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PREFACE 

Message from the Chair 

On behalf of the TGCS 2019 organizers, I am honored and delighted to welcome you to the 17th International 
Symposium on Computer Simulation in Biomechanics held July 28-30, 2019, in Canmore, Alberta, Canada. 
The history of our symposia leaves little doubt on how computer simulation has become indispensable in 
several disciplines, such as biology, engineering, and medicine among others. However, it remains difficult 
to get perspective on the rapid amount of change that has taken place and where it will lead us.  

Computer simulation as a tool for studying complex systems has only been available for a short time, less 
than 75 years. Before then, a “computer” was a job performed by specialized people, rather than 
programmable machines, with analytical skills to solve complex mathematical problems. Notably, most of 
these people were women; in fact, six women that went unrecognized for more than 50 years were the 
programmers of the first digital computer built to generate ballistics data in 1945. 

Progress 42 years through the introduction of programming languages, finite elements, microprocessors, 
multibody dynamics software, and personal computers, the 1st International Symposium on Computer 
Simulation in Biomechanics took place during the summer of 1987 in Warsaw, Poland. The symposium, 
organized by the ISB working group co-founders Mont Hubbard (UC Davis, USA) and the late Andrzej Komor 
(Institute of Sport, POL), focused on general modeling problems, human motion simulation, biomechanics 
software, and motion capture hardware. VAX/VMS minicomputers and 1200 baud modems were state-of-
the-art technology for biomechanical simulations and long-distance transmission of data.  

After another 32 years, continued progress has introduced digital video cameras, computer graphics, 
interactive musculoskeletal modeling, improved motion capture techniques, instrumented implants, medical 
imaging, high-performance cloud computing, and worldwide computer networks as the current state of the 
art for biomechanical simulation. Modeling and simulation of complex systems leverages technology, draws 
on scientific and clinical advances, and develops new approaches to solve problems in biology, engineering, 
and medicine. Given the magnitude and current pace of advancement, it is truly inspiring to imagine what is 
in store for the future. 

This year’s symposium is a tiny glimpse of where computer simulation in biomechanics will be heading in the 
future. The scientific program is rich and varied. The symposium recognizes two remarkable women and 
prominent keynote speakers, Ilse Jonkers and Wendy Murray, that continue making extensive contributions 
to simulation research and influencing our international biomechanics community. Two workshops offer 
hands-on experiences for delegates to work with biomechanical simulation software. The organizers received 
a record number of technical abstract submissions that were fully reviewed by a 9-member panel of expert 
biomechanists focused on computer simulation. The reviewers selected 40 oral presentations and 
16 simulation exhibits representing innovative research from 15 different countries around the world. 
Following the traditional symposium format, the oral presenters will be demonstrating their simulation 
work during subsequent sessions. The simulation exhibitors will be the first to debut an exciting new 
interactive session format this year for increased time dedicated to showcase their simulation work 
and foster technical discussions. As a remembrance and to continue to honor the late Andrzej Komor, co-
founder of TGCS and co-organizer of the 1st symposium, the Komor Award will be presented for the 
best paper by a young investigator. The future of the field lies in the hands of today’s students and 
every mentor’s measurable investments can potentially yield immeasurable returns. 

It is an extremely exciting time for creating the future of computer simulation in biomechanics. It is a time 
when biologists are seeking to identify patterns and understand relationships in an exponentially increasing 
amount of big data. Also, engineers are creating new models and computational approaches to study, control, 
predict, and optimize the behavior of complex, dynamic systems. Ultimately, medical professionals are 
pursuing the best pathway at the intersection of biology and engineering for diagnosis, treatment, 
rehabilitation, and prevention of diseases, disorders, and injuries. These proceedings are a record of the 
synergies between these and other communities and they provide a springboard for new connections, 
research, and discoveries. During the next few days, I hope you earnestly engage in the oral presentations 
and simulation exhibits, have fruitful scientific discussions, and share technical knowledge with colleagues 
from around the world. Please enjoy the scientific and social programs, explore the Town of Canmore, and 
continue to cause the change for development and applications of computer simulation in biomechanics. 

Jeff Reinbolt Canmore, Alberta, Canada 

General Chair, TGCS 2019 July 28, 2019 
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AN INTEGRATED MODELING APPROACH TO STUDY THE INTERACTIONS BETWEEN JOINT 
CONTACT GEOMETRY, KINEMATICS AND LOADING APPLIED TO THE KNEE 

Azin Zargham1, Antoine Falisse1, Maarten Afschrift1, Joris De Schutter2, Ilse Jonkers1, 
Friedl De Groote1 

1Department of Movement Sciences, KU Leuven, Leuven, Belgium  
2Department of Mechanical Engineering, KU Leuven, Core Lab of Flanders Make, Belgium 

Email: azin.zargham@kuleuven.be 

INTRODUCTION 
Knowledge of knee contact forces is important to 
investigate mechanical factors influencing 
treatment and progression of osteoarthritis [1]. 
Non-invasive measurements of contact forces in 
intact knees are not feasible and therefore, 
computer simulations are often used as an 
alternative approach to assess knee joint contact 
forces [2]. Simulation-based approaches to 
compute joint loading commonly consist of two 
phases. In the first phase, a musculoskeletal 
model with ideal joints (e.g. describing knee 
kinematics by a hinge) combined with measured 
kinematics and ground reaction forces is used 
within an optimization algorithm to compute the 
contribution of individual muscles to joint torques 
(muscle redundancy problem). In the second 
phase, joint contact forces are determined based 
on the resultant muscle forces using more 
complex joint models (e.g. geometry-based 
contact models). However, using a two-phase 
approach might limit the accuracy of estimated 
muscle and contact forces. First, in such 
approaches the relation between joint kinematics 
and joint loading is not taken into account and 
hence, joint kinematics are solely determined 
from the noisy marker trajectories with imposed 
constraints from the ideal joints rather than the 
actual joint surface geometry. Therefore, errors 
in the estimated joint kinematics due to soft 
tissue artefacts or inaccurate joint definitions will 
result in errors in resultant joint torques and 
consequently errors in the estimated muscle and 
contact forces. In addition, when solving the 
muscle redundancy problem based on a model 
with ideal joints, muscle forces are imposed to 
produce inverse dynamic joint torques along the 
degrees of freedom (e.g. knee flexion/extension) 
while the contribution of the muscles to the 
resultant torques and forces along the other 
directions (e.g. knee ab-/adduction) is not 
accounted for.  
Therefore, we developed an integrated approach 
to calculate joint loading while accounting for the 
interactions between joint contact geometry, 
kinematics, and muscle and contact forces. To 
this aim, we use an optimal control approach to 

compute muscle inputs that drive a forward 
simulation of movement by tracking 
experimental marker trajectories based on a 
musculoskeletal model with geometry-based 
contact models. Our approach allows us to 
simultaneously estimate joint kinematics, 
muscle, and contact forces that are consistent 
with joint geometry and the measured marker 
trajectories. Here, we demonstrate our approach 
by applying it to the knee. 

METHODS 
Motion capture data including ground reaction 
forces and marker trajectories recorded from a 
male adult (72.12 kg, 26 years) during over-
ground walking at self-selected speed were used 
in this study. The gait2392 OpenSim 
musculoskeletal model [3] of the lower limb was 
extended with a more detailed 6 degree-of-
freedom (DOF) model of the knee. Bone to bone 
contact between the femoral condyles and the 
tibia plateau was modelled by Hunt-Crossley 
contacts between two spheres and a plane (Fig. 
1). The knee ligaments (i.e., ACL, PCL, LCL, 
MCL, and DMCL) were modelled as nonlinear 
elastic elements [4]. 

Fig 1: Musculoskeletal model used for the 
simulation of joint kinematics, muscle, and 

contact forces. 

We computed muscle excitations that minimized 
a weighted sum of marker errors (difference 
between experimental and model marker 
trajectories) and muscle effort (squared muscle 
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activations). This objective function was subject 
to the muscle and skeletal dynamics that 
describe the relation between muscle excitations 
and joint kinematics, from which marker 
trajectories are derived. Torques along the 
degrees of freedom in the hip and ankle joints 
were generated by muscles, while forces and 
torques along the six degrees of freedom in the 
knee were generated by ligaments, muscles, and 
the bone to bone contact. 
The resulting dynamic optimization problem was 
solved using a computationally efficient direct 
collocation formulation (Fig. 2). The nonlinear 
programming problem was formulated in CasADi 
[5] using OpenSim’s multibody dynamics library
(Simbody) [6] and solved using IPOPT.

RESULTS AND DISCUSSION 
Our optimization framework resulted in a realistic 
prediction of joint contact force (see Fig. 3), 
reproducing two main characteristics peaks of 
knee contact force, and with agreement with 
previously reported knee contact forces based 
on instrumented prosthesis [7] and computer 
simulations of joint loading [8].  

Fig 3: Predicted contact force for one gait cycle. 

Joint kinematics estimated with the integrated 
approach was consistent with joint geometry 
(Fig. 4). Secondary knee joint kinematics 
estimated with the integrated approach differed 
from kinematics estimated based on marker 
trajectories without accounting for constraints 
imposed by joint surface geometry using 
Opensim’s Inverse Kinematics (IK) tool. (Fig. 4). 
Here, we demonstrated the feasibility of an 
integrated approach to compute kinematics and 
loading. We will explore the use of more detailed 
surface geometries and validate our integrated 
approach using measured instrumented knee 
contact forces provided by “Grand Challenge 
Competition to predict in vivo Knee Loads [7].  

Fig 4: Estimated knee joint kinematics 

CONCLUSIONS 
Our forward dynamic simulations based on a 
musculoskeletal model that was extended with a 
complex knee joint contact model generated 
dynamically consistent estimations of 
kinematics, kinetics, muscle and contact forces. 
The developed method is not only important to 
understand the role of mechanical loading in OA, 
but also has the potential to facilitate the design 
of joint prostheses through in silico assessment 
of the effect of joint surface geometry on 
kinematics and loading. Our integrated approach 
can also be applied to other joints whose motion 
is largely determined by soft tissue forces such 
as the thumb and shoulder. 
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Improvements in medial knee contact force predictions through synergistic muscle recruitment 

 
Anderson S. Oliveira1 and Michael S. Andersen1 

 
1Department OF Materials and Production, Aalborg University, Denmark 

Email: oliveira@mp.aau.dk 
 
 
INTRODUCTION 
Musculoskeletal modeling has increasingly 
becoming an essential tool in orthopedic 
biomechanics. Model predictions have been 
used to improve locomotion and overall quality of 
life of individuals presenting musculoskeletal 
disorders and also for those undergoing major 
interventions such as knee implants. Predicting 
internal forces on the knee during locomotion is 
crucial to the successful implementation of 
musculoskeletal modeling onto real-world 
scenarios. This topic is of such importance that 
a worldwide biomechanics competition has been 
established in the past to promote advances on 
internal forces prediction (the Grand Challenge 
Competition to Predict in Vivo Knee loads [1]). 
 
The control of human locomotion is achieved by 
a complex interaction between central and 
peripheral inputs to the muscles. During walking, 
it has been shown that neural control of gait can 
be described by a low-dimensional set of 
synergistic activation patterns (called muscle 
synergies or motor modules) [2]. Therefore, 
implementing musculoskeletal modeling 
approaches to predict lower limb joint internal 
forces may be optimized through the inclusion of 
synergy control for the muscles.  
 
Therefore, the purpose of this study was to 
predict internal knee forces from the Fifth Grand 
Challenge Competition to Predict in vivo Knee 
Loads by adding muscle weighting coefficients to 
the musculoskeletal model. It was hypothesized 
that knee internal forces prediction could be 
optimized by adding a synergistic characteristic 
for the muscle recruitment. 
 
METHODS 
Experimental data from the Fifth Grand Challenge 
Competition to Predict in vivo Knee Loads [1] were 
used for this study. The data were collected from a 
single male subject implanted with a force-
measuring knee replacement (age: 86, height: 1.8 
m, and body mass: 75kg). The patient performed 
overground walking trials at a self-selected speed 
while marker trajectory, ground reaction force and 
moment, EMG, and knee implant load data were 
collected simultaneously. CT data were also 

collected. EMG data were collected from 13 
muscles including the tibialis anterior, peroneus 
longus, soleus, gastrocnemius lateralis and 
medialis, vastus lateralis and medialis, rectus 
femoris, semimembranosus, biceps femoris, 
gluteus maximus, adductor magnus and tensor 
fascia latae.  
 
EMG processing. We band-pass (zero-lag fourth-
order Butterworth at from 10 to 400 Hz), full-wave 
rectified, and low-pass filtered (zero-lag fourth 
order Butterworth at 6 Hz) the EMG data. 
Subsequently, we applied non-negative matrix 
factorization (NMF) [3] on the EMG envelopes 
following procedures described elsewhere [4,5]. 
For this study, we predicted the knee contact 
forces using four, six and eight synergies. The 
variance accounted for (VAF) were 86% for four 
synergies (low reconstruction quality), 92% for six 
synergies (ideal number of synergies for this 
analysis) and 96% for eight synergies (higher 
reconstruction quality) across all muscles. We 
used the muscle weightings from these sets of 
synergies to define synergy controls for these 
muscles. 
 
Knee contact forces. We applied the previously 
developed musculoskeletal model by Marra et al. 
[6] developed in the AnyBody Modeling System 
(AnyBody Technology, Denmark) as the 
foundation of this study. This is a patient-specific 
model created based on the CT data and 
includes an 11 degree of freedom Force-
dependent Kinematics knee model. To estimate 
muscle forces, this model relies on a muscle 
recruitment criteria and in this study, we included 
the muscle synergies. To this end, we created 
constraints between the muscle forces according 
to the identified muscle synergies and applied 
the model to estimate the total, medial and 
lateral knee contact forces. 
 
We computed the Pearson’s correlation 
coefficient, root means square error (RMSE) and 
relative root mean square error (rRMSE) 
between the experimental forces (total, medial 
and lateral knee forces) with respect to the 
estimated knee forces generated without the 
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synergy control (NoSyn), as well as using four 
(4Syn), six (6Syn) or eight synergies (8Syn). 
 
RESULTS AND DISCUSSION 
The experimental and estimated knee internal 
forces are illustrated in Figure 1. Estimating joint 
forces using 4Syn, 6Syn and 8Syn substantially 
reduced the second peak on the total, medial 
and lateral forces in comparison to the forces 
generated from NoSyn estimation. 
Consequently, the second peak from the 
experimental and estimated forces were closer 
for the total force and medial forces. Moreover, 
there was a slight increase in Pearson’s 
correlation, and reductions in RMSE and rRMSE 
(~3%) for the medial force estimation when using 
synergy controls (Table 1). 
 
Conversely, the second peak in the lateral force 
was substantially suppressed when using 
synergy controls. Subsequently, the errors 
increased in comparison to NoSyn estimation for 
all parameters (Table 1). There was no 
conclusive data to establish that the number of 
synergies have an influence in the quality of the 
internal forces prediction. This fact may be 
partially explained by the relatively high VAF 
achieved with four synergies (0.86), which may 
already provide an optimal balance of synergistic 
muscle activation across all 13 muscles 
investigated. Previous studies have 
demonstrated improvements on estimating 
internal joint forces during walking in similar 
experimental conditions [7]. However, further 

research is necessary to further implement 
EMG-based parameters to optimize joint force 
estimations in walking and other daily life motor 
tasks. 
 
CONCLUSIONS 
In conclusion, the use of EMG-based synergy 
control for the estimation of internal knee forces 
during walking improved the estimation of the 
medial forces, but not for the total and lateral 
forces. Moreover, the number of modules used 
to establish the synergy control does not pose a 
substantial influence on the force estimations. 
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Figure 1. Knee internal forces during one gait cycle expressed as total forces (left panel), medial forces (central 

panel) and lateral forces (right panel) for the experimental data (black solid lines), predicted forces without 
synergy control (NoSyn, black dashed lines) and predicted forces with synergy control from four (red), six (green) 

and eight synergies (blue). 
 
Table 1. Pearson’s correlation coefficient, root mean square error (RMSE) and relative RMSE between experimental 
internal knee forces and the estimated forces without (NoSyn) and with synergy controls (4Syn, 6Syn and 8Syn). 

 Pearson correlation (r)  RMSE (N)  Relative RMSE (%) 

 Total Med Lat  Total Med Lat  Total Med Lat 
NoSyn 0.95 0.91 0.46  198.40 232.96 263.53  22.46 33.68 137.60 
4Syn 0.95 0.93 0.39  225.86 206.93 278.90  27.02 30.81 169.71 
6Syn 0.95 0.93 0.43  209.78 216.70 271.12  24.45 31.55 158.44 
8Syn 0.95 0.93 0.41  219.58 208.73 277.15  26.06 30.83 167.37 

 

5



XVII International Symposium on Computer Simulation in Biomechanics 
July 28th – 30th 2019, Alberta, Canada 

ALGORITHM FOR INTRAOPERATIVE DETECTION OF COMPONENT MALALIGNMENT DURING 
TOTAL KNEE ARTHROPLASTY 

Joshua D. Roth1 and Darryl G. Thelen1 

1Department of Mechanical Engineering, University of Wisconsin-Madison, United States 
Email: jdroth2@wisc.edu, Web: uwnmbl.engr.wisc.edu 

INTRODUCTION 
About one in five patients are not satisfied after 
total knee arthroplasty (TKA) [1]. Sources of 
dissatisfaction include pain, stiffness, and 
instability [1]. One primary surgical variable 
linked to sources of dissatisfaction is component 
malalignment. 

During TKA, the surgeons must precisely set the 
6-degree-of-freedom positions and orientations
of each component, which are frequently set
using manual guides. To confirm that the desired
6-degree-of-freedom positions and orientations
have been achieved, surgeons commonly rely on
manual assessments of joint laxities. More
recent technological advances have enabled
more precise intraoperative assessments of joint
kinematics (e.g., computer navigation [2]) and
tibiofemoral contact forces (e.g., OrthoSensor
[3]). Thus, these technological advances might
enable the surgeon to more accurately detect
and correct component malalignment.

Accordingly, the objectives of the present study 
were (1) to characterize the relationships 
between kinematics, laxities, and contact forces, 
which can be measured intraoperatively, and 
component malalignments, and (2) to determine 
the errors in predicting component 
malalignments based on kinematics, laxities, 
contact forces, and a combination of all three. 
Because these biomechanical variables are 
difficult to measure in a large number of knees 
either in vivo or in vitro to account of patient-to-
patient variability, a probabilistic modeling 
framework was utilized for this study. 

METHODS 
TKA was virtually performed on a 12-degree-of-
freedom multibody model of the knee [4] (Fig. 1). 
This model included ligaments represented by 
bundles of non-linear springs and articular 
surface contact using a penalty-based method. 
The femoral and tibial components from the sixth 
edition of the Grand Challenge were aligned to 
best restore the distal and posterior femoral joint 
lines and the proximal tibial joint line, 
respectively. The anterior cruciate and deep 

medial collateral ligaments were removed as 
occurs during the standard TKA procedure, but 
all other ligaments were left intact. 

To account for patient-to-patient variability in the 
passive biomechanics of the knee, the stiffness 
and reference strain of each ligament were 
randomly sampled to generate 1000 virtual TKA 
patients (Fig. 1). The stiffness for all springs 
within a ligament was sampled from a normal 
distribution centered on the nominal model 
values with a standard deviation of 30% of the 
nominal value. Reference strains across the 
width of each ligament were not necessarily 
uniform in the nominal model so changes in the 
reference strains of each ligament were sampled 
from a normal distribution centered at zero with 
a standard deviation of 2% strain. The same 
change in reference strain was applied to all 
springs within a ligament. 

Three degrees of freedom of component 
malalignment were randomly introduced to each 
of the 1000 virtual TKAs (Fig. 1). Varus-valgus 

Fig 2: Flowchart of methods shows how 1000 virtual 
TKA models were created with randomly selected 

ligament properties and component malalignments. 
Tibiofemoral kinematics, contact forces, and V-V 

laxities were determined for each model. 
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(V-V) and internal-external rotation (I-E) 
malalignments of the femoral component and V-
V malalignments of the tibial component were 
sampled from normal distributions centered at 
zero with standard deviation of 2.3°, 4.6°, and 
2.1°, respectively, which represent the changes 
in joint line caused by common alignment 
landmarks in mechanically aligned TKA [5]. 
 
Forward simulations of passive flexion, passive 
flexion under a 10 Nm varus torque, and passive 
flexion under a 10 Nm valgus torque from 0° to 
90° of tibiofemoral flexion were performed on 
each of the 1000 virtual TKAs. Passive 
kinematics at 0°, 45°, and 90° of tibiofemoral 
flexion in V-V, I-E, anterior-posterior (A-P) 
translation, compression-distraction (C-D) 
translation, and medial-lateral (M-L) translation 
along with the medial, lateral, and difference 
between medial and lateral contact forces of the 
femur on the tibia were extracted from the 
passive flexion simulations. The V-V laxities at 
0°, 45°, and 90° of tibiofemoral flexion were 
computed as the difference between the V-V 
rotation during the passive flexion under 
varus/valgus torque and that during passive 
flexion. The changes in each biomechanical 
variable from 0° to 45°, 45° to 90°, and 0° to 90° 
of tibiofemoral flexion were also computed. 
 
To determine the errors in detecting component 
malalignment based on intraoperative 
biomechanical variables, results from the 1000 
models were divided into 500 training and 500 
validation models. The V-V laxities, contact 
forces, kinematics, and a combination of all three 
described above for the 500 training models 
were input as the explanatory variables of linear 
regression models with interactions to predict the 
response variables of the V-V and I-E 
malalignments of the femoral component and the 
V-V malalignment of the tibial component 
(Regression Learner, MATLAB R2017a). Each 
regression equation was evaluated by computing 
the differences between the actual and predicted 
malalignments using the V-V laxities, contact 
forces, kinematics, and a combination of all three 
determined in the 500 validation models. The 
bias, precision, root-mean-square error (RMSE), 
and 99% tolerance interval with 95% confidence 
of these differences were computed. The 
tolerance intervals indicate the range 
representing 99% of the population of errors with 
a 95% confidence. 
 
RESULTS AND DISCUSSION 
All regression models showed a strong fit to the 
data with r2-values between 0.7 and 1.0. The 
passive kinematics were the best biomechanical 
variable for predicting component malalignment 

(Fig. 2) because the 99% tolerance intervals 
were smallest (99% of errors in the predicted 
component malalignments below 0.7°). 
Interestingly, adding the laxities and the contact 
forces did not greatly improve the prediction 
capability of the regression models. 
 
Kinematics are likely the best predictor in this 
study because the articular surface geometry is 
a primary determinant of passive kinematics [6]. 
Thus, passive kinematics might be less sensitive 
to variability in ligament properties present in the 
population than the contact forces and laxities. 
Future work will focus on validating these 
regression equations in cadaveric knees where 
component malalignments can be introduced in 
a controlled manner. 

 
Fig 2: Scatter plot shows bias (dot) and 99% tolerance 
interval with 95% confidence (error bars) of the errors 
in the predicted component malalignments of the 500 
validation models using only the V-V laxities, contact 

forces, kinematics, and all three together. 
 
CONCLUSIONS 
The findings from this study indicate that the 
patterns of biomechanical variables measured 
intraoperatively might help surgeons to identify 
and correct component malalignment. Proper 
detection and correction of component 
malalignment should help surgeons to reduce 
the risk of patient dissatisfaction after TKA. 
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INTRODUCTION 
The menisci are integral to normal knee joint 
function and play an important role in joint load 
distribution, lubrication, joint stability, and 
proprioception. Radial meniscal tear is a 
common disease in young patients, especially in 
the group of athletes. It often occurs at the 
junction of the body and the posterior horn of the 
medial meniscus. The treatment of radial 
meniscal tear is directed at the prevention of 
future degenerative disease. It has been 
reported that radial tear (RT) extending to the 
periphery has been believed to result in the 
reduction of meniscal hoop strength and has 
been described as functionally equivalent to a 
total meniscectomy. While the literature has 
clearly indicated the deleterious effects of total 
meniscectomy, there is no definitive 
understanding of the effect of meniscal tear on 
knee joint mechanics.  
In this study, a systematically experimental 
evaluated concurrent finite element (FE) 
musculoskeletal (MS) lower limber model was 
developed and used to predict the variation of 
contact mechanics of the knee as a function of 
the percentage of the meniscus involved by the 
RT. 
 
METHODS 
A subject-specific finite element-musculoskeletal 
(FE-MS) lower limber model was created to 
analyse the impact of medial meniscus RT on 
joint kinematics and contact mechanics during 
the gait cycle, as shown in Fig.1. The accuracy 
of the FE-MS model was firstly evaluated on a 
subject with instrumented knee prosthesis from 
Ground Challenge Database and a good 
consistent was found on knee joint contact force 
(RMSE=0.28, R2=0.86) [1]. The intact knee model 
was created based on Open Knee project on 
Simtk.org, including bone, cartilage, meniscus, 
and patellar tendon. All the ligaments (LCL, 
MCL, PCL, and ACL) were simplified as 1D 
nonlinear spring with followed a nonlinear 
piecewise force–displacement relationship [2]. 
The soft tissue related to patellofemoral joint 
including the patellar tendon and quadriceps 
muscle were modelled as 2D fiber reinforced 
membrane (M3D4R) and non-linear spring 
elements (CONN3D2). The horns of meniscus 

were represented as bundles (40) of no-
compression springs with the elasticity of 40 
N/mm, while the anterior and posterior 
meniscofemoral ligament were set as 4 springs 
with the elasticity of 12.25 N/mm. The articular 
cartilage was modelled as nonlinear Neo-
Hookean hyperelastic isotropic material [3]. 
Medial and lateral meniscus were considered as 
transversely hyperplastic isotropic materials, 
which were implemented using the Holzapfel-
Gesser-Ogden (HGO) model [4]. Five kinds of 
knee joint models with meniscus tear (0% RT, 
30% RT, 45% RT, 60% RT and 90% RT) were 
modelled and investigated in the study, as shown 
in Fig.1. 
The FE knee model was coupled to preoperative 
MS bone model based on iterative closest point 
algorithm. A gait from a healthy male subject 
(BW-65 Kg, Height-183cm) was applied to 
demonstrate the kinematics and contact 
mechanics on knee joint with meniscal damage.  
 

 
Fig 1: Finite element musculoskeletal model with intact 

and radial meniscal tear model 
 
RESULTS AND DISCUSSION 
The peak tibial contact pressure on medial 
cartilage in the intact knee are 7.2MPa and 
10.6MPa at the 14% and 45% of gait cycle, 
respectively. The magnitude and location of 
peak contact pressure are little affect (within 
0.5MPa) by the RT involving up to 45% of the 
meniscal rim width, as shown in Fig.2. The RT 
involving 90% results in a poster central shift in 
peak-pressure location and the magnitude is 
2.4MPa larger than the intact knee. A similar 
trend can be found in in-vitro experimental 
results from Bedi et al’s research [5]. Thus, the 
method provides a high accuracy and 
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comprehensive analysis of the impact of 
meniscus tear on knee joint mechanics, as 
shown in Fig.3. A higher peak contact pressure 
is observed in the study compared to the in-vitro 

experimental results based on ISO 14243 
because of the structural limitations of pressure 
film sensor which will smooth pressure changes. 
 

 
Fig 2: Contact pressure contour of tibial cartilage and meniscus during 14% and 45% of the gait cycle 

 

 
Fig 3: Comparison of peak contact pressure on medial 
meniscus with in-vitro experimental results [5] on 14% 
of gait cycle  
 

 
Fig 4: The trend of the contact area between femoral 
cartilage and medial meniscus under different RT 
conditions during the gait cycle 
 
Fig.4 illustrates the variation of contact area with 
difference degrees of the RT during the gait 

cycle. The overall largest contact area is found 
on the 45% RT which is larger than that of intact 
meniscus model. The main reason may be the 
RT releases the hoop stress of the meniscus, 
which makes the meniscus and cartilage better 
fit. What’s more, the contact location between 
femoral cartilage and medial meniscus is 
changed due to the change of meniscus 
constraint, as shown in Fig.2. A sudden 
decrease of contact area is found after redial tear 
larger than 45% of meniscus width.  It also can 
be found that kinematics of tibiofemoral (TF) joint 
is changed from the simulation results. The main 
reason is that the radial meniscus tear will 
change the laxity on TF joint.  
The main limitation of the study is that we 
hypothesized the change of ground reaction 
force caused by the meniscal damage could be 
neglected. 
 
CONCLUSIONS 
In this study, a subject-specific FE-MS lower 
limber model provided a high accuracy and a 
comprehensive analysis of the impact of 
meniscus tear on knee joint mechanics. What’s 
more, an optimized meniscectomy surgery 
(stitching method and resection area, etc.) could 
be expected using the proposed simulator. 
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INTRODUCTION 
Preclinical wear testing of implants is currently 
performed using a stylized waveform which 
resembles loads during gait but does not 
consider the load variability experienced in 
other activities of daily living (ADLs) [1]. 
Additionally, testing standards consider total hip 
replacement (THR) patients as a homogenous 
group, however, previous large cohort studies 
have identified large variability in their 
kinematics [2]. The wide-spread failure of the 
ASR hip implant highlighted the potential 
importance of patient characteristics [3]. 
Differences in implant loadings could partially 
explain the large variability in implant survival 
rates across THR patients, which current 
testing standards fail to predict. While data from 
instrumented implants [1] only represent a small 
subset of the overall population, the use of 
motion capture analysis and musculoskeletal 
modelling can overcome this and enable the 
analysis of large cohorts of patients. This study 
aimed to identify differences in hip contact 
forces (HCF) in a large cohort of THR patients 
stratified by patient characteristics and while 
performing different ADLs. 

METHODS 
132 THR patients, >12 months post-surgery, 
underwent 3D kinematic (Vicon, UK) and kinetic 
(AMTI, USA) analysis whilst performing 
different ADLs, among which were level gait, 
fast gait, stair ascent and descent, sit down and 
stand up from a chair, squats and lunges. 2148 
trials were processed and analysed through 
multibody modeling (AnyBody Technology, 
Denmark). A recent generic lower-limb 
musculoskeletal model [4] was scaled to match 
the anthropometrics of each patient, based on 
marker data collected during a static trial. The 
model, previously validated against HCF from 
instrumented implants during gait, presents 
refined muscle geometries, which were verified 
against cadaveric MRI scans, and realistic 
muscle lever arms over a large range of hip 
angles, suggesting its suitability for modelling 
other ADLs. Average HCFs for each patient 
were computed during each ADL. Mean 
predicted HCFs were qualitatively compared to 

measurements from instrumented implants and 
across activities. Force contact pathways at the 
bearing surface were calculated as the 
intersection points of the force vector with an 
acetabular 32-mm cup fixed on the pelvis with a 
standardized 40° inclination and 15° 
anteversion. Mean contact pathways were 
calculated across all patients for each activity. 
To explore the effect of patient-specific 
characteristics on the variability of the data 
patients were additionally stratified into three 
BMI groups, five age groups, and three 
functional groups as determined by their self-
selected gait speed. By means of statistical 
parametric mapping (SPM), statistical analyses 
of the 1-dimensional time series were 
performed to separately evaluate the influence 
of age, BMI and functionality on HCF during 
gait [5]. 

RESULTS AND DISCUSSION 

Fig 1: Predicted mean HCF, with min/max range of 
variation, across 132 patients for different ADLs, 
compared to data from instrumented implants [1] and 
current preclinical testing standards. 
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Predicted mean HCF showed similar trends and 
values with data from instrumented implants for 
all compared activities, further supporting the 
validity of the models’ predictions (Fig 1). 
Additionally, the predicted ranges of variation 
were generally wider, as might be expected from 
a larger dataset.  
The analysis of the resultant HCF revealed 
qualitative differences between the waveform 
profiles of the different ADLs. Fast walking is 
characterized by higher peak HCF values, 
compared to walking and a lower force during 
mid-stance, whilst stair ascent and descent 
present higher or comparable HCF throughout 
their loaded phase compared to level walking. 
Stair descent exhibited a prolonged posterior 
load, which was not present in other locomotive 
tasks. The larger kinematic variability of the 
non-locomotive tasks translated in more evident 
waveform differences in HCF, with lunges 
presenting the highest loads. 
The analysis of the contact paths (Fig 2) 
showed different topological distributions of the 
load on the bearing surface depending on the 
type of activity. While walking presented a 
typical figure-8 pattern with peak loads in the 
anterior-superior quarter of the cup, stair ascent 
presented a contact path more circular in shape 
with peak forces occurring on the cup superior-
posterior portion. The non-locomotive activities 
such as stand-up, sit down and squat task had 
a linear shape, spanning across the cup 
superior-posterior quarter. 

Fig 2: Mean resultant hip contact force pathways for 
gait, stair ascent and standing up from a chair. 

Lastly, the SPM analysis of the patients’ 
characteristics highlighted a statistically 
significant positive linear correlation between 
BMI and HCF, indicating that obese patients are 
more likely to experience higher HCF during 
most of the stance phase, while a statistically 
significant negative correlation with age was 
found only during the late swing-phase. 
Patients with higher functional ability (self-
selected walking speed >1SD above whole 
sample mean) exhibited significantly increased 

peak contact forces, while patients with lower 
functional ability (>1SD below whole sample 
mean) demonstrated lower HCF overall and a 
pathological flattening of the typical double 
hump force profile (Fig 3) [5]. 

Fig 3: Mean HCF with relative 95% CI during a gait 
cycle, stratified by BMI and functioning level. SPM 
curve analysis showed significant difference in the 
supra-threshold clusters [5]. 

CONCLUSIONS 
This study has been the first to explore HCF 
during different ADLs in a large cohort of THR 
patients. We identified differences in the overall 
loading patterns at the hip during different 
ADLs. Differences observed in contact path 
directionality and in the location of peak loads 
could be critical in determining realistic wear 
rates. Additionally, HCFs experienced at the 
bearing surface are highly dependent on patient 
characteristics. BMI and functional ability were 
determined to have the biggest influence on 
contact forces. This variance is not taken into 
account in current preclinical testing standards, 
such as ISO 14242-1, which could partially 
explain the heterogeneity in implant survival 
rates. Our results suggest that including ADLs 
and differing patient characteristics in 
preclinical testing would provide more accurate 
prediction of implant performance.  
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INTRODUCTION 
As computational resources increase, so does 
the desire to solve more complex human motion 
prediction problems, and with it an innate need 
for software that is capable of accurately solving 
complex problems. This preliminary study 
reviews GPOPS-II, a commercially available 
optimal control software, and OpenSim Moco, 
which is currently under development by the 
Neuromuscular Biomechanics Lab (NMBL) at 
Stanford University.  The intent of this study is 
not to determine which software is better, but 
rather to review the accuracy and performance 
of both software packages by solving an inverse 
kinematic analysis problem while maintaining 
dynamic consistency. 
Optimal control is used to solve a range of 
movement prediction problems, such as 
inverse kinematics (IK) analyses, muscle force 
predictions, skeletal motion predictions, and joint 
contact force prediction. GPOPS-II and 
OpenSim Moco were the chosen optimal control 
software packages for this comparison study. 
GPOPS-II [1] is a commercially available 
MATLAB based software intended to solve 
general nonlinear optimal control problems. 
GPOPS-II implements variable-order Gaussian 
quadrature methods where a continuous-time 
optimal control problem is approximated as a 
sparse nonlinear programming problem (NLP). 
In GPOPS-II, the NLP is solved using either the 
IPOPT or SNOPT solver. OpenSim Moco is a 
framework for solving optimal control problems 
for musculoskeletal systems, developed by the 
NMBL at Stanford University. The framework is 
written in C++ and has MATLAB, Python, and 
XML interfaces. OpenSim Moco uses the direct 
collocation method to solve optimal control. The 
framework will eventually be freely available. 
Since OpenSim Moco is still under development, 
an alpha version of the software was used for 
this study. 

METHODS 
A simplified planar three-segment model of 
squatting was used for this study – this is a 
reproduction of a publicly available problem [2]. 

The model, shown in Figure 1, contains three 
reference frames (B, C and D), which represent 
the foot, femur and thigh respectively, and a 
point mass at the top of the thigh (hip joint) to 
represent the upper body collectively. The model 
contains five degrees of freedom (q1-5), and 6 
markers (M1-6), which are also shown in Figure 
1. Reference marker trajectory data, reference
joint torques, and reference joint angles and
velocities were provided for this problem.
Ground reaction force data were also provided
for this problem, which was used to apply
provided ground reaction force at point T (toes)
of the model. Using provided data the joint
torques at point A (ankle joint) and point K (knee
joint) are found.
The joint torques in the model are controlled
directly to minimize the errors between the
model and reference marker positions, while
applying reference ground reaction forces at the
toe of the model. The generalized coordinates
(q1-5) and generalized velocities (u1-5) were
defined as states for this problem, the joint
torques (TA, TK) were defined as controls, and
the cost function for this problem was to
minimize the sum of squares of marker error.

Fig 1: Planar squat model 

Using MATLAB, this model was created in both 
GPOPS-II and OpenSim Moco. 

RESULTS AND DISCUSSION 
The marker positions and joint angles for both 
models were consistent with the provided 
reference data. This verifies that both software 
packages are able to accurately perform inverse 
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kinematic analysis. However, Figure 2 shows 
that the GPOPS-II model joint velocities of q1, q2 
and q3 oscillate about the reference data 
between 0.3 and 0.5 seconds.  Figure 3 shows 
that the ankle torque values from the GPOPS-II 
model are mostly consistent with the reference 
joint torques. However, the calculated knee 
torque values have considerable amounts of 
error between 0.25 and 0.4 seconds, and from 
0.6 to 0.7 seconds.  The total run-time for 
GPOPS-II was 182 seconds. 

 

 
Fig 2: GPOPS-II joint velocity results for generalized 
coordinates u1 (top left) – u5 (bottom right) 
 

 
Fig 3: GPOPS-II ankle (red) and knee (blue) torques 
 
The results of OpenSim Moco are shown in 
Figures 4 and 5.  The calculated joint velocities 
shown in Figure 4 agree with the provided 
reference data, but there was a noticeable 
discrepancy in the ankle joint from 0 to 0.1 
seconds. The OpenSim Moco run-time was 
approximately 500 seconds. 
 

 
Fig 4: OpenSim Moco joint velocity results for 
generalized coordinates u1 (top left) – u5 (bottom right) 
 

 
Fig 5: OpenSim Moco ankle (red) and knee (blue) 
torques 
 
The same NLP solver (IPOPT) and number of 
collocation points (100) were used for both 
software programs.   However, GPOPS provides 
additional functionality tools (e.g., mesh 
refinement), which improve the accuracy of the 
solution. These features are not currently 
implemented in OpenSim Moco.  Figure 6 shows 
the calculated ankle and knee torque values of 
the GPOPS-II model when utilizing the mesh 
refinement capabilities.   
 

 
Fig 6: GPOPS-II ankle (red) and knee (blue) torques 
using mesh refinement 
 
CONCLUSIONS 
Both models converged to the optimal solution 
while maintaining dynamic consistency. Initial 
findings suggest that OpenSim Moco may 
provide more accurate results than GPOPS-II, 
but at the expense of longer computational run-
times. From a usability standpoint, OpenSim 
Moco could be viewed as more user friendly than 
GPOPS-II because of how compact the MATLAB 
scripting is in comparison to GPOPS-II. Future 
work will further explore differences between 
both software, including sensitivity to solver type 
and effects of solver error tolerances on run-
time. 
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INTRODUCTION 
Muscle synergies may provide a helpful avenue for 
predicting patient function following clinical 
interventions, such as those arising from 
neurorehabilitation or orthopedic surgery. 
Theoretically, muscle synergies reduce the 
achievable control space making predicted muscle 
forces and consequently predicted motions more 
unique. In individual’s post stroke, a reduced 
number of muscle synergies has been associated 
with a deterioration in walking function [1]. 
However, whether the degeneration in walking 
function is a direct result of reduced muscle 
synergies remains unknown.  
 
Computational walking models coupled with 
optimal control provide an opportunity to test 
hypotheses that would otherwise be difficult or 
impossible to evaluate experimentally. This study 
aims to study the effect of reducing the complexity 
of locomotor control of one leg on a subject’s 
walking function. Therefore, we predicted that 
differences in the number of muscle synergies 
assigned to one leg would be associated with 
differences in neuromusculoskeletal quantities.  
 
METHODS 
This study analyzed walking data collected 
previously from a male subject post-stroke. All 
experimental procedures were approved by the 
University of Florida Health Science Center 
Institutional Review Board (IRB-01), and the 
subject provided written informed consent prior to 
participation. Motion capture (Vicon Corp), ground 
reaction (Bertec Corp), and electromyography 
(EMG) data (Motion Lab Systems) were collected 
simultaneously from the subject as he walked on a 
split-belt instrumented treadmill (Bertec Corp) at 
his self-selected speed.   
 
