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Abstract—Surface electromyography signals (sEMG) are
widely used in gesture recognition and human-computer inter-
action due to their ability to reflect muscle activity patterns.
However, the non-stationarity, multi-scale variations, and noise
interference of the signals severely limit modeling and recognition
performance. Existing methods based on traditional machine
learning rely on manually designed temporal-frequency features,
making them difficult to adapt to complex and variable signal en-
vironments. Although deep learning methods can improve recog-
nition accuracy through end-to-end modeling, their robustness is
still insufficient in complex scenarios such as small sample sizes,
signal noise, and multi-scale variations, and they are inefficient in
long-sequence modeling, which limits their performance in sEMG
tasks. To address the aforementioned issues, this paper pro-
poses a multi-path Mamba multi-scale classification framework
(MaMSC). This method decomposes sEMG signals into high-
frequency, low-frequency, and temporal residual components
using hybrid frequency-temporal decomposition (HFTD), and
models these multi-scale components using multi-path selective
Mamba units within the MaMSC block. Subsequently, an in-
verse hybrid frequency-temporal decomposition (IHFTD) module
fuses the features into a unified temporal representation. This
design fully leverages Mamba’s efficient long-sequence modeling
capabilities and enhances robustness through symmetric residual
paths. Experiments on the Ninapro DB2 dataset demonstrate that
this method achieves accuracies of 99.18%, 92.82%, and 99.35%
on gesture recognition Exercise B, C, and D, respectively. Cross-
subject experiments further demonstrate that a generalization
accuracy of 93.56% can be achieved with minimal fine-tuning of
target user data, exhibiting extremely low calibration costs and
excellent potential for real-world interaction adaptation. The code
is available at: https://github.com/yu-han-song/MaMSC.

Index Terms—Gesture recognition, surface electromyography,
multi-scale, signal, Mamba.

I. INTRODUCTION

As a non-invasive bioelectric signal, sEMG can reflect
muscle activity patterns and has important application value
in gesture recognition, motion control, and medical rehabili-
tation [1]–[6]. However, sEMG signals generally exhibit non-
stationarity, multi-scale changes, and noise interference, pos-
ing challenges for feature extraction and sequence modeling.

Existing sEMG recognition methods are mainly divided into
traditional machine learning and deep learning approaches
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[7]. Traditional methods rely on hand-crafted time-domain,
frequency-domain, or time-frequency features, combined with
classifiers such as Support Vector Machines (SVM) [8] and K-
Nearest Neighbors (KNN) [9]. They have low computational
costs and good real-time performance, but limited feature
representation, making them unsuitable for complex gestures
or large-scale data. Deep learning methods, in contrast, directly
learn features from raw or preprocessed sEMG signals in
an end-to-end manner, improving nonlinear modeling and
recognition accuracy, and are becoming the mainstream. Rep-
resentative models include Convolutional Neural Networks
(CNN) [10], Recurrent Neural Networks (RNN) [11], and
Transformers [12]. To capture spatial-temporal or global de-
pendencies, hybrid models such as CNN-GRU [4], [13], CNN-
Transformer [14], [15], and CNN-GRU-Transformer [5] have
been proposed. However, CNN mainly captures local patterns
and struggles with long-term dependencies. RNNs and GRUs
handle temporal relations but suffer from vanishing or ex-
ploding gradients in long sequences. Hybrid models alleviate
these issues but increase complexity and reduce efficiency.
Transformers, while powerful, face O(n2) complexity in self-
attention, leading to heavy GPU memory usage on long
sequences, and show limited robustness with small samples
and noisy data. The recently proposed Mamba architecture
provides new opportunities for sequence modeling. Mamba
is based on selective State Space Models (SSMs) [16],
[17].Unlike Transformers that rely on attention, Mamba uses
input-dependent state transitions for content-based reasoning,
achieving linear scaling with sequence length, higher through-
put, and strong cross-modal generalization. It combines the
advantages of Transformers and RNNs: parallel training and
global context capture, together with recurrent state updates
that mitigate vanishing or exploding gradients. With O(n)
complexity, Mamba maintains efficiency and scalability on
very long sequences. Mamba has achieved success in the fields
of language modeling [18], speech or audio analysis [19], [20],
and genomics [21], and has demonstrated wide applicability in
the field of time series: NetMamba applies the unidirectional
Mamba architecture to network traffic byte sequence classifi-
cation, achieving a 60-fold inference acceleration while main-
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Fig. 1. The structure of model.

