
  

  

Abstract—The development of robotic exoskeletons for 
human motion assistance and rehabilitation has intensified the 
need for efficient methods to discern users' motion intentions, 
particularly for complex upper limb movements. The shoulder 
joint poses the most significant challenge due to its anatomical 
complexity, multi-degree-of-freedom (DoF) movements, and 
variable muscle function. Consequently, real-time estimation of 
shoulder joint motion intentions remains the least explored. 
Existing prediction methods often fail to address the shoulder’s 
range of motion, as many models are restricted to below the 
shoulder level or rely on computationally intensive physiological 
parameters unsuitable for real-time applications. The shoulder's 
varying moment arm further complicates signal normalization 
and accuracy. To overcome these challenges, we propose a novel 
approach combining a Neuromusculoskeletal Model with a 
Multilayer Perceptron (MLP). This method leverages biological 
insights from the model to improve neural network 
performance, focusing exclusively on regression for real-time 
predictions. The method inputs include sEMG signals from 
shoulder muscles and shoulder angle data. These sEMG signals 
are preprocessed and integrated into the Neuromusculoskeletal 
Model, which incorporates activation dynamics, contraction 
dynamics, and musculoskeletal measurements. By correlating 
skeletal measurements with humeral elevation, the method 
reduces computational complexity and calculates muscle 
torques, which are then used by the MLP to estimate humeral 
acceleration. This approach effectively addresses normalization 
issues by correlating shoulder angle, sEMG data, and estimated 
torques with humeral acceleration. 
 

I. INTRODUCTION 

Recent advancements in robotics technology have 
significantly impacted the fields of medicine and welfare, 
particularly in response to the growing elderly population and 
the increasing prevalence of upper-limb impairments due to 
strokes [1][2], sports injuries, traumas, and occupational 
injuries [3]. Consequently, there is a critical demand for 
upper-limb assistive devices that facilitate basic daily 
activities and support rehabilitation. A crucial requirement for 
these assistive devices is their ability to adapt to the patient’s 
motion intentions to provide effective rehabilitation and 
assistance. 

Surface electromyography (sEMG) is the predominant 
biological signal for interpreting a user’s motion intentions. 

 
* This work was supported by JST [Moonshot R&D] [Grant Number 

JPMJMS2034]. 
Jorge A. Orellana Wong is with Department of Mechanical Engineering, 

Kyushu University, Fukuoka, 744 Motooka Nishi-ku, Japan (e-mail: 
orellana.wong.jorge.188@s.kyushu-u-ac.jp). 

Research on motion intention prediction from sEMG signals 
can be classified into two primary approaches: classification 
and regression. Among these, regression, particularly 
continuous regression, has received less attention [4][5]. 
Continuous regression methods are further divided into 
Model-Based (MB) and Model-Free (MF) approaches. 

Model-Free (MF) approaches leverage machine learning 
or deep learning techniques to extract advanced features from 
sEMG signals, establishing complex, nonlinear relationships 
between these features and the motion intention. The primary 
advantage of MF approaches lies in their capacity to handle 
intricate signal features and adapt to various motion patterns. 
However, they often overlook the physiological effects of the 
sEMG signal, which complicates generalization across 
different individuals, as they heavily rely on the training data 
[4][6]. 

In contrast, Model-Based (MB) approaches utilize 
physiological principles to translate sEMG signals into 
muscle-tendon forces by incorporating activation dynamics 
and contraction dynamics. These forces are then applied to 
musculoskeletal models and equations of motion to predict 
joint kinematics and dynamics [7][8]. The strength of MB 
approaches lies in their ability to elucidate the relationship 
between sEMG signals and motion intention through a 
physiological framework. Nevertheless, these models face 
challenges due to individual physiological variations, and 
much of the existing research is based on Hill-type muscle 
models and cadaver studies, which may not accurately 
represent patient conditions [4][9]. To address these 
challenges MB methods often require extensive parameter 
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Fig. 1. Shoulder Axis Rotation Displacement using OpenSim 4.4 [17][18] 
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optimization to ensure accurate real-time kinematic and 
dynamic intention predictions. 

For sEMG-based motion intention prediction, the 
shoulder is the least studied among upper-limb joints. This 
limited research is due to the shoulder’s high kinematic 
complexity, which affords it an extensive range of motion 
[10]. Specifically, the shoulder’s movement is characterized 
by a three-axis rotational clavicle and scapula with five 
degrees of freedom, allowing it to displace the humeral head 
based on humeral position, as shown in Fig. 1 [11]. Research 
that endeavors to explore it stays below shoulder level [2] 
[12][13]. In contrast, research that attempted shoulder motion 
prediction that used similar kinematic, dynamic, and 
physiological models is predominantly limited to single plane 
movements below shoulder level [14] and is not real-time 
[15][16].  