The subject’s neurophysiological and 
musculoskeletal components were taken into 
account using OpenSim (v3.3; [2]) and Matlab to 
develop four different modeling elements: a 
kinematic model, an EMG-driven calibration 
model, a foot-ground contact model, and a motion 
prediction model using the concept of muscle 
synergies. More specifically, the synergy-driven 
control model was calibrated using the subject’s 

self-selected speed of 0.5 m/s using five-synergy 
activations per leg to track the following quantities: 
ground reaction forces, joint moments, joint 
angles, and muscle activations; see [3] for details.  
The subject-specific neuromusculoskeletal model 
was used to develop two predictions for how the 
subject would walk after the number of synergies 
controlling his paretic leg was reduced from the 
calibrated case of five down to two. In the first 
optimization, the two paretic leg synergy 
activations and vectors were free to vary. In the 
second optimization, the two paretic leg synergy 
vectors were constrained to be a linear 
combination of the original five paretic leg synergy 
vectors. Additionally, deviations of the two paretic 
leg synergy activations away from a linear 
combination of the original five paretic leg synergy 
activations were minimized. During both 
predictions, the five synergy vectors for the healthy 
leg were fixed to those found during model 
calibration. Changes in the five healthy leg synergy 
activations away from the original five healthy leg 
synergy activations were also minimized. 
 
The following parameters were analyzed after 
each prediction optimization: joint angles, joint 
moments, ground reaction forces and muscle 
activations. The NRMSE (Normalized Root Mean 
Square Error) values between the calibration and 
prediction results were calculated by normalizing 
each quantity by its range to identify what 
differences, if any, were observed and where.  
 
RESULTS AND DISCUSSION 
When predicting a new walking motion using two 
unconstrained synergies to control the paretic leg, 
we found minimal differences compared to walking 
controlled by five synergies (Fig. 1). There were no 
large differences between the five- and two-
synergy solutions when looking at the joint 
moments (NRMSE <14%) and ground reaction 
forces (NRMSE <15%) for both legs. In contrast, 
predicted muscle activations showed large 
changes for the paretic leg (NRMSE=33%) but not 
the non-paretic leg (NRMSE=11.8%) (Table 1). 
Additionally, the stride length did not exhibit a large 
change (6.93% error) (Table 2). 
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Figure 1| Comparison of joint angles produced between the different control strategies: five synergies (black), two 

synergies (blue), and two constrained synergies (red). 

Table 1| The average NRMSE of the muscle 
activations, joint moments, and ground reaction forces 
predicted by the model in comparison to the calibration 
quantities 

 Muscle 
Activations 

Joint 
Moments 

Ground 
Reaction 
Forces 

Two-synergy prediction unconstrained 
Paretic Leg 0.330 0.135 0.154 
Healthy Leg 0.118 0.109 0.118 
Two-synergy prediction constrained 
Paretic Leg 3.081 0.411 0.255 
Healthy Leg 0.145 0.171 0.139 

 
When predicting a new walking motion using two 
constrained synergies to control the paretic leg, we 
found clear differences in joint angles compared to 
walking controlled by five synergies (Fig. 1). A 
large difference was also observed for muscle 
activations (NRMSE = 308.1%) and joint moments 
(NRMSE = 41.1%) produced by the paretic leg 
(Table 1). The optimization predicted hip hiking 
and a foot drop of the paretic leg along with a 
significant decrease in stride length (29.1% error), 
which can be directly associated with a 
degradation of walking performance (Table 2). 

 
Table 2| Comparison of stride length between the 
calibration and predicted walking motions 

 Stride 
Length (m) 

Five-synergy calibration 0.701 
Two-synergy prediction unconstrained 0.653 
Two-synergy prediction constrained 0.497 

 

Our results support the findings from Clark et al. 
(2010) [1] who hypothesized that the impairment of 
locomotor coordination may correspond to the 
reduction in complexity of locomotor control. Our 
findings clarify that the reduction in synergies 
alone does not result in significant deterioration of 
walking performance. However, a reduction in 
synergies when constrained to be a linear 
combination of the original synergies does result in 
poorer walking performance.  
 
Although our synergy-driven model predicts 
realistic walking motions, an important limitation of 
our simulation framework is that there is no 

enforcement of smoothness when generating 
muscle activations, which may be the reason why 
the two-synergy prediction is able to closely 
reproduce the walking gait generated by that of the 
five-synergy solution. Since the two constrained 
synergy model must be created from a linear 
combination, it doesn’t have the same level of 
freedom to instantaneously vary the muscle 
activations resulting in the smaller NRMSE of the 
muscle activations for the two-synergy paretic leg 
compared to the two constrained synergy error 
(Table 1). 
 
CONCLUSIONS 
Our findings suggest that a less complex neural 
control structure need not cause impaired walking 
but rather that walking impairments may be the 
result of limitations in the formation of the less 
complex synergies. 
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INTRODUCTION 
The winning margin within track and field sprint 
running events is often very small. Coaches and 
athletes are therefore continually striving for 
improvements which can lead to overall 
performance enhancement. Predictive computer 
simulation and modelling approaches in sports 
biomechanics can be used to identify optimum 
techniques, explore the cause and effect 
relationships of technique modification and 
assess hypothetical ‘what if’ scenarios [1]. 
Predictive simulations utilising an optimal control 
approach have recently increased popularity 
within sports biomechanics [2,3], and also 
specifically within sprint running [4]. 
 
The first step to ensure realistic results from a 
simulation framework is to evaluate them against 
experimentally collected data. Data-tracking 
simulations using optimal control theory are an 
example of such an evaluation step [5]. The 
validity of predictive simulations is especially 
crucial within applied sports contexts, as they 
can be used to drive real world changes. 
However, very few previous studies have 
evaluated the accuracy of their simulation 
framework. The aim of the current study was 
therefore to assess the capability of reproducing 
experimentally measured joint kinematics and 
ground reaction forces during the acceleration 
phase of a sprint by solving a data-tracking 
problem. 
 
METHODS 
One male sprinter (age: 24 years; height:         
1.79 m; mass: 72.2 kg; 100 m PB: 10.33 s) 
provided written informed consent to participate 
in the current study which was approved by the 
local research ethics committee. The athlete was 
asked to complete two successful maximal effort 
sprints on an indoor track whilst three-
dimensional kinematics (250 Hz, Oqus, Qualisys 
AB, Sweden) and ground reaction forces 
(2000 Hz, Kistler, Switzerland) were collected 
between the 15-20 m mark. The data collected 
during the stance phase of the first sprint trial 
was used for the purposes of this study. 

 
A generic full-body 37-DOF musculoskeletal 
model [6] was scaled in OpenSim (version 3.3, 
Stanford University, USA) [7] using marker data 
acquired during a standing static trial. The model 
was driven by 37 ideal joint actuators, and the 
knee flexion range of motion was increased up 
to 145°. A smoothed Hunt-Crossley contact 
model [8] was used to model the foot-ground 
interaction by means of attaching 6 spheres to 
each calcaneus segment. The contact model 
parameters (location of each sphere, and 
uniform sphere stiffness and dampening 
properties) were incorporated within the data-
tracking problem as additional static design 
variables.  
 
An inverse kinematics analysis was performed 
using the marker data from the contact phase. 
The resulting kinematics (pelvis position and 
orientation, and joint angles) were fitted using B-
spline interpolation, from which joint velocities 
and accelerations were determined. The joint 
positions and velocities together with the ground 
reaction forces served as the experimental data 
for which the simulated model outputs were 
evaluated against.  
 
A data-tracking simulation of the contact phase 
was performed by converting an optimal control 
problem into a nonlinear programming (NLP) 
problem using a direct collocation method. The 
current model possessed 74 states (37 
generalised coordinates and 37 generalised 
velocities) and 37 actuator controls 
corresponding to each DOF. Each of the states 
and controls were discretised in time across 100 
equally spaced nodes. The discretised states 
and controls, in addition to the contact model 
parameters, were the NLP design variables. 
 
The dynamic constraints are typically written as 
a set of coupled first-order differential equations 
in an optimal control problem. For the current 
NLP problem, algebraic equality constraints 
were used to replace the differential equations 
using the trapezoid method in an explicit 
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dynamic formulation [9]. The objective function 
was an integral over time (functional) containing 
weighted terms to minimise the squared 
difference between simulated and experimental 
kinematics and ground reaction forces, and 
minimise the squared joint torque controls. The 
NLP was solved by using the MATLAB 
optimisation function ‘fmincon’ with an interior-
point solver (version 7.5, 2016b, MathWorks 
Inc., Natick, MA) in combination with OpenSim. 
Forward finite differences were used to 
approximate the objective function gradient and 
equality constraints Jacobian, and all 
calculations were parallelised across four cores 
using the MATLAB parallel computing toolbox 
(version 6.9).  
 
RESULTS AND DISCUSSION 
Our data-tracking simulation was able to 
reproduce the experimental data reasonably well 
as quantified by the root mean square error 
(RMSE) (Table 1). The magnitudes of these 
errors are in line with Lin et al. [9] who tracked 
experimental data during running, although our 
anterior-posterior ground reaction force error is 
higher by 0.05 BW. We anticipated larger errors 
in comparison to [9] due to the highly dynamic 
nature of sprint running. Nevertheless, if the 
results from predictive simulations are going to 
be implemented within sporting contexts, it is 
necessary that a simulation framework is first 
able to reproduce an athlete’s measured 
performance. From inspection of Fig 1 it is 
evident that the current framework was able to 
reproduce the ground reaction forces up to the 
latter portion of the contact phase. In future work 
we will aim to improve this. 
 
Table 1. Root mean square error (RMSE) between 
experimental and simulated data. Maximum 
displacement and velocity errors are presented for the 
kinematics comparison. 

Variable RMSE 

Pelvis Orientation 2° 

Pelvis Translation 0.81 cm 

Joint Angle 1° 

Pelvis Orientation Velocity 23°s-1 

Pelvis Translation Velocity 0.24 ms-1 

Joint Angular Velocity 25°s-1  

Ant-Post GRF 0.07 BW 

Vertical GRF 0.14 BW 

Med-Lat GRF 0.01 BW 

 
Negligible differences between the simulated 
and experimental kinematics data were achieved 
by placing tight bounds on the discretised states 
and by tracking them within the objective 
function. The simulated joint moments and 
residuals were not tracked within the current 

formulation, only minimized, and this resulted in 
oscillatory joint moments and residuals. We aim 
to improve on this aspect by tracking 
experimentally determined joint moments whilst 
also minimising residuals.       

Fig 1: Experimental (solid red line) and simulated 
(dashed blue line) ground reaction forces during the 
contact phase.  
 
CONCLUSIONS 
We performed a data-tracking simulation of a 
sprint running contact phase whilst also 
simultaneously optimising the contact model 
parameters to assess its ability to reproduce 
experimental data. The results from the current 
study are promising, although improvements in 
either our model or NLP formulation are 
necessary to further improve the reproduction of 
experimental data prior to performing predictive 
simulations with a view to enhance in silico sprint 
running performance. 
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INTRODUCTION 

Walking is a fundamental everyday movement 
of humans, whose bipedal nature distinguishes 
human from any other extant mammals. 
Computer simulation of human gait is useful as 
a platform of virtual experiments, where even 
dangerous situations such as those including 
falling are tolerated without ethical 
consideration. It may also be used to simulate 
the process of human gait evolution, which is 
impossible to reproduce experimentally due to 
the enormous time required. 

Hase and Yamazaki developed a forward-
dynamics simulation system that generates 
three-dimensional human gait patterns [1]. This 
system does not require any information about 
actual human movement, which are only 
available through time-consuming 
measurements, and is able to generate stable 
gait patterns for as long as three gait cycles or 
longer. This system was subsequently used to 
study the causal relationship between gait 
patterns and the physical malfunctions of 
elderly people [2]. 

In spite of the usefulness and the success of 
the system, it had only been used by a limited 
number of researchers, who have had personal 
contact with the authors. We are currently 
refining the source code of the system in a 
preparation to provide this system as open-
source software. 

METHODS 
This system will be distributed as a set of C++ 
source codes, which may not be friendly to 
those who are not familiar with programming 
languages, but offers maximal flexibility; it can 
be customized to do anything a programming 
language can do, even beyond the imagination 
of the authors of the system. The platform of 
the system has migrated from C with X Window 
System to C++ with Qt, which increased the 
number of potential users because Qt is a 
cross-platform application framework. 

The model reproduces the whole body of a 
human as a rigid-link system with 14 links. Each 

degree of freedom of a joint is modeled as a 
hinge with viscoelastic properties. The torso is 
divided into four parts: the pelvis, the lower part 
of the lumber, the upper part of the lumber and 
the thorax, which is combined with the neck and 
the head. Each joint on the torso has a single 
degree of freedom, that for flexion and 
extension, except for that between the pelvis 
and the lower part of the lumber, which has 
three degrees of freedom. Each leg is divided 
into three parts: the thigh, the calf and the foot. 
Each hip joint has three degrees of freedom. 
Each knee has one degree of freedom. Each 
ankle has two degrees of freedom; one for 
eversion and inversion, and the other for plantar 
flexion and dorsiflexion. Each arm is divided 
into two parts: the upper arm and the forearm, 
which is combined with the hand. Each 
shoulder has two degrees of freedom; one for 
abduction and adduction, and the other for 
flexion and extension. Each elbow has one 
degree of freedom. Class SkeletalSystem 
handles the dynamics of the rigid-link system, 
including the coordinate conversions. 

This skeletal system is equipped with 70 muscle 
models. The geometry of each muscle, used to 
calculate the length and the moment arm, is 
modeled as a series of line segments, the 
vertices of which are defined as fixed points 

Fig 1: Three-dimensional representation of the 

musculoskeletal model. Gray cylinders represent the rigid 

links. Black cylinders represent the geometry of the muscle 

models. 
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with respect to the nearest body segment. 
Class MuscularSystem handles the dynamics of 
the muscular system. 
 
This musculoskeletal system (Fig. 1) is 
controlled by a model of nervous system 
constructed according to that of Taga [3]. The 
nervous system has a set of 23 pairs of neural 
oscillators as the rhythm generation system, 
which emulates the central pattern generator. 
Each pair of neural oscillators is assigned to a 
joint and controls the muscles relating to the 
joint, hence the name. The muscles are 
stimulated proportionally to the output from the 
pair of neural oscillators, while the stimuli are 
distributed among the muscles by static 
optimization so as to equalize the load. Class 
NervousSystem handles the dynamics of the 
set of nervous system. The neural oscillators 
are modulated by the sensory feedback system 
simulating the spinal reflex, employing the 
somatic senses, e.g. the joint angles, the 
ground reaction forces and the positions and 
the angles of the body segments with respect to 
the global coordinate system. 
 
The dynamics of the whole model, including the 
skeletal, the muscular and the nervous systems, 
is expressed as simultaneous differential 
equations, which are numerically solved with 
the time step of the integration of 0.4 ms. Most 
part of this model is described in a human-
readable data file in the JSON format, and can 
be modified manually as required. Time-series 
data of the generated movements, i.e. that of 
the joint angles, muscular tensions and the 
ground reaction forces, are saved as a CSV file. 
The system is designed adequate to reproduce 
human gait patterns, while being lightweight for 
the sake of the computation speed. 
 
The parameters of the nervous system are 
optimized by genetic algorithm (GA) with the 
criteria of maximizing the locomotive energy 
efficiency and the smoothness of the muscular 
tension change. The process of GA includes 
mutation, crossover and selection. The initial 
set of state variables of a successful individual 
is inherited to the descendant. 
 
The migration to one of the object-oriented 
programming languages enables the intuitive 
description of the overall workflow of the system 
as follows. An instance of class Individual 
represents a whole-body human model. This 
class has an instance of class SkeletalSystem, 
that of class MuscularSystem and that of class 
NervousSystem. An instance of class Individual 
is provided as an argument to the constructor of 
class Solver, which solves the differential 

equations to generate the gait pattern. An 
instance of class TimeSeries, which is to record 
the movement data, is also provided to the 
constructor of class Solver. The generated 
movement is displayed three-dimensionally by 
an instance of class View3D, using OpenGL 
technology. After the generation of the gait 
pattern, its performance is evaluated and 
recorded to an instance of class Fitness, which 
is then coupled with an instance of class 
Chromosome that has a copy of the mutable 
parameters of the instance of class Individual. 
This couple will then undergo the process of GA. 
 
RESULTS AND DISCUSSION 
The stride, the speed and the period of a gait 
cycle of an optimized gait pattern were 1.135 m, 
1.107 m/s and 1.026 s, respectively, which are 
comparable to an actual human gait (Fig. 2). 
More than 10000 individuals were generated 
and evaluated in the GA for the optimization. 
 
As this system is designed to be lightweight, 
this system completed a simulation of three gait 
cycles, which takes 2.809 s, in a 30 s of 
computation time, when run on a tablet PC 
(Microsoft Surface Pro 4, Intel Core i7-6650U 
2.20 GHz, 16.0 GB, Microsoft Windows 10 Pro). 
When run on a multi-core hardware, this system 
is capable of generating gait patterns of multiple 
individuals parallelly during GA, which 
accelerates the optimization by approximately a 
factor of the core number. 
 
CONCLUSIONS 
A forward-dynamics simulation system that 
generates three-dimensional human gait 
patterns has been ported to C++ with Qt. A 
draft version of this source code will be 
provided to the audience via e-mail upon 
request to the corresponding author. 
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Fig 2: Sequence of a human gait pattern generated by the 

system. The postures of every 0.1 s are drawn. Three cycles 

of gait has successfully completed. 
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INTRODUCTION 
Knee instability can arise for several reasons, in-
cluding ligament injuries, osteoarthritis or joint re-
placements and can lead to pain, joint degradation, 
decreased mobility, and an overall reduced qual-
ity-of-life [1].  

To advance the understanding of basic joint me-
chanics and to develop patient-specific interven-
tions for joint stability, it is important to gain insight 
into the mechanical properties of the knee liga-
ments. This information can also be used in com-
putational knee models applicable to study knee 
mechanics and how the knee is affected by surgi-
cal or non-surgical interventions for instance to 
treat knee instability related to ligament recon-
struction and knee arthroplasty. 

The primary approach to investigate the mechani-
cal properties of ligaments is to perform in vitro 
tests [2] as there currently are no way to measure 
these tissues in vivo. To overcome this, recent 
studies have proposed to employ laxity measure-
ments to assess the overall joint laxity and from 
these measurements estimate the ligament prop-
erties using optimization-based techniques [3]. 
Currently, these studies have applied laxity tests 
that closely resemble those that clinicians use for 
manual tests, e.g. internal/external rotation, 
varus/valgus etc. While these loading directions 
are easy to understand and perform manually, it is 
not given that these are the best load cases in or-
der to identify individual ligament properties. 

We have developed a novel technology capable of 
applying any load case while capturing the knee 
translations and rotations using biplanar x-rays [4]. 
This technology enables both loads along the usu-
ally applied directions and combined load cases. 
This facilitates designing experimental procedures 
optimized for the purpose of identifying mechanical 
properties of ligaments in vivo. 

Therefore, the purpose of this study was to identify 
laxity tests that results in the largest force in a de-
sired ligament bundle while minimizing the loads in 
all other ligaments and keeping the load magni-
tudes on the same level as currently applied. 

Fig 1: Illustration of the applied knee model. 

METHODS 
To gain an understanding of how external loads 
affect the loads of the knee ligaments, we apply a 
subject-specific knee model (Fig. 1).  

A series of Medical Resonance Imaging (MRI) 
scans of the right leg of a female subject (27 year-
old, 1.72 m, 61 kg) were obtained. From these, we 
segmented the bone and articular cartilage of the 
femur and tibia, and the anterior cruciate (ACL), 
posterior cruciate (PCL), medial collateral (MCL), 
and lateral collateral (LCL) ligaments. For each lig-
ament, the origin and insertions were identified. 
Bony landmarks for the definition of anatomical co-
ordinate systems according to ISB recommenda-
tions were also identified. 

The model was developed in the AnyBody Model-
ing System v. 7.1 (AMS, AnyBody Technology, 
Denmark). The femur was fixed relative to the 
global coordinate system and we modelled the tibi-
ofemoral joint using the Force-dependent Kine-
matics (FDK) approach [5]. The contact between 
the femoral and tibial articular cartilage was mod-
elling using an elastic foundation model (pressure 
modulus of 10 GNm-3) and the ligaments modelled 
as multiple line elements each with a slack, toe and 
linear region [6]. The ACL was modelled using four 
elements whereas PCL, MCL and LCL were mod-
elled with three each. The ligament properties of 
were adapted from the literature [6]. 

As inputs to the model, we provided the knee flex-
ion angle as well as an applied force and an ap-
plied moment to tibia. The force was applied to the 
tibial tuberosity and the moment as a pure moment 
in the tibial ISB anatomical coordinate system. 

We introduced five FDK degrees-of-freedom 
(DOF) that were allowed to equilibrate according 
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Fig 2: Optimal loads for the anteromedial ACL bundle. 
The first two figures from the left show one load case 
and the next two, the other. The red and blue arrows 
show the force and moment vectors, respectively.  
 
to the applied loads, ligament and contact forces. 
A reaction moment around the knee flexion axis 
was included to simulate a fixated knee flexion as 
typically done during laxity tests. To identify what 
we will denote the optimal load cases to strain 
each bundle of the ligaments, we set up the follow-
ing optimization problem: 

max
𝐱1,   𝐱2 

 (𝐹𝑖
2 − 𝐹𝑖

1)
2

−
1

𝑁 − 1
∑ (𝐹𝑗

2 − 𝐹𝑗
1)

2
𝑁

𝑗=1,𝑗≠𝑖

     (1) 

where 𝐱1 and 𝐱2 denote two load cases (i.e. each 
containing the knee flexion angle and the applied 

force and moment on tibia). 𝐹𝑘
1 and 𝐹𝑘

2 denote the 

force in the kth ligament bundle under load case 𝐱1 

and 𝐱2, respectively. The first term in the equation 
specifies the squared difference in the ligament 
bundle of interest (ith) from which the second term 
subtracts the average force in all other ligament 

bundles. 𝑁 denotes the number of ligament bun-
dles. 
 
To solve this optimization problem, we applied a 
Monte Carlo sampling approach. First, we ap-
plied 104.000 random load cases, containing the 
knee flexion angle, and tibial forces and mo-
ments and recorded the resulting ligament 
forces. The knee angle was sampled in the inter-

val [0:90], and the tibial forces and moments 
with magnitudes of [0 N: 150 N] and [0 Nm: 10 

Nm], respectively. The full 0 to 360 rotation 
around two axes were sampled for the direction 
of both the tibial force and moment vectors. Sub-
sequently, we searched through all samples for 
the two load cases that would result in a maximi-
zation of the optimization problem in (1). 

 
RESULTS AND DISCUSSION 
Load cases for all ligaments were found but for 
the sake of brevity, we only show results for ACL 
and PCL (Table 1). Fig 2. illustrates the identified 
load cases for the anteromedial bundle of ACL.  
 
For the anteromedial, anterolateral and postero-
medial ACL bundles, the optimal knee angles 

were between 4.5 and 22.1 and with a clear 
anterior and posterior force difference between 
the two loads for each ligament. The posterome-
dial bundle of ACL, however, required one load 

at 7.3 and the other at 93.2 but still with a clear 
anterior and posterior load difference. The PCL 
bundles on the other hand required markedly dif-
ferent load cases both in terms of knee flexion 
angles, forces and moments. 
 
CONCLUSIONS 
In this study, we identified optimal loads to strain 
individual ligament bundles. This information can 
be applied to develop future measurement pro-
tocol, ultimately leading to a better assessment 
of knee ligament properties in vivo. 
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Table 1: Optimal loads for the different branches (anteromedial (am), anterolateral (al), posteromedial (pm), posterol-
ateral (pl) of ACL and anterior, mid and posterior of PCL). The forces and moments are reported in the tibial ISB coor-
dinate system with standard abbreviations for anterior-posterior (ap), superior-inferior (si) etc. 

Ligament Knee flexion [] 𝐅𝐚𝐩 [N] 𝐅𝐒𝐈 [N] 𝐅𝐌𝐋 [N] 𝐌𝐯𝐯 [Nm] 𝐌𝐈𝐄 [Nm] 𝐌𝐅𝐄 [Nm]  

ACL am 6.0 -120.0 -44.3 -28.0 -8.4 5.3 -0.6 
 22.4 95.8 65.0 -92.6 -5.4 6.1 -0.2 

ACL al 15.6 -128.8 0.9 76.4 0.4 5.5 2.1 
 11.2 126.0 -25.1 -43.8 -2.1 7.6 4.9 

ACL pm 7.4 137.9 16.8 -19.5 -1.1 7.4 -4.9 
 93.2 -74.3 -29.6 -114.4 -0.3 4.2 2.2 

ACL pl 7.4 137.9 16.8 -19.5 -1.1 7.4 -4.6 
 4.5 -120.0 8.2 -87.2 -1.2 4.6 -0.2 

PCL a 82.1 -13.2 10.0 12.2 0.5 -1.4 -0.6 
 49.7 -18.5 95.3 10.6 0.8 -0.7 1.1 

PCL m 38.6 -91.9 -47.6 102.9 1.1 1.3 0.3 
 15.7 -12.0 85.7 0.5 5.3 3.9 -1.7 

PCL p 0.5 120.6 20.6 74.6 1.9 -1.3 1.2 
 1.3 12.7 40.5 -0.5 -0.1 9.7 0.1 
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INTRODUCTION 
Finite Element (FE) modelling is an efficient tool 
to broaden our knowledge about the knee joint 
biomechanics. It allows to capture the individual 
soft tissue contribution under complex loading 
conditions during joint motion. However, the 
reliability of the model is highly dependent upon 
factors such as proper geometrical 
representation of the tissues and their assigned 
material properties. Knee supporting ligaments 
are dense connective tissues consisting of 
aligned collagen fibres that are embedded in a 
compliant solid matrix of proteoglycans, which 
results in their anisotropic and nonlinear 
behaviour [1]. Considering the significant role of 
the ligaments in maintaining the knee stability 
during motion, their 3D representation in the FE 
model and the constitutive equations used to 
describe their behaviour seems to have a 
noticeable effect on the model results. Hence, 
some studies have addressed the effect of 1D 
and 3D ligament modelling techniques on joint 
kinematics [2]. The objective of the present study 
is to investigate the effect of using the 
transversely isotropic hyper-elastic material 
model and the neo-Hookean material model for 
the 3D ligaments on the extracted joint 
kinematics. 
 
METHODS 
Computerized tomography (CT) and magnetic 
resonance imagining (MRI) scans of an adult 
female volunteer suffering from Genu varum 
were used to extract tissue geometries. The 
segmentation process was performed manually 
to extract the 3D geometry of the relevant bones 
from the CT images, and the soft tissues 
including the articular cartilage, menisci, cruciate 
and collateral ligaments, patellar and quadriceps 
tendons (PT and QT) from MRI. 
 
The model geometries were imported to Abaqus 
FE package to be meshed and assembled into 
the FE model (Fig. 1). All the soft tissues were 
meshed using solid eight-node hexahedral 
elements. Bony structures (femur, tibia, fibula, 
and patella) were considered to be rigid bodies 
and thus their surfaces were meshed using four-
node shell elements. Cartilage and menisci were 
modelled as a single-phase linear elastic and 
isotropic material. The PT and QT material 

models were assumed to be nearly 
incompressible neo-Hookean. All the major 
ligaments including the anterior cruciate 
ligament (ACL), the posterior cruciate ligament 
(PCL), the medial collateral ligament (MCL), and 
the lateral collateral ligament (LCL) were 
modelled as nearly incompressible transversely 
isotropic hyper-elastic structures [3]. The 
direction of fibres at each point was calculated 
and attributed to the corresponding elements via 
a Python code along the length of each ligament. 
The material model for the major ligaments were 
changed to be isotropic neo-Hookean hyper-
elastic in a second model.  

 

 
Fig 1: Computational FE model of the left knee of an 

adult female 
 
The contact interaction between the structures 
has been considered by defining a general 
contact between all the surfaces. Penalty 
method has been used as a governing contact 
algorithm in the normal direction while the 
tangential behavior has been considered to be 
frictionless. In addition, the attachment of the 
cartilages and ligaments to the bony surfaces 
were modelled using tie constraints.  
 
All the translational and rotational degrees of 
freedom of the femoral bone were set to be fixed 
during the simulation. Meanwhile, tibial and 
patellar bones were left totally unconstrained 
throughout the simulation. The minimum 
necessary load to create a quasi-static flexion of 
the knee was applied to the tibial pilon toward the 
centre of the femoral head. Additionally, a 10N 
quadriceps load was applied to the model during 
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knee flexion. The joint kinematics was captured 
by defining the anatomic coordinate systems 
based on the literature [4]. The three 
components of translation as well as the 
internal/external rotation and abduction/ 
adduction of the joint were plotted as opposed to 
the degree of flexion angle to monitor the joint 
kinematics and compare the results with 
experimental corridors. 

RESULTS AND DISCUSSION 

The kinematic results of the knee FE model to 
investigate the effect of changing the ligaments’
material model from transversely isotropic hyper-
elastic to neo-Hookean material is presented in 
Figure 2. The flexion range of the model starts at 
22˚ that is the flexion degree of the joint while 
taking the MRI. The joint continues to adduct 
with increasing flexion angle, although the 
adduction takes place with a higher slope in the 
model using transversely isotropic hyper-elastic 
constitutive low. The knee is 1.31˚ adducted at 
22˚ of flexion and it reaches a maximum 
adduction of 7.03˚ at the end of flexion for the 
transversely isotropic model. The adduction 
amount for the neo-Hookean model is 2.10˚ and
6.15˚ respectively at 22˚ and 64˚ of flexion. 

Fig 2: Knee kinematics (rotations and translations) using 
transversely isotropic hyperelastic ligaments compared 

to neo-Hookean ligaments during passive flexion. 

The tibia tends to move more internally in the 
neo-Hookean model having a maximum of 
12.32˚ at the end of flexion compared with the 
transversely isotropic model which presents a 
maximum of 8.87˚. The centre of tibia keeps 

moving posteriorly and superiorly in both cases. 
The neo-Hookean assigned model undergoes 
17.47mm of posterior translation and 6.86mm 
superior translation at 64˚ of flexion. The model 
with transversely isotropic hyper-elastic 
ligaments undergoes 15.91mm of posterior 
translation and 5.96mm superior translation at 
the end of knee flexion. The tibial mediolateral 
movement shows a minimal alteration during 
knee range of motion for both models. However, 
the model with neo-Hookean material has a 
lower lateral translation (maximum 3.34mm at 
64˚ flexion) compared with the transversely 
isotropic hyper-elastic model (maximum 4.74mm 
at 63˚ flexion).

The results have been compared against a 
native knee experimental corridor derived from 
the literature [5]. The comparison shows that a 
deviation from the experimental corridors is 
present at higher degrees of flexion for the 
anteroposterior movement and at lower angles 
of flexion in terms of the superior movement for 
both material models. This can be explained by 
the fact that knee model is generated from a 
patient suffering from joint deformity and not a 
normal knee. Thus it is not beyond expectation 
that the joint movement path does not match 
entirely to the corridors of the normal knee 
kinematics. However, changing the material 
model has not caused a remarkable alteration in 
the deviation from the experimental corridors in 
any of the degrees of freedom.  

CONCLUSIONS 
In conclusion, the results of the present study 
have demonstrated that changing the material 
model of the ligaments from neo-Hookean to 
anisotropic hyper-elastic while keeping the other 
factors unchanged affects the extracted 
kinematics of the joint in all degrees of freedom 
during a quasi-static knee flexion. However, the 
amount of alteration occurred in the knee 
kinematics due to changing the material model 
did not noticeably alter the deviation of the 
movement path from the native knee 
experimental corridors.  
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INTRODUCTION 
Intraoperative ligament balancing during TKA is 
generally performed based on subjective manual 
evaluation by the surgeon rather than 
quantitative metrics [1]. To define the optimal 
ligament tensioning and avoid postoperative 
complications, a thorough understanding of the 
elongation patterns experienced by the MCL and 
LCL throughout functional activities is crucial. 
Assessment of ligament elongation has been 
demonstrated via fluoroscopy-based tracking of 
the ligament attachment points, however, the 
studied activities have been limited to forward 
lunge and treadmill walking [2, 3] due to 
stationary imaging modalities. This study 
investigated the in vivo elongation patterns of the 
collateral ligaments throughout complete cycles 
of level walking and squatting and assessed the 
sensitivity of the estimated patterns to the 
positioning of the ligament attachment points in 
the subject-specific models. 
 
METHODS 
Tibiofemoral kinematics were captured using a 
moving fluoroscope [4] in 6 TKA patients (5m/1f, 
aged 68±5 years) with an ultra-congruent 
implant (INNEX, Zimmer, Switzerland) 
throughout complete cycles of level walking and 
squatting (Fig.1a). Ligament attachment 
footprints were identified based on pre- and post-
operative CT scans. Multibody models were 
developed with ligaments represented by fibre 
elements distributed over their origin and 
insertion footprints (Fig.1b). The fluoroscopic 
knee kinematics were prescribed to the subject-
specific models to assess the elongation of the 
ligament fibres throughout five cycles of each 
activity. Elongations were reported relative to the 
reference length at heel strike during walking.  
A Monte Carlo analysis was performed by 
generating 500 new models for a single subject 
with the ligament attachments perturbed from 
their nominal location according to Gaussian 
distributions (standard deviations: 5mm in the 
anteroposterior and proximodistal directions, 
and 2mm mediolaterally). Tibiofemoral 
kinematics were fed into the perturbed models 
and the Pearson correlation coefficient (r) was 
computed between the maximum length-change 

of the ligaments and variation in the position of 
their attachments. 
 
RESULTS AND DISCUSSION 
The collateral ligament bundles remained nearly 
isometric during the first 50% of the level walking 
cycle (Fig.1c). From 50% to 70% gait cycle, the 
aMCL experienced lengthening with a maximum 
elongation of 5.4±1.8%, whereas the LCL 
slackened by 4.8±1.6%. With increasing the 
knee flexion angle during squat, the intermediate 
bundle of MCL (iMCL) showed an isometric 
behaviour while the aMCL lengthened (max: 
4.6±1.5%) and the LCL and posterior bundle of 
MCL (pMCL) shortened (Fig.1d).  
 

 
 
Fig 1: Fluoroscopic image during level walking (a). 
3D model of the knee (b). Length-change patterns of 
LCL and MCL during level walking (c) and squatting 
(d). Sensitivity of the length-change patterns to the 
location of femoral and tibial attachments (e and f). 
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The sensitivity analysis revealed that the 
strongest correlations in the max length-change 
of the ligaments were in the location of the 
femoral attachments (Fig.1e). The LCL showed 
the greatest sensitivity with a 1mm shift in the AP 
direction inducing a 1.1% change in the max 
length-change (r=0.68). However, the tibial 
attachment locations did not substantially 
influence the collateral ligament elongations 
(Fig.1f). 
 
CONCLUSIONS 
We coupled dynamic imaging and subject-
specific modelling to quantify post TKA collateral 
ligament function. This investigation revealed 
that MCL and LCL elongation patterns are 
substantially more sensitive to the location of the 
femoral attachment sites relative to the femoral 
component than the tibial attachments relative to 
the tibial component. Thus, in TKA where inlay 
designs dictate the relative tibiofemoral 
kinematics, the implantation of the femoral 
component will critically govern the post-
operative ligament elongations. 
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INTRODUCTION 
Joint movements and loads are difficult to 
measure in vivo in complex musculoskeletal 
(MS) systems, and, therefore, MS models are 
applied to estimate internal kinematics and 
kinetics. Most models use idealized joints (such 
as a revolute joint knee) [1]. Although useful, 
such kinematic constraint-based models cannot 
estimate the effect of loads on the internal 
kinematics of non-conforming joints. More 
advanced MS models that include detailed joint 
representations allow for estimation of joint 
contact forces and secondary kinematics, which 
is necessary to study pathologies like 
osteoarthritis [2]. The geometries that these 
models are constructed upon has also been 
identified as a critical point for the accurate 
estimation of internal forces [3]. 
 
Recently, Marra et al. [4] proposed a 
methodology that included a morphing technique 
to use subject-specific geometries extracted 
from medical images, together with the 
application of the Force-dependent Kinematics 
(FDK) method [5]. This method proved accurate 
and allows to simultaneously estimate muscle, 
ligament and joint contact forces, and internal 
kinematics. 
 
Although necessary validation efforts have been 
made to validate advanced MS models, most 
studies rely on instrumented prostheses [2]. 
However, results from such studies might not 
necessarily be transferable to healthy subjects, 
and therefore, further validation efforts in 
subject-specific natural detailed joint models 
with non-invasive validation methods that can be 
adopted in healthy subjects [6,7] should be 
conducted. 
 
The aims of this study were (1) to apply a MS 
modeling workflow based on subject-specific 
magnetic resonance images (MRI), motion 
capture, and force plate data capable of 
estimating ligament, muscle, patellofemoral and 
tibiofemoral joint contact forces, and internal 
kinematics in a natural knee; and (2) to evaluate 

the estimated secondary joint kinematics based 
on experimental measurements using EOSR 
biplanar X-rays during a quasi-static lunge. 
 
METHODS 
Four subjects’ (age: 38 ± 10 years, body mass: 
74 ± 7 kg, height: 1.86 ± 0.06 m) right leg lunges 
from roughly 0o to 90o of right knee flexion angle 
were recorded with a marker-based motion 
capture system (Qualisys, Sweden) and a force 
platform (AMTI Corp., USA). 
 
To construct MRI-based models in the AnyBody 
Modeling System (AMS, Anybody Technology, 
Denmark), subjects underwent various MRI 
acquisitions that were manually segmented with 
Mimics 18.0 (Materialise, Belgium) to acquire 
subject-specific right leg bones (full pelvis, 
femur, patella, tibia, talus and foot). The bone 
geometries were used to morph the Twente 
Lower Extremity Model (TLEM) 2.0 in Mimics 
and AMS following an advanced morphing 
technique [4] developed by Materialise NV 
(Materialise, Belgium). 
  

 
Fig 1. Simulation workflow in AnyBody Modeling 
system. Left: Multibody kinematics Optimization, 

Middle: FDK-based Inverse dynamic model. Right: 
Closer look to the subject-specific natural knee. 
F(FDK): FDK residual force, α(FDK): FDK degree of 

freedom.  
 

A Multibody Kinematics Optimization (MKO) is 
used in AMS to compute the positions and 
orientations of all segments from the motion 
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capture data as first part of the simulation 
process. During this phase of the simulation (Fig. 
1), all joints were assumed idealized (three 
degrees of freedom in the hip, one in the knee 
and two in the ankle). 
 
The resulting optimized model kinematics from 
the MKO and experimentally recorded ground 
reaction forces and moments were used as input 
to the FDK-based inverse dynamic analyses 
(Fig. 1). For this phase of the simulation, the 
knee kinematic-based constraints were released 
and substituted by an 11 degree of freedom FDK 
knee joint (6 in the tibiofemoral joint and 5 in the 
patellofemoral joint, as the patellar ligament was 
assumed rigid). To restrict and stabilize the FDK 
knee joint, ligaments were included (anterior 
cruciate, posterior cruciate, medial collateral, 
lateral collateral, lateral epicondylo-patellar, 
lateral transverse and medial patellofemoral), 
characterized by three nonlinear force-
displacement regions, and segmented from 
subject-specific MRI. Tibiofemoral and 
patellofemoral articular cartilages were also 
segmented from the MRI to compute contact 
forces based on an elastic foundation contact 
model. Three-element Hill-type muscle models 
defined muscle dynamics and muscle forces 
computed with a third order polynomial cost 
function. The FDK degrees of freedom were free 
to equilibrate between all acting forces (gravity, 
inertia, ligament, contact, and muscle forces). 
 
To evaluate model performance, bi-plane X-ray 
images captured with EOSR (EOS Imaging, 
France) were used to reconstruct the position 
and orientation of femur, tibia and patella at 
certain knee angles during the right knee lunges 
[7] using Matlab (Mathworks, USA) and AMS. 
 

 
Fig. 2. Patellofemoral translations. Experimental 
measures in points and predicted results in lines. 

Left: medio-lateral. Middle: inferior-superior. Right: 
anterior-posterior. Each color represents a subject. 

 

RESULTS AND DISCUSSION 

Accurate estimates of patellofemoral 
translations (Fig. 2) and tibiofemoral secondary 
joint kinematics (Fig. 3) were found: translations 
were predicted with a mean difference (MD) and 
standard error (SE) of 2.13±0.22 mm between all 

trials and measures while rotations had a 
MD±SE of 8.57±0.63o. 
 
The additional degrees of freedom in the 
tibiofemoral joint allowed for a more accurate 
estimation of the secondary joint kinematics 
during a lunge compared to simpler models [7], 
despite a much larger computational cost.  
 

 
Fig 3. Tibiofemoral kinematics. Points represent the 

experimental measures and lines the predicted results 
from the simulation. Above: left, medio-lateral, middle, 

antero-posterior, and right, superior-inferior 
translations. Below: left, abduction-adduction, and 

middle, internal-external rotations. Flexion-extension is 
driven by the MKO. 

