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Abstract. The development of musculoskeletal models aims to facilitate the evaluation of muscle function and coordination during
daily activities. These models are validated using surface electromyography (EMG) data to ensure accurate representation of
neuromuscular activation patterns. After validation, dominant muscles in each phase of motion are identified through non-
negative matrix factorization (NNMF) and inverse kinematics (IK) approaches. The study considers three specific motions:
flexion/extension, abduction/adduction, and shrugging. Using the NNMF approach, four synergies are identified for the flexion and
abduction motions, while two synergies are identified for the shrugging motion. Given the high degrees of freedom (DOF) in the
shoulder complex, the IK approach is employed to detect the major DOF involved in each movement. Therefore, the dominant
muscles associated with the major DOF are determined based on the literature. This study investigates how the central nervous
system generates muscle activation patterns to coordinate complex joint movements, a challenge in motor control. The results
show high conformity between muscle coordination and the dominant muscles identified by the IK and NNMF approaches,
confirming the validity of using NNMF to describe muscle coordination strategies. Based on the findings, a simplified
musculoskeletal model (SMM) is proposed for predicting joint angles in the upper limbs of prostheses and robotic applications. This
model incorporates identified synergy modules and key joint DOF for the three basic motions, reflecting the underlying principles
of motor control for efficient movement execution.

Keywords: Electromyography data; Motor control; Muscle synergy; Musculoskeletal model.

1. Introduction

Knowledge about the structure and function of human musculoskeletal system is necessary to investigate the muscles and
kinematic coordination. In addition, measuring all muscle forces using experimental methods is impossible due to the deep
muscles. Hence, the musculoskeletal systems have the significant role to simulate the motions and calculate the muscle forces [1,
2].

In existing human musculoskeletal systems, various approaches have been proposed to characterize the mechanics of the limbs
[3, 4]. In the first approach, the gliding plane motion of the scapula on thorax is considered by one or two fixed scapula points
constrained to an ellipsoid surface [5, 6]. This approach has been proven to show an unrealistic motion. The second approach is to
determine the orientation of the scapula and the clavicle as a function of humeral motion by regressive equations known as the
scapulohumeral rhythm. The second approach will also fail to display the scapula motion independent of the humerus [7, 8]. In the
third approach for musculoskeletal modelling of shoulder, the effects of large thoracoscapular muscles were ignored; while these
muscles have important role in force generation [9]. To overcome this point, Odle et al. [10] considered the large thoracoscapular
muscles, but maintained the coupled scapular kinematics to the humeral rotation that caused large forces during different phases
of the movement. After that, Seth et al. [11] developed a shoulder musculoskeletal model which includes large thoracoscapular
muscles and the uncoupled movement of the scapula with respect to the humerus. Their model was validated via the muscle
activations obtained from the experiment and modelling.

Since it is impossible to measure muscle forces directly through experiments, optimization approaches are employed to
estimate these forces. By optimizing load sharing, joint moments are distributed among muscles to compute muscle forces in the
lower limbs [12]. Also, the inverse dynamic approach has been proposed to provide joint moments to compute joints forces in
musculoskeletal models [13, 14]. The optimization technique estimates the muscles forces by applying the cost function including
muscles activation subject to net joints moments as the constraints due to the existence of more muscles than the equilibrium
equations [15, 16]. In addition, the muscle co-contraction for upper extremity by applying the optimization of load sharing [17] or
by measuring the electromyography (EMG) data [18, 19] in some previous studies. Sarshari et al. [20] presented a novel EMG assisted
load sharing method to estimate the GH joint reaction force for verifying the musculoskeletal model. The load sharing optimization
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underestimated antagonist muscle forces. therefore, they applied the EMG data into the musculoskeletal model. Although, the
measured EMG data is able to estimate muscle co-contractions more directly however, The EMG-driven model suffers from
inaccuracies due to signal crosstalk among multiple muscles, which affects the accuracy of muscle activation estimates. To address
this, a combination of measured EMG data and computed muscle control (CMC) is applied to enhance the accuracy of simulating
muscle coordination [21]. CMC is an optimization-based approach used to estimate the necessary muscle activations during actual
motion. It achieves this by summing muscle activations and applying a set of equality constraints to distribute loads among
muscles, thereby producing observed movements while minimizing differences between the simulated and actual motions.

