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ABSTRACT: Accurate prediction of shoulder joint angles based on surface electromyography (SEMG) signals is critical
in human-machine interaction and rehabilitation engineering. However, due to the shoulder joint’s complex degrees
of freedom, dynamically varying muscle coordination patterns, and the susceptibility of SEMG signals to cross-talk
and noise interference, achieving high-precision prediction remains challenging. In this study, LASENet (BiLSTM-
Attention-SE Network) is proposed as an end-to-end deep learning framework that integrates a bidirectional long
short-term memory network (BiLSTM), a multi-head self-attention (MHSA) mechanism, and a squeeze-and-excitation
(SE) block to predict shoulder joint angles across three degrees of freedom directly from raw sEMG signals. By jointly
modeling temporal dependencies, long-range feature interactions, and channel-wise importance, LASENet effectively
captures motion-related patterns while suppressing redundant noise. Experimental results demonstrate that LASENet
demonstrates outperforms baseline models in terms of root mean square error (RMSE) and correlation coefficient (CC),
achieving superior prediction accuracy and stability. These findings demonstrate that LASENet is an effective solution
for accurate shoulder joint angle prediction from sEMG signals.

KEYWORDS: Surface electromyography; shoulder joint angle prediction; BiLSTM; attention mechanism; squeeze-
and-excitation block

1 Introduction

Surface electromyography (sSEMG) represents the summation of electrical activity generated by motor
neurons that innervate skeletal muscle fibers, recorded non-invasively on the skin surface. It directly reflects
muscle contraction and neuromuscular activation, making it a key signal for decoding upper-limb motion
intentions [1,2].

Compared with traditional motion capture techniques—such as inertial measurement units (IMUs)
or optical tracking systems—sEMG offers unique advantages. SEMG signals precede observable motion
onset by tens of milliseconds, providing a temporal lead over kinematics-based sensors and enabling
predictive control in real-time systems [3,4]. Moreover, SEMG demonstrates superior wearability and
environmental robustness compared to optical systems [5]. It does not depend on external lighting conditions
or line-of-sight visibility, maintaining stable performance even under visual occlusion or complex indoor
environments [6]. Consequently, sSEMG provides a safe, non-invasive, and intention-driven control signal
for applications such as exoskeletons, prosthesis control, and robotic teleoperation [7-9].

Despite these advantages, significant challenges remain in decoding shoulder joint motion from sSEMG
signals due to the joint’s complex anatomy and signal characteristics. In contrast to single degrees of freedom
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(DOF) joints such as the elbow or wrist, the shoulder is among the most flexible and biomechanically
intricate joints in the human body. It is composed of multiple sub-joints—including the acromioclavicular,
sternoclavicular, scapulothoracic, and glenohumeral joints—that act in concert to achieve three rotational
degrees of freedom: flexion/extension, abduction/adduction, and internal/external rotation [10,11]. This high
degree of freedom necessitates dynamic coordination among multiple muscle groups rather than isolated
activation of individual muscles [12]. At the signal level, the dense spatial distribution and overlap of
shoulder muscles cause significant cross-talk and signal mixing among recording channels [13,14]. As a
result, conventional motion recognition methods—typically designed for single-joint control—struggle to
generalize to the shoulder, where accurate extraction and decoding of multi-DOF motion intentions remain
an open and challenging problem in SEMG research.

To address these issues, researchers have increasingly applied deep learning techniques to continuous
motion estimation and state recognition tasks for the upper limb and shoulder. Ma et al. proposed a
bidirectional long short-term memory (BiLSTM)-based decoding framework for continuous upper-limb
motion estimation from sEMG signals, which effectively captured the temporal dependencies of muscle
activity and achieved high prediction accuracy for both elbow and shoulder angles [15]. Wen et al. introduced
the SCA-LSTM model, combining sparse component analysis (SCA) with LSTM to estimate continuous joint
angles [16]. While SCA-LSTM effectively suppressed redundant information through signal decomposition,
its performance relied heavily on handcrafted preprocessing modules, limiting its end-to-end trainability
and flexibility.

