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Adaptive EMG Pattern Classification via
Probabilistic Knowledge Transfer With Scale
Mixture-Based Bayesian Sequential Learning

Seitaro Yoneda , Student Member, IEEE, and Akira Furui , Member, IEEE

Abstract— Electromyogram (EMG) signals, measured
non-invasively from the skin surface, reflect human motion
intentions and enable device control through pattern
classification, particularly in applications such as myoelec-
tric prostheses. However, continuous use of EMG-based
interfaces remains challenging due to temporal varia-
tions in signal characteristics caused by muscle fatigue
and electrode shift, leading to gradual degradation in
classification accuracy. To address this limitation, we pro-
pose an adaptive method that integrates a scale mixture
classification model (SMCM) with Bayesian sequential self-
training (BSST), enabling probabilistic knowledge transfer
across trials. In this framework, the posterior distribu-
tion of model parameters is sequentially updated through
Bayesian updates using pseudo-labels assigned based on
prediction confidence. This approach enables adaptation
to evolving signal characteristics without storing histori-
cal data. Furthermore, SMCM represents signal variability
through variance uncertainty modeling, thereby improv-
ing both the representation of EMG signal distributions
and the reliability of prediction confidence estimation.
We evaluated the proposed method using both short-term
(within-day) and long-term (30 days) EMG datasets. The
results showed that our method outperformed conventional
methods in both classification accuracy and confidence
estimation, while effectively mitigating accuracy degra-
dation over time. These results demonstrate that the
combination of SMCM and BSST provides effective adapta-
tion to EMG signal variations, offering a practical solution
for reliable EMG-based interfaces. Code is available at
https://github.com/Yseitaro/smcm-bsst

Index Terms— Electromyogram (EMG), Bayesian updat-
ing, sequential learning, adaptive pattern classification.

I. INTRODUCTION

ELECTROMYOGRAM (EMG) signals are bioelectrical
signals generated during muscle contraction that can
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be measured non-invasively from the skin surface. These
signals contain inherent information about human movement,
including muscle exertion levels and motor intent, which
enables motion estimation through machine learning tech-
niques. Leveraging these characteristics, EMG signals can
serve as control interfaces for various devices, particularly in
applications such as myoelectric prostheses [1], [2].

However, a major challenge in EMG-based interfaces is the
gradual degradation of motion classification accuracy during
prolonged use [3], [4], [5], [6]. This degradation occurs as
the signal characteristics evolve over time due to multiple
factors, such as muscle fatigue [7], [8] and electrode shift [9],
[10], which causes significant deviation from the character-
istics of the original training data. Consequently, maintaining
classification accuracy over time requires sequential updates to
the classification model to accommodate these evolving signal
characteristics [11], [12], [13], [14], [15], [16], [17], [18], [19],
[20], [21], [22], [23].

Existing approaches to address this challenge can be broadly
classified into two categories. The first category involves
sequential learning using calibration data, in which additional
labeled data are periodically collected from subjects to adapt
the classification model [12], [13], [14], [15], [16]. However,
regularly obtaining labeled calibration data imposes a sig-
nificant burden on subjects and is impractical. The second
category is sequential learning based on self-training [17],
[18], [19], [20], [21], [22], [23]. This method performs sequen-
tial learning using predicted labels and test data, eliminating
the need for labeled calibration data. Although this approach
reduces subject burden, using all test data for self-training risks
corrupting the model through the incorporation of incorrectly
labeled samples.

Furthermore, both approaches share a common limitation:
they require the retention of past data to prevent catastrophic
forgetting [24], [25]. While some studies have introduced
algorithms for periodic replacement of accumulated data [18],
[26], these approaches heavily rely on heuristic parameter
settings, such as replacement rate and data selection criteria.
This requirement not only leads to significantly increased
learning time as data accumulates but also raises concerns
regarding privacy and memory constraints [27].

To overcome these limitations, we focus on introducing
the concept of Bayesian updating into sequential self-training.
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In this method, information about past signal characteristics is
represented as a prior distribution, and the posterior distribu-
tion reflecting the current signal characteristics is sequentially
updated through repeated Bayesian updates. This approach
eliminates the need to accumulate past data for sequential
learning while maintaining the model’s ability to adapt to
changing signal characteristics.

Building on this concept, we propose an adaptive classifica-
tion method for EMG patterns based on Bayesian sequential
self-training (BSST), which enables probabilistic knowledge
transfer through sequential posterior updates. The proposed
method incorporates a classification model based on scale
mixture distributions, which we refer to as the scale mix-
ture classification model (SMCM) [28], that considers the
generative process of EMG signals to model changes in
the distribution tails arising from signal variance uncertainty.
This allows us to accurately represent the characteristics
of the generative distribution of EMG signals and enhance
the estimation performance of prediction confidence. Sub-
sequently, we estimate motion class predictions and their
confidences, and sequentially update the posterior distribution
of the SMCM parameters using combinations of test data
with high confidence and pseudo-labels. Hereinafter, we refer
to this combined approach as SMCM+BSST. This proposed
adaptation method is expected to contribute to reducing user
burden and improving control reliability, especially in practical
interfaces such as myoelectric prostheses, by eliminating the
need for periodic collection of calibration data and suppressing
accuracy degradation during long-term use.

A preliminary version of this work was presented at [29].
The present paper substantially extends our previous work with
the following major contributions:

• Development of an enhanced Bayesian sequential learn-
ing method that employs scale mixture distributions,
providing more accurate modeling of EMG signal vari-
ance fluctuations compared to conventional Gaussian
distributions

• Comprehensive evaluation using both short-term and
long-term EMG datasets to demonstrate the method’s
robustness across different temporal scales of signal char-
acteristic changes

• Systematic analysis of the method’s performance under
several model update scenarios to address practical imple-
mentation considerations

• Introduction of expected calibration error (ECE) metrics
to quantitatively assess the reliability of prediction con-
fidence estimates, enabling more objective evaluation of
model performance

The remainder of this paper is organized as follows:
Section II discusses related work. Section III presents the
details of SMCM and the algorithm for BSST. Section IV
describes simulation experiments using synthetic data to visu-
alize the sequential learning process. Section V demonstrates
the effectiveness of our method through EMG pattern classifi-
cation experiments using two types of EMG datasets. Finally,
Section VI concludes the paper with a discussion of our
findings and future directions.