 

CONCLUSIONS 
In conclusion, we have developed subject-
specific multibody MS lower limb and natural 
knee models, capable of simultaneously 
simulating internal tibiofemoral and 
patellofemoral secondary joint kinematics and 
forces. We have evaluated our model 
estimations against EOSR experimental data 
from the same subjects and found good 
agreement in tibiofemoral secondary joint 
kinematics and patellofemoral translations. The 
proposed modeling framework provides a 
powerful tool to simulate individualized knee 
mechanics and optimize clinical treatments. 
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INTRODUCTION 
A comprehensive understanding of the factors 
that govern knee joint mechanics during 
functional movements is important to gain insight 
into the pathogenesis of osteoarthritis and 
improve outcomes of total knee arthroplasty 
(TKA). However, the interactions between 
external joint moments, neuromuscular 
coordination, passive tissue forces, and articular 
contact loading that ultimately determine 
functional knee mechanics are highly complex.  

Experimentally, in vivo knee contact forces can 
be measured using instrumented implants and 
knee kinematics assessed using video-
fluoroscopy. Unfortunately, these datasets are 
only available for a limited number of patients. 
Thus, the external knee joint moments, 
especially the knee adduction moment, are 
commonly used as surrogate measures of knee 
loading [1]. However, biarticular muscles that 
cross the hip and ankle also influence knee 
loading, these joint moments may also factor into 
functional knee mechanics. 

Multibody musculoskeletal simulation can 
enable a more comprehensive investigation of 
internal loading by distributing the external joint 
moments to muscle and joint contact forces. 
However, simulation based insights into the role 
of external movement dynamics in knee loading 
are often limited by simplified joint 
representations, uncertainty in model 
parameters, minimal validation.  

The CAMS-Knee datasets provide synchronized 
in vivo measurements that enable 
comprehensive investigation of the correlations 
between external lower limb joint moments and 
internal knee contact forces. We coupled these 
measurements with a novel musculoskeletal 
simulation routine to investigate the 
contributions of external and internal loading to 
knee joint mechanics during functional 
movements. 

METHODS 
Simultaneous tibiofemoral contact forces, 
tibiofemoral kinematics, motion capture, and 
ground reaction forces in six patients with TKA 
during five trials of three gait-like activities (level 
walking, downhill walking, stair descent) and 
three squat-like activities (squatting, sit-to-stand, 
stand-to-sit) were captured within the CAMS-
Knee project and used in this study [2]. All 
patients were implanted with an ultra-congruent 
INNEX TKA (Zimmer AG). Contact forces were 
measured using an instrumented tibial implant 
and kinematics were measured using a novel 
moving fluoroscope. The medial and lateral 
contact forces were computed from the implant 
measurements using force balancing equations. 

A generic musculoskeletal model was 
personalized to each subject in OpenSim based 
on CT scan data. Inverse kinematics was 
performed with the knee kinematics prescribed 
to the fluoroscopic measurements and the hip (3-
rotations) and ankle (1-rotation) kinematics 
calculated from the motion capture data. Inverse 
dynamics was then performed to calculate the 
hip, knee, and ankle moments. Linear first and 
second order regression models were used to 
determine the correlations between the hip and 
knee adduction and flexion moments (HAM, 
HFM, KAM, KFM) and the measured tibiofemoral 
contact forces and kinematics throughout each 
activity. Activities were compared using the 
means of subject correlations based on all trials 
pooled together. 

A detailed knee model was then implemented for 
each subject. The tibiofemoral joint included 6 
degrees of freedom (DOF) and the 
patellofemoral joint had 1 DOF that allows the 
patella to track along the trochlear groove. 
Fourteen ligaments were represented using 
bundles of nonlinear springs. The attachment 
footprints were identified relative to bony 
landmarks from the CT scans using anatomical 
descriptions from the literature. Articular contact 
pressures between the femoral component and 
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tibial inlay were computed using an elastic 
foundation model. The Concurrent Optimization 
of Muscle Activations and Kinematics (COMAK) 
simulation routine was used to predict muscle 
forces, ligament forces, contact pressures, and 
secondary knee kinematics (tibiofemoral 
translations, adduction, rotation, and patellar 
DOF) throughout each activity. COMAK 
simultaneously optimizes muscle activations and 
secondary knee kinematics (5 tibiofemoral DOF, 
6 patellofemoral DOF, and 12 menisci DOF) to 
satisfy both whole-body and joint-level 
movement dynamics, while minimizing a 
weighted squared muscle activation objective 
function. 
 
RESULTS AND DISCUSSION 

 
Fig 1: Correlations between the compressive knee 
contact force and the HAM, HFM, KAM, and KFM for 
only level walking and squatting. The correlations 
were calculated over the entire activity cycle.  
 

The correlations between external joint moments 
and measured contact forces showed distinct 
differences between gait-like activities and 
squat-like activities (Fig 1). Gait-like activities 
showed stronger correlations with the HAM and 
KAM, while squat-like activities showed higher 
correlations with HFM and KFM. The hip and 
knee rotation moments and the ankle flexion 

moment showed only weak correlations for all 
activities. 
 

While the relationships between the external 
joint moments and the joint contact forces were 
strongly activity-type related, no such activity 
dependency was observed in the correlations 
between the external joint moments and knee 
kinematics. 
 
We are now working towards using the 
measured in vivo tibiofemoral contact forces and 
kinematics to validate the COMAK simulation 
predictions. Then, a Monte Carlo analysis will be 
performed where neuromuscular coordination, 
TKA component alignment, and ligament 
properties are perturbed to explore the possible 
knee contact forces that can result from a given 
trajectory of external moments. 
 
CONCLUSIONS 
The strong correlations observed between knee 
contact forces and both hip and knee moments 
were highly activity dependent, possibly driven 
by active biarticular muscles, but also the 
inherent coupling between the hip and knee 
joints. Knee translations were largely determined 
by the knee flexion angle, which reflects the 
highly constrained implant design. Importantly, 
while these data support the use of KAM and 
HAM as a surrogate measure for determining the 
internal loading conditions during gait activities, 
caution should be exercised when applied to 
squat-like activities. Future musculoskeletal 
simulations have great potential to provide 
further insights into the internal musculoskeletal 
loading that leads to these experimental 
correlations.  
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INTRODUCTION 
Deficits in the ankle plantarflexor (PF) muscles, 
such as weakness and contracture, are 
commonly observed in conditions such as 
cerebral palsy and stroke. While these deficits 
likely contribute to observed gait pathologies, 
elucidating a cause-effect relationship is difficult 
due to the often co-occurring biomechanical and 
neural deficits. Physics-based musculoskeletal 
simulations in which kinematics are generated 
de novo can help to untangle these effects as 
deficits can be systematically introduced into the 
model. In this work, we used a simulation and 
optimization framework to train a 
musculoskeletal model to walk without 
impairments and with either PF weakness or 
contracture in order to study how each condition 
would affect the kinematics of the model’s self-
selected gait (Fig 1). 

METHODS 
We used a custom software package, SCONE 
(http://scone.software), to implement our gait 
controller and solve the single-shooting 
optimization problem. This package used 
OpenSim version 3.3 [1] to implement our 
musculoskeletal model and integrate the 
equations of motion to generate 30-second 
simulations. 

We used a planar, 9-degree-of-freedom (dof) 
musculoskeletal model based on a model by 
Delp et al. [2]. The model included a 3-dof planar 
joint for the pelvis, and 1-dof hip, knee, and ankle 
joints for each leg. Each leg was actuated by 9 
Hill-type musculotendon units with a compliant 
tendon, representing the major sagittal plane 
muscles. For our unimpaired model, we adjusted 
musculotendon parameters based on a model by 
Rajagopal et al. [3]. We modelled PF weakness 
by reducing the peak isometric forces of the 
soleus and gastrocnemius muscles to 6.25% of 
their unimpaired values, and we modelled PF 
contracture by reducing the optimal fiber lengths 
of the soleus and gastrocnemius muscles to 55% 
of their unimpaired values. Ligaments were 
modelled as variable stiffness springs that 

engaged during hyperextension and 
hyperflexion of the joints. Contact forces 
between the foot and the ground were computed 
using the Hunt-Crossley contact model [4], with 
contact spheres at the heels and toes to 
represent the foot, and a contact plane to 
represent the ground.  

We modeled neural control using a series of 
state-based controllers based on the model 
developed by Geyer and Herr [5]. Briefly, this 
model uses a set of low-level controllers to 
calculate excitation for each muscle with a 
combination of constant signals, positive and 
negative feedback from the muscle length, 
velocity, and force, and proportional-derivative 
(PD) controllers to stabilize pelvis orientation.  A 
high-level controller determines when the low-
level controllers are active based on the phase 
of gait. In this work, the high-level controller 
transitioned between 5 phases of gait: early 
stance, mid-stance, terminal stance, swing, and 
landing preparation.  

We assessed performance of a simulation using 
the following objective function, J: 

𝐽 = 𝐽cot +𝑤spd𝐽spd +𝑤inj𝐽inj +𝑤hd𝐽hd. 

This function sought to minimize the gross cost 
of transport (Jcot) while maintaining a minimum 
speed (Jspd), avoiding injury (Jinj), and stabilizing 

Fig 1: Our musculoskeletal models with PF 
weakness (left) and contracture (right) learning to 
walk in our simulation and optimization framework. 
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the head (Jhd). We computed gross cost of 
transport, Jcot, by summing the basal and per-
muscle metabolic rates [6, 7]. The speed 
penalty, Jspd, was applied if the speed averaged 
over a step was less than 0.75 m/s. This 
minimum speed value was set to encourage 
forward motion, but was low enough that the 
corresponding penalty term was inactive for any 
optimized solution. If the simulation was 
terminated early due to the model falling, the 
speed was set to 0 m/s for the remainder of the 
30 seconds, yielding a large penalty. The injury 
penalty, Jinj, discouraged hyperextension or 
hyperflexion of the joints by penalizing ligament 
use. To promote head stability, Jhd penalized 
excessive accelerations of a point at the center 
of the head [8]. We manually adjusted weights 
(wspd, wlig, whd) to balance these competing 
objectives. We used the Covariance Matrix 
Adaptation Evolution Strategy algorithm [9] to 
solve for 90 design variables, which include the 
controller and initial pose parameters, that 
minimize our objective function, J. 
 
RESULTS AND DISCUSSION 
Our results support previous work that suggests 
PF weakness or contracture alone plays an 
integral role in adaptations seen in ankle 
kinematics [10, 11] (Fig 2). Our model with PF 
weakness adopted a calcaneal gait, 
characterized by excessive dorsiflexion 
throughout stance, and our model with PF 
contracture adopted an equinus gait, 
characterized by excessive plantarflexion 
throughout stance. 
 
A commonly observed adaptation seen in gait 
pathologies is crouch gait. While it has been 
hypothesized that PF weakness may contribute 
to individuals adopting a crouch gait [12], our 

results did not support this notion as our model 
with PF weakness did not adopt a gait with 
increased knee flexion throughout stance. 
Conversely, our model with PF contracture did 
adopt a gait with increased knee flexion in 
stance, which suggests that joint contractures 
may contribute to crouch gait. Furthermore, 
researchers have previously observed that 
equinus and crouch gait can co-occur [13], and 
our simulations suggest that PF contracture 
alone may contribute to both of these gait 
adaptations. 
 
CONCLUSIONS 
We used a simulation and optimization 
framework to study the role of muscle weakness 
and contracture in gait adaptations. We found 
that with PF weakness, the model adopted a 
calcaneal gait without a crouch, and that with PF 
contracture, the model adopted an equinus gait 
with crouch. This work highlights how 
simulations can help us to better understand how 
specific deficits contribute to observed gait 
pathologies. 
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Fig 2: Knee (top) and ankle (bottom) kinematic 
trajectories of experimental (gray area) [14] and 

simulation (lines) cases. Three simulation cases are 
shown: unimpaired (black), PF weakness (blue), 

and PF contracture (orange) 
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INTRODUCTION 
People with cerebral palsy (CP) often show 
problems with gait due to both neural and non-
neural impairments [1]. Optimal treatment 
selection is challenging because of the complex, 
multilevel nature of these problems. Neuro-
musculoskeletal modelling might provide a 
valuable source of information to assist in 
treatment selection. Predictive simulations can 
be used to gain insights into how common 
impairments, such as hyper-reflexia (spasticity), 
affect gait outcomes. The aim of this study was 
to evaluate how gastrocnemius hyper-reflexia 
affects gait kinematics by using predictive 
simulations. 
 
METHODS 
We used a two-dimensional OpenSim [2] model 
with 14 Hill-type musculotendon complexes and 
9 degrees of freedom for forward dynamic gait 
simulations. An impact model from Hunt & 
Crossley [3] was used to calculate contact 
forces. The reflex-based muscle control model 
described by Geyer and Herr [4] was 
implemented into SCONE 
(http://scone.software), a recently developed 
platform for forward dynamic, predictive 
simulations. In this controller, muscle excitations 
are a combination of constant signals and 
reflexes, based on the muscle length or muscle 
force and the active phase of gait. The initial 
pose and reflex gains were optimized by 
minimization of the cost of transport, using a 
metabolic energy cost model described by Wang 
et al. [5]. The optimization was performed using 
the Covariance Matrix Adaptation Evolution 
Strategy (CMA-ES) [6]. Each simulation was 
optimized twelve times with different initial 
guesses. The SCONE software used the 
OpenSim 3.3. engine for simulation, and 
simulation time was 10 seconds. Penalties were 
applied when the model walked slower than 0.3 
m/s, when the center of mass was below 0.85 m, 
when the ankle angle was beyond 60 degrees 
dorsi- or plantarflexion, and when the knee limit 
force (which mimics knee ligaments) exceeded a 
threshold. The kinematics predicted by the 
forward dynamic simulations of the model were 

compared to experimental data of healthy adults’ 
gait [7].  
 
Subsequently, an extra force-based reflex [8] 
with a constant gain was added to the 
gastrocnemius, mimicking hyper-reflexia. 
Different gains (KF=[0.5, 1.0, 1.5]) of this extra 
reflex  were implemented and after optimization, 
resulting kinematics were compared to the 
healthy gait simulations.  
 
RESULTS AND DISCUSSION 
Our predictive gait simulations resulted in an 
overall good agreement with experimental gait 
data (Fig. 1). These findings indicated that an 
optimized control model assuming that all muscle 
control during gait is based on reflexes matches 
experimental data well. Differences were mainly 
visible in the knee angle, in which the model 
showed too much extension in late-stance, as well 
as too much flexion during swing. The hip also 
showed too much flexion during swing.  
 
Implementing low levels of force-based hyper-
reflexia (KF=0.5 and KF=1.0) only resulted in slight 
changes in kinematics. The hyper-reflexia was 
mainly captured by some more ankle plantar 
flexion in swing and a slightly increased anterior tilt 
of the pelvis. However, when the gain of the extra 
reflex was further increased (KF≥1.5), a relatively 
major change in kinematics appeared. The model 
showed a toe-walking pattern, with higher plantar 
flexion of the ankle during the entire gait cycle. 
During stance both the hip and the knee showed 
more extension compared to the healthy gait 
simulation. The pelvis tilt angle was restored 
towards a similar value and range of motion as in 
the healthy gait simulation.  
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Fig 1: Predictive simulations showed an overall 

good agreement with experimental gait data. Low 
levels of gastrocnemius hyper-reflexia only had a 

slight effect on kinematics. When the hyper-reflexia 
exceeded a threshold, a toe-walking gait pattern 

occurred. 
 
 
 

The results of this study showed how hyper-
reflexia of solely the gastrocnemius could affect 
gait kinematics. Different levels of hyper-reflexia 
were displayed differently in the gait kinematics of 
the predictive simulations.  
 
Interestingly, despite increased activity of the bi-
articular gastrocnemius, the toe-walking pattern 
showed increased knee extension compared to 
healthy gait simulations. This phenomenon could 
be caused by the plantar flexion-knee extension 
couple which could result in this true equinus gait 
as described by Rodda et al. [9].  
 
This study suggests that predictive simulations 
could become a powerful tool in gaining insight into 
how different impairments affect the gait pattern. 
This information may be relevant for clinical 
decision making, when using gait analysis in the 
process of deciding which muscle is affecting gait 
and should be treated. Further studies are needed 
to further evaluate the effects of hyper-reflexia of 
both the gastrocnemius and soleus. Moreover, it is 
important to validate the predictive simulations 
against known pathology and interventions.  
 
CONCLUSIONS 
By applying predictive simulations, these first 
results showed that different levels of 
gastrocnemius hyper-reflexia are manifested 
differently in the gait pattern. Follow-up studies 
can now focus on validation, by comparing the 
results of predictive simulations including 
different levels of hyper-reflexia to experimental 
data from matched individual cases. 
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INTRODUCTION 
The long-term use of pushrim-propelled manual 
wheelchairs can lead to upper extremity pain and 
injuries due to the large, repetitive upper 
extremity loads [1,2]. In order to reduce these 
effects, alternative propulsion modes have been 
proposed and investigated [2]. Among these 
solutions, the lever-propelled wheelchair is 
perhaps the most promising, providing variable 
mechanical advantages and biomechanically 
more favorable arm configurations [2,3]. 
 
In spite of the potential benefits of lever-
propelled wheelchair locomotion, appropriate 
ranges of system parameters such as pivot 
location and gear ratio are still poorly known. 
This study aims at contributing to the future 
understanding of the effects of different system 
parameters on propulsion patterns and upper 
extremity loads by proposing a torque-driven 
model of the wheelchair-user system in lever-
propelled wheelchair locomotion as well as a 
predictive simulation framework. 
 
METHODS 
The proposed model, Fig. 1, is a planar, moving 
four-bar linkage, representing an individual 
applying force in two levers coupled by gears to 
the rear wheels of a wheelchair. The model 
consists of four rigid bodies: arms, forearms, 
levers and body+wheelchair.  The shoulder and 
elbow articulations, the lever pivot and the 
connection between arms and lever are 
considered ideal hinge joints. All anthropometric 
data were obtained from the standard Lower and 
Upper body Model available in the open-source 
software Opensim, scaled to a total body mass 
and a stature of 80 kg and 1.70 m, respectively.  
 
The locomotion cycle was divided in two phases: 
the propulsion phase, with 1 degree of freedom 
(DoF), in which the lever is coupled through a 
fixed gear ratio to the rear wheels of the 
wheelchair, and the recovery phase, in which the 
lever is not coupled to the rear wheel, resulting 
in 2 DoFs. The transition between the return and 
the propulsion phases is assumed collisionless. 
  

 
Fig 1: Proposed model of a lever-propelled 

wheelchair. 
 
The predictive simulations resulted from the 
solution of an optimal control problem that 
searched for periodic optimal time histories of 
the generalized coordinates and velocities, 
elbow and shoulder torque, 𝜏𝑆 and 𝜏𝐸,  and phase 
durations, that minimized the quadratic objective 
function: 
 

𝐽 =  ∫  
(𝜏𝑆

2 + 𝜏𝐸
2)

𝑡𝑓 �̅�
𝑑𝑡

𝑡𝑓 

0

, 

 
and satisfied a prescribed average speed �̅� = 0.5 
m/s, the equations of motion and continuity 
conditions between phases. The problem was 
solved using the optimal control software 
PROPT (Tomlab Optimization Inc., Pulman, 
USA), which implements a Direct Collocation 
approach, with 50 nodes in each phase. 
 
In order to illustrate the applicability of the 
proposed model and framework, simulations 
were generated for 4 combinations of slope 
angles and gear ratios, as shown in Table 1. 
 
Table 1. Simulation scenarios. 

Scenario  1 2 3 4 

slope angle  0º 0º 4.5º 4.5º 

Gear ratio  1:1 1:2 1:1 1:2 
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RESULTS AND DISCUSSION 
Fig. 2 shows the predicted simulation patterns 
for scenario 3. In the propulsion phase, the lever 
moves forward, with application of positive work 
and acceleration of the wheelchair. As the upper 
limbs and levers are retrieved in the first half of 
the recovery phase, the wheelchair is first further 
accelerated due to mechanical coupling and then 
decelerated under the effect of the rolling 
resistance forces and weight component in the 
case of uphill locomotion.  

 

 
Fig 2: Stick figures of simulation in scenario 3 during 

the propulsion (left) and recovery (right) phases. 
 

The simulation results show that lower gear 
rations lead to shorter propulsion lengths and 
higher cadences, on the level (Fig. 3) and on the 
4.5o slope (Fig. 4), results which are consistent 
with experimental observations in [3]. It is 
important to observe that the lower gear ration 
does not lead to lower joint moments in the 
simulated scenarios, but to shorter propulsion 
phase durations instead. 
 

 
Fig 3: Shoulder and elbow moments for both gear 

ratios and inclination angle of 0º. 
 
On the slope (Fig. 4), joint moments are larger, 
total cycle durations are shorter, and propulsion 
phase durations are longer compared to 
locomotion on a level surface (Fig. 3). Note that 
recovery phase joint moments on the slope are 
also much larger due to the high accelerations 
associated with the required fast repositioning of 
the upper extremity and levers.  

 
Fig 4: Shoulder and elbow moments for both gear 

ratios and inclination angle of 4.5º. 

 
CONCLUSIONS 
A predictive simulation framework was proposed 
for lever-propelled wheelchair locomotion that 
was shown to produce realistic predictions, 
consistent with available experimental 
observations reported in the literature. The 
results provide some preliminary insights into the 
effects of gear ratio and slope angle on lever-
propelled wheelchair locomotion patterns. 
  
The model used so far is torque-driven and does 
not consider the important influence of muscle 
properties. Future studies will incorporate 
muscles in the model and extend the 
investigation on the influence of wheelchair 
system properties on lever-propelled wheelchair 
locomotion.  
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INTRODUCTION 
Solving optimal control problems relating to 
human movements has been a focus of the 
biomechanics research community for the past 
45 years [5]. Collocation methods have recently 
repeatedly been shown to offer superior speed 
and convergence compared to traditionally used 
shooting methods for both forward and inverse 
dynamics problems [8,9]. Most uses of 
collocation methods within the biomechanical 
simulation sphere, especially applications using 
OpenSim models, have been used to solve 
inverse dynamics problems [4,7]. The reason 
being that in comparison to shooting methods, 
collocation methods are reliant on gradient-
based NLP solvers and therefore place onerous 
demands on the modeller to supply information 
on the derivatives of the system dynamics 
alongside their model for forward dynamics 
applications [9]. When forward dynamics have 
been optimised using collocation methods, the 
biomechanical models used and movement 
tasks simulated have been relatively simple 
[6,8]. 

There cur ren t ly ex is ts no easy- to -use 
framework that allows users to efficiently and 
reliably solve customisable forward dynamics 
optimal control problems using customisable 
neuromusculoskeletal models. The research 
described in this paper aims to provide tools 
that allow users easily and effectively to apply 
collocation methods to the optimal control of 
human movements. 

METHODS 
A suite of three Python packages has been 
developed to meet this research’s main aim. 
Python was selected due to the wealth of open-
source scientific packages available and its 
ease of prototyping. The three packages 
constituting the suite are: 
1. `pynamics`: a 3D multibody modelling 

package that allows creation of complex 
dynamic models via a simple Python API 
and auto-generates symbolic equations of 
motion. 

2. `pyomechanics`: a biomechanical modelling 
extension to `pynamics` with an emphasis 
on the derivative continuity of its sub-models 
to ensure smooth search-space traversal 
during optimal control problem solving. 

3. `opytimise`: a general purpose optimal 
control package that implements orthogonal 
collocation through Gaussian quadrature 
using Lagrange polynomials at the Radau 
points [2] and uses NLP solver IPOPT [11].  

Efficiently generated symbolic equations of 
system dynamics allow rapid and accurate 
derivative calculation. Theano is used to 
compile rapidly-executing numerical functions 
for explicit evaluation of system dynamics and 
derivatives without the need for numerical 
differentiation to approximate the derivative 
vectors and matrices. Numba and Cython are 
used to enhance the computation speed of the 
developed packages’ NumPy-dependent and 
pure-Python elements respectively. 

RESULTS AND DISCUSSION 
Initial validations of the developed suite have 
been conducted by recreating a previously 
presented simple pendulum swing-up optimal 
control task (task 1) [10] (Fig. 1(a)). An 
additional validation task using a double 
pendulum (task 2), a 2-dof extrapolation of task 
1, has also been conducted (Fig. 1(b)). The 
problem objective was to swing all pendulum 
arms from vertical downwards to vertical 
upwards in 10.0 s while minimising the integral 
of the sum of all applied torques squared. 

Both tasks were solved using two different 
approaches, firstly using the computational 
tools descr ibed in th is abstract (auto-
generated), and secondly as described by [10] 
(user-specified). In user-specified, the user was 
required manually to supply explicit functions 
for the objective function and its first derivative, 

(a) Single pendulum (b) Double pendulum

Fig 1: Swing-up tasks.
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and the constraint functions vector and its 
Jacobian matrix and sparsity structure. While 
this is possible for a simple problem like task 1 
with two variables in its state and one in its 
control, the labour of providing this information 
manually increases with problem complexity 
and quickly becomes unfeasible. The auto-
generated approach contains an additional 
initial step during the problem compilation 
where the constraints vector and all derivatives 
are automatically generated and compiled. 

For both tasks, the global optimal state !  and 
control !  using auto-generated and user-
specified were found to be the same within the 
numerical accuracy of the convergence 
tolerance (Fig. 2). Both tasks are multimodal; 
for both approaches convergence was achieved 
reliably from a wide range of random initial 
guesses throughout the solution space with the 
global optimum being found from 96% and 32% 
of initial guesses for tasks 1 and 2 respectively. 

Benchmarks were taken as an average of 100 
trial runs with 2000 even width collocation mesh 
sections. For task 1, auto-generated was 0.1s 
slower than user-specified (Table 1) due to the 
additional equation generation and compilation 
step. The ease of problem definition with auto-
generated resulted in 15 times fewer lines of 
code for task 1; a line of code being either a 
single variable declaration or a single function 
call. The runtime trend reversed for task 2 with 
auto-generated running 0.2s faster than user-
specified. This was due to auto-generated’s 
more computat ional ly eff ic ient compiled 
numerical functions. The conciseness of 
problem definition with auto-generated also 
further increased for task 2 with 34 times fewer 
lines of code compared to user-specified. Auto-
generated runtimes are expected to become 
proportionally faster relative to user-specified 
as problem complexity increases. 

Although user-specified was initially published 
as a MATLAB script, the authors created a 
Python version to allow a fair comparison of the 
two approaches. All performance benchmarks 
were produced on a 2016 MacBook Pro 15-inch 
with 2.9 GHz Intel Core i7 running Python 3.6. 

There is ongoing work to add scaling algorithms 
a n d h p - a d a p t i v e m e s h r e f i n e m e n t t o 
`opytimise`, and to validate the created 
software tools against three further predictive 
simulation tasks. These are: (A) a simple tug-of-
war with a 1-dof, 2-muscle model [6]; (B) the 
maximum height of simulated maximal jumping 
[1]; and (C) simulated periodic maximal 
pedalling [3]. This further work will be presented 
at the ISCSB 2019. The open-source release of 
the developed packages is planned for later in 
2019. 

CONCLUSIONS 
Reliable and rapid convergence to the same 
global optima using both approaches was found 
to occur given a sensible initial guess for the 
state and control in both tasks. These results 
show that the design decisions taken in this 
work meet the aim of the research and are 
intended to act as a blueprint for how the 
capability of collocation-based predictive 
simulation could in the future be built natively 
into biomechanical modelling software like 
OpenSim. 
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Table 1. Computational performance benchmarks of 
both tasks using auto-generated and user-specified.

Problem Implemen-
tation

No. Lines 
Code

Runtime / 
s

Single 
pendulum

Auto-gen. 12 0.8

User-spec. 177 0.7

Double 
pendulum

Auto-gen. 16 2.7

User-spec. 542 2.9
(a) Single pendulum (b) Double pendulum
Fig 2: Optimal state and control for swing-up task. 
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INTRODUCTION 
Scientists have long tried to decipher the principles 
underlying bipedal locomotion with the aim of 
improving human gait performance and treatment 
of neuro-musculoskeletal disorders. An approach 
to this problem is the use of forward dynamic 
simulations. Such simulations can be used for 
tracking measured movements or for predicting de 
novo movements by optimizing a movement-
related performance criterion (e.g., metabolic cost) 
without relying on measured data. Predictive 
simulations hold a great potential but are 
computationally expensive when based on 
complex musculoskeletal models [1-2]. Therefore, 
the field has not explored their ability to predict the 
range of gaits encountered under different 
environments, pathologies, and augmentations. 

We have developed a computationally efficient 
optimal control framework to generate forward 
dynamic simulations based on complex 
musculoskeletal models. The framework’s 
computational efficiency results from combining 
direct collocation, implicit differential equations, 
and algorithmic differentiation (AD). Here, we first 
demonstrate how using AD instead of more 
common finite differences (FD) drastically 
improves computational (CPU) time of forward 
dynamic simulations. Then, we rely on our 
framework to generate three-dimensional (3D) 
muscle-driven predictive simulations of gait. Our 
3D predictive simulations converge on average in 
36 minutes of CPU time on a single core of a 
standard laptop computer, which is more than 20 
times faster than existing simulations with similarly 
complex models [1-2]. This efficiency allowed us to 
test the ability to predict the mechanics and 
energetics of a range of human gaits based on 
complex models. This is a prerequisite to rely on 
such models for optimal treatment design.  

METHODS 
We formulated forward dynamic simulations as 
optimal control problems. We computed muscle 

excitations by minimizing a cost function subject to 
constraints describing musculoskeletal dynamics. 
We first performed predictive and tracking 
simulations of walking with 2D and 3D 
musculoskeletal models, respectively, while 
comparing AD and FD. For the 2D predictive 
simulations, we minimized the sum of muscle 
activations squared while imposing left-right 
symmetry and average gait speed. For the 3D 
tracking simulations, we minimized the difference 
between measured and model variables (joint 
kinematics, kinetics, ground reaction forces and 
moments) as well as muscle effort. We then 
performed 3D predictive simulations of gait in 
which we minimized a weighted sum of metabolic 
energy rate, muscle activity, and joint 
accelerations while imposing left-right symmetry 
and average gait speed. In particular, we tested 
whether our framework was generalizable by 
predicting gait at different speeds, with muscle 
strength deficits, and with a lower leg prosthesis. 
We compared our 3D simulation results from these 
diverse conditions to those from experiments. 

The resulting nonlinear optimal control problems 
are challenging to solve because of the stiffness of 
the equations describing the musculoskeletal 
dynamics. Due to these stiff equations, a small 
change in muscle excitations can have a large 
impact on the simulated movement pattern and the 
cost function because of, for example, the high 
sensitivity of the ground reaction forces to the 
kinematics. To overcome this challenge, we used 
an optimal control method called direct collocation 
[3]. Compared to others methods such as direct 
shooting, direct collocation reduces the sensitivity 
of the cost function to the optimization variables by 
reducing the time horizon of the integration. 
Applying direct collocation results in large sparse 
nonlinear programming problems (NLP) that can 
be solved efficiently by readily available NLP 
solvers. We further improved the numerical 
conditioning of the NLP by formulating the 
musculoskeletal dynamics with implicit rather than 

41



explicit differential equations [3]. To this aim, we 
introduced additional controls that are the time 
derivative of the states. The implicit dynamic 
equations were then imposed as path constraints. 
Additionally, we reduced CPU time by using AD 
rather than FD to compute derivatives required by 
the NLP solver [4]. AD provides exact derivatives 
and permits the evaluation of a Jacobian-
transposed vector product through its reverse 
mode. Depending on the problem dimensions and 
sparsity, the reverse mode can decrease the 
number of function evaluations required to 
evaluate the matrices required by the NLP solver. 
We created a custom version of OpenSim [5] to 
enable AD of the multi-body dynamics. We 
formulated all problems in MATLAB with CasADi 
[4], using a third order Radau quadrature 
collocation scheme and the solver IPOPT.  

RESULTS AND DISCUSSION 
AD was between 10 and 21 times faster than FD 
to solve 2D predictive and 3D tracking 
simulations (Table 1). Specifically, AD’s reverse 
mode allowed drastically decreasing the CPU time 
spent in evaluating the objective function gradient, 
which led to faster convergence. 

Table 1. Computational time required to solve forward 
dynamic simulations (mean ± standard deviation when 
solving same problem from different initial guesses). 

AD FD 

2D predictive 
simulations 

36  17 (s) 374  210 (s) 

3D tracking 
simulations 

19  7 (min) 334  25 (min) 

Our 3D predictive simulations produced a 
continuum of walking and running gaits when we 
varied the prescribed gait speed from 0.73 to 2.73 
ms-1 using the same control strategy (i.e., cost 
function). Further, the metabolic cost of transport 
(COT) and stride frequency changed as a function 
of speed in agreement with reported data (Fig 1A) 
[6-7]. A transition from walking to running occurred 
at 2.23 ms-1. Our simulations demonstrate that 
walking and running can emerge from the same 
underlying control strategy, providing further 
support for observations based on experiments 
and conceptual models that did not account for the 
large redundancy in the musculoskeletal system. 

Altering musculoskeletal properties led to gaits 
that exhibited clinical gait deficiencies. We 
simulated gait while either weakening all hip 
muscles or the ankle plantarflexors by decreasing 
the maximal isometric muscle forces. Reduced hip 
muscle strength led to greater hip circumduction to 
reduce hip torques (Fig 1B, left); a strategy, known 
as compensated Trendelenburg gait, which may 
be observed in patients with neural injuries or 
myopathies affecting hip muscles [8]. Reduced 
ankle plantarflexor strength resulted in crouch and 

calcaneal gaits that reduced ankle torques (Fig 1B, 
right). Such gaits may be observed in children with 
spastic diplegia who have a weak triceps surae, 
due to an Achilles tendon lengthening surgery [9]. 

Our simulations produced ankle torques and COT 
that are typical of amputees with a transtibial 
passive prosthesis (Fig 1C). Ankle torques of the 
affected leg were larger during early- and mid-
stance than the torques of the unaffected leg [10]. 
The COT was similar to the COT of a healthy 
subject, as expected for physically fit amputees. 

Fig 1: Effect of (A) varying gait speed, (B) weakening 
all hip muscles (left) or the ankle plantaflexors (right), 
and (C) wearing a transtibial passive prosthesis (Exp: 
experiment [2]; Sim: simulation). 

CONCLUSIONS 
The computational efficiency of our framework, 
in part due to AD, allowed us to demonstrate the 
ability to predict the mechanics and energetics of 
a range of gaits with complex models. We expect 
these predictions to enable optimal design of 
treatments aiming to restore gait function. 
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INTRODUCTION 
Low back pain is a common and costly health 
condition that is related to occupation and activities 
of daily living [1, 2]. Tasks that involve forward 
bending and lifting have been identified as risk 
factors for the development of low back pain, due 
to the resulting large spinal loads [3]. Direct 
measurement of in vivo spinal loads is challenging, 
as it requires invasive measurements of intradiscal 
pressure (IDP) [4] or invasive surgery to implant an 
instrumented vertebral body replacement (VBR) in 
patients affected by spinal disorders [5]. One 
alternative to direct measurement of in vivo loads 
is computational modelling. Musculoskeletal 
models can be used to simulate the complexities 
of the spine and evaluate spinal loads during lifting 
or similar tasks [6,7]. However, most 
musculoskeletal models are not open source (i.e. 
unavailable to the biomechanics community), and 
there is currently no validated full-body model for 
the evaluation of spinal loads during lifting on the 
OpenSim platform (SimTK, Stanford, CA) [8]. 
Therefore, the aims of this study were to (1) adapt 
the trunk musculature and movements of an 
existing OpenSim jogging full-body model to lifting 
analysis requirements, and (2) to validate the 
resulting model for the evaluation of lumbar spine 
loading during symmetrical and asymmetrical 
lifting tasks. 

METHODS 
The lifting full-body (LFB) model was developed by 
modifying the joints and muscle properties of the 
Full-Body Lumbar Spine (FBLS) model [9] to suit 
the analysis of lifting tasks. These modifications to 
the model were validated using sensitivity analysis 
and comparisons with reported experimental data. 

Three healthy male participants performed three 
repetitions of four lifting tasks in several loading 
conditions: two-handed stoop (2ST), two-handed 
squat (2SQ), one-handed stoop (1ST), and 
braced-arm-to-thigh (BATT). Participants also 
performed static tasks consisting of unloaded and 
loaded (5 kg mass in each hand) standing with 

straight legs and holding trunk flexion angles of 0°, 
10°, 20°, and 30°. Kinematic and kinetic data were 
collected with a 12-camera Vicon motion analysis 
system (100Hz, Oxford Metric, UK) and two force 
platforms (2kHz, AMTI, USA). A three-axis load 
cell (2kHz, Kistler, SUI) secured to the thigh 
directly above the knee measured the bracing 
forces applied by the hand. 

Model outputs were verified using direct 
comparison between estimated muscle activations 
and experimentally measured electromyography 
(EMG) from the participants in this study, and 
indirect comparison with reported in vivo IDP and 
VBR measurements on different participants. 
Simulations were performed in OpenSim (version 
3.3); the force(s) created by the box held in the 
hand(s) was modelled by incorporating the mass 
properties of the box to those of the hand(s).  

EMG muscle activation comparison was evaluated 
using a cross-correlation analysis, while 
comparisons with IDP were evaluated by a 
correlation analysis. Qualitative comparisons with 
VBR measurements were performed. 

RESULTS AND DISCUSSION 
The resulting LFB model comprised 30 segments, 
29 degrees-of-freedom (six lumbar joints with three 
degrees-of-freedom each), and 238 Hill-type 
musculotendon actuators (trunk musculature only) 
(Fig 1). All maximum isometric muscle forces were 
increased, with a maximum muscle stress (MMS) 
of 100 MPa, to ensure the model could satisfy 
equilibrium for all lifting activities evaluated in this 
study. On evaluation of the model, the 
corresponding maximum isometric extensor 
moments for the model remained within the 
reported ranges [10]. 
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Fig 1: The LFB model with 238 musculotendon 

actuators for the trunk musculature. 

 
The LFB model predictions for muscle activation 
agreed well with the recorded experimental EMG 
signals for the lumbar and thoracic erector spinae, 
both in the timing and pattern of the signals (Fig 2). 
The peak cross-correlation values for the back 
muscles were all r>0.82, and reached values as 
high as r=0.93.  
  

 
Fig 2: Measured EMG and muscle activation 
estimated by the model for the right lumbar 

erector spinae during a squat. 
 

The estimated IDP values agreed strongly with the 
in vivo measurements (R2=0.87). In addition, 
vertebral loading estimates increased as the mass 
lifted and forward bending also increased during 
dynamic lifting tasks, indicating the model can 
appropriately estimate changes in spinal loading 
during loaded and unloaded dynamic trunk 
movements.  
 
The agreement between the normalised VBR 
measurements and the model estimates was low, 
but the same trends were observed: increasing 
intervertebral forces with forward bending and 
higher intervertebral forces when the load was held 

in hands compared to when participants were 
empty-handed. However, several limitations are 
associated VBR implants and the absolute values 
of the measurements must be evaluated with care. 
 
CONCLUSIONS 
The LFB model is an appropriate tool to non-
invasively evaluate changes in lumbar loading 
during symmetrical and asymmetrical lifting tasks 
and other ADLs that involve frequent forward 
bending. The LFB model is available on the 
OpenSim repository. 
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INTRODUCTION 
Predicting bone stress during walking is a 
necessary computation during the design of 
additively manufactured implants which attempt 
to minimize stress shielding and long-term bone 
resorption. Sequential modeling is an emerging 
technique to predict this tissue-level mechanical 
behavior produced during in-vivo loading. In this 
technique, a rigid multi-body musculoskeletal 
(MS) model approximates the muscle forces 
during an activity which are then applied as 
boundary conditions to a deformable, finite 
element (FE) model of the bone. How to best 
project muscle forces onto the bony surface and 
choose appropriate boundary conditions remain 
an open research question. 

The first objective of this study was to integrate 
muscle forces from a musculoskeletal model of 
gait onto a patient-specific finite element pelvic 
model using an anatomic and non-anatomic 
method and to compare the predicted bone 
stresses. Secondly, the effect of muscle forces 
at several points during the gait cycle were 
computed to study the total bone stress 
distribution that results from walking. 

METHODS 
A full-body, MS model of human gait was scaled, 
and calibrated to track motion capture markers 
during walking on an instrumented treadmill for 
one male subject [1, 2]. Muscle parameters were 
calibrated to accurately predict measured knee 
contact forces from an instrumented knee 
replacement. Finally, static optimization was 
used to solve for muscle forces. 

