
 1 

Influence of the Muscle Model on the Musculoskeletal 

Dynamics of the Upper Limb 
 

Margarida Laborinho Santos Almeida Azevedo 

margarida.a.azevedo@ist.utl.pt  

Instituto Superior Técnico, Universidade de Lisboa, Portugal 

June 2017 

ABSTRACT 

The present dissertation studies the use of four muscle models for the study of the musculoskeletal 

dynamics of the upper limbs. All models are based on Hill’s muscle model but their level of complexity 

differs in the representation of the muscle activation and contraction dynamics. Considering the tendon 

element inelastic or elastic, muscle models with no activation dynamics and with activation dynamics 

are considered. The aim of this study is to understand which model is more relevant to predict muscles 

forces regarding not only accuracy but also the computational effort. 

The biomechanical quantities are obtained through a multibody model of the upper limb which includes seven 

rigid bodies actuated by 22 muscles and constrained by six anatomical joints. Inverse dynamic analyses are 

performed considering as input kinematic data collected in the Lisbon Biomechanics Laboratory. 

The muscle force sharing problem is solved using the Window Moving Inverse Dynamics Optimization 

method. In this form, the complete range of motion can be analyzed with all muscle models, and with 

any type of objective function, as the size of the biomechanics problem is not a limitation. 

Cross correlations between EMG and muscular activations for the four models were computed. The results 

were, on average, around 0.8 for each model, suggesting good predictions by the musculoskeletal model. 

However, because only one movement of the same type was analyzed and because the differences 

between cross correlations were not relevant, no definitive conclusions could be made regarding the 

superiority of any muscle model with respect to another. 
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1. INTRODUCTION 

The upper limbs play an important role in the performance of several every-day tasks, including, eating, 

writing or even taking a shower. Thus, the privation of this capacity of maneuvering objects is extremely 

limitative to any person, making it clear that having a tool to understand the shoulder biomechanics, or to 

be even capable of assisting in preoperative planning (Bolsterlee et al., 2013), without the disadvantage 

of being an invasive method, is of great importance. The biomechanical models are being continuously 

improved in order to address that necessity. These models present the advantage of being capable of 

computing muscular forces, a quantity that cannot be directly measured in vivo (Bolsterlee et al., 2013). 

However, computing muscular forces is not trivial since there is a larger number of unknown forces than 

the number of equilibrium equations to calculate them, i.e., the problem is undetermined. Physically, this 

means that there is more than one combination of active muscles to perform a certain movement. One 

way to solve this indeterminacy is to formulate an optimization problem. A large number of objective 

functions has been proposed to select the most physiological solution to the problem of muscular sharing 

forces. In the present study the one utilized was the one proposed by Praagman et al. (2006). In order to 

solve the problem an appropriate optimization procedure has to be utilized. In the present dissertation that 

procedure is the Window Moving Inverse Dynamics Optimization (WMIDO) (Quental et al., 2016). 

One of the critical aspects in the computation of muscle forces is the mechanical description of the 

muscle behavior. The model applied to describe the muscle is a Hill type muscle model. The objective 

of the present study is to evaluate the performance of four different muscle models regarding the 

computation of muscle activations and the computational efficiency. The quality of each model will be 

accessed through their capacity to correctly estimate biomechanical quantities (by comparison of 

muscle activations to the superficial electromyography (EMG) signal) and the time required to do so. 

The four models analyzed differ from each other on the type of muscular model considered, by the 

presence or absence of activation and contraction dynamics. The analyzed models are: Model 

considering a rigid tendon and not considering activation dynamics (RTm); Model with activation 

dynamics and considering a rigid tendon (ADm); Model considering an elastic tendon and not 

considering activation dynamics (CDm); Model with activation dynamics and considering an elastic 

tendon (ACDm). The computation of the quantities utilized to evaluate the muscular models was 

performed on the Laboratory of Biomechanics of Lisbon Shoulder Model (LSM) (Quental et al., 2012). 