taining nearly 99% accuracy [22]; ActivityMamba designs a
CNN-Mamba hybrid architecture to process multimodal sensor
time series data, achieving SOTA performance on five human
activity recognition datasets with significantly lower FLOPs
than the Transformer baseline [23]; ECGMamba, targeting
electrocardiogram, a typical physiological time series, pro-
poses a multi-path Mamba block (MP-Mamba) to model the
long-range temporal dependencies of 12-lead ECG, surpass-
ing the performance of Transformer with only 1/17 of the
computational complexity [24]. However, to our knowledge,
Mamba’s application in sEMG signals, which exhibit strong
temporal dependence, non-stationarity, and individual variabil-
ity, remains largely unexplored, and its modeling requirements
are highly similar to those of physiological signals such as
electrocardiograms (ECG). Therefore, we explore the appli-
cation of Mamba in sEMG gesture recognition, leveraging
its linear complexity and long-range dependency modeling
capabilities to provide an efficient solution across various
subject scenarios.

Based on this motivation, we propose a Multi-path MaMSC
framework for sEMG analysis. The input sequence is first
processed by a HFTD module [25], which applies first-
order wavelet decomposition to obtain high-frequency, low-
frequency, and residual components, reducing non-stationarity.
Then, N MamscBlocks are built, where Selective Mamba units
model sequences along high-frequency, low-frequency, and
time-domain paths. A symmetric residual branch with channel
flipping is added to the time-domain path. Finally, an IHFTD
module fuses all path features into a unified representation for
gesture recognition.

The main contributions of this paper are summarized as
follows:

(1) We propose a novel multi-scale classification framework
based on multipath Mamba for gesture recognition using
sEMG signals. This framework achieves decoupling and
fusion of multi-scale time-frequency features through a
HFTD and IHFTD module.

(2) We design a multipath stacked Mamba encoder, termed
MamscBlocks, to perform dedicated intra-scale model-
ing for high-frequency, low-frequency, and time-domain
residual signals, enhancing discriminative sequence rep-
resentation capabilities.

(3) Extensive experiments on the Ninapro DB2 dataset
demonstrate that this method performs excellently on
intra-subject gesture recognition tasks. With only a min-
imal amount of target user data for fine-tuning across
subject tasks, the model achieves 93.56% accuracy, ex-
hibiting low calibration costs and strong potential for real-
world interaction adaptation.

II. SEMG DATA AND PREPROCESSING

The Ninapro DB2 dataset, widely used for sEMG-based
gesture recognition, contains recordings from 40 subjects
performing 49 hand and wrist movements plus rest, sampled at
2 kHz. DB2 uses the Delsys Trigno Wireless system to collect
signals, with 12 sEMG channels arranged. The dataset catego-
rizes gestures into three groups: (i) Exercise B, comprising 17
basic finger and wrist movements; (ii) Exercise C, comprising
23 grasping and functional movements; and (iii) Exercise D,
comprising 9 force patterns. Due to its non-stationary and
subject-dependent nature, DB2 requires models capable of
capturing temporal and multi-scale frequency features while
suppressing noise.

To address these challenges, we apply a preprocessing
pipeline consisting of bandpass filtering, sliding window seg-
mentation, and Z-score normalization. Specifically, a fourth-
order Butterworth filter removes low-frequency motion arti-
facts and high-frequency noise. The signal is then divided into
overlapping windows of length W = 400 [26], producing
samples of shape [Nw,W,C], where C is the number of
channels and Nw the number of windows. Finally, Z-score
normalization is applied across channels to standardize am-
plitudes and facilitate model convergence. The resulting data
are used as input for the deep learning framework described
below.

III. PROPOSED MAMSC SEMG RECOGNITION
ARCHITECHTURE

A. Proposed MAMBA-Based Recognition Framework

This paper proposes a sEMG gesture recognition framework
based on the Mamsc architecture. Its overall structure is
shown in Fig. 1. The framework primarily consists of data
preprocessing, Conv1d, HFTD, MamscBlocks, IHFTD, global
average pooling (GAP), and a classifier head.
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Fig. 2. One-dimensional convolution operation.

