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Abstract—Electromyography based human motion 

analysis has evolved from basic signal amplitude inspection 

to complex machine learning driven interpretation of 

neuromuscular behavior. Despite these advances, existing 

EMG analysis pipelines remain fragmented, physiologically 

shallow, and vulnerable to artifacts, fatigue induced drift, and 

inter subject variability. Most current approaches treat EMG 

as a noisy time series rather than as an expression of 

structured neuromuscular cognition. This work presents a 

unified end to end analytical framework for EMG signal 

detection, analysis, and comparison using five tightly 

coupled novel machine learning models. The proposed 

framework begins with neuro adaptive signal integrity 

decomposition that restores physiological fidelity at the 

signal level. It then introduces semantic motor unit 

embeddings that encode movement intent beyond 

handcrafted features. Cross muscle causal graph modeling 

captures inter muscle coordination patterns that are ignored 

in conventional classifiers. A fatigue aware neuro temporal 

transformer stabilizes motion representations under 

prolonged activity and physiological drift. Finally, a 

confidence aware comparative decision engine produces 

reliable classification and similarity assessment across 

subjects and sessions. The entire pipeline is designed with 

strict data flow continuity, where the output of each 

analytical block becomes the deterministic input to the next. 

Extensive validation using multi muscle EMG datasets 

demonstrates significant improvements in signal quality, 

movement separability, fatigue robustness, and classification 

confidence. Experimental results indicate an overall 

detection accuracy exceeding ninety five percent, with 

marked reductions in false positives and performance 

degradation under fatigue. The proposed framework 

establishes a new paradigm for EMG analysis by modeling 

neuromuscular intent, coordination, and confidence in a 

single cohesive architecture, offering strong applicability to 
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I. INTRODUCTION 

Electromyography has long served as a primary modality for 

understanding neuromuscular activity during human 

movement [2], [30]. By measuring the electrical potentials 

generated during muscle contraction, EMG provides a 

non-invasive window into motor unit recruitment, 

coordination, and fatigue dynamics [2], [18]. Over the 

decades, EMG analysis has supported applications ranging 

from clinical diagnosis and rehabilitation to prosthetic 

control and sports performance evaluations [26], [30]. 

However, despite its widespread adoption, the 

methodological foundations of EMG signal analysis remain 

constrained by oversimplified assumptions about signal 

structure and physiological variability in process [18], [30]. 

 
Figure 1. Model’s Overall Architectural Analysis 

 

Traditional EMG processing pipelines rely heavily on 

handcrafted features such as root mean square amplitude, 

mean absolute value, zero crossing rate, and spectral 

descriptors [2], [18]. While these features are 

computationally convenient, they compress complex 

neuromuscular behavior into low-dimensional summaries 

that discard temporal context and inter-muscle relationships 

[2], [30]. Moreover, conventional filtering and denoising 

techniques assume stationary noise characteristics, an 

assumption that rarely holds in real-world movement 

scenarios involving electrode displacement, motion artifacts, 

sweat-induced impedance changes, and dynamic muscle 

recruitment [18], [30]. 

The emergence of machine learning has partially addressed 

these limitations by enabling data-driven pattern recognition 

in EMG signals [2], [30]. Supervised classifiers such as 

support vector machines, k-nearest neighbors, and neural 
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networks have demonstrated improved movement 

classification accuracy [2], [26]. Deep learning models, 

including convolutional and recurrent neural networks, have 

further enhanced performance by learning hierarchical 

representations directly from raw or minimally processed 

EMG signals [30]. Nevertheless, most existing 

learning-based approaches still treat EMG channels 

independently or fuse them using simple concatenation, 

limiting their ability to model inter-muscle coordination [21], 

[30]. As a result, they fail to capture causal coordination 

among muscles and remain sensitive to inter-session 

variability and fatigue-induced drift [18], [30]. 

Fatigue represents one of the most persistent challenges in 

EMG analysis [18], [30]. As muscles fatigue, firing rates, 

conduction velocity, and recruitment patterns evolve 

continuously, resulting in non-stationary signal behavior 

[18]. Models trained on fresh muscle activity often 

experience sharp performance degradation when applied to 

prolonged or repetitive tasks [18], [30]. Attempts to mitigate 

this issue through adaptive classifiers or normalization 

schemes have achieved limited success, largely because 

fatigue is modeled implicitly rather than as an explicit 

physiological state [18]. 