Understanding how the central nervous system (CNS) controls the complexity of the musculoskeletal system is challenging [22,
23], as it requires the coordination of multiple muscles for various tasks [24]. For example, in flexion motion, some muscles must
be coordinated to stabilize the scapula, while others must be coordinated to move the humerus [25]. To distinguish the dominant
muscles in each phase of motion and the activation time of each synergy, mathematical methods are applied to the EMG data.
Different algorithms such as nonnegative matrix factorization (NNMF), principal component analysis (PCA) and independent
component analysis (ICA) are used to find a subset of vectors that characterize the EMG signals. The advantage of NNMF over other
synergy extraction methods lies in its non-negativity constraint, which aligns more closely with the physiological realities of muscle
function in biological systems. In contrast, PCA and ICA have disadvantages related to data averaging, orthogonality, and statistical
independence [26]. The subspace of four to six synergies has been proposed to explain muscle activation in humans for walking,
and upper-extremity tasks [21]. Previous studies have mostly focused on lower limb synergies, with some exploring trunk and upper
extremity coordination during paraplegic gait [27].

Despite numerous studies on synergy analysis of the lower limbs, the analysis of upper limbs, including muscle coordination
and their relation to the joints' degrees of freedom (DOF), remains a gap in the research. The purpose of this study is to identify the
relationships between muscle group activations and the major DOF involved in each phase of motion. This understanding will be
valuable for designing rehabilitation devices, particularly for paralyzed muscles.

In this paper, a shoulder musculoskeletal model with seven joints and eleven DOF is verified with the EMG data extracted from
three healthy subjects. To predict muscle activation of the musculoskeletal model, two simulation platforms, namely inverse
kinematic (IK) and computed muscle control (CMC), are used. The IK approach calculates joint angles based on the kinematics of
markers attached to the upper body segments. In contrast, the CMC approach, an optimization-based method, is used to compute
the muscle activations needed to produce the observed movements from these joint angles. All simulations are performed using
OpenSim and MATLAB. Muscle activations of the musculoskeletal modelling are compared to track the measured and processed
EMG data. The experiments are done during three basic movements flexion/extension, abduction/adduction and shrugging. By
analyzing these three basic movements, the muscles synergies in complex motions which are composed of these three basic
movements can be identified.

In the experiments, the EMG data of eight muscles are measured and processed to obtain the muscles activations. The
musculoskeletal model which is developed by Seth et al. is used due to considering large thoracoscapular muscles and the
independent motion of the scapula with respect to the humerus.

To verify the musculoskeletal model, the root mean square error (RMSE) and the mean absolute error (MAE) between the
modeled and experimental muscle activations are calculated. After model verification, the muscles synergies of the flexion,
abduction and the shrugging motion considering twenty-one muscles activations are extracted. Identifying synergies in different
motions helps us understand how muscles cooperate during various movements and identify synergist muscles that can
compensate when one muscle is weakened. The number of synergies is different in each motion. The dominant muscles in each
synergy and the activation time of each muscle are extracted from activation coefficient and synergy versus time diagram obtained
from the NNMF method.

In addition to the NNMF method to extract dominant muscles in different phases of motion, the major DOF and the phase
diagram of each joint DOF that compose the full range of motion are extracted by applying the IK method. The muscles contributing
to the major DOF are identified for all three motions based on the literature review. Then, the dominant muscles obtained from the
NNMF are compared with the muscles contributing to the major DOF. The main contributions of the current study are as follows:

e To validate the dominant muscles recognized by the IK and the NNMF approaches.

e To detect the relation of synergies activation to the phases of motion.

e To propose the simplified musculoskeletal model (SMM) with synergy modules and the major DOF.

The proposed SMM, incorporating synergy modules and major DOF, will enhance the design of rehabilitation protocols and
assistive devices. By targeting key joint actions and muscle synergy groups, it reduces the dimensionality of the problem and
improves our understanding of movement mechanics.

2. Material and Methods

2.1. Shoulder musculoskeletal model

In this study, we use a shoulder musculoskeletal model proposed by Seth et al. [9]. The model consists of the thorax, scapula,
clavicle and humerus as shown in Fig. 1(a), and includes seven joints, eleven DOF and thirty-three muscles bundles. The most
challenging joint in upper limb is scapulothoracic joint which is defined by the translation and rotation of the scapula on simulated
ellipsoid-shaped surface of the thorax. The ellipsoid-shaped mobilizer is similar to a ball-and-socket joint; however, the key
difference is that the body remains perpendicular to the surface of the ellipsoid, preventing pure rotational motion, as shown in
Fig. 1(c). Consequently, the scapula contacts the thorax, which is approximated by an ellipsoid surface. The scapulothoracic joint
reference frame is located at the centroid of the scapula and it can be parameterized by four coordinates including scapula
abduction/adduction, elevation/depression, upward rotation, and internal rotation (winging) as indicated in Fig. 1(b). In addition,
the sternoclavicular joint is usually modeled by a universal joint to produce protraction-retraction and elevation-depression motion
of the clavicle. Also, the GH joint is modeled as a gimbal joint to produce shoulder elevation, plane elevation and axial rotation of
the humerus motion based on the International Society of Biomechanics (ISB) standard [28]. Two other DOF are elbow
flexion/extension and pronation/supination of radioulnar joint.