First, the raw sEMG signal undergoes data preprocessing to
generate uniformly scaled time series segments. Conv1d then
maps the 12-channel input to the model’s internal dimensions
for subsequent modeling. The HFTD module uses Discrete
Wavelet Transform (DWT) [27], [28] to obtain high- and low-
frequency components and generates a temporal residual signal
through RMSNorm and Flip operations. These three features
are then fed into the MamscBlocks paths for parallel modeling.
After stacking N layers, IHFTD fuses them to generate a
unified feature representation. Finally, GAP aggregates tempo-
ral features, and a multi-layer classifier head outputs gesture
categories.Below we will introduce these modules in detail.

B. Conv1d

After preprocessing, the dataset has a shape of [Nw,W,C].
During training, a mini-batch B is sampled from it, resulting
in an input tensor [B,W,C].

At the entry point of the feature extraction module, a one-
dimensional convolutional layer (Conv1d) with a kernel size
of 1 is used as a channel mapping layer. Linear projection
is performed only on the channel dimension, mapping C
channels to the model dimension dmodel. The input [B,W,C]
is first transposed to [B,C,W ], and the output after Conv1d
is [B, dmodel,W ].The key point is that the transformation is
applied independently at all time steps, allowing efficient
parallel computation while preserving temporal structure.

The mathematical formula for a convolution operation with
kernel size 1 is as follows, and this operation can also be
visualized as shown in Fig. 2.

y[b, d, w] =

C∑
c=1

Φd,c · x[b, c, w] + bd, (1)

Where x[b, c, w] is the input tensor of batch b, channel c,
and time step w. Φ ∈ Rdmodel×C is the convolution kernel’s
weight matrix, and Φd,c represents the weight parameter that
maps the input channel c to the output channel d. bd ∈ Rdmodel

is the bias vector, and y[b, d, w] is the output tensor.
We denote the complete output tensor as X = {y[b, d, w]},

where X ∈ RB×dmodel×W . This tensor serves as the input to
the subsequent HFTD block with dimension dmodel.

C. Hybrid Frequency-Temporal Decomposition

sEMG signals exhibit significant nonstationarity in the time
domain and contain multi-scale dynamic characteristics related
to movement in the frequency domain. Traditional models

ℱ�
�

��
�

�
�

�

ℱ
�

�

ℱ�
�

ℱ
�

�

��
�

��ℝ
����������

� �ℝ����������

Fig. 3. HFTD: the input segment is decomposed into high-frequency, low-
frequency, and temporal residual components.

struggle to simultaneously model both types of information,
limiting their ability to model EMG signals. To address this,
this paper proposes an HFTD method, as shown in Fig. 3,
which decouples and represents the multiscale features of
sEMG signals in both the time and frequency domains. In
this work, the Daubechies-4 wavelet is adopted for DWT.
Given an input sample X ∈ RB×dmodel×W , where dmodel is
the latent feature dimension after channel mapping, and W is
the temporal length of each window segment. To enhance the
scale representation of features, we use the DWT to perform
a channel-by-channel decomposition of X :

[Fh,Fl] = DWT(X ), (2)

where Fh is the decomposed high-frequency component and
Fl is the low-frequency component.

Thus, the decomposition produces two frequency-domain
components:

X → {Fh ∈ RB×dmodel×M , Fl ∈ RB×dmodel×M}.

M refers to the length of the time series obtained after
DWT. This operation is performed independently on each
feature channel, ensuring consistency of channel structure after
decomposition.

Considering that frequency-domain transformation may
weaken the direct expression of the original temporal structure,
this paper introduces an RMSNorm-based residual path to pre-
serve time-domain information and incorporate a symmetric
modeling mechanism. For the input sample X ∈ RB×dmodel×W ,
two residual components are defined as

Tf = RMSNorm(X ), Tb = FlipW (Tf ). (3)

Here, Tf is obtained by applying RMSNorm across the feature
dimension dmodel at each time step, which preserves the
temporal structure of the sEMG sequence. Tb is generated by
flipping Tf along the temporal axis W , forming a symmetric
residual branch in the time domain.

D. MamscBlocks

Mamba is a general State-Space Model (SSM) architecture
with linear complexity of O(n) and excellent long-sequence
modeling capabilities. The structure of Mamba is shown in
Fig. 4.

Based on Mamba, we design task-specific MamscBlocks
modules and extend them with a multi-path architecture. After



Fig. 4. Detailed design of Mamba.

