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INTRODUCTION 
Computer modeling of the human neuromusculo-
skeletal system has the potential to improve the 
diagnosis and treatment of movement related 
disorders such as stroke and osteoarthritis. To be 
used for this purpose, these models should be 
customized to the anatomic and neurological 
characteristics of individual patients. Current 
techniques for customizing models to patient 
movement data are often arduous and unable to 
calibrate weakly observable model parameter 
values, such as those related to muscle moment 
arms and muscle force generation [1]. 
 
This study presents surrogate moment estimation 
(SME), a novel method for estimating net joint 
moments directly from a subject’s processed 
EMG and kinematic data for periodic activities 
such as walking [2]. SME uses polynomial 
response surfaces in place of explicit Hill-type 
muscle models with geometric lines of action. 
Parameter values for SME models can be easily 
determined using optimization and linear algebra 
without the need for MRI or other imaging data. 
 
METHODS 
EMG (Motion Lab Systems, Baton Rouge, LA), 
video motion (Vicon Corp., Oxford, UK), and 
ground reaction data were collected simultan-
eously from a single healthy male subject walking 
at 1.2 m/s on an instrumented split-belt treadmill 
(Bertec Corp., Columbus, OH). Institutional 
review board approval was obtained, and the 
subject gave informed consent. One hundred fifty 
trials of normal walking data were selected for 
model calibration, and fifty trials were withheld for 
model evaluation. Surface EMG signals were 
collected from thirteen muscles: Gluteus 
Maximus, Gluteus Medius, Rectus Femoris, 
Vastus Medialis, Vastus Lateralis, Adductor 
Magnus, Biceps Femoris, Semitendinosus, 
Semimembranosus, Tibialis Anterior, Medial and 
Lateral Gastrocnemius, and Soleus. 
 
EMG data were processed according to 
previously published methods [3]. EMG signals 

were high pass filtered at 30 Hz, demeaned, 
positively rectified, and low pass filtered at 6 Hz. 
Each processed EMG signal was normalized to 
its maximum value over all walking trials. 

 
Hip, knee, and ankle joint moments and 
kinematics were calculated from marker motion 
and ground reaction load data using a 27 degree-
of-freedom full-body inverse dynamics walking 
model. Mass properties and joint axis locations in 
the model were calibrated to the subject’s video 
motion and ground reaction data [4]. For each 
gait trial, an inverse kinematics analysis was 
performed to determine joint angles during gait. 
The calibrated inverse dynamics model was used 
to calculate sagittal plane moments at the hip, 
knee, and ankle at 101 normalized time points in 
the gait cycle. For consistency with the EMG 
data, net joint moments from inverse dynamics 
were filtered at 6 Hz with a 4th order zero phase 
lag Butterworth filter [3]. 

 
Muscle activations were calculated from the 
processed EMG signals using a finite difference 
approximation of a linear first order differential 
equation representing EMG-to-activation 
dynamics [5]: 
 𝑑𝑎(𝑡)

𝑑𝑡
= [𝑐1𝜀(𝑡) + 𝑐2]�𝜀(𝑡) − 𝑎(𝑡)�  (1) 

where 𝑎 is activation, 𝜀 is the EMG value, 
𝑐1 = 1/𝜏𝑎𝑐𝑡 − 𝑐2,  𝑐2 = 1/𝜏𝑑𝑒𝑎𝑐𝑡, 𝜏𝑎𝑐𝑡 and 𝜏𝑑𝑒𝑎𝑐𝑡 are the 
muscles’ activation and deactivation time 
constants, and 𝑡 is time. To solve Eq. (1), we first 
discretized it using a central difference 
approximation: 
 −� 1

2𝜟𝑡
� 𝑎𝑖−1 + 𝑐3𝑎𝑖 + � 1

2𝜟𝑡
� 𝑎𝑖+1 = 𝑐3𝜀𝑖 ,   𝑐3 = 𝑐1𝜀𝑖 + 𝑐2  (2) 

In this equation, 𝜟𝑡 represents the time step and 
𝑎𝑖 and 𝜀𝑖  are the EMG and activation values at a 
discretized time point in the gait cycle. Equation 
(2) was applied to each time point i in the gait 
cycle, and the resulting linear system of equations 
was solved for 𝑎𝑖 values over all time frames 
simultaneously. A correction for activation 
nonlinearities during periods of low excitation was 
also included [6]. Activation parameter values 
were determined by an optimization that 
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maximized moment prediction accuracy while 
minimizing non-physiological muscle moment 
contributions (e.g., a flexor muscle should only 
contribute a flexor moment). The optimization 
also determined a fixed time delay for each 
muscle of 0 to 50 ms and included an EMG 
scaling parameter since maximum EMG is difficult 
to determine experimentally. 

 
The activation-to-moment relationship for each 
muscle was modeled using a quadratic response 
surface that implicitly accounted for muscle 
moment arms and muscle force-length-velocity 
properties. These quadratic response surfaces 
can be viewed as linearized Hill-type muscle 
models that approximated sagittal plane 
activation-to-moment relationships for the hip, 
knee, and ankle [7]: 
 𝑀�𝜃, �̇�� = ∑ �𝑎𝑖�𝑐𝑖1 + 𝑐𝑖2𝜃 + 𝑐𝑖3𝜃2 + 𝑐𝑖4�̇� + 𝑐𝑖5𝜃�̇���𝑚

𝑖=1  (3) 
where 𝑀�𝜃, �̇�� represents the net joint moment, 𝜃 
and �̇� are normalized joint angles and velocities, 
𝑚 is the number of muscles that contribute to the 
moment, and  𝑎𝑖 is the activation of muscle i. In 
this model, 𝑐𝑖1 is an offset term, 𝑐𝑖2 and 𝑐𝑖3 
represent muscle force-length properties, 𝑐𝑖4 
represents muscle force-velocity properties, and 
𝑐𝑖5 represents a force-length-velocity interaction. 
For biarticular muscles, parameters 𝑐𝑖6 − 𝑐𝑖9 were 
added to represent the effects of the respective 
neighboring joints on the muscle’s force-length-
velocity properties. Coefficients in this model 
were first solved separately for each joint via 
linear least squares (5 parameter values for 13 
muscles determined using 150 gait trials). Then 
Matlab’s nonlinear least squares optimizer 
modified these parameter values to constrain 
each muscle to produce moments only in 
physiological directions. Parameters for activation 
dynamics were held constant for each muscle. 
 
We evaluated our technique using two measures 
- accuracy of total moment predictions and 
physiological consistency of individual muscle 
moment contributions. First, we calibrated our 
model using the 150 calibration trials. Then we 
used the calibrated parameter values to predict 
the joint moments and individual muscle moment 
contributions for the 50 test trials. Median RMS 
errors and R2 values for the net joint moment 
predictions were calculated, and individual 
muscle contributions to net joint moments were 
evaluated. 
 
RESULTS AND DISCUSSION 
For the 50 test trials, predicted hip, knee, and 
ankle moments were highly accurate (Fig. 1 top), 
and individual muscle moments were generated 
almost exclusively in physiological directions (Fig. 
1 bottom). The hip, knee, and ankle moment 
predictions had median R2 values of 0.95, 0.97, 

and 0.97, respectively, and RMS errors of 0.53, 
0.21, and 0.38 %BWHt. The individual muscle 
moment contributions for the ankle and knee 
were almost perfectly physiological, with only a 
few muscles producing small moments in non-
physiological directions. At the hip, Rectus 
Femoris and Adductor Magnus produced 
moments that were probably too large for these 
muscles, likely due to the omission of Illiapsoas. 

 

 
Fig 1: Ensemble average moment predictions compared 
with experimental moments (top) and individual muscle 
contributions to net moments (bottom) 
 
While SME was able to produce accurate muscle 
moments with physiological individual muscle 
contributions, several important limitations exist. 
SME is limited by the need for a large number of 
motion trials to calibrate model parameter values. 
Additionally, SME may only work for periodic 
motions such as gait. We could not collect EMG 
data from several important deep muscles, 
including Vastus Intermedius and Illiopsoas. 
Inclusion of more muscles in our model will likely 
improve the accuracy of our predictions. In spite 
of these limitations, SME may prove useful for 
controlling musculoskeletal models directly with 
EMG data without the need for explicit musculo-
skeletal geometry or Hill-type muscle models. 
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INTRODUCTION 
 
The biomechanical preparation is the procedure 
on which the space of the root canal dental is  
shaped and modeled, to recieve the endodontic 
filling material. For this procedure the use of 
instruments manufactured from Nickel Titanium  
has been implemented.  
 
Unfortunately, the clinical generally can not 
detect the moment when a Nickel Titanium file 
reaches its deformation prior to fracture, since 
this is rarely visible. 
 
The principal type of fracture suffered by a 
Nickel Titanium file is torsional  and occurs  
when  tip of the instrument is trapped inside the 
root canal and this keeps spinning  
 
To prevent this torsional fracture of the 
instrument an endodontic Glidepath is 
recommended. Glidepath is a smooth radicular 
tunnel from canal orifice to physiologic 
terminus. In the case of ProTaper® rotary files, 
it has been reported that the instruments S1 
and S2 are the most frequently fractured in this 
series[1] .  
 
Therefore the aim of this abstract is to present, 
using a finite element analysis, the equivalent 
Stress of Von Misses presented in the time that 
the Files S1 and S2 do not work in the sector 
for which they are designed for, but rather its 
apical portion is trapped and also simulate what 
happens when we carried out properly the canal 
patency. 
 
METHODS 
 
With a profile projector,  we obtained the axial 
geometry of the S1 and S2 instruments of the 
series ProTaper®, with the measurements 
obtained, we used the software Autodesk 
Inventor Professional®, with which the axis of 
the work of the file was estimated and around 
this genre the cutting propeller. Finally, the 

cross section used a Protaper® feature, which 
is essentially a rounded triangle with vertices 
located every 120°. 
 
Refering to ASTM F2516 - 07  standards, which 
refers to the method to evaluate superelastic 
alloys of Nickel Titanium, an experimental study 
was conducted in the mechanical testing 
laboratory at the Universidad Nacional of 
Colombia with a Precision Universal Tester , 
yielding a graphic of the actual behavior of the 
Nickel Titanium alloy (Fig. 1).  
 
With the finite element package Simulation 
Multiphysics Autodesk ® we used the model of 
curve Von Misses kinematic hardening material 
with mechanical event simulation (MES), where 
we scheduled a material behavior with an 
approximate curve to the one found with the 
experimental data (Fig. 1 ). 
 

 
 
The mechanical properties used were: Young's 
modulus 31 650 Mpa, a maximum limit to the 
fracture of 1270.588 Mpa and begining fluence 
in 352.941 Mpa. Poisson's ratio was 0.3 and the 
material density was 6450 Kg/m3. 
 
The models are enmeshed with brick elements, 
with a total of 4111 elements for the S1 file and 
3678 elements for the S2 file. To determine the 
approximate point at which a S1 and S2 File 

7



come in contact with the root canal, the 
instruments are used in blocks of resin  and 
images were taken with a Nikon 
stereomicroscope SMZ800 at 15X and the 
measure was taken at a distance between the 
tip of the instrument and the area where the 
instrument comes in contact with the walls of 
the canal. For S1 File this distance was 5.035 
mm and the distance for S2 File was 3.66 mm. 
 
At that distance, we placed restrictions to the 
instrument on all degrees of freedom, to 
simulate an entrapment of a File in a root canal, 
with the characteristic that the tip of the 
instrument remained free. (Fig 2). 
Later, restrictions were applied in all degrees of 
freedom in the tip of the instruments with the 
same torques that were previously used (Fig 2) 
 

 
 
RESULTS AND DISCUSSION 
 
The maximum stress of the S1 File at 5.035 mm 
from the tip was 332.991 Mpa (Fig. 3a), The 
last Stress before the fracture for an S1 file on 
the tip was 1545.77 MPa (Fig. 3b), and the 
maximum stress for the S2 File was 3.66 mm 
from tip was 1043.32 Mpa. (Fig 3 c) the 
maximum stress prior to the fracture for the S2 
File was 1306.76 Mpa Taking into account that 
the maximum stress found in the material 
before the fracture was 1270.588 Mpa we can 
conclude that the tips of the S1 and S2 Files by 
becoming trapped and rotated by about 1 
second, will fracture. The forces exerted on a 
distance from the tip where the S1 and S2 Files 
should ideally work, did not generate fracture. 
 
Among the approaches considered in this 
analysis are the following: in real life the exact 
distance at which all the S1 and S2 instruments 

will work is very difficult to determine, so this is 
why we use an approximate distance 
 

 
To try to simulate as closely as possible to the 
clinical situation, the torque was placed at N.cm 
units, as recommended by the manufacturer, 
which differs in several finite element analysis 
using a torque in N.mm units, however, it is 
clear that this analysis does not attempt to 
recreate a clinical situations but the mechanical 
behavior of Nickel Titanium rotary Files [2, 3] 
 
Although it is clear that to recreate a clinical 
situation with a finite element analysis is not 
always possible, the specific clinical situation 
posed here, can recreate and the results 
closely resemble the actual course. 
 
 
CONCLUSIONS 
 
With the limitations and approximations of this 
simulation, it can be stated that in the use of 
rotary instruments S1 and S2, it is necesary to 
perform procedures of root canal permeability 
to prevent their entrapment and subsequent 
fracture. 
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INTRODUCTION 
Parkinson’s disease is the second most 
common serious neurodegenerative disease 
and shows several motor dysfunctions, such as 
resting tremor, rigidity and bradykinesia. The 
disease is characterized by the degeneration of 
dopaminergic neurons in the substantial nigra 
[1]. In order to understand the mechanism of 
the motor dysfunctions caused by the disease, 
it is necessary to take into account the relation 
between musculo-skeletal system and central 
nervous systems. 
 
To provide a useful tool for investigating the 
mechanisms underlying motor dysfunctions and 
exploring effective therapeutic approaches, we 
are developing an integrated simulation system 
of whole-body musculo-skeletal-nervous system 
for clarification of motor dysfunction due to 
neurological diseases. In this study, we 
introduced a muscle contraction model taken 
into account the motor-unit activity to 3D finite 
element (FE) simulator of musculo-skeletal 
system which we had developed previously [2, 
3].  
 
METHODS 
The FE simulator was based on a nonlinear FE 
setting for nearly-incompressible hyperelastic 
materials for biological soft tissues, such as 
muscles and tendon [2, 3]. A muscle fiber has the 
ability to develop internal forces and thus to 
produce internal work as a result of muscle fiber 
contraction. Therefore, the stress state in a 
muscle fiber must be seen as the result of a 
superposition of passive and active parts [4], i.e. 

total pas act
f f fσ σ σ= + , (1) 

where ,total pas
f fσ σ  and act

fσ are the total, the 
passive and the active Cauchy stress normal 
component along muscle fiber direction. The 
passive stress was described by a hyperelastic 
constitutive model and dependent on the strain 
components. On the other hand, the active stress 
produced by the muscle fiber contraction was 
given by 

0

motor
act i
f f l v

F f f
A

σ λ= ⋅ ⋅ , (2) 

where motor
iF  was the muscle fiber force for 

isometric condition produced by motor unit i. fλ  
and 0A  were the fiber stretch and the area of the 
cross section in the initial configuration of the 
muscle fiber, respectively. lf  and vf were the fiber 
length dependence factor [5] and the muscle 
contraction velocity dependence factor [6], 
respectively. 
 
The active force is regulating by altering the 
number of motoneurons that are active and by 
modulating the rate of action-potential impulses 
termed rate coding. The motor unit activity was 
modeled by discharge behavior of motoneurons 
and motor unit’s force response [7].  
 
It was assumed that the synaptic input from upper 
neurons and sensory neurons is given in the 
motoneurons in the motor neuron pool in anterior 
horn of spinal cord, as a excitatory drive ( )E t . 
Each motoneurons had a recruitment threshold 
excitation, iRTE , given by 

a i
iRTE e=  (3) 

where i was an index identifying the motor unit 
and ln( ) /a RR n=  was a coefficient used to 
establish a range of threshold values. RR  was the 
range of recruitment threshold values desired and 
n was the total number of recruitment thresholds. 
The firing rate response of a motoneuron, iFR , to 
a excitatory drive function, E, was modelled by 

[ ]i iFR g E RTE MFR= − +     ( )iE RTE≥  (4) 
where g was a gain and MFR was the minimum 
firing rate. 
 
The force produced by the motor unit i for a train 
containing k discharges was given by  

, , ,
1

( ) ( ) ( 0)
k

motor
i i i j i j i j

j
F t f t t g t t

=

= − ⋅ − ≥∑ , (5) 

where ti,j was discharge time. The force ,( )i i jf t t−  
represents the mechanical response to discharge 
j and given by 
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,1 (( ) / ),
,

( )
( ) i j it t Ti i j

i i j
i

P t t
f t t e

T
− −−

− = , (6) 

where Pi and Ti were peak twitch force and 
contraction time of motor unit i. The gain gi,j is a 
function of the inter stimulus interval, ISIj, and 
given by 

32( / )

,
1

/

i jT ISI

i j
i j

eg
T ISI

−−
= . (7) 

 
RESULTS AND DISCUSSION 
The FE model shown in Fig. 1 (a) was adopted to 
simulate the isometric contraction of a bundle of 
muscle fibers. Totally 10,000 muscle fibers were 
set in the model and the fiber direction was the 
longitudinal y-direction. We assumed 100 
motoneurons in the motor neuron pool. Thus the 
innervation ratio was 100. The relation between 
motoneurons and the innervated muscle fibers in 
the FE model were randomly connected in this 
simulation. For the isometric contraction, the both 
ends of nodes of muscle fibers were fixed in the 
longitudinal direction. The excitatory drive for the 
muscle contraction shown in Fig. 1(b) was applied 
to the motor neuron pool.   