Another overlooked dimension in EMG-based decision 

systems is confidence [7], [13]. Most systems output 

deterministic class labels without quantifying the reliability 

of their predictions [7], [8]. In safety-critical applications 

such as rehabilitation robotics or assistive prosthetics, the 

absence of confidence awareness increases the risk of 

erroneous actuation and user discomfort [13], [26]. 

This work addresses these fundamental limitations by 

proposing a comprehensive neuro-adaptive machine learning 

framework for EMG signal detection, analysis, and 

comparison. The framework reconceptualizes EMG as a 

structured neuromuscular language composed of semantic 

motor unit patterns, causal muscle interactions, and evolving 

fatigue states. Instead of relying on isolated feature extraction 

and classification approaches commonly adopted in existing 

EMG analysis methods [30], the proposed approach 

introduces five novel analytical methods that operate in a 

strict sequential data flow. Each method introduces a new 

physiological abstraction and optimizes a specific aspect of 

EMG interpretation. 

The contributions of this work are fourfold. First, a 

neuro-adaptive signal integrity decomposition model restores 

physiological fidelity by separating motor intent from 

artifacts and noise. Second, a dynamic motor unit semantic 

embedding mechanism encodes EMG patterns into a latent 

space that preserves movement intent and temporal structure. 

Third, a cross-muscle graph causal interaction model 

captures coordination dynamics across muscle groups. 

Fourth, a fatigue-aware neuro-temporal transformer 

stabilizes representations under prolonged activity. Finally, a 

confidence-aware decision engine enables reliable detection 

and comparison across subjects and sessions. Together, these 

contributions establish a new direction for EMG analysis 

grounded in neuromuscular cognition rather than 

surface-level signal statistics, addressing limitations 

highlighted in recent EMG learning studies [30]. 

II. LITERATURE REVIEW 

Early EMG analysis techniques focused primarily on 

time-domain and frequency-domain descriptors [2], [18]. 

Researchers employed band-pass filtering followed by 

amplitude-based metrics to characterize muscle activation 

intensity [2]. Frequency-domain measures such as median 

frequency and mean frequency were later introduced to 

assess muscle fatigue, as shifts toward lower frequencies 

were observed during sustained contractions [18]. While 

these methods provided valuable insights, they required 

careful parameter tuning and were highly sensitive to noise 

and electrode placement [2], [30]. 

 

Table 1. Research Gap Analysis of Existing Methods 
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Method 
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Biomedi
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on 

Practical 

feasibility 
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ware RL 

Adaptive 

control 

Reliable 
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ML 
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on 

[2

3], 

[2

4] 
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y and 

personali

zation 
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learning 

Not 
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application

s 

[2

7], 

[2

8] 

Context-awar

e ML 

System 

adaptabil

ity 

Practical 

deploymen

t 

Not 

biosignal-o

riented 

 

Table I highlights that existing studies largely address 

individual challenges such as classification accuracy, 

confidence estimation, multimodal fusion, or dependency 

modeling independently. However, none of the existing 

frameworks simultaneously integrate physiological signal 

integrity restoration, semantic motor-unit representation, 

causal inter-muscle coordination, fatigue-aware temporal 

adaptation, and confidence-driven decision-making within a 

unified end-to-end pipeline. This identifies a clear research 

gap that motivates the proposed neuro-adaptive EMG 

framework. 

The integration of pattern recognition methods marked a 

significant step forward in EMG analysis. Linear 

discriminant analysis and support vector machines enabled 

multi-class movement recognition by learning decision 

boundaries from feature vectors [2], [26]. However, these 

approaches depended heavily on feature engineering and 

struggled to generalize across subjects [2]. To address this 

limitation, researchers explored dimensionality reduction 

techniques such as principal component analysis and 

independent component analysis. Although these methods 

reduced redundancy, they did not explicitly model 

physiological relationships among muscles [18]. 

Deep learning introduced representation learning to EMG 

analysis. Convolutional neural networks were applied to 

time-frequency representations, while recurrent architectures 

modeled temporal dependencies [30]. Hybrid CNN–LSTM 

models achieved promising accuracy in gesture recognition 

tasks [2], [30]. Despite their success, most deep models 

treated EMG channels as independent input streams and 

relied on large labeled datasets. Furthermore, their internal 

representations remained difficult to interpret physiologically 

[30]. 

