + LSTM + FOURIER
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Fig. 5. Confusion Matrix comparing baseline 1D-CNN+RMS and proposed hybrid 1D-
CNN-LSTM model
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Fig. 6. F1-score comparing baseline 1D-CNN-+RMS and proposed hybrid 1D-CNN-
LSTM model

4.3. Gesture-Wise Recognition Rates

Gesture-wise performance of the proposed hybrid model was analyzed using the
normalized confusion matrix, which exhibits clear diagonal dominance across all six gesture
classes. The corresponding gesture-wise recognition rates of both models are summarized
in Table 3.

The proposed architecture achieves recognition rates exceeding 90% for all gesture
classes under the intra-subject evaluation protocol, indicating stable and consistent class-level
generalization. Compared with the RMS-based baseline, notable improvements are observed
for Rock, Pointing, and Hand Flexion, where the baseline model shows lower and more
variable recognition performance.

Residual misclassifications are mainly observed between gestures with overlapping
muscle activation patterns, particularly Paper versus Scissors and Pointing versus Hand
Flexion. These confusions are consistent with the similarity of their low-frequency sSEMG
characteristics and reflect the intrinsic difficulty of discriminating spectrally and temporally
similar gestures. Nevertheless, the integration of hybrid time—frequency features with explicit
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temporal modeling effectively reduces such ambiguities, resulting in more uniform and
reliable gesture-wise performance compared with the baseline architecture.

While the proposed framework is implemented using a 1D-CNN-based architecture
combined with LSTM for temporal modeling, the underlying hybrid feature representation and
optimization strategy are not restricted to this specific network design. Extending the proposed
approach to alternative deep learning architectures to further enhance model flexibility and
recognition performance will be explored in future work.

Table 3. Per-class recognition rates of baseline and proposed model

Gesture Class| Gesture Name ID-CNN + RMS (baseline) Hybrid ID_CNN .+ LST™M
Recognition Rate (%) (proposed) Recognition Rate (%)
0 Rock 85 96.2
1 Paper 85 95.8
2 Scissors 100 93.1
3 Pointing 85.0-90.0 95.4
4 Hand Relaxation 100 96.5
5 Hand Flexion 55.0-70.0 92.7

5. CONCLUSION AND FUTURE WORK

This study provides a compact and effective framework for sSEMG-based hand gesture
recognition that integrates hybrid time—frequency feature representation with explicit temporal
modeling. By combining RMS features, low-frequency Fourier components, and an LSTM-
based temporal module, the proposed approach consistently outperforms a lightweight RMS-
based 1D-CNN baseline under an intra-subject evaluation protocol. Experimental results
demonstrate clear improvements in accuracy, weighted precision, recall, and F1-score,
together with more uniform gesture-wise recognition performance.

The results indicate that hybrid feature fusion and temporal sequence modeling provide
complementary benefits for enhancing the discriminability and robustness of sEMG
representations, even when using a limited number of channels. This balance between
recognition performance and model complexity supports the suitability of the proposed
framework for practical wearable and human—machine interaction systems.

Several limitations remain. The current study focuses on offline analysis and intra-subject
evaluation, which may not fully capture inter-subject variability and real-time deployment
constraints. Moreover, although the present implementation relies on a 1D-CNN and LSTM
architecture, the underlying hybrid representation and optimization strategy are not restricted
to this design. Future work will therefore explore cross-subject generalization, continuous
gesture recognition, and extensions to alternative deep learning architectures and online
learning scenarios.
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Minh City University of Technology and Education, Vietnam. This work was conducted in
the Artificial Intelligence for Automation and Control Laboratory (AIAC Lab D203A) with
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