 
Fig. 2 shows the force responses of muscle fibers 
innervated by some motor units. The muscle 
fibers were activated in order of the recruitment 
threshold excitation of the motoneruons. The 
active forces were superinposed by the train 
discharges of the motoneurons, and smooth and 
sustained contraction called tetanus were occured.  
 
Fig. 3 shows the distribution of Cauchy stress 
normal component in the longitudinal direction at 
the end of the activation. Due to the muscle fibers 
inside of the FE model innervated by a 
motoneuron were  randomly distributed, the 
results showed the inhomogeneous distributions 
of the activated muscle fibers and stress state in 
the 3D model. 
 
CONCLUSIONS 
We introduced here an muscle contraction model 
taken into account the motor-unit activity of 
motoneuron to 3D FEM simulator of musculo-

skeletal system. The muscle fibers modeled by 
FE model were randomly connected with 
motoneurons in the motor neuron pool. The 
muscle fibers generated the active forces 
accouding to the recruitment threshold excitation 
and rated coding, and produced inhomogeneous 
active muscle behaviour and the stress 
distribution inside of the muscle fiber model.  
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(a)                                         (b) 

 
Fig. 1: Simulation model for isometric contraction of a 
bundle of muscle fibers. (a) 3D finite element model. (b) 
Excitatory drive applied to the motor neuron pool. 
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Fig. 2: Force responses of muscle fibers innervated by 
some motor units.  

 
 

 
 

Fig. 3: Distribution of Cauchy stress normal component in 
the longitudinal direction at the end of the activation. 

10



XIV International Symposium on Computer Simulation in Biomechanics  
August 1st – 3rd 2013, Natal, Brazil 

 
 

CALIBRATION OF TENDON SLACK LENGTH AND OPTIMAL FIBER LENGTH FROM EXPERIMENTAL 
MEASUREMENTS OF ARM STRENGTH   

1Morten Enemark Lund, 2Fabian Guenzkofer, 1,3Frederik Heinen, 4Michael Damsgaard, 3Mark de Zee, 
and 1John Rasmussen 

 
1Department of Mechanical and Manufacturing Engineering, Aalborg University, Denmark 

  2Institute of Ergonomics, Technische Universität München, Germany 
3Department of Health science and Technology, Aalborg University, Denmark 

4AnyBody Technology A/S, Denmark               email: mel@m-tech.aau.dk 
 
INTRODUCTION 
Musculoskeletal models can predict muscle forc-
es that cannot be measured in-vivo. The applica-
tions of musculoskeletal models range from ergo-
nomic product design to clinical decision support, 
but most published applications have been  within 
scientific research. An obstacle for clinical use is 
the uncertainty of the parameters included in 
these models. When Hill-type muscle models are 
used, the estimated force output is especially 
sensitive to two parameters: the tendon slack 
length (𝐿𝑠

𝑇) and the optimal fiber length (𝐿𝑜
𝑀). 

These parameters are hard to estimate, and val-
ues obtained in cadaver studies may not translate 
well into the phenomenological quantities of the 
Hill model.  
 

Moreover, how can such values be scaled to sub-
jects of different anthropometrics? The current 
implementation of the Delft shoulder model using 
the AnyBody Modeling System (AMS) (AnyBody 
Technology, DK) handles 𝐿𝑠

𝑇 by calibration of the 
muscles to attain their maximum strength at spe-
cific joint angles. The disadvantage of this ap-
proach is that model scaling changes the mus-
cles’ operating range on the force-length curve.  
 

In an evaluation of different methods for scaling 
muscle tendon (MT) parameters Winby et al. [1] 
recommended methods which preserve the mus-
cle’s operating range on the force/length curve 
with respect to joint anmodgles. Garner and Pan-
dy (G&P) [2] proposed such a method which only 
requires the estimation of two quantities 
(𝑅𝑚𝑎𝑥

𝑀 , 𝑅𝑚𝑖𝑛
𝑀 ) defining the ratio of the muscle fiber 

length to the optimal fiber length at the functional 
minimum and maximum ranges for the whole MT 
unit. From these quantities the values of both 𝐿𝑠

𝑇 
and 𝐿𝑜

𝑀 could be calculated. G&P used an optimi-
zation study to find 𝑅𝑚𝑎𝑥

𝑀  and 𝑅𝑚𝑖𝑛
𝑀  for all 26 mus-

cles in an arm model by minimizing the difference 
between model strength and experimental meas-
urements of maximum shoulder, elbow, and wrist 
joints torques.  
 

In this study we have augmented the implementa-
tion of the Delft shoulder model in the AnyBody 
Managed Model Repository to include calibration 

of both 𝐿𝑠
𝑇 and 𝐿𝑜

𝑀, as recommended by Winby et 
al. In order to find reasonable physiological val-
ues for these two parameters we obtained exper-
imental measurements of elbow and forearm 
strength and calibrated the model using an opti-
mization-based approach. . However, calibrating 
the model to match the strength in an experiment 
may not guarantee that the trends of the model 
are correct. Since many arm muscles are multi-
articular, maximum joint torques do not depend 
only on a single joint angle, but also on the pos-
ture of the proximal and distal joints. Thus, this 
study extends the methodology of G&P [2], by al-
so including strength measurements of all combi-
nations of shoulder flexion, elbow flexion and 
forearm rotation. 
 
METHODS 
The maximum forearm and elbow strengths were 
measured in 20 (20-30 years old) male subjects 
with strength training being an exclusion criterion. 
Measurements of maximum elbow flexion (e.flex), 
extension (e.ext), pronation (e.pro), and supina-
tion (e.sup) strength were conducted in a custom 
designed rig [3]. The joint torque measurements 
were taken at three shoulder flexion angles, four 
elbow flexion angles, and three forearm rotations 
as well as combinations of these. For e.flex a full-
factorial study design was used, and a partial de-
sign in the remaining joints, giving a total of 87 
different strength measurements. The order of 
measurements was randomized and each trial 
was repeated twice over three testing days with 
intermediate rest periods to prevent fatigue. 
 

An implementation of the Delft arm model in AMS 
was used. The model was adapted so optimal fi-
ber length and tendon slack length of each mus-

Figure 1: Elbow strength rig, and the corresponding model 
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cle could be calibrated using the 𝑅𝑚𝑎𝑥
𝑀 , 𝑅𝑚𝑖𝑛

𝑀 val-
ues and fixed postures representing the min/max 
working ranges of the muscles. The model was 
positioned in postures in which the joint strength 
was recorded in the experimental setup.  
 

The whole model was subsequently ‘wrapped’ in 
a gradient-based optimization algorithm (SLSQP) 
[4] using the Python programming language to 
control the musculoskeletal modeling software. 
Only the 𝑅𝑚𝑖𝑛

𝑀𝑖 , 𝑅𝑚𝑎𝑥
𝑀𝑖  parameters of the 11 mus-

cles (Table I) mainly associated with elbow flex-
ion/extension and forearm pronation/supination 
were included in the optimization procedure as 
well as one variable (𝛽) controlling the overall 
strength of the model. Values of   𝑅𝑚𝑖𝑛

𝑀𝑖 = 0.7 and 
 𝑅𝑚𝑎𝑥

𝑀𝑖 = 1.2 were used as initial guess for the de-
sign variables.  
 

The objective function to be minimized was 
formed by summing the squared relative differ-
ence between the normalized strength measure-
ments and computed values from the model. Fur-
thermore the difference was weighed to compen-
sate for different numbers (𝑁𝑗𝑛𝑡) of torque meas-
urements around the different joints. 

min
√∑ 𝑉𝑒.𝑓𝑙𝑒𝑥

2

𝑁𝑒.𝑓𝑙𝑒𝑥

+
√∑ 𝑉𝑒.𝑒𝑥𝑡

2

𝑁𝑒.𝑒𝑥𝑡

+
√∑ 𝑉𝑒.𝑝𝑟𝑜

2

𝑁𝑒.𝑝𝑟𝑜

+
√∑ 𝑉𝑒.𝑠𝑢𝑝

2

𝑁𝑒.𝑠𝑢𝑝

s.t.

sin (𝛼o) ≤ 𝑅𝑚𝑖𝑛
𝑀𝑖 ≤ 0.95

1.05 ≤ 𝑅𝑚𝑎𝑥
𝑀𝑖 ≤ 1.5

𝐿𝑠
𝑇 ≥ 0

 

where 𝛼o is the pennation angle at optimal fiber 
length  
 
RESULTS AND DISCUSSION 
The optimization algorithm converged in 14 
iterations reducing the objective function from 
25.3 to 13.8. Fig. 2 shows an example of the 
forearm pronation strength before and after 
optimization compared to the experimental 
values. After optimization the average difference 
between experimental and model strength was 
clearly reduced for elbow extension, forearm 
pronation and forearm supination, but increased 
only slightly for elbow flexion. Some design 
variables were constrained by their bounds, 

indicating that the minimum value lies outside the 
physiological range of the parameters.  
 

Table 1 shows the tendon slack length and 
optimal fiber length after optimization compared 
to the values obtained by G&P. Some of the 
muscles have parameters which could be 
plausible from a physiological point of view,  but 
others exhibit fiber length which most likely are 
too short (brachioradialis) or too long (biceps and 
Triceps). Still we have to realize that values 
obtained in cadaver studies may not translate well 
into the phenomenological quantities of the Hill 
model.  
 

The lack of a minimum within physiological values 
for some of the muscle tendon parameters 
together with the fact that the difference between 
computed and measured elbow flexion strength 
was not reduced might indicate that the ratio of 
muscle moment arms between the different 
degrees of freedom is not correct, indicating once 
more the sensitivity of these kind of models 
towards moment arms. 
 
CONCLUSIONS 
We hypothesized that experimental data which 
included torque profiles as a function of multiple 
joint angles would provide more information to 
calibrate model parameters making more likely 
that the calibrated model will exhibit the same 
trends as reality. Significant improvement of the 
model performance was obtained, but the lack of 
a minimum within physiological values indicates 
that parameters influencing the muscle moment 
arms should be included in the optimization. More 
work is needed to validate other aspects of the 
arm model before attempting calibration muscle 
tendon parameters. 
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0 45 0  
0 45 45  
0 45 90  
0 120 0  
0 120 45  
0 120 90  

135 45 0  
135 45 45  
135 45 90  
135 120 0  
135 120 45  
135 120 90  

Table 1: The resulting optimal fiber length and tendon 

slack length compared to the results of Garner & Pandy.  
  Garner & Pandy 

Muscle name 𝐿𝑜
𝑀 𝐿𝑠

𝑇 𝐿𝑜
𝑀 𝐿𝑠

𝑇 
Biceps b. long 33.9 6.9 14.22 22.98 
Biceps b. short 32.2 5.9   

Brachialis 9.4-9.5 0.1-4.0 10.28 1.75 

Brachioradialis 5.3-9.0 18-21 27.03 6.04 

Triceps b. long 17-19.6 16.7-18.8 8,77 19.05 

Triceps b. med. 15.3-15.6 10.2-13.8   

Triceps b. lat. 11.9-12.0 2.8-13.4   

Anconeous 4.3-4.6 1.6-3.3   

Pronator teres 4.5-8.5 4.0-7.7 4.48 11.58 

Pronator quad. 1.8-3.1 2.0-2.2   

Supinator 1.5-6.4 0.8-5.6 6.04 2.48 

A range is given when the muscle is represented by multiple strings. 
Figure 2: Example of joint torques for elbow forearm 

pronation.  

0.0 5.0 10.0 15.0

Joint torque (Nm)
Exp. Before opt. After opt.
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(a) Detailed notation              (b) Simple notation 

Fig 1: A neural oscillator as a mutual inhibition 
network consisting of two neuron models. 
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INTRODUCTION 
Rhythmic motions of animals for locomotion, 
such as walk, run and swim, are considered to 
be generated by the CPG (Central Pattern 
Generator), which exists in the spinal cord [1-4]. 
In order to clarify the mechanism and 
characteristics of the CPG, the mathematical 
approaches by modeling the CPG as a 
nonlinear oscillating system has been 
conducted [5-8]. The CPG model can reproduce 
the “entrainment” behavior of the CPG. In 
addition, by constructing a CPG network by 
connecting multiple CPG models, it becomes 
possible to generate the complicated motion 
pattern in which multiple joints moves in a 
coordinated manner. 
 
The objective of this study was to propose a 
CPG network which can generate the swimming 
motion of the crawl stroke. Although swimming 
is a good example of the coordinated motion by 
the four limbs, there are few studies about 
swimming from the neurophysiological 
viewpoint. In particular, the six-beat kick style is 
used in the normal crawl stroke. In the six-beat 
kick style, two arm strokes by the upper limbs 
and six kicks by the lower limbs are performed 
in one stroke cycle. It means that the cycle of 
the upper limbs is three-times longer than that 
of the lower limbs. It has not been reported yet 
that such different cycles between the upper 
and lower limbs can be realized successfully by 
a CPG network. In this study, such a CPG 
network was proposed. 
 
METHODS 
As the mathematical model of the CPG in the 
present study, the neural oscillator proposed by 
Matsuoka [7][8] was used. The neural oscillator 
is a model of the excitation/inhibition 
mechanism between the neurons, which is seen 
in the neural circuit of the CPG. The basic 
structure is a nonlinear oscillator in which two 
neuron models having the adaptation (self-
inhibition, fatigue) effect are paired as the 

mutual inhibition network. When a constant 
input signal puts into one neuron, the output 
signal once approaches the constant value, and 
then starts decaying. The neuron model is 
represented by a set of the first order 
differential equations as follows: 

∑ ∑
=

++−−=+
n

j
iiiijijii gksbvyxx

1
ωτ               (1) 

     iii yvvT =+                                                 (2) 
     [ ] )0,max( iii xxy == +                                    (3) 

where xi is the membrane potential of the 
neuron body and vi is an internal variable. The 
symbols τ and T are the time constants, b is the 
fatigue coefficient, ωij is the weighting 
coefficient for the connection between the 
neurons, si is a constant input. In addition, ki is 
the feedback gain and gi is the feedback signal. 
Finally, yi is the output signal from the neuron. 
These differential equations are solved by the 
time integration (Runge-Kutta method). A 
mutual inhibition network consisting of two 
neuron models (a neural oscillator) is shown in 
Fig. 1. 
 
For the flutter kick of the crawl stroke, the 
flexion/extension motions of the hip, knee and 
ankle joints were considered. From the video 
analysis of an actual swimmer, the phase 
differences between the hip, knee and ankle 
joints were found to have simple relationship. 
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Fig 2: CPG network for the lower limbs to realize the 
flutter kick. R: Right. L: Left. H,K,A: Hip, Knee and 
Ankle, respectively. 

 
Fig 3: CPG network for the upper limbs to realize the 
stroke motion. R: Right. L: Left. 

 
(a) Arms and hip joints 

 
(b) Leg joints (hip, knee and ankle) 

Fig 4: Output signals from the neural oscillators of the 
arms and hip joints. The abscissas are time. 

 
t = 18.68 s 

 
t = 18.86 s 

 
t = 19.04 s 

 
t = 19.22 s 

 
t = 19.40 s 

 
t = 19.58 s 

Fig 5: Simulated swimming movement for the 
obtained joint motions. 

That is, the knee joint lags behind the hip joint 
for the one sixth of the stroke cycle, and the 
ankle joint lags behind the hip joint for the one 
sixth of the stroke cycle as well. In addition, the 
right and left lower limbs has an anti-phase 
relationship. Based on these facts, the CPG 
network for the flutter kick was proposed as 
shown in Fig. 2. The output signals from the 
neural oscillator were converted into the joint 
angles by using a simple linear transformation 
(magnification and offset). 
 
The stroke motion by the upper limbs is more 
complicated than the flutter kick by the lower 
limbs. Therefore, only the starting timing of 
each stroke motion by each limb was controlled 
by the CPG network in the present study. The 
proposed CPG network is shown in Fig. 3. The 
two upper neural oscillators are for the upper 
limbs. Since they are connected each other, 
they can generate the rhythmic outputs by 
themselves. The cycle of this rhythm was set to 
three times larger than that of the neural 
oscillators for the lower limbs. In addition, the 
neural oscillators for the upper limbs were 
connected to those for the hip joints, as shown 
in Fig. 3. 
 
RESULTS AND DISCUSSION 
The output signals from the neural oscillators 
are shown in Fig. 4. It was confirmed that the 
CPG network successfully generated the 
coordinated signals, and that the phase lags 
among the leg joints were successfully 

generated. The simulated swimming movement 
for the obtained motions is shown in Fig. 5. This 
simulation was conducted by using the 
swimming human simulation Model SWUM [9]. 
It was found that the crawl stroke swimming 
was successfully realized by the swimming 
motion which was generated by the proposed 
CPG network. 
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INTRODUCTION 
Cycling is a healthy activity and an effective 
means of transportation. In the Netherlands, the 
bicycle is the most used form of transportation. 
Even elderly frequently use the bicycle  for not 
only their daily activities, but also for recreation. 
However, after the age of 65 the injury risk 
increases significantly [1]. Reasons include an 
increased physical vulnerability and a higher 
risk of falling. The exact nature of this higher 
risk of falling is not yet well understood, but it is 
believed to be related to a reduced motion 
feedback ability of elderly, reduced power or 
force and insecurity due to slower information 
processing.  
 
A detailed bicycle-rider model is developed to 
study the behavior of the elderly on the bicycle 
in critical situations. 
This study is part of the project SOFIE, which is 
a Dutch acronym that stands for ‘intelligent 
assisted bicycles’. The goal of the SOFIE-
project is to develop mechatronic devices on a 
bicycle that help elderly cyclists to prolong and 
improve their mobility. This computer model will 
help in the development of these devices, by 
creating performance and design guidelines.     
 
METHODS 
An advanced computer model is developed 
using the software MSC Adams, for multi-body 
dynamic modeling. The model covers a 
complex system of bicycle dynamics, the 
biomechanics and control of the rider, 
influences from the environment and their 
complex interactions, e.g. the tire-road contact.  
 