II. RELATED WORK

A. Adaptive Learning in EMG Classification
1) Adaptive Methods Using Calibration Data: Methods for

adaptive EMG signal classification have been developed that
maintain model accuracy by adapting to temporal changes in
signal characteristics. One major approach involves collecting
additional labeled calibration data from subjects to adjust
model parameters to reflect current signal characteristics.
Several studies have demonstrated successful adaptation using
traditional statistical methods such as linear discriminant anal-
ysis (LDA) and quadratic discriminant analysis (QDA) [12],
[13], [14]. These methods mitigate accuracy degradation by
effectively integrating model parameters learned from previous
sessions with those derived from new calibration data. Recent
deep learning approaches have shown promising results:
researchers have introduced session calibrators to reduce inter-
session variability [15] and demonstrated adaptation through
fine-tuning of pre-trained convolutional neural networks [16].

Although these calibration-based approaches, including both
traditional statistical methods and deep learning techniques,
can achieve high classification accuracy, they uniformly
require periodic collection of labeled calibration data from
subjects. This requirement becomes particularly burdensome
when classifying multiple motions, limiting practical applica-
bility.

2) Adaptive Methods Without Requiring Calibration Data:
To address the burden of periodic calibration data collec-
tion, researchers have explored unsupervised adaptive learning
methods that leverage the model’s own predictions through
self-training, thus eliminating the need for additional labeled
data.

Several studies have proposed methods for sequentially
updating parameters of traditional classifiers such as LDA,
QDA [17], [18], [19], [20], and support vector machine
(SVM) [21], [22], [23] using prediction results. To mitigate the
risk of model degradation from incorrect predictions, various
data selection criteria have been proposed, including likelihood
estimation [19], entropy [30], prediction confidence [20],
and unknown pattern rejection [31]. While using only
high-confidence predictions for updates has shown promise,
proper representation of uncertainty in the classification model
remains a key challenge for effective self-training [20].

A common limitation across these adaptive methods is the
need to retain historical data to maintain knowledge of past
learning. Although some approaches attempt to manage this
through periodic data replacement strategies [18], [26], these
solutions heavily depend on heuristic parameter settings.

B. Classification Models and Prediction Confidence
To effectively implement self-training, it is important to

appropriately evaluate the reliability of prediction results.
Below, we discuss the evaluation of prediction confidence in
discriminative and generative modeling approaches.

1) Approach Based on Discriminative Models: Discrimina-
tive models such as deep neural networks (DNNs) and SVMs
directly learn the decision boundary p(y|x) (where x and



2752 IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 33, 2025

y represent the input feature and corresponding class label,
respectively) from data and generally achieve higher classi-
fication accuracy compared to generative models [32], [33].
However, these models focus solely on learning decision
boundaries between classes without considering the overall
probability distribution of the input space, making it difficult
to appropriately evaluate prediction confidence. This limita-
tion makes it challenging to reliably select high-confidence
predictions for self-training.

2) Approach Based on Generative Models: Generative mod-
els, such as LDA and QDA, first model the data distribution as
the product of the class-conditional probability p(x |y) and the
prior distribution p(y), expressed as p(x, y) = p(x |y)p(y).
The posterior probability is then calculated using Bayes’
theorem:

p(y|x) =
p(x |y)p(y)

p(x)

By modeling the input data distribution explicitly, these mod-
els can generally infer prediction confidence more reliably than
discriminative models. However, their effectiveness depends
heavily on how well the assumed distribution matches the true
data distribution; significant mismatches can lead to inaccurate
confidence estimates [34], [35].

C. Probabilistic Nature of EMG
Traditionally, reseachers have modeled the probability dis-

tribution of EMG signals using Gaussian distributions [36],
[37], [38]. However, recent studies have shown that the actual
distribution has heavier tails than a Gaussian distribution
due to variance variations related to muscle activity [28],
[39]. These distributional characteristics vary significantly
with changes in muscle contraction level and fatigue, con-
tributing substantially to signal variability both within and
between recording sessions [28], [40]. Furthermore, external
factors such as electrode displacement and changes in skin
impedance introduce additional variability into the signal
characteristics [9], [10]. Consequently, effective EMG signal
classification requires probabilistic models capable of flexibly
accommodating distribution shape changes, particularly in
capturing the heavy-tailed nature of the signal variations.

D. Utility of Bayesian Approaches
Bayesian models, which treat parameters as probability

distributions, offer potential solutions to the aforementioned
challenges. Unlike traditional approaches based on maximum
likelihood estimation, Bayesian models can evaluate prediction
confidence while accounting for parameter uncertainty, thereby
enabling effective filtering of unreliable predictions during
self-training.

Bayesian approaches also provide efficient parameter updat-
ing mechanisms. By representing past learning outcomes as
posterior distributions that serve as priors for new data, they
enable sequential learning without direct data storage. This
integration of prior knowledge and new observations occurs
naturally within a theoretically consistent framework, elimi-
nating the need for heuristic update parameters.

Several studies have demonstrated the effectiveness of
Bayesian sequential learning in biomedical applications [41],
[42]. For instance, a Bayesian model based on a Gaussian
mixture distribution has successfully adapted to temporal
changes in EEG signals [42]. In our preliminary work [29],
we proposed a Gaussian-based Bayesian model for EMG adap-
tation. However, given the heavy-tailed nature of EMG signals
discussed earlier, more sophisticated probabilistic models are
needed to accurately represent their statistical properties.

E. Our Contribution
The challenges of existing methods can be summarized in

three key aspects: the representation of prediction confidence,
the stability of parameter updates, and the storage cost of past
data. To address these challenges, we propose an unsupervised
adaptive learning method that integrates Bayesian sequential
learning with scale mixture distributions.

The proposed approach formulates scale mixture dis-
tributions in a Bayesian framework, effectively represent-
ing the heavy-tailed characteristics of EMG signals and
enabling reliable evaluation of prediction confidence. This
reliable confidence estimation allows us to selectively utilize
high-confidence predictions for model updates, maintaining
stability during adaptation. Furthermore, by encoding past
signal characteristics in prior distributions rather than storing
raw data, we achieve efficient sequential learning without the
storage costs associated with conventional methods.

III. PROPOSED METHOD

Fig. 1 shows an overview of the proposed method. In this
method, features are first extracted from EMG signals acquired
during each trial t and then input to a trained classification
model. The classification model estimates both the class label
and prediction confidence for the input data. Subsequently,
BSST is performed using only test data with prediction confi-
dence above a specified threshold, which updates the posterior
distribution of the model parameters. By repeating the above
process for each trial t , adaptive motion classification is
achieved.