Graph-based approaches have recently gained attention in 

biosignal analysis. Some studies modeled EMG channels as 

nodes in a graph, using correlation or coherence measures to 

define edges. Graph convolutional networks improved 

classification performance by capturing spatial relationships 

among muscles [21]. However, these graphs were typically 

static and correlation-based, failing to distinguish causal 

influence from mere synchrony [21]. 

Fatigue adaptation has been explored through transfer 

learning and adaptive normalization. Domain adaptation 

techniques attempted to align feature distributions across 

fatigue states, while incremental learning updated model 

parameters online. These approaches improved robustness 

marginally but lacked explicit fatigue modeling [18]. Fatigue 

remained an emergent property rather than a controllable 

variable [18], [30]. 

Confidence estimation in EMG classification has received 

limited attention. Bayesian classifiers and ensemble methods 

provided uncertainty estimates, yet these were often 

statistical rather than physiological [7], [13]. As a result, 

confidence values did not necessarily reflect neuromuscular 

reliability or signal integrity. 

Electromyography-based motion analysis occupies an 

intersection between neuroscience, biomechanics, and 

machine learning. Unlike visual or textual data, EMG signals 

reflect the collective behavior of motor units whose 

recruitment patterns evolve continuously with fatigue, 

intention, and physiological state. Traditional approaches 

rely on handcrafted features derived from time and frequency 

domains, compressing complex neuromuscular activity into 

low-dimensional descriptors [2], [18]. Comparative studies 

confirm that such methods struggle to generalize across 

subjects and sessions due to intrinsic variability in muscle 

activation patterns [2], [18]. 

Deep learning has significantly advanced EMG interpretation 

by enabling hierarchical representation learning directly from 

raw signals. Convolutional and recurrent architectures 

capture spatial and temporal dependencies, improving 

classification accuracy in human–machine interaction tasks 

[30]. Multimodal fusion approaches combining EMG with 

EEG further enhance performance by integrating neural 

intent with muscular execution [3]. Nevertheless, these 

models often remain sensitive to noise, electrode 

displacement, and fatigue-induced drift, indicating that 

representation learning alone is insufficient without explicit 

physiological awareness [18], [30]. 

A parallel research trajectory emphasizes confidence-aware 

learning. Across domains ranging from autonomous driving 

to medical diagnosis, incorporating uncertainty into 

decision-making improves safety and reliability [9], [13]. 

Confidence estimation transforms machine learning systems 

from deterministic classifiers into risk-aware agents capable 

of rejecting unreliable predictions. In biosignal contexts, this 

is particularly important because signal quality fluctuates 

with skin impedance, motion artifacts, and muscle fatigue. 

Studies demonstrate that confidence-aware frameworks can 

significantly enhance robustness in complex signal 

environments [7], [8]. 

Graph-based modeling represents another emerging 

direction, capturing dependencies among system components 

rather than treating inputs independently. Confidence-aware 

graph neural networks and related methods reveal that 

relational structure can improve reliability assessment and 

decision stability [21]. In the context of EMG, muscles 

function as coordinated networks rather than isolated 
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actuators, suggesting that causal interaction modeling may 

provide deeper insights into movement dynamics. 

Recent advances also address data scarcity and privacy 

concerns. Generative diffusion models have been proposed to 

synthesize realistic EMG signals for ergonomic studies while 

preserving participant anonymity [11]. Such techniques may 

enable large-scale training without extensive experimental 

acquisition, though questions remain regarding physiological 

fidelity. 

 

Despite these developments, the literature reveals a 

fragmentation of approaches. Signal processing studies focus 

on feature extraction and classification accuracy, 

confidence-aware research emphasizes uncertainty without 

physiological grounding, and multimodal or graph-based 

methods address coordination but often ignore fatigue and 

signal integrity. Few frameworks integrate these aspects into 

a unified pipeline that models neuromuscular intent, 

inter-muscle coordination, temporal adaptation, and 

reliability simultaneously. 

Consequently, there exists a clear research gap for end-to-end 

architectures that treat EMG not merely as a noisy time series 

but as a structured expression of motor control. Such 

frameworks would ideally restore signal fidelity, learn 

semantic representations of movement, capture causal 

coordination among muscles, adapt to fatigue dynamics, and 

quantify prediction confidence. Addressing this gap is 

essential for advancing practical applications including 

prosthetic control, rehabilitation robotics, sports 

biomechanics, and human–machine interfaces, where safety 

and robustness are as critical as raw accuracy [26], [30]. 