Recent studies have explored the incorporation of attention and transformer mechanisms to enhance
temporal and inter-channel modeling in shoulder motion decoding. Bai et al. proposed SWCTNet, a model
that integrates convolutional neural networks (CNNs) with channel-temporal attention-based transformers,
using multimodal IMU and sEMG data to predict muscle activation and shoulder motion dynamics,
achieving superior performance in rehabilitation scenarios [17]. Another study adopted a transformer-based
framework that fused multiple biosignals to predict rotational accelerations of the shoulder and elbow,
demonstrating improved accuracy and stability over traditional LSTM and recurrent neural network (RNN)
models [18].

In addition to architectural advances, channel optimization has also been explored as an effective
strategy to enhance recognition performance. Bai et al. employed 64-channel high-density sSEMG recordings
of shoulder movements and applied multiclass common spatial pattern (CSP) and wavelet packet decompo-
sition for spatial-spectral feature extraction and channel selection. Their study demonstrated that retaining
only 4-5 optimized channels after CSP filtering could achieve over 92% classification accuracy for shoulder
motion patterns [19]. However, such feature-dependent channel selection relies heavily on prior expert
knowledge, and the designed strategy must often be reconfigured when task conditions or motion classes
change, limiting generalizability.

To overcome these limitations, LASENet (BiLSTM-Attention-SE Network) is proposed, an end-to-end
deep learning model for shoulder joint angle prediction during single-degree-of-freedom isokinetic tasks.
LASENet employs BiLSTM to extract deep temporal representations directly from raw sEMG signals and
integrates a multi-head self-attention mechanism to enhance cross-channel and temporal feature perception,
thereby enabling high-dimensional decoding of coordinated multi-muscle activation patterns and establish-
ing a precise nonlinear mapping from sEMG to shoulder kinematics. Crucially, LASENet incorporates a
squeeze-and-excitation (SE) block to dynamically weight informative channels and suppress redundant noise
features, maintaining strong representational capacity even under high cross-talk or low electrode density
conditions. By directly mapping raw sEMG inputs to three shoulder joint angles—flexion/extension, abduc-
tion/adduction, and internal/external rotation—through end-to-end training, LASENet eliminates the need
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for extensive feature engineering or manual preprocessing. Experimental results demonstrate that LASENet
consistently outperforms baseline models in root mean square error (RMSE) and correlation coefficient
(CC), achieving superior accuracy and stability in multi-DOF periodic shoulder motion prediction.

2 Methods
2.1 LASENet Architecture

In this study, LASENet (BiLSTM-Attention-SE Network) is proposed, a deep learning architecture that
integrates multidimensional temporal feature extraction with channel-adaptive enhancement mechanisms
(Fig. 1). The model is designed to improve both the accuracy and stability of shoulder joint angle prediction
based on SEMG signals. LASENet primarily consists of three key modules: a BILSTM network, a multi-
head self-attention (MHSA) mechanism, and a SE block, followed by a multi-layer perceptron (MLP) for
continuous joint angle regression.
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Figure 1: Overall architecture of the proposed LASENet.

In the feature extraction stage, a BILSTM network with 256 hidden units in each direction (resulting in
a 512-dimensional bidirectional output), introducing 273,408 trainable parameters and accounting for 18.8%
of the total model size, is employed to capture the temporal dependencies and inter-muscle coordination
patterns inherent in sSEMG signals. Processing sequences in both forward and backward directions enables
the model to construct a more comprehensive representation of the temporal dynamics underlying muscle
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activation. Subsequently, a MHSA module is introduced, configured with an embedding dimension of 512
and 32 attention heads, contributing 1,048,576 trainable parameters (72.2% of the total model size), primarily
arising from the linear projection matrices of the attention mechanism, which allows the network to model
long-range temporal dependencies across time steps. This attention mechanism enables adaptive weighting
of salient temporal segments that contribute most to motion transition cues, thereby improving feature
discriminability and enhancing the model’s generalization capability across various dynamic shoulder joint
angle movement patterns.