A. Scale Mixture Classification Model (SMCM)
Fig. 2 illustrates the relationship between the EMG signal

xn ∈ RD measured from D electrodes at data point n and its
corresponding motion class label yn ∈ {0, 1}

C (C : number of
classes) using a graphical model. In this model, EMG signal
variability is represented as uncertainty in the variance by
allowing the variance of xn to depend on the random variable
unc.

For a certain class c, the observation model of the EMG sig-
nal xn is expressed via the following scale mixture distribution:

p(xn|µc, 6c, νc) =

∫
p(xn|unc, µc, 6c)p(unc|νc)dunc. (1)

The conditional distribution p(xn|unc, µc, 6c) represents the
EMG signal xn given the scale parameter unc, which we model
using a Gaussian distribution:

p(xn|unc, µc, 6c) = N (xn|µc, unc6c), (2)
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Fig. 1. Overview of the proposed adaptive EMG pattern classification method. Raw EMG signals from multiple channels are preprocessed through
rectification and smoothing. The processed signals are then fed into a SMCM, which models the generative process of EMG signals. The model
calculates posterior probabilities for each motion class to determine the predicted labels and their confidence levels. For samples exceeding a
confidence threshold θth, BSST updates the posterior distribution of the model parameters to adapt to temporal changes in signal characteristics.

Fig. 2. Graphical model representation of SMCM. Gray nodes indicate
observed variables, white nodes represent unobserved variables and
model parameters. The plate notation indicates repeated variables, with
N samples for initial training and Nt samples for trial t. The EMG signal
xn follows a scale mixture distribution parameterized by class-specific
means µc, covariance matrices Σc, and degrees of freedom νc, with
mixing proportions π .

where µc ∈ RD and 6c ∈ RD×D are the mean vector
and covariance matrix corresponding to class c, respectively.
To account for the uncertainty in signal variance, we model
the scale parameter unc using an inverse gamma distribution:

p(unc|νc) = IG
(

unc

∣∣∣ νc

2
,
νc

2

)
, (3)

where νc is the degrees of freedom parameter that controls
the level of uncertainty in the variance. This distribution is
a conjugate prior for the precision (inverse variance) of the
Gaussian distribution, and we adopted it because it offers
the computational advantage of enabling analytical update
formulas in variational Bayesian inference.

By combining these distributions, we obtain a closed-form
expression for the scale mixture distribution:

p(xn|µc, 6c, νc)

=

∫
N (xn|µc, unc6c) IG

(
unc

∣∣∣ νc

2
,
νc

2

)
dunc,

=

0
(

νc+D
2

)
0

(
νc
2

) |6c|
−

1
2

(πνc)
D
2

(
1 + 12

nc

)−
νc+D

2
, (4)

where 12
nc = (xn − µc)

⊤6−1
c (xn − µc).

To assign the C observation models to each data point,
we introduce a one-hot encoded class label representation
yn = {ync}

C
c=1, where ync = 1 indicates assignment to the

c-th class. The class label yn is expressed using the following
categorical distribution:

p(yn|π) = Cat(yn|π) =

C∏
c=1

π
ync
c , (5)

where π = {πc} represents the mixture proportions, with∑C
c=1 πc = 1.
Using equations (4) and (5), we obtain the complete obser-

vation model given yn as follows:

p(xn|yn, µ, 6, νc) =

C∏
c=1

p(xn|µc, 6c, νc)
ync , (6)

where µ = {µc} and 6 = {6c}. This model selects the
appropriate scale mixture distribution corresponding to the
class label as the observation model.

To treat SMCM as a Bayesian probabilistic model,
we assign conjugate prior distributions to the model parame-
ters. The mean vectors µc and covariance matrices 6c follow a
Gaussian-inverse Wishart distribution, while the class mixture
proportions π follow a Dirichlet distribution:

p(µc, 6c) = N (µc|m0, β
−1
0 6c)IW(6c|W0, η0), (7)

p(π) = Dir(π |α), (8)

where m0 ∈ RD , βc ∈ R+, η0 > D − 1, W0 ∈ RD×D , and
α0 = {α0}

C
c=1 are hyperparameters. We do not specify a prior

for the degrees-of-freedom parameter νc because it lacks a
conjugate prior distribution.

B. Bayesian Sequential Self-Training (BSST)
In the proposed method, we introduce BSST to adapt to

changes in the signal characteristics over time. This approach
unifies initial training and sequential self-training within a sin-
gle Bayesian updating framework. In the initial training phase,
the posterior distributions of the model parameters are inferred
using training data. In the sequential self-training phase,
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we assign pseudo-labels to incoming test data and recursively
update the posterior distributions using these labeled samples.
This sequential updating mechanism enables continuous model
adaptation as new data arrives.

1) Initial Training: Using the training dataset
D0 = {(xn, yn)}N

n=1, we calculate the posterior distribution
p(U, 2|D0) of latent variables U = {unc|n = 1, . . . N ; c =

1, . . . C} and model parameters 2 = {π , µ, 6}. Since the
marginal likelihood p(D0) cannot be computed analytically,
we employ variational inference. We introduce a variational
posterior distribution q(U, 2|D0) to approximate the true
posterior p(U, 2|D0) by minimizing the Kullback-Leibler
(KL) divergence between these distributions [43]. Following
the mean-field approximation, we assume the following
independence in the variational posterior distribution:

q(U, 2|D0) ≈ q(U|D0)q(2|D0), (9)

Based on this decomposition, we alternately optimize the
variational posterior distribution of the latent variables and the
model parameters.

First, the logarithm of the variational posterior distribution
of the latent variables is given as follows:

ln q(un|D0) = ⟨ln p(xn|yn, µ, 6, un)⟩q(µ,6)

+ ln p(un|yn) + const. (10)

Here, ⟨·⟩q(µ,6) denotes the expectation with respect to the vari-
ational posterior distribution of µ and 6, and un = {unc}

C
c=1.