The corresponding FE model was constructed 
from the CT-images of the same subject. Bone 
and implant geometries were manually 
segmented and all geometries were meshed with 
10-node, quadratic tetrahedral elements. As a
result of imaging artifact due to the presence of
a total hip prosthesis, the cortical (E = 18 GPa, v
= 0.3) and trabecular bone (E = 150 MPa, v =
0.2) were considered isotropic. The acetabular
liner (E = 1 GPa, v = 0.3) and cup (E = 210 GPa,
v = 0.3) were also considered isotropic. For the

anatomic method, muscle attachment regions 
were manually selected on the pelvic bone 
surface (Fig. 1 A). For the non-anatomic method, 
the central node was identified and the 
connecting mesh faces were selected (Fig. 1 B). 
Muscle forces were uniformly distributed along 
these regions along each muscle’s effective 
orientation, respectively. Elastic foundations 
were defined at the iliosacral and pubic joint 
boundaries. 

Fig 1: Anatomic (left) and non-anatomic muscle 
attachment sites. 

RESULTS AND DISCUSSION 
Maximum muscle forces, computed from the MS 
model, and their location during the gait cycle are 
presented in Table 1. Muscle attachment site 
method had a noticeable impact on Von Mises 
stress distribution (Fig. 2). Choice of attachment 
method did alter the maximum stress, with non-
anatomic attachments resulting in higher values 
(46% higher for point C in the gait cycle). High 
stress concentrations near the sacrioilac joint 
appear more distributed than similar 
investigations that used a fixed boundary 
condition [3]. Applying the muscle forces was 
found to stress regions of the pelvis that 
otherwise would not be stressed when 
considering the hip reaction force alone. 

Table 1. Magnitude of the maximum muscle loads and 
timing predicted by the MS model. 

Max 
Force 

Mag (N) 

% Gait 
Cycle 

Adductor brevis 54.1 64% 
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Adductor longus 139.1 62% 
Adductor magnus (Distal) 74.0 6% 

Adductor magnus (Ischium) 99.6 6% 
Adductor magnus (Mid) 41.4 6% 

Adductor magnus (Proximal) 66.5 64% 
Biceps femoris (Long Head) 160.8 1% 

Gluteus maximus (1) 178.2 9% 
Gluteus maximus (2) 331.2 8% 
Gluteus medius (1) 456.7 25% 
Gluteus medius (2) 163.6 13% 
Gluteus medius (3) 168.0 10% 
Gluteus minimus (1) 70.3 41% 
Gluteus minimus (2) 64.2 41% 

Ggluteus minimus (3) 58.7 13% 
Gracilis 8.4 64% 
Iliacus 589.5 48% 

Rectus femoris 678.5 54% 
Sartorius 23.4 50% 

Semimembranosus 297.9 1% 
Semitendinosus 45.4 1% 

Tensor fasciae latae 118.3 25% 

Non-anatomic Muscle Attachements 

Anatomic Muscle Attachements 
Fig 2: Pelvic bone Von Misses stress (20 MPa 

upper threshold) at several points in the gait cycle 
(A, B, and C) where hip reaction force is locally 

maximum. 

CONCLUSIONS 

This modeling framework will enable more 
realistic predictions of pelvic bone stress during 
walking.  
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INTRODUCTION 
In orthopaedic surgeries, evaluation and 
treatment planning are highly based on empirical 
evidence and clinical expertise of each surgeon. 
The results of current surgical treatment 
approach remain suboptimal and don’t 
guarantee the resolution of the patient’s 
symptoms. Furthermore, inter-subject 
anatomical variation is hardly considered in 
decision-making. Therefore, a clinically 
applicable patient-specific simulation platform 
for foot and ankle surgery is in demand. With the 
development of computation capacities, numeric 
simulations thus began to show great potential in 
revealing subsurface mechanism inside foot, 
especially in view of the anatomic complexity of 
foot and ankle (26 bones, 34 synovial joints, 
hundreds of ligaments and muscles) and 
technical limitations of current external 
measurement systems. [1] This work presents a 
workflow integrating clinically-oriented data and 
a forward dynamic gait simulation combining a 
multi-body model (lower members) with a finite 
element model (tibia, fibula and foot). 

As the complete platform is still under 
construction, this study aimed to explore 
preliminarily the biomechanical effect of 
supramalleolar osteotomies on the entire foot 
and ankle with the platform. 

METHODS 
Bones was segmented based on CT-scan of a 
healthy subject’s right leg (unloaded condition). 
Soft tissue (skin, heel pad, plantar pad, filler) 
was segmented based on literature imaging 
data. Both segmentations were processed using 
ScanIP (Simpleware, UK).  

Gait analysis (barefoot) was performed on the 
subject using an advanced clinical examination 
platform. Kinematics (with 42 retro-reflective skin 
markers detected by motion capture system), 
kinetics (ground reaction force (GRF), plantar 
pressure measurements (PPM)), and surface 
EMG of lower limb muscles were measured 
simultaneously during the experiment. A 3D 
multi-body (MB) model with 23 degrees of 

freedom (DoFs) was created in Simpack 
(Dassault Systèmes, France) based on CT-scan 
and MRI of the subject. It includes all intrinsic 
foot joints, 9 extrinsic foot muscles (Tibialis 
Anterior/Posterior, Peroneus Brevis/Longus, 
Achilles tendon, Extensor/Flexor Hallucis 
Longus, Extensor/Flexor Digitorum Longus) and 
all foot ligaments. DoFs allowed per joint were 
based on previous kinematic 3D multi-segment 
foot models and results of bone pine studies. 
Orientation of foot from pro-active phase 
obtained in experiment was used as initial 
condition. A forward dynamic gait simulation was 
generated using Simpack and optimized using 
Isight (Dassault Systèmes, France) to 
reconstruct the patient-specific muscular 
activation scheme. 

With all the aforementioned information as 
inputs, a finite element (FE) model was 
automatically generated with an in-house Python 
script using Abaqus (Dassault Systèmes, 
France). Ligaments and tendons are modelled 
as 1D connectors, whose insertion and reflection 
point coordinates are determined by clinicians 
based on anatomical landmarks on CT-scan. 
The plantar fascia was represented by multiple 
connectors to evenly spread the loads. Material 
properties were based on values from the 
literature. 

MB model was initially validated by comparing 
predicted and measured (via surface EMG) 
muscle timings. The error of the FE model was 
calculated as the difference between simulated 
and experimental gait data (PPM and GRF). The 
effect of simulated supramalleolar varus and 
valgus osteotomies on the entire foot was 
assessed by comparing tibiotalar joint pressure 
with literature results. 

RESULTS AND DISCUSSION 
The workflow was validated for the healthy 
subject from loading response to midstance 
through direct comparison between simulated 
gait variables and the coinciding experimentally 
measured ones. Fig. 1 shows that the simulated 
values of varus and valgus supramalleolar 
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osteotomies matching the results of the 
cadaveric study qualitatively [2].  

Fig 1: Stress over talar (above view) & plantar 
pressure 

CONCLUSIONS 
The proposed approach is deemed to have the 
potential to improve decision-making in 
evidence-based clinical practice for surgical 
treatment of foot and ankle pathologies. 
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INTRODUCTION 
Ankle exoskeletons (exos) are used to augment 
locomotor performance in healthy adults, and to 
assist and improve locomotion in individuals with 
motor impairments. However, predicting how a 
given individual will alter their movement in 
response to exo assistance remains challenging. 
Musculoskeletal simulation provides one 
platform to model subject-specific response to 
exo properties [1], but model parameters and 
assumptions about motor control and 
musculotendon properties are invalid for many 
individuals [2]. Musculoskeletal models typically 
use an inverse-dynamic approach, tracking 
known dynamics to estimate changes in muscle 
activity, with limited utility to predict changes in 
kinematics and kinetics. While forward 
simulations enable synthesis of altered 
movement, they are computationally expensive 
and highly sensitive to parameter selection. 

Promising experimental approaches have 
enabled exoskeleton optimization without 
assumptions about individual physiology and 
motor control [3]. Low-dimensional biological 
and phenomenological models provide insight 
through both their subject-specific dynamical 
structure and simulated gait patterns [4,5]. 
However, experimental approaches can be time-
consuming, and both experimental and low-
dimensional modeling methods are generally 
specific to a small set of outcomes.  

Collectively, the aforementioned models contain 
attractive characteristics for exo design. An ideal 
modeling framework to optimize exos for a 
specific individual would (1) be free of 
population-average based assumptions, (2) 
permit simulated response of all states, and (3) 
generalize across outcome measures. 

To address these challenges we investigated the 
ability of Dynamic Mode Decomposition with 
Control (DMDc, [6]) to simulate locomotor 
responses to ankle exo torques. DMDc has been 
used to model and simulate a range of high-
dimensional, complex dynamical systems 
without governing equations, making it a good fit 
for our criteria. However, DMDc has not been 
applied to human gait with exos. The objective of 

this work was to evaluate the ability of DMDc to 
simulate locomotor responses to ankle exos and 
compare to a baseline musculoskeletal modeling 
paradigm [1]. Specifically, we evaluated a “what-
if” experiment, in which we tried to predict 
kinematic and myoelectric responses to exo 
torques not used for model fitting. Comparable 
performance of DMDc to our baseline 
musculoskeletal simulation would support its 
development as a predictive tool for exo design. 

METHODS 
We collected kinematic, kinetic and 
electromyography (EMG) data from three 
healthy adults (3F/0M; age: 22.7±2.5yr, height: 
156±4cm, mass: 51.4±3.1kg) during treadmill 
walking at a steady, self-selected speed while 
wearing bilateral passive ankle exos. We 
collected EMG data bilaterally from seven lower-
limb muscles. We modulated exo plantarflexion 
torque using three springs (K1-K3) and one zero-
stiffness condition (K0). Participants walked for 
four minutes per condition. We computed joint 
kinematics in OpenSim 3.3, using a full-body 27 
degree-of-freedom model [7].  

To capture the nonlinear dynamics of human 
gait, we defined a hybrid variant of DMDc, which 
generated unique reduced-order models for 
different portions of the gait cycle. We defined 
four models based on phases of the gait cycle 
(first double-limb support; single-limb support; 
second double-limb support; swing) within which 
we expected user-exo dynamics to be 
approximately constant. DMDc has the structure 

, where x+ is the future system 
state and Aj & Bj are the state and input matrices, 
respectively. The subscript, j, denotes the phase 
of the gait cycle over which the model was built.  

We fit the DMDc models using data from the K0, 
K1 & K3 exo conditions, with joint kinematics, 
EMG, ground reaction forces and centers of 
pressure as states, x, and exo torque profiles as 
inputs, u. States were subtracted from the K0 
average gait cycle to reflect deviation from the 
“unforced” condition, demeaned and scaled to 
unit variance of the training set. We simulated 
walking for ten gait cycles from the state at 0% 
of each gait cycle of the K2 dataset for validation. 
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As a biologically-based baseline model, we 
simulated the same ten gait cycles in OpenSim 
3.3 using a full-body model with passive exos at 
the ankles [1,7]. We simulated walking using 
OpenSim’s Static Optimization algorithm to 
estimate muscle activity for the model’s 80 
musculotendon actuators. We simulated the K0 
condition, and then the K2 stiffness using K3 
kinematics and kinetics (the most similar part of 
our training set to the K2 data), since inverse 
algorithms cannot predict altered kinematics [1]. 

We compared the accuracy of the simulated 
muscle activity and kinematics using the relative 
remaining variance (RRV) of simulated versus 
experimental waveforms for DMDc and 
OpenSim. OpenSim results were transformed to 
reflect deviation from the K0 condition.  

Fig 1: RRV values averaged over the right and left 
legs for simulated muscle activity (top) and 

kinematics (bottom). 

RESULTS AND DISCUSSION 
OpenSim and DMDc had similar fidelity in 
predicting changes in muscle activity with ankle 
exos, although DMDc often had slightly better 
performance (lower RRV for DMDc vs OpenSim, 
Fig. 1). However, variation existed in the ability 
of both algorithms to predict changes in muscle 
activity. On average, DMDc produced RRVs 0.62 
less than OpenSim for the plantarflexors, 0.85 
for the knee extensors and 0.54 for the hip 
extensors. Only P1 had RRV values below one, 
indicating that DMDc captured some of the 
variance in the experimental data. DMDc 
explained 60% of the variance in P1’s soleus 
activity (RRV>0.40), comparable to a similar 
modeling approach for running kinematics [4].  

DMDc’s simulated kinematics were more similar 
to the experimental data (K2) than the most-
similar exo stiffness level (K3). Compared to the 
average K3 trial, DMDc reduced RRVs on 
average by 1.16, 0.54 and 0.33 at the ankle, 

knee, and hip, respectively. Again, P1’s 
kinematics were most accurately predicted, 
possibly due to relatively large and repeatable 
responses to exo torque (Fig. 2). We expect that 
DMDc’s predictive accuracy will further improve 
as kinematics and kinetics vary more between 
experimental exo conditions. This may be an 
important consideration when collecting datasets 
rich enough for parameter estimation within 
many modeling paradigms [3].  

Fig 2: Simulated soleus activity (top) and ankle 
kinematics (bottom) in OpenSim and DMDc for P1. 
OpenSim ankle kinematics were from the K3 trial. 

CONCLUSIONS 
DMDc generated similar or more accurate 
predictions of locomotor response to exos than 
our baseline OpenSim model, without any 
assumptions about individual physiology or 
motor control. While well-tuned biologically-
based models may provide improved 
predictions, modeling paradigms that relax 
biological assumptions about response to exo 
torques may produce more generalizable 
predictive simulations across individuals with 
diverse motor abilities. Additionally, the flexibility 
of such models may enable them to inform exo 
design beyond resource-rich gait labs.  
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INTRODUCTION 
It is an undeniable fact that musculoskeletal 
systems are inherently redundant, i.e., there are 
more degrees of freedom than those required to 
perform certain tasks and each degree of 
freedom is actuated by multiple muscles. This 
over-availability poses numerous challenges in 
the process of modeling and simulation that can 
negatively affect the validity of the models and 
the obtained results, rendering their application 
frequently inappropriate for clinical practice. The 
projection from a low- to a high-dimensional 
space is not uniquely defined (e.g., muscle 
sharing problem), however, this indeterminacy 
can be captured mathematically using the notion 
of null space. This study presents a method for 
calculating the feasible muscle forces that satisfy 
the movement and physiological muscle 
constraints. Its importance is demonstrated in 
the context of joint reaction and joint stiffness 
analysis. Results demonstrate that 1) 
misinterpretation of the results is possible if the 
redundant (null space) solutions are ignored and 
2) the musculoskeletal system is capable of
achieving a highly variable stiffness using
muscle co-contraction, highlighting the
importance of performing feasibility studies.

METHODS 
The muscle forces 𝒇𝑚 ∈ ℝ𝑚 are related to the

generalized forces 𝝉 ∈ ℝ𝑛 through the moment 
arm matrix 𝑹. When the muscle forces are 
known, the generalized forces are calculated 
uniquely. Since the muscle forces cannot be 
measured non-invasively, they are estimated 
from experimentally measured kinematics and 
externally applied forces. However, this 
approach results in an underdetermined set of 
equations, which is typically solved by 
formulating an optimization problem that 
minimizes some objective criterion. A particular 
solution will not only bias the results, but will also 
affect the calculation of other quantities that 
depend on the muscle forces [1, 2]. Therefore, 
identification of the feasible solution space can 
help to properly interpret results obtained from 
the redundant musculoskeletal systems. 

In a typical experimental setup the motion and 
externally applied forces are recorded. Given 

these recordings, inverse kinematics and inverse 
dynamics are performed in order to assess the 
model kinematics and kinetics that satisfy the 
experimental measurements. Instead of 
estimating the muscle forces by forming an 
optimization problem, one could find the family 
of solutions that satisfy the following equation for 
the known 𝝉 

𝒇𝑚 = −𝑹+𝑇𝝉 + 𝑵𝑹𝒇𝑚0, 𝑵𝑹 = 𝑰 − 𝑹𝑹+ (1) 

where 𝑵𝑹 represents the null space moment arm 

matrix and 𝒇𝑚0 an arbitrarily selected vector. 
Note that 𝒇𝑚 spans the entire ℝ𝑚 for some

arbitrary value of 𝝉 and 𝒇𝑚0, whereas in reality 
muscle forces are strictly positive (contraction) 
and bounded (limited force). However, the null 
space term can provide a suitable correction in 
order to satisfy the physiological muscle 
constraints. Assuming a linear muscle model 

𝒇𝑚 = 𝒇𝑚𝑎𝑥 ∘ 𝒂𝑚, 𝟎 ≼ 𝒂𝑚 ≼ 𝟏 (2) 

where 𝒇𝑚𝑎𝑥 denotes the muscle strength and 𝒂𝑚 
the muscle activation, one could observe that 
Eqs. (1) and (2) must be equal 

−𝑹+𝑇𝝉 + 𝑵𝑹𝒇𝑚0 = 𝒇𝑚𝑎𝑥 ∘ 𝒂𝑚, 𝟎 ≼ 𝒂𝑚 ≼ 𝟏

[
−𝑵𝑹

𝑵𝑹
] 𝒇𝑚0 ≼ [

−𝑹+𝑇𝝉
𝒇𝑚𝑎𝑥 + 𝑹+𝑇𝝉

]. (3) 

It can be shown that Eq. (3) is convex and 
bounded thus can be sampled for 𝒇𝑚0 using 
vertex enumeration techniques [1]. Therefore, 
the feasible muscle forces can be obtained by 
adding the solutions that satisfy Eq. (3) to the 
particular solution 

{𝒇𝑚} = {−𝑹+𝑇𝝉 + 𝑵𝑹𝒇𝑚0
𝑖 , ∀𝑖}.

RESULTS AND DISCUSSION 
Two case studies are presented, where the 
influence of musculoskeletal redundancy on the 
feasible joint reaction load and joint stiffness is 
evaluated. An anatomically realistic gait model 
(OpenSim [3]) is utilized. The model has ten 
degrees of freedom and eighteen muscles, 
features lower extremity joint definitions, low 
back joint and a planar knee model. 

An accurate estimation of the muscle forces is 
essential for the assessment of joint reaction 
loads. The normalized (with respect to body 
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weight) reaction forces on the knee joint during 
walking are reported in Fig. 1, along with the heel 
strike and toe-off events. The shaded area 
depicts the reaction force range as attributed to 
the null space solutions of muscle forces. The 
red dotted line represents the results obtained 
from OpenSim by minimizing the square of 
muscle actications. The large range of possible 
values confirms that misinterpretation of results 
is possible if the null space solutions are ignored. 
Consequently, the null space contributions can 
significantly alter the reaction loads without 
affecting the movement.  
 

 
Fig. 1: Comparison between feasible reaction forces 

on the knee (proposed method) and optimization-
based obtained (OpenSim). 

 

Intuitively, stiffness (or rigidity) is the extent to 
which the limbs resist movement induced by 
external forces. It can be shown that the joint 
stiffness can be calculated from the muscle 
forces [2] 

 𝑲𝑗 = −
𝜕𝑹𝑇

𝜕𝒒
𝒇𝑚 − 𝑹𝑇𝑲𝑚𝑹 (4) 

where the first term captures the varying effect 
of the muscle moment arm matrix, while the 
second term maps the muscle space stiffness 

𝑲𝑚 to joint space. In order to compute the joint 

space stiffness using Eq. (4), a model for 
selecting the muscle stiffness must be defined. 
The definition of short range stiffness [4] 

𝑘𝑖𝑖 = 𝛾
𝑓𝑚

𝑙𝑚
𝑜  

is used for calculating the diagonal elements 

(inter-muscle coupling is ignored) of 𝑲𝑚, with 𝛾 =
23.4 and 𝑙𝑚

𝑜  being the optimal fiber length. 
 
Fig. 2 depicts the feasible joint stiffness of the 
hip, knee and ankle joints during walking with the 
heel strike and toe-off events annotated 
accordingly. These results confirm experimental 
measurements and furthermore present 
similarities in the outline of the minimum stiffness 
predicted by our method. Notably, the hip 
stiffness range is gradually decreasing between 
heel strike and toe-off, because the flexor 
muscles are preparing for the swing phase and 
the capacity to increase the joint stiffness riches 
its lowest value before the toe-off event. A similar 
pattern is observed at the knee joint, which 
undergoes a flexion and a subsequent extension 
during the swing phase. We observe that the 

capacity of the muscles to modulate the ankle 
stiffness is not decreased and the range is 
gradually shifted upwards in the region between 
the heel strike and toe-off events. The increase 
in the minimum possible values of the ankle 
stiffness is attributed to the counterbalance of 
the ground reaction forces by the ankle plantar 
flexion muscles. As muscle effort is spent by 
these muscles, one would expect a lower 
maximum bound, which is not the case here. 
This could be contributed to the fact that the 
musculoskeletal system is asymmetric, i.e., the 
plantar flexion muscles can induce larger 
magnitudes of moment at the ankle joint in 
comparison to the dorsiflexion muscles. We can 
conclude that the contribution of the ground 
reaction forces results in an increase of the ankle 
stiffness. 
 

 
Fig. 2: The feasible joint stiffness of the hip, knee and 

ankle joints during walking with the heel strike (HS) 
and toe-off (TO) events annotated accordingly. 

 
CONCLUSIONS 
Null space solutions, although typically ignored 
in musculoskeletal system simulations, offer 
deep insights and provide a much broader 
framework for modelling, simulation and analysis 
of redundant musculoskeletal systems. 
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INTRODUCTION 
Residual force and moment quantities assess 
the dynamic inconsistencies (i.e., errors) of a 
simulation [1]. Subjective recommendations for 
the maximum allowable residuals have been 
recommended for reasonable simulations of 
walking and running [2]. Though some 
recommendations have been purported in the 
literature, standards for residual thresholds, 
however, have not yet been established nor 
formalized. The use of simulation within the 
human and animal sciences has evolved beyond 
walking and running gait to include more 
dynamic tasks like landing, change of direction, 
etc. As such, there is need for researchers to 
establish more formal guidelines associated with 
what constitutes an acceptable or reasonable 
simulation for research purposes. 

The purpose of this study was to assess the 
effects residual forces have on the predicted 
ground reaction forces (GRF), specifically the 
zero-moment point (ZMP) location, of a simulation. 
Additionally, we will propose a computational 
framework for establishing residual force 
thresholds for acceptable or reasonable 
simulations of human and animal movement. 

METHODS 
Zero moment point computations can be used to 
predict simulated GRF from the experimental 
kinematic measures for single stance phases of 
movement [3, 4]. Inverse dynamic computations 
first find the model’s residual forces (𝐹𝑝) and 

moments (𝑀𝑝) (at the pelvis whose position is 𝑟𝑝 

= {𝑋𝑝, 𝑌𝑝, 𝑍𝑝} with respect to the ground origin in 

our case), computed without applied external 
loads. The residuals are then transformed to a 
point on the ground that would have an 
equivalent effect on the model. If errors in the 
these transformed forces and moments are zero, 
the resulting ZMP-estimated forces and 
moments are dynamically consistent with 
experimental GRF and center of pressure (COP) 
measures [4, 5]. As errors increase, the 
residuals beyond the experimental GRF 

increase, which can be quantified as changes in 
ZMP estimations. 

�̅�𝑍𝑀𝑃 = �̅�𝑝 (1) 

�̅�𝑍𝑀𝑃 + �̅�𝑍𝑀𝑃 × �̅�𝑍𝑀𝑃 = �̅�𝑝 + �̅�𝑝 × �̅�𝑝 (2) 

𝐹𝑍𝑀𝑃 and 𝑀𝑍𝑀𝑃 are forces and moments 
calculated at a point on the ground positioned at 
𝑟𝑍𝑀𝑃 with respect to the ground origin (Eq. 1 & 2). 
Like calculating the COP, the ZMP location for a 
given position of the pelvis 𝑟𝑝 can be calculated 

as follows: 

𝑋𝑍𝑀𝑃 = 𝑓(𝑀𝑍𝑝, 𝐹𝑋𝑝, 𝐹𝑌𝑝) = 𝑋𝑝 +
(𝑀𝑍𝑝−𝑌𝑝𝐹𝑋𝑝)

𝐹𝑌𝑝
(3) 

𝑍𝑍𝑀𝑃 = 𝑔(𝑀𝑋𝑝, 𝐹𝑍𝑝, 𝐹𝑌𝑝) = 𝑍𝑝 −
(𝑀𝑋𝑝+𝑌𝑝𝐹𝑍𝑝)

𝐹𝑌𝑝
(4) 

From above (Eq. 3 & 4), the change in X 
(anteroposterior) and Z (mediolateral) positions 
of the ZMP are functions that describe the 
potential errors due to increased residuals as the 
total differentials in the three residual variables: 

∆𝑋𝑍𝑀𝑃 =
1

𝐹𝑌𝑝
(∆𝑀𝑍𝑝 − 𝑌𝑝∆𝐹𝑋𝑝 −

(𝑀𝑍𝑝−𝑌𝑝𝐹𝑋𝑝)∆𝐹𝑌𝑝

𝐹𝑌𝑝
) (5) 

∆𝑍𝑍𝑀𝑃 =
1

𝐹𝑌𝑝
(−∆𝑀𝑋𝑝 − 𝑌𝑝∆𝐹𝑍𝑝 +

(𝑀𝑋𝑝−𝑌𝑝𝐹𝑍𝑝)∆𝐹𝑌𝑝

𝐹𝑌𝑝
) (6) 

The applied interpretation of the computational 
relationships (Eq. 1 – 6) prove that the changes 
in the position of the ZMP are reduced for 
movements with higher vertical forces. To better 
understand the residual relationships between 
horizontal residual forces and moments and the 
X and Z (transverse plane) position of the ZMP, 
we varied the 𝐹𝑋𝑝, 𝐹𝑍𝑝, 𝑀𝑋𝑝 and 𝑀𝑍𝑝 residuals 

(𝐹𝑌𝑝 residual not varied here for brevity). 

Residuals forces were normalized by 𝐹𝑌𝑝 and 𝑌𝑝 

and residual moments by 𝐹𝑌𝑝. ZMP changes 

were normalized by foot length (aligned in X 
direction) and the foot width (aligned in Z 
direction). Deviations of the ZMP location 
outside the foot (±50% of foot length and foot 
width) were not quantified as we assume this to 
mean that the ZMP deviated beyond the 
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boundaries of the foot or outside the model’s 
base of support (BoS). 
 
RESULTS AND DISCUSSION 
ZMP changed proportional to a coupled 
relationship of paired residual force and moment 
(Fig. 1 & 2). Importantly, there were multiple 
values of coupled residuals in a predictable 
relationship that did not impart a change in ZMP, 
which represents a perfect agreement between 
the ZMP position and the experimental COP 
position (see red lines in figures below). Change 
in ZMP position was inversely proportional to 
vertical force (𝐹𝑌𝑝, not shown for brevity). 

Relationships with vertical force prove that more 
dynamic movements could afford to have higher 
residuals, with minimal sacrifice to the dynamic 
consistency of the simulation. 
 

 
Fig. 1: 𝑋𝑍𝑀𝑃 (anteroposterior position) changes 

with residuals 𝐹𝑋𝑝 (anteroposterior force) and 

𝑀𝑍𝑝 (moment about mediolateral axis). Red line 

indicates no change in ZMP location across 
multiple residuals. 

 

 
Fig. 2: 𝑍𝑍𝑀𝑃 (mediolateral position) changes 

with residuals 𝐹𝑍𝑝 (mediolateral force) and 𝑀𝑋𝑝 

(moment about anteroposterior axis). Red line 
indicates no change in ZMP location across 

multiple residuals. 
 
From Eq. 5 & 6, it is evident that increasing 
residuals in isolation changes the ZMP position, 
and ultimately causes the ZMP to go beyond the 
boundaries of the foot or outside the BoS. A 
relationship between residual 𝐹𝑋𝑝 

(anteroposterior force) and residual 𝑀𝑍𝑝 

(moment about mediolateral direction) shows 
that an increase in one of these residuals 
accompanied by decrease in the other pushes 
the ZMP outside of the BoS in the 
anteroposterior (X) direction (Fig. 1). A similar 
relationship is observed for the ZMP 
mediolateral (Z) position (Fig. 2).  
 
Importantly, the ZMP anteroposterior (X) position 
did not change when 𝐹𝑋𝑝 and 𝑀𝑍𝑝 residuals 

simultaneously changed in the same direction 
with equal normalized magnitude. The ZMP 
mediolateral (Z) position also did not change 
when 𝐹𝑍𝑝 and 𝑀𝑋𝑝 residuals simultaneously 

changed in opposite directions with equal 
normalized magnitudes. These unrecognized 
relationships result from the fact that the paired 
residuals ‘canceled each other out’ and show 
that it is possible to have high individual residual 
estimates, if, and only if, another residual is 
sufficiently high to ‘cancel out’ deleterious effects 
on the ZMP position. In other words, individual 
residual force and moment threshold magnitudes 
should not be considered independent from each 
other; alternatively, the relationship and coupled 
effects on the ZMP position and resulting 
dynamic consistency of a simulation should be 
considered together when defining boundaries 
or making recommendations related to residual 
force and moment thresholds for a reasonable 
simulation. It is also important to note that 
because the effect of high residual forces on 
ZMP position can ‘cancel out’, the time varying 
kinematics of a simulation should be considered 
in parallel when assessing the dynamic 
consistency of a simulation.  
 
CONCLUSIONS 
Dynamic movements with different velocity 
characteristics can and should have different 
residual force and moment thresholds. The 
inherent collinearities between individual force 
and moment residuals, which affect the dynamic 
consistency of a simulation (i.e., ZMP position 
versus COP), deserves future research to 
establish functional residual thresholds for 
simulations of human and animal movement.  
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INTRODUCTION 
Estimation of muscle forces during human 
movement could facilitate the development of 
improved interventions for disorders such as 
osteoarthritis, stroke, cerebral palsy, and 
Parkinson's disease [1]. Static optimization, 
applied one time frame at a time, is used to 
estimate muscle activations, which leads to 
minimized antagonistic coactivation. Muscle 
synergies from non-negative matrix factorization 
(NMF) have been used previously within static 
optimization (SO) to limit the achievable 
predicted muscle activations by reducing solution 
indeterminacy and increasing physiological co-
activation [2]. Methodological decisions, such as 
EMG normalization and decomposition 
approach, highly influence the NMF results and 
should be studied. 
 

This study describes a computational approach 
(synergy-informed optimization—SIO) for using 
muscle synergies to resolve indeterminacy in 
estimating leg muscle forces during walking and 
evaluates how the number of synergies, EMG 
normalization, and decomposition method affect 
muscle activation and joint moment estimates 
compared to experimental data. 
 

METHODS 
Walking data (Motion, ground reaction, and EMG 
of 10 trials at self-selected speed) from a 
previous study of a patient post-stroke with 
significant walking dysfunction were used [3]. A 
modified OpenSim ([4]) model with 31 degrees of 
freedom (DoFs; 5 per leg) and 35 leg muscles 
was used for an initial musculoskeletal analysis, 
including scaling and inverse kinematics and 
dynamics. Next, musculoskeletal parameters of 
the model were calibrated within an EMG-driven 
simulation [3]. 
 

EMG signals were normalized based on 4 
different quantities: max value observed over all 
trials (MaxOver), max value per trial (MaxPer), 
unit variance (UnitVar), and unit 2-norm 
(MagPer). Two factorization analyses extracted 
muscle synergy commands and weights from 
normalized EMG signals: 1) Concatenated non-
negative matrix factorization (CNMF) that 
decomposed EMGs from 9 arbitrarily chosen 

trials and 2) Traditional trial-specific NMF that 
decomposed EMGs of the remaining trial from 
the CNMF case. Note that CNMF assumed the 
synergy weights were fixed among all trials [5]. 
The resulting synergy weights of both NMF 
analyses were then passed to SIO to solve all 
time frames together for optimal muscle synergy 
commands C of the 10th trial by minimizing the 
error from tracking inverse dynamics moments 
(M) over one gait cycle. Synergy commands were 
parameterized with 21 control nodes and 
resampled to 101 points using B-splines. 
MATLAB lsgnonlin was used to solve the following: 
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where r and F are muscle moment arm and force, 
respectively. Note that the objective function 
above is only joint moment tracking, and no 
physiological effort minimization was assumed in 
this optimization. 
 

RESULTS AND DISCUSSION 
As the number of synergies increased, 
factorization variance accounted for (VAF) and 
average joint moment matching quality (R2) was 
improved (Table 1). Cases with 2 and 3 
synergies were deemed insufficient (R2<0). 
MaxPer led to higher correlations between 
activations and EMGs, which might be due to the 
fact that NMF (and CNMF) works based on 
magnitude unlike PCA that is variance-based. 
 

Muscle activations from the synergy-informed 
optimization approach showed a significantly 
higher correlation with EMG data compared to 
those from the traditional SO. As an example, for 
6 synergies with MaxPer, mean correlation 
between estimated activations and EMGs were 
0.88, 0.71, and 0.54 for SIO with NMF synergy 
weights, SIO with CNMF synergy weights, and 
SO, respectively (Fig. 1). NMF resulted in more 
accurate activations compared to CNMF, since 
SIO-NMF used trial-specific synergy weights. 
 

Increasing the number of synergies did not 
increase the correlation between activation and 
EMG. This could be related to the increase of 
moment tracking that came at the cost of lower 
activation estimation quality. 

57

mailto:shourijeh@rice.edu
http://rcnl.rice.edu/


In case 6 synergies were chosen, the number of 
unknowns was 126 (6 synergies x 21 control 
nodes) whereas the number of known equations 
were 505 (5 DoFs x 101 time frames), which 
made the problem overdetermined unlike the 
SO-based synergy optimization [2]. However 
with 7 and 8 synergies, SIO converged to 
different solutions once different initial guesses 
were used for the optimization. Although the 
number of unknowns (147 and 168, respectively) 
was still less than 505 and the optimization 
problem was theoretically over-determined, in 
practice, these two cases remained under-
determined since neighboring time frames were 
not independent from one another.  
 

The musculoskeletal model used in this study had 
been calibrated using an EMG-driven framework. 
This made the EMGs consistent with the joint 
moments and therefore might have increased the 
chance of SIO to find more accurate activations. 
Future work on using a generic musculoskeletal 
model with this approach seems warranted. 
 

Although activation minimization has been 
commonly used in musculoskeletal simulations 
of healthy subjects (despite poor agreement with 
the activation estimates and EMG), there is no 

evidence that subjects with movement or 
neurological disorders apply this assumption as 
their neural control strategy. SIO may be the 
approach to estimate muscle activations and 
forces in different populations with no 
assumption on the physiological optimality, 
unlike static optimization. 
 

CONCLUSIONS 
Synergy-informed optimization requires a priori 
muscle synergy information, which in the case of 
CNMF can be from a limited number of trials. 
Despite that, SIO did not make any assumption 
about effort minimization and with a suitable 
EMG normalization method such as MaxPer 
showed to be promising in the estimation of 
muscle activation. 
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Table 1. Effect of 4 different normalization methods, 2 different factorization ways, and number of synergies on the 
quality of joint moment tracking (mean R2 across all degrees of freedom) and correlation of muscle activation 
estimates and EMG (mean Pearson correlation across all muscles)  
 

Normalization 
# Synergies 4 5 6 

Factorization CNMF NMF CNMF NMF CNMF NMF 

MaxOver 
VAF 98.8 99.2 99.4 99.6 99.7 99.7 

r 0.69 0.82 0.53 0.63 0.54 0.73 
R2 0.93 0.98 0.96 0.99 0.99 0.99 

MaxPer 
VAF 94.9 98.4 96.4 98.8 97.9 99.4 

r 0.59 0.83 0.56 0.83 0.71 0.88 
R2 0.93 0.98 0.98 0.99 0.99 0.99 

UnitVar 
VAF 95.6 98.5 97.6 98.8 98.2 99.3 

r 0.65 0.83 0.67 0.85 0.67 0.79 
R2 0.96 0.98 0.98 0.99 0.99 0.99 

MagPer 
VAF 95.2 98.6 96.6 98.9 97.7 99.5 

r 0.65 0.82 0.65 0.84 0.59 0.88 
R2 0.96 0.98 0.97 0.99 0.99 0.99 

 

 
 

Figure 1: Muscle activation estimates of synergy informed optimization (SIO-CNMF: SIO using CNMF synergy 
weights; SIO-NMF: SIO using trial-specific NMF synergy weights) using 6 synergies and MaxPer normalization 
versus static optimization (SO) and experimental muscle activity for gluteus maximus (glmax), gluteus medius 
(glmed), psoas, semitendinosus, rectus femoris, vastus medialis (vasmed) and lateralis (vaslat), gastrocnemius 
lateralis (gaslat) and medialis (gasmed), tibialis anterior (tibant), peroneus longus (perlong), and soleus. 
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INTRODUCTION 
Despite a large number of studies in human gait 
analysis, there are very few research papers on 
predictive human gait simulations independent 
of motion tracking. Predictive human gait 
simulation is challenging researchers to obtain 
sufficient accuracy and computational efficiency 
to support evaluative studies (e.g., model-based 
assistive device controllers, athlete training, 
prosthesis and orthosis design). 
 
The steps of our research are: (1) to develop a 
symbolic 2D skeletal human model with a 3D 
ellipsoidal foot-ground contact model in 
MapleSim; (2) to formulate an optimization to 
identify parameters for the ellipsoidal contact 
model; (3) to formulate a data-tracking 
optimization, using the optimized contact model 
from step (2), to produce feasible initial guess 
points for a fully-predictive optimization; (4) to 
formulate that fully-predictive optimization to 
generate a fully-predictive gait simulation. All 
optimizations are generated using direct 
collocation optimal control (GPOPS-II) [1]. Steps 
(1) and (2) have been achieved so far. The 
results from step (2), i.e., the optimized contact 
parameters and the simulated results obtained 
from the contact parameter identification, have 
been reported as the preliminary results in this 
paper. The results from steps (3) and (4) will be 
presented in future. 
 
To increase the prediction accuracy and 
computational efficiency, dynamic equations and 
foot-ground contact equations are developed in 
a symbolic form, which is not limited by 
numerical programming [2]. Furthermore, the 
foot-ground contact model is a 3D ellipsoidal 
volumetric contact model that better captures 
distributed loads than point contact models [3] 
and better represents the complex geometry of a 
foot than spherical contact models. 
 
METHODS 
Experimental gait data is required to define initial 
guess points and data-tracking terms for the 
optimization process and also to verify the 
simulated results. The data, extracted from [4], 

includes the pelvis position, the joint angles and 
torques of the right hip, knee and ankle, and foot-
ground reaction forces (GRF) for 20 healthy 
young subjects (9 males and 11 females) with an 
age of 10.8±3.2 years, a mass of 41.4±15.5 kg 
and a height of 1.47±0.2 m. Angle data for the 
right toe joint is also required for the optimization 
process. Thus, a trajectory consistent with the 
rest of the experimental data is estimated for the 
right toe joint. Since human gait is bilaterally 
symmetric, the data for the left leg is estimated 
using Fourier series interpolation with a time shift 
on the data of the right leg. 
 
The human model, assumed to move in the 
sagittal plane, includes 9 bodies and 11 degrees 
of freedom (DOFs). The bodies are head-arms-
trunk (HAT), thighs, shanks, hind-fore-feet and 
toes. The joints are 3-DOF HAT-to-ground joint, 
1-DOF hip joints, 1-DOF knee joints, 1-DOF 
ankle joints and 1-DOF toe joints. The 
anthropometric data of all bodies except for the 
hind-fore-feet and toes are determined from [5]. 
For the hind-fore-foot and toe bodies, mass and 
geometric properties are extracted from [6] and 
[7], respectively. 
 
The foot-ground contact is represented by a 3D 
volumetric contact model [8]. Each foot is 
modeled by three ellipsoids: toe, fore-foot and 
hind-foot. Each ellipsoid has specific position, 
orientation and dimensions. The schematic of 
the model geometry is illustrated in Fig 1. 
 

 

X 
Y 

z 

Y 

X Z  

 

 
Fig 1: The human model and the contact model for 
the right foot. 
 
The symbolic gait model is created in MapleSim 
2018 and the corresponding equations are 
exported as optimized C-code to MATLAB to be 
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used in the optimization process. The 
optimization process, implemented in GPOPS-II, 
includes three optimizations: contact parameter 
identification, data-tracking optimization and 
fully-predictive optimization. 
 
So far the first optimization has been developed 
to identify contact parameters including the 
positions, orientations and dimensions of 
ellipsoids, static and dynamic friction coefficients 
and volumetric stiffness and damping 
coefficients. The optimized contact model will be 
used for the future two optimizations. 
 
RESULTS AND DISCUSSION 
 
The results from the first optimization, step (2), 
are illustrated in this section. We used the same 
optimization settings as [9] to facilitate the 
comparison of results.  
 
The optimal contact parameters and the 
optimized contact geometry for the right foot are 
shown in Table 1 and Fig 2, respectively. Fig 3 
shows the simulated motions, torques and GRF 
for the right leg, compared with the 
corresponding experimental data. The 
approximate root-mean-square (RMS) errors are 
10 N.m, 6 Deg and 60 N for the torques, motions 
and normal GRF, respectively. These errors are 
comparable to the errors reported in [9]. 
 