2. METHODS 

The LSM requires as entrance data the kinematical information of the system- positions, velocity and 

accelerations. The system considered includes seven bodies (the thorax, the ribcage, the clavicle, the 

scapula, the humerus, the ulna and the radius) constrained by three spherical joints (sternoclavicular, 

acromioclavicular and glenohumeral joints), two hinge joints (radioulnar and humeroulnar joints) and 

two holonomic constraints (scapulothoracic joint) 

In order to construct the body fixed referentials of each body the anatomical landmarks indicated by the 

International Society of Biomechanics (ISB) must be collected. The data was obtained in the Laboratory 

of Biomechanics of Lisbon (LBL) utilizing the Qualysis software working with 14 cameras at 100 Hz. In 
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addition to this, there was also the collection of surface EMG signal, using a Delsys system working at 

1000 Hz, for the following muscles: Upper Trapezius, Middle Trapezius, Lower Trapezius, Deltoid 

Anterior, Deltoid Medius, Deltoid Posterior, Biceps Brachii, Triceps Brachii (long head), Triceps Brachii 

(lateral head), Serratus Anterior and Infraspinatus. The placement of the electrodes followed the 

recommendations of SENIAM.org.  

In the laboratory, two different dynamical movements were performed- shoulder flexion and shoulder 

abduction- at a slow and fast pace. The slow pace shoulder flexion has a duration of 2.12 seconds, the 

slow pace shoulder abduction of 2.29 seconds, the fast pace shoulder flexion of 1.16 seconds and the 

fast pace shoulder abduction of 1.15 seconds. 

The collected data was subjected to two different filtering methods according to the type of utilization it 

would have. The data that is meant to access positions only was filtered with a Butterworth filter for 

which the cutoff frequency was determined by the residual method (since it is easy to tune) and the data 

that is utilized to calculate accelerations was filtered by the Single Spectrum Analysis (SSA) method 

since it is said to be superior in this matter (Alonso et al., 2005) (even though not as easy to tune). In 

other words, the data concerning the static trial and the data utilized to access the glenohumeral (GH) 

rotation center through a functional method were filtered with the residual method, whilst the data 

concerning the dynamic movements was filtered with the SSA. 

The filtered data was then utilized to construct the body fixed referentials according to the ISB with exception 

from the scapular referential that was constructed according to van der Helm (1997). It is important to notice 

that the scapular motion was acquired utilizing an AMC and it is for that reason, and for the construction of 

the humeral referential, that the static trial is indispensable. To construct the humeral referential it is needed 

to have an estimation of the GH rotation center. As already mentioned the GH rotation center was estimated 

utilizing a functional method, namely that proposed by Gamage (Gamage & Lasenby, 2002). 

Because the LSM is constructed with the anatomical data from a certain individual there is the need to 

guarantee that the positional coordinates utilized (from another individual) are consistent with the model. 

This is accomplished by an optimization procedure for the bodies that include the closed chain (Bolsterlee 

et al., 2014). Since only two anatomical landmarks of the clavicle can be measured in the laboratory, its 

axial rotation angle has also to be estimated by an optimization procedure (van der Helm & Pronk, 1995). 

Then it is needed to guarantee the kinematic consistency of the whole system, which is accomplished by 

solving Equation (1). This equation is constituted by a vector of driving constraints (ф), in which each driver 

applied to each articulation will vary according to the type of joint described (Oliveira, 2016). From these 

computations it is possible to get the consistent positions of the system. Then the two equations of motion, 

Equations (2) and (3), are applied in order to get the velocities (�̇�) and the accelerations (�̈�) of the bodies. 

In those equations 𝚽𝐪 is the Jacobian matrix, 𝛖 is the vector of right-hand side of velocity equations and 𝛄 

is the vector of right-hand side of acceleration equations (Nikravesh, 1988). 