Furthermore, the SE block explicitly models inter-channel correlations through a squeeze-excitation
operation with a reduction ratio r = 8, contributing 65,536 trainable parameters (4.5% of the total model size)
from the two fully connected layers. Given a 512-dimensional feature channel, global average pooling first
compresses the temporal dimension to produce a compact channel descriptor of size 512. This descriptor
is then passed through two fully connected layers, undergoing a dimensionality reduction from 512 — 64
(512/8), followed by a restoration back to 512, with rectified linear unit (ReLU) and sigmoid activations
applied sequentially. The resulting channel-wise excitation weights are used to recalibrate the feature map,
amplifying channels highly relevant to the motion task while suppressing redundant or noisy information.

Finally, the feature representation from the last time step is fed into a regression MLP composed of two
fully connected layers (512 — 128 — 3) with a ReLU activation between them, contributing 66,051 trainable
parameters (4.5% of the total model size). This regression head enables precise estimation of the target
shoulder joint angles across the three degrees of freedom. Overall, LASENet contains 1,453,571 trainable
parameters, with the majority arising from the multi-head self-attention module, while the BiLSTM, SE
block, and MLP account for the remaining portions, respectively.

Through coordinated optimization across three levels—temporal modeling, dependency representa-
tion, and channel weighting—LASENet effectively exploits the motion intention information embedded
within sEMG signals. This architecture provides an efficient and physiologically interpretable deep learning
framework for continuous shoulder joint angle prediction.

2.2 SE Block

The SE Block is an efficient channel attention mechanism designed to explicitly model inter-channel
dependencies and enhance feature representation through adaptive recalibration. First proposed by Hu
et al. [20], this module has been widely adopted in various domains due to its simplicity and superior
performance, including computer vision [21] and temporal signal modeling [22,23].

As illustrated in Fig. 2, the SE Block operates through three main stages: Squeeze, Excitation, and
Recalibration.

Excitation

Recalibration

Figure 2: Structure of the SE block.
In the Squeeze stage, the input feature map X € R7*¢ undergoes global average pooling along the
temporal dimension to generate a compact channel descriptor that captures global contextual information,
as formulated in Eq. (1):



Comput Mater Contin. 2026;87(3):46 5

1

T
Zc: EXL‘,(;; C:1)2)~-~)C) (1)
t=1

~ |

where T denotes the number of time steps, C represents the number of channels, and X, . indicates the
feature value at time step t and channel c.

In the Excitation stage, channel-wise dependencies are modeled through a two-layer fully connected
gating mechanism, as defined in Eq. (2). The first layer performs dimensionality reduction followed by a
nonlinear transformation using the ReLU activation function, while the second layer restores the original
channel dimension and applies a Sigmoid function to generate normalized channel weights:

S = O'(Wz(S(WlZ)), (2)

where z = [z, 25, . .. ,ZC]T, W, € R**C and W, € RC*% are the learnable weight matrices, r is the channel
reduction ratio, §(-) denotes the ReLU activation function, and o (-) represents the Sigmoid function.

Finally, in the Recalibration stage, the obtained channel weights s are applied to the original feature map
to enhance informative channels and suppress redundant ones, as described in Eq. (3):

Xt,c:SC'Xt,C’ Vt:].,...,T, (3)

where X, . denotes the adaptively recalibrated output feature.

Through this squeeze-excitation recalibration mechanism, the SE block adaptively reweights channel-
wise features, enhancing the representation of informative muscle activation patterns while suppressing
redundant or noisy channels, with minimal additional computational overhead. In this study, the SE Block
is integrated after the MHSA module to adaptively enhance high-dimensional feature representations at
the channel level, further improving feature selection and information utilization efficiency in sEMG-
based modeling.