Table 1. The optimal contact parameters. 
 

Volumetric stiffness 9.6e6(N/m3) 
Volumetric damping 0.34 (s/m) 
Dynamic friction 0.51 
Static friction 0.60 

 

 
Fig 2: The optimized contact geometry. 

 
The future work is to develop the other two 
optimizations, i.e., the data-tracking optimization 
and fully-predictive optimization. In the data-
tracking optimization, gait motion is predicted by 
tracking the experimental data. Then the results 
are used as the initial guess points for the fully-
predictive optimization, which will predict human 
gait without experimental data tracking by 
minimizing the energy consumed per unit 
distance walked. In this optimization, the 
experimental data will only be used in the initial 
guess; there will be no data-tracking term in the 
cost function. 
 

 
Fig 3: The simulated (solid lines) and experimental 
(highlighted area) torques, motions and GRF. 
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INTRODUCTION 
Osteoporosis of the pelvis and femur occur in a 
large proportion of military transfemoral (TF) 
amputees. Its prevalence in this, typically young, 
population has been reported at above 70% 
[1,2]. Osteoporotic bone carries an increased 
fracture risk, with many fractures occurring with 
minimal trauma [3]. Fracture has serious 
implications on mobility, physical dependency 
and morbidity [4]. For amputees this has a 
disproportionate effect on functionality as it can 
compromise future prosthetic use. To prevent or 
reverse the onset of this skeletal disease we 
must first understand the potential underpinning 
mechanisms. 
 
METHODS 
Through the development of biofidelic 
musculoskeletal (MSK) and adaptive finite 
element (FE) computational models, we aim to 
determine how the mechanical loading 
environment experienced during daily activities 
could contribute to the observed trend of 
deteriorating bone-mineral density (BMD) in the 
femur of a TF amputee subject.  

 
Fig 1: Patient-specific musculoskeletal models of a 
bilateral TF/TK amputee and a body-matched, able-

bodied, volunteer. 

 
The amputee MSK model is patient-specific 
(Figure 1). Muscle insertions and maximum 
isometric muscle forces have been derived from 
the MRI scans of a bilateral TF/through-knee 
(TK) amputee. Joint position and mechanics 
have been adjusted where necessary to match 
the degrees of freedom at the prosthetic socket 
[5], knee and ankle joints. The MSK model is 
used to estimate muscle and joint reaction forces 
during amputee gait. These can be compared 
and contrasted to those predicted for an able-
bodied, body-matched, control.  
 
The combined modelling approach with FE 
allows us to determine the subsequent effect of 
these forces on the residual femur of the 
amputee [6,7]. Predicted muscle and joint 
reaction forces from the MSK model make up the 
loading scenario used in an, MRI-derived, FE 
model of the amputee’s right femur, residuum 
and prosthetic socket. We are, therefore, able to 
study the effect of specific muscle activations on 
the environment of stress and strain in the femur. 
By including the prosthetic socket in FE analysis, 
we aim to evaluate the direct effect of load-
transmission through the socket on the residual 
femur by applying the knee joint reaction force 
into the knee joint of the prosthetic socket rather 
than directly into the femur.  
 
The envelope of forces experienced by the 
residual femur of the amputee in comparison to 
that of the body-matched volunteer allows us to 
assess the risk of bone resorption.  
 
RESULTS AND DISCUSSION 
Altered muscle activation patterns, associated 
with TF amputee gait, affect loading of the femur 
at muscle insertions and origins. We see lowered 
activation in most muscles that functioned as 
knee-extensors or flexors prior to amputation. 
Lower strains along the intertrochanteric line 
could be attributed to the reduced contribution of 
the vastus muscles which no longer connect 
across the knee joint via the patella. 
 
Our FE results confirm the hypothesis that 
weight-bearing through a prosthetic socket 
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results in significant changes to the load-path 
through bone and tissues when compared to 
weight-bearing on a healthy limb. Forces during 
gait now transfer from the ground to the 
prosthesis, into the carbon fibre socket before 
being spread over large areas of the residuum 
soft tissue, with less load transferred axially 
through the shaft of the femur in comparison to 
in the able-bodied control. Consequently, large 
areas of the femoral shaft and neck experience 
significantly reduced levels of stimulation (Figure 
2). This issue is believed to be accentuated by 
modern prosthetic socket design.  
 
Based on the principles of Frost’s Mechanostat 
[8], we believe that reduced strain from altered 
muscle activation patterns and stress-shielding 
of bone due to the prosthetic socket could be 
resulting in bone resorption within the femur of 
TF amputees.  
 
With the addition of other activities to the current 
loading scenario, such as sitting and standing, 
we expect to see some improvement in bone 
stimulation as they will provide more varied 
muscle activation patterns and joint loading. 
However, we believe that weight-bearing 
through the socket and altered muscle activation 
could be key contributors to reduced BMD in the 
TF amputee population. 

 
 

Fig 2: Frontal and transverse slices showing bone 
resorption risk in the femur of a TF amputee.  

 
CONCLUSIONS 
We believe the results show that the mechanical 
loading environment experienced by amputees 
while wearing a prosthesis should be considered 
a contributor to low BMD in the amputee 
population. Ultimately, we aim to determine a 
means for stimulating bone health, whether that 

is by identifying key regions for direct loading in 
physiotherapy, use of alternative prosthetic 
devices or by prescribing a daily routine of 
specific activities to stimulate key regions. 
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INTRODUCTION 
The representation of joints is an integral part of 
computer models of the human body. Rigid body 
joints have proven to be a valuable tool for 
investigating dynamic movements. These 
simplified joints enable muscle force 
optimizations to be performed with reasonable 
simulation times.  
 
One major drawback of these simple joint 
models lies in their limited capability for the 
detailed examination of joint load distributions. 
Joint load investigations are mostly performed 
using models created using the finite element 
method (FEM). This method allows detailed 
analysis of articular contact mechanics but 
requires comparably high computational 
resources and consequently long simulation 
times, limiting their applicability to mostly static 
or quasi-static investigations.  
 
Additionally, only limited experimental data exist 
on material properties of many cartilaginous 
tissues. Using a full FEM approach and a 
sophisticated FEM material without accurate 
material properties will drastically increase the 
simulation time but yield limited additional 
benefit due to the uncertainty in the results.  
 
Simulations of larger dynamic movements, such 
as a full gait or chewing cycle, require a high 
number of time steps and hence differences in 
computational speed become more drastic. To 
make biomechanical simulations relevant for 
clinical practice and enable large-scale 
sensitivity analyses, it is of utmost importance to 
minimize simulation times. 
 
Synovial joints with cartilaginous discs (e.g. knee 
and temporomandibular) pose a special 
challenge for musculoskeletal simulations of 
movement. While elastic foundation (EF) models 
provide reasonable approximations for articular 
cartilage as a thin elastic layer bonded to a rigid 
substrate [1], they are not well suited for 
cartilaginous discs that deform in multiple 

dimensions. However, the loading of such discs 
is important clinically due to the difficulty of repair 
and their importance to the development of 
osteoarthritis [2]. Thus, improved computational 
methods are necessary to enable FEM 
representations of the discs in muscle driven 
simulations of dynamic movements.     
 
Hence, this project proposes an efficient contact 
model that combines a FEM model for the 
cartilaginous disc and elastic foundation (EF) of 
the opposing contact surfaces. The intention is 
to enable biomechanical researchers to 
simultaneously fulfill the goal of reasonable 
simulation times and detailed analysis of 
cartilaginous disc load during dynamic 
movements of synovial joints. 
 
METHODS 
To showcase our approach, we will present three 
simulation scenarios: 

• A simple test case consisting of idealized 
contact shapes and surfaces; 

• A model of the masticatory system; and 

• A model of the human knee. 
 

All simulations were performed using the 
ArtiSynth modeling toolkit (www.artisynth.org). 
Bony structures are modeled as rigid bodies and 
muscles are represented using a Hill-type 
approach. Articular cartilage is modelled as an 
Elastic Foundation Contact Model [3]. Contact 
pressure p between the surface mesh of the 
cartilaginous disc (CD) and the articular cartilage 
(AC) mesh is computed using: 
 

p(𝑑) = K ln (1 −
𝑑

ℎ
) ,  K ≡

−(1 − ν)𝐸

(1 + ν)(1 − 2ν)
 

 

(1) 

,where 𝐸 is the elastic modulus, ν is the Poisson’s 
ratio, 𝑑 represents the depth of penetration and 

ℎ is the cartilage thickness.  
The CD is modeled using an FEM model, with 
the material depending on the respective joint. 
Contact between the CD and the AC is 
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determined by finding the FEM nodes of the CD 
which penetrate the AC mesh. Each of these 
then defines a contact, with a penetration depth 

𝑑 and normal direction 𝒏. Equation (1) is then 

used to determine the appropriate nodal 

response force 𝐟, according to 

 

𝐟 = 𝑝(𝑑)𝐴 𝒏, 
 
where 𝐴 is the surface area associated with the 

contact (estimated by dividing the total mesh 
penetration area by the number of penetrating 
vertices). 
 
Since the contact forces are very stiff, stable 
simulation requires the use of either extremely 
small time steps, or an implicit integrator. For 
additional stability, we actually use a constraint 
regularization scheme, in which contact is not 
simulated directly with forces, but rather by using 
constraints, based on the contact normal 
directions, which the force behavior is then used 
to regularize, or “soften”. Full details are given in 
[4].  
 
RESULTS AND DISCUSSION 
Idealized simulations using the test case model 
verified correct implementation of the elastic 
contact model. Moreover, the test model 
demonstrated expected results for the 
interaction between EF-based articular cartilage 
and the FEM-based cartilaginous disc. 
 
Preliminary simulations with the jaw model yield 
reasonable TMJ loads as well as movement 
patterns of the mandible that are consistent with 

Fig 1: Clenching simulation example; a) model side 
view; b) TMJ disc loading from top view; c) condylar 
cartilage contact pressure from top view; d) fossa 
articularis cartilage contact pressure from bottom view 

 

experimental findings. Detailed results for the 
test case, temporomandibular joint, and knee 
joint will be presented at the symposium.   
 
This project introduces a novel approach for the 
modeling of synovial joints with a cartilaginous 
disc. The new method enables muscle driven 
simulations of dynamic movements that include 
finite element representations of the deformable 
discs. We showcased these capabilities using a 
simple test case and two joints of the human 
body: the knee joint and the TMJ.  
 
This novel methodology has important 
implications for both clinical and simulation 
research. Clinically, meniscal and TMJ disc tears 
and degeneration are important problems in 
modern medicine and detailed investigations in 
the onset of such pathologies might help 
developing new prevention as well as treatment 
strategies. Our accelerated simulation  
framework will help to translate high fidelity 
simulations into the clinic and enable large-scale 
sensitivity studies to investigate the uncertainty 
in predictions due to limited knowledge of soft 
tissue material properties. 
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INTRODUCTION 
Previously developed structural finite element 
models of trabecular bone adaptation [1-2] have 
used randomized networks of truss elements 
which consider axial force, requiring high nodal 
connectivity (the number of structural elements 
connecting to each node) to maintain structural 
and computational stability. With element level 
adaptation, allowing elements to reduce cross-
sectional area or Young’s modulus until their 
contribution is negligible, nodal connectivity can 
reduce but remains higher than that observed in 
bone samples [3]. This study presents the use of 
a Voronoi network of beam elements which 
consider axial force, biaxial bending and torsion 
moments, requiring lower nodal connectivity to 
maintain structural and computational stability, 
and allowing structural adaptation to be carried 
out at the element and network level. 
 
The majority of studies seeking to model 
trabecular bone adaptation in response to 
mechanical stimulus have adopted a continuum 
finite element modelling (cFEM) approach, at 
either the macro-scale using elements larger 
than individual trabeculae [4], or at the micro-
scale using elements smaller than individual 
trabeculae [5]. While cFEM can be effectively 
utilized to investigate bone modelling and 
remodelling at both scales, at macroscale it is 
not capable of elucidating possible structural 
forms for trabecular bone, and at microscale it is 
exceptionally computationally demanding. 
 
A computationally efficient alternative to 
microscale cFEM is structural FEM (sFEM) in 
which the structure being modelled is 
represented as an idealized network of truss or 
beam elements rather than as a continuum of 
solid elements. For human vertebral bone 
samples [6] demonstrated excellent agreement 
between both FEM approaches, with a 1,000 to 
10,000 fold reduction in computational time for 
sFEM models built using beam elements in 
comparison to microscale cFEM models, 
depending on the mesh resolution. 
 
Studies that have used sFEM to model bone 
adaptation in the femur [1] and pelvis [2] in 

response to multiple load cases have used truss 
elements, which deform in the axial direction but 
ignore bending and torsion. This is consistent 
with Wolff’s ‘law’ that bone forms along 
trajectories associated with the directions of 
principal compressive or tensile stresses, 
minimizing bending. The resulting sFEM models 
have been successfully used to predict fracture 
loads and patterns in the femur [7]. 
 
However, the use of truss elements in bone 
adaptation results in structures with artificially 
high nodal connectivity (NC) as seen in 
optimized long-span space structures such as 
those used in airports, railway stations and 
conference centers. A minimum NC of 6 results 
due to the orthotropic nature of the principal 
stress directions that bone is believed to form 
along, while a higher NC is required to resist 
multiple load cases which introduce shear due to 
off axis loading compared to the principal stress 
directions found when adaptation is carried out 
for a single load case. Recent studies [3] 
contradict the trajectory hypothesis for bone 
adaption, indicating frequent NC values of 3 and 
4 with elements connecting into nodes in 
common structural arrangements or motifs. A 
Voronoi network provides an abundance of 
nodes with an initial NC of 4. 
 
METHODS 
This study presents preliminary results from 
virtual in-silico bone samples built using the 
Voronoi method of partitioning space around 
points, so that each edge in the resulting 
structure is equidistant from two or more points. 
3D Voronoi networks are built in Rhino using the 
Grasshopper parametric design tool and 
analyzed using the Abaqus finite element solver. 
 
The strain driven adaptation described in [1-2] is 
being extended to allow biaxial bending moment 
as well as axial forces to be considered in 
element level bone adaptation. 
 
Fig 1 shows an example of a 25x25x25mm 
Voronoi network structure built from 100 random 
points, subject to compressive loading causing 
20% strain in the vertical direction. Each 
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structural member running between two nodes is 
modelled using four beam elements with a 
Hermite cubic shape function. The radius of all 
elements is set to 0.25mm in the initial state. 
 

 
Fig 1: A Voronoi network structure subject to a 20% 

compressive strain in the vertical direction. Un-
deformed shape in blue, deformed shape in red. 

 
RESULTS AND DISCUSSION 
The axial force, biaxial bending and torsion 
moment distributions for the Voronoi network 
introduced in Fig 1 are shown in Figs 2 to 4. 
 

 
Fig 2: Axial force distribution shown on the un-

deformed shape. Rainbow shading, blue indicates 
compression (≤-10N), red indicates tension (≥+10N). 
 
From Fig 2 it can be seen that those members 
close to vertical in orientation are subject to 
compression while those close to horizontal are 
subject to tension. 
 
From Fig 3 it can be seen that in general bending 
moment is higher towards the nodes and lower 
towards the center of the structural members. 
This is in agreement with the observation that 
trabecular bone architecture is built up towards 
the nodes, with higher bending moment resulting 
in higher normal stress and strain at the extreme 
fibers of the structural members towards the 
nodes, which reduces proportional to the cube of 
the trabecular radius. Rapid change in bending 
moment close to the nodes may present a risk of 
micro-cracking in this zone, where trabecular 
radius also undergoes rapid change.  

 
Fig 3: Biaxial bending moment magnitude 

distribution. Rainbow shading, blue indicates close 
to zero, red indicates ≥10Nmm. 

 

 
Fig 4: Torsion moment magnitude distribution. 

Rainbow shading, blue indicates close to zero, red 
indicates ≥1Nmm 

 
From Fig 4 it can be seen that the majority of 
trabeculae are under torsion. While the values 
are less than those for bending moment they are 
sufficient to significantly alter principal stress 
and strain values and orientations within 
trabeculae and may account for specific micro 
and nano-structural arrangements.   
 
CONCLUSIONS 
Based on these preliminary results using a 
Voronoi network is considered a promising 
approach to model trabecular bone adaptation. 
Ongoing work will investigate the adaptation of 
trabecular bone through varying element cross-
sectional properties and through the iterative 
placement of the points used to construct the 
Voronoi network to realign structural members 
based on the loading envelop that bone is 
subjected to during activities of daily living. 
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INTRODUCTION 
Three-dimensional (3D) image based, subject 
specific models of the ankle complex can be useful 
predictive and planning tools in clinical 
applications such as diagnosis of ligament injuries, 
planning personalized surgical reconstructive 
procedures, and evaluation of Total Ankle 
Replacements. However, few subject-specific 
computational models exist that produce the 
complex 3D properties of the ankle complex [1]. 
Using a computational modelling framework 
introduced by us in the past [1], we developed in 
the present study several such subject-specific 
models and compared their simulated mechanical 
behaviour against the experimental data on a 
subject-by-subject basis. This comparison 
providing the necessary testing of the validity and 
reliability of our ankle complex models. It also 
allowed us to test the validity of the hypothesis that 
the source of the inter-subject variability in joint 
mechanical properties is the inherent inter-subject 
variability in the morphology of the ankle’s 
articulating bones.  
 
METHODS 
Cadaver leg specimens (n=9) were scanned both 
on CT and MRI and then tested on a special 
linkage where they were loaded in three planes 
(Figure 1). The applied loads and displacement in 
3D of the calcaneus, talus and tibia were recorded 
[2].  

 
Figure 1 – Experimental set-up for testing the cadaver 
legs in three planes. The applied torque and the 
displacement of hindfoot bones (calcaneus, talus, tibia) 
were recorded.  

 

Using the image data, 3D models of the ankle 
complex were produced for each specimen. The 
models included bone morphology, ligament 
attachments, articular cartilage thickness 
distribution. Cartilage-based contact mechanics 
and mechanical properties, ligaments pre-strains, 
and ligament mechanical properties were based 
on literature (Figure 2) [3,4]. 

 
Figure 2 – The process of producing the subject-specific 
ankle complex models  

 
Simulations, using experimental loading and 
boundary conditions, were performed with 
ADAMSTM [1].  

 
Figure 3 – ADAMS simulation environment for 
simulating Ankle behaviour in three planes. 
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Subject specific comparison included Range of 
Motion, Load-Displacement characteristics, and 
surface-to-surface interaction based on distance 
mapping which quantified the distance 
distributions between the articular surfaces. 
 
RESULTS AND DISCUSSION 
The results show good agreement in ROM, in all 
three planes of motion (Figure 4). The load-
displacement characteristics obtained with the 
models were similar to the experimental results 
and produced the non-linear behaviour with the 
typical hysteresis characteristics (Figure 5). 

 
Figure 4 – Comparison of total range of motion in the 
three planes of motion between experimental data and 
models. 

 

 
Figure 5 – Comparison of displacement-load in three 
planes between experimental data and model for one 
specimen. 

 
The surface to surface interaction at the ankle 
joint [5] described by the distance maps, 
produced in the neutral position and at the 
extreme of the ROM in all direction showed good 
agreement between the simulations and the 
experiments (Figure 6). 
 
CONCLUSIONS 
Data obtained from image-based, subject-specific 
computational models were compared to 
experimental data from cadaver specimens on a 
specimen-by-specimen basis and produced 

 
Figure 6 – Comparison of distance maps at the ankle 
joint in neutral and in extreme dorsiflexion and 
plantarflexion position, between the experimental 
data and the results of the simulation for one 
specimen. 

  
similar results over a wide range of biomechanical 
parameters, confirming the reliability of these 
models. Such models may be used in the future as 
an important aid in personalized treatment 
planning such as design of patient specific surgical 
planning for ligament reconstructions and design 
of patient specific Total Ankle Replacements. In 
addition, both the experimental and corresponding 
simulation results demonstrate large inter-
specimen and inter-model variability in mechanical 
properties of the ankle complex (see for example 
Figure 4). Such large inter-subject variability was 
observed and documented in many earlier 
experimental studies. The correspondence 
between the models results and the experimental 
results and the large inter-subject variability 
strongly suggest that this inter-subject variability is 
to a great extent the results of inter-subject 
variations in the morphology of the articulating 
bones. In addition, the large inter-model variations 
in mechanical properties suggests that, unlike the 
common practice used in many modelling studies, 
one single “representative” model may not be 
adequate to understand and characterize a variety 
of ankle joint mechanical phenomena. A more 
reliable approach would require a multitude of 
models so that the inter-model variability could be 
described.  
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INTRODUCTION 
Mechanical ventilation (MV) is an indispensable 
treatment for patients with respiratory failure. 
However, it is generally considered lung 
damaging due to high and unphysiological 
pressure loads [1]. Hollow fiber membrane 
oxygenators are a lung protective alternative. In 
these devices blood flows on the shell side of the 
fibers while the lumen is swept with O2. Thereby 
blood gasses are exchanged through the fiber 
wall. 
  
Although necessary to provide sufficient gas 
exchange, the high extrinsic surface of a hollow 
fiber packing has negative effects on platelets 
parameters leading to blood coagulation [2]. 
Stagnation and back flow zones further promote 
this clotting mechanism. Consequently, the 
optimization of membrane oxygenators is crucial 
to prevent such complications in a clinical 
setting.  
 
To reduce the membrane area, gas exchange 
performance has to be improved. Consequently, 
the main transport barrier, the laminar boundary 
layer at the blood side membrane surface has to 
be decreased. This layer is very thin with respect 
to the dimensions of an oxygenator. 
Nevertheless, this microscale phenomena has a 
significant impact on the overall gas exchange 
performance. In order to avoid recirculation or 
stagnation zones the macroscopic flow design of 
the oxygenator has to be enhanced. The latter is 
also critical when trying to diminish the laminar 
boundary layer. In conclusion, macro and 
microscale flow phenomena have to be 
controlled for a general improvement of blood 
oxygenators. Therefore, a multi scale approach 
is necessary. 
 
While experiments are indispensable in the 
development of oxygenators they are time 
consuming, expensive and are mostly limited to 
acquisition of macroscopic and spatially 
restricted data. Computational fluid dynamics 
(CFD) is able to complement this data and 
delivers a full spatial and temporal resolution of 
macro- and microscale phenomena. In this study 

we therefore present a holistic approach 
combining both experimental and simulation 
methods to investigate micro- and macroflow 
phenomena in the membrane packing which will 
ultimately help to systematically optimize blood 
oxygenators. 
 
METHODS 
All simulations were carried out employing the 
open source CFD tool box OpenFOAM 
(OpenFOAM Foundation Ltd, version 4.1.) 
Evaluation of the macroscopic blood flow 
distribution in the packing was conducted by 
basic flow simulations. Additionally, a hemolysis 
model was implemented to detect sections with 
high blood damage potential [3].  
 
A multi-region solver membraneFoam [4] was 
developed to investigate microscale phenomena 
and the transmembrane transport. The solver is 
capable to resolve the diffusive resistance of the 
laminar boundary layer as well as the gas 
transport through the membrane. Thereby blood 
flow on the shell side and sweep gas flow in the 
lumen are simulated simultaneously. In scope of 
this research only CO2 transport through the 
membrane was simulated. 
 
To experimentally assess the influence of 
macroscopic blood flow on the CO2 exchange 
performance an in vitro recirculation loop was 
built. The loop incorporates a prototype 
membrane module which was variated regarding 
active fiber length and packing diameter, while 
keeping a constant fiber spacing of 200 µm. The 
test setup additionally contains a centrifugal 
pump and an extracorporeal oxygenator which is 
used to provide a certain CO2 partial pressure in 
blood feed stream. For validation of the CFD 
simulations pressure loss over and blood flow 
rate through the prototype module were 
recorded. Also CO2 partial pressure in blood and 
sweep gas were measured. With the in vitro loop 
it is also possible to determine blood hemolysis. 
The microstructure of the laminar boundary layer 
will in future be experimentally studied using a 
microparticle image velocimetry (µPIV system). 
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RESULTS AND DISCUSSION 
The measured specific CO2 exchange rate 
agrees well with comparable literature data. 
Although active fiber length and packing 
diameter were variated by 20 and 7 %, 
respectively, no significant influence on the 
specific CO2 exchange range was detected (see 
Table 1). 
 
Table 1. Specific transmembrane CO2 flux for the 
three different prototype module variations. 
Dimensions relative to standard module. 

Area 
Packing CO2 exchange rate 

(mL STP/min/cm2) Length Diameter 
100 % 100 % 100 % 0.022 
+20 % +20 % +0 % 0.025 
+20 % +0 % +7 % 0.024 

 
The blood side pressure drop of all three module 
types was comparable. It ranged between 
40mmHg to 280 mmHg at blood flow rates 
variating from 800 mL/min to 2800 mL/min. 
Pressure drop determined with macroscopic flow 
simulations shows good agreement with 
experimental data (see Fig. 1).  
 

 
Fig 1: Comparison of blood side pressure drop 
determined with CFD (♦) and experiments (▲). 

 
Macroscopic flow simulations provided the 
velocity distribution in the membrane module 
and allowed to detect areas with high strain rates 
at the inlet section. Furthermore, the results 
show that blood predominantly streams through 
the packing in a cross flow mode (see Fig. 2).  
 

      
Fig 2: Simulation results of strain rate (left) and 
radial velocity (right) in the prototype module. 

 
The computed velocities were used as boundary 
condition for specie transport simulations on a 
microscale level using membraneFoam.  

The specific transmembrane CO2 flux 
determined by the simulations complies with 
experimental data obtained by the in vitro trials. 
Driving force for the transmembrane flux is the 
partial pressure gradient. Figure 3 shows the 
CO2 partial pressure distribution (pCO2) at one 
fiber half in cross flow set up. The strongest drop 
of the CO2 partial pressure is located in the 
boundary layer, confirming findings of previous 
research. 
 

 
Fig 3: CO2 partial pressure distribution gained 
with membraneFoam visualizing the laminar 

boundary layer at the membrane surface. 
 
CONCLUSIONS 
A holistic approach to optimize oxygenators 
combining experimental and numerical methods 
on a macro and microscale level was presented. 
Findings of the CFD simulations agrees with 
experimental data and complement the 
information gained in in vitro trails. By employing 
the proposed approach in future, an efficient 
optimization of oxygenators is possible. 
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INTRODUCTION 
Gait biomechanical changes have been widely 
reported as a result of ageing [1]. The most 
typical and straightforward differences presented 
by older individuals compared to young are 
slower gait speed and faster step frequency [1,2].  
 
A more complex gait modification that has been 
reported and associated with ageing is the distal-
to-proximal redistribution of hip-knee-ankle joint 
moments [3]. However, this redistribution has not 
been observed when the walking speed was 
controlled which suggests that ageing may not be 
causing this alteration [2]. The problem is that it is 
not possible to isolate the age effects since older 
individuals tend to adopt a faster cadence at a 
given speed. In fact, a recent study with only 
healthy young individuals found that both step 
length and frequency influence walking 
biomechanics but, unfortunately, joint moment 
redistribution was not reported in that study [3]. 
The understanding about the effects of step 
frequency manipulation on joint moment 
distribution is even more limited concerning long 
distance running despite the increased 
participation of older adults in running practice.  
 
This study aims to examining the effect of step 
frequency at controlled speeds on joint moments 
in healthy young runners.  
 
METHODS 
Seven (six males and one female) young 
competitive runners (age: 32±7 years; body 
height: 174±5 cm and mass: 70±13 kg) were 
evaluated in the present study after an informed 
consent, approved by the university ethics 
committee, was obtained. The subjects were 
required to walk and run on an instrumented 
treadmill at controlled speeds of 1.2 m/s and 
3.3 m/s, respectively, under three step 
frequency conditions: comfortable (100c), 10% 
slower (090c) and 10% faster (110c). An 
auditory feedback was provided by a 
metronome to control the step frequency 
conditions following a treadmill familiarization 
and warm up protocol. An explanation about the 
experiment procedures followed by a training 

session were given to the subjects to ensure 
they understood the task correctly.  
 
The trajectories of 54 reflective markers 
attached in the body and the ground reaction 
forces (GRF) were collected, respectively, by a 
12-camera three-dimensional motion capture 
system, at 150 Hz, and the instrumented 
treadmill, at 450 Hz. The marker trajectories 
and the GRF data were filtered with low-pass 
filter with cutoff frequencies of 6 Hz and 10 Hz, 
respectively. An Opensim full-body 
musculoskeletal model [4] with 22 rigid bodies 
and 37 degrees of freedom and 80 muscles was 
adopted. A scaled generic model was created 
by scaling segment lengths and inertial 
properties based on the individual 
anthropometry. Joint angles and joint moments 
were calculated by inverse kinematics and 
inverse dynamics. All the calculations were 
performed in the Opensim software version 3.3. 
 
The peak joint moments (minimum values) of 
the hip, knee and ankle at the sagittal plane; 
and the support moment (Supp) were 
considered for the analysis. To examine the 
joint moment redistribution across lower 
extremity joints, we calculated the ratio between 
peak hip extensor and ankle plantar flexion 
moments (Hip2Ankle). These values were 
considered the dependent variables in the study 
and they were obtained for each cadence 
condition. One-way ANOVAs were performed to 
examine the effect of step frequencies on the 
dependent variables for walk and run condition 
separately at a significance level of 0.05. To 
compare our results with previous published 
findings, we calculated the effect size (ES) and 
the relative differences (DIFF%) of Hip2Ankle 
ratio between 100c and 110c conditions. 
 
RESULTS AND DISCUSSION 
The average time series curves for the hip, 
knee and ankle joint moments are displayed in 
Fig. 1. The average peak values across 
subjects for each step frequency condition and 
the Hip2Ankle ratio for each gait condition are 
shown in Fig. 2.  
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Fig. 1: Average curves across subjects for each 
step frequency condition during walk and run. 
 

 
Fig. 2: The graphs on top display the average 
(±1SD) peak moment values of the hip, knee, ankle 
and support moment. The graph in the bottom 
shows the average (±1SD) Hip2Ankle ratio. 
 
Although the statistical analysis revealed no 
significant effect of cadence on any of the 
dependent variables, the present average 
results presented similar trends compared to 
previous studies. For example, the average 
Hip2Ankle ratios increased from the 
comfortable (100c) to the fast (110c) cadence 
conditions as can be seen in Fig. 2 (ES=0.48; 
DIFF%=12,3%). These differences have also 
been observed when young individuals are 
compared to older adults (who typically adopt 
faster cadences), although the magnitude of the 
differences is generally higher in previous 
studies [3,6]. In fact, the relative differences in 
Hip2Ankle ratio reported in these studies 
ranged from 38% to 103%. Contrary to walking, 
the increased running cadence did not influence 
the Hip2Ankle ratio. The lack of previous 
running studies prevented to make more 
conclusive statements about this finding. The 
contrasting differences on average Hip2Ankle 
ratios between the present and previous 

walking studies [3,6] may be simply explained 
by the age effects or the fitness level of the 
participants (or both) as we only included young 
competitive runners. Unfortunately, a previous 
study with similar design did not provide the 
descriptive statistics data, which prevented us 
to calculate the relative differences in the 
Hip2Ankle ratio in young subjects [5].  
 
While the results of this preliminary study need 
to be interpreted with cautious given the limited 
sample size, the direction of the present 
findings are, overall, in agreement with previous 
studies. Hence, it is reasonable to speculate 
that the inclusion of more runners with similar 
characteristics would reduce the intersubject 
variability and thus highlight the between group 
differences. To our knowledge, this is the first 
study to examine the effect of cadence 
manipulation on both walk and run conditions. 
In fact, the inability to identify any running 
studies with similar design and objectives 
hampered to assess the robustness of the joint 
moment redistribution paradigm as a function of 
faster running cadences. 
 
An important limitation of the present study is 
that only seven runners (six males and one 
female) were analyzed. This fact may well have 
contributed to the large intersubject variability in 
the values and explain, at least in part, the lack 
of effects observed in the present study.  
 
CONCLUSIONS 
This preliminary study indicates that a joint 
moment redistribution may occur as a function 
of faster walking cadence in healthy young 
runners. This conclusion needs to be confirmed 
by future studies with a larger sample of 
comparable runners. 
 
REFERENCES 
1. Boyer K et al. (2017). Exp. Gerontol, 95: 63-

70. 
2. Lim Y et al. (2013). Gait and Posture, 2: 

253-259. 
3. DeVita et al. (2000). J Appl Physiol, 88: 

1804-1811. 
4. Rajagopal A et al. (2016). IEEE Trans 

Biomed Eng, 63: 2068-79. 
5. Lim Y et al. (2017). J Biomech, 57: 1-7. 
6. Savelberg et al. (2007). Gait and Posture, 

25: 259-266. 
 
ACKNOWLEDGEMENTS 
We thank FAPESP for financial support 
(#15/14810-0). 
 

74



XVII International Symposium on Computer Simulation in Biomechanics  
July 28th – 30th 2019, Alberta, Canada 

 
CAN A SIMULATION-ASSISTED FORMULATION OF CO-CONTRACTION INDEX  

LEAD TO PREDICTION OF JOINT STIFFNESS? 
 

Geng Li1, Di Ao1, Mohammad S. Shourijeh1, Marleny Arones1, Carolynn Patten2,  
and Benjamin J. Fregly1 

 
1Department of Mechanical Engineering, Rice University, USA  

2Department of Physical Medicine and Rehabilitation, UC Davis, United States 
Email: gl24@rice.edu, Web: http://rcnl.rice.edu/ 

 
 
INTRODUCTION 
Co-activation of agonist and antagonist muscles 
is an important tool used by motor control system 
to modulate joint stiffness and thus joint stability 
[1]. Abnormal muscle co-activation patterns were 
commonly found in hemiparetic stroke patients 
during gait [2], which could cause joints to be 
either instable or too stiff during gait. To quantify 
muscle co-activation, Clinicians have developed 
different variants of co-contraction index (CCI) 
[3,4], but the reliability of these CCI formulations 
in describing muscle co-contraction are 
subjected to limitations such as: 1. the 
formulations use unnormalized muscle 
excitation, e.g. muscle electromyography (EMG) 
amplitude, which does not translate directly into 
muscle’s true activation. 2. these formulations 
are based on the activation comparison between 
only one agonist and one antagonist muscle, the 
activation of a muscle affected by neuromuscular 
disorder could misrepresent the activation of 
entire muscle group and hence distort CCI, the 
arbitrariness in muscle selections further adds 
unreliability; 3. these formulations take sums of 
the muscle activation over various phases of 
gait, information on the peak muscle co-
contraction, often critical in clinical evaluation, is 
lost in this representation.  
 
Clinicians rely on CCI to express muscle co-
activation for the sake of simplicity, but the ideal 
method to quantify muscle co-activation and 
subsequently joint stiffness is to estimate force 
exerted by muscles about the a joint [5]. One 
limitation of existing CCI formulations prevents 
them from accurately quantifying joint stiffness is 
that the formulations measure only the relative 
comparison of activation between agonist and 
antagonist muscles and convey no information 
on the absolute magnitude. One extreme case to 
illustrate this limitation is when activation of both 
agonist and antagonist muscles are equally 
small, the CCI would be 100%, but the joint 
stiffness would be minimum.  
 
This study seeks to explore the feasibility of 
using a minimally modified CCI formulation to 

address the aforementioned limitations so that it 
can lead to prediction of joint stiffness. Since CCI 
is a metric commonly used by clinicians, the 
modified formulation should use mainly clinical 
quantities that can be readily measured.    
  
METHODS 
In a separate study, an EMG-driven model 
framework was built to calibrate model and 
estimate muscle force from the data of a stroke 
patient [6]. Results of this study were substituted 
into a joint stiffness formulation [7]. 
 
This study started first with a commonly used 
CCI formulation [3], but replaced muscle EMG 
with muscle activation. Instead of comparing the 
output of one antagonist (ANT) muscle against 
that of one agonist (AGO) muscle, e.g. activation 
of tibialis anterior and soleus. We calculated CCI 
by comparing the activation sum of ANT and 
AGO muscle groups, e.g. dorsi-flexors and 
plantar-flexors. In addition, CCI was computed at 
each percent of gait cycle rather than being 
computed over phases of the gait cycle. The role 
of each muscle group was defined dynamically, 
e.g. a dorsi-flexor would be the AGO muscle 
group had the ankle undergone dorsiflexion from 
current point to next in gait cycle. These 
modifications were reflected in eq1.  

𝐶𝐶𝐼# =
2∑𝑎()*

∑𝑎()* + ∑𝑎(,-
																							(eq1) 

 
CCI0 computed using eq1 did not show strong 
linear relationship with joint stiffness. To bridge 
the gap between CCI and joint stiffness, a 
muscle-specific coefficient, b was assigned to 
adjust the muscle activation. A quadratic 
polynomial of joint angle and velocity, 𝑓5𝜃, �̇�9					 
was used as multiplier on the activation ratio 
between ANT muscles and all muscles. The 
modified formulation CCI* is shown in eq2. 
 

𝐶𝐶𝐼∗ =
2∑ 𝑎()*;

<=>?
;@A 𝑏;

∑ 𝑎()*;
<=>?
;@A 𝑏; + ∑ 𝑎()*C𝑏C

<=DE
;@A

	𝑓5𝜃, �̇�9					(eq2) 

 
where 𝑓5𝜃, �̇�9 = (𝑎A𝜃 + 𝑎F𝜃F + 𝑎G�̇� + 𝑎H�̇�F) 
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The data of 10 walking trials at a fixed speed for 
a stroke patient were used  for this study. 7 trials 
were selected to form the training set and the 
other 3 trials formed the test set. An optimization 
process was performed to maximize correlation 
between CCI* and joint stiffness by adjusting 
parameters 𝑎A~𝑎Hand 𝑏;  and using training set 
data. The formulation was then evaluated with 
test set data.   
 
RESULTS AND DISCUSSION 
Correlation between CCI0 and joint stiffness was 
not strong using existing CCI formulation (eq1). 
However, using CCI* formulation (eq2), the 
correlation between CCI* and joint stiffness 
improved significantly as shown in Table 1. 
      
Table 1. Pearson correlation coefficient between CCI* 
and joint stiffness at each joint for trials selected as 
training set and testing set, expressed in avg (std)  

 Training Test 
 N_trials = 7 N_trials = 3 
Hip FE 0.96 (0.02) 0.93 (0.05) 
Hip AA 0.96 (0.02) 0.95 (0.04) 
Hip Rot 0.80 (0.07) 0.84 (0.02) 
Knee FE 0.66 (0.08) 0.56 (0.16) 
Ankle FE 0.95 (0.02) 0.97 (0.00) 
Subtalar IE 0.82 (0.15) 0.90 (0.06) 

 
For the training set, strong linear relationship (r > 
0.80) was observed between CCI* and joint 
stiffness for all joints except knee joint, but the 
correlation at knee joint (r = 0.66) still indicated a 
moderate linear relationship between CCI* and 
joint stiffness. For the test set, strong linear 
relationship (r > 0.80) was again observed between 
CCI* and joint stiffness for all joints except knee. 
 
By applying the CCI* formulation derived from data 
in the training set to data in the test set, the 

formulation yielded comparable level of 
correlation, except at knee joint (r = 0.66 vs r = 
0.56). The drop was mainly due to the low r value 
in one trial (test trail #1, see Figure 1). Overall, the 
CCI* formulation showed consistency in matching 
the magnitude profile of joint stiffness, evident in 
the transition from training set to test set.   
 
CONCLUSIONS 
This preliminary study substantiated the 
feasibility of matching CCI from a slightly 
modified formulation to joint stiffness. It could be 
potentially beneficial to the clinicians in joint 
stability quantification. Future work should focus 
on helping clinicians determine the values of the 
added parameters in the new formulation using 
clinical quantities can be readily measured.     
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Figure 1. Joint stiffness, CCI from conventional formulation (CCI0), CCI from modified formulation (CCI*), all 
normalized by their respective max value for three trials selected as the test 
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INTRODUCTION 
Human stability is a very important problem in 
many disciplines as medicine and 
physiotherapy [1]. Authors indicate that correct 
and precise human stability assessment plays a 
significant role during kinesiotherapy. 
Determination of the sensitivity of human 
organism to equilibrium disturbance is a 
complex and difficult issue because it depends 
on many factors. 
 
The main research problem of this work is 
assessing of human stability loss in the case of 
falls from a static position. The examined 
patients were asked to take a starting position: 
standing on two legs with hands along the 
thorax. Next, patients had been leaning back 
until they had fallen down. In order to determine 
the instant of human stability loss the new 
measures and parameters were proposed.  
 