Furthermore, the shoulder range of motion introduces 
variability in muscle function. As the humerus moves from 
below to above the joint, shoulder muscles perform varying 
or simultaneous tasks depending on the humeral position. 
This variability complicates the correlation between sEMG 
amplitude and actual shoulder motion intention. Additionally, 
muscle length changes—where some muscles are stretching, 
others are shortening—can cause significant variation in the 
maximal voluntary contraction of shoulder muscles [19][20]. 

Research specifically targeting shoulder motion intention 
is sparse [4], and existing models tend to focus on predicting 
shoulder angle positions rather than the subject's motion 
intention [15][16]. Furthermore, most studies addressing 
shoulder motion intention are in an upper limb assist device 
environment that utilizes force sensors to determine the user’s 
motion intention [21][22]. 

This study aims to develop a novel real-time method for 
estimating shoulder motion intention by combining a 
neuromusculoskeletal model with a MLP. This integration 
enhances the flexibility of the MLP  by reducing its reliance 
on training data and tailoring the neuromusculoskeletal model 
to the specific physiology of the subject. Additionally, the 
musculoskeletal model proposed utilizes bone orientation 
correlation with humeral elevation to reduce computational 
complexity and optimize it for real-time application. Another 
function of the MLP is correlating the sEMG, shoulder angle 
position, calculated torques, and humeral acceleration, 
allowing the method to reach the full shoulder range of 

motion and avoid the sEMG normalization problem. The 
method is structured into three components: biological and 
non-biological signal preprocessing, a neuromusculoskeletal 
model, and a MLP, as shown in Fig. 2. 

The organization of this paper is as follows: Section II 
presents the neuromusculoskeletal model, Section III 
discusses the MLP, Section IV details the experimental setup, 
Section V exhibits the results and discussion, and Section VI 
concludes the study. 

II. NEUROMUSCULOSKELETAL MODEL 

A. Overview  
The proposed method is divided into three parts, as shown 

in Fig. 2. Initially, the activation dynamics component will 
transform the sEMG feature extraction into muscle activation. 
Subsequently, the contraction dynamics model will take 
muscle activation with other muscle-related data and 
determine the muscle forces. Finally, all moment arms will be 
derived from the musculoskeletal model, and with muscle 
forces, it will compute the muscle torque in their origin and 
insertion.  

B. Signal Preprocessing  
The sEMG signal measures the integration of action 

potentials from multiple muscle fibers containing a wide 
range of frequencies. The relevant aspects needed from the 
sEMG signal are the timing, intensity, and activation shape. 
The two most used methods are rectification and low pass 
filtering or root mean square (RMS) [23][24]. After applying 
RMS, the best way to relate this feature to mechanical events 
is by normalizing over the maximal voluntary contraction 
(MVC). All sEMG signals are processed with RMS and then 
normalized based on MVC.  

C. Activation Dynamics  
Activation and deactivation dynamics are the processes 

that describe the delay between muscle force development 
and relaxation, which is a characteristic of the excitation-
contraction coupling [25]. This delay occurs primarily 
because of calcium dynamics and cross-bridge attachment 
and detachment [26]. For activation dynamics, the Zajac 
model can be employed with the following differential 
equation 

 

Fig.2. Method Architecture 
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  (1) 

where e(τ) represents the sEMG signa, a(τ) represents the 
activation dynamics, τact represents the time delay in muscle 
activation, and β represents the activation and deactivation 
time delay ratio. Additionally, time and delay parameters 
have been normalized with a time scale parameter of 0.1 
described by Zajac. Equation (1) behaves like a low pass filter 
that introduces a delay between the neural excitation and 
muscle activation. One of the key aspects of this model is that 
activation rate is always bigger that the deactivation rate, also 
every muscle has its own unique activation and deactivation 
rates.  

Equation (1) requires that the sEMG signal gets defined 
as an equation. The model uses three samples to generate a 
line fitting to determine e(t) and normalized the time variable 
to get e(τ). Finally, the model can solve equation (1) by 
numerical integration with the Runge-Kutta algorithm. For 
activation, deactivation, muscle fiber length, optimal 
isometric force, and maximum optimal fiber velocity, the 
model can operate with the information from [14][17][18] on 
OpenSim 4.4.  