2.3 Experiment

A total of twelve healthy male subjects aged between 18 and 25 years were recruited for this study. All
subjects underwent a comprehensive health screening prior to the experiment to ensure the absence of upper-
limb motor dysfunction, neuromuscular disorders, or any recent shoulder injuries or treatments. Informed
consent was obtained from all subjects before data collection.

The shoulder joint exhibits three rotational degrees of freedom, which are generated through coor-
dinated contractions and torque coupling of the relevant muscle groups. For shoulder flexion/extension,
the Anterior Deltoid and Biceps Brachii primarily drive flexion, whereas extension is mainly powered by
the Posterior Deltoid and Latissimus Dorsi. Meanwhile, the Pectoralis Major provides auxiliary force and
stabilizes the joint during anteriorly directed movements. The Lateral Triceps contributes to the shoulder-
elbow extension synergy, and the Brachioradialis reflects elbow-forearm stabilization in shoulder-driven
tasks, thereby capturing upper-limb dynamic coupling patterns closely related to shoulder kinematics.
In shoulder abduction/adduction, the Middle Deltoid serves as the primary mover for abduction, while
adduction is mainly generated by the Pectoralis Major and Latissimus Dorsi, which produce forces toward
the trunk. With respect to shoulder internal/external rotation, the Infraspinatus is the key muscle for
external rotation, whereas internal rotation is primarily mediated by the Pectoralis Major and Latissimus
Dorsi, with the Posterior Deltoid playing a crucial role in rotational stability. The functional differentiation
and coordinated activation of these muscles form the physiological basis for the sSEMG acquisition in this
study [24].
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Based on this functional understanding of the selected muscles, SEMG signals were recorded using
a multi-channel acquisition system (Noraxon USA Inc., Scottsdale, AZ, USA). Electrodes were placed on
several key muscle groups of the right upper limb, as detailed in Table 1. Prior to electrode placement, the
skin was carefully prepared by shaving, exfoliating, and cleaning with alcohol to reduce skin impedance
and improve signal quality [25]. The sEMG sampling frequency was set to 2000 Hz, and raw signals were
processed using a 10-500 Hz band-pass filter to retain the main physiological frequency components, along
with a 50 Hz notch filter to remove power-line interference.

Table 1: Muscle placement sites for sSEMG acquisition.

Index Muscle Name

Anterior deltoid
Middle deltoid
Posterior deltoid
Biceps brachii
Lateral triceps
Brachioradialis
Pectoralis major

—

Latissimus dorsi
Infraspinatus

O 0 N1 QN Ul B WD

The motion tasks were performed using an isokinetic dynamometer (BIODEX System, Biodex Medical
Systems, Shirley, NY, USA), which can be connected to the sEMG system host to generate rising-edge
trigger signals, enabling synchronized acquisition between the dynamometer and the sSEMG system. Subjects
were seated and securely fixed with straps across the trunk, waist, and the non-tested arm to minimize
compensatory movements, ensuring that only single-degree-of-freedom shoulder motions were executed
during testing. The experimental tasks consisted of shoulder flexion/extension, abduction/adduction, and
internal/external rotation (as shown in Fig. 3). Each movement was conducted at three angular velocities—
60°/s,90°/s, and 120°/s. For each condition, subjects performed three repeated cyclical movement sessions,
each lasting 30 s, with a 20 s rest interval between consecutive sessions.

