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Abstract—Surface electromyography (sEMG) signals enable
intuitive human-machine interaction by capturing muscle ac-
tivation patterns associated with hand gestures. However, the
accurate recognition of hand gestures using SEMG signals still
remains challenging due to the complex nature of the signal
variations. This work proposes a wavelet-based deep learning
framework for EMG gesture recognition using time—frequency
representations. The segmented SEMG signal is converted into
the Continuous Wavelet Transform (CWT) spectrogram to obtain
the multi-scale muscle activation. Two lightweight deep learning
frameworks are developed to effectively learn gesture repre-
sentations from these wavelet features. The Wavelet Attention
Convolutional Neural Network (WA-CNN) integrates scale and
channel attention to emphasize informative frequency bands
and EMG electrodes. The Wavelet State-Space Model (WSSM)
incorporates efficient temporal modeling of gesture dynamics. Ex-
perimental results on the Ninapro DB2 dataset demonstrate that
the proposed models outperform conventional machine learning
and deep learning baselines. In particular, WSSM achieves 95 %
accuracy while maintaining low model complexity suitable for
real-time wearable EMG-based interaction systems.

Index Terms—Electromyography (EMG), Gesture Recognition,
Continuous Wavelet Transform, Attention Mechanism, State-
Space Models, Human-Machine Interaction

I. INTRODUCTION

Surface electromyography (SEMG) signals are an important
tool in the direct interface and interpretation of muscle ac-
tivities, facilitating human-machine interaction [1], [2]. SEMG
is popularly used in prosthetics, rehabilitation, and assistive
robots. However, EMG signals are highly non-stationary and
exhibit strong variability across subjects, electrodes, and mus-
cle activation patterns [3]. Due to this, reliable EMG-based
gesture recognition remains a challenging task.

Conventional approaches in EMG signal recognition rely on
handcrafted features extracted from the time or frequency do-
main [4]. Although these features are computationally efficient
and summarize signal statistics, they often fail to capture the
complex temporal dynamics of muscle activation [5]. Recent
deep learning approaches attempt to learn representations
directly from EMG signals [6]. However, models trained on
raw signals may not effectively use the underlying time-—
frequency characteristics where gesture patterns are embedded.
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To address these challenges, this work proposes a wavelet-
based deep learning framework for EMG gesture recognition
using the Ninapro DB2 dataset. EMG signals are segmented
and transformed into time—frequency representations using
Continuous Wavelet Transform (CWT), which enables multi-
resolution analysis of transient muscle activation patterns.
Two lightweight architectures are developed to learn gesture
representations from the wavelet spectrograms. The Wavelet
Attention Convolutional Neural Network (WA-CNN) inte-
grates scale and channel attention to emphasize informative
frequency bands and EMG electrodes. The Wavelet State-
Space Model (WSSM) extends this framework with a gated
state-space module that captures temporal dependencies in
gesture dynamics.

The main contributions of this work are summarized as
follows:

o A wavelet-based EMG gesture recognition framework
that converts multi-channel EMG signals into CWT-
based time—frequency representations to capture multi-
scale muscle activation patterns.

o A Wavelet Attention Convolutional Neural Network (WA-
CNN) that incorporates scale and channel attention mech-
anisms to emphasize informative frequency bands and
EMG channels.

o A Wavelet State-Space Model (WSSM) that introduces
efficient state-space temporal modeling for EMG gesture
dynamics.

o A lightweight framework suitable for scalable training
and potential deployment in wearable human-machine
interaction systems.

The remainder of this paper is organized as follows. Section
II reviews the related work on EMG-based gesture recognition.
Section III describes the proposed wavelet-based framework,
including the signal processing pipeline and the architectures
of the WA-CNN and WSSM models. Section IV presents the
experimental setup, performance evaluation, and comparison
with baseline methods. Finally, Section V concludes the paper
and discusses potential applications of the proposed approach.
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II. RELATED WORK

Recent studies have increasingly explored deep learning
techniques for surface electromyography (SEMG) based ges-
ture recognition due to their ability to learn discriminative
representations directly from multi-channel EMG signals. Rani
et al. [7] employed convolutional neural networks to learn
hierarchical representations from multi-channel EMG signals
for gesture classification. Similarly, Rani et al. [8] introduced
an SHAP-based deep learning framework to improve feature
selection from EMG signals. Although these approaches im-
proved recognition accuracy, many of them operated directly
on raw EMG signals, which limited their ability to explic-
itly model the time—frequency structure of muscle activation
patterns.