The bicycle dynamics are covered in 4 rigid 
bodies: (1) the front fork, (2) the rear frame, (3) 
the front wheel and (4) the rear wheel (see Fig. 
1). The bicycle frame is assumed to be rigid 
and the deformation of the tires is accounted for 
in the tire-road contact model.  
 
The bicycle model contains the following 
degrees of freedom: rotation around the 
steering axis, rotation of the front and rear 

wheel and all 6 degrees of freedom between 
the ground and the tires. 
 

 
Fig 1: The bicycle and rider model, showing the rigid bodies 
and degrees of freedom: (m1) the upper-body, (m2) the 
pelvis (which is rigidly attached to the bicycle frame), (m3) 
the left and (m4) right leg, (m5)  the rear frame of the 
bicycle, (m6) the front fork of the bicycle, (m7) the front 
wheel and (m8) the rear wheel. 
 
The tire-road contact model relates the forces 
and torques acting from the ground on the tire 
to the load, slip and kinematic configuration of 
the wheel. The so-called Magic Formula’s 
derived by Pacejka are used to fit experimental 
data to the model [2]. The Pacejka model is the 
most wide used tire-road contact model in 
dynamic simulations of car and motorcycle 
tires. The general form of the Magic Formula is 
shown in equation 1, where b, c, d and e 
represent fitting coefficients and R a force or 
torque resulting from a slip parameter k. 
 

 
 
The fitting coefficients are determined from 
experimental data, obtained by measurements 
performed on bicycle tires using the rotating disc 
machine at, and in collaboration with the 
University of Padova [3]. 
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4 Rigid bodies represent the dynamics of the 
rider: the upper-body (torso, head and upper 
arms), the pelvis and the two legs (see Fig. 1). 
The pelvis is fixed to the rear frame of the bicycle. 
Upper-body movement is accomplished by a 
spherical joint between the pelvis and the upper-
body at the position of the vertebral joint L4/L5, 
allowing rotation in all three directions. Both legs 
have one degree of freedom: rotation around the 
axis through the hip and ankle, enabling lateral 
knee movements. The pedaling movement is 
neglected at this stage. Joint stiffnesses are 
modeled by a torsional spring/damper around the 
rotation axis of the joint, to prevent uncontrolled 
movements of parts of the rider. The upper-body 
is connected to the handlebars by two 
translational spring/dampers, that allow steering 
movements. The stiffness of the arm springs 
control the tightness of the rider’s grip on the 
handlebars (amount of co-contraction of arm 
muscles). 
 
Quite unique is that both the bicycle and rider 
model are fully parameterized, to enable 
modeling of any bicycle and any rider. 
Furthermore, it allows parameter and optimization 
studies for improvement of the bicycle design 
(and possibly control). Geometry and mass 
properties of the bicycle can be physically 
measured. The geometry and mass properties of 
the rider are estimated from the total weight and 
length of the person, using linear scaling and 
regression equations [4]. 
 
The rider control can be divided in balance control 
and control of the heading (direction the rider is 
facing). It is assumed that people use 2 
mechanisms for controlling the bicycle: (1) by 
steering actions and (2) by displacement of the 
center of mass. The latter can be accomplished 
by lateral upper-body movements and/or lateral 
knee movements. Inputs to the model are a 
torque around the rear wheel axis regulating the 
forward speed, the control torques applied by the 
rider and inputs from the environment (e.g. the air 
resistance force). Important outputs are the roll, 
pitch and yaw (and its derivatives) of the bicycle, 
defining the state of the bicycle. 
 
The lateral displacement of the total center of 
mass of the system with respect to the heading 
(and its derivative) is taken as a measure for the 
stability. In order for the system to be stable, it 
should stay within certain boundaries. 
 
RESULTS AND DISCUSSION 
The passive rider and bicycle system is inherently 
stable at certain forward speeds (above 5.0 m/s). 
Fig 2 shows the output of an example simulation 

of the bicycle-rider system at 3.5 m/s (below the 
stable speed range). At t = 10s a lateral 
perturbation is applied to the bicycle frame. 
Without rider control, the system is unstable and 
shows divergence of the important output 
parameters. Fig 3 shows the same situation, but 
with rider control. A PID-controller (with time-
delay) regulates the steering torque, by making 
use of the ‘steer-into-the fall principle’ [5].  
 

  
Fig 2: Output of a the uncontrolled model at v= 3.5 m/s, 
lateral perturbation at 10 s. 
 
 

 
Fig 3: Output of a steer controlled model at v = 3.5 m/s, 
lateral perturbation at 10 s. 
 
CONCLUSIONS 
An advanced multi-body model of the bicycle 
and rider dynamics and control is developed. 
First simulations show the capability of the 
model as a tool to test the stability and 
controllability of the system. Experimental data 
is obtained for model validation. The instability 
at low speeds can be easily controlled by 
steering actions. A further step is to develop a 
multi-input multi-output control model, taking 
into account the rider control movements.  
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Fig. 1: Overview of the different scaling methods; 
from left to right: Linear scaling, RBF scaling, 
Morphing based scaling and the target bone, including 
the muscle attachment sites of the femur 
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INTRODUCTION 
In order to analyze biomechanical problems, 
musculoskeletal models are generally used to 
predict muscle and joint reaction forces. To 
represent different subjects, several methods 
can be applied to scale the model to the 
geometry of the subject. They range from 
simple linear scaling methods, based on the 
subject’s size and weight, to subject-specific 
musculoskeletal geometry, based on medical 
imaging data (CT/MRI). 
 
Subject-specific models are expected to be 
more suitable than generic scaled models [1]. 
However, the accuracy of a subject-specific 
model may not compensate for the additional 
time and measurements needed to generate 
these models. By applying different scaling 
methods, differences in the location of muscle 
attachment sites may occur. These differences 
in attachment sites, which may considerably 
affect muscle moment arms, have been shown 
to often affect muscle force predictions to a 
great extent [2].  
 
Therefore, the aim of this study is to compare 
three different scaling methods; a linear, non-
linear and morphing based method, by 
estimating the error in locating muscle 
attachment sites of the femur.  
 
METHODS 
Two fresh cadavers identified as C1 and C2 
(C1: 80y Male, C2: 85y Male) with no clear 
pathologies affecting the musculoskeletal model 
were analyzed. From the CT scans of the lower 
extremity the bones were segmented into STL-
files using Mimics 15.01 software.  
 
A complete dissection of the lower extremity of 
the two cadavers was performed. The Brainlab 
KolibriTM image-guided surgery platform was 
used to measure the position of muscle 
attachment sites on the Pelvis, Femur, Patella, 
Tibia and Calcaneus. In total the contour of 72 

muscle attachment sites were measured. 
Additional registration points of the bone 
surfaces were used to register the measured 
muscle attachment points to the CT-based STL-
files. The measured muscle attachment sites 
were divided in a number of muscle elements 
according to the TLEM dataset [3]. 
 
Three different scaling methods were used to 
scale the STL of the femur from C1 to C2:  
• A linear scaling method based on the 

estimated length and width of the bone. 
• A non-linear scaling method based on the 

radial basis functions (RBF). 
• An advanced morphing based scaling 

method developed by Materialise N.V., 
based on the assumption of a direct relation 
between the bone geometry and the 
location of the muscle attachment sites. 

For the RBF and morphing based scaling 
methods, STL-file of the femur of C2 was 
needed. 

The scaled muscle attachment sites were 
compared with the measured muscle 
attachment sites. The mean Euclidean distance 
was calculated between the scaled and 
measured muscle elements for each muscle 
attachment site of the femur. Furthermore, for 
each method, the computational effort and the 
manual input was estimated to scale the femur 
of C1 to C2. 
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Fig. 2: Histogram of the distance error per MA site for 
different scaling methods: Linear scaling (red), RBF 
scaling (green) and morphing based scaling (blue). 

 
Fig. 3: Muscle attachment site of the insertion of 
Adductor Brevis for the three different scaling 
methods; Linear (blue), RBF (magenta), Morphing 
based (red) and the measured muscle attachment site 
(black)  

 
RESULTS 
Differences in the geometry of the femur can be 
seen after applying different scaling methods 
(Fig. 1). Due to the changes in geometry, the 
locations of the muscle attachment elements 
were also changed. 

The distance error per muscle attachment site 
located at the femur was 14.92±6.29 mm, 
16.97±10.32 mm and 11.65±6.91 mm, for linear 
scaling, RBF scaling and morphing based 
scaling respectively (Fig. 2). 
 
The three most sensitive muscles attachment 
sites of the femur to geometrical error [2] are 
shown in Table 1. 
Tab. 1: Distance error in mm for the most sensitive muscle 
attachment sites 
Method Linear RBF Morphing 
Gluteus Medius 
Anterior 10.20 10.80 7.50 

Gluteus Minimus 28.05 23.11 20.61 
Gluteus Medius 
Posterior 18.59 8.57 5.31 

 
The time to perform the different scaling 
methods varied from 5 minutes to 10 minutes 
for the linear scaling method to 30 minutes for 
the RBF scaling method. The morphing based 
method took 2 minutes to perform, but this have 
not been optimized yet. The additional time to 
segment the STL file from the subject’s MRI 
was not taken into account. 
 
Discussion 
The aim of the study was to compare three 
different scaling methods for musculoskeletal 
modeling. The three scaling methods showed a 
large difference in the estimated location of 
muscle attachment sites located at the femur.  
 
The morphing based scaling method showed 
the lowest mean distance error. Noticeable was 
the relatively big difference between the linear 

and non-linear (RBF) scaling methods. The 
difference can be partly explained by a shift 
along the shaft of the femur (Fig. 3). This 
problem could be controlled by adding more 
points on the shaft of the femur to the RBF 
protocol.     

For a fast non-specific scaled musculoskeletal 
model, a linear scaling method showed lower 
mean distance errors compared to a non-linear 
scaling method. By spending more time on the 
protocol of the RBF method, results may reach 
the precision of morphing making the method 
more suitable for subject-specific modeling.  
 
For the most sensitive muscles, the morphing 
based scaling method showed the lowest mean 
distance errors. Therefore, the morphing based 
method is the best method to estimate the 
muscle attachment sites of the femur. 
 
CONCLUSIONS 
The linear scaling method showed a lower 
accuracy in estimating muscle attachment sites, 
but the method can still be used for generic 
application like ergonomic studies. To generate 
subject-specific musculoskeletal models to 
analyze complex biomechanical problems, a 
morphing based method should be used to 
scale the model to the geometry of the subject.  
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INTRODUCTION 
The upstart is a fundamental skill in artistic 
gymnastics where it is used to transfer the 
gymnast from a swing beneath the bar to a 
position above the bar (Figure 1). 
 

 
 

Fig 1: The upstart on bars (adapted from [1]). 
 
Recent research on the upstart has focused on 
determining the control strategy using computer 
simulation modelling [2]. The gymnast’s 
technique (joint angle time histories) was 
optimised under various criteria which were 
based on minimising angle jerk, joint torque 
change and effort.  Only when the joint angle 
histories were forced through arbitrary via-
points (where the joint angles were matched to 
the recorded gymnast angles) did the model 
produce simulations resembling the movements 
of the gymnasts.  Since the via-points were 
arbitrarily placed it could not be concluded that 
any of the criteria explained the technique used 
by the gymnasts. Therefore, there must be 
some other criterion that can explain the 
gymnasts’ technique or some important aspect 
of human movement that has been overlooked. 
 
When optimizing sporting movements, 
minimising joint torque has been used with 
varying degrees of success [3,4]. It has been 
proposed [5] that maximising the likelihood of 
success at a task, despite the presence of 
noise within the motor system, is a more 
plausible explanation of technique in human 
movement. Therefore, does an optimization 
criterion based on maximising the likelihood of 
success in a noisy environment provide a better 
characterization of the upstart technique than 
criteria based on minimizing joint torque? 
 
 

METHODS 
One upstart from video recordings (using two 
digital video cameras) of the uneven bars final 
at the Sydney 2000 Olympic Games was 
chosen for analysis. Three dimensional 
coordinates of the joint centres were 
reconstructed and quintic splines were fitted to 
the orientation and configuration angles for 
input to a planar simulation model. 
 
A four segment, angle driven, planar model of a 
gymnast comprising arm, torso, thigh and lower 
leg segments was used to simulate the 
movement around the bar [6].  The bar and the 
gymnast's shoulder structure were modelled as 
damped linear springs. A matching procedure 
was carried out as described in [7] to obtain 
model parameters that could not be directly 
measured.  
  
Three optimisations, where the joint angle 
histories at the hip and shoulder were 
manipulated, were carried out to determine the 
control strategy used in the upstart.  All 
simulations were required to achieve the final 
orientation and configuration of the recorded 
gymnast performance. The first criterion 
minimised joint torque, the second minimised 
joint torque change and the third maximised 
success in the presence of noise. In the third 
optimisation for each set of joint angle time 
history parameters produced by the 
optimisation algorithm, 1000 randomly 
perturbed simulations were carried out, where 
perturbations were added to the time and angle 
parameters with a specified standard deviation 
(i.e. the average standard deviations of 10 ms 
and 2.3º from [8]) using a random number 
generator. Simulations were given a score of 1 
for a successful upstart and 0 for an 
unsuccessful upstart, with the total number of 
successful simulations out of 1000 returned as 
the score. 
 
The root mean squared difference between the 
recorded and optimal joint angle histories were 
calculated for both the shoulder and hip angles 
for each of the three solutions.      
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RESULTS AND DISCUSSION 
None of the optimal solutions obtained a 
penalty for end-point configuration, duration or 
exceeding joint torques. The two torque 
minimisation solutions both managed to reduce 
their respective scores, and the maximising 
success optimisation (in the presence of noise) 
achieved 100% success. The joint angle 
histories from the optimal solution for 
maximising success lay closest to the recorded 
performance out of the three criteria (Table1 
and Figure 2). 
 
Table 1: Root mean squared differences between 
the optimal joint angle time histories and the 
recorded trial  
 

Criterion Shoulder Hip 

Min. joint torque 4° 51° 

Min. torque change 9° 18° 

Max success 2° 5° 

 
 

 
 

Fig 2: Graphics sequences of: (a) the recorded 
performance and the optimal solutions for (b) 
minimising torque, (c) minimising torque change and 
(d) maximising success. 
 
The upstart has been described as a “goal-
directed” movement [2], where the goal is to 
successfully perform the skill.  It is therefore not 
surprising that technique is based on a criterion 
associated with such a classification. In other 
words, technique is learned, or evolves, so as to 
maximise success despite the limiting constraints 
of the noise within the system [9].  If there were 
no movement variability in the human motor 

system then technique could well be based on 
some criterion other than ensuring success.  
However, by the nature of optimal solutions the 
introduction of a perturbation leads to a less than 
optimal performance [10].  
 
Movement variability is often described as the 
flexibility in the movement pattern which permits 
adaptation to perturbations. In this sense the 
variability is described as having a functional 
role.  However, from the results of the present 
study it can be argued that the gymnast adopts 
a technique that lies within a solution space that 
is able to cope with the noise from the motor 
system [11,5]. In other words the solution space 
surrounding the chosen technique is relatively 
insensitive to the inherent kinematic variability. 
Although both arguments can be used to 
describe the same situation the latter defines 
the source of the movement variability and how 
it relates to the successful outcome of the 
movement. 
 
CONCLUSIONS 
As variability will always be present in human 
movement [12] failing to consider such an 
important aspect can lead to optimal solutions 
that are not representative of human technique.  
From the present study the underlying strategy 
used in the upstart is not based on a 
minimisation of joint torque: rather, it is likely to 
be based on a strategy of ensuring success 
despite operating in a “noisy” environment. 
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INTRODUCTION 
Several biomechanical macromodels have been 
reported in the literature assessing the loads 
imposed on the spinal structure during lifting 
tasks (1-5). Since the first biomechanical 
macromodel in the 1940s to those of the 
present day, the spine has been modeled as a 
single rigid segment, with only one joint in the 
lumbar region (3,6-10). Chronologically, these 
models typically show increased complexity. 
From the anthropometric perspective, the trunk 
has been divided into three regions (11), yet to 
date, to the best of our knowledge, no model of 
the spine has been developed with more than 
one segment. Thus, the existing models only 
distribute the reaction forces and net proximal 
moments among the muscular, articular and 
ligamental components in the lumbar region. 
Hence, the aim of this study is to develop a 3D 
biomechanical macromodel, in which the spine 
is divided into three rigid segments (upper, 
middle and lower trunk), in order to obtain a 
more detail estimate of the resultant forces and 
moments during lifting tasks. 

METHODS 
 
Sample 
 
Kinematic and kinetic data were obtained from 
one healthy subject with no reported lumbar 
pain, aged 23, 1.75 m tall, body mass of 57.1 
kg and range of movement in the thigh-femural 
joint greater than 100 degrees, while performing 
the lifting task with two different techniques: (i) 
flexing the hip with knees extended (squat), and 
(ii) flexing both the knees and hip (stoop). The 
object lifted had a mass equivalent to 20% of 
the subject’s body mass (12).  
 
Data collection 
 
Kinetic data was obtained from an AMTI force 
plate and also estimated from the lifted object’s 
mass and acceleration. The subject was 
positioned with both feet on the force plate, and 
the forces obtained were divided equally 

between both feet as input to the model. 
Kinematic data were obtained from 69 reflexive 
markers positioned according to Wu et al (13). 
Other anthropometric parameters were 
obtained from literature (14).  
 
Macromodel 
 
The macromodel was composed of a 16 linked 
segments model associated with an inverse 
dynamics model and a muscular and articular 
force distribution model. In order to evaluate the 
inverse dynamics model, forces and proximal 
moments were calculated for all joints in the 
linked segments model from two assessment 
ways: (i) originating in the foot and ending in 
the C7/T1 joint, with ground reaction forces as 
input, and (ii) originating in the hand segment 
and ending in the foot, with the external force 
estimated from the object lifted (15).  
 