Figure 3: Experimental setup for joint angle collection: (a) shoulder flexion/extension; (b) shoulder abduc-
tion/adduction; (¢) shoulder internal/external rotation.
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2.4 Data Preprocessing

Multichannel sEMG signals (9 channels) were segmented using a sliding window approach to construct
the dataset, with a window length of 200 ms and 50% overlap (i.e., 100 ms step size). This window
length balances temporal resolution and signal stationarity, providing sufficient information on muscle
activation while avoiding excessive fluctuations or noise, as supported by previous studies on sSEMG-based
control [26,27]. The 50% overlap increases the number of training samples, better captures the continuous
variations in movement, and reduces information loss at window boundaries. For each window, the 9-
channel, 200 ms sEMG segment was used as the input feature x, and the joint angle corresponding to
the final time point of the window was taken as the supervisory signal y. After segmentation, each sSEMG
channel was independently standardized using z-score normalization, with the mean and standard deviation
computed exclusively from the training set after cross-validation splitting (see Section 2.5). These statistics
were subsequently applied to the validation and test sets, ensuring consistent normalization while preventing
data leakage and distribution shift [28].

2.5 Model Training

This study employed a subject-wise leave-one-turn-out (LOTO) cross-validation strategy, which is a
structured variant of the conventional leave-one-out (LOO) approach, where the held-out unit corresponds
to a trial (turn) rather than a sample. Each “task-speed” combination was defined as an independent
movement pattern. Accordingly, each subject had a total of 3 (tasks) x 3 (speeds) = 9 trials. In each round
of cross-validation, one trial was sequentially selected from the 9 trials of each subject, and the selected
trials from all 12 subjects were combined to form the overall test set, which was used to evaluate the model’s
generalization ability on unseen movement patterns. The remaining 8 trials from each subject were combined
as the training set, from which 20% was further allocated as a validation set for hyperparameter optimization
and early stopping to prevent overfitting. Under this configuration, each LOTO round yields 68,890 sliding
windows used for actual model training. This leave-one-out procedure was iteratively performed 9 times,
ensuring that each trial was used once as the test set. The final model performance was reported as the mean
+ standard deviation across the 9 validation rounds.

The optimization objective was defined using the Smooth L1 Loss (Huber Loss), which behaves as
the Mean Squared Error (MSE) for small residuals to enhance convergence stability, and transitions to
the Mean Absolute Error (MAE) for larger residuals, effectively reducing the impact of outliers on model
optimization [29]. The Adam optimizer was adopted with an initial learning rate of 5 x 10™*. To prevent
instability caused by excessively large or small learning rates, a ReduceLROnPlateau scheduler was
implemented to automatically reduce the learning rate when the validation loss failed to improve for several
consecutive epochs [30]. Additionally, an Early Stopping mechanism with a patience of 10 was employed to
terminate training once the validation performance plateaued over multiple iterations, thereby mitigating
overfitting and improving training efficiency [31].

3 Results

To evaluate the effectiveness of the proposed LASENet model in shoulder joint angle prediction
and to quantify the contribution of each component module, a series of systematic ablation experiments
were conducted. Several representative deep learning architectures were compared, including the baseline
BiLSTM, Transformer, BILSTM with Attention, and the proposed LASENet model integrating both Attention
and SE modules. Tables 2 and 3 present the correlation coefficient (CC) and root mean square error
(RMSE) results, respectively, for the X-axis (flexion/extension), Y-axis (abduction/adduction), and Z-axis
(internal/external rotation) of the shoulder joint.
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Table 2: CC (mean + standard deviation) of different models across the three shoulder joint axes. Significance is
indicated as: *’ p < 0.05, ‘n.s’ not significant compared with LASENet.

Model X-axis Y -axis (Abduc- Z-axis (Internal/External
(Flexion/Extension) tion/Adduction) Rotation)
BiLSTM 0.3106 + 0.3904* —-0.0462 + 0.0926* 0.1438 + 0.2404*
Transformer 0.8849 + 0.0232* 0.8859 + 0.0320* 0.7300 + 0.0737*
BiLSTM + Attention 0.9439 + 0.0540* 0.9496 + 0.0504* 0.9513 + 0.0025n.s.
LASENet 0.9777 £ 0.0089 0.9613 + 0.0334 0.9505 = 0.0395

Table 3: RMSE (mean + standard deviation) of different models across the three shoulder joint axes. Significance is
indicated as: ¥’ p < 0.05.