METHODS 
Tests have been carried out at Poznan 
University of Technology in Laboratory of 
Biomechanics. Motion was recorded by BTS 
Motion Capture System. This system allows to 
determine the positions of the markers, placed 
on the patient’s body. Nineteen markers were 
used in this study and they were arranged at 
the points defined in the Clauser model [2]. In 
this method the location of center of mass of 
the particular body segment is given, that is 
expressed as percent of particular segment 
length. The masses of segments were 
expressed as a percent of the total body weight. 
According to this model the mass center of 
human body was calculated, which was 
relevant point of this work, because it is a main 
factor to express proposed stability criteria.   
 
Analysis of human body motion was performed 
by using model with fourteen segments, that 
are: head, thorax, two arms, two forearms, two 
hands, two thighs, two calves and two feet. 
Fourteen-segments model is widely used in 
biomechanics [3].  
 
In this study the AMTI Force Platforms were 
also used. There are many scientific articles in 

which signals from platforms are basic data 
source in stability studies and motion analysis 
[4, 5, 6, 7]. In this survey the values of ground 
reaction force and locations of CoP (Center of 
Pressure) point were measured. CoP is the 
point on the foot/ground surface where ground 
reaction force actually acts [8].          
 
RESULTS AND DISCUSSION 
In order to assess human stability three 
parameters were determined: ground reaction 
force, the distance between the CoP point and 
GCoM (Ground Projection of the Center of 
Mass [8]) point and the distance between 
GCoM point and convex hull of the foot support 
area (called also support polygon). 
 
The relevant computations and visualization of 
survey results were carried out in Matlab 
software. Performed simulation shows marker 
positions in three dimensional space for the 
chosen instant of the movement. Calculations 
results include parameters values in time 
domain. 
 

 
Fig 1: Scene view during fall. 
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CONCLUSIONS 
Obtained results are characterized by high 
agreement. The stability loss occurs when the 
value of ground reaction force starts moving 
away from a static baseline. Assessment of 
human stability loss was performed just for one 
special type of movement. In order to determine 
the instant of human stability loss accurately the 
additional studies are being planned. There are 
two groups of the parameters being developed 
for assessment of the human stability: 
geometrical parameters (connected with the 
position of GCoM point and support polygon) 
and also kinematic parameters (connected with 
velocity and acceleration of the selected 
points). The intended effect is to apply the 
introduced parameters for another types of the 
human movement.  
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INTRODUCTION 
Swimming is one of the physical activity the most 
practiced in the world. Recently many 
improvements have been realized to make its 
accessibility easier for people with physical 
disabilities. However, devices for swimmers with 
arm amputation have not been developed a lot 
and therefore many improvements can be 
realized. Even if prostheses are not allowed 
during competition, the training time is very 
important for swimmers. Having arm amputation 
creates an unbalanced movement during 
swimming. Consequently the swimmer’s 
shoulders do not produce the same effort and 
muscles are not trained in the same way. This 
unbalance might cause some injuries. Although 
swimmers often use paddles during training, 
paddles on the market are basically for 
swimmers without amputation. The objective of 
this study were to design a paddle for a swimmer 
with trans-radial amputation based on the results 
obtained by computer simulation, and to develop 
an actual paddle that improves the swimming 
performance and balance between both 
shoulders. 
 
METHODS  
The swimming human simulation model SWUM 
[1-4] was employed for the analysis of the 
swimming motion. It computes the absolute 
motion of the swimmer’s whole body as one rigid 
body, by solving the equations of motion with the 
given relative body motion as joint angles. In 
SWUM, the swimmer’s body is represented as a 
series of 21 segments using truncated elliptic 
cones. The joint motion and the body geometry 
are the input data and can be modified. The 
swimming speed, motions of roll, pitch, yaw, fluid 
forces and joint torques are obtained as the 
calculated results. 
 
Using SWUM, the crawl and the backstroke have 
been investigated in this study. The body 
geometry and the joint motion have been 
modified to match with the case of study. The 
forearm geometry has been updated and the 
joint motions of the wrist and the elbow have 
been removed.  

The design of the new paddle was evaluated by 
two indices. One was the swimming speed and 
the other was the difference between the efforts 
(joint torques) at both shoulders. The difference 
was calculated as: 

∆𝑇𝑇𝑖𝑖 =
�(𝑇𝑇𝑅𝑅𝑅𝑅 + 𝑇𝑇𝐿𝐿𝑅𝑅)2 + (𝑇𝑇𝑅𝑅𝑅𝑅 − 𝑇𝑇𝐿𝐿𝑅𝑅)2+(𝑇𝑇𝑅𝑅𝑅𝑅 + 𝑇𝑇𝐿𝐿𝑅𝑅)2

�𝑇𝑇𝑅𝑅𝑅𝑅2 + 𝑇𝑇𝑅𝑅𝑅𝑅2+ 𝑇𝑇𝑅𝑅𝑅𝑅2 + �𝑇𝑇𝐿𝐿𝑅𝑅2 + 𝑇𝑇𝐿𝐿𝑅𝑅2+ 𝑇𝑇𝐿𝐿𝑅𝑅2
 

where ∆𝑇𝑇𝑖𝑖 is the difference for one time step. The 
symbols 𝑇𝑇𝑅𝑅𝑅𝑅,𝑅𝑅,𝑅𝑅  and 𝑇𝑇𝐿𝐿𝑅𝑅,𝑅𝑅,𝑅𝑅  represent the joint 
torque components computed at the right and 
shoulders in the swimmer’s body fixed coordinate 
system 𝑂𝑂 - 𝑥𝑥𝑥𝑥𝑥𝑥 . Then, the index value 𝑇𝑇  was 
defined as the root mean square for one 
complete stroke cycle: 

𝑇𝑇 = �∑ ∆𝑇𝑇𝑖𝑖𝑛𝑛
𝑖𝑖
𝑛𝑛

 

The smaller the value 𝑇𝑇 , more balanced the 
torques on shoulders. This quantity was 
calculated for different simulations of the crawl 
and backstroke. 
 
RESULTS AND DISCUSSION 
From the parameter study, it was found that the 
paddle should be fixed on an attachment as the 
substitute of the forearm, and that the length of 
the attachment had an optimum value. It was 
also found that the relative angle between the 
upper arm and the attachment should be 20 
degrees as the substitute of the elbow flexion. 
Based on these findings, a trial paddle was 
initially fabricated, as shown in Fig 1. However, 
by the evaluation by an actual swimmer, it was 
found that this initial paddle had a major problem, 
which is explained in Fig 2. As shown in Fig 2(a), 
when the swimmer is in gliding phase during 
swimming, the water comes from the front of the 
paddle. In that case, the fluid force acts to rotate 
the paddle more thus an instability to turn over 
the paddle occurs, as shown in Fig 2(b). 
Therefore, we invented a new structure shown in 
Fig 2(c). This new paddle had a pivot around the 
tip of the paddle. In this case, the paddle 
automatically rotate in the direction reducing the 
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fluid force when the water comes from the front, 
as shown in Fig 2(d).  
   
The finally developed paddle is shown in Fig 3. 
The rubber tubes on the paddle prevent 
excessive rotation of the paddle for the 
swimmer’s stroke phase. A simulation for this 
developed paddle was finally conducted. The 
snapshots of the simulations are shown in Fig 4. 
It can be seen that the paddle rotated at a certain 
degree in the case of the developed paddle. The 
comparisons between the paddle on the market 
and the developed paddle with respect to the 
performance for the crawl stroke and backstroke 
are shown in Tables 1 and 2, respectively. The 
values of 𝑇𝑇  were nondimensional. Since the 
swimming speeds with the developed paddle 
were faster and the values of index 𝑇𝑇  were 
smaller than those with paddles on the market, it 
was confirmed that the developed paddle 
enabled the swimmer to swim faster and more 
balanced than the paddle on the market. 
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Fig 1: Initially developed paddle. The plate on the 

right is an attachment between the arm and 
paddle. The swimmer could choose the large (on 
the top left) or small (on the middle left) paddle. 

The bottom left is a paddle on the market. 

 
Fig 2: Schematic figures explaining the 

improvement of paddle. (a) The water flow comes 
from the front when gliding. (b) Instability to turn 
over the paddle occurs. (c) New structure with a 

pivot. (d) The paddle can rotate so that the 
instability does not occur. 

 

 
Fig 3: Finally developed paddle. The rubber tubes 

on the paddle prevent excessive rotation of the 
paddle. The rubber bands on the attachment are 

for the fixation to the swimmer’s arm. 

Table 1 Comparison between the paddle on the 
market and the developed paddle with respect to 

the performance for crawl stroke. 
Crawl Swimming speed [m/s] 𝑇𝑇 

On the market 1.120 0.496 
Developed paddle 1.337 0.493 

 

Table 2 Comparison between the paddle on the 
market and the developed paddle with respect to 

the performance for backstroke. 
Backstroke Swimming speed [m/s] 𝑇𝑇 

On the market 1.139 0.526 
Developed paddle 1.281 0.407 

 

 

 
Fig 4: Snapshots of simulations. The top figure is 

the case of the developed paddle, while the bottom 
is the case of a paddle on the market. 
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INTRODUCTION 

Mammalian muscles are comprised of many 
motor units, which form the basic functional units 
that control human movement. Previous 
experimental and modelling studies investigating 
motor units have provided valuable insight into 
how a population of motor units is recruited, fire 
at variable rates and contribute to the overall 
force developed by the muscle during 
contractions (e.g. [1]). For example, Henneman 
et al. developed the size principle where during 
contraction, the smallest and slowest motor units 
are innervated first followed by subsequently 
larger and faster motor units [2]. Since then, 
many studies have expanded on this simple and 
efficient recruitment strategy. Yet most of these 
studies have been hindered by one critical 
drawback that limits their applicability to human 
movement; they are performed during isometric 
contractions. Muscles contract dynamically 
during movement and their force output is 
dependent not only on motor unit recruitment but 
also the length and velocity of the muscle fibres.  

Muscle-driven simulation are capable of 
predicting the excitation of the motor units as 
well as muscle dynamics and therefore, may 
provide a potential avenue to examining motor 
unit recruitment during dynamic movement. In 
this study, we introduce a musculoskeletal 
simulation framework that is suitable for 
examining motor unit characteristics (e.g. 
recruitment threshold and firing rates) during 
different types of contractions and across 
muscles with different properties.  

METHODS 

A musculoskeletal model was adapted to 
illustrate the feasibility of using muscle-driven 
simulations to predict motor unit recruitment. The 
model consisted of one degree of freedom that 
represented the knee joint and was actuated by 
a muscle-tendon unit (MTU) Hill-type actuator 
that was given properties taken from the vastus 
lateralis. To represent a motor unit population 
within a muscle, we modelled the MTU with 
multiple contractile elements connected to a 
series elastic element. For this study, we 

assumed that ten motor unit pools were sufficient 
to represent the broad continuum of 
motorneurons innervating the muscle.  
Fibre type properties and maximum firing rates 
were assigned linearly from the slowest to the 
fastest motor unit. The maximal force of each 
motor unit was varied according to two 
configurations: (1) distributed relative to twitch 
characteristics [3], and (2) distributed uniformly.  
 
A ramped isometric contraction was simulated 
over 30 secs at a rate of 10% of maximal 
voluntary contraction (MVC) per second. We 
simulated two contraction levels: 50% and 100% 
MVC. OpenSim was used to obtain muscle-
tendon properties, MTU dynamics, moment arms 
and net joint torques as inputs to the simulation. 
Direct collocation methods were used to solve 
the muscle redundancy problem by formulating 
the optimal control problem as a non-linear 
programming problem and solving for muscle 
excitations and tendon forces [4]. Implicit 
formulations of the muscle-tendon dynamics and 
the equations of motion and explicit formulations 
of the activation dynamics were set as constraint 
equations. Each simulation was discretized into 
100 mesh intervals per sec and a random initial 
guess was used to start the simulation. All 
simulations were run in MATLAB and CasADi 
was used to perform the non-linear optimisation 
and algorithmic differentiation.  
 
A mixed, weighted cost function was minimised 
that consisted primarily of two components: 
minimising metabolic cost [5] and minimising the 
sum of muscle activations squared. Two 
weightings were simulated: (1) 90% weighting to 
metabolic cost (Jmixed), and (2) 100% weighting 
to muscle activations (Jact). To illustrate the 
potential use of the framework for dynamic 
movement, we used predicted time-varying 
motor unit recruitment during cycling at 80 RPM.  
 
RESULTS AND DISCUSSION 

On average, the simulations took ~4 mins to 
converge to an optimal solution (constraint 
tolerance = 1e-7).  
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During isometric contractions at both 50% and 
100% MVC, the weightings for the mixed cost 
function and the force distribution configuration 
influenced the recruitment and firing rate 
patterns of the motor units. For example, when 
the cost function weighted metabolic cost over 
muscle activation, the recruitment and firing rate 
patterns were consistent with size principle and 
the onion-skin control scheme (Fig. 1(top)). In 
contrast, when muscle activation was weighted, 
all motor units were recruited and decruited 
simultaneously. In addition, when the force was 
distributed based on physiological twitch 
characteristics compared with a uniform 
distribution (Fig. 1(bottom)), the recruitment of 
more motor units was favoured over increasing 
firing rates. These differences in motor unit 
patterns are similar to the observed differences 
in motor unit patterns between muscles of 
different physiological properties.  
 

 
Figure 1: Recruitment and firing rate of motor unit pools and the total force 
generated during a ramped isometric contraction at 100% MVC varying 
cost function (top), and 50% MVC varying max force distribution (bottom).  

 
We used Jmixed cost function and twitch 
characteristic force distribution to simulate motor 
unit recruitment patterns across 5 cycles of 
cycling at 80 RPM (Fig. 2). The predicted 
patterns were consistent with the orderly 
recruitment of motor units at slow contraction 
speeds.   

 
Figure 2: Motor unit patterns and total force generated across 5 cycles of 
cycling at 80 RPM.  

 
CONCLUSIONS 

Current studies investigating motor unit 
recruitment have been largely restricted to 
isometric contractions. The use of muscle-driven 
simulations to reverse engineer the recruitment 
and firing rate patterns with varying muscle 
properties and contraction types illustrate the 
potential to extending research beyond static 

contractions and predict motor unit recruitment 
that is directly applicable to how muscles 
coordinate human movement.  
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INTRODUCTION 
Hamstring strain injury is one of the most 
common injuries in sports involving sprinting 
such as track and field, soccer, and rugby [1]. 
The biceps femoris long head muscle (BFLH) is 
injured most frequently among the bilateral 
hamstring muscles [1]. In addition, hamstring 
strain injuries are most frequently observed at 
the proximal myotendinous junction (MTJ) of 
BFLH [2]. 
 
The bilateral hamstring muscles generate the 
peak muscle force with the peak musculotendon 
strain during the late swing phase of running [3]. 
Previous studies indicated that the hamstring 
muscles activity and force increases as sprinting 
speed increases [3]. Therefore, the hamstring 
muscles are more susceptible to strain injuries 
during the late swing phase of high-speed 
running [3]. Fiorentino et al. [4] reported that 
muscle fiber strains are larger along the proximal 
aponeurosis area or around the proximal MTJ in 
BFLH. However, the forces exerted on the 
proximal MTJ in BFLH during the late swing 
phase of high-speed running are not clear. 
 
The goals of this study were (i) to generate a 
special muscle model with multiple Hill-type 
muscle fibers, and (ii) to use this model for 
predicting the forces exerted on the proximal 
MTJ of BFLH during the late swing phase of 
high-speed running. 
 
METHODS 
Ten male soccer players (age 22.2±0.4years, 
64.6±3.9kg, 170.3±5.9cm) performed three 
sprinting trials at 85% and 100% of their maximal 
speed. These trials were recorded using a three-
dimensional motion analysis system (Vicon, 
250Hz) and force platforms (Kistler, 1.5kHz). 
The late swing phase was defined from the 
maximal knee flexion to the foot strike, and 
normalized as 100% phase time.  
 
A three-dimensional musculoskeletal model of 
the right leg with muscle models was used to 
compute the musculotendon dynamics during 
high-speed running. BFLH was modeled as the 

special muscle model (Fig. 1), which is based on 
the Hill-type muscle model with multiple muscle 
fibers, to predict the forces exerted on the 
proximal MTJ. The other muscles were modeled 
as a Hill-type muscle model, where a single 
muscle fiber was in series with an elastic tendon, 
include the force-length-velocity properties of 
muscles and force-length properties of tendon. 
Muscle excitation-to-activation dynamics in all 
muscle models were represented by a first-order 
differential equation [5]. The parameters of the 
Hill-type muscle model such as original and 
insertion points, optimal fiber length, pennation 
angle at optimal fiber length, and maximum 
isometric force were determined by reference to 
Gati2392model of OpenSim3.3, and scaled to 
the subjects’ anthropometry. 
 
The number of muscle fibers in the special 
muscle model was set at five (Fig. 1). Each 
muscle fiber was represented as a passive 
element (PE) in parallel with an active contractile 
element (CE), which include the force-length-
velocity properties of muscles. Free tendon and 
aponeurosis were represented as a non-linear 
elastic element. We assumed that the strain in 
free tendon and aponeurosis was 0.04 when 
muscle generated maximum isometric force. 
According to some previous studies, the 
pennation angle of BFLH would be 7deg-23deg 
because of large individual differences. 

 
Fig 1: The special muscle model with five muscle 
fibers. Each junction (J1-J5) was defined as the 
proximal MTJ. 
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Therefore, the pennation angle at optimal fiber 
length was set at several values from 15deg to 
23deg. The pennation angle of each muscle fiber 
was assumed as the same value. We calculated 
muscle forces at each pennation angle to 
determine the effects of the pennation angle on 
the musculotendon dynamics. Other muscle 
parameters of BFLH such as original and 
insertion points, optimal fiber length, and 
maximum isometric force were determined by 
reference to Gati2392model of OpenSim3.3 and 
scaled to the subjects’ anthropometry. The value 
of the maximum isometric force divided by the 
number of muscle fiber, which was five in this 
study, was used in each muscle fiber. We 
defined junctions between aponeurosis and 
muscle fiber as the proximal MTJ in the special 
muscle model (Fig. 1). The forces exerted on the 
proximal MTJ (J1-J5) of BFLH were calculated 
as the sum of muscle fiber force and aponeurosis 
force by using the special muscle model. We 
also analyzed each muscle fiber force and each 
proximal aponeurosis strain. 
 
To compare the peak values of each 
aponeurosis strain and the forces exerted on the 
MTJ at the individual junction, we performed a 
two-way repeated measures ANOVA at each 
sprint speed. Turkey’s post hoc analysis was 
conducted if the ANOVA showed statically 
significant main or interaction effects. Student’s 
paired t-test was used to compare the sprint 
speed (85% and 100% sprint speed). Statistical 
significance was set at p<0.05. 
 
RESULTS AND DISCUSSION 
The force exerted on J1 was significantly larger 
than other MTJ (J2-J5) at 85% and 100% sprint 
speed (p<0.01) (Fig. 2). Peak strain of the 
aponeurosis located near the free tendon was 
significantly greater than the others (p<0.01). 
The forces exerted on the MTJ (J1-J5) and peak 
aponeurosis strain increased significantly as 
sprinting speed increased (p<0.01). These 
results suggested that the MTJ and aponeurosis 
located near the free tendon were the most 
vulnerable tissues in BFLH strain injuries during 
high-speed running. 
 
Smaller pennation angle led to increasing the 
forces exerted on all the MTJ (p<0.05) (Fig. 3). 
Peak values of aponeurosis strain and muscle 
force also increased as pennation angle 
decreased. In both the special muscle model and 
the Hill-type muscle model, smaller pennation 
angle is more efficient in converting muscle fiber 
force to muscle force. Therefore, smaller 
pennation angle was related to increasing the 
forces exerted on the MTJ and aponeurosis 
strain. This present study indicated that the 

smaller pennation angle of BFLH could be one of 
the most important architecture at the high risk 
of strain injuries. 
 
CONCLUSIONS 
The special muscle model which includes 
multiple muscle fibers could predict the forces 
exerted on the MTJ and the musculotendon 
dynamics such as each muscle fiber force and 
each aponeurosis strain during high-speed 
running. This study indicated that the peak 
values of the aponeurosis strain and the force 
exerted on the MTJ of BFLH were larger at J1 
located near the free tendon. In addition, smaller 
pennation angle led to increasing the force 
exerted on the MTJ. 
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Fig 2: The forces exerted on the MTJ (J1-J5) of BFLH 
during the late swing phase of maximal running.  
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Fig 3: Peak values of the force exerted on J1 at 
several pennation angles (15deg-23deg) during the 
late swing phase of maximal running (*: p<0.05). 
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INTRODUCTION

Musculoskeletal models play an important role in

biomechanical research, surgical planning and clin-

ical assessment. For computational efficiency, they

frequently employ simple cable-like muscle repre-

sentations, which run between "origin" and "inser-

tion" points while wrapping around obstacles such

as bones. The resulting wrap path is important for

correct simulation but not trivial to compute. Cur-

rent biomechanical simulators typically restrict the

obstacle geometry to analytic shapes such as cylin-

ders, ellipsoids, and tori [1], or parametrically de-

fined surfaces [2]. In this work, we propose a novel

approach that works for arbitrary mesh-based sur-

faces (Figure 1) with low computational cost. This

is useful because wrapping obstacles often corre-

spond to anatomical structures such as bone and

cartilage, with shapes that are derived from medi-

cal imaging.

Figure 1: Muscle strands wrapped around general

surfaces derived from bone geometry.

METHODS

Our method works by subdividing the wrappable

strand into a set of segments divided by knot points

(Figure 2). Artificial elastic forces are then used

to draw the knots together and keep them from

penetrating obstacles. These forces are invisible

to the simulation: the knots have no mass, and

their forces are used to simply ``shrink wrap'' each

segment around the obstacles to form a shortest-

distance geodesic path, which is updated each sim-

ulation step to accommodate motion of the obsta-

cles and origin/insertion points.

Figure 2: Strand path discretized into a sequence

of knots (black dots) controlled by elastic forces.

The resulting piecewise linear path approximates

the ideal path (thicker line). Contact forces keep

knots near the surface of each obstacle with a small

amount of penetration (exaggerated in this figure).

Assume that a wrappable segment has m knots, in-

dexed by k = 1, . . . ,m, each located at a position xk.

The total force fk acting on each knot is given by

fk = fw,k +∑
c
fc,k

where fw,k is the wrapping force and fc,k is the con-

tact force between the knot and obstacle c. Wrap-

ping forces are computed linearly with respect to

the neighboring knots:

fw,k = Kw(xk+1−2xk +xk−1),

where Kw is the wrapping stiffness. To compute the

contact forces fc,k, we determine, for each obstacle,

the knot's distance to the surface dk, where dk <
0 implies penetration, together with the associated

normal direction nk. Then

fc,k =

{
−Kc dknk if dk < 0

0 otherwise,

where Kc is the contact stiffness. For shapes

such as cylinders, ellipsoids, and tori, dk and nk
86



can be computed analytically, while for general

mesh-based surfaces, they are interpolated using

a signed distance grid generated from the mesh.

Quadratic interpolation is used as it yields smoother

results with less grid storage.

Letting x and f denote the aggregate position and

force vectors for all knots, computing the wrap path

involves finding the equilibrium position for which

f(x) is close to zero. To accommodate the con-

tact nonlinearities, this is solved iteratively using a

damped Newton method, with the update at each

iteration j given by

x j+1 = x j +α(DI−K)−1f(x j), (1)

where D is a constant damping parameter, α is an

adaptively computed step size adjustment, and

K≡ ∂f

∂x

is the force derivative. BecauseK is a simple block-

tridiagonal matrix, (1) can be computed quickly, in

O(m) time.

A B

Figure 3: A/B points on an obstacle surface, used

to compute the reaction forces.

Once a strand's path has been computed, it is em-

ployed in the simulation by first computing a strand

tension F(l, l̇,α), where l is the overall strand length
and α is the muscle excitation level, and then using

F to determine the reaction forces on each obsta-

cle. It is sufficient to consider only the two points A
and B at which the strand enters and leaves obsta-

cle contact. In order to alleviate discretization er-

rors as the knots move across the obstacles, these

A/B points are determined by computing the points

on the obstacle surface that are tangent to the ideal

wrap path (Figure 3).

RESULTS AND DISCUSSION

We have implemented our method and incorpo-

rated it into ArtiSynth (www.artisynth.org, [3]), an

open source mechanical simulation platform com-

bining multibody and finite element capabilities.

Within the simulator, strand wraps paths are initial-

ized at the start of the simulation and then updated

at the end of each simulation time step.

Theoretical analysis shows that the stiffness pa-

rameters Kw and Kc are simulation independent and

can usually be set at 1 and 10, respectively. Experi-
mentally, we have found that a good damping value

is typically D = 10Kw/m2, where m is the number of

knots. The number of iterations required to solve

(1) is frequently under 10, and in any case, full con-

vergence is usually not required since the calcula-

tion is resumed each simulation step.

A number of experiments were performed to assess

performance. First, solution accuracy was mea-

sured using test obstacles consisting of spheres

and cylinders, for which exact analytic solutions can

be computed, and comparing the exact results with

those from our method. In these tests, the maxi-

mum error in the forces and moments on the obsta-

cles was found to be under 1 percent. Secondly, dy-

namic response was evaluated by allowing a cylin-

der to drop and bounce off a double strand with dif-

ferent tensions F . The resulting period had an aver-
age error of 0.34 percent compared to the expected

theoretical value. Finally, wrapping was tested on

a number of general mesh surfaces (such as those

in Figure 1) to assess computational speed. We

found that for strands with 50 knots points, the path

update for each simulation step typically required

less than 10 iterations and a total compute time of

1msec or less on an Intel core i7 desktop computer.

At TGCS 2019, we will show our technique inte-

grated into several biomechanical models.
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INTRODUCTION 
Tremor, which is one of the most common 
movement disorders, makes activities of daily 
living difficult or impossible [1]. Although tremor is 
widespread, current treatment options are 
unsatisfactory; a recent survey of persons with 
Essential Tremor (ET) found that one of the things 
most lacking in their treatment was an effective, 
alternative treatment option—something other 
than medication or neurosurgery [2]. 
Peripheral tremor suppression devices could 
provide such an option. However, the development 
of effective peripheral tremor suppression devices 
faces an obstacle: we do not currently know where 
to intervene (which muscles or degrees of freedom 
(DOF)) because we do not know where in the 
upper limb the tremor originates mechanically 
(which muscles), how it propagates (i.e. spreads) 
throughout the upper limb, and where it manifests 
the most (which DOF). 
To investigate these questions, we need a model 
capable of simulating how tremor propagates from 
tremorogenic muscle activity to tremulous joint 
displacement. Since both inputs (muscle activity) 
and outputs (joint displacement) can be measured 
experimentally, such a model could be subjected 
to experimental validation. Ultimately, such a 
model could enable one to determine which 
muscles to target (e.g. through injection of 
Botulinum toxin type A or electrical stimulation) to 
suppress tremor in an optimal manner. To create 
this model, we expanded a prior, limited model that 
focused on tremor propagation only from joint 
torques to joint displacement [3]. 
 
METHODS 
Model Structure: As this is the first simulation of 
tremor propagation from muscle activity to joint 
displacement, we deliberately chose a simple 
model to capture first the most fundamental 
effects. This model consists of three sub-models 
that successively transform muscle activity into 
muscle force, muscle force into joint torque, and 
joint torque into joint displacement (Fig. 1). The 
inputs to the model are the neural drives to the 15 
major superficial muscles that actuate the 7 main 
DOF from the shoulder to the wrist.  
Model Parameters: Model parameters include the 
15-by-15 diagonal matrices of time constants 

representing the dynamics of excitation (t1) and 
contraction (t2) of the muscles and the conversion 
from steady-state muscle activity to muscle force 
(C); the 7-by-15 moment-arm matrix (M); and the 
7-by-7 impedance matrices representing inertia, 
damping, and stiffness (I, D, and K). These 
parameters were painstakingly gathered from a 
large number of past studies, but a subsequent 
sensitivity analysis showed that the conclusions 
drawn from the simulations were quite robust to 
variations in parameter values. 
Input-Output Relationships: Since the model is 
linear, the relationship between each input and 
each output is fully described by the associated 
transfer function. For our model, this means the 
response of the whole system can be described by 
a 7-by-15 matrix of transfer functions. 

 
Fig 1: The model transforms tremorogenic activity 
in a given muscle (here: triceps longus, a.u.) into 
tremulous displacement throughout the upper 
limb. SFE, SAA, SIER: shoulder flex-ext, abd-add, 
int-ext rot; EFE: elbow flex-ext; FPS: forearm pro-
sup; WFE, WRD: wrist flex-ext and rad-uln dev. 
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Simulation Protocol: To determine how tremor 
propagates from tremorogenic muscle activity to 
tremulous joint displacement, we simulated 
tremorogenic input in each muscle and observed 
the resulting tremor in all DOF. Since the system is 
fully described by its matrix of transfer functions, 
we simulated steady-state behaviour by evaluating 
the magnitude ratio and phase shift of each 
transfer function in the tremor band (4-12 Hz). 
 
RESULTS AND DISCUSSION 
Tremor propagation patterns (how tremor 
distributes from input in a given muscle to output in 
multiple DOF) were quite independent of tremor 
frequency. Importantly, all 15 muscles produced 
the greatest tremor in one of the three most distal 
DOF (Fig. 2). The greatest contributor in a given 
DOF depended on the DOF, but distal muscles 
were most prominent: the greatest contributor in 
each of the seven DOF was (from proximal to 
distal, as listed in the caption of Fig. 2): BRA, 
PECM2, FCU, FCU, BIClong, FCU, and FCU. 
Summarizing these results, we concluded that 
(assuming equal inputs in all muscles, i.e. equal 
proportion of the maximum force in each muscle): 
1) tremor increases proximal-distally, and 2) the 
importance of muscles (to tremor) increases 
proximal-distally. 
The spreading of tremor from a given muscle to 
various DOF is caused by neural coupling (shared 
descending neural pathways and reflex activity) 
and physical coupling (musculoskeletal geometry, 
i.e. moment arms, and coupled joint inertia, 
damping, and stiffness). To determine which of 
these physical coupling effects (our model did not 
include neural coupling) was most responsible for 
spreading the tremor, we compared the output 
from the model based on default parameter values 
to the outputs of models in which coupling was 
suppressed in some of the M, I, D, and K matrices. 
We found that joint inertia contributed more to 
spreading than musculoskeletal geometry, and 
joint damping and stiffness hardly contributed at all 
(not shown). 
 
CONCLUSIONS 
The goal of this work was to understand the 
propagation of tremor from muscle activity to joint 
displacement. To this end, we 1) determined the 
extent to which the original tremor propagation 
principles [3] established for propagation from joint 
torque to joint displacement held true for 
propagation from muscle activity to joint 
displacement, and 2) modified the original 
principles where necessary to reflect propagation 
from muscle activity to joint displacement. Thus, 
the following revised principles govern simulated 
tremor propagation from muscle activity to joint 
displacement: 1) The distribution of tremor 
depends strongly on musculoskeletal dynamics. 2) 

The spreading of tremor is due to inertial coupling 
(primarily) and musculoskeletal geometry 
(secondarily). 3) Tremor spreads narrowly; 
tremorogenic activity in a muscle does not spread 
significantly to many DOF—instead, most of the 
tremor caused by a muscle occurs in a small 
number of DOF. 4) Assuming uniform distribution 
of tremorogenic activity among upper-limb 
muscles (i.e. an equal proportion of the maximum 
force in each muscle), tremor increases proximal-
distally, and the contribution from muscles 
increases proximal-distally. 5) Increasing inertia 
can decrease or increase tremor. 6) Increasing 
viscoelasticity can decrease or increase tremor.  
 

 
 
Fig 2: Magnitude ratios of all 105 input-output 
relationships at 8 Hz. Tremor appears most 
severe in distal DOF, and most of this tremor is 
caused by distal muscles. DOF abbreviations are 
given in the caption of Fig. 1. 
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INTRODUCTION 

EMG-driven musculoskeletal modeling relies on 
measurements of muscle activity to estimate 
muscle forces, which is typically obtained with 
surface electromyography (sEMG). sEMG is 
non-invasive to record, but is unable to capture 
the activity of deeply located muscles that highly 
contribute  to the generation of joint moments. 
As an alternative resource to measure muscle 
excitations, intramuscular EMG recording is 
potentially risky by applying the fine wire to the 
region where pathological tissue develops. One 
example, which is one of the long-term interests 
of this study, is the tumor growing up in the hip 
region of pelvic sarcoma patients and thus 
iliopsoas muscle groups cannot tolerate a fine 
wire. 

To interact with the complex environment and 
accomplish the multidimensional dynamic motor 
tasks, the nervous systems simplify the motor 
control by identifying the coordinative modules 
[1]. Muscle synergies extracted from muscle 
excitations are commonly used representation of 
these coordinative modules. Previous work has 
shown that the muscle synergies extracted from 
a group of muscle excitations performed well in 
construction of the other muscle excitations [2]. 
Hence, it is convincing that the unmeasured 
deep muscle excitations may be able to be 
rebuilt by taking advantage of the extrapolative 
property of measured muscle synergies 
(henceforth called ‘synergy extrapolation’). 

Numerous methodological choices are required 
throughout the synergy extrapolation process, 
which may have strong effect on prediction 
accuracy of the unmeasured muscle excitations. 
In this study, we assessed the impact of three 
major methodological decisions on the 
performance of synergy extrapolation: 1) two 
matrix factorization algorithms for identification 
of measured muscle synergies, 2) four EMG 
normalization approaches before synergy 
extraction and 3) number of synergies computed. 
We hypothesized that one or more methods 
would benefit the others in improving estimation 
accuracy of unmeasured muscle excitations. 

 

METHODS 

In this study, we used previously published 
dataset (joint kinematics, ground reaction force, 
16-channel EMGs) that was collected from the 
non-paretic leg of a post-stroke patient during 
walking on an instrumented treadmill at his self-
selected speed (0.5m/s) and relatively high 
speed (0.7m/s) (5 trials in each speed) [3]. 
Iliopsoas was taken out as ‘unmeasured’ muscle 
and the remaining 15 muscles were assumed to 
be ‘measured’. All the experimental EMGs were 
processed by high-pass filtering (40 Hz), full-
wave rectifying and low-pass filtering (3.5/tf, 
where tf is the period of the gait cycle being 
processed) before normalization with four 
different approaches [4]: 1) maximum value over 
all trials (MaxOver); 2) maximum value per trial 
(MaxPer); 3) unit variance per trial (UnitVar); 4) 
unit magnitude per trial (MagPer).  

Principal component analysis (PCA) and non-
negative matrix factorization (NMF) were applied 
on normalized measured muscle excitations to 
extract the measured muscle synergies and 
corresponding weights. The iliopsoas muscle 
excitations were then reconstructed with the 
measured synergies and the unmeasured 
weights and mean values for PCA. The last two 
quantities that could be identified during the 
optimization process as described below. The 
joint moments were estimated using a custom 
35-muscle 5-DOF lower-extremity 
musculoskeletal model with both experimental 
measured muscle excitations and reconstructed 
unmeasured muscle excitations conveyed into it 
[3]. The optimal unmeasured weights and mean 
values for PCA were calibrated by minimizing the 
sum of the mean square differences between the 
predicted and experimental joint moments of all 
DOFs over all trials. The patient-specific muscle 
parameters in the model were optimized with all 
16-channel EMG signals included in the 
beginning and then were held given during 
synergy extrapolation process. The similarity in 
the shape and amplitude between experimental 
and reconstructed iliopsoas muscle excitations 
was quantified by the root mean square error 
(RMSE) and Pearson correlation coefficient (r) 
with the number of synergies varying from 3 to 8. 
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RESULTS AND DISCUSSION 

 
Fig 1: The averages of r and RMSE values between 
experimental and predicted ‘iliopsoas’ muscle 
excitations across all trials with different methodological 
choice. 

Across all EMG normalization approaches, for 
PCA-based synergy extrapolation, MaxOver and 
MagPer could generate significantly more 
accurate and stable prediction than the other two 
methods (Fig.1, left column). For NMF-based 
synergy extrapolation, MaxOver, MaxPer and 
UnitVar could produce comparable levels of 
performance in tracking experimental iliopsoas 
muscle excitations (r>0.6, RMSE<0.1), while 
MagPer was not able to reproduce the iliopsoas 
muscle excitations properly (Fig.1, right column).  

Between two matrix decomposition methods, 
with MaxOver, both PCA and NMF demonstrated 
similar ability of resembling the iliopsoas muscle 
excitations during swing phase (60-100% of a 
gait cycle), but the PCA was more capable to 
rebuild the iliopsoas excitations during stance 
phase (0-60% of a gait cycle) (Fig. 2). However, 
with MagPer, the performance in synergy 
extrapolation differs substantially between PCA 
and NMF.  Generally, PCA-based synergy 
extrapolation with MagPer produced the best 
prediction of iliopsoas muscle excitations among 
all methods at various number of synergies. 

With either MaxOver or MagPer normalization, 
note that both r and RMSE values approached a 
plateau with increasing numbers of synergies 
and for both the PCA and NMF, the iliopsoas 
muscle  excitations were rebuilt fairly accurately 
well by six synergies or above. 

PCA operation can be thought of as revealing the 
internal structure of the data in a way that best 
explains the variance in it. That might be the 
reason why the measured synergies extracted 
from normalized EMGs of unit variance (UnitVar) 
using PCA failed in synergy extrapolation. This 
also explains the subtle fluctuations of the 

muscle excitations during stance phase could be 
better represented by PCA-based synergies than 
NMF-based ones. Similarly, NMF decomposition 
is based on assessment of quality of the 
magnitude approximation. MagPer normalization 
was not suitable for NMF-based synergy 
extrapolation, because normalization to the 
norms shrunk the peaks in the original measured 
muscle excitations, which provided the 
inaccurately shrunken synergies.  

Fig 2: Representative average and standard deviation 
of experimental and predicted iliopsoas muscle 
excitations across all trials with four EMG normalization 
and two matrix factorization methods at 6 synergies. 

CONCLUSIONS 

Methodological choices had exhibited a 
profound influence on the performance of 
synergy extrapolation. MaxOver and MagPer 
were the best performing methods across all four 
EMG normalization approaches. However, 
MagPer normalization could be more beneficial 
than MaxOver, because the intrinsic challenge in 
attaining true maximum muscle excitations could 
be circumvented by performing normalization 
within individual trials. Also, PCA could provide 
us more benefits in finding quick, unique, and 
reliable muscle synergies for extrapolation and 
in estimating the unmeasured muscle excitations 
through the entire gait cycle than NMF could. 
The prediction of unmeasured muscle 
excitations is a crucial piece in improvement of 
subject-specific EMG-driven musculoskeletal 
modeling and thus offering better assessment of 
different surgical and rehabilitative strategies.   
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INTRODUCTION 
In springboard diving consistency of body 
orientation at water entry is necessary for a good 
dive and is likely to be dependent on the 
consistency of conditions at takeoff.  Elite divers 
may be expected to be very consistent in the 
springboard touchdown conditions at the end of 
the hurdle phase.  If open loop control is used 
the joint angle variability during springboard 
contact will be solely a function of the variability 
at touchdown. On the other hand if feedback or 
feedforward control is used, the joint angle 
variability will arise mainly from technique 
adjustments made in each individual dive.  
Sayyah et al. [1] found that rotation potential at 
takeoff (angular momentum x flight time) had low 
variability.  The aim of this study was to 
investigate whether the low rotation potential 
variability can be attributed to the low variability 
at touchdown or whether a diver makes 
configurational adjustments during contact to 
reduce the rotation variability at takeoff.   
 
METHODS 
Two-dimensional video analysis was used to 
calculate orientation and configuration angles of 
12 forward pike dives and 12 forward 2½ 
somersault pike dives, performed by an 
international diver. Body orientation was 
calculated as a weighted mean of trunk and leg 
orientations with the trunk weighted twice as 
much as the legs. Diver-specific segmental inertia 
parameters were calculated from anthropometric 
measurements using a mathematical inertia model 
[2].  A simulation model [3] of a diver and 
springboard during board contact (Fig 1)  was 
used to obtain matching simulations and to 
calculate the rotation potential for each dive.  
 
Simulations were used to determine (a) the 
variation in conditions at mass centre lowest 
point arising from variation in touchdown 
conditions and (b) the rotation potential 
variability at takeoff arising from the variability in 
conditions at mass centre lowest point. The 
variability in mass centre horizontal velocity and 
trunk angular velocity at mass centre lowest 
point was calculated for each of the two dives 
from the 12 matching simulations. This was 

compared with the variability at the lowest point 
determined from simulations of perturbed initial 
touchdown conditions.  The initial values of mass 
centre horizontal velocity, vertical velocity and 
trunk angular velocity were allowed to vary by ± 
one standard deviation as calculated from the 12 
trials.  For each of the 12 matching simulations 8 
combined perturbations of the three initial 
variables were used to drive the perturbed 
simulations, and the standard deviations of the 8 
values of mass centre horizontal velocity and of 
trunk angular velocity at mass centre lowest 
point were calculated. From these mean 
standard deviations of horizontal velocity and 
angular velocity were calculated for each of the 
12 trials.   