In summary, existing literature addresses individual 

challenges in EMG analysis but lacks a unified framework 

that integrates signal integrity restoration, semantic 

representation, causal coordination modeling, fatigue 

awareness, and confidence-based decision-making. The 

proposed work fills this gap by introducing a cohesive 

pipeline grounded in neuromuscular principles and validated 

through end-to-end experimentation. 

III. PROPOSED MODEL 

The proposed framework consists of five sequential 

analytical modules designed to operate on EMG data 

collected from multiple muscles during voluntary movement. 

Raw EMG signals acquired using surface electrodes serve as 

the initial input. Each module produces an output that 

becomes the direct input to the next, ensuring strict data flow 

continuity. 

The first module performs neuro-adaptive signal integrity 

decomposition. Raw EMG signals often contain motion 

artifacts, baseline drift, and stochastic noise that overlap with 

physiological components. Instead of applying fixed filters, 

this module learns a latent physiological manifold that 

represents clean neuromuscular activity. A 

context-conditioned encoder maps raw signals into this 

manifold while suppressing non-physiological variance. The 

output is a refined EMG signal accompanied by a signal 

integrity index that quantifies physiological reliability. 

The second module constructs dynamic motor unit semantic 

embeddings. The refined EMG signals are segmented into 

overlapping temporal windows and encoded into a semantic 

space that captures motor unit recruitment patterns. Temporal 

attention mechanisms emphasize consistent firing sequences 

while de-emphasizing transient fluctuations. The resulting 

embedding vectors represent movement intent rather than 

raw electrical activity. 

The third module models cross-muscle causal interactions. 

Each muscle is represented as a node in a directed graph, and 

causal influence between muscles is inferred using temporal 

dependency analysis. Unlike conventional correlation-based 

graphs [21], this causal graph captures directional 

neuromuscular coordination. Graph convolution operations 

propagate information across the network, producing a causal 

muscle interaction tensor that encodes coordinated 

movement structure. 

 

The fourth module introduces fatigue-aware neuro-temporal 

modeling. Fatigue is explicitly quantified using temporal 

energy accumulation and variability measures derived from 

the causal interaction tensor. A transformer-based 

architecture integrates long-range dependencies while 

conditioning on fatigue state [31]. This produces a 

fatigue-stabilized motion representation that remains 

consistent across varying endurance levels. 

The final module performs confidence-aware detection and 

comparison. The stabilized representations are classified 

using a probabilistic decision model that incorporates 

neuromuscular confidence derived from signal integrity and 

coordination consistency. In addition to class labels, the 

model outputs a similarity index that enables comparative 

analysis across subjects and sessions. 

This modular yet tightly coupled design ensures that 

physiological meaning is preserved and enhanced at each 

stage, resulting in a robust and interpretable EMG analysis 

pipeline. 

IV. VALIDATED RESULT ANALYSIS 

 

The proposed framework was validated using multi-channel 

EMG datasets involving upper and lower limb movements 

collected from multiple subjects across repeated sessions. 

Signals were sampled at high frequency and included 

scenarios with intentional fatigue induction. 

Signal integrity decomposition achieved substantial 

improvements in signal-to-noise ratio, with average gains 

exceeding thirty percent compared to conventional filtering 

approaches [18]. Artifact suppression accuracy exceeded 

ninety-four percent, while phase distortion remained 

minimal, preserving temporal fidelity. 

Motor unit semantic embeddings demonstrated significantly 

improved class separability. Intra-class variance was reduced 

by approximately twenty-eight percent, while inter-class 

distance increased by over thirty percent. Visualization of 

embedding spaces revealed compact clusters corresponding 

to distinct movements, even across subjects. 

Causal muscle interaction modeling improved recognition of 

coordinated movements. The graph-based model reduced 

misclassification rates by nearly twenty percent compared to 

channel-independent deep learning baselines [30]. Analysis 



 

International Journal of Research in Advent Technology, Vol.14, No.1, March 2026 

E-ISSN: 2321-9637 

Available online at www.ijrat.org 

 

12 

 doi: 10.32622/ijrat.1401202605 

of learned causal graphs revealed physiologically plausible 

coordination patterns consistent with known biomechanics. 

Fatigue-aware temporal modeling proved critical for 

robustness. Under prolonged activity, baseline models 

exhibited accuracy drops exceeding twenty percent. In 

contrast, the proposed framework retained over ninety-two 

percent accuracy, demonstrating effective compensation for 

fatigue-induced drift [18]. 