Model X-axis Y -axis (Abduc- Z-axis (Internal/External
(Flexion/Extension) tion/Adduction) Rotation)
BiLSTM 41.5869 + 14.9273* 59.1092 + 26.4226* 56.0689 + 20.8309*
Transformer 19.8820 + 6.6824* 16.8965 + 5.9258* 23.1352 + 5.9507*
BiLSTM + Attention 14.5952 + 5.0919* 10.6861 + 6.5234* 11.9498 + 5.1311*
LASENet 8.7719 £ 5.6857 9.2834 + 5.8081 9.7920 + 3.4930

As shown in Table 2, LASENet (BiLSTM + Attention + SE) achieved the highest correlation across all
three axes, with CC values of 0.9777, 0.9613, and 0.9505 for the X, Y, and Z directions, respectively. All
differences between LASENet and the other models were statistically significant (p < 0.05), except for the
Z-axis compared with BILSTM + Attention, which was not significant (n.s.). These results indicate that the
integration of the attention mechanism and the channel-wise adaptive enhancement module significantly
improves feature representation, enabling the model to more accurately capture the complex nonlinear
dynamics between sSEMG signals and joint kinematics. In contrast, the baseline BiLSTM exhibited inferior
performance across all axes, with a negative correlation (—0.0462) on the Y-axis (abduction/adduction),
suggesting its limitations in modeling high-dimensional, multi-channel temporal dependencies. Although
the Transformer demonstrated strong global modeling capacity, its performance in capturing local dynamic
variations of SEMG signals was less effective than that of LASENet, highlighting that the fusion of multi-scale
attention and channel reweighting mechanisms is more suitable for the intrinsic characteristics of biosignals.

The RMSE results in Table 3 further confirm the superiority of LASENet, which achieved the lowest
prediction errors of 8.77°,9.28°, and 9.79° for the X, Y, and Z axes, respectively. All reductions in RMSE com-
pared with BiLSTM, Transformer, and BiLSTM + Attention are statistically significant (p < 0.05). Compared
with the baseline BILSTM, the average prediction error decreased by more than 80%, and LASENet also out-
performed the model incorporating only the Attention mechanism. This demonstrates the complementary
effects between the two modules: the Attention mechanism enhances temporal feature saliency, while the SE
module improves feature discriminability and stability through adaptive channel reweighting.

Overall, LASENet achieved consistently high correlation and low prediction error across all three
degrees of freedom, demonstrating its superiority in capturing multi-muscle coordination and cross-channel
dynamic features. By integrating the bidirectional temporal dependency modeling of BiLSTM, the temporal
saliency extraction capability of the Attention mechanism, and the channel-wise adaptive enhancement of
the SE block, LASENet effectively establishes a more accurate mapping between sEMG signals and kinematic
parameters, validating its strong predictive performance and robustness.
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To examine training stability and potential overfitting, we evaluated LASENet’s total parameter count
(1,453,571) in the context of the effective training set per LOTO round (68,890 windows), noting that each
window is a high-dimensional segment of 9 channels x 400 sampling points (200 ms @ 2 kHz), yielding 3600
features per sample. Although the nominal parameter-to-sample ratio appears high (21:1), the large feature
dimensionality substantially increases the effective information content, providing sufficient data relative to
model complexity. The training and validation loss curves are shown in Fig. 4. The training and validation loss
curves show a rapid decrease in early epochs, followed by a gradual stabilization. The validation loss fluctuates
slightly around a steady value, with no divergence from the training loss, indicating stable optimization,
good convergence, and no evidence of overfitting. This confirms that LASENet effectively learns from the
high-dimensional sEMG inputs while maintaining reliable performance on unseen movement patterns.