𝚽 = 𝟎 (1) 

𝚽𝐪�̇� = 𝛖 (2) 

𝚽𝐪�̈� = 𝛄 (3) 
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With that information computed it is also possible to obtain the joint torques (without muscle influence) 

in the main articulations of the shoulder (glenohumeral (GH), sternoclavicular (ST) and 

acromioclavicular (AC)). This is accomplished applying equations (4) and (5), where M is the matrix of 

masses, 𝛌 the vector of lagrangean multipliers, g the vector of forces and 𝐠( ) the vector of constraint 

reaction forces (Nikravesh, 1988). 

𝐌�̈� + 𝚽𝐪𝛌 = 𝐠 (4) 

𝐠( ) = 𝚽𝐪𝛌 (5) 

Having all positions, velocities and accelerations of the system, the input data for the LSM is ready. The 

program is then run for the four different types of muscle models. The results obtained for muscle 

activations were compared with the EMG (Winter, 2009) signal utilizing cross correlation with a 

maximum lag of 70ms. These correlations were only computed if both the model and the EMG signal 

indicated that the muscle was active. 

The criteria utilized to consider the muscle active according to the model was if the muscle contractile 

forces were above 0.3N or when by observation of the graphics it was possible to see that forces higher 

than those were peaks caused by instabilities. Whilst the criteria utilized to consider if the muscle was 

active according to the EMG signal was done following these steps for the raw rectified EMG signal: 

1- The standard deviation of the baseline signal is multiplied by a constant ((Konrad, 2005) 

suggests 2 or 3) and the result obtained is the threshold. In this work the multiplication factor 

utilized was 2. 

2- If any frame of the analyzed signal has a higher magnitude than the threshold value, then the 

muscle is said to possibly be active in that time instant. 

3- The frames considered to possibly be active are subjected to an analysis that determines if 

during the next 50ms (50 frames) more than 60% of the frames are beyond the threshold. If the 

outcome is positive the first frame of that group is considered to be a possible onset. After finding 

a possible onset the program looks for a possible offset, and then again for another possible 

onset, until reaching the end. 

This method is not robust and it is highly dependent on the baseline noise. For that reason, every 

estimation was visually checked and only then the decision on whether it was active or not was made 

in order to avoid dubious results. 

To compute the cross correlations the raw EMG signal was first high-pass filtered using a 4th order 

butterworth filter with a cutoff frequency of 25Hz. Then it was subjected to a rectification procedure and 

lastly, in order to get a linear envelop of the signal, it was low-pass filtered through a 4th order butterworth 

filter with a cutoff frequency of 2Hz.  

3. RESULTS 

3.1.  Joint Torques 

In Figure 1, Figure 2 and Figure 3 are represented the evolution obtained for the joint torques. In the 

representations the x axis is equivalent to the anterioposterior axis, the z axis to the mediolateral (in 
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opposite way) and y axis to the longitudinal axis. For simplicity the torques are only presented for the 

slow movements. 

 

 

Figure 1- Joint torques in the humerus for the GH joint during: (a) shoulder flexion; (b) shoulder abduction 
(the torques on the scapula are symmetric to those showed).  

 

 

Figure 2- Joint torques on the thorax for the SC joint during: (a) shoulder flexion; (b) shoulder abduction 
(the joint torques on the clavicle are symmetric to those for the thorax).  

 

 

 

 

 

(a)                                                                                       (b) 

(a)                                                                                    (b) 
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Figure 3- Joint torques on the scapula for the AC joint during: (a) shoulder flexion; (b) shoulder abduction 
(the joint torques on the clavicle are symmetric to those of the scapula).  

 

The GH joint torques are expected to be higher about the axis around which the arm is rotating. When 

performing shoulder flexion, the arm rotates predominantly around the z axis and when performing 

shoulder abduction, it rotates mostly around the x axis. Accordingly, as can be seen in Figure 1 the 

torque magnitude is higher in z for shoulder flexion and is higher in x for shoulder abduction. 