By calculating the above expression, the variational posterior
distribution of the latent variable unc can be represented by
the following inverse gamma distribution:

q(unc|D0) = IG(unc|anc, bnc). (11)

The parameters anc and bnc of the inverse gamma distribution
are defined as follows:

anc =
νc + D

2
, bnc =

νc + ⟨12
nc⟩

2
, (12)

where ⟨12
nc⟩ is expressed as:

⟨12
nc⟩ = Dβ−1

c + ηc(xn − mc)
⊤W−1

c (xn − mc). (13)

Next, we determine the variational posterior distribution
q(2|D0). To simplify the computation, we define the follow-
ing variables:

Nc =

N∑
n=1

ync, (14)

ωc =

N∑
n=1

ync⟨u−1
nc ⟩, (15)

x̄c = ω−1
c

N∑
n=1

ync⟨u−1
nc ⟩xn, (16)

Sc = ω−1
c

N∑
n=1

ync⟨u−1
nc ⟩(xn − x̄c)(xn − x̄c)

⊤, (17)

where ⟨u−1
nc ⟩ is defined as follows:

⟨u−1
nc ⟩ =

anc

bnc
. (18)

The logarithm of the variational posterior distribution
q(2|D0) is given as follows:

ln q(2|D0) = ⟨ln p(X|Y, µ, 6, U)⟩q(U) + ln p(Y|π)

+ ln p(π) + ln p(µ, 6) + const, (19)

where X = {xn} and Y = {yn} collect all observations and
their labels. The resulting variational posterior distributions
q(π) and q(µc, 6c) take the form of Gaussian-inverse Wishart
and Dirichlet distributions, respectively:

q(µc, 6c|D0) = N (µc|mc, β
−1
c 6c)IW(6c|Wc, ηc), (20)

q(π |D0) = Dir(π |α). (21)

Here, mc, βc, νc, Wc, and α are hyperparameters of the
variational posterior distribution, defined as follows:

βc = β0 + ωc, (22)

mc =
1
βc

(ωcx̄c + β0m0), (23)

Wc = W0 + ωcSc +
β0ωc

βc
(x̄c − m0)(x̄c − m0)

⊤, (24)

ηc = η0 +

N∑
n=1

ync, (25)

αc = α0 +

N∑
n=1

ync. (26)

The degrees of freedom parameter νc is updated by maxi-
mizing the following log-likelihood using stochastic gradient
methods:

ν̃c = arg max
νc

ln p(X|Y, µ, 6, νc),

= arg max
νc

ln
N∏

n=1

C∏
c=1

p(xn|µc, 6c, νc)
ync . (27)

The variational inference procedure described above iter-
atively updates the latent variables and model parameters.
Starting with initialized prior hyperparameters βc, ηc, mc,
and Wc, we alternately compute the variational posterior
distributions q(U|D0) and q(2|D0) until convergence.

2) Sequential Self-Training: We perform sequential
self-training using the dataset Dt = {(x(t)

n , ŷ(t)
n )}

Nt
n=1 from test

trial t ∈ {1, 2, . . .}. Here, ŷ(t)
n represents the pseudo-label

assigned based on predictions from the model trained in trial
t − 1. The variational posterior distributions of the model
parameters at trial t are computed by recursively applying
Bayes’ theorem:

q(µc, 3c|D0,D1, . . . ,Dt )

∝ p(Dt |µc, 3c) q(µc, 3c|D0,D1, . . . ,Dt−1), (28)
q(π |D0,D1, . . . ,Dt )

∝ p(Dt |π) q(π |D0,D1, . . . ,Dt−1), (29)

q(u(t)
n |Dt ) ∝ p(Dt |u(t)

n ) p(u(t)
n ). (30)

We fix ν to its value from the initial training, assuming that the
degree of uncertainty remains relatively stable across trials.
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Due to the conjugacy of the prior distributions, the varia-
tional posterior distributions take the following form:

q(µc, 3c|D0,D1, . . . ,Dt )

= NIW(µc, 3c|m(t)
c , β(t)

c , η(t)
c , W(t)

c ),

(31)

q(π |D0,D1, . . . ,Dt ) = Dir(π |α(t)). (32)

These posterior distributions are computed using the same
update equations as the initial training with two key modifica-
tions: we replace the true labels yn with the pseudo-labels ŷn ,
and use the posterior hyperparameters from trial t − 1 instead
of the prior hyperparameters in (22)–(26). By sequentially per-
forming these updates for t = 1, 2, . . ., the model continuously
adapts to changes in the EMG signal characteristics through
the recursive Bayesian updates.

C. Motion Class Prediction and Assignment of
Pseudo-Labels

For motion class label assignment to the test data x(t)
n

obtained during trial t , we compute the predictive distribution:

p(y(t)
n |x(t)

n ,D0, . . . ,Dt−1)

∝ p(x(t)
n |y(t)

n ,D0, . . . ,Dt−1)p(y(t)
n |D0, . . . ,Dt−1).

(33)

The two terms in the second equation above can be calculated
as follows:

p(x(t)
n |y(t)

n ,D0, . . . ,Dt−1)

=

∫ ∫
p(x(t)

n |y(t)
n , 2, U)q(2, U|D0, . . . ,Dt−1)d2dU,

(34)

p(y(t)
n |D0, . . . ,Dt−1) = Cat(y(t)

n |π̂), (35)

where π̂ = {πc}, πc = αc/
∑C

c=1 αc. Since the integral in (34)
cannot be solved analytically, we approximate it for a certain
class c as follows:

p(x(t)
n |y(t)

nc = 1,D0, . . .Dt−1) ≈ p(x(t)
n |⟨µc⟩, ⟨6c⟩, νc), (36)

where ⟨µc⟩ = mc, ⟨6c⟩ = (ηc−D − 1)−1Wc.
For each class c, we compute posterior probability

using (33) and determine the most probable class ĉn as follows:

ĉn = arg max
c

p
(

y(t)
nc = 1|x(t)

n ,D0,D1, . . . ,Dt−1

)
. (37)

In the proposed BSST, we construct pseudo-labels ŷ(t)
n

based on ĉn . Using all predicted class labels for self-training
could degrade model performance through the incorporation
of incorrect predictions. To mitigate this risk, we select
predictions based on their confidence values. The prediction
confidence for each data point in trial t is calculated as:

conf
[
y(t)

n

]
= max

c
p

(
y(t)

nc = 1|x(t)
n ,D0,D1, . . . ,Dt−1

)
.

(38)

We then assign pseudo-labels only to data points whose confi-
dence exceeds a threshold θth, effectively excluding ambiguous
predictions from the sequential self-training process.