Training and Validation Loss Curves of the LASENet
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Figure 4: Training and validation loss curves of the LASENet across epochs.

4 Discussion

4.1 Model Mechanism and Performance Analysis

In this study, LASENet demonstrated substantially superior performance over all comparative models in
predicting shoulder joint angles across three degrees of freedom—flexion/extension, abduction/adduction,
and internal/external rotation. The model achieved high correlation and low prediction error in all directions,
benefiting from its multi-level fusion architecture and adaptive enhancement mechanisms. Compared with
the conventional BiILSTM model, LASENet not only captures bidirectional temporal dependencies in SEMG
signals but also leverages the attention mechanism to focus on critical temporal segments during motion
transitions. This enables the model to more effectively represent the dynamic dependencies among muscle
groups during coordinated contractions. This design philosophy aligns with findings by Abdelhady et al. [32],
who proposed a GRU + Attention model, and Zangene et al. [33], who developed an Attention-BiLSTM
approach—both confirming that attention mechanisms can significantly enhance accuracy and stability in
continuous joint angle estimation. Similarly, Lv et al. [34] verified the efficacy of temporal attention for
handling nonstationary biosignals in knee joint angle prediction.

To provide a more intuitive comparison of model performance, the results from one represen-
tative subject were selected, comparing three models with relatively high correlation—Transformer,
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BiLSTM+Attention, and LASENet. As shown in Fig. 5, the prediction curves of LASENet (subplots g-i) align
most closely with the actual joint angles across all three degrees of freedom. Particularly during motion
direction transitions, LASENet produces smoother trajectories with reduced latency compared with the
Transformer (subplots a-c) and BiLSTM+Att (subplots d—f) models.
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Figure 5: Comparison between predicted and actual shoulder joint angles for each model across three motion axes:
(X) flexion/extension, (Y) abduction/adduction, and (Z) internal/external rotation.

It is worth noting that the baseline BiLSTM achieved significantly low CC and high RMSE values in
this study, likely due to the absence of explicit feature engineering. While BiLSTM has demonstrated good
performance in other upper-limb joint angle prediction studies, its success largely depended on handcrafted
features, such as RMS or median frequency (MDF) representations derived from variational mode decom-
position (VMD) and wavelet packet transform (WPT). In contrast, LASENet attains high correlation and low
prediction errors directly from raw sEMG signals, highlighting its capability to learn robust temporal and
cross-channel dependencies without relying on feature engineering. This comparison further underscores
the effectiveness of integrating bidirectional temporal modeling, attention-based temporal saliency, and
channel-wise adaptive enhancement in capturing complex neuromuscular dynamics.

However, relying solely on temporal feature extraction remains insufficient to address the spatial
coupling and redundancy present in shoulder sSEMG signals. To overcome this, LASENet incorporates a
Squeeze-and-Excitation (SE) module, which performs adaptive feature reweighting through a “squeeze-
excitation-recalibration” process. This mechanism dynamically amplifies signals from key muscle channels
while suppressing redundant or noisy information, thereby enhancing cross-muscle feature discrimination.
When originally proposed for visual recognition, Hu et al. [20] validated the SE module’s feature enhance-
ment capability. Similarly, Xu et al. [35] integrated SE with attention mechanisms for sEMG-based gesture
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recognition and confirmed the effectiveness of channel recalibration for modeling complex biosignals.
The present study further demonstrates that the SE module significantly improves prediction stability and
feature separability when processing multi-muscle signals. Compared with conventional approaches that rely
on hand-crafted time—frequency or statistical features [36-38], LASENet learns joint temporal-channel-
spatial representations directly from raw sSEMG data via end-to-end training, enhancing modeling accuracy
while removing reliance on manually designed features, which may introduce subjectivity and variability.
Overall, the BiLSTM-Attention-SE architecture effectively models temporal, inter-channel, and spatial
dependencies in sSEMG signals, offering physiologically informed interpretability and robust performance
for high-degree-of-freedom upper-limb motion decoding.