Since the clavicle makes a lifting movement, during both movements, in which it rotates mostly about 

the x axis, the torque in the SC joint is expected to be higher in this direction (Figure 2). 

The AC joint constrains the movement of the scapula relatively to the clavicle. In this joint, shown in 

Figure 3, for lower humeral elevations the torque is mostly about the x axis, for both motions. Until 80 

degrees of the humeral elevation it is observed the increase of the y and z components of the torque 

and the decrease of the x component. For the movement of slow abduction the y component of the joint 

torque increases more significantly above 40 degrees of humeral elevation. 

In the literature it is not possible to find results related to joint torques calculated by joint actuators for 

biomechanical models. It is, however, possible to find some representations of evolution of joint torques 

in exoskeletons, which are robotic structures placed in the arm that intend to help people with mobility 

problems. Nevertheless, these type of models (Perry & Rosen, 2006; Wu & Chen, 2013) present, in 

general, less d.o.f. than those present in the human shoulder making any comparison of these joint 

torques very difficult. 

 

3.2. Comparison of the four Muscle Models 

In this section the results obtained for the different movements and for the different models will be 

presented. As already mentioned the movements include shoulder flexion at slow and fast pace and 

shoulder abduction at slow and fast pace. The intention is to understand the influence of the different 

models in the musculoskeletal dynamics. 

(a)                                                                                      (b) 
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The WMIDO was run with a window size of 10 and step between windows of 4. The results obtained for 

the cross correlations of the four movements are represented from Table 1 to Table 4. In these tables 

the symbology NA means that the muscle was inactive and NC means that the model did not converge 

for all time instants. 

 

Table 1-Cross correlations between EMG and muscular activations during slow shoulder flexion. 

Muscle Cross correlation between EMG and muscular activations 

RTm ADm CDm ACDm 

Serratus Anterior 0.9408 0.9390 0.9405 NC 

Upper Trapezius 0.7824 0.7874 0.7782 NC 

Middle Trapezius 0.8247 0.8299 0.8514 NC 

Lower Trapezius 0.7560 0.7576 0.7631 NC 

Infraspinatus 0.8917 0.8922 0.8929 NC 

Deltoid Anterior 0.6589 0.6629 0.6427 NC 

Deltoid Medius 0.8297 0.8284 0.7984 NC 

Deltoid Posterior 0.9213 0.9215 0.9164 NC 

Biceps Brachii 0.5525 0.5521 0.5354 NC 

Triceps Brachii (long head) NA NA NA NC 

Triceps Brachii (lateral head) NA NA NA NC 

Average 0.7953 0.7968 0.7910 NC 

 

Table 2-Cross correlations between EMG and muscular activations during slow shoulder abduction. 

Muscle Cross correlation between EMG and muscular activations 

RTm ADm CDm ACDm 

Serratus Anterior 0.9093 0.9087 0.9091 0.9085 

Upper Trapezius 0.9330 0.9330 0.9333 0.9332 

Middle Trapezius 0.9464 0.9463 0.9465 0.9462 

Lower Trapezius 0.9785 0.9787 0.9787 0.9788 

Infraspinatus 0.9633 0.9630 0.9522 0.9516 

Deltoid Anterior NA NA NA NA 

Deltoid Medius 0.9498 0.9499 0.9422 0.9425 

Deltoid Posterior 0.9481 0.9479 0.9490 0.9492 

Biceps Brachii 0.6005 0.5998 0.6449 0.6790 

Triceps Brachii (long head) NA NA NA NA 

Triceps Brachii (lateral head) NA NA NA NA 

Average 0.9036 0.9034 0.9070 0.9111 
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Table 3-Cross correlations between EMG and muscular activations during fast shoulder flexion. 