D. Visualization of Sequential Updates

To demonstrate the adaptive behavior of the proposed
method under sequential distribution changes, we use two-
dimensional synthetic data with two classes. The data for class
1 and class 2 were generated from scale mixture distributions
following p(x|µ = [−5 + t, 3]

⊤, 6 = 3.0I, ν = 2) and
p(x|µ = [5 − t, 3]

⊤, 6 = 3.0I, ν = 2), where I denotes
the identity matrix, and t represents the trial. The mean
value of each distribution changes depending on the trial t =

1, 2, . . . , 10, simulating a gradual shift in the data distribution.
Note that the class distribution shift in this simulation is
intentionally exaggerated to visually demonstrate the adaptive
behavior of the proposed method, and may differ from the
actual scale of EMG signal variations observed in practice.

For each trial t , we generated 300 data points for each
class, constituting a dataset Dt . The dataset D1 of trial
1 was used for the initial training, and subsequent datasets
Dt were sequentially input into the model to demonstrate
the BSST process. For comparison, we also show the results
of a Gaussian classification model (GCM), which assumes
Gaussian distributions instead of scale mixture distributions.

Fig. 3 visualizes the adaptation of the proposed method and
GCM to distribution shifts. Circles and stars indicate data
points and their mean points for each class, respectively. The
colored regions represent prediction probabilities, with red and
blue hues indicating the probability levels for each class.

A key advantage of the proposed method is its ability
to appropriately represent prediction uncertainty. As shown
in Fig. 3(a), prediction confidence decreases with distance
from class means, reflecting reduced reliability in sparse data
regions. In contrast, GCM shows uniformly high confidence
even in uncertain regions (Fig. 3(b)). As the class distributions
shift over trials, the proposed method maintains appropriate
uncertainty estimates while GCM produces overconfident pre-
dictions, demonstrating the effectiveness of our approach in
handling both distribution shifts and uncertainty estimation.

IV. EXPERIMENTS

A. Datasets and Processing

To verify the effectiveness of the proposed method, we con-
ducted a comprehensive evaluation using two EMG datasets
collected over different time periods. The details of the
datasets are as follows.

• Dataset I (Short-term) [29]: EMG signals were recorded
from six healthy male participants (mean age: 22.6 years)
performing six motions (C = 6): hand opening/closing,
wrist flexion/extension, and forearm pronation/supination.
During the approximately 30-minutes experiment, each
participant performed 20 trials while seated with their
right elbow resting on a desk. The signals were recorded
using four electrodes (D = 4) placed equidistantly around
the forearm using a wireless measurement system (Delsys
Trigno) at 2000 Hz.

• Dataset II (Long-term) [44]: EMG recordings were col-
lected from five participants (mean age: 25.4 years)
over 30 days, with each participant performing eight
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Fig. 3. Visualization of sequential model adaptation for simulated two-class data across different trials. (a) SMCM+BSST. (b) GCM+BSST. Scatter
plots represent data points (circles) and class means (stars) for each class. The colored regions indicate class prediction probabilities, with red
and blue hues representing the probability of belonging to class 1 and class 2, respectively. The progression from t = 1 (initial training) to t = 10
demonstrates how each model adapts to the gradually shifting class distributions.

single-DoF motions (C = 8) including hand open-
ing/closing, wrist flexion/extension, radial/ulnar devia-
tion, and forearm pronation/supination. Each participant
completed four daily trials, resulting in 120 total trials
(4×30). The signals were recorded using a Myo Gesture
Control Armband with eight electrodes (D = 8) placed
around the forearm at 200 Hz. This dataset is publicly
available on GitHub.1

• Dataset III (Amputee) [45]: EMG signals were recorded
from nine amputee participants (seven traumatic and two
congenital) performing six motions (C = 6): thumb/index
flexion, fine pinch, tripod/hook/spherical grip. Each par-
ticipant performed each motion at three force levels for
5 to 8 trials, with eight electrodes (D = 8) placed
around the stump. Signals were recorded at 2000 Hz using
LABVIEW (National Instruments, USA). This dataset is
available on Dr. Khushaba’s webpage.2 For this study,
only medium-force data from the first five trials were
used for all participants to ensure consistency and avoid
potential confounding effects from force variation.

Dataset I was collected by our research group following
approval from the Hiroshima University Ethics Committee
(approval number: E-840). All participants provided written
informed consent before participating in the experiment.

For feature extraction, all EMG signals underwent full-wave
rectification followed by smoothing using a second-order But-
terworth low-pass filter (cutoff frequency: 2.0 Hz). For both

1https://github.com/Suguru55/Wearable_Sensor_Long-term_sEMG_
Dataset

2https://www.rami-khushaba.com/biosignals-repository

datasets, the first two trials were used for training, while the
remaining served as test data.

B. Model Configuration and Training Parameters

The hyperparameters for the prior distributions in the pro-
posed method were initialized to make a weakly informative
prior as follows: β0 = 1, η0 = D+1, α0 = 0.001, and m0 = 0.
Since W0 is highly influenced by the data scale, we initialize
it conservatively using the training data for each class as
follows: W0 = (η0 + D + 1)−1diag(Cov(Xc)) where Cov(Xc)

is the covariance matrix of training data Xc for class c.
As demonstrated in prior work [46], we employed a common
value νc = ν across all classes rather than class-specific
degrees of freedom, preventing potential overrepresentation of
uncertainty that could adversely affect generalization perfor-
mance.

The threshold for prediction confidence in BSST was set to
θth = 0.5. While higher thresholds could potentially provide
more reliable updates, we chose this moderate threshold to
achieve sufficient adaptability to the expected distribution
shifts between trials while maintaining reasonable selectivity
in the update process.

C. Comparative Evaluation

We conducted comparative experiments against both base-
line variants and conventional methods. We adopted a
trial-wise evaluation approach, following standard experimen-
tal protocols from previous studies. In this process, we first
performed initial training of the model using the training data.
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Then, we fed the test data into the model one trial at a time,
and performed BSST using test data and pseudo-labels.

To isolate the impact of different components, we estab-
lished three baseline comparisons:

• SMCM: The proposed method without BSST mechanism,
serving as a baseline for evaluating the contribution of
adaptive learning.

• SMCM+BSST (optimal): An idealized version of the
proposed method that uses true labels (normally unavail-
able in practice) instead of pseudo-labels, representing the
theoretical upper bound of performance.

• GCM+BSST [29]: A variant using Gaussian distributions
instead of using scale mixture distributions, allowing us
to evaluate the specific contribution of the scale mixture
modeling.