4.2 Physiological Interpretation of Prediction Difficulty across Axes

Although LASENet substantially improves overall prediction accuracy, the distribution of errors across
different motion directions reveals that prediction along the Z-axis (internal/external rotation) remains
more challenging than along the X-axis (flexion/extension) and Y-axis (abduction/adduction). This trend,
consistent across all compared models, reflects both the physiological complexity of shoulder rotation and
the high noise characteristics of SEMG signals. Specifically, internal/external rotations are primarily driven
by deep rotator cuff muscles such as the infraspinatus, teres minor, and subscapularis. These muscles are small
in volume, produce low-amplitude signals, and exhibit high spatial overlap, resulting in substantial inter-
muscle crosstalk and reduced signal-to-noise ratio (SNR), which diminish model discriminability [31,39,40].
Additionally, the shoulder’s rotational axis shifts dynamically during movement due to the coupled motion
of the humerus and scapula, causing significant variation in muscle activation patterns at different joint
postures. This further increases the nonlinear complexity of the mapping between sSEMG and joint kinemat-
ics [41,42]. Despite these challenges, LASENet achieved an RMSE of 9.7920° on the Z-axis, indicating its
robustness and its ability to generalize effectively to unseen movement patterns, even in the presence of signal
nonstationarity. This suggests that the model’s adaptive channel enhancement and multi-level temporal
fusion mechanisms effectively compensate for weak signal representation from deep muscles, maintaining
high predictive consistency and physiological interpretability even under complex biomechanical conditions.

5 Conclusions

This study proposes a deep learning architecture—LASENet (BiLSTM-Attention-SE Network)—for
multi-degree-of-freedom shoulder joint angle prediction based on sEMG. The proposed model integrates
temporal modeling and channel-adaptive enhancement mechanisms by combining a BiLSTM network, a
MHSA mechanism, and a SE Block. Through this synergistic design, LASENet achieves a coordinated fusion
of temporal dependency modeling, global feature aggregation, and channel-level feature optimization. By
adopting an end-to-end learning strategy, the model automatically extracts multi-level dynamic features
related to shoulder motion directly from raw sEMG signals, effectively eliminating the dependence on
handcrafted feature engineering and extensive signal preprocessing required by traditional approaches.

Experimental results demonstrate that LASENet demonstrates superior performance relative to other
models—including BiLSTM, Transformer, and BiLSTM+Attention—in predicting shoulder joint angles
across three degrees of freedom: flexion/extension, abduction/adduction, and internal/external rotation.
Specifically, LASENet achieves the highest correlation coefficients (CC) and the lowest root mean square
errors (RMSE) across all axes, validating its superior performance under conditions of high channel crosstalk
and low signal-to-noise ratio. The findings further confirm that the incorporation of the SE module enhances
the model’s ability to adaptively identify and reweight channel importance, thereby strengthening its
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sensitivity to key muscle activations while suppressing redundant noise—significantly improving recognition
of coordinated activation patterns among multiple shoulder muscles.

In summary, the proposed LASENet model achieves breakthroughs in both prediction accuracy and
robustness while providing a physiologically interpretable and scalable framework for modeling SEMG
signals in high-degree-of-freedom joint motion. Future work will further explore the potential of LASENet
in multimodal fusion (e.g., combining sEMG with IMU or EEG signals) and personalized model transfer,
to facilitate its practical deployment in intelligent rehabilitation, exoskeleton control, and neuroengineer-
ing applications.

6 Limitations and Future Work

Despite strong performance across various dynamic shoulder joint angle movement patterns, this
study is limited to within-subject evaluations, leaving cross-subject generalization untested. Future work
will explore domain adaptation or transfer learning for inter-subject scenarios and incorporate multimodal
signals to improve accuracy and robustness, aiming for personalized, generalizable sEMG-based joint
angle estimation.
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