The confidence-aware decision engine reduced false positive 

rates by approximately twenty-seven percent. Confidence 

scores correlated strongly with signal integrity and 

coordination consistency, enabling reliable rejection of 

uncertain predictions in line with confidence-aware learning 

principles [7], [13]. 

 

Overall classification accuracy across all movements and 

subjects ranged between ninety-four and ninety-seven 

percent, outperforming state-of-the-art methods [2], [30]. 

The results confirm that modeling neuromuscular intent, 

coordination, and fatigue explicitly yields substantial 

performance gains. 

V. EXPERIMENTAL SETUP 

The proposed framework was evaluated using a publicly 

available multi-channel surface electromyography (sEMG) 

dataset collected from healthy adult participants performing 

controlled voluntary movements [2], [18]. The dataset 

consists of recordings from 32 subjects (18 male and 14 

female, aged 20–38 years) across multiple sessions to capture 

inter-subject and intra-session variability. EMG signals were 

acquired from eight major muscles involved in upper-limb 

motion: biceps brachii, triceps brachii, deltoid (anterior and 

posterior), brachioradialis, flexor carpi radialis, extensor 

carpi radialis, and pronator teres. This muscle set captures 

both agonist–antagonist pairs and synergistic coordination 

patterns consistent with EMG acquisition standards and prior 

movement recognition studies [2], [30]. 

 

 

 
 

 
Figure 2. Model’s Overall Result Analysis 

 

Signals were recorded using surface electrodes placed 

according to SENIAM guidelines to ensure anatomical 

consistency [2], [30]. Data were sampled at 2 kHz, which is 

sufficient to capture the dominant EMG frequency content 

while preserving motor unit firing dynamics [18], [30]. Prior 

to model processing, signals were normalized per channel 

using z-score normalization to mitigate amplitude differences 

caused by electrode placement and skin impedance variations 

[2], [18]. 

For temporal analysis, EMG recordings were segmented into 

overlapping windows of 200 ms with a 50% overlap, a 

commonly adopted strategy in EMG-based movement 

recognition to balance temporal resolution and feature 

stability [2], [30]. This window length balances temporal 

resolution with sufficient signal content for meaningful 

motor unit representation. Each segment therefore contains 

400 samples per channel. Windows were labeled according to 

the movement performed during acquisition. 

To evaluate robustness under fatigue, additional sessions 

included prolonged repetitive contractions lasting up to five 

minutes. This produced gradual spectral shifts and amplitude 

changes characteristic of physiological fatigue, allowing 
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assessment of model stability under non-stationary 

conditions [18]. 

Data were partitioned using a subject-wise cross-validation 

strategy to test generalization across individuals, consistent 

with established EMG evaluation protocols [2], [30]. In each 

fold, data from 75% of subjects were used for training, 10% 

for validation, and the remaining 15% for testing. No subject 

appeared in more than one subset. Model hyperparameters 

were selected using the validation set, while final 

performance metrics were reported on the held-out test 

subjects. 

Performance evaluation included classification accuracy, F1 

score, false positive rate, robustness under fatigue (accuracy 

decay across time), and confidence calibration metrics, 

following standard evaluation practices in EMG 

classification and confidence-aware learning studies [7], 

[13], [30]. All experiments were conducted using identical 

preprocessing and training conditions to ensure fair 

comparison across modules and baseline methods. 

 

Additions to Proposed Model: Mathematical 

Formulations 

1. Neuro Adaptive Signal Integrity Decomposition 

Let 𝑋 ∈ ℝ𝐶×𝑇denote the raw EMG signal with 𝐶channels 

and 𝑇samples. 

A context-conditioned encoder 𝐸𝜃 maps 𝑋 to a latent 

physiological manifold: 

𝑍 = 𝐸𝜃(𝑋) 
 

A decoder 𝐷𝜙reconstructs the cleaned signal: 

𝑋̂ = 𝐷𝜙(𝑍) 

 

Training minimizes a composite loss: 

ℒ𝑆𝐼 =∥ 𝑋 − 𝑋̂ ∥2
2+ 𝜆1 ∥ ∇𝑋̂ − ∇𝑋 ∥2

2+ 𝜆2 Var𝑛𝑜𝑖𝑠𝑒(𝑍) 
 

The Signal Integrity Index (SII) is computed as: 

SII = 1 −
∥ 𝑋 − 𝑋̂ ∥2
∥ 𝑋 ∥2

 

 

This stage separates physiological activity from artifacts 

without assuming stationary noise. 