Perpendicular distances of the muscles were 
obtained from the insertion coordinates of 180 
muscle compartments (16-17), which were later 
pondered by the physiological cross-sectional 
area. Considering the trunk divided in three 
segments: (i) superior trunk; (ii) medium trunk; 
and (iii) inferior trunk (14), resultant muscle 
force was obtained from inverse dynamics and 
then distributed between the different trunk 
segments (Figure 01). 
 
RESULTS AND DISCUSSION 
The model was evaluated comparing the two 
measuring methods. Figure 2 compares the 
vertical component of ground reaction force 
measured with load plate and calculated from 
the superior way during the performance of the 
squat. Results in the stoop are similar.  
 
The larger mean differences found between the 
reaction force measured by the platform and the 
reaction force calculated through the superior 
path happened in the vertical axis in both 
techniques, with 7,2 ± 6.7 N during stoop e 3.8 
± 6.6 in squat. Regardless of the trunk level, 
when comparing proximal moments obtained 
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from each way, the mean differences found 
were between 0.02 and 14.3 Nm. The larger 
mean differences were found in the latero-
lateral axis, while the smallest were in the 
anterior-posterior axis.  
 

 
Figure 1: Trunk muscular force vectors 
application point and line of actions obtained 
from 180 muscle compartments and pondered 
for each trunk segments.  
 
Peak values are presented in table 01. 
Maximum and minimum peaks for both 
muscular and articular forces happened in the 
same angles for all segments of the trunk. 
Maximum peaks happened at 81 and 113 
degrees of hip flexion angle for squat and 
stoop, respectively.  
 
 

 
Figure 2 – Vertical component of ground 
reaction force from both methods during squat.  
 
 
The results of muscular and articular force allow 
identifying the capacity of the macromodel for 
comparing different lifting techniques. The main 
difference between this model and the ones 
presented in literature is the consideration of 
the spine as not a rigid rod with a single rotation 
axis, but as three linked connected segments, 
to witch is possible estimate muscular and 
articular forces. This characteristic allows an 

approximation of the model to the reality of the 
vertebral spine, which is a highly mobile 
structure.  
 
Table 01: Maximum and minimum peak of 
muscular (FM) and articular (FA) forces for 
each trunk segment (SEG). Only the moments 
with manipulation of load were considered. All 
force are presented in Newton. TI – trunk 
inferior, TM – trunk medium, TS – trunk 
superior 

Exercise SEG Maximum(N) Minimum(N) 
FM FA FM FA 

Squat 
TI 3594 - 4072 1114 - 1572 
TM 3200 - 3604 1014 - 1410 
TS 1730 - 2041 792 - 1097 

Stoop 
TI 2700 - 3164 1241 - 1698 
TM 2455 - 2855 1169 - 1564 
TS 1519 - 1825 909 - 1212 
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Fig 1: Left: iPi Soft stick-figure model. Right: The 
AnyBody musculoskeletal model. 
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INTRODUCTION 
Marker-based motion capture technologies are 
frequently applied to obtain kinematic input for 
musculoskeletal models. Despite their 
popularity, marker-based methods have several 
limitations: 1) it is time consuming to attach the 
markers to the subject. 2) Markers attached to 
the subject can influence the subject’s 
movements. 3) A controlled environment is 
required to obtain high-quality data. 4) Skin-
markers can move relative to the bones. 
  
Marker-less motion capture offers an attractive 
solution to the problems depicted above. The 
Kinect Sensor (Microsoft Corp., Redmond, WA, 
USA) is an active vision system that captures 
depth and color images, simultaneously [1]. The 
advantage of using a Kinect sensor is that it 
allows 3-D registration without a complex set-up 
of multiple cameras, without the need to attach 
markers to the subject, and can be purchased 
at a much lower cost than a traditional motion 
capture system. The accuracy of a single Kinect 
system is on the same order of magnitude as 
soft tissue artefacts [2] but it is incapable of 
tracking body parts when they are not directly in 
the line-of-sight of the sensor.  
 
To accommodate the occlusion problem, the 
newly released iPi Motion Capture v. 2.0 (iPi 
Soft, LLC, Moscow, Russia) marker-less motion 
capture software has been developed to 
support two Kinect sensors. The system is 
affordable, portable and easy to use. 
 
The aim of this study was to develop an 
interface between a dual Kinect Sensor system, 
iPi Motion Capture and the AnyBody Modeling 
System (AMS) (AnyBody Technology A/S, 
Aalborg, Denmark) to obtain a low-cost system 
for full-body musculoskeletal simulations of 
functional activities. Preliminary validation of 
the system is performed by comparing the 
results to models generated based on high-end 
marker-based motion capture during gait.  

METHODS 
One male subject (age: 32 years, mass: 65 kg, 
height: 1.75 m) participated in this preliminary 
validation study. The subject performed three 
gait trials at a self-selected pace. Marker-less 
motion capture data using dual Kinect sensors 
and traditional motion capture technology were 
simultaneously collected. A full-body skin 
marker set, comprising 37 markers was 
employed and their trajectories measured at 
100 Hz by eight infrared cameras using QTM v. 
2.7 (Qualisys, Sweden). Ground reaction forces 
(GRF) were synchronously measured at 1000 
Hz using two AMTI force plates (AMTI, MA, 
USA). Three gait cycles (from heel strike to heel 
strike) with clean hits on the force plates of the 
subject’s right leg were recorded.   
 
Musculoskeletal models were constructed in the 
AMS v. 5.3 based on the GaitFullBody model in 
the AnyBody Managed Model Repository 
(AMMR) v.1.5. Two musculoskeletal models 
were constructed per gait trial. In the first, the 
data recorded by the dual Kinect sensors were 
tracked using iPi Mocap Studio 2 v. 2.1.1.140. 
The results were subsequently saved to a .bvh 
file and imported as a stick-figure model into 

23



    
Fig 2: Left: Hip, knee and ankle flexion angles. Middle: Hip, knee and ankle flexion moments. Right: Hip and knee 
compressive forces (HCF and KCF) and GRF in the superior/inferior (solid), anterior/posterior (dashed) and medial/lateral 
(dotted). Red are the results from the model with traditional motion capture and GRF inputs and the blue are the results from 
the model driven by Kinect data. Shaded areas show the range over three trials.  

AMS. The GaitFullBody model was setup to 
automatically scale according to the joint-to-
joint distances of the stick-figure model and 
kinematic constraints were introduced between 
the stick-figure and AMS models to make them 
move, simultaneously (Fig 1). Because the iPi 
software does not track subtalar eversion, this 
was fixed in its neutral position. Since the 
Kinect-based system does not measure GRF, 
the GRF was computed by the model. 12 
contact points were defined under each foot 
and conditional contacts, including Coulomb 
friction, were established. Contact between a 
node and ground was defined as established 
when the node was within 50 mm of the ground 
plane and the velocity of the node relative to the 
ground was below 1.1 m/s 
In the second model, the typical inverse 
dynamics-based modeling approach was 
employed where the kinematics was driven by 
the measured marker trajectories and the 
measured GRF applied under the feet in the 
kinetic analysis.  
 
RESULTS AND DISCUSSION 
Selected results from the two models are 
presented in Fig 2. Generally, the results show 
similarities between the two models. The hip 
joint angles have similar patterns but the Kinect 
model predicts larger peak values. For the knee 
joint ankle, the Kinect model displays a larger 
knee flexion during the first 40 % of gait and a 
slightly delayed peak knee flexion during swing. 
The joint moments in general display similar 
results except that the Kinect model shows a 
larger knee extension moment during early 

stance as well as more oscillations. The hip and 
knee compressive forces are surprisingly 
similar between the models given the kinematic 
deviations. Finally, the predicted GRFs by the 
Kinect model are comparable with the 
measured forces in the normal and 
anterior/posterior directions. The ground 
reaction force in the medial/lateral direction 
showed opposite signs during 35-60 % gait 
cycle.        
 
CONCLUSIONS 
In conclusion, we presented preliminary 
validation results of a musculoskeletal model 
driven by marker-less motion capture data 
obtained with a dual Kinect system. Although 
the kinetic results of the Kinect system deviated 
to some extent from those obtained with 
marker-based motion capture, the results are 
encouraging. It is particularly encouraging in 
that it is possible to obtain what appear to be 
reliable joint reaction forces in the absence of 
measured GRFs. 
Future work need to focus on the improvement 
of the kinematic estimates around the ankle and 
knee joint. 
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INTRODUCTION 
Myolectric control of rehabilitation devices 
involves a number of technical problems, 
including EMG collecting, processing and 
mechatronic design. Open or closed-loop 
control scheme uses EMGs to deliver the most 
appropriate drive to the mechatronic device. 
Several control algorithms can be used for this 
purpose. A few papers, however, addresses the 
problem as a state-feedback problem, in part 
due to difficult to measure or estimate system's 
state space variables. State estimation requires 
a mathematical model of the dynamic system. 
In addition, EMG signals carries high-frequency 
components, which are essentially useless for 
myolectric control. Low-pass filtering is an 
efficient strategy for off-line analysis, such as 
EMG-driven muscle models [1]. However, in 
real-time applications, filter delay decrease 
feedback control performance. 
  
In a recent paper, we addressed some 
possibilities for real-time muscle state 
estimation from isometric EMG signals, using 
IIR and FIR digital filters associated 
Luemberger observer and Kalman filtering (KF) 
[2]. A non-linear Hill-type muscle model was 
appropriately linearized and used to find KF 
state equations. The muscle model comprises 
three states: activation, tendon force, fiber 
length. Excitation (rectified and normalized 
EMG) is the control input. In this model, all 
state and control variables are normalized by its 
maximum, i.e., lie inside the interval [0,1]. 
 
Here, we compare estimations of muscle states 
using raw EMG as the input of two KF 
formulations: regular and extended. Estimations 
were compared to the fully non-linear off-line 
isometric EMG-driven model analysis, 
considered as a gold standard. Three 
performance parameters were analyzed: filter 
delay, amplitude error (RMS) and smoothness 
(relative signal standard deviation).  
 
METHODS 
Soleus isometric MVC EMG sampled at 2Khz 
from a young adult male was used. Details 

concerning the subject, ethics committee, 
acquisition methodology has been described in 
[1]. The task consisted of a 5 seconds 
sustained MVC contraction, preceded and 
followed by relaxing periods. The raw EMG was 
rectified and normalized by the maximum 
filtered EMG amplitude for the same signal. The 
muscle model was linearized by performing a 
least squares linear system identification and a 
frequency-rich input [2].  
  
Kalman filter finds optimal state estimates for a 
discrete linear system, assuming that the 
dynamic process and measurements are 
contaminated with Gaussian noise. Process 
noise must be uncorrelated with the 
measurements and both independent of the 
input. In fact, this is not our case, since the 
muscle model is nonlinear and the EMG cannot 
be considered as white noise. The externally 
measured signal is the muscle activation and 
therefore highly correlated with KF input, that is 
the EMG excitation.  
 
We used a strategy to reduce cross-correlation 
between input and external measurements by 
updating the Kalman gain at a smaller 
frequency (decimation) compared to the KF 
Prediction step. In the interval between two 
external measurements updates, the 
accumulated samples are averaged, introducing 
an average low-pass filter effect, that smoothes 
the measurements. However, it also introduces 
a phase lag. 
 
Regular and the extended Kalman Filters (eKF) 
are similar algorithms. However, in eKF, state 
space matrices are linearized (and discretized, 
if the dynamic equations are continuous) at the 
actual operation point, in every Kalman gain 
actualization step. Thus, more accurate 
representations of highly non-linear systems 
are obtained, at the cost of increasing 
complexity and computer time.     
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RESULTS AND DISCUSSION 
An off-line non-linear EMG-driven solution was 
generated, using a 5th order, 2Hz cut-off 
forward and backward Butterworth low-pass 
filter, to find excitation envelope. The average 
delay between this and KF/eKF solutions was 
calculated by cross-correlation method, as a 
function of the actualization interval length 
(decimation), measured in number of samples 
(Figure 1). 
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Figure 1: State space variables estimation average delay 
generated by the KF/eKF as a function of external 
measuremant actualization inteval length.  
 
Estimation amplitude error was evaluated 
considering the RMS difference between the 
off-line EMG-driven and KF/eKF solutions, as a 
function of the length of the actualization 
interval (Figure 2). Delay compensated 
estimations were used to evaluate RMS error.  
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Figure 2: State space variables estimation RMS 
amplitude error generated by the KF/eKF as a function 
of external measuremant signal actualization interval 
length. 
 
Finally, estimation smoothness was assessed 
by calculating its standard deviation, which was 
normalized by the standard deviation of the off-
line EMG-driven response.  
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Figure 3: State space variables estimation standard 
deviations normalized by the offline EMG-driven 
solution, as a function of external measuremant 
actualization length. 
 
For activation and fiber length both formulations 
have shown the same performance. RMS error 
is particularly large for activation estimation, but 
is likely to be reduced by increasing the length 
of the actualization interval (Figure 2). Filter 
smoothing effect increases significantly with 
longer actualization intervals (Figure 3). The 
extended KF has shown to be more effective to 
reduce noise in tendon force and fiber length, 
compared to the regular one. 
 
CONCLUSIONS 
Kalman filter is able to estimate the state space 
variables of a non-linear Hill-type muscle 
model, within moderate phase lag, amplitude 
accuracy and smoothing capacity. Actually, 
mathematical conditions for KF estimation 
optimality are not been fulfilled, but meaningful 
the estimations could still be obtained. 
Extended KF has shown better smoothing 
capacity compared to regular KF, at the cost of 
larger delays and increase of algorithm 
complexity and computational burden. The most 
appropriate algorithm and actualization interval 
depend on the application requirements, 
considering a tread-off among delay, amplitude 
accuracy and smoothness.  
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INTRODUCTION 
Current musculoskeletal models of the thumb 
enable the analysis of the kinematic 
representation of the thumb joints and endpoint 
forces produced at the thumb-tip [1, 2]. 
However, neither study implemented a muscle 
model to represent the relationship between the 
muscle’s length, velocity, activation, and force. 
Furthermore, these models are static and do 
not include passive joint parameters (i.e., joint 
damping and the elastic joint moments 
generated by soft tissue structures such as 
ligaments), which are necessary to accurately 
simulate thumb motion.  
 
In a dynamic model, joint movement is 
dependent on movement of other joints, gravity, 
muscles forces and moment arms, and passive 
joint elements. To develop meaningful 
simulations of thumb motion, it is necessary to 
model each of these elements accurately. 
However, there are limited experimental data 
available to define the parameters that are 
necessary to describe the passive mechanical 
system of the thumb. Specifically, tendon slack 
lengths (which determine the ranges of motion 
over which muscles generate passive muscle 
forces) and elastic joint moments (which define 
the passive moments that limit joint range of 
motion) must currently be estimated for the 
thumb because we generally lack explicit, 
quantitative data describing them. To analyze 
the influence of these two critical classes of 
parameters, we performed gravity-driven 
forward dynamic simulations in which we 
compared the final, equilibrium posture of the 
thumb in the presence and absence of different 
parameters.  
 
METHODS 
We developed a dynamic model of the thumb 
based on a previously published kinematic 
model of the upper extremity [3] and a static 
biomechanical model of the thumb [2]. The 
dynamic model includes four degrees of 
freedom at the thumb, carpometacarpal (CMC) 

flexion/extension and ab/adduction, 
metacarpophalangeal (MCP) flexion/extension, 
and interphalangeal (IP) flexion/extension. 
Inertial parameters were defined for the bones 
of the thumb: the trapezium, first metacarpal, 
proximal phalanx and distal phalanx [4]. Nine 
Hill-type musculotendon units were included 
representing the four extrinsic and five intrinsic 
thumb muscles. The musculotendon paths were 
validated previously [2, 3]. The force-generating 
parameters (optimal fiber length, pennation 
angle, maximum isometric force, and tendon 
slack length) for the extrinsic muscles were 
described in Holzbaur et al. [3], except for 
maximum isometric force, which has been 
updated based on in vivo muscle volume and 
isometric joint strength data [5, 6]. For the 
intrinsic muscles, optimal fiber length and 
pennation angle were defined from 
experimental data [7]. Tendon slack length was 
calculated for each of the four intrinsic muscles 
based on an assumed 0.033% tendon strain at 
optimal fiber length and assuming that optimal 
fiber length occurs at the neutral thumb posture 
(0 degrees at all joints). Intrinsic muscle 
maximum isometric force values were scaled 
from each muscle’s physiological cross-
sectional area [7] with a specific tension of 50.8 
N/cm2, based on previous studies of other 
muscles in the upper limb [5, 6].  
 
Our thumb musculoskeletal model was 
implemented in OpenSim (version 3.0). To 
enforce joint limits, we implemented passive 
joint constraints with the Function Based 
Bushing Forces (plug-in for OpenSim 3.0) for 
each of the four thumb joints. Specifically, we 
defined (i) elastic joint moments generated by 
soft tissue structures as torque-angle splines 
and (ii) damping as a constant for each joint. 
The passive elastic moments for CMC 
flexion/extension and ab/adduction were 
derived from a previously published study [8]. 
MCP and IP flexion/extension passive joint 
moments were adapted from index finger 
experiments of the MCP [9] and proximal 
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interphalangeal [10] joints, respectively. 
Likewise, parameters values for damping were 
adapted from a study of the index finger [11]. 
 
We performed gravity-driven forward dynamic 
simulations of the thumb starting from neutral 
posture (0 degrees at all joints) with no muscle 
excitation. Therefore, all muscle forces 
generated during simulations were a result of 
the passive force-length relationship, which is 
sensitive to our assumptions about tendon slack 
length. We ran a baseline simulation (using the 
nominal parameters described above) until it 
reached an equilibrium posture. Then, we 
compared the results to individual simulations in 
which either (i) elastic joint moments or (ii) all 
muscles were removed from the simulation. 
 