HFTD decomposition, features are fed into the MamscBlocks
for three-path modeling. MamscBlocks consist of three parallel
branches: high-frequency, low-frequency, and temporal paths.
Each branch is built with several Selective Mamba layers,
combined with normalization and residual connections, to
achieve multi-scale feature modeling. The update process is:

Fn
h = MambaHF

θ (F n−1
h ),

Fn
l = MambaLF

θ (F n−1
l ),

(4)

T n
f = MambaTθ (RMSNorm(T n−1

f ))

+ MambaTθ (T n−1
b ) + T n−1

f ,

T n
b = FlipW (T n

f ).

(5)

Here, where n = 1, 2, . . . , N denotes the n-th layer of
the stacked MamscBlocks, and N is the total number of
MamscBlocks layers. MambaHF

θ , MambaLF
θ , and MambaTθ

denote Mamba modules specialized for high-frequency, low-
frequency, and temporal branches, respectively, each with
independent parameters θ.

E. Inverse Hybrid Frequency-Temporal Decomposition
After processing through the three paths of MamscBlocks,

the outputs are high-frequency features FN
h , low-frequency

features FN
l , and the primary time-domain residual represen-

tation T N
f . These outputs are then fed into the IHFTD module

for fusion, generating the final unified representation Y:

Y = IDWT([FN
h ,FN

l ]) + T N
f . (6)

Finally, it is reconstructed into a unified spatiotemporal
representation Y ∈ RB×dmodel×W .

F. Global Average Pooling and Classifier
In the final stage, we process the fused multi-scale feature

tensor Y ∈ RB×dmodel×W using a global average pooling (GAP)
operation along the temporal dimension:

Yi = GAP(Y) ∈ RB×dmodel×1. (7)

This compact representation aggregates global discriminative
information and reduces overfitting risks. Subsequently, the
tensor is flattened to [B, dmodel], passed through a dropout
layer, and projected by a fully connected layer into the
category space [B,S], where S denotes the number of gesture
classes. Cross-entropy loss is used for training, where the
logits are transformed into a probability distribution over
gesture categories during optimization.
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Fig. 5. Four-Metric Evaluation of Model on Exercise B, C, and D Datasets.

IV. EXPERIMENT AND ANALYSIS

A. Experiment Environment

The MaMSC framework proposed in this paper was trained
using PyTorch 2.13 and the CUDA toolkit on an Ubuntu 22.04
system and an NVIDIA RTX 4090 (24GB) GPU. The Adam
optimizer was used with early stopping and a dynamic learning
rate decay strategy to accelerate convergence and prevent
overfitting. The sEMG data was split into 70% training, 10%
validation, and 20% testing. In cross-subject experiments, the
data are divided into source domain subjects and target domain
subjects: in the source domain pre-training phase, by jointly
loading data from multiple subjects, general sEMG features
are learned with an 80% training set and 20% validation set
ratio; in the target domain few-shot adaptation phase, only a
small amount of labeled data from the target subject is used
for fine-tuning to verify the model’s adaptive potential under
low calibration costs. The model adopts the cross-entropy
loss function. During training, gradient clipping is performed
by limiting the norm of the gradient to 1.0 to prevent
gradient explosion. The model hyperparameter configuration
is as follows: the batch size is 32, and the maximum number
of training epochs is 80. The Mamba backbone network has
256 channels, and the learning rate is 6× 10−5.

B. Performance on Datasets

To comprehensively assess its performance, we evaluate
MaMSC on the Ninapro DB2 dataset using four metrics and
confusion matrix analysis.

Four evaluation indicators, including Accuracy, Precision,
Recall, and F1 score, are used to measure the performance
of the MaMSC framework in the sEMG gesture classification
task. As shown in Fig. 5, the proposed model achieves ex-
cellent performance across all exercises, achieving the highest
accuracy in Exercise D, which has fewer gesture categories.
While accuracy slightly decreases in Exercise C, which has
more categories, it still maintains a high level of accuracy,
validating the model’s adaptability and robustness.
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To further investigate classification performance across in-
dividual gesture categories, we analyze a confusion matrix
constructed for the 17 categories in Exercise B. As shown
in Fig. 6, most prediction counts on the main diagonal reach
or approach 100%, while categories 10 have lower prediction
counts, but still maintain at or above 97%. Furthermore, the
values of the off-diagonal elements are generally low, indi-
cating low misclassification probabilities. Overall, no obvious
systematic confusion blocks appear in the matrix, demonstrat-
ing that MaMSC is able to effectively distinguish different
gesture patterns while maintaining high robustness.