 

Fig 1: Planar simulation model of a springboard and 
an eight-segment diver.  Wobbling masses are 
included in the trunk, thigh and shank segments, and 
visco-elastic spring-dampers are acting at the heel, 
ball and toe representing the foot-springboard 
interface. 

 
A similar analysis was conducted using 
simulations with the four combined perturbations 
of ± one standard deviation of horizontal velocity 
and trunk angular velocity at mass centre lowest 
point as initial conditions to calculate the 
simulated variation in rotation potential at 
takeoff.  
 
For each of the two dives a two-tailed one-
sample t-test was used to investigate whether 
the mean standard deviation in the horizontal 
velocity at the lowest point, as determined using 
the simulations with perturbed initial touchdown 
conditions, was different from the standard 
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deviation of the lowest point horizontal velocity 
of the matching simulations.  This was repeated 
for the trunk angular velocity at the lowest point.   
 
For each of the two dives a one-tailed one-
sample t-test was used to investigate whether 
the mean standard deviation of the rotation 
potential at takeoff for the simulations with 
perturbed lowest point conditions was greater 
than the standard deviation of the rotation 
potential at takeoff of the matched simulations. 
 
RESULTS AND DISCUSSION 
For both dives the mean standard deviation of 
the horizontal mass centre velocity at the lowest 
point arising from the simulations with 
touchdown perturbations was greater than (p < 
0.001) the standard deviation obtained from the 
matched simulations.  This implies that the diver 
made adjustments during board depression to 
control the horizontal velocity. The mean 
standard deviation of the trunk angular velocity 
at the lowest point arising from the perturbed 
simulations was less than (p < 0.001) the 
standard deviation obtained from the matched 
simulations. This larger variation of angular 
velocity in the recorded performances is likely to 
be a consequence of the adjustments made to 
control the horizontal mass centre velocity.   
 
The control mechanism for the joint angle 
changes during board depression is likely to be 
feedforward adjustments based on an estimation 
of the touchdown conditions during the hurdle 
flight [4] together with feedback adjustments 
after touchdown similar to those made in 
standing balance [5].     
 
When the simulations of both dives were started 
with perturbations from the lowest point of the 
mass centre the mean standard deviation of the 
rotation potential at takeoff was greater than (p < 
0.02) the standard deviation of the matched 
simulations.  This implies that the diver made 
adjustments during the board recoil phase to 
control the rotation potential at takeoff.   
 
The primary mechanism for generating angular 
momentum during the board recoil phase is hip 
flexion which reached maximum variability 
shortly after the lowest point and then decreased 
towards takeoff (Fig 2).  The mechanism for 
generating vertical velocity is the timing of the 
knee extension which showed maximum 
variation late in the recoil phase for the 2½ pike 
somersault dives and showed large variation 
until late in the recoil phase for the pike dives.  
The control mechanism for the adjustments in 
the board recoil phase is likely to be feedforward 
rather than feedback with a modification to the 

pre-planned joint angle configurational time 
histories being based on the information 
received during the board depression phase.  
 

 
 
Fig 2: Mean (thick black line) and standard deviation 
(shaded grey) time histories of orientation, hip, knee 
and arm angles during the takeoff phase of (a) 12 
forward pike dives and (b) 12 forward 2½ somersault 
pike dives. The vertical dashed line shows the 
average time at mass centre lowest point. 
 

CONCLUSIONS 
Springboard divers make adjustments during 
board depression to control the horizontal mass 
centre velocity at mass centre lowest point and 
make adjustments during board recoil to control 
the rotation potential at takeoff.  
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INTRODUCTION 

The average mechanical power output 
(AMPO) is a performance determining factor in 
many sports disciplines. Sports equipment for 
periodic movements like sprint cycling should 
therefore be designed to allow muscles to deliver 
maximal AMPO. The design of such equipment 
would greatly benefit from knowledge of the 
determinants of AMPO at the level of a single 
muscle. Surprisingly however, the relation 
between muscle length/stimulation over time and 
resulting AMPO has not been studied 
extensively. A rare study examining this issue 
experimentally in vitro was done by Askew and 
Marsh [1], who investigated how cycle frequency 
and fraction of cycle time spent shortening (FTS) 
affected AMPO in mouse muscle. Although 
insightful, a limited set of muscle length/ 
stimulation histories was investigated in that 
study and it is thus unclear if the muscle length/ 
stimulation over time was identified that 
maximizes AMPO.  

In this modeling study, we used a Hill-
type muscle model to determine, for a short-
duration sprinting task, the periodic contractile 
element (CE) length and stimulation over time 
that resulted in maximal AMPO. 
 
METHODS 
The behavior of CE was modeled using a Hill-
type muscle model in which CE force depends 
on active state, CE length (lCE) and CE velocity 
[2]. Activation dynamics was modeled according 
to [3] using parameter values for fast twitch (FT) 
muscle. The isometric active force-length 
relationship was modelled as a second-order 
polynomial with a maximum (Fmax_isom) at 
optimum lCE (lCE_opt) and two zero-crossings at 
(1±0.56)•lCE_opt. The concentric force-velocity 
relation was modeled using Hill's equation with a 
maximal contraction velocity (vmax) of -12.7 
lCE_opt s-1. The eccentric force-velocity relation 
was modeled as described in [4]. The muscle 
model was formulated such that all functions had 
continuous first derivatives and were useable for 
Direct Collocation (see [5]). 

The optimization problem was to find the 
periodic lCE and muscle stimulation over time that 
maximized AMPO at imposed cycle frequencies 

ranging from 0.2 to 5.0 Hz. This optimal control 
problem was transformed into a parameter 
optimization problem using a Direct Collocation 
method and was solved using SNOPT. 

All results were normalized for the 
product of lCE_opt and FMAX_isom, allowing the 
results to be readily scaled to any particular 
muscle. For example, a human m. quadriceps 
with a lCE_opt of ~0.09 m and a FMAX_isom of ~7000 
N yields a scaling factor of ~630 N•m.  
 
RESULTS AND DISCUSSION 
The mechanical work per cycle decreased as 
cycle frequency increased (Fig. 1) and is due to 
the effects of activation dynamics and the force-
velocity relationship. The product of mechanical 
work per cycle and cycle frequency (i.e. AMPO) 
peaked at ~0.57 s-1 at 2.0 Hz. In passing we note 
that this cycle frequency is similar to the optimal 
cadence in human sprint cycling [2,6]. 

As expected, the average lCE was close to 
lCE_opt for all cycle frequencies and the optimal 
muscle stimulation was found to be either fully 
on or off (Fig. 2). The identified optimal lCE 
amplitude (a trade-off between the concentric 
force-velocity relationship on one hand and the 
force-length and the eccentric force-velocity 
relationships and activation dynamics on the 
other) was ~0.36•lCE_opt at optimal cycle 
frequency and decreased with cycle frequency. 
Optimal FTS (a trade-off between the force-
velocity relationship on one hand and activation 
dynamics and shortening time on the other) was 

Fig 1: Average mechanical power (AMPO) and 
mechanical work per cycle (MWPC) as a function of 

cycle frequency. 
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~0.76 at all cycle frequencies, which is in 
agreement with [1]. The transition from 
lengthening to shortening was sharper than that 
from shortening to lengthening, which is caused 
by a much faster activation than deactivation in 
the model used [3]. 

The sensitivity of AMPO for cycle 
frequency and FTS is shown in Figure 3. The 
influence of cycle frequency and FTS on AMPO 
are independent of each other. From Figure 3 it 
can also be observed that, near the optimum, 
AMPO is quite insensitive for changes in cycle 
frequency and FTS. For example, at the optimum 
cycle frequency of 2.0 Hz, AMPO was within 95% 
of its maximum for FTS ranging from 0.55-0.92. 
Similarly, at 0.76 FTS, AMPO was within 95% of 
its maximum value for cycle frequencies ranging 
from 1.7-2.5 Hz. 

The dependence of results on muscle 
fiber type was investigated by changing vmax from 
the used FT value of -12.7 lCE_opt s-1 to -4.2 
lCE_opt s-1 (which is more typical for slow twitch 
(ST) muscle), and using activation dynamics 
parameter value for ST muscle [3]. It was found 
that, compared to FT muscle, both the optimum 
cycle frequency and AMPO for ST muscle 
decreased with a factor of ~3, which is similar to 
the ratio of FT and ST parameter values. In 
contrast, optimum FTS was insensitive for 
muscle fiber type. 

In future work, we intend to use the 
results of this study as a starting point for 
validation studies and, subsequently, for the 
design of mechanisms that maximize AMPO. In 
addition, we intend to investigate the optimal 
muscle length and stimulation for criteria other 
than maximal AMPO.  
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Fig 2: Relative CE length (lCE_rel = lCE / lCE_opt) as a 
function of normalized cycle time. Optimal muscle 

stimulation was fully on during the (normalized) time 
indicated by colored bars and was off elsewhere. 

Fig 3: AMPO as a function of cycle frequency and 
FTS. 
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INTRODUCTION 
Musculoskeletal models of the cervical spine are 
valuable tools to assess the intervertebral loads 
and injury mechanisms of sporting head impacts 
and provide an intermediate step between in-
vivo experimental trials and detailed finite 
element analysis. A previous musculoskeletal 
model created for estimating intervertebral joint 
loading during rugby contact [1] events included 
kinematic constraints, which neglected individual 
joint translation and therefore may oversimplify 
the behavior of the cervical spine during impacts. 
In order to both confidently estimate the internal 
loading and resulting vertebral kinematics, 
intervertebral viscoelastic (“bushing”) elements 
should be included in the model. Such 
viscoelastic elements are used to describe the 
behaviour of the joints’ passive structures [2] and 
allow for resulting motions to be calculated 
compared to kinematic constraints. A key 
challenge is to identify the optimal bushing 
element that can generate reliable kinematics of 
the model’s cervical spine with respect to the 
load applied. Therefore, the aim of this study was 
to assess the performance of anteroposterior 
shear viscoelastic elements, that were validated 
together with compressive elements for 
impulsive axial loading conditions, under loads 
containing shear components.  
 
METHODS 
Axial and anteroposterior viscoelastic bushing 
parameters were estimated via an optimisation 
procedure in a combined in-vitro and in-silico 
study. The optimisation procedure that identified 
the parameters included forward dynamic 
simulations of five specimen specific models that 
were driven by the experimental axial loads in 
order to replicate the in-vitro experiment. We 
carried out a 1000 sample Monte-Carlo analysis 
that perturbed the viscoelastic parameters by 
±50% from their optimised values to evaluate the 
models’ sensitivity to a range of parameter 
values under the same axial loads. This method 
classified which parameters had the greatest 
effect on the models’ performance. The initial 
parameters estimated by the optimisation 
procedure were then implemented in the C2-C3, 

C3-C4, C4-C5 and C5-C6 joints of the population 
specific musculoskeletal model [1]. Forward 
dynamic simulations were executed with the 
updated musculoskeletal model of the cervical 
spine and head positioned parallel to the 
horizontal. An initial simulation with a constant 
anterior shear load of 250 N applied to the base 
of the head was completed to compare the 
model’s anteroposterior joint displacement 
against available experimental data. A second 
simulation investigated a possible injurious 
loading scenario that could be experienced in a 
head first impact in rugby. Experimental loads 
were collected from an instrumented ATD 
headform during live scrummaging trials. The 
compression flexion load was scaled to included 
maximum values of 1100 N and 700 N for 
anterior shear and compression respectively. A 
final simulation applied impulses with higher 
maximal values of 2500 N and 1500 N for shear 
and compressive forces respectively after the 
experimental load was scaled further. For all 
simulations, peak values of the applied loads 
were reached in 60 ms after an initial 40 ms 
latent period. No muscle activation was 
prescribed to reduce the active muscle force 
effects but their passive contribution remained. 
 
RESULTS AND DISCUSSION 
The values of the bushing parameters identified 
by the optimisation increased from their 
respective initialised values and were 23.1 MN/m 
for axial stiffness, 4300 Ns/m for axial damping, 
75.9 kN/m for shear stiffness and 1400 Ns/m for 
shear damping. Perturbations in shear damping 
and axial stiffness had the most effect on model 
performance. Decreasing values of shear 
damping resulted in larger error in the sensitivity 
analysis (Figure 1). Axial stiffness also showed 
an effect of increasing or decreasing values 
however this effect was smaller than the one 
observed in shear damping. This is possibly 
caused by the considerably higher values of 
axial stiffness (23.1 MN/m) compared to shear 
damping (1400 Ns/m), which, even when 
perturbed by – 50 %, remain in the same order 
of magnitude. On the contrary, the same 
proportional perturbation of the optimised shear 
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damping reduces the value by an order of 
magnitude.   
 

 
 
Figure 1. Axonometric view shows the response of five 
optimised models  as the interpolated 3rd degree polynomial 
surfaces (above). Projections of each axis of the parameter 
perturbation against the calculated tracking error (ΔRMSE) for 
one model as an example (below). 

During these impulsive axial loads applied to the 
cervical spines in the experiments a buckling 
response was observed as previously observed 
by [3]. The anterior shear motion of the vertebrae 
caused by the loading of the specimens in the 
current study, however, did not lead to injuries 
because the applied load was chosen to be sub-
catastrophic. The sensitivity analysis thus 
highlighted the importance of correct choice for 
anteroposterior joint damping parameters used 
in musculoskeletal model of the cervical as lower 
values chosen for axial impacts may result in 
misrepresentative kinematic responses of the 
model cervical joints in anteroposterior 
translation.  
 
The three forward dynamic simulations resulted 
in anterior cervical spine joint displacements 
representative of the loads applied to the base of 
the head segment (Figure 2). Anterior 
displacements of the C2-C3, C3-C4, C4-C5 and 
C5-C6 joints ranged from 3 to 3.5 mm under the 
250 N pure shear load applied to the base of the 
head. These values are in line with the 2 mm 
anterior joint displacements of three-segment 
specimens produced under non-catastrophic 
quasi-static experimental loads of 220 N 
recorded by [4]. During the second impact 
simulation, the cervical joints displaced 
anteriorly by 9 to 10 mm. The simulation that 
reached 2500 N anterior shear load resulted in 
maximal anterior displacements of 13 to 19 mm.  
 

 
Figure 2. Anterior cervical spine joint displacement as a result 
of the three applied loads (green arrows). The kinematic 
results of the individual joints (right column) and final model 
pose (left column) are presented for the static 250 N load (top 
row), 1100 N shear and 700 N compressive loads (middle row) 
and 2500 N shear and 1500 N compressive loads (bottom 
row). 

Anterior shear failure tests on porcine cervical 
specimens have shown maximal displacements 
of 16 to 22 mm under loads of 2300 to 3500 N 
[5]. It should be noted that both studies used ex-
vivo specimens with musculature removed, 
which is a simplification of the complex 
mechanism of the cervical spine. Also, the 
clinical presentation of cervical spine injuries 
sustained in-vivo by similar loading patterns are 
heterogeneous [6], making the identification of 
injury mechanism challenging. 
 
CONCLUSIONS 
Cervical spine musculoskeletal models used in 
the analysis of axial impacts are sensitive to 
anteroposterior joint shear damping parameter 
values and that shear values estimated under 
such axial impacts provide a viable approach to 
analyse loads representative of sport collisions. 
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INTRODUCTION 
Optimal control methods enable model-based 
predictive simulations of human movement to 
reveal how changes in the neuro-
musculoskeletal system affect behavior. A 
feature of human motor control that is often not 
considered is robustness against sensorimotor 
noise present in the nervous and muscular 
systems. An optimal control framework that 
accounts for the presence of sensorimotor noise 
might allow answering questions related to 
movement variability and postural control in the 
presence of noise [1].  
Robust optimal control methods consider 
uncertainty in the dynamics and cost function. 
Due to the increased numerical complexity of 
modeling uncertainty, applications of robust 
optimal control to simulate human movement 
have thus far been limited to models with linear 
dynamics [2]. However, human movement is 
best described by non-linear dynamics.   
Here, we applied a robust optimal control method 
developed by Houska et al. [3] to simulate 
human movement based on a skeletal model 
governed by non-linear dynamics. Houska’s 
method accounts for uncertainty by simulating 
the state co-variance matrix based on a linear 
approximation of the state co-variance dynamics 
along with the states [3]. The main advantage of 
this method over other methods that allow 
incorporating uncertainty in the dynamics (eg 
iLQG [4]) is its compatibility with direct 
collocation, an efficient method to simulate 
optimal human movement [5]. We implemented 
this method to simulate a squatting motion in the 
presence of motor noise and evaluated the effect 
of accounting for noise by comparing robust to 
nominal optimal control. 
 

METHODS 
Optimal control problems are generally written in 
the form of a constrained optimization:  

𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒    ∷    𝐽(𝑥(𝑡), 𝑢(𝑡))                    

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 ∷    �̇�(𝑡) = 𝑓(𝑥(𝑡), 𝑢(𝑡))                    (1) 

   ℎ(𝑥(𝑡), 𝑢(𝑡)) ≤ 0               

with 𝑥(𝑡) the state trajectory, 𝑢(𝑡) the control 

trajectory, 𝐽(𝑥(𝑡), 𝑢(𝑡)) the cost functional 

describing the optimality principle (e.g. 

minimization of effort), �̇�(𝑡) = 𝑓(𝑥(𝑡), 𝑢(𝑡)) the 

first-order differential equations describing the 

system dynamics and ℎ(𝑥(𝑡), 𝑢(𝑡)) ≤ 0 path 

constraints and/or boundary conditions. 
When introducing Gaussian noise, system 
dynamics are a function of the states, the 

controls and the variance𝑤: �̇�(𝑡) =
𝑓(𝑥(𝑡), 𝑢(𝑡), 𝑤). To account for the uncertainty in 
the dynamics, we augment the state-space by 
the state co-variance matrix 𝑃(𝑡) and describe 
the propagation of the co-variance matrix using 
the continuous Lyaponuv equation [3]. The new 
optimal control problem is larger but has the 
same form as (1): 
 

𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒  ∷    𝐽(𝑥(𝑡), 𝑢(𝑡), 𝑃(𝑡))         

𝑠. 𝑡.  ∷    �̇�(𝑡) = 𝑓(𝑥(𝑡), 𝑢(𝑡), 0)                               

          �̇�(𝑡) = 𝐴(𝑡)𝑃(𝑡) + 𝑃(𝑡)𝐴(𝑡)𝑇 + 𝐶(𝑡)∑𝑤𝐶(𝑡)𝑇 

              ℎ(𝑥(𝑡), 𝑢(𝑡), 𝑃(𝑡)) ≤ 0            

𝑤𝑖𝑡ℎ 

 𝐴(𝑡) ∷
𝜕𝑓

𝜕𝑥
(𝑥(𝑡), 𝑢(𝑡), 𝑤) ,𝐶(𝑡) ∷

𝜕𝑓

𝜕𝑤
(𝑥(𝑡), 𝑢(𝑡), 𝑤).  

 

∑𝑤 is a diagonal matrix with variances of the 
different noise sources on the diagonal. This 
augmented dynamic optimization problem can 
be transcribed as a non-linear programming 
problem (NLP) using direct collocation and 
solved efficiently with a gradient-based method 
whenever 𝐽(. ), 𝑓(. ) and ℎ(. ) are continuously 

differentiable with respect to 𝑥, 𝑢 and 𝑤. 
We implemented both the nominal and robust 
optimal control methods described above to 
simulate a squatting motion. Skeleton dynamics 
was described based on a sagittal plane model 
including an ankle, knee and hip degree of 
freedom. Each joint is actuated by an ideal 
torque actuator with maximal torque output of 
150, 250, 200Nm respectively. Joint torques 
were modeled by linear time-variant feedback 
from the states (joint angles, velocities and 
actuator activations) and were subject to 
activation dynamics with a time delay of 80ms. In 
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the robust optimal control problem, motor noise 
was modelled as Gaussian noise with a standard 
deviation of 1% of the maximal torques added to 
the actuator torques. The task was described by 
constraining the initial (t = 0s) and final (t = 1s) 
positions to be fully upright. At t = 0.4s the 
center-of-mass was constrained to be 0.275m 
lower than in the upright position. The center-of-
pressure was constrained to be within a realistic 
base-of-support (-0.05m to 0.18m relative to the 
ankle joint). The cost 𝐽 was a weighted sum of 
the time integral of the sum of squared joint 
torques and a regularization term for the 
feedback gains. In the robust optimal control 
problem, this function is augmented with the time 
integral of the variance of the states (diagonal 

elements of the co-variance matrix 𝑃). In both 
cases, we solved for 27 control gains (9 states x 
3 actuated degrees of freedom) that minimized 𝐽. 
The problems were formulated as NLPs in 
CasADi [6] using a Radau collocation scheme 
with 100 mesh intervals and 3 collocation points 
per mesh interval. The resulting NLPs were 
solved with IPOPT [7]. 
 

RESULTS AND DISCUSSION 
The nominal optimal control gains produced a 
squat motion in absence of motor noise (Fig.1 – 
blue). However, the nominal control law is not 
robust against 1% motor noise added to the 
actuating torques (Fig.1 – green). In contrast, the 
robust control law yields stable movements when 
5% motor noise is added (Fig.1 – yellow/red).  

 
Fig 1: Minimal effort squat motion. The robust optimal 
control law is robust against motor noise.  

 
Mean kinematics and joint torques of the robust 
and the nominal optimal controller are nearly 
identical (Fig. 2). However, the robust and 
optimal feedback gains are very different. The 
mean  change in feedback gains averaged over 
time was 5.42 rad-1 for the position feedback 
gains, 1.77 s.rad-1 for the velocity feedback gains 
and 3.88 for the activation feedback gains.  
There was no trade-off between robustness and 
the other part of the objective, i.e. effort 

minimization. Two model choices explain this. 
First, our time-variant full-state control law is 
highly redundant and this redundancy can be 
exploited to improve robustness without altering 
the optimal movement. Second, we did not 
model sensory noise (no noise added to the state 
in feedback law), allowing for (unrealistically) 
accurate state feedback. 

 
Fig 2: Nominal OCP (red dotted); Robust OCP (blue) - 
Joint positions and torques with 95% confidences 
intervals (for the robust OCP formulation only) derived 
from the co-variance matrix under 5% motor noise  
 
CONCLUSIONS 

Accounting for uncertainty due to noise, allowed 
us to find a feedback law that improved the 
robustness of a squat movement against motor 
noise. This example shows that a sufficiently 
complex feedback law can stabilize movement 
without increasing effort. Note that the same 
feedback law with gains that were not optimized 
for robustness led to unrealistic movements in 
the presence of noise. 
A framework that accounts for movement 
variability due to sensorimotor noise is important 
to study motor control. Our example 
demonstrates that failing to account for noise 
results in unrealistic control laws.  
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INTRODUCTION 
The purpose of this study is to predict a sit-to-
stand (STS) motion imitating that of a healthy 
human. Garner was first to predict rising of a 
musculoskeletal model, in 1992 [1]. The current 
study builds on the recommendations of Garner, 
to include more uniarticular muscles when 
modelling STS, and extends a torque-driven 
model [2] to incorporate muscle units in the STS 
prediction problem. By including muscles in this 
new biomechanical model and muscular effort in 
the new optimal control routine, we are the first 
to predict STS from a musculoskeletal model 
with results compared to normative STS motion 
patterns and events. In predicting healthy STS, 
this study makes a step toward predicting 
pathological STS, and then to predicting the 
results of intervention to inform medical design 
and planning. 

METHODS 
Predicting a human motion requires a 
biomechanical model and theory of how the 
motion is realized. As STS is the result of 
coordinated contraction of skeletal muscle, 
incorporating muscular contributions in the 
motion prediction problem is integral to solving 
it. Therefore, the three-link, three-degree-of-
freedom, deformable buttocks, sagittal plane 
biomechanical model in the previous study [2] 
was augmented with the iliopsoas, rectus 
femoris, vasti, gluteus maximus, hamstrings, 
tibialis anterior, gastrocnemius, soleus, flexor 
digitorum longus, and tibialis posterior muscles, 
as seen in Figure 1. 

The musculoskeletal model in this study was 
built on the muscle coordinate modelling and 
scaling work of White et al. [4], the muscle 
geometry modelling of Carhart et al. [5], and the 
patellar pulley model of Brand et al. [6]. It 
includes a three-dimensional kinematic model of 
the patella and models of cylindrical anatomical 
wrapping constraints for the iliopsoas, rectus 
femoris, vasti, and gastrocnemius muscles [7]. 
The musculoskeletal model was motivated by 
studies of human anatomy and physiology to 
provide reliable muscle moment arms and 
muscle lengths for the natural range of sagittal 
plane joint motions.  

The motion prediction problem was divided into 
two loops. In an inner loop problem (within the 
“optimize motion paths” block of Figure 2), 
individual muscle contributions to a candidate 
STS motion were calculated by solving the static 
optimization problem for the time-varying muscle 
forces using fmincon in MATLAB [8]. This 
problem minimized the sum of squared muscle 
stresses (eq 1) to resolve muscle indeterminacy. 

����‖��� 	 
‖� � ��� ��
������

���

���
�� (1)

where the first term penalizes static 
inconsistency, the second, muscle stress, term 
is weighted by ρ =10-3 [9], where F is the force
exerted by the muscle, and PCSA is the
physiological cross sectional area of the muscle. 

This local optimization problem is seeded with 
muscle forces determined from the seed motion 
path (within the “find seed of muscle forces” 
block of Figure 2), considering an alternate form 
of (eq 1) where the first term is instead 
expressed as an equality constraint. 

In an outer loop problem, candidate motions 
were optimized to minimize the sum of squared 
muscle stresses, squared joint torques, and 
physical infeasibilities, including slipping and 
falling. The predicted STS was then compared to 
[2] and to normative STS [10, 11].

Fig 1 : A schematic of the new biomechanical model, 
created in MapleSim [3]. 
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Fig 2: New iterative routine to predict STS. 

RESULTS AND DISCUSSION 
The optimal motion paths and corresponding 
ground reaction forces were used to determine 
the beginning and end of the predicted STS [10]. 
The resulting motion is shown in Figure 3. From 
sitting, the model flexed the HAT (head, arms, 
and torso), the buttocks lifted from the chair, and 
the ankles dorsiflexed and then returned to a 
neutral posture while the knees and hips 
extended to standing, as would be expected in 
healthy STS [11].  

The final event of STS, “standing on,” was 
predicted to occur after 2.00s, approximately 
0.75s slower than predicted by the previous 
model [1], but 0.12s quicker than what is 
reported from experiments [10]. However, as 
seen in Figure 4, all other STS events from this 
prediction occur within one standard deviation of 
the norm for healthy STS, which was not the 
case for the previous, torque-driven, model. 

CONCLUSIONS 
This study has predicted STS using a three-link 
musculoskeletal model and a cost function that 
includes muscular effort. Including muscles in 
the STS prediction has resulted in slower and 
more normative timing. However, the static 
optimization routine that solves for muscle forces 
has increased computation time drastically, from 
finding a final solution within hours using the 
torque-driven model to days using the 
musculoskeletal model. Nevertheless, muscular  

Fig 4: Predicted STS event timing from the new 
(musculoskeletal) study compared to the previous 

(torque-driven) study and experimental means, 
standard deviations, and ranges [10]. 

contributions have proven influential to 
predicting realistic STS, and therefore, more 
efficient strategies of including these muscles 
and resolving their contributions in a motion 
prediction routine should be investigated next. 
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INTRODUCTION 
The reconstruction of shoulder kinematics from      
skin marker-based motion capture is known to be        
affected by significant error caused by soft tissue        
artifacts (STA) [1]. Inaccuracy in the shoulder       
kinematics limits certain applications of     
musculoskeletal models, especially those related     
to the scapulohumeral rhythm or the impingement       
due to the glenohumeral translation. 
 
We were able to base this study on markers         
placed on intra-cortical bone pins obtained from a        
previous study [2], resulting in joint kinematics       
without the influence of STA. Such data are rare         
due to the invasiveness of pin implementation. 
 
The objective of this study was to develop a         
subject-specific shoulder models for sport and      
daily life activity analysis using the kinematics       
data obtained from previous intracortical bone pin       
data collections. In addition, we constructed a       
second model, which is driven by skin markers        
exclusively. We compared resulting joint angles      
between both models. In this paper we aim to         
show preliminary results for one sport activity:       
throwing a ball and one daily life activity: reaching         
a back pocket. 
 
METHODS 
Experimental data 
Both models represented one healthy male      
subject (177cm, 82kg). The intra-cortical bone      
pins were inserted on the humerus, on the        
scapula and on the clavicle. In addition, 26 skin         
markers were attached to the thorax, clavicle,       
scapula and humerus. The subject performed full       
range-of-motion movements, six activities of daily      
living, and five sports activities, which gives in        
total 20 trials. A full description of the        
experimental data collection is presented in the       
study of Dal Maso, et al [2]. 

 
Model development  
A large-scale musculoskeletal shoulder model     
was previously developed using the AnyBody      
Modelling System (AnyBody Technology,    
Aalborg, DK). The model contains     
sternoclavicular (3-dof), acromioclavicular (3-dof)    
and glenohumeral (3-dof) joints. The pelvis      
segment was rigidly connected to the thorax. Left        
clavicle, humerus and scapula segments were      
morphed to match a subject-specific geometry      
using reconstructed CT-scans. As CT-scans of      
the humerus bone were incomplete distally, skin       
markers located on epicondyles were used to       
scale the humerus length. In the pin-based       
model, the position and the orientation of clavicle,        
scapula and humerus segments were determined      
from markers located on intra-cortical bone pins       
using inverse kinematics. Four markers were      
located on the pin attached to the clavicle, four on          
the scapula pin and five on the humerus pin.         
These markers were manually selected on the       
reconstructed pins from CT-scans, and their      
position on the model was found using       
registration transformation, determined from the     
bone morphing process. This operation allowed      
accurate identification of pin markers’ position      
without the need for optimization. In the skin        
marker-based model, we used skin markers      
exclusively. Six markers were used to drive the        
clavicle segment, eight - the scapula and five -         
the humerus. The position of these markers were        
optimized during a standing trial together with       
fixed pin markers (Fig. 1). Six skin markers were         
located on the thorax segment in both models. No         
markers were placed on hand, ulna and radius        
segments to avoid STA that would derive from        
these markers. Instead, elbow and wrist joints       
were locked in an extended position. In the        
weighted least-squares optimization problem    
used to reconstruct the model kinematics, the       
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weight of 10 was set for pins markers while the          
weight of 1 was set for skin markers [3]. We          
calculated the root mean square deviation      
(RMSD) of joint angles between both models for        
simulations of two movements: reaching a back       
pocket and throwing a ball. 

 
Fig 1: The  model of the left shoulder during standing 

position with full set of markers. Red arrows show 
directions in which the markers position was locked while 

the green ones show direction in which the markers position 
was optimized. 

 
RESULTS AND DISCUSSION 
RMSDs of each joint angle are shown in Table 1.          
Mean RMSD of joint angles was higher for        
throwing a ball than for reaching a back pocket         
(9.24° vs 6.98°). The lowest RMSD in reaching a         
back pocket trial was observed for the       
glenohumeral abduction (1.73°) while the highest      
for the glenohumeral external rotation (15.73°). In       
throwing a ball trial for the sternoclavicular       
elevation (2.33°) and for the acromioclavicular      
medial rotation (19.80°) respectively. The     
glenohumeral abduction angles for throwing a ball       
and reaching a back pocket movements are       
shown on the Fig. 2.  
 
Resulting kinematics and kinetics data from the       
pin-marker driven model will be used in further        
studies on the scapulohumeral rhythm, the      
scapulothoracic connection modelling and the     
joint stability determined by the glenohumeral      
translation. 
 
 

Table 1. RMSDs [deg] between pin marker-driven model        
and skin marker-driven model for each joint angle. 

 Pocket 
reaching Ball throw 

ACMedRot 13.12 19.80 
ACPostTilt 10.81 11.91 

ACProtraction 2.20 3.50 
SCAxialRot 9.55 8.39 
SCElevation 3.84 16.50 

SCProtraction 2.51 4.31 
GHAbduction 1.73 2.33 

GHFlexion 3.30 3.82  
GHExtRot 6.98 12.65 

 

 

 
Fig 2: The glenohumeral abduction joint angles 

calculated by pin marker-driven model (solid line) and 
skin marker-driven model (dash line) for 1) throwing a 

ball and 2) reaching a back pocket movements. 
 
CONCLUSIONS 
We presented a framework to develop a       
subject-specific intra-cortical bones pin driven     
musculoskeletal model of the shoulder.     
Additionally, we compared a resulting join angles       
from this model with a model that is driven by skin           
markers exclusively. The pin marker-driven model      
has an advantage over skin marker-driven      
models because it is not affected by the STA, and          
therefore presents several options for     
investigation of detailed shoulder kinematics. The      
presented model is still under development.  
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INTRODUCTION 
Understanding how the muscles that act on the 
wrist achieve different motions would have the 
potential to provide insight into the pathology of 
neuromuscular diseases, improve rehabilitation 
protocols, and enhance prosthetic design. 
However, most previous research into wrist 
muscle activity has focused on gripping or 
tendon forces via in vitro study [1]–[3]. The aim 
of this study was to investigate in vivo muscle 
activity of the wrist and compare results to in vitro 
and in silico data to determine how appropriate 
the two models are for predicting muscle activity 
patterns during motion. 
 
METHODS 
Synchronized kinematic and muscle activation 
data of 19 participants performing flexion-
extension (FE), radial-ulnar deviation (RUD), 
and dart throwing motion (DTM) were collected 
using an eight-camera optical motion tracking 
system (Qualisys, Gothenburg, Sweden) and 
surface electromyography sensors (Delsys, 
Natick, MA, USA). The motions were performed 
with the elbow in a fixed location and the hand 
pointing upward against gravity. The muscles 
monitored were extensor digitorum communis 
(EDC), extensor carpi radialis (ECR), extensor 
carpi ulnaris (ECU), flexor digitorum superficialis 
(FDS), flexor carpi radialis (FCR), flexor carpi 
ulnaris (FCU), and pronator teres (PT). Muscle 
activities during the motions were normalized by 
activations recorded during nine resisted 
maximum voluntary contraction tasks. 
 
The tendon forces of six forearm muscles during 
pure – motion with one degree of freedom – FE, 
RUD, and functional DTM were measured as 
reported by Shah et al [3] and the in silico results 
were produced via the model developed by 
Goislard de Monsabert et al. [4]. 
 
RESULTS AND DISCUSSION 
Although it was not possible to make direct 
comparisons of the magnitudes of the 
measurements, identifying which muscles are 
active during each task provides insight into the 
motor control. Figure 1 shows the representative 
in vivo muscle activity and the in silico muscle 
forces during RUD. 

 

 

 
Fig 1: The computed muscles forces (A) and the 
recorded muscle activity (B) of a radial-ulnar deviation 
motion. 

 
Both plots show that the ECU and FCU are active 
during ulnar deviation, the first part of the motion, 
and the ECR and FCR are active during radial 
deviation, the second part of the motion. There 
are also differences in which muscles are active. 
The recorded muscle activity shows EDC being 
active during radial deviation and the FDS is 
somewhat active throughout. In the computed 
results, however, we see the abductor pollicis 
longus (APL) and palmaris longus (PL) being 
activated during radial deviation. 
 
Figure 2 shows the muscle activity and muscle 
forces for an FE motion. As expected, FCU and 
FCR are active during flexion and the ECRB, 
ECRL, and ECU active during the extension 
phase. Again, there are differences between the 
two plots. APL is shown to be active during 
flexion in the computed results whereas FDC is 
active in the recorded muscle activity. Also, the 
EDC is active during extension.  
 

A 

B 
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Fig 2: The computed muscles forces (A) and the 
recorded muscle activity (B) of a flexion-extension 
motion. 

 
Figure 3 shows the muscle activity and muscle 
forces for a DTM motion. Again, the ECR, ECU, 
FCR, and FCU muscles are active in the same 
parts of the motion and the APL and PL are 
active when the FDS is shown to be active. The 
EDC is active towards the end of the motion. 
 
 These patterns of muscle activity were also 
found in the cadaveric study. The corroboration 
of the results across the three methods of 
analysis allows us to conclude that we have 
correctly identified the muscles employed to 
produce the desired motions. It also further 
validates the two models used in this study, 
supporting their use in investigating the 
biomechanics of the wrist. 
 
A limitation of this study is that different muscles 
were included across the three data sets. The 
FDS and EDC muscles didn’t feature in either the 
cadaveric or computational studies. Equally the 
PL and APL were not monitored during the in 
vivo data collection. Furthermore, the 
computational model currently doesn’t feature 
the co-contraction observed in the cadaveric and 
in vivo study. This, however, does explain 
differences in the results across the data sets, as 
motion driven by the EDC and FDS would have 
to be resolved via other muscles in the cadaveric 
and computational studies. We observed activity 
in the APL and PL in the computed results 
whenever we see activity in the EDC and FDS in 
the EMG data. We also observed activity in the 
muscles throughout the motions in the EMG 

data, which is not present in the computed 
results, suggesting some level of co-contraction. 
Previous research has found that co-contraction 
may be a strategy used by the body to stabilize 
motion [5]. This highlights the importance of 
including the finger muscles and co-contraction 
in models of the wrist as the exclusion has 
resulted in muscle activity differences when 
compared to the in vivo results. 
 

 

 

 
Fig 3: The computed muscles forces (A) and the 
recorded muscle activity (B) of a dart throwing motion. 

 
CONCLUSIONS 
This study provides insight into the motor control 
of the wrist during pure and functional motions. 
We have demonstrated that the modeled 
behaviour of the muscles of the wrist matches 
the activation exhibited in vivo for muscles 
included in the models and confirmed the 
necessity of including the finger muscles in 
models of the wrist to produce patterns that 
better match in vivo muscle activity. Further 
development of the musculoskeletal wrist model 
would enable the simulation of wrist motions and 
provide insight into pathology and rehabilitation. 
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INTRODUCTION 
Treadmill gait training is a common method of 
gait rehabilitation because it allows for high 
repetition at a low cost and in a small space [1]. 
However, commonly used fixed speed treadmills 
lead to decreased kinematic variability 
 and increased variability is desired for effective 
gait rehabilitation [2]. In response to this 
limitation, a real-time adaptive treadmill control 
was created to enable changes in speed based 
on gait mechanics [3]. 
 
Ray et al. analyzed changes in walking 
kinematics in response to a novel real-time 
adaptive treadmill control and found that the 
participants tended to choose a faster self-
selected (ss) walking speed with a larger trailing 
limb angle (TLA) at the time of peak anterior 
ground reaction force (AGRF) [4]. This could 
have implications for rehabilitation as TLA is a 
major factor in forward propulsion and linearly 
contributes to increases in propulsive force 
during changes in speed [5]. While larger TLA is 
believed to be due to faster ss walking speed, 
the mechanism by which TLA is increased is 
unknown.  
 
Musculoskeletal simulations have been used to 
understand how individual muscles contribute to 
normal walking over a range of walking speeds 
[6]. The purpose of this study is to examine if the 
force and activation of the primary hip extensor 
muscle, the Gluteus Maximus (GMAX), is 
affected by the real-time adaptive treadmill 
control to assist in generating larger TLA and 
thereby promote faster ss walking speed.  
 
METHODS 
Five healthy adults (26 ± 6 years, 1.78 ± 0.03m, 
73 ± 7.85 kg, 3 male) participated in this study. 
Motion capture (100 Hz) and force data (2000 
Hz) was previously collected for participants 
walking on the same treadmill at self-selected 
speeds chosen uniquely for the fixed speed and 
adaptive treadmill controls [1].  
 
Using the Visual 3D (C-Motion, MD, USA) export 
to OpenSim tool, simulations were generated for 
three gait cycles for each treadmill condition, for 

a total of six for each subject. A generic 
musculoskeletal model with 23 degrees of 
freedom and 92 musculotendon actuators [7] in 
OpenSim 4.0 [6] was scaled by the participants’ 
dimensions. Residual reduction analysis and 
computed muscle control were run to find the 
muscle activation of the GMAX and hamstring 
muscles for each of the simulations with the 
subtalar and metatarsophalangeal joints locked 
at neutral anatomical angles. 
 
Finally, using MATLAB, the GMAX muscle force 
and activation and joint angle data were 
normalized to percent gait cycle and averaged to 
generate one representative gait cycle for each 
treadmill control condition per participant. 
Trailing limb angle was calculated at the instant 
of the peak anterior ground reaction force as the 
angle between vertical and the line connecting 
the hip joint center and the 5th metatarsal (Figure 
1). Statistical analysis was not conducted due to 
small sample size.  

 
Fig 1: Definition of AGRF and TLA. 