To address this limitation, several studies investigated time—
frequency representations of EMG signals. Zhang et al. [9]
transformed EMG signals into image-like representations us-
ing a 3D compression strategy and applied a broad learn-
ing system for gesture recognition. While this representation
improved feature extraction, the method relied on shallow
learning architectures that may limit the ability to capture
complex hierarchical patterns. Similarly, Rani et al. [10]
explored machine learning methods for EMG signal analysis
and demonstrated improved classification performance using
learned representations. However, the approach did not ex-
plicitly incorporate mechanisms for emphasizing informative
frequency components of EMG signals.

Recent studies have also extended the investigation of
more advanced sequence modeling techniques to effectively
incorporate the temporal dependencies found in the EMG
signal. In this context, Zabihi et al. [11] evaluated transformer-
based architectures for modeling temporal dependencies in
EMG gesture sequences. Even though the transformer models
can improve the performance of the temporal modeling, the
quadratic computational complexity may limit the real-time
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wearable systems.

Considering the above limitations, this study develops a
framework that utilizes the EMG signal representation us-
ing Continuous Wavelet Transform, along with the efficient
combination of attention-based convolutional learning with
state space temporal modeling. The goal of this design is
the efficient representation of discriminative time-frequency
information, as well as maintaining efficiency in the context
of wearable EMG-based gesture recognition systems.

III. PROPOSED METHOD

The following section presents a proposed wavelet-based
method for EMG gesture recognition. The steps include EMG
signal segmentation, performing time-frequency analysis us-
ing Continuous Wavelet Transform (CWT), and then using
lightweight neural networks for classification. The framework
is designed to effectively analyze EMG signals with intricate
features while being computationally feasible for wearable
human-machine interfaces. Table I presents the layer-wise
configuration of the proposed architectures.

A. Dataset Description

The proposed framework is tested using the Ninapro DB2
dataset [12], a multichannel surface electromyography (sSEMG)
corpus that contains SEMG signals collected from individuals
performing a wide range of gestures using their hands. Ninapro
DB2 contains 40 gestures recorded from 40 subjects using 12
SEMG electrodes sampled at 2 kHz. The SEMG signals were
collected using various electrodes positioned on the forearm
to capture specific patterns of muscle activity associated with
finger and hand gestures. The multichannel SEMG signals
enable learning spatial relationships between various muscles.

B. Signal Segmentation

Raw EMG signals are segmented into fixed-length windows
before feature extraction. Let z.(t) denote the EMG signal



from channel c. The signal is divided into overlapping seg-
ments of length T" samples using a sliding window approach.
This segmentation converts the continuous EMG stream into
a sequence of gesture-related signal segments:

XO =z (t;: t; +7T) (1)

where ng) represents the i-th segment of channel c.
Window-based segmentation enables the model to learn lo-
calized muscle activation patterns while also increasing the
number of training samples.

C. Continuous Wavelet Transform Representation

EMG signals are non-stationary and contain transient bursts
of muscle activation. To capture these characteristics, each
segmented signal is transformed into a time—frequency rep-
resentation using the Continuous Wavelet Transform (CWT).
The CWT of a signal z(t) is defined as

W(a,b) = /Oo () o (T’) dt %)

— 00

where a represents the scale parameter controlling fre-
quency resolution, b denotes the time shift, and ¢ (-) is the
mother wavelet.

For multi-channel EMG signals, the CWT is computed
independently for each channel. The resulting representations
are stacked to form a multi-channel time—frequency tensor
that serves as input to the neural network. This representation
exposes structured patterns corresponding to different muscle
activation frequencies and durations. The CWT transformation
is computed on-the-fly during training to avoid storing large
spectrogram datasets while preserving full time—frequency
information during training and inference.

D. Wavelet Attention Convolutional Neural Network

The Wavelet Attention Convolutional Neural Network (WA-
CNN) is designed to learn discriminative features from CWT
spectrograms. The architecture uses stacked convolutional
layers to extract hierarchical time—frequency patterns, where
convolutional filters capture localized spectral and temporal
correlations corresponding to muscle activation patterns.

To improve feature representation, two attention mecha-
nisms are introduced. A scale attention module adaptively
weights different wavelet scales, emphasizing informative fre-
quency bands associated with specific gestures. In addition,
a channel attention module highlights the most informative
EMG electrodes while suppressing less relevant channels.