2.2. Computational methods

2.2.1. Scaling process

The scaling process is crucial for personalizing the musculoskeletal model for subject-specific applications. This process aims
to adjust a generic musculoskeletal model to better match the physical characteristics of a specific subject. The dimensions of the
model segments are adjusted based on the ratio of the subject's measured segment lengths to the original model segment lengths.
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Fig. 1. Musculoskeletal model; (a) Shoulder complex muscles, (b) scapulae DOF, and (c) Ball-and-socket and ellipsoid mobilizers [29].
2.2.2. Inverse kinematic (IK)

The IK method computes the generalized coordinates by optimizing the differences between the position of markers in the
experiment and modelling. The weighted least square will be solved to find the solution to minimize the marker and coordinate
values as follows:

min| 3wl -x@f + 3w -q) &)

icmarkers jecoordinates

uin

where q is the vector of generalized coordinate which will be solved by x*® as the experimental position of marker “i”, x,(q) as
the position of the model marker and ¢* is the experimental value for coordinate “”. In the following, the obtained generalized
coordinates will be used in CMC approach.

2.2.3. Computed Muscle Control (CMC)

CMC is an optimization-based method used to estimate muscle activations required to replicate observed movements in
musculoskeletal models. It involves calculating the muscle forces needed to achieve the desired joint moments while minimizing
the difference between the simulated motion and the actual recorded motion. CMC differs from traditional inverse dynamics
approaches, which calculate joint moments based on external forces and motion data without directly estimating individual muscle
forces. Unlike inverse dynamics, CMC accounts for muscle redundancy and optimizes muscle coordination to generate the desired
joint moments, thus providing a more physiologically realistic estimate of muscle forces. CMC is a tracking-based inverse controller
to estimate muscle activations for the desired motions. The first step of this method is to calculate the desired acceleration of joint
angle (4*) as follows [30]:

4 =4 + R, (47~ 4) + K, (4~ 9) @

where q and ¢ are the generalized coordinates and velocities respectively, §.,,, ., and g, are respectively denoted the
experimental positions, velocities and accelerations corresponding to the generalized coordinates of the model. In addition, the
gains for position and velocity errors are denoted as k, and k,, respectively. The required joint torques (r) needed to achieve the
desired accelerations are computed using inverse dynamics from the dynamic model:

7; =My +Cq+G (3)
where M is the mass (inertia) matrix, C accounts for Coriolis and centrifugal forces, and G accounts for gravitational forces.

Additionally, the muscle activations (a;) are modeled to generate joint torques. The torque produced by muscles is given by the
following equation:

7= Y fOS) "
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where r; is the moment arm of muscle i at joint j, n, is the number of muscles, F,_.; is the maximum isometric force of muscle i,
and f(l) and f(v) are functions representing muscle length and velocity effects, respectively.
To compute the desired muscle activation for producing the desired acceleration, a static optimization method is utilized. For

this optimization, the following cost function, J, is defined and minimized [31]:
Za +ZUJ 7; _Zruafmaxl U))z O<a1- <1 (5)

in which n, is the number of DOF and wj is a penalty weight coefficient. The CMC is repeated in each step time until the final time
of the simulation based on the muscle activation constraint 0 <a; < 1.

2.2.4. Extraction of muscle synergy

Muscle synergy can be defined by using various approaches by either time-dependent or time-independent parameters. In this
paper, the time-independent formulation is used to derive synergy space for the three specified motions and the NNMF method is
utilized to extract muscles synergies.

Generally, m neural commands are necessary to control m muscles. However, these m commands can be reduced to a low-
dimensional subspace by using the NNMF approach. In this approach, the data matrix F™* (tis the number of data points), which
consists the EMG’s data, decomposes as a product of muscle synergy matrix W™" and activation matrix C"* (n is the number of
synergies) and E™* is the reconstruction error matrix. Although the decomposition provides an exact reconstruction data, the
matrix F™* can be rewritten as [32]:

met Wm xncnxt met (6)

The NNMF algorithm is implemented in Python and solves an optimization problem that minimizes the reconstruction error
(usually the norm of the difference between F and W xC), subject to the non-negativity constraints on W and C.

To compute the minimum number of muscle synergies required to reconstruct muscle activation adequately, variance
accounted for (VAF) is defined as the follows [33]:

BN}

t
>
VAF=(1-221 )%100 ?)
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i=1 j=1

m
m

If the value of VAF is larger than 90%, the number of synergies is adequate. The 90% threshold for VAF is commonly adopted as
it strikes a balance between statistical significance, model simplicity, and the interpretability of muscle synergy identification.
According to previous studies, VAF index for each muscle should exceed 90% when comparing computed muscle activations to the
product of the muscle synergy and activation coefficient matrices [27].