Additionally, we compared our method against six conven-
tional EMG classification approaches. Four were traditional
statistical methods: LDA, QDA, polynomial classifier (PC),
and SVM. The remaining two were deep learning methods:
one-dimensional convolutional neural network (1D-CNN) and
multilayer perceptron (MLP).

For traditional statistical methods, we implemented sequen-
tial self-training (SST) by combining training and test data,
retaining 50% of previous data while replacing reminder
with new samples [18]. LDA and QDA utilized only
high-confidence samples (θth = 0.5) for updates, while SVM
and PC used all test samples due to their inability to output
probability scores. The hyperparameters of SVM were opti-
mized through grid search with two-fold cross-validation on
the training data.

For deep learning methods, we performed sequential adap-
tation through fine-tuning (FT). Models were initially trained
for 300 epochs on the first two trials (with validation-based
selection), then fine-tuned for five epochs on each subsequent
trial using high-confidence predictions (θth = 0.5) as pseudo-
labels. The architectures used were:

• 1D-CNN: Four convolutional layers with 16, 32, 64, and
128 feature maps, respectively. Each layer used a kernel
size of 3, followed by batch normalization, PReLU acti-
vation, and max pooling. To capture temporal dynamics,
input data were segmented into 200 ms windows with
50 ms steps.

• MLP: Three hidden layers with 100, 50, and 25 units,
respectively. After each hidden layer, batch normalization
and a ReLU activation were applied.

Both networks were trained using stochastic gradient descent
with a learning rate of 10−3 and batch size of 128.

D. Behavioral and Sensitivity Analysis

We investigated the impact of different updating strategies
by comparing two BSST approaches: trial-wise updating (pro-
cessing all motion classes per trial) and class-wise updating
(processing one motion class at a time). Since practical
applications typically lack discrete trial boundaries, we exam-
ined class-wise updating as a more implementation-feasible
strategy for real-world systems. To ensure robust evaluation,

we randomized the sequence of motions within each trial and
repeated this process ten times with different random seeds.

To deploy sequential learning on resource-constrained plat-
forms such as microcontrollers in myoelectric prostheses and
interfaces, minimizing memory usage is essential. Accord-
ingly, we evaluated the memory footprint of our proposed
method on long-term datasets II. We compared it against two
LDA-based baselines: LDA+SST and LDA+CST (cumulative
sequential training), which retains all past data throughout the
sequence. Memory usage was calculated by tracking the size
of model parameters and stored training examples for each
approach throughout 120 trials.

Next, to assess parameter sensitivity, we analyzed how the
confidence threshold for pseudo-label assignment affects clas-
sification performance. We systematically varied the threshold
θth from 0.2 to 0.9 in increments of 0.1 to determine the
optimal threshold that maximized classification accuracy for
each participant.

V. RESULTS

A. Classification Performance and Calibration
Fig. 4 shows the classification accuracy averaged across

participants: per trial for (a) dataset I and (c) dataset III,
and per day for (b) dataset II. For dataset II, the first day
shows the average of two test trials (as two trials were used
for initial training), while subsequent days show the average
of all four daily trials. Note that SMCM+BSST (optimal)
represents an ideal case where the true labels of test data
are known in advance. Across all datasets, the proposed
SMCM+BSST achieved higher classification accuracy than
SMCM in most trials, with a particularly notable improvement
over GCM+BSST in dataset II.

The reliability diagrams in Fig. 5 shows the differ-
ences in calibration performance between GCM+BSST and
SMCM+BSST for each dataset. The plots group predictions
by confidence level and compare them with actual accuracies.
For well-calibrated models, the prediction confidence should
match the actual accuracy (e.g., predictions with 70% con-
fidence should be correct 70% of the time). The expected
calibration error (ECE) [47] quantifies the overall calibration
performance by computing the weighted average of these
discrepancies across all bins, with lower values indicating
better calibration. The proposed method demonstrated the
lower ECE in both datasets, indicating that it could accurately
estimate the prediction confidence.

Table I summarizes the performance using four metrics:
“Overall accuracy” (average across all trials), “Final accuracy”
(last trial performance), “Accuracy change” (calculated by
subtracting the average accuracy of the first four test trials
from that of the last four trials, with negative values indicating
degradation; note that for dataset III, due to its limited number
of trials, this metric is calculated by subtracting the accuracy
of the first test trial from that of the last trial), and ECE (all
models except SVM and PC). We clarify the performance
gap between the proposed method and its theoretical upper
bound by including the results of SMCM+BSST (optimal),
which uses true labels instead of pseudo-labels for updates.
To statistically analyze performance differences, we conducted
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Fig. 4. Classification accuracy across trials for different models. (a) Dataset I. (b) Dataset II. (c) Dataset III. The first two trials were used for
training, with remaining trials for testing. Red: proposed SMCM+BSST, orange: GCM+BSST, blue: SMCM, and gray: SMCM+BSST (optimal).

TABLE I
PERFORMANCE METRICS FOR EACH DATASET
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Fig. 5. Reliability diagrams for SMCM+BSST (ours) and GCM+BSST for each dataset. (a) Dataset I. (b) Dataset II. (c) Dataset III. The horizontal
axis represents the prediction confidence, and the vertical axis represents the actual classification accuracy. The blue bars show the actual
classification accuracy for each confidence interval, while the red bars indicate the calibration error (the difference between prediction confidence
and actual accuracy). The diagonal line represents perfect calibration. The ECE, which is the weighted average of the calibration errors, is presented
in each figure.

pairwise comparisons between the proposed method and each
method (excluding SMCM+BSST (optimal)) using a linear
mixed-effects model with classification method as fixed effect
and subject as a random effect (significance level: 1%). This
approach was selected to account for the within-subject design
of our experiments. The analysis was performed on the overall
accuracy metric, with significant differences (p < 0.01, Holm-
adjusted for multiple comparisons) indicated with asterisks in
the table.

Across the datasets, the proposed method often achieved
leading ‘Final accuracy’ and consistently demonstrated favor-
able ECE values, indicating robust calibration, especially when
compared to deep learning models. For instance, on datasets
I and II, our method achieved the highest overall accuracies
(92.1% and 85.8%), significantly outperforming most alterna-
tives. While PC+SST registered the highest ‘Overall accuracy’
on the challenging dataset III (amputee subjects), our method
remained competitive, particularly showing a relatively good
ECE on this dataset compared to several other techniques.