D. Contraction Dynamics  
Muscle contraction dynamics can be represented through 

two primary modeling approaches: physiological models and 
phenomenological models. Physiological models, while 
detailed, often entail substantial computational complexity, 
particularly when analyzing a large number of muscles. In 
contrast, phenomenological models, such as the Hill-type 
model, are preferred for their computational efficiency. The 
Hill-type model is widely used due to its ability to describe 
muscle dynamics with a single differential equation [8]. 

The force generated by the contractile element of the 
muscle fiber can be estimated with a Hill-type model. This 
model incorporates a length-dependent force component, a 
velocity-dependent force component, activation dynamics, 
and the maximum isometric muscle fiber force. 
Consequently, the muscle fiber force given by: 

  (2) 

where f(l) represents the length-dependent force component, 
f(v) represents velocity-dependent force component, a(t) 
represents the activation dynamics component, and Fom 
represents the isometric muscle fiber force.  
 

1) Muscle Force Change on Length 
The length-dependent muscle fiber force is divided into 

active and passive components. The active component 
generates force when the muscle is activated, while the 
passive component resists stretching beyond the muscle's 
resting length. The active force behavior, as described by 
Gordon [27], is characterized by an initial absence of force at 
very short lengths, an increase in force with length until 
reaching a plateau, and a subsequent decrease in force to zero 
at longer lengths [28]. To estimate the active component the 
simplified model presented by Rockenfeller et al. [28] can be 
calculated. Conversely, the passive element exhibits minimal 

force at short lengths, increasing exponentially once the 
muscle fiber exceeds its optimal length. For this part, the 
estimation can be performed with Schutte's formulation [29]. 
The combination of these active and passive elements is 
represented by:  

  (3) 

where fact represents the active component force, a(t) 
represents the activation dynamics, l represents the muscle 
fiber length, and Fom represents the isometric muscle fiber 
force. 

2) Muscle Force Change on Velocity 
The velocity-dependent component of muscle force 

follows Hill’s formulation, which posits that the rate of 
energy liberation is proportional to the change in force [30]. 
The velocity-dependent component computation can be 
calculated with the modified version of Hill’s equation, as 
presented by Buchanan et al. [8], which integrates both the 
force-length and force-velocity relationships to determine the 
force during concentric contractions based on fiber velocity. 
This is given by: 

  (4) 

  

where vm represents muscle fiber velocity, and the constants 
𝑎 and 𝑏 are specified by Hill as 399 and 0.331, respectively. 
Since muscles can contract concentrically and eccentrically, 
an additional equation was required. The description of force-
velocity during an eccentric contraction can be performed 
with Aubert’s model [32][33]. The equation is described as:  

 

Fig.3. Musculoskeletal Model. Graph model using MATLAB [31] 

NOTE: The redlines are the muscles picked, and the black lines 
represents the bones on the upper limb 
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  (5) 

where vmax denotes the maximum optimal fiber velocity at 
which force is zero, and v represents the fiber velocity. 

E. Musculoskeletal Geometry 
A detailed musculoskeletal geometry model is essential 

for computing the muscle torques on each joint. This 
geometrical model must fulfill several functions: it should 
define the rotational axes of all involved bones, specify bone 
dimensions, and provide the origin and insertion points of 
each muscle, along with their force trajectories. Additionally, 
the model is required to be in a standing position with the 
shoulder and elbow relaxed. The model can utilize the 
geometry developed by Wood et al. [34][35], the bone 
orientation in standing posture described by Matsumura et al. 
[36], and the kinematic information from Ludewig et al. [39]. 

The advantage of this geometry is that it accurately 
describes the rotational axes for the sternoclavicular, 
acromioclavicular, and glenohumeral joints and includes data 
on muscle origin and insertion locations, as well as linearized 
force trajectories. Moreover, the standing posture is an easy 
reference when testing the method. Furthermore, the bone 
size can be adjusted based on the subject height using data 
from [37][38]. Also, one of the primary difficulties is 
accurately modeling clavicle and scapula kinematics during 
humeral movements. The proposed geometry derives bone 
positions from non-biological signals by correlating bone 
orientations with humeral elevation and horizontal abduction. 
This approach is advantageous because it avoids the 
computationally intensive process of integrating sample-by-
sample data to determine bone positions and orientations. The 
model can operate with the trajectory curves described by 
Ludewing et al. [39] 

With the musculoskeletal model and shoulder angle 
measurements, it can determine the position of all bones, 
which allows us to calculate the differences in fiber length. 
From this, the model can derive fiber length and velocity. 
Concurrently, sEMG measurements of shoulder muscles 
provide data on muscle activation levels. Combining muscle 
activation with fiber length and velocity measurements 
enables the computation of muscle forces. By applying these 
muscle forces within the musculoskeletal model, the proposed 
method can ultimately derive the torques at the origin and 
insertion points of the muscles, thereby providing a 
comprehensive analysis of joint torques. 