RESULTS AND DISCUSSION 
Gravity-driven simulations demonstrate that the 
two classes of parameters investigated in this 
study affect each of the thumb joints differently. 
Notably, for the simulation in which muscles 
were excluded, the equilibrium position of the 
MCP joint differed the most relative to the 
baseline simulation (Fig. 1a). Analyzing the 
MCP joint in all 3 simulations revealed that both 
parameters influence its equilibrium joint 
posture; the baseline simulation reflects a 
balance between elastic joint moments and 
passive muscle forces. In the baseline 
simulation, the equilibrium posture at the MCP 
joint was 19.2 degrees of flexion. When only 
modeling elastic joint moments, the joint flexed 
substantially more, 51.4 degrees (Fig. 1a). In 
the simulation including only passive muscle 
forces, the MCP joint flexed less than the 
baseline simulation, 11.7 degrees.  
 
Conversely, for the simulation in which elastic 
joint moments were excluded, the equilibrium 
position of the CMC joint differed the most 
relative to the baseline simulation (Fig. 1b). 
Analysis for both the flexion/extension and 
ab/adduction degrees of freedom of the CMC 
joint revealed that the elastic joint moments 
contributed more to the equilibrium posture than 
passive muscle forces. In the simulation 
including only passive muscle forces, the 
passive forces were not enough to prevent the 
joint from going outside its limits [8]; the CMC 
joint rested at 45.2 degrees of flexion and 46.7 
degrees of abduction. Conversely, in the 
simulation with only elastic moment, both 
degrees of freedom were within 1 degree of the 
baseline simulation.  

 
Figure 1. Final thumb posture from gravity-driven 
forward simulations a) without passive muscle 
forces and b) without elastic joint moments (bold) 
versus a simulation with all model parameters 
included (faded). Thumb joints labeled: CMC: 
carpometacarpal, MCP: metacarpophalangeal, 
and IP: interphalangeal. For all simulations the 
direction of gravity is indicated by black arrow.  
 
CONCLUSIONS 
We developed and utilized a forward driven 
dynamic model of the thumb to analyze the 
effect of passive joint parameters on equilibrium 
postures. From our simulations, we illustrated 
the complexity of the system, as the MCP and 
CMC joints differed in their sensitivity to the 
passive forces generated by muscles and the 
passive elastic moments generated by other 
soft tissue structure. Future work will focus on 
understanding the balance of these parameters 
at individual joints to yield realistic movement. 
In addition, the simulation results highlight the 
need for more explicit data describing these 
parameters.  
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INTRODUCTION 
Joint range of motion (RoM) is a basic input 
data to perform analysis or simulation of human 
movements. In most studies, like constraining 
inverse kinematics (IK) solutions, it is necessary 
to check whether or not a body segment stays 
included in its permitted RoM and, if not, to 
reorient it inside this zone. This inclusion test is 
always implemented in this way: 
If the segment orientation is within the permitted 
joint RoM 

Do nothing 
Else 

Do reorient the segment to the closest (or the 
last-crossed) border of the RoM 
End 

These code-lines are implemented within the 
convergence loop of an IK-solver and strongly 
slow down the initial unconstrained algorithm. 
The two main reasons of this loss of 
performance are (i) the test itself (the if line) 
and (ii) the reorientation procedure. The test is 
compulsory realised at every iteration, what is 
not true for the remaining lines. Classically, the 
segment orientation is decomposed in several 
angular positions around pre-defined axes. 
Then, bounds are defined for each of these 
axes. On one hand, the if-test is really easy to 
implement and quickly checked. On the other 
hand, the reach-cone defined by these bounds 
badly estimates a correct and accurate joint 
RoM. This may lead to an inappropriate 
posture. 

Wilhelms and Van Gelder [1] have proposed a 
Spherical Polygon Method (SPM) to improve 
the parameterisation of RoM limits. This method 
is based on a RoM only limited by a star 
spherical-polygon defined by Np boundary 
points. Hence, they obtained a “fast and easy 
reach-cone joint limits” detection. Moreover, 
their reorientation procedure has “no discernible 
effect on interactive speeds”. Indeed, the 
“interactive speeds” include the display of the 
animated figures which computationally costs 
far more than this algorithm. In fact, when all 
drawing is disabled, they obtained a loss of 
34% of computation time during their IK 

analyses in comparison with their unconstrained 
versions. Decreasing Np reduces this 
computation cost but also shapes a less 
accurate RoM. Therefore, reducing the 
computation time of a constrained IK-solver 
while keeping an accurate RoM definition is still 
of most interest. Indeed, IK analyses are pre-
required for inverse dynamics analyses which 
are used, for example, in the actually widely-
studied musculoskeletal modelling simulations. 

The aim of this paper was to propose a new 
joint RoM parameterisation which takes care of 
its computation usages in biomechanics. This 
method was evaluated in comparison with the 
SPM. More specifically, the evaluation focused 
on the computation cost for constraining 
(checking + reorienting) a body-segment in a 
predefined RoM. 

 
Fig 1: Principle of the Gridded-Cube Method. From 
globographic visualisation of joint RoM to a sparse 
Boolean matrix (Nc=11 here). 

METHODS 
Our RoM parameterisation, the Gridded-Cube 
Method (GCM), was based on the gridding 
methods in the point-in-polygon problem. This 
keeps the if-test as simple as possible. We 
projected a gridded-cube meshing as developed 
by [2] (Nc cells per edge) onto a sphere. The 
joint RoM was characterised by the cells whose 
orientation on the sphere could be reached by 
the adjacent segment. Each cell was associated 
to a Boolean value: 1 for the cells inside the 
joint RoM and 0 for all the others. Thereby, a 
full joint RoM was described by a Boolean 
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sparse matrix that included the values of every 
cell (Fig. 1). This RoM could be as accurate as 
desired just by refining the meshing.  

The reorientation procedure was managed 
using a reorientation matrix computed offline. 
This matrix contained the coordinates of the 
closest cell inside the defined joint RoM for 
every cell outside of it. This solution allows a 
very fast repositioning of the adjacent segment 
when it reached an outside cell.  

In the view to compare the two 
parameterisations (SPM vs. GCM), we had 
access to their own computation cost by first 
pre-generating a virtual hemispherical RoM with 
both parameterisations (Fig. 2). Then, we 
generated a bunch of one hundred random 
swing orientations. Finally, we tested five times 
the computation time for every one of them to 
be declared inside or outside this RoM. We 
realised this test both with and without 
reorientation procedure. For this purpose, we 
used non-compiled Matlab© programming 
functions. Because the computation time on 
both methods may depend on Np or Nc, we 
repeated the test for Np from 3 to 12 and for Nc 
from 11 to 101. 

  
Fig 2: A virtual hemispherical RoM illustrated for the hip 
joint (left) parameterised by a spherical polygon (top right) 
and by a discretised gridded-cube meshing of a sphere 
(Nc=10) (bottom right). 

RESULTS AND DISCUSSION 
For every configuration tested, GCM was at 
least twice faster than SPM for giving a 
feedback on the inclusion or not of the 100 
random orientations (Fig. 3). Concerning SPM, 
the computing time was logically not affected by 
the number of cells covering the sphere (6.Nc²). 
However, it is highly increased with respect to 
the number of boundary points (Np). As to GCM, 
its computing time was not affected neither by 
the number of cells nor by the number of 

boundary points. In others words, our method 
showed that whatever shape and accuracy of 
joint RoM are required, it can be implemented in 
many simulations with a fixed very low 
computation cost. 

In the present study we have only dealt with the 
RoM of the swing of an anatomical segment 
with respect to a joint. But accurately limiting 
the twist range -which itself depends on the 
swing orientation [3]- is a challenge we cannot 
ignore by letting a commonplace upper and 
lower bounds around this degree of freedom. A 
further study is actually being processed for 
integrating the twist range along the swing one 
in the Boolean grid. 

 
Fig 3: Resulting time for Spherical Polygon Method (SPM) 
and Gridded-Cube Method (GCM) depending on both the 
number of cells (Nc) and the number of boundary points 
(Np). Top: without reorientation procedure. Bottom: with the 
reorientation procedure. 
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INTRODUCTION 
In triple jumping the ‘phase ratio’ is defined as 
the three phase distances expressed as 
percentages of the total distance jumped [1].  
Hay [1] stated that the identification of the 
optimum phase ratio for an athlete, ‘‘should 
take priority over all other problems of triple 
jump technique because, without a solution to 
this problem, all others must be considered in 
ignorance’’.  Hay [1] defined three triple jump 
techniques with respect to phase ratio as being: 
(1) hop-dominated – where the hop percentage 
is at least 2% greater than the next largest 
phase percentage; (2) jump-dominated – where 
the jump percentage is at least 2% greater than 
the next largest phase percentage; and (3) 
balanced – where the largest phase percentage 
is less than 2% greater than the next largest 
phase percentage.  It is unknown whether 
optimal phase ratios exist and, if so, how these 
phase ratios are affected by alterations in 
parameters that can be augmented by training 
such as the strength of the athlete and their 
horizontal approach velocity.  The aim of this 
study was to use computer simulation in order 
to manipulate the strength and approach 
velocity of an athlete and ascertain what effect 
this had on the athlete’s optimal phase ratio. 
 
METHODS 
A 13-segment planar torque-driven computer 
simulation model was used to simulate each 
ground contact phase of the triple jump [2] 
(Figure 1).  Kinematic data were captured at 
240 Hz during a single triple jump performance 
of 13.00 m and were used to provide initial 
conditions for each simulation.  Torque and 
anthropometric measurements were also taken 
from the triple jumper in order to make the 
model subject-specific [3].  Optimisation was 
used in two different ways: (a) torque-driven 
simulations were matched to performance data 
in order to assess the accuracy of the model; 
and (b) technique was optimised using torque-
driven simulations in order to maximise the total 
jump distance.  A GA [4] was used to either 
minimise the objective difference function, or 

maximise the total jump distance, by varying 
246 and 243 parameters respectively.  These 
parameters represented torque generator 
activation timings and magnitudes, and 
kinematics at touchdown.  The whole body 
kinematics, and angular momentum at takeoff 
from each phase were used in order to 
calculate the initial orientation and velocities at 
the touchdown of the subsequent phase as 
described by [2]. 
 

 
 

Figure 1: Thirteen-segment simulation model with wobbling 
masses within the shank, thigh, and trunk segments, torque 
drivers at the ball, ankle, knee, hip, and shoulder joints (grey 
circles), angle drivers at the elbow joints (white circles), and 
spring-dampers at three points on each foot. 
 
The objective function for each matched torque-
driven simulation was the RMS of six parts [2]: 
percentage difference in horizontal velocity of 
COM at takeoff; percentage difference in 
vertical velocity of COM at takeoff; overall RMS 
difference in (trunk) orientation in degrees 
during ground contact; overall RMS difference 
in whole-body configuration in degrees during 
ground contact; percentage absolute difference 
in time of contact; absolute difference in 
orientation at touchdown of the subsequent 
phase in degrees calculated as described by 
[2].  In all cases 1° was considered to be 
equivalent to 1% and objective difference 
function values are reported as percentages [2].  
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In order to investigate how strength and 
approach velocity affected the phase ratio, 
maximum joint torques at all torque-driven joints 
were altered by ±10%, and horizontal approach 
velocity was altered by ±1 m/s.  In each case 
technique was optimised in order to maximize 
the total jump distance, resulting in four 
additional optimisations. 
 
RESULTS AND DISCUSSION 
The simulation model showed good 
correspondence when matched to performance 
data; resulting in an overall difference of 3.0% 
across the whole jump, and a total jump 
distance of 12.50 m. 
 
Optimisation of technique with measured joint 
torques and horizontal approach velocity led to 
a substantial increase in total jump distance 
(from the matched simulation) of 13.32 m. 
 
In the altered strength condition an increase in 
strength of 10% resulted in a total jump 
distance of 13.86 m, and a decrease in strength 
in a distance of 12.39 m. 
 
In the altered velocity condition an increase in 
horizontal approach velocity of 1 m/s resulted in 
a total jump distance of 13.99 m, and a 
decrease in velocity in a distance of 11.66 m. 
 
In all optimisations phase ratios were 
considered balanced, since no phase 
percentage was more than 2% greater than the 
next largest phase percentage (Figure 2). 
 

 
 
Figure 2: Phase ratios for optimisations with performance 
strength and velocity (PF), decreased velocity (DV), 
increased velocity (IV), decreased strength (DS), and 
increased strength (IS). 
 
As might be expected, increases in strength 
and increases in horizontal approach velocity 
resulted in increased jump distances, with 
respect to an optimisation with measured 
torques and performance horizontal approach 
velocity.  Equally, reductions in strength and 
horizontal approach velocity led to reductions in 

jump distances with respect to measured 
values.  However, in terms of technique, all 
optimisations exhibited a balanced phase ratio, 
which might indicate that this is the optimal 
technique regardless of strength and horizontal 
approach velocity.  Despite these similarities 
some differences were seen within the confines 
of the balanced technique classification; 
simulations with either increased strength or 
decreased velocity, which perhaps represented 
athletes that were relatively strong with respect 
to their approach velocity, exhibited 
substantially greater step phase percentages 
than the simulations with decreased strength or 
increased approach velocity (33.0% and 32.3% 
vs 29.6% and 30.6%).  Additionally these 
simulations showed greater hop than jump 
percentages, whereas simulations with 
decreased strength or increased velocity 
showed the opposite (Figure 2). 
 
CONCLUSIONS 
From these results it can be concluded that 
strength and approach velocity interrelate in 
such a way that athletes who are relatively 
strong for a given approach velocity should 
employ greater step percentages, and hop 
percentages that are greater than their jump 
percentages.  Athletes who are relatively weak 
for a given approach velocity should employ 
smaller step percentages, and jump 
percentages that are greater than their hop 
percentages. 
 
Since it has been observed that elite performers 
typically employ step percentages of 
approximately 30% [1] it may be that athletes 
should be encouraged to adopt an approach 
velocity that results in their step phase 
percentage not substantially differing from 30%. 
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Fig 1: Left: The starting position for a trial performed 
with the right leg. Right: The stick-figure model.  
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INTRODUCTION 
Ankle braces are commonly used to reduce the 
incidence of ankle sprains and seem to be 
specifically beneficial for players with a 
previous ankle injury or established instability 
[1]. Landing on inclined surfaces can 
approximate an ankle sprain mechanism and 
can be used as experimental procedure to 
investigate the effectiveness of external ankle 
support. 
 
Ground reaction forces and electromyographic 
(EMG) activity of five lower extremity muscles 
have been analyzed and showed a significant 
reduction of the muscle activity of the triceps 
surae [2]. The purpose of the present study was 
to assess the kinematic effect of an ankle brace 
in injury prone landings on inclined surfaces. 
 
METHODS 
Ten healthy men (height 1.78 ± 0.07 m, mass 
75.1 ± 6.6 kg, age 26.6 ± 4.4 years) with no 
prior ankle injuries participated in the study. 
Participants were asked to perform a landing 
task from a height of 40 cm on a robotic force 
platform [3]. The force plate was randomly 
inclined to four different angles during the flight 
phase producing 5° eversion or 0°, 10° and 15° 
inversion. Participants were instructed to 
perform the task by using their dominant leg 
and starting from a defined position (Figure 1). 
The landing task was repeated seven times per 
inclination with and without an ankle brace. A 
trial was considered successful when the 
participants were able to land with the testing 
leg on the force plate and maintained their 
balance on that leg for at least 2 s. 
 
Retroreflective, ball-shaped markers were 
placed on the following landmarks: right and left 
anterior superior iliac spine, right and left 
posterior superior iliac spine, greater 
trochanter, lateral condyle, lateral and medial 
malleolus and the heel. Additional markers were 
placed on the shank, thigh and the shoe serving 
as tracking markers to define the three-

dimensional (3D) motion. A hole was made on 
the shoe in order to place a heel marker. A 
motion analysis system with eight infrared 
digital video cameras (Oqus 300 series, 
Qualisys, Gothenburg, Sweden) was used to 
track the marker positions. Kinematic data were 
recorded with a sampling frequency of 256 Hz 
and synchronized with kinetic recordings. 
 
For our study, a five segments stick-figure 
model [4] of the lower extremity was used 
(Figure 1). It consisted of a leg and the pelvis. 
The leg was made up of four rigid bodies (thigh, 
shank, talus and foot) and the bodies were 
constrained/connected by joints. The knee, the 
subtalar and ankle articulations were defined as 
revolute joints, while the hip articulation was 
simulated as a spherical joint. The model had a 
total of 12 degrees of freedom (DOF). The 
model was developed using the AnyBody 
Modeling SystemTM (AMS) v.5.2. (AnyBody 
Technology A/S, Denmark). 
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All participants performed a standing reference 
and three dynamic functional trials. The 
standing reference trial was used to construct 
the stick-figure model, to identify initial joint 
locations and to define the coordinate systems 
of the segments [5]. The functional trials of the 
hip, the knee and the ankle joint complexes 
were used to calibrate the axis direction of the 
revolute joints and the local position of each 
joint. 
 
Following this optimization, the kinematics of 
the landing trials were computed. For each 
variable three time periods were defined; 200 
ms before the initial contact (IC) of the foot with 
the platform, 50 ms after the IC (ECO) and 51-
200 ms after the IC (LCO). Two independent 
variables were tested. The first factor 
(inclination) had four levels (-5°, 0°, 10° and 
15°), while the second had two levels (braced 
and unbraced trials). Two-way (4x2) repeated 
measures ANOVAs were applied for group 
differences in kinematic variables. The mean 
values of the respective dependent variables for 
seven repetitions per group were used for each 
test. A commercially available statistical 
analysis package SPSS v.20 (IBM Corp®, USA) 
was used for statistical analysis. The 
significance value was set to p<0.05 for all 
analyses. Only data and statistics for the brace 
factor are presented in this abstract. 
 