2.3. Experimental setup

In this study, the cyclic shoulder flexion/extension in the sagittal plane, the abduction/adduction in the frontal plane and the
shrugging motion of the right-hand side of the shoulder complex were performed by three healthy volunteers. These motions were
chosen to extract the synergies of basic upper limb movements. Participants were equipped with bipolar surface electrodes, with a
sampling frequency of 1000 Hz, as shown in Fig. 2. All experiments were done at the Motion Analysis Lab under supervision of the
Research Ethics Committee, School of Rehabilitation Sciences, Shiraz University of Medical Sciences. All the subjects involved in
the experiments gave informed consent to the work. To evaluate muscle cooperation, it is sufficient to consider three healthy
participants with no neurological disorders, based on previous studies. However, a limitation of this work is that subjects must
perform upper limb motions while electromyography and kinematic markers are attached to their skin. Eight surface muscles
considered in these experiments are anterior (AD), posterior deltoids (PD), superior trapezius (TS), serratus anterior (SA), pectoralis
major sternal head (PM-Stern), teres major (T-major), biceps (Bic) and triceps (Tri). These eight muscles were selected because they
are superficial and play a dominant role in various motions, according to a previous study [11]. All motions were performed for
three times. In addition, the trajectories of twelve bony landmarks were measured using the eight cameras (ProReflex, QualisysR
Ltd., Sweden) at 100 Hz sampling frequency to track the markers fixed to the skin. A low-pass filter is applied to the motion capture
data to smooth the signals, with a cutoff frequency set at 4 Hz to reduce noise. Gap filling is used to create a continuous dataset by
addressing any missing data, and spline interpolation is employed to estimate these missing data points. The bony landmarks are
incisura jugularis (IJ), processus xiphoideus (PX), 7® cervical vertebra (C7), 8" thoracic vertebra (T8), sternoclavicular (SC),
acromioclavicular (AC), angulus acromialis (AA), medial epicondyle (EM), lateral epicondyle (EL), radial styloid (RS), and ulnar styloid
(Us).

Signal processing

Process EMG
waveforms

‘ Model verification by
B the MAE

Muscles computed
activations

Fig. 2. Kinematic and electromyography measurement devices.
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All original EMG signals were preprocessed to extract effective EMG signals. A Butterworth high-pass filter (fourth order, cutoff
frequency of 100 Hz) was applied to the raw EMG signals for filtering and rectification. Subsequently, a Butterworth low-pass filter
(fourth order, cutoff frequency of 4 Hz) was used to obtain the EMG envelope. Each EMG channel was then normalized to the
maximum observed value. To ensure the reliability of the measurements, both kinematic and electromyography devices were
calibrated. Participants of similar ages were selected, and each performed the motions in different cycles over 30 seconds. To
validate the experiments, the placement of the electromyography devices was cleaned and determined according to the Surface
Electromyography for the Non-Invasive Assessment of Muscles (SENIAM) guidelines on the muscle belly. The distance between
electrodes was standardized to minimize noise.

3. Model Verification

In the first step, the IK approach is applied to eleven DOF musculoskeletal model for obtaining the joint angles. To calculate the
muscles activations, the CMC approach is used according to joints angles, angular velocities and accelerations. Then, the activations
of twenty-one muscles are extracted from the output of the musculoskeletal model. Eight muscles which are similar to the
experimentally measured EMG data are chosen. To verify the musculoskeletal model, the activations of AD, PD, TS and SA muscles
obtained from the model for the flexion/extension motion and those measured experimentally are shown in Fig. 3. The comparison
of the results reveals that muscle activation patterns computed from the musculoskeletal model are acceptable agreements to the
experimental patterns. The RMSE and the MAE between the measured EMG data and the model muscle activations for all motions
are presented in Table 1. The comparison of these results demonstrates that the muscle activation patterns computed from the
musculoskeletal model show acceptable agreement with the experimental patterns [34, 35].

After verifying the model, we are now looking into extracting the muscles synergies for the flexion/extension, the
abduction/adduction and the shrugging motions. In this way, twenty-one muscles are considered in synergy extraction. These
muscles are deep and measuring the EMG data of these muscles is impossible. Therefore, the verified musculoskeletal model and
the NNMF approach are used to detect the dominant muscles.

4. Results

4.1. Synergy extraction

The NNMF approach is applied to extract synergies of upper limb motions. To extract the minimum number of synergies VAF
with the threshold of 90% for each muscle are introduced to explain muscle activations of twenty-one muscles [27].
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Fig. 3. Comparison of the experimental and simulated muscles activations for (a) SA, (b) TS, (c) AD, and (d) PD muscles.
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Table 1. The RMSE and MAE between the measured EMG data and model muscle activation.