 

2. Dynamic Motor Unit Semantic Embedding 

Each refined signal segment 𝑋̂𝑤is projected into a semantic 

space using temporal attention. 

Feature extraction: 

𝐻 = 𝑓𝜓(𝑋̂𝑤) 

 

Self-attention: 

𝐴 = softmax ⁣(
𝐻𝐻⊤

√𝑑
) 

 

Semantic embedding: 

𝑒 = 𝐴𝐻 
 

Final embedding vector: 

𝑠 =
1

𝑇𝑤
∑𝑒𝑡

𝑇𝑤

𝑡=1

 

 

This vector encodes movement intent through consistent 

motor unit firing patterns rather than amplitude alone. 

 

3. Cross-Muscle Causal Interaction Graph 

Let 𝑠𝑖(𝑡)denote the embedding for muscle 𝑖. 
Directional influence between muscles 𝑖 → 𝑗 is estimated 

using temporal predictive causality: 

𝐶𝑖𝑗 = corr ⁣(𝑠𝑗(𝑡), 𝑠̂𝑗
(𝑖)(𝑡)) 

 

where 𝑠̂𝑗
(𝑖)(𝑡)is the prediction of 𝑠𝑗using past values of 𝑠𝑖. 

Construct adjacency matrix 𝐴𝑐with elements 𝐶𝑖𝑗. 

Graph convolution: 

𝐺 = 𝜎 ⁣(𝐴𝑐𝑆𝑊𝑔) 

 

where 𝑆stacks all muscle embeddings. 

Output: causal interaction tensor 𝐺representing coordinated 

neuromuscular activity. 

 

4. Fatigue-Aware Neuro-Temporal Transformer 

Fatigue state 𝐹(𝑡)is derived from energy accumulation: 

𝐹(𝑡) = 𝛼𝐹(𝑡 − 1) + (1 − 𝛼)∑ ∥

𝑖

𝐺𝑖(𝑡) ∥
2 

 

Transformer input: 

𝑈(𝑡) = [ 𝐺(𝑡), 𝐹(𝑡) ] 
 

Attention mechanism: 

Attn(𝑄, 𝐾, 𝑉) = softmax ⁣ (
𝑄𝐾⊤

√𝑑
)𝑉 

 

Fatigue-stabilized representation: 

𝑅 = Transformer(𝑈) 
 

This explicitly conditions long-range temporal modeling on 

physiological fatigue. 

 

5. Confidence-Aware Decision and Comparison 

Classification probability: 

𝑝 = softmax(𝑊𝑟𝑅 + 𝑏) 
 

Neuromuscular confidence combines signal integrity and 

coordination stability: 

Conf = 𝛽 ⋅ SII + (1 − 𝛽) ⋅ Stability(𝐺) 
 

Final decision rule: 

Accept class 𝑘if𝑝𝑘 ⋅ Conf > 𝜏 
 

Similarity between sessions: 

Sim(𝑅1, 𝑅2) =
𝑅1 ⋅ 𝑅2

∥ 𝑅1 ∥∥ 𝑅2 ∥
 

 

This allows both classification and cross-subject comparison 

with reliability awareness. 

VI. CONCLUSIONS AND FUTURE SCOPE 

This work presents a comprehensive neuro-adaptive machine 

learning framework for EMG signal detection, analysis, and 
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comparison. By moving beyond surface-level signal features 

and embracing neuromuscular cognition as the central 

modeling principle, the proposed approach achieves superior 

robustness, interpretability, and accuracy. Each analytical 

module introduces a novel physiological abstraction and 

contributes measurably to overall performance. 

The framework is well suited for real-world applications 

where signal variability, fatigue, and inter-subject differences 

are unavoidable, including prosthetic control, rehabilitation 

robotics, and human–machine interaction systems [26], [30]. 

Its confidence-aware decision mechanism enhances safety 

and reliability in assistive technologies, aligning with recent 

developments in confidence-aware machine learning [7], 

[13]. Future work will explore real-time implementation, 

integration with wearable hardware, and extension to 

multimodal biosignal fusion involving EEG and kinematic 

data [3]. The proposed framework also opens avenues for 

personalized neuromuscular modeling and adaptive 

rehabilitation systems. 
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