RESULTS AND DISCUSSION 
A decrease in the kinematic variables/joint 
excursions was shown for the braced compared 
to the unbraced trials (Table 1). The range of 
motion (ROM) of the ankle joint was 
significantly greater during the after-IC periods 
for the unbraced trials (F(1,9)=68.559, p<0.001 
and F(1,9)=34.376, p<0.001, ECO and LCO 
respectively). The range of motion of the 
subtalar joint was significantly decreased for the 

braced trials during the early contact period 
(F(1,9)=17.96, p=0.003), while the range of 
motion of the knee joint was decreased during 
the late contact period (F(1,9)=15.246, p=0.005). 
The reductions of the ankle and the subtalar 
ROM during the early contact are consistent 
with the observed activity reductions of the 
gastrocnemius muscles. Furthermore, the 
reductions of the ankle and the knee ROM in 
the late contact period are in accordance to the 
reductions of the soleus and gastrocnemius 
lateralis muscle activity. No significant 
differences were observed for the pre-IC period.  
 
CONCLUSIONS 
The results showed a significant decrease in 
the kinematic variables for the braced trials. 
These results align the observed decrease of 
the lower extremity muscles EMG activity. 
Moreover, this study shows the importance of 
person-specific ankle axis in the analysis. 
These results are the first step for a full kinetic 
analysis using a musculoskeletal model.  
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Table 1: Mean values (in rad) and percentage reduction of the range of motion of the ankle joint, the subtalar joint and the knee 
joint for the braced (WB) compared to unbraced (NB) trials.  

Variable Ankle 
ECO  

Ankle 
LCO 

Subtalar 
ECO 

Knee 
LCO 

P-value < 0.001 < 0.001 0.003 0.005 

Mean value 
± (SD) 

NB 0.293 
0.022 

0.318 
0.022 

0.203 
0.030 

0.363 
0.017 

WB 0.179 
0.019 

0.218 
0.015 

0.110 
0.018 

0.313 
0.014 

Reduction (%) 38.9 31.4 45.8 13.8 
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INTRODUCTION 
Biomechanical analyses of human motion often rely 
on computer simulations based on musculoskeletal 
(MS) models. MS-models contain: (i) the skeletal 
and muscle geometry which can be extracted from 
imaging e.g. MR, and (ii) the muscle-tendon (MT) 
dynamics which are often described by the model of 
Hill. This model is described by five parameters: the 
maximal isometric muscle force, the optimal muscle 
length 𝐿𝑚𝑜𝑝𝑡, the slack length of the tendon 𝐿𝑡𝑠, the 
optimal muscle pennation angle, and the maximal 
contraction velocity of the muscle. For the actuators 
of the knee, 𝐿𝑡𝑠 and 𝐿𝑚𝑜𝑝𝑡have been shown to be most 
important for accurate dynamic simulations [1]. 
However, it is not possible to measure these 
parameters in vivo. Instead, optimization techniques 
can be applied to identify the parameters based on 
data reflecting the subject-specific force generating 
capacities such as dynamometry data (e.g. [3]). In 
this paper (i) we present a new algorithm to identify 
MT-parameters of the knee actuators based on 
isometric dynamometry, and (ii) we discuss 
preliminary results of a simulation study. 
 
METHODS 
A. Data Simulation 
 Synthetic measurements are generated based on 
the generic model in OpenSim [2]. Isometric knee 
joint moments at maximal activation are simulated 
for five equidistant knee angles (from -90° to -30°) at 
a hip-flexion angle of 80°. Muscles included are the 
knee extensors rectus femoris, vastus intermedius, 
medialis, and lateralis. Muscle fiber lengths 
measured using MR imaging are simulated at zero 
activation for the reference position (hip and knee 
0°) and the generic parameters. To simulate 
measurement errors, uniformly distributed noise 
(mean 0, magnitude 10 Nm) was added to the 
simulated moment. Parameters will be estimated 
starting from random sets of 𝐿𝑡𝑠 and 𝐿𝑚𝑜𝑝𝑡whithin a 
range of ±50% of the generic parameter values for 
each muscle. 
 
B. Identifiability 
The identifiability of different transformations of 𝐿𝑡𝑠 
and 𝐿𝑚𝑜𝑝𝑡 (including the transformation proposed by 
[3]) and different experimental sets was analysed 
based on a singular value decomposition of the 
Fisher information matrix: the singular values 

indicate the number of identifiable parameter 
combinations, the singular vectors indicate the 
respective parameter combinations [4]. 
 
C. Estimation 
The MT-parameter estimation is formulated as a 
constraint non-linear optimisation problem. 
Typically, these problems suffer from local optima 
and hence benefit from a hot start. The hot start is 
determined by a heuristic. The heuristic which 
evaluates discrete combinations of parameters in a 
grid around the initial combination (±50% with steps 
of e.g. 10%), aims at (i) defining a feasible set for 
the optimisation, and (ii) providing a hot start for the 
optimisation. A feasible parameter combination 
reflects the physiological operating length of the 
muscle fibers (joint positions at which the muscle is 
known to contribute to the joint torque). And a 
feasible parameter combination results in a muscle 
fiber length equaling the length extracted from the 
MR image within a measurement uncertainty. The 
feasible set for the optimization is the intersection of 
these conditions, and hence contains all 
physiological possible parameter combinations. The 
discrete parameter combinations which results in 
the best fit over the grid (this is not the optimal fit) 
between the resulting moment and the experimental 
joint moment is selected as the hot start. 
Parameters are estimated by minimizing the infinity 
norm of the difference between experimental and 
calculated joint moment over the feasible set. The 
optimisation variables are chosen so that (i) the 
identifiability was high, and (ii) the mathematical 
description of the feasible set is simplified (see 
fig.1). 
 
RESULTS AND DISCUSSION 
Our transformation of parameters resulted in the 
best identifiability. The parameter set as proposed 
by [3] showed a poorer identifiability. The five 
experiments as described in the method section 
resulted in the best identifiability. Hence, including 
more experiments will rise the experimental cost, 
but will not give a significantly better identifiability 
of the parameters. The parameters of the rectus 
femoris are identifiable. The isometric experiments 
do not contain sufficient information to discriminate 
between the parameters of the vasti. 
Preliminary results of the parameter estimation are 
shown in tables I A and B. 
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To our knowledge, the identifiability of MT-
parameters or transformations of the MT-parmeters 
has not been reported before. However, it is an 
important feature in identification: a better selection 
of the optimisation variables can be made, the 
optimal (trade-off between experimental cost and 
information contained in the experiments) 
experimental set can be determined, and  

. 
it helps to interpret the results. Ten years ago, [3] 
proposed the first (and only) dynamometer-based 
estimation of MT-parameters of the actuators of the 
upper limb. The optimisation variables were also a 
transformation of the MT-parameters. The 
identifiability for this transformation for knee joint 
actuators was poor in contrast to the transformation 
we introduced. We showed that we can be confident 
in the estimation of the parameters of the rectus 
femoris. The similar functionality of the vasti might 
explain why it is harder to discriminate between 
these parameters. By adding an extra equation, 
being a relation between the 𝐿𝑚𝑜𝑝𝑡of the vasti, we 
resolved the underdetermination of the problem. 
Typical, for non-linear optimisation it can not be 
shown that a local solution is the global solution. A 
simulation study is useful before applying the 
method on experimental data because the ground 
truth is known. Our preliminary results show that 
starting from different hot starts results in different 
parameter sets. Hence, the optimisation suffers 
from local optima. However, for ideal 
measurements, the parameters can be estimated 
within 3% of the nominal value. When measurement 
noise is added, 𝐿𝑚𝑜𝑝𝑡 can be estimated within 9% of 
the nominal value, whereas 𝐿𝑡𝑠 can still be estimated 
within 3% of the nominal value. Notice that the initial 
parameter combinations resulting in the hot starts, 
are perturbed up to 50% from the generic parameter 
combinations. The heuristic preceding the 
optimisation is important as the problem is highly 
nonlinear and benefits from the hot start. Moreover, 
the heuristic allows us to define a feasible set for the 
optimisation. [3] used a model including a tendon 
with infinite stiffness whereas we model the tendon 
as a non-linear spring which is a more realistic 
representation of the tendon’s behavior. In the 
simulation environment, we did not succeed in 

estimating the MT-parameters of the knee extensors 
whith sufficient accuracy using the method and 
model proposed by [3]. Since no results from a 
simulation study are reported, the authors can not 
guarantee the feasibility of their method. Future 
work includes (i) a stochastic investigation of the 
effect of measurement noise using Monte Carlo 
simulations which will allow us to define the 
uncertainty on the parameters, (ii) an extensions of 

the identification procedure to knee flexors, and (iii) 
applying the identification on experimental data. 
 
 
CONCLUSIONS 
We developed a methodology for MT-parameter 
estimation based on principles from system 
identification that allows us to optimize the set of 
experiments, the formulation of the problem, and to 
evaluate the results in a simulation 
environment. 
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Fig. 1. The feasible set for the rectus femoris is shown. The star 
indicates the nominal parameter combination. The dots indicate the 
feasible parameter combinations in the grid. Based on these 
feasible points, the feasible set is described by the intersection of 
the rectangle which envelopes the combinations, and a bound 
around the line fitted through the combinations. 

TABLE I: Effect of initial parameter guess a measurement noise. The mean parameter values( 𝐿�𝑚
𝑜𝑝𝑡

and 𝐿�𝑡
𝑠
in [m]) and the 

minimal and maximal parameter value resulting from the identification are shown together with the generic parameter values 
(𝐿𝑔𝑒𝑛,𝑚
𝑜𝑝𝑡  and 𝐿𝑔𝑒𝑛,𝑡

𝑠  in [m]) and the maximal fitting error ΔMmax in [Nm] for A different hot starts and B measurement noise. 
A 𝐿�𝑚

𝑜𝑝𝑡
 [min max] 𝐿𝑔𝑒𝑛,𝑚

𝑜𝑝𝑡  𝐿�𝑡
𝑠
 [min max] 𝐿𝑔𝑒𝑛,𝑡

𝑠  ΔMmax 
rectus fem 0.1111 [0.1105 0.119] 0.114 0.3024 [0.3006 0.3047] 0.31 

1.1e-3 vastus int 0.0872 [0.0848 0.0924] 0.087 0.1353 [0.1208 0.1424] 0.136 
vastus lat 0.0864 [0.0833 0.0904] 0.084 0.1570 [0.1503 0.1604] 0.157 
vastus med 0.0898 [0.0842 0.0930] 0.089 0.1302 [0.1272 0.1345] 0.126 
B 𝐿�𝑚

𝑜𝑝𝑡
 [min max] 𝐿𝑔𝑒𝑛,𝑚

𝑜𝑝𝑡  𝐿�𝑡
𝑠
 [min max] 𝐿𝑔𝑒𝑛,𝑡

𝑠  ΔMmax 

rectus fem 0.1068 [0.1043 0.1114] 0.114 0.3108 [0.3021 0.3153] 0.31 

1.16 vastus int 0.0930 [0.0846 0.0972] 0.087 0.1352 [0.1301 0.1454] 0.136 
vastus lat 0.0911 [0.0888 0.0939] 0.084 0.1522 [0.1496 0.1541] 0.157 
vastus med 0.0894 [0.0863 0.0914] 0.089 0.1295 [0.1264 0.1355] 0.126 
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INTRODUCTION 
 
It is currently recognized the vital role of early 
diagnosis of hip dysplasia of development as 
secondary intervention in the first six months of 
life, where the results with orthosis hip abduction, 
the most common in Colombia is the "Milgram 
splint." However, this therapeutic intervention is 
performed in an important period of development 
of the child, in which both neuronal maturation of 
the brain and the spinal cord, allowing 
progressively going developing the gait patterns.  
 
Currently there is debate on leave to walk or not 
children with abduction orthesis, first the gait is 
highlighted that involves increased biomechanical 
demands in hip, and second have not been 
evaluated biomechanical changes caused by the 
use of a hip abduction orthosis while performing 
the walking.  
 
Available studies regarding the use of abduction 
splint are clear that the therapeutic effect of these 
measures in the context of child and effects on 
the acetabulum still not well understood. Several 
studies to evaluate the effect of combined 
abduction orthosis with walking, have shown an 
increase in the proportion of reluxaciones, 
however these have been poor and lacking at 
suitable experimental groups for your 
comparison. Some clinical observations 
recommend use the splint during the gait, some 
report no data that contraindicate its use and 
others suggest a beneficial effect. 
 
METHODS 
 
Six patients between 13 to 20 months of age with 
a diagnosis of hip dysplasia in development, prior 
informed consent of their parents, were evaluated 
by video recording techniques (lab gear) analysis 
was performed on sagittal plane kinematics, 
coronal and front of the joints of the hip, knee and 
ankle. 

 
The graphs extracted during operation 
correspond to functional data. Its behavior is 
recorded on a time series of coordinates between 
angle and cycle percentage. These curves do not 
have a logical order. For modeling periodic data 
opted for Functional Principal Component 
Analysis (FPCA). All this modeling is performed in 
the R language, a free tool for statistical analysis 
and functional data graphic. 
 

 
 
Figure 1. Methodology for determination of gait pattern 
using statistical modeling tool R 
 
To evaluate the changes that occur in the gait 
pattern in patients with splint Milgram walkers in 
movement analysis lab. The determination of 
these will allow computationally in the AnyBody® 
platform using a inverse dynamics model, to 
evaluate the behavior of the loads and forces 
acting on the hip when the child begins to walk 
with this splint. 
 
 
RESULTS AND DISCUSSION 
 
As local forces will determine the appearance of 
the secondary ossification center in light of 
information currently published are unclear the 
implications of the use of abduction orthosis or 
during standing or during single-leg stance, and 
the impact which occur at the level of the hip joint 
in relation to the cartilage and bone maturation 
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secondary to alteration in the kinetics and 
kinematics during walking with abduction splint. 
 
During the analysis of the results, the more 
relevant question is the relation of patient vs 
splint, finding differences between older and 
younger children, was evident in the observations 
than in older children (18-20 months) in which the 
splint allows greater freedom in relation to the 
smallest no decrease abduction and hip flexion 
during stance. It was also observed decrease in 
external rotation during the displacement 
movement and decrease pelvic extension. 
 

 
Figure 2. Capture patient with orthosis hip abduction 
 
The findings described given joint position during 
movement evidenced the emergence of a vector 
of ground reaction that face forward on his knees 
and hips, moving the center of gravity, which is 
offset by the hyperextension of the back, causing 
biomechanical changes in all extremity joints and 
column level. Additionally, it is clear that the use 
of abduction orthosis (splint Milgram) while 
driving, causes changes in all phases of gait 
pattern in relation to own up to the age and 
relative to normal gait pattern. 
 
 

 

A. B.   
 
Figure 3. Simulation Anybody A. Vector reaction 
ahead of the knees. The center of gravity is located 
forward of the patient B. Compensation: trunk tilt in 
hyperextension  

 
CONCLUSIONS 
 
The present study demonstrates the modification 
of the kinematic variables assessed and the 
consequent alteration of the biomechanics of the 
normal age for causing a disturbance of local 
forces in the hip and knee, unable to get to know 
the impact mechanobiological they can have to 
short or long term. 
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Table 1: Changes kinematic joints of the lower limb with or without the use of the abduction splint 
 

HIP 

WALKING CYCLE NORMAL WITHOUT SPLINT WITH SPLINT 

STANCE PHASE Among heel strike and midstance Rotation 5 degrees. Flexion 30 

degrees, to Neutral 

Initial Flexion 30 

degrees, slight flexion 

in midstance 

Rotation pelvis 20 degrees. 

Flexion 50 degrees. 

Decreases to 20 degrees in 

midstance 

Among midstance and toe-off Hyperextension 20° Extension 5 degrees Flexion persists de 5 

degrees 

SWING PHASE Toe off to midswing Neutral to flexion 30 degrees No difference Flexion 5 degrees 

 

KNEE 

WALKING CYCLE NORMAL WITHOUT SPLINT WITH SPLINT 

STANCE PHASE Among heel strike and midstance Flexion 20 degrees. 

Midstance decreases to 

10 degrees 

Flexion 30 degrees. 

Decreases midstance to 20 

Flexion 55 degrees. Persist 

flexion to midstance 

Among midstance and toe-off Flexion 40 degrees Flexion 70 degrees Flexion de 80 degrees 

SWING PHASE Toe off to midswing Flexion 65 degrees 60 Hyperflexion 90 degrees 

Midswing to contact heel Complete Extension 30 Flexion 40 degrees 

 

ANKLE 

WALKING CYCLE NORMAL WITHOUT SPLINT WITH SPLINT 

STANCE PHASE Among heel strike and midstance Neutral-flexion 15 degrees 

dorsiflexion 5 degrees 

No difference Plantarflexion constant 

Among midstance and toe-off Plantarflexion 15 Plantarflexion 10 degrees Plantarflexion persists 

SWING PHASE Neutral Plantarflexion No difference Plantarflexion 
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INTRODUCTION 
Knowledge of patient-specific joint contact and 
muscle forces during activities of daily living 
could improve the treatment of movement-
related disorders (e.g., osteoarthritis, stroke, 
cerebral palsy, Parkinson’s disease). However, 
it is currently impossible to measure these 
quantities in vivo under common clinical 
conditions, and calculation of these quantities 
using computer models is limited by the 
redundant nature of human neural control (i.e., 
more muscles than theoretically necessary to 
actuate the available degrees of freedom in the 
skeleton). Walking is a particularly important 
activity to understand, since loss of mobility is 
associated with increased morbidity and 
decreased quality of life [1]. 
 
This study investigates whether use of muscle 
excitation controls constructed from subject-
specific muscle synergy information can 
improve optimization prediction of knee contact 
forces and muscle excitations during walking. 
Muscle synergies quantify how a large number 
of experimental muscle electromyographic 
(EMG) signals can be reconstructed by linearly 
mixing a much smaller number of neural 
commands generated by the nervous system. 
Our hypothesis was that controlling all muscle 
excitations with a small set of experimentally 
calculated neural commands would improve 
prediction of knee contact forces and leg 
muscle excitations compared to using 
independently controlled muscle excitations. 
The results will be presented at the conference 
within the broader context of the annual Grand 
Challenge Competition to Predict In vivo Knee 
Loads [2], and some unique plans for future 
competitions will be discussed as well. 
 