C. Comparison with Referenced Methods

As shown in Table I, the MaMSC framework demonstrates
significant advantages in all three tasks: 99.18% accuracy in
basic finger movements (Exercise B), 92.82% in grasping
and functional movements (Exercise C), and 99.35% in force
pattern recognition (Exercise D).

TABLE I
COMPARISON OF MODEL PERFORMANCE WITH DIFFERENT METHODS.

Model ExerciseB ExerciseC ExerciseD

SVM [8] 82.18% 74.08% 91.47%
CNN [10] 91.65% 79.55% 97.67%
CNN+Transformer [14] 90.70% 74.66% 97.79%
CNN+GRU [4] 95.99% 92.75% 96.64%
TransGER [5] 96.44% 87.60% 99.26%
MaMSC 99.18% 92.82% 99.35%

These results consistently outperform existing methods,
demonstrating the effectiveness of MaMSC’s multi-scale dy-
namic modeling in handling diverse gesture recognition tasks
with high accuracy and robustness.

D. Cross-Subject Generalization Analysis

To comprehensively evaluate the generalization ability of
the MaMSC framework across different users, we divided the
data in the Exercise B dataset into source domain subject
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Fig. 7. The trend of changes in the model’s classification accuracy when
fine-tuning with different proportions of target subject data on the Exercise B
dataset.

datasets and target domain subject datasets. This study adopted
a three-stage leave-one-subject-out validation scheme, which
is as follows:

First, in the pre-training stage, the model learns subject-
invariant representations on the source domain subjects. Sub-
sequently, in the zero-shot inference stage, the completely
isolated target subjects are directly tested. Affected by the
covariate shift caused by physiological differences, the initial
accuracy is at a low level of 26.23%, which objectively
eliminates the risk of data leakage. Finally, in the few-shot
adaptation stage, the model is fine-tuned using a very small
amount of data from the target subjects. Fig. 7 shows the
changing trend of the model’s classification accuracy under
fine-tuning with different proportions of target subject data.
The results indicate that by fine-tuning with only 10% of the
target subject’s data, the accuracy rapidly climbs to 80.13%;
when the proportion increases to 30%, the accuracy further
breaks through to 93.56%.

E. Ablation Studies

To explore the role of each core component in the MaMSC
framework, we conducted a series of ablation experiments on
the Exercise B dataset of Ninapro DB2.

As shown in Table II, the complete MaMSC model achieved
an accuracy of 99.18% and an F1 score of 99.14%, converging
in only 60 epochs. Through comparison, it was found that: i)
w/o HFTD: The accuracy drops to 98.84%, and the F1 score
falls to 98.77%, which verifies the importance of time-domain
feature extraction for capturing instantaneous gesture details.
ii) w/o MamscBlocks: When using a single-path Mamba
structure, the model accuracy fluctuates, and the number of
training epochs required for convergence increases from 60
to 79, indicating that the multi-scale parallel structure can
accelerate feature extraction. iii) w/o IHFTD: When simple
feature concatenation is used instead of the physics-based
reconstructed IHFTD, the performance is most severely im-
paired: the accuracy drops significantly to 97.70%, and the
convergence time sharply doubles to 150 epochs.



TABLE II
ABLATION STUDY RESULTS

Setting Accuracy F1-score Epochs

w/o HFTD 98.84% 98.77% 60
w/o MamscBlocks 99.06% 98.87% 79
w/o IHFTD 97.70% 97.63% 150
All 99.18% 99.14% 60

V. CONCLUSION

Based on research and experiments, the proposed multi-
path Mamba encoding deep learning architecture demonstrates
significant advantages in sEMG gesture recognition. This
framework leverages HFTD and MamscBlocks to model the
multi-scale temporal dependencies of the signal. By jointly
modeling high- and low-frequency, as well as temporal resid-
ual paths, it captures fast and slow features while preserving
temporal context and linking local and global dependencies.
Experiments demonstrate superior classification performance
on the Ninapro DB2 dataset, surpassing existing methods by
achieving leading performance indicators.
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