Let ' € RE*S*T denote the feature tensor extracted by
the convolutional backbone, where C, S, and T represent
the channel, scale, and temporal dimensions, respectively. The
attention-enhanced representation is computed as

F,=(a.®a;)0F 3)

where o, € RC and o € R® denote channel and scale
attention weights, ® represents the outer product used to
expand the weights across dimensions, and ® denotes element-
wise multiplication.

Algorithm 1: Training Procedure for Wavelet-Based
EMG Gesture Recognition

Input: Multi-channel EMG signal . (t), window
length 7', dataset D

Output: Trained model parameters

Initialize network parameters 0;

for each training epoch do

for each EMG recording in D do
Segment signal using sliding window:

Xél) = .T,‘C(fi 1t + T)

Compute Continuous Wavelet Transform:

W) = [o0ow (120) a

Stack wavelet coefficients to form input tensor
S ¢ ROXFXT

Extract features using convolutional backbone:
F®) = CNN(S®)

if model = WA-CNN then
Apply scale and channel attention

F) = Attention(F®)

end

if model = WSSM then
Aggregate frequency features and update
latent state

h, = Ahy_1 + BF®

end
Compute class probabilities

§ = Softmax (W F')

Compute cross-entropy loss

L=-% ylogy)

Update parameters 6 using gradient descent;

end
end
return trained model parameters 6;

E. Wavelet State-Space Model

Although convolutional networks effectively capture lo-
cal time—frequency patterns, gesture dynamics also involve
temporal dependencies across longer durations. To model
these dependencies efficiently, the Wavelet State-Space Model
(WSSM) extends the feature extraction framework with a
gated state-space module.



TABLE I
LAYER-WISE CONFIGURATION OF THE PROPOSED MODELS
Layer Configuration
Conv Block 1 Conv(32,3x3)+BN+ReLU
Conv Block 2 Conv(64,3%x3)+BN+ReLU

Scale Attention
Channel Attention
SSM Layer
Classifier

Global Pooling + FC
Global Pooling + FC
Hidden Dim=128
FC + Softmax

In this architecture, convolutional layers first extract time—
frequency features from the CWT representation. The feature
maps are then aggregated along the frequency dimension
to produce a temporal feature sequence. This sequence is
processed by a gated state-space module that maintains a latent
state representing the evolving muscle activation pattern over
time. The state update integrates current observations with the
previous latent state, enabling efficient modeling of temporal
dependencies.

The state evolution in WSSM follows a gated linear state-
space formulation

he = gt © (Ahi—1) + (1 —g¢) © (B fi) “4)

where h; denotes the latent state at time step ¢, f; is the
input feature vector, and g; controls the contribution of pre-
vious state and current observation. State-space models were
selected because they provide linear computational complexity
with respect to sequence length while effectively capturing
long-range dependencies.

FE. Training Strategy

Both WA-CNN and WSSM are trained using supervised
learning. The networks receive CWT-based EMG represen-
tations as input and output gesture class probabilities. Model

parameters are optimized using the cross-entropy loss function
defined as

N
L=- Z yilog(9:) (5)
i=1

where y; represents the ground truth label and 3; denotes
the predicted probability for class i. The training process
enables the networks to learn discriminative time—frequency
patterns associated with different hand gestures. Algorithm 1
summarizes the overall training pipeline. or subject-dependent
evaluation, samples from each subject were randomly divided
into 80% training and 20% testing sets. In addition, a cross-
subject evaluation was conducted to assess the generalization
capability of the proposed models on unseen subjects. Models
are trained using Adam optimizer with a learning rate of 0.001
and batch size of 64 for 100 epochs and cross-entropy loss is
employed.

IV. EXPERIMENTAL RESULTS

This section evaluates the effectiveness of the proposed
wavelet-based EMG gesture recognition framework. The ex-
periments compare the proposed models with conventional

machine learning methods and deep learning architectures
using multiple evaluation metrics.

A. Experimental Setup

Experiments were conducted on the Ninapro DB2 dataset.
Performance was evaluated using classification accuracy and
Fl-score, while efficiency was assessed through parameter
count and inference latency. All models were implemented
in PyTorch and trained on an NVIDIA RTX 2070 GPU.

B. Comparison with Baseline Methods

Table II presents the performance comparison between con-
ventional machine learning models, deep learning baselines,
and the proposed architectures .