METHODS 
Waling data used in this study were from the 
Third Grand Challenge Competition to Predict 

In Vivo Knee Loads [2]. The subject (female, 
age 69 yrs, height 167 cm, weight 78.4 kg, 
neutral leg alignment) received an instrumented 
knee replacement for primary knee osteo-
arthritis. Institutional review board approval and 
subject informed consent were obtained. The 
following types of data were collected from the 
subject: video motion capture from reflective 
surface markers on the arms, torso, pelvis, 
thighs, shanks, and feet; ground reaction force 
and moment from three force plates; surface 
EMG from 13 hip, knee, and ankle muscles in 
the implanted leg; and tibial contact force and 
moment from an instrumented tibial prosthesis. 
Medial and lateral contact forces were 
calculated from six-axis tibial load cell data 
using calibrated regression equations (R2 = 
0.99) developed using a deformable contact 
model of the subject’s implant components [3]. 
A single trial of the subject’s normal walking 
pattern was selected for analysis. 
 
A subject-specific full-leg (pelvis to foot) 
musculoskeletal model was constructed in 
OpenSim [3] using full-leg CT scan data 
collected from the subject. The hip was 
modeled as a three degree-of-freedom (DOF) 
ball-and-socket joint, the tibiofemoral and 
patellofemoral joints as 6 DOF free joints, and 
the ankle as two non-intersecting pin joints. 
Muscle origins, insertions, and wrapping 
surfaces from a published OpenSim model [4] 
were transferred to the closest anatomic 
locations on our model after first scaling the 
published model to match the bone dimensions 
of our model as closely as possible. 
 
The subject-specific OpenSim model was used 
to estimate knee contact and leg muscle forces 
using a novel static optimization approach. Two 
different categories of optimization problems 
were formulated, both of which minimized the 
sum of squares of 44 muscle excitations. The 
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first category (called “Match” cases) tracked 8 
experimental inverse dynamics loads (3 at the 
hip, 3 at the knee – flexion moment, adduction 
moment, and superior force, and 2 at the ankle) 
and 13 processed EMG signals. The six-axis 
knee loads measured by the instrumented 
implant were applied to the tibia and femur so 
that tracked inverse dynamic knee loads 
accounted for contributions from knee contact 
forces. Thus, the first category matched the 
experimental medial and lateral knee contact 
forces and processed EMG signals by design. 
The second category (called “Predict” cases) 
tracked 6 experimental inverse dynamics loads 
(3 at the hip, 1 at the knee – flexion moment 
only, and 2 at the ankle) with no tracking of 
EMG data. This category predicted medial and 
lateral knee contact forces along with 
processed EMG signals. 
 
Muscle excitation controls for both categories 
were modeled two ways. The first method 
(called “Independent”) parameterized each of 
the 44 muscle excitations independently using 
B-splines. The second method (called 
“Synergy”) used non-negative matrix factoriza-
tion [5] to decompose the 13 mutually 
dependent processed EMG signals into 6 
independent neural command signals with 
corresponding weights that accounted for 95% 
of the variability in the original processed EMG 
signals. For this method, neural commands 
rather than muscle excitations were parameteri-
zed with B-splines, and the corresponding 
synergy weights were also treated as 
parameters. In both cases, muscle activation 
and contraction dynamics were modeled by 
discretizing the relevant first-order ordinary 
differential equations describing the EMG-to-
activation and activation-to-force processes. 
 
This methodology resulted in four optimization 
problem formulations: 1) Match/Independent, 2) 
Match/Synergy, 3) Predict/ Independent, and 4) 
Predict/Synergy. All four optimization problems 
were solved using Matlab’s lsqnonlin nonlinear 
least squares algorithm. In addition to 
minimizing excitations and tracking experimen-
tal inverse dynamic load (and EMG) curves, the 
cost function minimized changes in activation 
and contraction dynamics parameter values 
away from literature values [4]. 
 
RESULTS AND DISCUSSION 
Both Match cases closely reproduced the 
experimental inverse dynamics loads (RMS 
errors <= 16%, R2 >= 0.93) and EMG signals 
(average %VAF >= 0.85, average R2 >= 0.80). 
Corresponding medial, lateral, and total contact 
forces were also closely matched (RMS errors 

<= 75 N, R2 >= 0.93,). In contrast, for the 
Predict cases, the Synergy controls better 
predicted contact forces and muscle excitations 
than did the Independent controls (Figs. 1 and 
2). In particular, Synergy controls predicted 
knee contact forces better in mid stance (dip 
near 25% of gait cycle) and over all of swing 
phase while also predicting contact force peaks 
better. For both Predict cases, inverse 
dynamics loads were again closely matched 
(RMS errors <= 14%, R2 >= 0.96). 
 

 
Fig. 1: Comparison between experimental (black) 
and predicted knee contact forces for Independent 
controls (red) and Synergy controls (blue). 
 

 
Fig 2: EMG prediction accuracy for Independent 
controls (red) and Synergy controls (blue). 
 

CONCLUSIONS 
By constraining simulated muscle excitation 
patterns to be constructed from linear combina-
tions of experimentally determined neural 
commands, we were able to predict knee 
contact forces (medial, lateral, and total) and 
leg muscle excitations more accurately than we 
could using independently controlled muscle 
excitations. This finding suggests that taking 
advantage of subject-specific neural constraints 
exhibited by muscle synergies may lead to 
more physiologically realistic predictions of 
internal forces in the human body. 
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INTRODUCTION 
Musculoskeletal pain constitutes a major 
occupational health hazard in highly developed 
industrial societies; not only for the individual 
worker but has also economic consequences.  
Non-neutral working positions and lifting are 
important factors in developing low back pain [1]. 
Further, working in confined space has been 
shown to increase the load on the 
musculoskeletal system [2].  
Currently, recommendations regarding heavy 
lifting are based on static calculations of 
compression forces or joint moments. These 
calculations do not take any kind of dynamics into 
account. Since very few work tasks are static, 
these recommendations are poorly related to real 
working situations. Musculoskeletal has the 
potential of establishing new recommendations 
for dynamic work tasks. 
The purpose of this study was to develop a 
musculoskeletal model to calculate the loading on 
the musculoskeletal system during work tasks, 
consisting primarily of heavy lifting. 
 
METHODS 
We identified the airport baggage handlers as 
professionals with a high amount of heavy lifting 
during an average workday. The study consisted 
of an experimental and a computer modeling part. 
A professional baggage handler (male, 48 years, 
1.81 m., 87 kg.) was selected for experimental 
recordings. The subject was equipped with a full 
body marker setup consisting of 38 markers and 
performed two common work tasks (standing and 
kneeling handling of baggage). These tasks 
constituted a large part of the job as a baggage 
handler. In both tasks, a 20.8 kg suitcase was 
handled. 

3D kinematics was obtained by a custom made 
motion capture system of eight synchronized 
high-speed HD cameras, samling at 75 Hz. Two 
force platforms (AMTI, Watertown, MA, USA) 
recorded the ground reaction forces at 1000 Hz 
under the feet. For the kneeling task, two force 
platforms were added to record forces under the 
knees. 
Inverse dynamics-based musculoskeletal models 
of the tasks were built in the AnyBody Modeling 
System v. 5.3 (AnyBody Technology A/S, 
Aalborg, Denmark) based on the GaitFullBody 
model in the AnyBody Managed Model 
Repository (AMMR) v. 1.5. All motions in the 
models were marker driven. 
As a supplement to the default model, a suitcase 
was added. This was done by defining a segment 
which position was driven by three markers 
placed on three corners of the bag during the 
motion capture. In both the standing and the 
kneeling model, the bag was initially placed on a 
surface. The contact between the suitcase and 
the surface was modelled using conditional 
contact elements. This setup enabled 
computation of the contact forces between the 
suitcase and the surface as long as the suitcase 
remained on the surface.  
In the standing task, the right hand was linked to 
the handle of the suitcase by a revolute joint while 
the left hand supported the lower surface of the 
suitcase and balanced the remaining degree of 
freedom also utilizing a consitional contact 
including Coulumb friction to describe the kinetic 
boundary condition.  
The same procedures were used in the kneeling 
task. However, the left hand balanced the bag 
from a point on the end of the bag rather than the 
lower surface. 
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Peak compression forces and joint moments from 
the L4/L5-segment, shoulders and knees were 
extracted from the model. 
 
RESULTS AND DISCUSSION 

 
Figure 1. The model of the standing baggage  
handler. 
 
 

 
Figure 2. The model of the kneeling baggage 
handler. 
 

Kneeling/Standing L4/L5 Shoulder Knee 
Peak joint 
compression (N) 

4364/ 
2732 

-2804/ 
-4712 

-2644/ 
-1810 

Peak joint moment 
(Nm) 

164/ 
130 

-90/ 
-130 

-43/25 

Table 1. Peak forces from both models. Extremity 
compressions and moments origin from the right 
shoulder and knee 
 
The results (Table 1) from the kneeling task are 
in the same range as what has been found in 
an earlier lifting study [3]. The results from the 
standing task are lower than the results from 
Faber et al. [3] and were also below the NIOSH 
recommendation of 3400 N. A possible reason 
for this could be that the suitcase is transferred 
around 50 cm downwards in the vertical 
direction. Therefore, the baggage handler would 
not have to carry the suitcase but could move it 
with the aid of gravity. 
 
The compression forces in the kneeling task 
exceed the recommended 3400 N. However, 

these recommendations are based on static 2D 
measurements where rotations and 
accelerations are neglected. Therefore, these 
recommendations cannot be compared with this 
trial where accelerations and movements occur 
constantly in all three planes. 
 
The compression forces of the lumbar spine 
were computed by a detailed model developed 
by de Zee et al. [4]. This has been validated 
using the Wilke et al. [5] measurements of in 
vivo disc compressions [6] where good 
correspondence between the measured and 
computed forces was observed.  
 
The two work tasks selected in this study are 
transferable to other professions than airport 
baggage handling. Therefore, this model has 
the potential of computing the musculoskeletal 
loading in a number of professions where work-
related overuse injuries are an issue. 
 
CONCLUSIONS 
This study investigated the musculoskeletal 
loading and developed a model capable of 
measuring forces in two common lifting tasks 
for airport baggage handlers. The L4/L5 
compression exceeded the recommended level 
in the seated model, which may be due to the 
fact this recommendation is based on simple 
static calculations. 
Using the model from the present study we can 
estimate more accurate loadings of the body 
during dynamic work tasks than what has been 
previously possible. 
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INTRODUCTION 
Crutches have undergone few functional 
modifications over their long history. Wheelchair 
users can stand and walk with crutches, 
potentially benefiting from improved blood 
circulation, reduced bladder infections and 
better social inclusion [1].  However, some 
crutch gait styles require as much as 80% more 
energy expenditure than normal gait and the 
large forces transmitted to the upper limbs can 
cause pain, discomfort, and conditions such as 
crutch palsy and thrombosis [2]. 
 
In order to mitigate the mentioned effects of the 
gait with crutches, new crutch designs have 
been proposed in the literature, including the 
spring-loaded crutch, the rocker crutch and the 
prosthetic foot crutch [1]. Although promising, 
appropriate parameters for these new designs 
remain unknown, as, for instance, adequate 
stiffness values for spring-loaded crutches.  

 
Fig 1: Complete gait cycle of the swing-through crutch gait 

style. 

 
Predictive simulations of the gait with crutches 
could potentially help in the determination of 
appropriate parameters, but such studies are 
scarce in the specialized literature [3, 4]. This 
study implements an optimal control formulation 
of the complete cycle of the gait with crutches. 
The proposed formulation is employed to 
generate predictive simulations of the complete 
cycle of the swing-through gait style with 
crutches (Figure 1), using a cost function that 
encompasses shoulder joint effort and vertical 
impulse magnitude at phase transitions. The 
influence of these two components of the cost 
function is investigated using different weighting 
factors.  
 

METHODS 
Three-DOF models of the stance and swing 
phases of the swing-through crutch gait style for 
users of KAFO’s (Knee-Ankle-Foot Orthoses) 
are adopted. The models are contained in the 
sagittal plane and are composed of three rigid 
body segments: 1) the arms and the crutches; 
2) the trunk and the head; and 3) the lower 
limbs and the orthoses. The knee and ankle 
joints are fixed. The generalized coordinates 
correspond to the angles of the segments with 
the vertical (positive in the counterclockwise 
direction), σ, φ, θ for segments 1, 2 and 3, 
respectively. The anthropometric parameters, 
are extracted from [4, 5].  
 
In these models, there is no active hip moment, 
which is consistent with the lack of hip muscle 
control in paraplegic persons. A passive hip 
moment model is adopted from [6]. The only 
active control over the motion is through the 
shoulder joint moment. The contacts of the 
crutch tip with the floor in the swing phase 
model and of the feet with the floor in the 
stance phase model are represented by simple 
hinge joints. The double support phases do not 
occur, with direct transition between the stance 
and the swing phase and vice-versa. The 
generic equations of motion of the models are 
 

RqkqqkqqM e

phphph  )(),()(  ,                    (1) 
 
where q = [σ; φ; θ] is the vector of generalized 
coordinates, Mph is the 3x3 mass matrix, kph is 
the vector of generalized Coriolis and 
centrifugal forces, ke

ph is the vector of 
generalized applied forces, other than the 
shoulder moment τ, and the index ph indicates 
stance phase, ph=1, or swing phase, ph=2. 
 
The transitions between the stance phase and 
the swing phase, corresponding to the contact 
of the crutch tips with the ground in the end of 
the stance phase, and between the swing 
phase and the stance phase, corresponding to 
the collision of the feet with the ground in the 
end of the swing phase, are treated as perfectly 
inelastic collisions. 
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The optimal control problem consists of 
searching for the time series of the states, and 
of the shoulder moment τ(t), as well as the 
durations of the two phases, T1 and T2, and the 
two step lengths, L1 and L2, that minimize a cost 
function J, and that are subject to constraints 
given by Eq. (1) and to additional constraints 
which ensure continuity between adjacent 
phases, collision treatment and periodicity. The 
cost function adopted in this study has two 
terms, representing shoulder effort per unit of 
distance travelled and vertical impact intensities 
in phase transitions 
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where I1 and I2 are the vertical force impulses at 
the collision of the crutch tip with the ground in 
the end of the stance phase and at the collision 
of the feet with the ground in the end of the 
swing phase, respectively, and ω is a weighting 
factor, which assumes values between 0 and 50 
in a set of simulations to investigate the 
influence of the two terms in Eq. (2) on the 
predicted gait patterns. Collision treatment 
results in constraints between generalized 
velocities at the end of the preceding phase and 
the ones at the beginning of the subsequent 
one.  
 
RESULTS AND DISCUSSION 
The optimal control problem formulated in the 
previous section is solved using the PROPT 
optimal control solver (tomdyn.com), which 
implements a direct collocation approach [7].  
 

 
Fig 2: Stick figures of the simulated crutch gait cycle, 

showing trunk (black), legs (green) and crutches (red), 

for ω=0 on the left, and for ω=50 on the right. 

 
The solution for ω = 0 (Fig. 2, left) is 
characterized by a stride length, L1+L2, of 2.01 
m and a cycle duration of 2.04 s, resulting in an 
optimal gait speed of 0.99 m/s, which is 
consistent with values for the swing-through 
style reported in the literature [8], although the 
stride length and cycle duration predicted here 
are both larger than the reported in the 
literature.  
 
As simulations are performed with increasing 
values of ω, vertical impulse forces are reduced 
at the expense of larger shoulder moments (Fig. 

3). The reduction in impact forces also requires 
shorter stride lengths (Fig. 2) and leads to 
shorter stance phases with faster repositioning 
of the crutches to prevent body gains vertical 
velocity during its inverted pendulum-like 
motion, what would lead to a greater impact 
magnitude at the end of the stance phase. 
Optimal speed remains around 1 m/s, with 
decreasing stride lengths being compensated 
by proportional decrease in cycle durations. 
 

 
Fig 3: Shoulder moment for different values of ω. 

Vertical dashed lines indicates transition between stance 

and swing phases. 

 
CONCLUSIONS 
This study implements an optimal control 
formulation for simulating the swing-through 
crutch gait style using simple 3-DOF models of 
the swing and stance phases. A cost function 
containing a shoulder effort term and a vertical 
impulse term is adopted and the influence of 
changing the relative importance of these two 
terms is investigated. Penalizing vertical 
impulse at phase transitions, through greater 
values of ω, leads to faster repositioning of the 
crutches in the stance phase, greater shoulder 
moments, shorter stride lengths and decrease 
in cycle duration. 
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INTRODUCTION 
Hip fracture often results in injury and loss in 
mobility in the elderly and is a growing concern 
especially with increasing life expectancy and 
heavy socio-economic costs. Although hip 
fracture risk can be reduced with the aid of 
drugs, treated patients still face considerable 
risk as most people who sustain hip fracture do 
not have generalized osteoporosis [1]. Attention 
needs to be given to the local distribution of 
bone mass, which gives rise to the problem of 
local osteoporosis, making each patient unique 
in terms of rate and site of bone mass 
deterioration. This necessitates a study of the 
local distribution of bone mass, which 
contributes to the geometry and consequently 
the bone strength. 
 
METHODS 
This study used data from existing quantitative 
computed tomography (QCT) in the period 
2008-2010 of females who are 50 years of age 
or older and had been diagnosed with 
osteopenia or osteoporosis.  
 
From the patients’ QCT scan data, the BMD 
was categorized into osteopenic, osteoporotic 
and normal groups. Geometric analysis is done 
by reslicing perpendicular to the femoral neck 
axis. Profile rays are drawn along 30 degree 
intervals, measured from centroid of the femoral 
neck slice [2]. The cortical thickness and radius 
is obtained by averaging all the profile ray 
values and BR is calculated. Structural analysis 
is performed by use of finite element analysis 
(FEA) software. With the use of appropriate 
boundary conditions [3], Fcr is obtained from 
force versus displacement curves.  
 