B. Analysis of the Proposed Method
To evaluate the impact of incorrect pseudo-labels in BSST,

we analyzed the relationship between the pseudo-label error
rate at trial t and the classification accuracy at trial t + 1
(Fig. 6). Dataset III was excluded due to its limited number

Fig. 6. Relationship between pseudo-label error rates and subsequent
classification accuracy. (a) Dataset I. (b) Dataset II. The vertical axis
shows the error rate of pseudo-labels at trial t, and the horizontal
axis shows the classification accuracy at trial t + 1, demonstrating the
moderate negative correlation between labeling errors and subsequent
performance.

of trials. We observed moderate negative correlations in both
datasets (dataset I: r = −0.52, p = 0.0333; dataset II:
r = −0.61, p = 3.34 × 10−13), indicating that errors in
pseudo-labels do affect subsequent performance. However,
the small to moderate correlation magnitudes suggest that
accumulated labeling errors are not the dominant factor in
long-term accuracy degradation, indicating reasonable conver-
gence properties of BSST.
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Fig. 7. Memory cost evolution for each adaptive learning approach
in Dataset II, plotted on a logarithmic (log2) scale. Red: proposed
SMCM+BSST (ours), blue: LDA+SST, and green: LDA+CST. Values
represent averages across all participants per trial.

Fig. 7 shows the memory cost progression of our pro-
posed method and two baselines on dataset II. The red,
blue, and green curves denote the proposed SMCM+BSST,
LDA+SST, and LDA+CST, respectively. The horizontal axis
indicates trial index, and the vertical axis shows memory
cost in megabytes (MB) on a logarithmic scale. Our method
enables sequential learning with the consistently smallest
memory footprint among all methods. In contrast, LDA+SST
maintains a constant–but higher–memory cost across trials,
while LDA+CST’s memory usage grows sharply as trials
accumulate.

The performance comparison between trial-wise and class-
wise updating strategies is shown in Fig. 8. The red boxes
represent trial-wise BSST and cyan represents the results
of class-wise BSST. In all datasets, although the overall
classification accuracy remained comparable between the
two scenarios, the confidence inference capability tended to
degrade under class-wise BSST.

The distribution of optimal threshold values across partici-
pants is presented as histograms in Fig. 9. In dataset I, most
participants achieved the highest accuracy at a threshold of
0.6 or higher (Fig. 9(a)), while in dataset II and dataset III,
the optimal thresholds showed a broader distribution across
participants (Fig. 9(b), (c)).

VI. DISCUSSION

A. Principal Findings
The classification accuracy gradually decreases without

BSST as the trials progress (Fig. 4). This degradation can
be attributed to variations in signal characteristics caused by
multiple factors such as muscle fatigue and electrode shift,
resulting in a substantial shift in the distribution characteristics
of the test data. In contrast, the proposed method maintains
classification accuracies of 92.1%, 85.8% and 74.7% in the
respective datasets, effectively mitigating the decrease in accu-
racy. These results demonstrate that the proposed method is
capable of adaptive classification to changes in EMG signal
characteristics.

The effectiveness of our pseudo-labeling approach varies
across different data conditions while outperforming existing

Fig. 8. Comparison of accuracy and ECE between trial-wise and class-
wise BSST strategies. (a) Dataset I. (b) Dataset II. (c) Dataset III. Box
plots summarize the distribution of performance metrics across all trials
and participants, with red boxes representing trial-wise BSST and cyan
boxes representing class-wise BSST.

Fig. 9. Distribution of optimal confidence thresholds θth for BSST across
participants. (a) Dataset I. (b) Dataset II. (c) Dataset III. The histograms
indicate the threshold values that yielded the highest classification
accuracy for each participant.

methods. For dataset I, the proposed method achieved accu-
racy close to SMCM+BSST (optimal), indicating effective
pseudo-label assignment without calibration data. However,
for datasets II and III, we observed larger performance gaps.
These discrepancies can be attributed to their challenging
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characteristics—dataset II contains measurements across mul-
tiple days with large distribution shifts, while dataset III
includes amputee data with altered muscle anatomy and scar
tissue that introduce signal variability. The higher ECE values
in these datasets compared to dataset I suggest that reduced
calibration quality affected pseudo-label selection accuracy.
Nevertheless, our proposed method tended to outperform other
conventional adaptive approaches across all datasets (Table I).
These findings suggest that while effective for sequential
learning without calibration data, there remains room for
improvement in pseudo-labeling accuracy under challenging
conditions.

B. Comparison With Existing Methods
The classification accuracy of GCM+BSST is substantially

lower than the proposed method in dataset II (Fig. 4(b)). This
degradation can be attributed to the high ECE value (22.5%) of
GCM+BSST (Fig. 5(b)), which demonstrates that the Gaus-
sian distribution fails to adequately represent the underlying
distribution of EMG signal distributions. While Gaussian dis-
tributions have lighter tails with rapidly decreasing probability
density away from the mean, the scale mixture distributions
used in SMCM have heavier tails that can represent a broader
range of probability distributions. Consequently, GCM tends
to underestimate the uncertainty inherent in signal variability.
Notably, dataset II contains several days of data, resulting
in greater variability and uncertainty in the EMG signals
compared to dataset I. This higher variability causes GCM to
become overconfident in its predictions, leading to incorrectly
predicted labels being included in the BSST and ultimately
decreasing classification accuracy.

In contrast, the proposed SMCM+BSST demonstrated
superior performance in both datasets through its sophisti-
cated modeling of EMG signal characteristics. By representing
signal uncertainty as stochastic variations in variance and con-
trolling distribution tail heaviness through parameter ν, SMCM
accurately captures the underlying EMG signal distributions.
This appropriate modeling led to both improved classification
accuracy (Fig. 4) and reliable confidence estimation (Fig. 5),
resulting in sequential learning that outperformed conventional
methods (Table I).

Deep-learning methods (1D-CNN+FT and MLP+FT)
underperformed the proposed method in our experiments,
despite their theoretical capacity to model complex patterns.
This can be attributed to several factors inherent to deep
learning in this adaptive context: (1) Sensitivity to hyperpa-
rameters and risk of overfitting, particularly when fine-tuning
with limited pseudo-labels and without validation data for
optimal epoch selection [48]. In sequential learning scenarios
where labeled validation data is unavailable, deep networks
often struggle to balance adaptation and stability. (2) Poorly
calibrated confidence estimates (Table I), which leads to lower
quality pseudo-labels and undermines the self-training process.
The high ECE values observed in deep learning methods (up
to 30.6% for MLP+FT) indicate significant overconfidence in
their predictions. In contrast, the robust confidence estimation
in our SMCM+BSST proved more effective for sequential
self-training based on prediction confidence. Additionally,

once the initial model is trained, our approach requires no
further hyperparameter tuning during the adaptation process,
unlike deep learning methods that need careful optimization of
learning rates and training durations for each adaptation step.