Muscle Cross correlation between EMG and muscular activations 

RTm ADm CDm ACDm 

Serratus Anterior 0.9411 0.9374 0.9384 NC 

Upper Trapezius 0.9174 0.9200 0.9087 NC 

Middle Trapezius 0.9019 0.9117 0.9469 NC 

Lower Trapezius 0.7830 0.7896 0.7593 NC 

Infraspinatus 0.9069 0.9079 0.8864 NC 

Deltoid Anterior 0.7225 0.7248 0.7106 NC 

Deltoid Medius 0.7612 0.7595 0.7413 NC 

Deltoid Posterior 0.8649 0.8620 0.8668 NC 

Biceps Brachii 0.5922 0.5927 0.5738 NC 

Triceps Brachii (long head) NA NA NA NC 

Triceps Brachii (lateral head) NA NA NA NC 

Average 0.8212 0.8228 0.8147 NC 

 

Table 4-Cross correlations between EMG and muscular activations during fast shoulder abduction. 

Muscle Cross correlation between EMG and muscle activations 

RTm ADm CDm ACDm 

Serratus Anterior 0.9123 0.9059 0.9129 NC 

Upper Trapezius 0.9687 0.9659 0.9695 NC 

Middle Trapezius 0.9354 0.9378 0.9433 NC 

Lower Trapezius 0.9504 0.9501 0.9555 NC 

Infraspinatus 0.7774 0.7758 0.7350 NC 

Deltoid Anterior 0.7125 0.7275 0.8214 NC 

Deltoid Medius 0.7483 0.7451 0.7374 NC 

Deltoid Posterior 0.8921 0.8874 0.9094 NC 

Biceps Brachii 0.7575 0.7586 0.7857 NC  

Triceps Brachii (long head) NA NA NA NC 

Triceps Brachii (lateral head) 0.4819 0.5730 0.5725 NC 

Average 0.8137 0.8227 0.8343 NC 

Through analysis of the results present in the previously exposed tables it is possible to conclude that 

in general the correlations obtained for all the movements are good. The slow shoulder abduction 

movement presents the highest average of the cross correlations for all models studied (all models 

reach 0.9), suggesting that the biomechanical model is particularly suited for this movement. The muscle 

that presents, in general, the lower correlations with the EMG is the Biceps Brachhi (this behavior is 

seen in all movements but the fast pace shoulder abduction). The Triceps Brachii muscles are generally 

inactive during the movements (what is understandable since its main function is elbow extension 

(Lippert, 2011)), however when the Triceps Brachii (lateral head) is active (during fast shoulder 

abduction) the cross correlations obtained between the EMG and the muscular activations are also not 
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very positive (surrounding the 0.5). The values obtained for the cross correlations of the Triceps Brachii 

(lateral head) might be justified by a low muscular activation (below 0.024). 

From the results constant in the tables it is also interesting to notice that there are muscles which were 

inactive during slow shoulder abduction that were recruited during the same movement but at a higher 

velocity. This might mean that the muscles that were active during the slow movement might have reached 

the maximum level of force that they could make for that movement explaining the necessity of other 

muscles being recruited. The Triceps Brachii (lateral head) and the Deltoid Anterior are examples. Even 

though obtaining, in general, good correlations between the EMG signal and the muscle activation for all 

movements, the differences in average cross correlations between the muscles models are not sufficient 

in order to conclude on a superior model. Both slow pace movements studied present very similar average 

correlations between models suggesting that the type of model utilized does not have significant influence 

when performing slow movements. The average cross correlation values obtained for the fast flexion 

movement were also not sufficiently apart in order to conclude on a superior model. Even though the 

difference between models during the fast pace shoulder abduction was higher than the differences found 

in the other movements, the differences are not sufficient to conclude on a superior model either.  