III. NEURAL NETWORK 
The neural network employed will customize the 

neuromusculoskeletal model to the specific physiology of the 
subject. To achieve accurate and rapid shoulder motion 
estimation, the proposed method can utilize a MLP 
architecture with hidden layers, utilizing the hyperbolic 
tangent (tanh) function as the activation function. The MLP 
receives as inputs the sEMG features from the shoulder 

muscles, normalized shoulder angles, and torques at the 
origins and insertions of each muscle. The MLP will predict 
the angular acceleration of the humerus along each axis. 

The method preprocesses all non-biological data with a 
zero-delay fourth-order Butterworth filter. The filtering step 
was crucial to prevent the MLP from learning the noise 
present in the signal. The training of the MLP utilizes the 
supervised method and can use the Adam optimization 
algorithm with an exponential decay learning rate to 
accelerate the learning process. Moreover, the MLP can 
employ TensorFlow’s Keras library in Python 3 with the 
default parameters for this optimization algorithm. One of the 
possible challenges of using a neural network library is the 
computational time required to use the library to make a 
single prediction; it can narrow the time to process the MB 
part. Therefore, the proposed method utilizes a second MLP. 
This second MLP's main characteristic is only for prediction. 
It does not use a neural network library. Instead, it used the 
learned weights and hyperparameters from the initial MLP to 
achieve quicker predictions. 

IV. EXPERIMENT  
An experiment was conducted to evaluate shoulder 

motion intention accuracy and the computing time of the 
proposed method. The experiment recruited three healthy 
male participants; the subjects' information is in Table 1. The 
experimental protocol involved recording sEMG signals from 
eight shoulder muscles, as listed in Table 2, while the subjects 
performed specified exercises. Total shoulder flexion, 
horizontal shoulder abduction, and external shoulder rotation 
angles were measured in degrees with MyoMotion sensors 
(Noraxon). The sEMG signals were measured using Ultium 
sensors (Noraxon) with a sampling frequency of 2000 Hz, 
while shoulder angles and accelerations were measured using 
MyoMotion sensors (Noraxon). Ultium sensors incorporate a 
high pass filter, and a low pass filter set at 10 Hz and 500 Hz. 
The sensor placement and axis reference are shown in Fig. 4. 

Before the exercises, MVC was measured for each muscle 
by following the Kelly et al. protocol [20]. The experiment 
exercises selected were shoulder flexion, scaption, and 
shoulder abduction, as described by Ludewig et al. [39]. 
These exercises were performed twelve times each, with a 
duration of approximately two seconds per repetition and a 
two-minute rest period between exercises to mitigate fatigue.  

Fig.4. Sensor Placement 
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TABLE I.  SUBJECTS RELEVANT INFORMATION 

Subjects Sex Age Heigh (cm) Weight 
(kg) 

Hand 
Dominance 

S1 M 24 183 85 Right Hand 

S2 M 28 183 95 Left Hand 

S3 M 30 166 65 Right Hand 

TABLE II.  SENSORS PLACED 

Sensor Type Location Measurem
ent 

1 Ultium Biceps Short Head (BISH) sEMG 

2 Ultium Deltoid Acromial (DELA) sEMG 

3 Ultium Deltoid Clavicular (DELC) sEMG 

4 Ultium Deltoid Spinal (DELS) sEMG 

5 Ultium Pectoral Clavicular Part (PMJC) sEMG 

6 Ultium Triceps Long Head (TRIO) sEMG 

7 Ultium Trapezius Medial (TRPM) sEMG 

8 Ultium Trapezius Descend (TRPU) sEMG 

9 MyoMotion Upper Thoracic Vertebra SA, AA 

10 MyoMotion Right Upper Arm   SA, AA 

11 MyoMotion Right Forearm  EA, AA 

12 MyoMotion Right Hand HA, AA 

NOTE: The SA stand for shoulder angles, EA for elbow angles, HA for 
hand angle and AA for acceleration. 