C. Practical Implications
The efficiency of the sequential learning process further

enhances our approach. The proposed BSST framework offers
a more efficient solution compared to conventional SST meth-
ods. By encoding historical information through Bayesian
updating of prior distributions, BSST eliminates the need
for explicit data storage, resulting in a low and nearly con-
stant memory footprint (Fig. 7). This difference is particularly
significant when dealing with long-term datasets, where the
storage and management of accumulated samples becomes
increasingly challenging. Despite this more compact knowl-
edge representation, BSST achieves comparable or better
accuracy performance in suppressing accuracy degradation
compared to SST methods (Table I), suggesting that repre-
senting past knowledge through probabilistic distributions can
be effective while reducing storage overhead.

The long-term accuracy maintenance shown in Fig. 4 and
Table I demonstrates that BSST exhibits resilience against
error accumulation. This resilience stems from both the reli-
able confidence estimation by SMCM and the constraints from
prior distributions, which together limit the impact of incorrect
labels. Our correlation analysis (Fig. 6) further suggests that
distribution shifts between trials, rather than accumulated
errors, are the primary driver of accuracy fluctuations. Never-
theless, the risk of performance degradation remains under
extreme conditions, such as consecutive major distribution
shifts or when initial model accuracy is low (as in dataset
III). In such cases, future work could explore implementing
change-point detection, confidence recalibration, or model
reset mechanisms to detect and correct potential degradation.
These mechanisms would complement BSST’s inherent stabil-
ity by providing explicit safeguards against pathological error
accumulation scenarios.

We compared trial-wise and class-wise updating strategies
for BSST. While both strategies achieved comparable classifi-
cation accuracy (Fig. 8), class-wise BSST tended to be higher
ECE values in all datasets. This degradation in confidence
estimation occurs because class-wise updates can create tem-
porary imbalances in the probability structure when individual
class parameters are updated separately. In contrast, trial-wise
updating maintains better balance by processing all classes
simultaneously, leading to more reliable probability estimates.
However, the similar classification accuracy between strategies
suggests that the choice of update strategy has limited impact
on overall performance. For practical online implementations
in prosthetic devices and interfaces that lack discrete trial
boundaries, class-wise updating could be implemented using
fixed time windows or sample thresholds, providing a feasible
approach for continuous use scenarios.

The observed variation in optimal confidence thresholds
across datasets provides insights into adaptation requirements
for different EMG scenarios (Fig. 9). In dataset I (short-term
recordings), the higher optimal thresholds (> 0.6) indicate
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relatively stable signal characteristics within single sessions.
Conversely, the broader threshold distributions in dataset II
(long-term recordings) and dataset III (amputee data) reflect
the challenges of temporal signal drift and inherent variability
in residual muscle signals, respectively. These findings high-
light that adaptation strategies must be context-sensitive. A key
limitation of our current approach is that, with sequentially
arriving unlabeled data, traditional threshold optimization
methods like cross-validation cannot be applied. Therefore,
developing an intelligent threshold adaptation mechanism that
responds to changing signal quality and individual char-
acteristics without requiring ground truth labels presents a
critical direction for practical myoelectric interfaces. Potential
approaches might include Bayesian optimization frameworks
that estimate threshold performance based on model uncer-
tainty metrics or adaptive techniques that adjust thresholds
based on detected distribution shifts in the incoming signal.

D. Limitations and Future Work
Our proposed method has several limitations that war-

rant further investigation. While effective with gradual signal
changes, the approach may struggle with abrupt variations in
electrode positions or fatigue levels. Additionally, complex
signal patterns from multi-degree-of-freedom movements or
amputee data could challenge the model’s adaptation capabil-
ities. Future research should focus on enhancing robustness
through improved modeling techniques and validation under
varied conditions, including different exercise types, electrode
configurations, and controlled fatigue levels.

We observed that using class-wise updates, though main-
taining accuracy, reduced confidence estimation reliability,
indicating that updating model components separately may
disrupt its probabilistic structure. Furthermore, the optimal
confidence threshold varied between subjects, suggesting the
need for personalized adaptation mechanisms. Future work
should focus on developing automatic threshold adjustment
methods within the Bayesian framework and implementing
efficient update triggering mechanisms for continuous use
scenarios, such as adaptive time windows that consider both
prediction confidence and elapsed time.

The BSST framework could potentially extend beyond
EMG classification to other biosignals. Previous studies have
successfully applied probabilistic models to EEG and ECG
signals [49], [50], [51], [52]. Validating our approach across
diverse biosignals would further establish its universality and
practical value for adaptive human-machine interfaces.

VII. CONCLUSION

This paper proposes an adaptive EMG pattern classifica-
tion method that combines SMCM and BSST. The proposed
method adapts to signal variations by updating the posterior
distribution of model parameters through BSST, which repre-
sents past signal characteristics as prior distributions without
requiring direct data storage. To enhance confidence estimation
accuracy, we incorporate SMCM, which accurately captures
EMG signal characteristics through sophisticated probability
modeling.

Experimental results show that the proposed method
achieved high average discrimination accuracy across three
datasets (dataset I: 92.1%, dataset II: 85.8%, dataset III:
74.7%), demonstrating its effectiveness in suppressing accu-
racy degradation. Furthermore, memory-cost experiments
assuming long-term interface usage indicate the proposed
method can sustain sequential learning over extended periods
with minimal memory consumption. These results present an
adaptive EMG pattern classification method that both requires
no additional labeled data and runs on limited computational
resources. Such a lightweight, self-trained approach is an
important step toward practical next-generation myoelectric
interfaces–especially prosthetic controls that demand long-
term stability.

In the future, we should focus on improving robustness
under more diverse real-world environments and complex
motion conditions. We should also verify and enhance its
applicability to challenging tasks, such as amputee data.
Additionally, we plan to advance the optimization of the
method itself, including the dynamic adjustment of confidence
thresholds.
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