Tasks AD PD TS SA PM-Clavi T-Major Biceps Tri
RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE
FIx/Ex 0.1 0.04 0.08 0.02 0.10 0.05 0.08 0.04 0.09 0.04 0.1 0.05 0.15 0.07 0.11 0.05
abd/add 0.12 0.09 0.12 0.06 0.17 0.10 0.07 0.03 0.08 0.01 0.08 0.02 0.09 0.03 0.06 0.03
Shru 0.07 0.01 0.08 0.01 0.14 0.09 0.09 0.04 0.11 0.06 0.06 0.01 0.15 0.08 0.12 0.06
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Fig. 4. Spatiotemporal patterns of four muscle synergies in flexion/extension motion; (a), (c), (e) and (g) show the temporal pattern, and (b), (d), (f),

and (h) show the spatial patterns of the four muscle synergies 1-4.

Journal of Applied and Computational Mechanics, Vol. 11, No. 4, (2025), 961-974

-



Relation of Muscles Coordination to the Major Degrees of Freedom in Three Upper Limb Motions 967

Table 2. The Shapiro-Wilk test in each synergy for flexion motion.

W Statistic W Statistic
Synergy 1 0.78 Synergy 3 0.87
Synergy 2 0.74 Synergy 4 0.84

4.1.1. Flexion/extension motion

After applying the NNMF approach, The VAF index for each muscle is performed to be more than 90 percent for each muscle in
three subjects. The standard deviation (SD) index was used to investigate the variation in muscle synergies obtained from the three
subjects. The extracted synergies and their activation coefficients, along with their SD values, are presented in Fig. 4. The cyclic
flexion motion is performed in two phases, the first phase of the motion is 0-180 degree (0-3.5s) and the second phase is 180-0
degree (3.5-7.9s). Figure 4 shows that the synergy value 3 of the flexion motion will be activated mostly in the initial two thirds of
the first phase of cyclic motion because of the peak value zone in the synergy diagram in the interval time of 1 to 2 seconds and
synergy value 4 will decrease in the first phase of motion and increase in the second phase of motion. This shows that the dominant
muscles activate in the extension mode (180 to 0 degrees). It is shown in Fig. 4, that synergy 2 will be activated at the end of the first
phase and the beginning of the second phase and a peak value is existed when direction change of the motion is happened.

Variations in muscle synergies between subjects are depicted in the shaded areas of the synergy patterns. These shaded areas
represent the standard error of the mean across subjects, while the error bars indicate the standard deviation of the mean. The
distribution of activation coefficients for different muscles in each synergy was assessed using the Shapiro-Wilk test, as shown in
Table 2. The p-values for all synergies exceed 0.05, indicating a normal distribution of the activation coefficients.

4.1.2. Abduction/Adduction motion

For the abduction/adduction motion, results obtained from the NNMF approach reveal that, to achieve a threshold level of 90%
VAF, four muscle synergies are necessary to explain muscle activations of twenty-one muscles. The extracted synergies and their
activation coefficients are shown in Fig. 5. The cyclic abduction motion is performed in two phases, the first phase of the motion is
0-180 degree (0-7.2s) and the second phase is 180-0 degree (7.2-10.9s).
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Fig. 5. Spatiotemporal patterns of four muscle synergies in abduction motion; (a), (c), (e), and (g) show the temporal pattern, and (b), (d), (f), and (h)
show the spatial patterns of the four muscle synergies 1-4.
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Fig. 6. Spatiotemporal patterns of two muscle synergies in shrugging motion; (a) and (c) show the temporal pattern, and (b) and (d) show the spatial
patterns of the two muscle synergies 1-2.

Based on the results of the Fig. 5, Synergy 3 shows the increase at the end of the first phase of motion (0-180) and the beginning
of second phase of motion (180-0) that is related to the initial two thirds of the first phase of cyclic motion and the initial one thirds
of the second phase of motion. In the other hand, the value of the Synergy 4 will decrease in the first phase and will increase in the
second phase of the motion that is shown to be activated in the second phase of the motion. It is shown in Fig. 5, that synergy 1
will be activated at the end of the first phase and the beginning of the second phase and a peak value is existed when direction
change of the motion is happened. The results of the Shapiro-Wilk test for the abduction motion, indicating the distribution of
muscle activation coefficients in each synergy, are presented in Table 3. The p-values for all synergies exceed 0.05, demonstrating a
normal distribution of the activation coefficients.