 
RESULTS AND DISCUSSION 
Participants chose faster ss walking speed with 
the adaptive treadmill (Fixed: 1.1 ± 0.06m/s, 
Adaptive: 1.23 ± 0.11 m/s) and larger TLA at the 
instant of peak AGRF force (Figure 2a). Peak 
GMAX activation (Figure 2b), where 0 is no 
muscle contraction and 1 is maximal muscle 
contraction, was slightly greater on the user-
driven control compared to the fixed speed 
treadmill (Fixed: 0.38 ± 0.12, Adaptive: 0.43 ± 
0.11). No noticeable trend was observed in 
GMAX force. Three participants used a higher 
GMAX peak force with the adaptive treadmill 
(Difference: 44.79 ± 11.57 N). The other two 
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participants used a higher GMAX peak force with 
the fixed speed treadmill (Difference: 31.55 ± 
4.05 N).The peak forces and peak activations for 
the GMAX occurred during early stance phase 
(0-20% gait cycle) with no difference in timing.  
 

 
Fig 2: Average and standard deviation of peak trailing 
limb angle (A) and peak GMAX activation (B) for the 
two treadmill controls. 
 

Participants generated slightly larger peak hip 
and knee extension angles measured relative to 
the vertical axis with the real-time adaptive 
treadmill. No consistent trend was observed for 
the pelvis tilt or ankle angles.   
 
Previous studies have shown that with an 
increase in walking speed, contribution to 
vertical support from the gluteus maximus 
should increase [8]. However, our results 
suggest that even though the ss walking speed 
is faster with the real-time adaptive treadmill, 
only slight changes in activation and force are 
associated with increased TLA, which may 
suggest better mechanical efficiency of the 
GMAX when TLA is increased.  
 
Changes in trailing limb angles in this healthy 
population are primarily due to the increased 
walking speeds on the real-time adaptive 
treadmill and not to the change in controller [4]. 
Because the activation of the GMAX only 
changed slightly and no noticeable trend was 

observed with GMAX force, this motivates the 
use of an induced acceleration analysis as a next 
step to determine the contribution of the GMAX 
to the increased walking speed. It is also 
possible however that these results suggest that 
the adaptive treadmill passively pulls the leg 
backwards further, causing increased hip and 
knee extension and a larger TLA.  
 
These findings promote the use of the real-time 
adaptive treadmill as a rehabilitation tool to 
assist the hip and knee with extension and 
promote faster ss walking speeds, a sign of 
effective rehabilitation [1]. Because no trend was 
found with ankle kinematics, other therapeutic 
interventions, such as functional electrical 
stimulation, would be recommended for ankle 
control. 
 
CONCLUSIONS 
Only slight increases in GMAX force and 
activation are associated with the larger trailing 
limb angles observed with a real-time adaptive 
treadmill controller versus a fixed speed 
treadmill control. Based on the current results it 
is hypothesized that the larger TLA is primarily 
due to increased hip and knee extension with the 
real-time adaptive treadmill, which will be 
explored further with induced acceleration 
analyses. Future work will quantify passive and 
active changes in GMAX function with increased 
TLA, and determine whether results apply to 
individuals with neurological impairment. 
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INTRODUCTION 
Duchenne muscular dystrophy (DMD) is a 
genetically conditioned, progressive disorder. At 
present, it is not possible to cure this disease, 
the modern treatment used only delays its 
inevitable progress. The effect of disease 
progression is the gradual loss of walking and 
standing in the second decade of life (teenage 
age). In subsequent years, patients move on 
electric wheelchairs gradually losing the function 
of upper limbs, i.e. the possibility of being 
independent in self-service e.g. eating, washing, 
dressing and undressing due to gradual 
weakening of the shoulder girdle muscles, and 
further on the arms and forearms. As the last 
one, the independent hand function is 
maintained, enabling the use of a mobile phone, 
laptop, trolley driver or electric bed located at the 
patient's waist level. 
The aim of the study was testing upper limb 
performance of Duchenne muscular dystrophy 
(DMD) patients and control group (healthy 
young) by using principles of the PUL and 
DMDSAT test [1,2]. These kinematic patterns 
will be performed by using custom-made upper 
limb exoskeleton. 
 
METHODS 
Tests were performed by using the dominant 
upper limb: abduction-adduction motion in the 
frontal plane; lifting a 50/200/500/1000 g weight 
from the waist height to the shoulder height;  
lifting a 50/200/500/1000  g weight from the waist 
height above the head; moving 
100/200/500/1000 g weight on the table (on the 
waist height); raising an arm with a 50/200 g 
weight from the waist height; moving, lifting and 
stacking light/heavy cans on the waist height;  
tracing a path on the waist height; supination; 
picking up coins; performing a giving grip; 
transferring a given weight from the initial 
position to the given position; raising the arm to 
the eyes height and tip of the head; bringing 
food/cup to the mouth; placing fingers on the 
diagram and pressing the electronic device. The 

control group results will be used to create 
individual kinematic patterns for the chosen 
DMD patient.  
 
RESULTS AND DISCUSSION 
The solution for supporting the patient's 
movement functions with DMD performs the 
guidance (guidance mode) and assistant (assist 
mode) functions based on the patient's current 
condition (e.g., Fig. 1), the type of movement 
intended to be performed (e.g. raising a hand to 
the mouth or lifting a given weight to a given 
height) and external interactions (e.g., gravity 
field). It is also necessary to protect the 
possibility of frequent calibration of individual 
modes of operation of the proposed solution 
based on periodic checking of the patient's DMD 
movement functions, which deteriorate over time 
due to the inevitable progression of the disease. 
The setting of specific work modes should be 
based on the patient's functional assessment 
using specialized tests. The use of ICT 
technology will allow the processing of 
personalized data collected from sensors 
(including surface electromyography [3] and grip 
sensor), the collection of these data and their 
application to control the work of the executive 
components of the proposed solution. 
 

a) b)  
 

Fig 1: Guidance mode (a) and assist mode (b) 
functions [4] 
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CONCLUSIONS 
The proposed solution implements two operating 
modes (guidance mode and assistance mode). 
Calibration of each operating mode will be 
performed after performing functional tests and 
obtaining kinematic patterns and providing 
guidelines from the rehabilitation team. 
Ensuring implementation by solving the possibility 
of adapting the work based on data from two 
diagnostic systems, i.e. surface 
electromyography and a grip sensor. 
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INTRODUCTION 
Spasticity, a velocity-dependent increase in tonic 
stretch reflexes (muscle tone) with exaggerated 
tendon jerks[1], is a common motor dysfunction 
which causes difficulties to motor recovery to 
patients in many neurological diseases, such as 
stroke. The understanding of the contributions 
from elasticity and viscosity caused by 
alterations of muscle and tissue properties to 
spasticity is still limited [2]. In clinic, Modified 
Ashworth Scale (MAS) is used to measure 
spasticity, and it has been questioned before due 
to its unsatisfactory reliability [3]. Therefore, 
more objective, valid and reliable clinical 
methods are still limited to identify and quantify 
spasticity and to guide intervention[4]. 
Biomechanical models and simulation have been 
used to quantify spasticity [5]. In this study, we 
investigated components of passive movement 
resistance of the wrist flexor after stroke in 
chronic stage by using a biomechanical model 
combined motorized mechanical device, and 
explored the correlation between these 
components and MAS. 
 
METHODS 
A cross-sectional study was performed in 19 
stroke survivors who were admitted to the First 
Affiliated Hospital, Sun Yat-sen University (Table 
1). The study was approved by the Ethics 
Committee of the hospital and was conducted in 
accordance to the Declaration of Helsinki. All 
subjects provided written informed consent prior 
to enrollment. Passive resistance torque of wrist 
joint of both sides of the subjects were measured 
by a motorized mechanical device (NeuroFlexor, 
Aggro MedTech AB, Solna, Sweden) [6](Fig 1). 
Subjects were asked to keep resting and 
instructed to not take any active movements 
during measurements. The instrument runs at 
5°/s and 236°/s with and without hand load. 
Range of the wrist movement was from 20° 

flexion to 30° extension. The passive resistant 
force and the joint angle were recorded 
simultaneously. There are three components are 
obtained based on the measurement results and 
a biomechanical model[6]: Neural Component 
(NC) which represents spasticity, Elasticity 
Component (EC) and Viscosity Component (VC), 
the alterations in muscle and tissue properties. 

In this model, the EC and VC are mainly from 
data collected during the passive stretch 
movement at 5°/s while the NC is calculated 
during the passive stretch at 236°/s with the EC 
and VC removed. The reflexes or the muscles 
and tissue changes is clear in this model. 
Modified Ashworth Scale was assessed with 
score of 1+ in MAS was taken as 1.5 in the 
statistical analysis. Comparison of the 
components between paretic side and non-
paretic side was calculated using t-test. 
Spearman’s rank correlation was used to explore 
relation between MAS and the components. The 
significance level was set at p<0.05. 

 
Fig 1: the NeuroFlexor device and alignment of the limb 

 
RESULTS AND DISCUSSION 
As shown in Fig.2a, NC of the paretic side 
(mean± SD, 4.69±2.84N) was significantly higher 
than the non-paretic side (2.08±1.59N, p=0.000). 
NC in the paretic side had significant correlation 
with MAS (r=0.899, p=0.000).  
The results showed that NC was higher in the 
paretic side of stroke survivors than non-paretic 
side (Fig.2b). NeuroFlexor has been applied to 
evaluate contributions to the hyper resistance 
during the passive stretching in other 
neurological conditions [7]. These findings 
combined our results showed that it is a feasible 
method to document spastic muscle with 
stiffness. Furthermore, only NC showed 
significant correlation with MAS, which was in 
line with the definition of spasticity. Many 
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researchers considered the reliability of MAS 
was poor to moderate and is set subjectively by 
the examiner which is likely to be influenced by 
the placebo effect [2]. Therefore, it is better to 
combine quantitative evaluation to provide 
objective information of spasticity. 

 
Fig 2: a. components of wrist stretched (n=19) , 

*p<0.05; b: correlation between NC and MAS (n=19) 
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INTRODUCTION 
The requirements of everyday life place 
mechanical demands upon the joints of the body.  
Some of these loads are beneficial, while others 
may be deleterious.  For example, walking is 
often prescribed for aerobic and musculoskeletal 
conditioning of the lower back [1].  In contrast, 
certain arduous lifting and asymmetric tasks may 
contribute to the high worldwide incidence of 
lower back pain [2,3].  Without ethical methods 
to directly quantify in vivo demands, it is difficult 
to classify many tasks of daily life as beneficial 
or not.  In silico musculoskeletal models of the 
lower back can overcome these ethical concerns 
and allow us to better understand in vivo 
demands during a variety of tasks [4].   
 
Like all joints in the human body, the lower back 
has many more available controls (muscles) than 
it does degrees of freedom (DoF).  This results 
in an indeterminate system with an infinite 
combination of potential muscle forces to 
accomplish a given movement. Biomechanists 
traditionally apply various optimization 
approaches to establish a feasible solution to 
predict muscle and joint loads [4].  Though these 
solutions will satisfy the constraints of the 
system, it is unlikely that the central nervous 
system (CNS) minimizes a universal objective 
function for all tasks.  Further, most generic 
optimization approaches (e.g. the minimization 
of muscle activations [5]), often underpredict 
antagonist co-activations, a significant concern 
in back models.  To overcome these limitations, 
Cholewicki and McGill [6] introduced a hybrid 
approach (EMGopt) which incorporates 
participant-specific electromyography (EMG) 
responses to better individualize the calculated 
joint demands while satisfying the equations of 
motion. 
 
The aim of the present study is to develop the 
framework for an EMGopt-driven solution using 
a complex OpenSim model of the lower back [7], 
and to test its efficacy.  To this end, we compared 
L5/S1 compression loading results from our 
EMGopt solution to a traditional static 
optimization (SO) algorithm across select sub-
maximal tasks. 

METHODS 
All experimental data were collected from a fit 
and healthy female participant (38 years; 60.5 
kgs; 1.7m).  After providing informed consent, 
she performed a series of maximal voluntary 
contractions (MVC) of the trunk musculature [8], 
followed by five sub-maximal conditions: quiet 
standing with 0, 4.5, and 9.1 kg weights in each 
hand, and walking at a comfortable self-selected 
speed (1.3 m/s) with and without an artificial 19 
mm leg length asymmetry invoked by an 
EvenUpTM Shoe Leveler placed on her right foot.  
 
Full-body kinematics were captured at 100Hz 
with 60 reflective markers and 8 high-resolution 
cameras (Qualisys AB, Sweden).  Muscle EMG 
signals were detected by 12 surface electrodes 
(Delsys Inc., USA) positioned [8,9] bilaterally 
over 6 trunk muscles: 1) rectus abdominis, 2) 
external obliques, 3) internal obliques, 4) 
latissimus dorsi, 5) longissimus dorsi, and 6) 
iliocostalis.  Ground reaction force (GRF) and 
gait pacing were supplied by an instrumented 
treadmill (Treadmetrix, USA).  EMGs and GRFs 
were collected at 2000Hz. EMGs were post-
processed [8] and scaled to peak MVC values. 
GRFs and processed EMGs were down-sampled 
to sync with the kinematic data. 
 
Two separate full-body lumbar spine models with 
17 segments, six lumbar joints, and 238 
musculotendon actuators (MTAs) were defined 
in OpenSim 4.0 [10], based upon a previously 
validated model [7]. The two models were used 
in different phases of the solution process (Fig. 
1).  Model m47DoF, with 47 DoF was used to 
accurately determine the MTA moment arms 
across all six lumbar joints, to solve the SO, and 
to compute lumbar joint loads.  Model m29DoF 
was identical but with 18 fewer DoF due to 
coordinate coupler constraints (CCC) on the 
lumbar and abdominal joints, which were 
necessary to accurately calculate the states and 
resultant joint kinetics of each of the lumbar 
segments relative to total trunk kinematics.   
 
EMGopt was implemented in a custom MATLAB 
(Mathworks Inc., USA) script that accessed 
OpenSim libraries [11].  Recorded EMGs were 

115



assigned as MTA activations [9] in the m47DoF 
model along with segment kinematic states to 
determine the contribution of each MTA to the 18 
resultant lumbar joint moments calculated from 
m29DoF.  MTA forces were then optimized with 
a fmincon sequential quadratic programming 
algorithm according to the objective function [6]: 

min ∑ 𝑀𝑒𝑚𝑔𝑖,𝑗 (1 − 𝑔𝑖)2

238

𝑖=1

 

where the sum of the root sum squared moment 
contributions (Memgi,j) from each MTA (i = 1 to 

238) about each joint (j = 1 to 6) was constrained 
to be within 0.5% of the resultant joint moments 
by minimizing adjustments to their originally 
assigned force output (gi) [6,9].  Optimized MTA 
forces from both EMGopt and OpenSim SO [12] 
were input to the OpenSim Joint Reaction 
Analysis Tool [12] to calculate each solution’s 
effect on L5/S1 compressive loads. 

  

RESULTS AND DISCUSSION 
The average L5/S1 compressive loads from the 
five experimental conditions are shown in Fig. 2.  
In all conditions, EMGopt predicted larger 
compressive loads than SO, but both were within 
reported ranges for lumbar compressive loading 
[4,13].  The higher EMGopt values are due to the 
inclusion of more antagonistic MTA forces that 
are not selected by SO to balance the net joint 
moments. 

The three standing conditions are symmetrical 
about the lumbar joints and produce relatively 
constant small net joint moments.  As 
anticipated, the EMGopt method predicted 
increasing L5/S1 compression as the hand-held 
mass increased, while SO did not predict the 
same expected pattern.  Walking entails larger 
lumbar moments [14], yet SO predicted only 8% 
greater lumbar compression than in quiet stance, 
while EMGopt predicted a larger 36% increase. 
Asymmetrical gait displayed lumbar loads 6% 
(SO) and 8% (EMGopt) greater than in normal 
walking. 
 
Overall, the EMGopt results show greater fidelity 
to expected lumbar compressive loading than 
does SO, and reflects how the CNS may respond 
differently while attempting to brace the lumbar 
region from different types of external loads [15]. 
 
CONCLUSIONS 
This study has demonstrated the feasibility of 
using an EMGopt-driven solution with a complex 
OpenSim model to examine lumbar compression 
loading.  The EMGopt approach is well suited to 
distinguish between conditions with similar 
resultant joint moment demands, but where the 
CNS muscular response may also be influenced 
by factors such as antagonist muscle activations 
or asymmetries.  Future model development will 
include testing on more participants in a larger 
variety of experimental conditions, and 
assessment of both compressive and shear 
loading demands on all lumbar joints.  Further, 
we will investigate the importance of individual 
vs. group scaling of model joint moment 
potentials, the influence of how the surface EMG 
measures are assigned to the 238 MTAs, the 
importance of high-quality MVCs in minimizing 
force adjustments (gi), the shape of the assumed 
force/EMG relation, and how individual muscles 
influence joint loading in different tasks.  The 
developed EMGopt model will be used to 
examine lower back loading in asymmetric gait. 
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Fig 1: Flow chart of model inputs/outputs processes.  
Braced numbers depict implementation sequence.     

 
Fig 2: Average L5/S1 compressive loads across the 5 
experimental conditions as predicted by static 
optimization (SO) and hybrid EMG optimization 
(EMGopt) models.  
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INTRODUCTION 
Spinal pathologies such as lower back pain or 
scoliosis are common debilitating conditions. 
Little is known about their development, but it is 
believed that the mechanical environment of the 
spine plays an important part in the way they 
progress. Computational approaches are a 
promising technique to study the mechanical 
aspect of these pathologies, as they allow time 
dependent hypothesis testing without putting the 
patient at risk. In order to investigate how spine 
structures deform and adapt to their mechanical 
environment, a multiscale simulation pipeline 
coupling musculoskeletal (MSK) and finite 
element (FE) modelling was developed. The 
preliminary results presented here indicate how 
spinal structures can adapt to a loading envelope 
representative of activities of daily life for a 
healthy subject. A first case study of bone 
remodeling under altered loading potentially 
induced by back pain in the lumbar region is also 
presented. 
 
METHODS 
The modelling pipeline combines a full body 
MSK model and a structural FE model of the 
lumbar spine, both based on data from a single 
healthy male volunteer with no spinal medical 
history. To ensure consistency and compatibility 
between the two models, muscle insertions, 
muscle moment arms, bone geometries and joint 
locations are derived from MRI images of the full 
body at high resolution (pixel size: 1.41mm, slice 
thickness: 1mm). Full body kinematics were 
recorded using a passive optical motion capture 
system (Vicon Nexus) with a comprehensive 
marker set of 77 markers for a range of tasks 
involving movements of the spine representative 
of an active lifestyle. Activities include walking at 
normal pace, walking up and down stairs, sit-to-
stand and stand-to-sit, and lifting tasks with 
twisting movements of the spine in both standing 
and sitting positions. Surface electromyography 
(sEMG) was used to record activations of 14 
muscles of the lower limbs and lumbar spine 
during these tasks. 
 
 

The MSK model is developed in OpenSim and 
composed of 23 rigid bodies with a total of 43 
degrees of freedom (DOF). The lumbar spine 
has five articulated vertebrae linked to a three-
segment thoracic and cervical spine. Each 
lumbar joint is modelled as a 3-DOF rotational 
joint with a bushing element to account for the 
intervertebral disc stiffness [1]. Upper limbs are 
included for mass properties. 564 muscle 
actuators represent 94 muscles of the lower 
limbs and lumbar spine. 
 
To estimate muscle and joint reaction forces for 
the recorded movements, a MSK simulation 
pipeline is used. Inverse kinematics and inverse 
dynamics provide joint angles and moments. A 
static optimization (SO) problem consisting in 
minimizing the sum of the muscle activations 
squared is then solved to estimate muscle 
forces. A joint reaction forces (JRF) analysis is 
finally performed to compute contact forces and 
moments in the joint structures. The MSK model 
is assessed by comparing the computed muscle 
activations with the recorded sEMG signals and 
the calculated JRF with in-vivo measurements 
from the literature [2-4]. The estimated muscle 
forces and JRF are used as loading conditions 
for the FE model. 
 
The FE model is developed in Abaqus with a 
structural approach, which is believed to be more 
physiologically relevant and computationally 
efficient than traditional continuum modelling. 
Cortical bone is modelled using shell elements 
with an initial uniform thickness and trabecular 
bone is represented by a randomized network of 
truss elements with an initial uniform radius and 
a minimum connectivity of 16. The structure of 
the bone is then optimized to withstand the loads 
applied to the vertebrae using the bone 
adaptation algorithm developed in the research 
group [5-8]. A free boundary condition approach 
[9,10] based on the kinematic degrees of 
freedom and forces obtained from the MSK 
simulations is used to load the vertebrae. By 
using a loading envelope based on a wide range 
of everyday life activities, the bone structure 
obtained after adaptation is representative of 
healthy bone. 
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This healthy bone model is the starting point of 
the first case study presented here. For this case 
study, it is assumed that a patient suffering from 
low back pain will opt not to routinely perform 
lifting tasks. This will alter the mechanical 
environment of vertebrae. Bone adaptation is 
performed using the healthy vertebrae as a 
starting point with this altered loading envelope 
to study how bone would remodel and adapt in 
this low back pain scenario. 
 
RESULTS AND DISCUSSION 
The MSK model has been assessed and can be 
used for further simulations in the current 
combined approach. JRF obtained from MSK 
simulations are in agreement with in-vivo 
measurements from the literature for static 
positions of the spine (flexion, extension, lateral 
bending and axial rotation) with a maximum 
relative error of 16% for lateral bending at L4-L5. 
Muscle activations estimated during MSK 
simulations broadly follow the activation pattern 
from sEMG signals. 
 
Adapted vertebrae obtained with the bone 
adaptation algorithm for the healthy scenario 
show a main structural pattern, where the 
trabecular elements with larger radii are oriented 
vertically to withstand the compressive load in 
standing positions. A secondary pattern of 
elements withstanding medio-lateral and antero-
posterior forces generated by the lumbar 
muscles during lifting tasks can be seen in the 
pedicles and transverse processes. Trabecular 
elements with smaller radii are also present 
throughout the vertebrae with no particular 
orientation (Fig 1A, 1B). 
 
In the back pain scenario, the vertebrae are not 
loaded for lifting tasks anymore. The bone is less 
stimulated and trabecular elements reduce in 
size and number in the pedicles and transverse 
processes. Trabecular elements of the lamina 
and articular processes have been removed by 
the adaptation algorithm (Fig 1B, 1C). This 
suggests that avoiding lifting activities when 
suffering from low back pain can lead to 
weakness of the bone in these regions. 
 
CONCLUSIONS 
The simulation pipeline developed in this study 
combines multiscale modeling techniques for a 
patient specific approach. It already shows 
potential applications for predicting bone 
remodeling under mechanical loadings specific 
to pathological conditions, and will be used in 
other case studies on spinal conditions and 
aging. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 

 
Fig 1: Lumbar 4. (A: medial view, adapted in a 

healthy scenario. B: proximal view, adapted in a 
healthy scenario. C: proximal view, adapted in 

the back pain scenario.) Cortical bone is in 
grey. Trabecular elements of smallest radius 

are in blue. Trabecular elements of larger 
radius are in red. 
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INTRODUCTION 
Push-rim wheelchairs are the most favored 
mode of propulsion by users across the globe 
mainly due to its compactness and ease of use 
on flat levelled surface [1]. Even though 
wheelchairs help with daily ambulation and 
mobility, issues related with low stroke efficiency 
and high joint ranges during propulsion, 
accompanied with generation of higher muscle 
forces and lower hand contact duration with the 
push-rim at higher speeds of propulsion, 
predispose users to injuries such as rotator cuff 
tear and carpal tunnel syndrome [2], [3]. 
 
Studies performed on alternative modes of 
propulsion, especially hand cycling, have shown 
advantages of continuous, cyclic propulsion [4], 
[5] in comparison to the discontinuous 
application of propulsion force with the push-rim. 
Peak forces are lowered in continuous 
movement, hence decreasing the chances of 
joint injuries.  
 
Using the above concepts, an alternative form of 
wheelchair propulsion movement was 
determined in our forward dynamic optimization 
study [6]. The results were promising as with the 
resulting optimized propulsion pattern (see. Fig. 
1) joint angles stay within ergonomic ranges, 
thus reducing the chances of injuries when 
compared to push-rim. 
 
In this study, the muscle forces produced during 
propulsion at 25W drive power with both 
propulsion modes – the optimized propulsion 

pattern and push-rim propulsion will be analyzed 
and compared. 
 
METHODS 
A convenience sample of five non-disabled 
subjects were chosen for this study, with a mean 
age of 32 ± 2.5 years. This study was approved 
by the local ethics committee.  
 
A stationary test rig based on a standard light-
weight wheelchair was set up, that allows to 
replicate wheelchair propulsion at constant 
power for the experiments. A SmartwheelTM was 
used to collect data on the kinematics and 
kinetics of push-rim propulsion. The novel 
optimized drive mode was realized by a handle 
based propulsion unit which consists of a crank 
with its centre C, linked to a sliding guide and a 
handle equipped with a force sensor as shown in 
Fig. 1. During each rotation, the crank changes 
its effective length forced by the sliding guide 
resulting in the novel propulsion movement for 
the handle. This special unit is attached to the 
wheelchair on both sides in the parasagittal 
planes defined by the wheels. The flexible 
design of the propulsion unit, especially the 
mounting frame, allows to comfortably adapt the 
crank center position to sitting height and arm 
length of the user.  
 
For the tests, each subject propelled the 
wheelchair at a convenient speed of 1.2 m/s for 
10s with the power output of the subject 
controlled by the test rig at 25W for both handle 
based and push-rim propulsion. The kinematic 

Fig 1: Standard wheelchair attached to controllable custom made test rig equipped with both push-rim 
and novel drive mechanism (left) and handle based propulsion mechanism (right) – adapted from [7].   
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and kinetic data were acquired at 120Hz. Further 
details on equipment, test setup and data 
processing can be found in [7]. Figure 2 shows 
the upper extremity model with 7 degrees of 
freedom (DOF) that was used in this study [8]. 
The shoulder joint comprises of 3 DOF (elevation 
angle, elevation plane and shoulder rotation), the 
elbow joint has 1 DOF (flexion-extension), the 
forearm has 1 DOF (pro-/supination) and the 
wrist has 2 DOF (wrist flexion–extension and 
radial-ulnar deviation). The model includes the 
major musculotendon actuators spanning 
shoulder, elbow, and wrist joints. The model was 
scaled to each individual test subject. The 
computed muscle control algorithm (CMC) in 
OpenSim [9] was used to determine the muscle 
control from the measured kinematic and kinetic 
data. Using the muscle controls, the muscle 
forces were estimated for the subjects propelling 
with both drives. 

       
Fig 2: Musculoskeletal model used for analysis, with 
degrees of freedom and musculotendon actuators. For 
further details on model and marker placement see [7]. 
 
RESULTS AND DISCUSSION 
The average muscle forces generated during 
propulsion with both handle based and push-rim 
drive can be seen in Fig. 3. The highest average 
muscle forces were produced by Deltoid anterior 
and Triceps long during push-rim propulsion with 
308 N (±139) and 309 N (±43) respectively. Of 
the considered muscles only Deltoid middle 
produced a higher average muscle force (201 N) 
during handle based propulsion in comparison to 
push-rim. Among the major rotator cuff muscles 
the Infraspinatus (178 N) and Subscapularis 
(186 N) produced the highest average muscle 
forces at 25W propulsion with the push-rim. 
Similar Biceps activity was observed in both 
propulsion modes. 
 
The averaged muscle forces were considerably 
smaller in handle based propulsion. Similar to 
earlier studies [10], push rim propulsion 
generated higher muscle force during the push-

phases with major muscles such as Anterior 
deltoid and Triceps. Increased activity of the 
rotator cuff muscles was also noted especially 
for the Infraspinatus and Subscapularis. Lower 
levels of averaged muscle forces in handle 
based propulsion may decrease fatigue, improve 
endurance and lower the chances of injuries.  
 

 
Fig 3: Average muscle forces produced during 
propulsion with both test drives at 25W. DELT1 
(Deltoid anterior), Delt2 (Deltoid middle), DELT3 
(Deltoid posterior), BIClong (Biceps long), TRIlong 
(Triceps long), SUBSP (Supraspinatus), INFSP 
(Infraspinatus), SUBSC (Subscapularis), TMIN 
(Teres minor). 

 
CONCLUSIONS 
The compact design of the novel optimized 
propulsion mechanism along with the 
ergonomically optimized propulsion shape and 
reduced muscle loads may help to reduce the 
risk of injuries and thus improve the quality of life 
for wheelchair users. 
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INTRODUCTION 
Manual materials handling (MMH) is the most 
well-documented cause of work-related back 
disorders [1]. MMH tasks, such as lifting, 
imposes compression and shear forces on the 
spine, which can cause damage to the 
vertebras, intervertebral discs and spinal 
ligaments among other things [2]. However, the 
assessment of spinal loads in vivo is 
challenging and invasive, which has led to the 
development of computational models able to 
estimate these forces based on inverse 
dynamics (ID) [3]. Traditionally, ID models have 
relied on input data from laboratory-based 
systems, such as optical motion capture (OMC) 
and floor-mounted force plates (FP), but recent 
advances in inertial motion capture (IMC) and 
ground reaction force (GRF) prediction [4] has 
enabled the acquisition of these input data 
outside a laboratory setting. However, it has yet 
to be evaluated whether this methodology can 
be used to estimate spinal loads during MMH 
with a similar accuracy as the traditional 
approach. Therefore, the aim of this study was 
to evaluate an ID musculoskeletal model driven 
exclusively using IMC and ground reaction force 
prediction for estimating L4-L5 spinal loads 
during MMH by comparing it with a model 
driven by OMC and FP data. 
 
METHODS 
Thirteen healthy subjects volunteered to 
participate in the study and provided written 
informed consent. The experimental procedures 
included several lifting and transferring tasks 
with varying loads of which symmetrical (SYM) 
and asymmetrical lifting (ASYM) of a 10 kg box 
are presented here. To evaluate the IMC-based 
model, motion analysis was performed using 
the IMC and OMC system simultaneously. The 
IMC system consisted of the Xsens MVN 
Awinda wireless motion-tracker (Xsens Tech., 
The Netherlands), while the OMC system 
consisted of 42 reflective markers, 8 infrared 
cameras (Qualisys, Sweden) and 3 FPs (AMTI, 
US). 

From the laboratory measurements, three 
musculoskeletal models were developed: 1) 
OMC and measured GRFs (OMC-MGRF), 2) 
OMC and predicted GRFs (OMC-PGRF) and 3) 
IMC and predicted GRFs (IMC-PGRF). The 
models were developed in the AnyBody 
Modeling System v. 7.1 (AnyBody Tech., 
Denmark) based on templates from the 
AnyBody Managed Model Repository v. 2.1. 
The model templates were identical, except for 
how the different input data were implemented 
for scaling and marker tracking (see Skals et al. 
[5] for further details). The muscles were 
modeled without contraction dynamics and their 
strength determined from the physiological 
cross-sectional area and a mass-fat scaling 
law, while the muscle forces were distributed by 
solving a third-order polynomial optimization 
problem. The GRFs were predicted for the IMC-
PGRF and OMC-PGRF models using a method 
first presented in Fluit et al. [6], and further 
developed and validated in Skals et al. [7] and 
Karatsidis et al. [4]. 25 dynamic contact 
elements were attached under each foot of the 
musculoskeletal models, each able to generate 
a positive normal force as well as positive and 
negative static friction forces. The actuation of 
each contact element was determined by a 
threshold distance and velocity in relation to the 
ground plane, and was solved as part of the 
muscle recruitment algorithm. 
 
Pearson’s r, root-mean-square error (RMSE) 
and relative RMSE (rRMSE) were computed to 
determine the slope and magnitude differences 
for the following variables: erector spinae (ER) 
muscle force, L4-L5 axial compression (AC), 
anteroposterior (AP) shear and mediolateral 
(ML) shear force, and the vertical GRF for the 
right and left foot. All forces are expressed as 
percentage of bodyweight (%BW). 
 
Results and Discussion 
Time-series curves of the selected variables are 
depicted in Fig. 1 and the statistical 
computations listed in Table 1. The comparison 
of the OMC-MGRF and OMC-PGRF models is 
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shown in the figure, but has been omitted from 
the table and will not be discussed further here. 
Overall, strong (r ≥ 0.68) to excellent (r ≥ 0.90) 
correlations were found for all analyzed 
variables with the exception of the ML force 
during both SYM and ASYM. Furthermore, with 
the exception of the shear forces, the 
magnitude errors were generally low, ranging 
from 21.4% to 28.8% for SYM and 14.7% to 
24.9% for ASYM. However, discrepancies were 
identified for the AP force in the initial phase of 
lifting as well as the ML force during the end of 
the ASYM cycle (see Fig. 1).  
 

 
 

Fig 1: Mean forces (solid line) ± 1 SD (shaded area) 
for the OMC-MGRF (blue), OMC-PGRF (black) and 

IMC-PGRF (red) models during SYM and ASYM of a 
10 kg box.  

Table 1. Pearson’s r, RMSE and rRMSE for the 
selected forces during SYM and ASYM of a 10 kg box. 

 r 
RMSE 
(%BW) 

rRMSE  
(%) 

 
 

SYM-10 
  

 
 

ER force 0.98 26.7  12.3 23.3  13.4 
R-GRF 0.84 7.5  3.2 28.8  20.9 
L-GRF 0.94 6.6  3.0 21.4  9.5 
L4-L5 AC 0.99 66.9  33.9 28.7  12.2  
L4-L5 ML 0.23 2.4  1.5 78.5  38.2 
L4-L5 AP 0.99 18.9  10.7 46.2  29.4 

  
 

 

ASYM-10 
  

 
 

ER force 0.96 20.8  8.8 17.6  9.5 
R-GRF 0.97 10.1  3.5 14.7  5.4 
L-GRF 0.98 9.6  4.8 16.0  11.0 
L4-L5 AC 0.95 57.2  31.1 24.9  14.5 
L4-L5 ML 0.17 4.0  1.8 63.2  27.2 
L4-L5 AP 0.92 14.4  8.3 36.6  28.9 
 
For the first time, the present study evaluated 
the predicted GRFs of an IMC-based model 
during MMH. The results were encouraging, 
showing low slope and magnitude differences 
for both the right and left foot, despite there 
being several closed kinematic chains involved 
in the tasks. Likewise, the ER and L4-L5 AC 
forces were comparable to those of the OMC-
MGRF model during both SYM and ASYM. The 
results for the L4-L5 AC force are particularly 
valuable, as this is one of the most widely used 
variables to assess the risk of back injury during 
MMH. However, the model underestimated the 
AP force, particularly near maximal trunk 
flexion, as well as the ML force near maximal 
trunk rotation. Therefore, the model is not 
currently suitable for estimating the absolute 
shear forces in the spine during MMH tasks 
involving large trunk flexions and rotations.  
 
CONCLUSIONS 
This study showed that the IMC-PGRF model 
can be used to estimate L4-L5 AC forces during 
SYM and ASYM lifting with a reasonable 
accuracy, providing new, valuable opportunities 
for dynamic analysis of MMH in the field. 
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INTRODUCTION 
Irregular scapular movement is indicative of 
shoulder dysfunctions such as subacromial 
impingement, rotator-cuff tears and other injuries 
[1]. A symptom of shoulder dysfunction is 
scapular dyskinesia [2] and particularly scapular 
winging [3], where the medial border of the 
scapula lifts off the thoracic surface. Anatomy 
textbooks [4] suggest that the serratus anterior 
muscle (SA) protracts and upward-rotates the 
scapula (in concert with trapezius), and SA 
weakness causes winging [2]. To investigate 
scapular dyskinesia requires models with the 
degrees of freedom (DOFs) and musculature of 
the scapula, currently unavailable in upper-
extremity models [5,6]. In this study, we 
developed a model of the shoulder to examine 
how scapular muscles, including SA, are 
coordinated to achieve common upper-extremity 
tasks and the adaptations that are induced by 
weakness and ideal assistance.  
 

METHODS 
We developed a model of the shoulder in 
OpenSim [7] (Fig.1) that combines a fast and 
accurate skeletal model of scapulothoracic 
kinematics [8] with muscle paths and 
architecture based on van der Helm et al. [9] 
adjusted to produce moment arms bounded by 
measurements from cadaver experiments [10]. 
Continuity of muscle moment arms was verified 
over the full range-of-motion of the model. 
 

 
Fig 1: Musculoskeletal model of the shoulder and the 
muscles that control the scapula. 
 

To test the model, we collected upper-extremity 
kinematics and muscle surface EMG using 

Ascension 3D trakSTAR (Ascension Technology 
Corp, USA) and Biotell 99 (Glonner Electronic 
Gmbh, Germany) systems. We collected three 
trials of shoulder shrugging and forward flexion 
with (denoted by ‘+’) and without a 2kg hand-held 
weight for a total of 12 trials. Model scaling and 
inverse kinematics were performed in OpenSim 
to compute model joint angles. Computed 
muscle control (CMC) [11] was used to generate 
muscle-driven simulations that tracked joint 
angles. To validate the simulations we used 
muscle on/off timings computed from raw EMG 
signals [12]. To understand the contribution of 
individual muscles to shoulder movements, we 
calculated the work done by muscles. 
 
We applied an ideal assist strategy to test its 
effects on muscle coordination and work during 
shoulder flexion tasks and a wall-push test 
typical of a clinical exam [3]. An ideal torque 
actuator was applied to the winging DOF to test 
that SA opposes winging [2]. The wall-push test 
was simulated with the humerus flexed at 90° 
and the elbow extended and locked. An external 
force was applied at the wrist along the long-axis 
of the forearm and the force was ramped from 0 
to 550N. Finally, to test if assistance could 
compensate for SA weakness (e.g. due to 
brachial nerve palsy), we limited SA activity to a 
maximum of 10%, in the weakened case.  
 
RESULTS AND DISCUSSION 
Muscle-driven simulations were generated in 
tractable times (Table 1) and estimated muscle 
controls from static optimization (SO) and CMC 
were used to perform forward dynamic (FD) 
simulations. Simulated muscle activity agreed 
with EMG on-off timings (e.g. Fig 2). 
 
Table 1. Compute vs. real time ratio (compute/real) by 
task. Lower values are faster. *CMC terminated early. 

 SO CMC FD Saul[6] CMC 

Shrug 82 374 15 N/A 
Shrug+ 68 389 18 N/A 

Flex 99 614 13 6689* 
Flex+ 93 347 18 1902* 

Push 2 307 12 1192 
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Fig 2: Muscle-driven simulation of a shoulder shrug. 
Top row are model muscle activations and bottom are 
scapulothoracic DOFs during the shoulder shrug. 
 

The simulated shoulder shrug shows that the 
model can elevate and rotate the scapula 
independent of humerus elevation (Fig 2, 
bottom). The total work done by the top four 
active muscles (Table 2) indicate that shrug work 
is done mainly by superior trapezius. In flexion, 
SA and superior trapezius work together to 
upward-rotate the scapula while the deltoids 
elevate the humerus with respect to the scapula. 
 
Table 2. Total positive work (J) done by muscles during 
the elevation phase of the shrugging and flexion tasks. 

 

Serratus 
anterior Trapezius Deltoids 

Levator 
scapulae 

Shrug 0.0 3.7 0.3 0.0 

Shrug+ 0.0 7.0 0.4 0.1 
Flex 9.2 8.0 11.9 1.0 

Flex+  17.3 12.3 21.8 1.7 

 

 
Fig 3: The effect of ideal anti-winging assist on SA 
activation during flexion with 2kg weight and wall-push 
tasks (top row). Ideal assist moments applied during 
flexion and wall-push (bottom row). 

Ideal anti-winging assist had little effect on SA 
activity (Fig. 3 top left) and muscle work during 
forward flexion, with and without weight. During the 
wall-push test, ideal assist systematically reduced 
SA activity and could perform the test with SA 
weakened (Fig. 3 top right). Although both 
activities used assistance exceeding 100Nm (Fig. 
3 bottom), the flexion tasks could not be performed 
in the weakened case, even with unlimited anti-
winging assistance. These results are consistent 
with experiments indicating SA plays multiple roles 
in shoulder movement [13]. In flexion, inferior SA 
and superior trapezius work together to upward-
rotate the scapula, which could not be achieved 
without this force couple. In the wall-push test, SA, 
particularly its superior and medial bundles, acts to 
oppose winging, which we showed could be 
compensated for by anti-winging assistance. 
Indeed, in the case of assistance, we see an 
increase in pectoralis major activity and force, 
suggesting that the balance of SA and pectoralis 
muscles to control winging limits the pushing force. 
 

CONCLUSIONS 
In this study we developed a musculoskeletal 
model of the shoulder that includes the scapular 
DOFs and the musculature to control them. 
Model simulation time is tractable and faster than 
that of a popular upper-extremity model [6] that 
excludes scapular DOFs and muscles. Muscle-
driven simulations mechanistically demonstrate, 
for the first time, the dual role of SA to do work 
in upward-rotating the scapula and to constrain 
the scapula against winging. We demonstrated 
how ideal anti-winging assistance can 
compensate for SA weakness, which highlights 
the clinical and rehabilitation utility of the model 
to simulate cause-and-effect relationships in the 
human shoulder. 
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