 

 

Subsequent data collection involved segmenting the data 
by exercise cycle, which got further divided into training and 
testing sets for the MLP, with a split of 80% for training and 
20% for testing. The MLP’s architecture was tested with three 
hidden layers: six times the number of inputs, three times the 
number of inputs, six times the number of inputs and a final 
layer of three neurons. The MLP input-out dimension is 66 
inputs 3 outputs. 

The training dataset was preprocessed as follows. The 
sEMG signals were root mean squared with a 200 ms window 
and normalized, while shoulder angles were filtered using a 
fourth-order Butterworth low pass filter with a 0.4 Hz cutoff 
frequency. The difference in performance with and without 
filter can be observed in Table 3. The processed signals, 
including sEMG features, normalized angles, and normalized 
torques, were input into an MLP for training. The target 
output was the angular acceleration derived from the 
accelerometer data. The testing set was input into the method 
one sample at a time. In order to evaluate the method’s 
capacity for real-time, the method’s processing time for each 
sample was recorded. Additionally, the predicted data was 
compared with the actual accelerometer data using the root 
mean square error metric. 

V. RESULTS AND DISCUSSION 
The comparison between the predicted humeral 

acceleration and the one measured is presented in Fig. 5. 
Additionally, a comparison is made with normalized total 
flexion and normalized deltoid acromial feature. As shown in 
Fig. 5, the predicted acceleration almost matches the behavior 
of the actual acceleration, deviating predominantly at peaks 
in the normalized deltoid acromial feature and extreme total 
flexion positions. The method's accuracy was assessed using 
the root mean square error (RMSE) across each shoulder axis.  

 

Fig.5. Motion Intention Prediction with Measured Humeral Acceleration on Z axis.  
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TABLE III.  METHOD’S ACCURACY 

Axis Average Standard Deviation Dimensional 

Unfiltered Shoulder Angle Performance 

X 0.604 0.600 deg/s2 

Y 0.655 0.655 deg/s2 

Z 0.607 0.598 deg/s2 

Filtered Shoulder Angle Performance 

X 0.572 0.571 deg/s2 

Y 0.588 0.585 deg/s2 

Z 0.573 0.571 deg/s2 

TABLE IV.  METHOD’S COMPUTATIONAL TIME 

Element Average Standard Deviation Dimensional 

MB 3.658 1.433 ms 

MF 1.195 0.594 ms 

TOTAL 4.889 1.722 ms 

NOTE: The total rubric is not the addition but the measurement of the 
entire calculation time. 

 

The humeral acceleration was measured by the 
MyoMotion accelerometers and compared with the one 
calculated; the details of the results are in Table 3. These 
accuracy values indicate promising performance in evaluating 
various motions across a broad range of shoulder mobility. 
However, errors are observed predominantly at maximal and 
minimum total flexion angles. At minimum total flexion, this 
error occurs because the principal drivers for shoulder motion 
are the rotator cuff muscles. Since the method lacks 
information from these muscles, it is challenging for the 
method to estimate over this range. At maximal total flexion, 
the shoulder moment arm change and muscle conditions 
contraction capacity differ from shoulder level contraction 
capacity. Also, subjects' variations in effort to reach maximal 
total flexion generate an overestimation or underestimation of 
motion intention, as illustrated in Fig. 5. Future improvements 
may involve modifying the neural network architecture to 
better account for these variations. The proposed method can 
incorporate additional maximum voluntary contraction 
(MVC) exercises to normalize the sEMG signals relative to 
the shoulder position, which may help reduce the observed 
discrepancies.  

Furthermore, the program demonstrated sufficient 
processing speed, averaging 4.899 milliseconds per sample, 
as detailed in Table 4. Considering that sEMG typically 
precedes movement by 50-100 milliseconds [40], the program 
operates effectively within the required time window.  

VI. CONCLUSION 
This work introduces a novel method for real-time 

estimation of shoulder motion intention. The proposed 
method integrates a neuromusculoskeletal model with a 
neural network, leveraging the strengths of both approaches. 

The neural network benefits from physiological insights from 
the neuromusculoskeletal model, while the method gets 
tailored to individual physiological characteristics. The 
method successfully operates within the necessary time 
window and achieves satisfactory accuracy. Further, the 
method estimates the shoulder intention of motion in its entire 
range of motion. These results suggest the potential for further 
development to encompass more complex physiological 
aspects and a broader range of upper-limb movements.  
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