4.1.3. Shrugging motion

For the shrugging motion, results obtained from the NNMF approach demonstrate that, to achieve a threshold level of 90% VAF,
two muscle synergies are necessary to explain muscle activations of twenty-one muscles. The extracted synergies and their
activation coefficients are plotted in Fig. 6. The cyclic shrugging motion is performed in two phases, the first phase of the motion is
0-80 degree (0-1.5s) and the second phase is 80-0 degree (1.5-4.6s). Based on the results of Fig. 6, two synergies act against each other
and the time of motion direction change, synergy 1 decrease and synergy 2 increase. The Shapiro-Wilk test was conducted to
investigate the distribution of data for the shrugging motion, as shown in Table 4. The p-values for each synergy are greater than
0.05, indicating a normal distribution.

Table 3. The Shapiro-Wilk test in each synergy for abduction motion.

W Statistic W Statistic
Synergy 1 0.75 Synergy 3 0.78
Synergy 2 0.84 Synergy 4 0.82
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Table 4. The Shapiro-Wilk test in each synergy for shrugging motion.

W Statistic

W Statistic

Synergy 1

Synergy 2 0.74

Table 5. The significant results of independent t-test for synergies in different motions.

Synergy patterns  t-static

Synergy patterns  t-static

Synergy patterns  t-static

W1-W3 1.23 W2-W2 0.12 W1-W2 0.53
W2-W1 0.63 W2-W1 1.27
Flex- Abd W3-W3 0.97 Flex-Shr Abd-Shr
W4-W1 1.15
W4-W2 1.46 W4-W1 0.97
W4-W4 0.25

Table 6. The number of synergies and the dominant muscles in each synergy.

Flex

Abd Sh

Number of Synergies

4

4 2

Dominant muscles in each synergy

SA SA
LS
W1 MD TS Pminor
Infra PD SA
Ts AD
SA PM
TS LatD LS
w2 PD T-Major TS
AD Sub
AD MD
PM-Clav TS
w3 Bic SA
Cb Infra
Tric LS
T-major Rh
W4 ) Pminor
PD .
Tmajor
Sub K
Tric

Given the normality of the synergy coefficients (p-value > 0.05), an independent t-test was conducted to investigate significant
differences across different motions. Table 5 presents the significant results of the independent t-test among the three motions.
There is no significant difference in the specified synergies between any two motions, as the p-values for these synergies are greater
than 0.05.

The dominant muscles which cooperate in each synergy of the motion are shown in the muscles weight coefficient diagram.
Dominant muscles are identified based on their relative maximum activation compared to other muscles. This means that some
muscles act as primary movers in each phase of motion, exhibiting higher activation coefficient values than others. The standard
deviation of synergies is calculated to indicate the variation in activation coefficients and synergy values during the motions among
the three subjects. The number of synergies and the dominant muscles in each synergy for the VAF more than 90 percent is shown
in Table 6. In the following the other method to distinguish the dominant muscles of the motion is presented. Then, the results of
two approaches are compared.

4.2. Studying on the joints DOF

In this section, the kinematic data of eleven upper limb joints DOF are measured. The DOF of GH includes shoulder elevation,
shoulder plane elevation and shoulder axial rotation. The SC joint includes scapula abduction, scapula elevation, scapula upward
rotation and scapula winging. The DOF of SC joint are clavicular protraction and clavicular elevation. The DOF of radioulnar joint is
pronation/supination and another DOF is elbow flexion. Due to the complexity of the shoulder complex and the high number of
upper limbs DOF, finding the minimum major DOF which composes the full range of motion is desirable. Each joint DOF versus
time is computed by using the IK method and plotted in Fig. 7 for three motions. By studying the summation of the joint angles,
the major DOF, which composes approximately the full range of motion, is chosen in each motion.

Based on the results, it can be seen that the flexion motion occurs due to the interaction between GH and SC joints. The majority
of the flexion motion is composed of the shoulder elevation of the GH joint and the scapula upward rotation of the SC joint.
Furthermore, in flexion motion, the shoulder elevation of the GH joint with contributing the scapula upward rotation of the SC joint
will extend the humerus up to 160 degrees according to the round dot of the Fig. 8(a). It is concluded that the scapula upward
rotation is the most effective motion of SC joint to complete the flexion motion in the phase of 90 to 180 degrees of the shoulder
complex. Figure 8(a) shows the kinematic data of all upper limb joints DOF in dash line. The joints DOF which are effective in flexion
motion are shoulder elevation, scapula upward rotation, scapula winging, clavicle protraction, shoulder plane elevation and
pronation/supination of the radioulnar joint. The summation of the major DOF is shown in solid line.