TABLE 11
PERFORMANCE COMPARISON OF EMG GESTURE RECOGNITION MODELS
Model Input Acc(%) F1 Params Time
SVM Handcrafted 55 0.54  045M 4 ms
Random Handcrafted 61 0.60 1.2M 6 ms
Forest
CNN (1D) Raw EMG 76 0.75 11.7M 12 ms
CNN (2D) STFT 87 0.86 8.0M 14 ms
CNN (2D) CWT 89 0.88 22M 18 ms
Vision CWT 93 0.54 22M 18 ms
Transformer
ResNet18 CWT 91 0.60 11.7M 12 ms
WA-CNN CWT+Attention 92 091 2.3M 7 ms
(Proposed)
WSSM CWT+SSM 95 0.94 2.6M 8 ms
(Proposed)

Traditional machine learning models using handcrafted fea-
tures achieve limited performance due to their inability to
capture the complex temporal dynamics of EMG signals. Deep
learning models trained on raw EMG improve performance
but still fail to exploit frequency-dependent activation patterns
fully. Using time—frequency representations significantly im-
prove recognition accuracy. The proposed WA-CNN further
enhances performance through scale and channel attention,
while WSSM achieves the best results (95% accuracy) by
modelling temporal dependencies using the state-space mod-
ule.

C. Time—Frequency Representation Analysis

Fig. 2 illustrates the transformation of EMG signals from the
raw waveform to time—frequency representations using STFT
and CWT. The CWT representation provides clearer multi-
scale activation patterns compared to STFT, which uses a fixed
time-frequency resolution. This property enables the neural
networks to capture transient muscle activation patterns more
effectively.

D. Ablation Study

To analyze the contribution of each component of the
proposed architecture, an ablation study is performed by
progressively adding different modules to the baseline CNN
model. The results are summarized in Table III.

The results demonstrate that the wavelet representation
significantly improves performance compared to raw EMG
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Fig. 2. Example EMG signal representation. From left to right: raw EMG
waveform, STFT spectrogram, and CWT time—frequency map.

TABLE III
ABLATION STUDY OF THE PROPOSED ARCHITECTURE

Model Variant Accuracy (%)

CNN (Raw EMG) 76
CNN + CWT 89
CNN + CWT + Channel Attention 90
CNN + CWT + Scale Attention 91
WA-CNN (Full Model) 92
WSSM 95

inputs. Channel attention and scale attention further enhance
recognition accuracy by highlighting informative electrodes
and frequency bands. The state-space temporal module pro-
vides the largest improvement by modeling gesture dynamics
across time.

E. Cross-Subject Generalization

A cross-subject evaluation was conducted using a leave-
subjects-out protocol. As shown in Table IV, performance
decreases compared with the subject-dependent setting due to
inter-subject variability. However, both WA-CNN and WSSM
outperform the baseline CNN, with WSSM achieving the best
cross-subject accuracy.

TABLE IV
CROSS-SUBJECT GENERALIZATION PERFORMANCE ON NINAPRO DB2

Model Subject-Dependent  Cross-Subject
CNN (Raw EMG) 76 61
WA-CNN 92 86
WSSM 95 89

F. Computational Complexity

The computational cost of the proposed framework mainly
arises from attention mechanism and the temporal state-space
modeling. For conventional self-attention mechanisms, the
pairwise interaction between all temporal tokens leads to
a quadratic computational complexity given by O(T? - d),
since the attention matrix computation requires interactions
across all temporal positions. Whereas for the WSSM model,
the temporal modeling module follows a linear state-space
formulation which results in a computational complexity of
O(T - d). Here, T denotes the sequence length and d denotes
the latent state dimension. Unlike recurrent neural networks
or transformer-based architectures that often exhibit O(7?)
complexity due to sequential or attention operations, the state-
space formulation scales linearly with sequence length.

V. CONCLUSION

This work presents a wavelet-based deep learning frame-
work for EMG gesture recognition using CWT time—frequency
representations of SEMG signals. Two lightweight models,
WA-CNN and WSSM, are developed to learn discrimina-
tive gesture patterns using attention mechanisms and state-
space temporal modeling. Experimental results on the Ni-
napro DB2 dataset show that the proposed models outperform
conventional machine learning and deep learning baselines
while maintaining low computational complexity. In particular,
WSSM achieves the best performance with 95% accuracy and
efficient inference suitable for wearable systems. However,
challenges remain in handling inter-subject variability and
signal noise. Future work will address these through adaptive
domain generalization and multimodal integration with vision
and speech signals for robust human—machine interaction.
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