Overall, no relevant differences were obtained between the different models. Considering that the RTm is 

the simplest model to implement, these results show why it is the most often applied model as it produces 

reasonable results while requiring less computational effort. It must be noted, nonetheless, that only two 

motions at slow and fast pace were studied here, which constitutes a limitation to the study. The ACDm 

model was expected to present better results than the remaining muscle models as it considers more 

physiological aspects of muscles, however convergence problems limited the results for this method. 

Even though the results obtained were good. The correlation results are prone to error sources arriving 

from both quantities correlated, i.e., the quantities computed by the LSM and the EMG signal. The EMG 

signal is prone to the errors, such as, for instance, the placement of the electrode and aspects more related 

to the anatomy and physiology, like the deepness of the muscle and its length. The quantities computed 

by the LSM are prone to errors coming from its input data, which is the kinematic data. There are numerous 

sources of error that affect the results of biomechanical analysis, an example in this work is the effective 

attachment of the positional sensors during data collection or even the procedure used to track the 

scapular movement (the utilization of the AMC is known for presenting increased error above a certain 

elevation of the arm (90º)), or the estimations made to obtain the GH rotation center and the axial rotation 

of the clavicle. Another source of variety are the filtering techniques utilized to treat the data. 

The problems associated with the WMIDO are expected to be from a numerical nature. One source of 

instability might be due to the computation of time derivatives by finite differences, which can lead to 

inaccuracies if the time steps are not sufficiently small. Collecting the kinematic data at a higher 

frequency may help the procedure. The optimization algorithm may also have contributed to the 

instability by converging to local minima instead of global minima. The application of other algorithms 

as the choice of better initial solutions may benefit the WMIDO. 
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4. SUMMARY AND CONLUSIONS 

The biomechanical model was not only considered with muscle activation but also with the actuation of 

joint activators. The results obtained from the inverse dynamical analysis were the joint torques 

responsible for the movement, which were analyzed for three main articulations of the shoulder (GH, 

SC and AC). Since this quantity is not generally described in the bibliography it was not possible to 

compare the obtained results with those of other authors. 

Kinematic and electromyographic data of the upper limbs were acquired at the Laboratory of 

Biomechanics of Lisbon. The positions, velocities and accelerations computed were used to run the 

Shoulder Model of Lisbon for different musculoskeletal models in order to study their influence on the 

solution of the muscle force sharing problem. 

The LSM was run with the WMIDO method utilizing a window size of 10 and a step between windows of 

4 for two movements of shoulder flexion, one slow and another fast, and two movements of shoulder 

abduction, also at slow and fast paces. The muscle models studied differ from each other on including a 

rigid tendon and excluding activation dynamics (RTm), including a rigid tendon and activation dynamics 

(ADm), including a flexible tendon and excluding activation dynamics (CDm) and including both a flexible 

tendon and activation dynamics (ACDm). Under the described conditions, the ACDm did not converge for 

the two shoulder flexion movements and for the fast pace shoulder abduction. The obtained results 

suggest that there is not a great influence of the muscle model utilized in the computed muscular forces 

and activations during slow movements. Considering the computational efficiency, these results support 

the application of the RTm. For the fast pace movements, only the shoulder abduction showed more 

pronounced differences between models. The CDm showed the highest correlations, even though the 

muscle forces present some instabilities, especially the Triceps Brachii lateral head. 

The numerical instabilities presented by the WMIDO may be addressed by providing a smoother input 

data to the biomechanical model, i.e., other filtering techniques may provide better results. Considering 

that the WMIDO computes time derivatives by finite differences, higher sampling frequency of the 

kinematic data could reduce possible inaccuracies. The definition of better initial solutions could also be 

relevant to the robustness of the procedure. 

In future studies, more samples of the same type of movement (10-15) must be studied in order to assure 

that the results obtained were not one time events. This study would naturally require a statistical analysis 

of the results. It would also be interesting to do a study in which needle EMGs were used instead of surface 

EMGs. With this method the EMG signals would be more reliable and more muscles could be measured.  
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