Similar to the flexion motion, the abduction motion is the result of the interaction between the GH and the SC joints. The
majority of the abduction motion is composed of the shoulder elevation of the GH joint and the scapula upward rotation of the SC
joint. The joints DOF which are effective in abduction motion are shoulder elevation, scapula upward rotation, clavicle protraction,
shoulder plane elevation and pronation/supination of the radioulnar joint. Figure 8(b) shows the motion of shoulder complex due
to the summation of five major joints DOF in the abduction motion Also, the summation of the two major DOF shoulder elevation
and scapula upward rotation is shown in the round dot in Fig. 8(b).
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Table 7. The major joint DOF of the motions.

Flexion/Extension Abduction/Adduction Shrugging

- shoulder elevation

scapula upward rotation - shoulder elevation - scapula upward rotation
P pward I« - scapula upward rotation - scapula elevation
. - scapula winging - . . .
Major clavicle protraction - clavicle protraction - clavicle elevation
DOF shoulder Fane elevation - shoulder plane elevation - shoulder elevation
tion/supi pt' £ the radioul - pronation/supination of the radioulnar - shoulder plane elevation axial
- pronation/supination of the radioulnar joint rotation

joint

Table 8. The Major DOFs, the primary muscles and the correspondent synergy during different motions.

Abduction motion Flexion motion
Primary muscles Dominant
Major DOF (Literature Correspondent Major DOF r.nuscles Correspondent
. synergy (Literature synergy
review) .
review)
MD AD
Shoulder abduction TS PM
Shoulder plane Syn3 Shoulder Flexion Syn 3
; SA Cb
abduction .
Infra Bic
Shoulder adducti M Tric
oulder adcuction LatD Shoulder Extension -
Shoulder plane - Syn 2 T-major Syn 4
; T-Major
adduction PD
Sub
. SA . TS
Scapula upward rotation TS Synl Scapula upward rotation sA Syn 2
LS SA
Scapula downward Rh Syna Shoulder plane MD Svn 1
rotation PMinor Y abduction Infra ¥
TMajor TS
Shrugging motion
Dominant Dominant
Major DOF muscles Correspondent Major DOF r'nuscles Correspondent
(Literature synergy (Literature synergy
review) review)
Clavicle elevation LS Shoulder depression Ifs
. Syn2 Scapula downward PMinor Syn 1
Scapula elevation TS .
rotation SA

The joints DOF effective in shrugging motion are scapula upward rotation, scapula elevation, clavicle elevation, shoulder
elevation, shoulder plane elevation and axial rotation. Figure 8(c) shows the shoulder complex motion of the five major DOF in
comparison to the full range of motion. It is concluded from Fig. 8(c) that the only summation of shoulder elevation and scapula
upward rotation will not compose the full range motion, therefore, the axial rotation and the plane elevation of the GH joint must
be contributed to be approximately close to the full range motion. Table 7 presents the major degrees of freedom (DOF) for different
motions. Subsequently, the muscles involved in these major DOF are identified based on previous kinesiological studies. The results
are then compared with the dominant muscles identified through muscle synergies. Consequently, the activation times of each
muscle group, relative to the corresponding joint DOF, are extracted.

5. Discussion

The aim of this study is to distinguish the dominant muscles in each phase of motion by applying the muscle synergy and
inverse kinematic approach in three basic motions. Extracting muscles synergies is the first step in which the dominant muscles
were identified due to the relative maximum of the muscle coefficients in each synergy with respect to other muscles. The dominant
muscles in each synergy cooperate together as the muscle groups in each phase of motion. The activation time of muscle groups is
obtained by comparing the muscle activations diagrams with synergy versus time in each synergy plot. The peaks, increases and
decreases in synergies versus time diagrams are considered to determine the activation time of the muscle groups. To realize about
the relation between the activation of the muscle groups activation with the phase of motion, the inverse kinematic approach is
applied. The aim of applying the inverse kinematic approach is to distinguish the minimum major joints DOF of the musculoskeletal
model by computing the joints angles in three basic motions. This process is performed based on two criteria: 1) the most variations
of the angles in each DOF, 2) the most impact of each DOF in summation of the angles to compose full range of motion. By extracting
the minimum major DOF, the dominant muscles which contribute to move each major DOF are obtained according to the literature.
Then, the dominant muscles are compared by the two inverse kinematic and NNMF approaches.

The major DOF in flexion motion are shoulder elevation and scapula upward rotation. The primary muscles of the shoulder
elevation in flexion motion are AD, PM, Coracobrachialis (Cb) and Bic [36, 37] that correspond to the synergy 3 of the flexion motion
in Fig. 4. The primary muscles of the shoulder elevation of the GH joint in extension motion are triceps (Tric), T-Major and PD [38,
39] that form synergy 4 of the extension motion in Fig. 4. The other major DOF in flexion motion is scapula upward rotation. The
primary muscles in scapula upward rotation are TS and the SA [40]. The SA muscle has the role of preserving the scapula against
the thorax. These dominant muscles are corresponded with synergy 2 of the flexion motion. These synergies are known as stabilizer
synergies.

The major DOF in abduction motion is shoulder elevation. The primary muscles of the shoulder elevation in abduction motion
are the MD which is activated for approximately 15 to 90 degree and the TS and the SA which allow the abduction beyond 90 degrees
[41, 42]. These dominant muscles are corresponded with the synergy 3 of the motion in Fig. 5. The TS and SA muscles are synergists
with the deltoid muscles for the abduction motion and also prevent the undesired downward rotation of the scapula [43]. The
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dominant muscles of the adduction motion are the PM, LattismusDorsi (LatD) [44]. These muscles are corresponded with the
synergy 2 in Fig. 5. The T-Major and rhomboid (Rh) muscles have the cooperation to stabilize the scapula during the humerus
adduction [45] . When the scapula is fixed, the T-Major muscle can move the humerus. This is approved in synergy 4 of Fig. 5.

In shrugging motion, the first phase is 0 to 90 degrees and the second phase is 90 to O degrees. The major DOF in shrugging
motion are clavicle elevation, scapula upward rotation, shoulder plane elevation, shoulder elevation and axial rotation. The major
muscles of the clavicle and scapula elevation are levator scapular (LS) and the TS [46], which correspond to synergy 2 in Fig. 6. The
other major DOF in shrugging motion is axial rotation. The clavicular head of the PM muscle can produce the medial rotation of the
humerus that is correspond to the synergy 2 of the shrugging motion in the first phase (Fig. 6) and also the pectoralis minor muscle
has the obligation to depress the shoulder complex that is activated in the synergy 1 of the shrugging motion in the second phase
of motion [47, 48]. As the result of Fig. 6 shown, synergy 2 of the shrugging motion is related to the first phase of motion (0 to 80
degrees) and synergy 1 is related to the second phase of motion (80 to 0 degrees). The explanation of the primary muscles, Major
DOF and the correspondent synergy is mentioned in table 2. Due to the high conformity between the IK and NNMF approaches, the
relationship between muscle group activation and the major DOF involved in each phase of motion was studied. This analysis is
valuable in shoulder biomechanics for understanding the reasons behind motion due to muscle cooperation. The results are
summarized in Table 8.

Regarding the limitations of this study, it is noted that computing muscle activation can introduce errors compared to
experimental measurements. Additionally, measuring all muscle activations is challenging due to crosstalk and the presence of
deep muscles. Therefore, an optimization approach is used to estimate all muscle activations involved in upper limb motions.
Another limitation is that subjects must perform upper limb motions with electromyography and kinematic markers attached to
their skin.

6. Conclusions

In this study, the relation between dominant muscles and the major DOF to perform a specific motion was investigated. For this
purpose, the SMM was first verified and the activation of twenty-one muscles was extracted. Muscle synergies were extracted using
the NNMF method to identify the dominant muscles in each phase of motion. The IK method was then applied to determine joint
angles and identify the major DOF for each motion based on joint angle variations. Dominant muscles in the synergies indicate the
cause of motion, while the major DOF show the joint angles involved. Therefore, the dominant muscles contributing to the major
DOF were identified through a literature review and compared to those extracted by the NNMF method. The relationship between
dominant muscle groups and major DOF in different phases of motion represents the main novelty of this research. Base on the
results, the dominant muscles in each phase of motion had high conformity by the IK and NNMF approaches. The aim of this
research was to understand the relationship between muscles as actuators and joint kinematics in the shoulder complex. The new
findings on the relationship between muscle group activation and major DOF will be valuable for designing rehabilitation exercises
that target specific muscles based on the phase of motion, or for developing rehabilitation orthoses tailored to specific muscles.

A limitation of this study is the reliance on computational methods for measuring muscle activations, which can introduce
errors compared to experimental measurements. The experiments were conducted on healthy subjects, and only superficial muscle
EMG was measured due to existing constraints. Future work will involve investigating muscle cooperation in subjects with neural
disorders. Additionally, the similarity and combination of muscle synergies during basic and complex upper limb motions will be
explored.
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Nomenclature

Tminor Teres minor PM-Clav  pectoralis major clavicular head
Tmajor Teres major PM-Stern  pectoralis major sternal head

Tric Triceps AD Anterior deltoid

TS superior trapezius PD posterior deltoids

TI inferior trapezius MD Middle deltoids

™ middle trapezius Infra Infraspinats

Sub Subscapularis Bic Biceps
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Sup Supraspinatus LD lattismus dorsi
Rh Rhomboid Cb coracobrachialis
Pminor Pectoralis minor LS levator scapulae
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