In our preliminary results, we have first 
analyzed ten patients from the risedronate 
group (58-82 years in baseline year, 2008), all 
of whom are diagnosed as osteopenic or 
osteoporotic over the three successive years. 
They have been grouped either in Group 1 or 2 

according to an increase or decrease in Fcr 
respectively.  
 
RESULTS AND DISCUSSION 
While the overall BR of the subjects in Group 2 
declined by 3.7%, the Fcr declined by 22% 
accompanied with little change in her femoral 
neck BMD (Table 1). The opposite occurs for 
Group 1 where with a decline in overall BR, the 
Fcr increased by 19.5%. 
 

Table 1: FN BMD, geometric parameters and 
structural strength of Group 1 and 2 

 Group 1 Group 2 

Subperiosteal  Diameter (Dsp) + 3% +0.7% 

Endocortical Diameter (Dec) - 1.3% +0.3% 

Cortical Thickness (CT) + 14.5% -8.7% 

Overall Buckling Ratio (BR) - 3% -3.7% 

Femoral Neck BMD - 2% -4% 

Critical Fracture Load (Fcr) + 19.5% -22% 

 
Despite the decline in BR in Group 2, the 
structural strength of the bone degraded. This 
required a visual inspection of a femoral neck 
cross-section, which exhibited a significant 
deviation from an annular profile at the infero-
anterior region whereas Group 1 showed a 
relatively uniform annular profile (Fig. 1).  
 
The geometric changes were localized and 
differed between each patient, leading to the 
conclusion that drug treatment responds to 
local changes in Rmean and CTmean [1]. For the 
subject in Group 2, despite the significant 
increase in cortical thickness at the infero-
anterior region, cortical thickness significantly 
decreased, at the supero-anterior and supero-
posterior region. Furthermore, these two 
cortical thinning zones are validated by finite 
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element analysis where critical zones were 
predicted at similar regions (Figure 1).  
 

 
Figure 1: A typical femoral neck cross-section 

of a subject. 
 
It is important to note that reduced thickness of 
the cortical bone has been related to increased 
risk of fracture initiation [4] and it has been 
suggested that the cortical bone supports 50% 
of the stresses associated with normal gait [5]. 
Also, the maximum change in femoral neck 
BMD observed with all the ten patients was only 
8%. Clinically, little conclusion can be drawn 
from just the BMD in osteopenic/ osteoporotic 
patients. This emphasizes the necessity of 
using local geometry and structure to predict 
fracture risk. 
 
CONCLUSIONS 
This work incorporated a simulation approach to 
complement the use of BMD and radiological 
geometric properties. Interventions that 
influence external bone geometry could have a 
profound influence on whole bone strength. 
Hence, from individual radar plots, we can 
determine if the effect of drugs had outweighed 
the effect of aging and thus propose a course of 
treatment drug better suited for the patient in 
the clinical scenario. Thus, we believe that 
focusing on a patient specific analysis for 
clinical diagnosis will improve diagnosis of 
osteoporosis and fracture prediction. 
 
REFERENCES 
1. Poole KE, et al., PLoS One, 7(6), p. e38466, 

2012. 
2. Carpenter RD, et al., Bone, 48(4):741-747, 

2011 
3. Keyak JH, Med Eng Phys, 23(3):165-173, 

2001. 
4. Gluer CC, et al., J Bone Miner Res, 

9(5):671-677, 1994. 
5. Bell KL, et al., Bone, 24(1):57-64, 1999. 
 

ACKNOWLEDGEMENTS 
This work was supported by the Academic 
Research Funding (AcRF#R397-000-094-112) 
from the Ministry of Education (MOE), Singapore. 
 
 

47



XIV International Symposium on Computer Simulation in Biomechanics  
August 1st – 3rd 2013, Natal, Brazil 

 
 

SYNERGY-BASED INVERSE DYNAMIC SIMULATION OF HUMAN GAIT 
 

Friedl De Groote1, Ilse Jonkers2, Joris De Schutter1, and Jacques Duysens2,3 

 
1 Department of Mechanical Engineering, KU Leuven, Belgium 

2 Department of Kinesiology, KU Leuven, Belgium 
3 Department of Research, Sint Maartenskliniek, Netherlands 

Email: friedl.degroote@mech.kuleuven.be 
 
 
INTRODUCTION 
Although it is recognized that muscle activity 
patterns underlying gait originate from a 
synergy-based neural control strategy [1], this is 
largely ignored in simulation frameworks aiming 
to causally relate muscle action to gait 
kinematics and kinetics. Hence, the question 
arises whether synergies can help to achieve a 
better correspondence between calculated and 
measured muscle activity during human gait as 
has been previously suggested by Fregly et al. 
[2] and Ting et al. [3]. 
 
Due to the redundancy of the musculoskeletal 
system, a single motion can be obtained by 
different muscle coordination strategies. To 
solve the muscle redundancy problem, it is 
typically assumed that the muscle coordination 
strategy underlying a given motion optimizes a 
performance criterion. Static optimization (SO) 
algorithms minimize muscle activity while 
imposing that the corresponding muscle forces 
produce the joint reaction torques calculated 
using inverse dynamics [4]. Whereas such 
optimization approaches predict the action of 
prime movers reasonably well, the action of 
other muscles is not well predicted. A common 
feature of most solutions is that the 
experimentally observed co-contraction of 
antagonistic muscles, contributing to joint 
stability, is absent. 
 
Recently, Neptune et al. generated a two- (2D) 
and three-dimensional (3D) forward simulation 
by tracking normal gait using synergy-based 
control inputs [5,6]. Both muscle synergies and 
time dependent activation patterns were 
prescribed based on experimental electro-
myography (EMG). Each muscle was attributed 
to a single synergy. Optimization variables were 
the onset and magnitude of the time-dependent 
activation patterns. They concluded that five 
modules are sufficient to simulate 2D walking 
but are not sufficient to simulate 3D walking.  
 

Alternatively, and in contrast to Neptune et al., 
we propose an inverse approach that does not 
require the synergies to be known a priori and 
that allows each muscle to contribute to each 
synergy. 
 
METHODS 
Ivanenko et al. [7] showed that during gait five 
Gaussian components Gk(t) with a standard 
deviation of 6% of the gait cycle duration and 
appropriate timing account for 90% of the EMG 
variation. Using these results, each individual 
muscle activation am(t) is modeled as a 
weighted sum of Gaussian components: 

am(t) = Σ wmk Gk(t), 
with wmk the weight of muscle m in synergy k. 
We combined this description with an inverse 
dynamic optimization approach to calculate 
activations underlying a measured gait motion. 
The optimization variables, determining the 
individual muscle activations, are the muscle 
weights and the timings of the Gaussians. 
These variables were determined by minimizing 
the two-norm of muscle activation while a 
penalty term was used to impose that the 
corresponding muscle forces produce the joint 
reaction torques.  
 
This approach was used to calculate the muscle 
activations underlying a measured gait motion 
based on a 3D musculoskeletal model 
containing 43 muscles per leg (measurements 
and model are described in [8]). The resulting 
activations were compared to the solution of SO 
and the measured EMG patterns. 
 
RESULTS AND DISCUSSION 
Modeling muscle activations as a weighted sum 
of Gaussians reduces the redundancy. In 
comparison to SO, the proposed approach 
reduces the number of variables by a factor 
K/N, where the number of synergies K is much 
smaller than the number of time instants N. 
 
The optimized timing of the Gaussian 
components is 18, 42, 55, 69, and 100% of the 
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gait cycle. The differences between the 
calculated timings and the timings described by 
Ivanenko et al. are 8, -3, 0, 6, and 5% 
respectively.  
 
The key features of the EMG are well predicted 
by the synergy-based activations (Figure 1). 
Although the correspondence with the inverse 
dynamics joint torques is higher for SO, the 
synergy-based activations better predict the 
measured EMG of biceps femoris, 
gastrocnemius (GAS), and tibialis anterior (TA). 
For other muscles such as soleus (SOL), 
gluteus medius, semimembranosus, and vastus 
lateralis, there are still differences in timing. 
Finally, for rectus femoris (RF) the fit is poor. 
The weak correspondence between measured 
EMG and calculated activations for RF is seen 
in both activation patterns and may be related 
to the notorious problem of cross-talk for 
surface EMG for this muscle [9]. In fact, it has 
been recognized that cross-talk can affect 
synergies as well, but only to the degree that 
weighting coefficients are altered [1]. Another 
reason for the bad results for RF is that RF 
activity depends heavily on afferent input, not 
modeled here [10]. The co-activation of GAS 
and SOL on the one hand and TA on the other 
hand is larger for the synergy-based activations 
than for the SO-activations. 
 
CONCLUSIONS 
For the gait motion under investigation, the use 
of synergy-based activations leads to a good 
correspondence between muscle activations 

calculated using an inverse dynamic 
optimization approach, and measured. Future 
works aims at including muscle physiology and 
sensory feedback in the synergy-based 
approach. 
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Figure 1: Comparison of calculated activations and measured EMG (solid gray with standard deviation 
indicated by the gray band) for eight superficial muscles. Activations were calculated using static 
optimization (dashed black) and by modeling the activation patterns as a weighted sum of Gaussian 
components (solid black). EMG was scaled to the maximal synergy-based activation. 
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INTRODUCTION 
GTOs do not play a prominent role in current 
theories of movement control. This might be 
because their function is not well understood 
and that –in motor control studies– tendons, in 
which they are situated, are often ignored 
altogether. Yet, there is ample evidence in the 
literature that both tendons and GTOs play an 
important role in the dynamics of the 
musculoskeletal system.  
 
MSs are suggested to help the control of joint 
position and velocity by low-level spinal 
feedback. However, MSs cannot detect 
changes in muscle-tendon complex (MTC) 
length that occur due to tendon stretch. Hence, 
in the real system feedback using MSs alone 
may results in poor control.  
 
GTOs are typically seen as force sensors[1]. 
However, since the tendon behavior is largely 
elastic, we propose that the signals from GTOs 
can alternatively be seen as a proxy for tendon 
length. As a result, GTOs combined with MSs 
can be effectively used to code MTC length 
(lMTC) and, because lMTC is one-to-one related to 
joint position, can thus be used for feedback 
control of joint position.  
 
In this study, we first carried out a simple 
mathematical analysis to assess static errors 
when controlling the elbow joint position with a 
biceps muscle (tendon length ≈ 20cm) using 
MSs feedback only. Then we used detailed 
musculo-skeletal models of the arm to assess 
the response quality when feeding back either 
MS afferents alone or a combination of spindle 
and GTO afferents. Finally, we incorporate the 
proposed feedback scheme in an optimally 
controlled fast whole arm movements and 
assessed its robustness against perturbations.  
 
METHODS 
The used 1DOF and 2DOF musculoskeletal 
models of the arm have been fully described 
elsewhere [2,3]. In short, the models consisted 
of 3 segments, interconnected by 2 hinges 

(representing glenohumeral and elbow joint) 
and driven by either 4 (1DOF) or 6 (2DOF) 
lumped Hill-type muscles. The models were 
restricted to move in a horizontal plane at 
shoulder height. The upper arm of the 1DOF 
model was fixed 45°. Tendons were modelled 
as quadratic springs stretching 5% at maximal 
isometric force. MSs were assumed to provide 
accurate information about the CE length (lCE) 
and contraction velocity (vCE). Muscle activation 
(STIM) depended on an open-loop part 
(stimopen) and a feedback part. With only spindle 
feedback, STIM was: 

( ) ( ) [ ( ) ( )] [ ( )]open p CE ref CE d CESTIM t stim t k l t l t k v t∆ ∆= + − + −  
∆t is the time minus a 25ms time delay and kp kd 
feedback constants. With combined feedback, 
STIM equaled: 

( ) ( ) [ ( ) ( ) ( )]+ [ ( )]open p MTC ref CE SE d CESTIM t stim t k l t l t l t k v t∆ ∆ ∆= + − − −

lMTCref is the reference lMTC equalling the lMTC at a 
desired joint angle. In case of the fast 2DOF 
reaching movements, stimopen was the optimal 
stim minimizing sum of squared stim for a 
movement over 30 cm in 400 ms. stimopen was 
identified using a sparse non-linear optimal 
control solver (SNOPT; Tomlab Optimization 
Inc., Pullman, WA). 
We assessed the responses of the 1DOF model 
to 1) a position perturbation, 2) a sudden 
change in co-contraction and 3) an external 
constant torque perturbation (not included in 
this abstract). The 2DOF movements were 
perturbed using a 30ms torque of ±10Nm. 
Feedback parameters optimization: 1) kp kd 
were identical for all muscles, 2) homonymous 
feedback only, 3) constant gains during the 
simulations and 4) only optimized for one 
response. 
 
RESULTS AND DISCUSSION 
Fig.1 left panel shows the static error (se) due 
to tendon stretch as a function of force of the 
biceps (e.g. as consequence of increasing 
weights held in a hand). Two important 
observations can be made: 1) at maximal 
isometric force there is a very large se and 2) 
due to non-linear characteristics of the tendon, 
se is substantial at even low forces. The right 
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panel of Fig.1 shows the response to a 
transient position perturbation. With only MS 
feedback the model responds much faster, yet 
introduces large se depending on the feedback 
gain: the higher the gain the higher the error. 
When spindle afferents were combined with 
signals from the GTOs, no end-point error 
occurred, yet with the known advantage of 
negative PD feedback leading to faster 
responses. Responses to other perturbation 
types show similar results and are not shown in 
this abstract. 

Figure 1 Left panel: Static error with spindle 
feedback. Right panel: Response to position 
perturbation. Adapted from [4]. 
Fig.2 shows simulated unperturbed fast 2DOF 
movements as well as fast movements 
observed experimentally (in gray: mean ±1std; 
see [4]). The left panel depicts the hand path, 
the right upper panel the shoulder position and 
the lower the elbow position. Simulations of the 
musculoskeletal model with only the optimal 
stimopen (blue) shows good resemblance with 
the movement observed experimentally (note 
that because of overlap, the blue line is hardly 
visible). Adding feedback of only MSs caused 
the movement to deviate substantially and to 
not arrive on target. When GTO information 
also was added, movement was very similar to 
the model without feedback and experimental 
data. It should be noted that the suggested 
feedback loops were not an integral part of the 
optimal control problem, but were simply added 
to an optimal stimopen that was found for the 
system without feedback. 

 Figure 2 Experimental data and model simulations of fast 
point-to-point movements. Adapted from [4]. 

 
In this study we suggest that the combination of 
MSs and GTOs can be used together to 
effectively feedback MTC length. Recent human 
physiological data indeed showed that lMTC 
length is well predicted by a combination of 
spindle and GTO output[5]. Interestingly, 
spindle and GTOs are frequently found in line 
with and attached to each other to form ‘tendon 
organ-spindle dyads’[6]. Furthermore, recent 
neurophysiological data suggests that all 
spindle (Ia and II) and GTO afferents excite 
monosynaptically interneurons that directly 
excite α-motoneurons[7]. 
These experimental data on both the sensors 
and interneurons in the spinal cord provide 
ground –but do not prove in any way– that the 
suggested combined feedback from muscle 
spindles and GTOs is physiologically plausible. 
In turn, the theoretical analyses of this study 
might shed light over the reasons as to why 
such strong physiological couplings between 
spindles and GTOs are present, namely 
because of the result of the mechanical 
interaction between the contractile element and 
tendon in the musculoskeletal system.   
 
CONCLUSIONS 
The results of this study show that Golgi-tendon 
organ afferents may be seen as a proxy for 
muscle force dependent tendon length. In 
combination with muscle spindle afferents, GTO 
afferents may be used in low-level spinal 
feedback to help to control joint position and 
velocity. 
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INTRODUCTION 
Muscle forces (MF) estimates during walking in 
shallow water can provide valuable information 
for planning water-based training and 
rehabilitation programs. However the solution of 
the MF estimation problem in water activities 
requires the computation of drag forces, further 
increasing the complexity of the problem and 
making dynamic optimization approaches, 
which generally provide more accurate MF 
estimates, computationally expensive and 
almost impracticable when complex 
musculoskeletal models are considered.  
 
A computationally cheaper alternative approach 
is to apply inverse dynamics-based static 
optimization algorithms that account for the 
force-length-velocity properties of each muscle, 
to better incorporate muscle physiology. This 
approach has been shown to provide realistic 
results as those obtained with dynamic 
optimization for walking on land [1]; in addition, 
it may facilitate the inclusion of drag forces in 
the problem, hence these forces can be 
estimated using the kinematic and subject’s 
anthropometric data [5]. We report here 
preliminary results on MF and muscle activation 
level estimation for an adult during walking in 
water, using the Static Optimization tool available 
in the 2.2.1 OpenSim version. 
  
METHODS 
We estimated muscle force and activation level of 
the tibialis anterior (TA), gastrocnemius medialis 
(GM), vastus lateralis (VL), long and short head of 
the biceps femoris (BFLH, BFSH), tensor fasciae 
latae (TFL) and erector spinae (EE) from a three-
dimensional (3D) simulation of one adult walking 
in water at chest level at a comfortable speed. 
The 23-degree-of-freedom and 92-Hill-type-
muscles model (Gait Model 2392, developed by 
OpenSim team) was adopted to model the lower 
limbs, pelvis and trunk movements and MF 
generation characteristics. The data set used in 
the simulation came from a two-dimensional (2D) 
gait analysis of a stride (two right heel strikes), 

performed by a female (25 years old, 160 cm and 
53 kg). The data consisted of the vertical (V) and 
anterior-posterior (A-P) components of: all 
markers used to locate the modeled body 
segments in space, ground reaction force (GRF) 
and center of pressure (CoP), acquired during 
five strides performed by the participant; the 
markers’ positions during a static trial (upright 
position); and the participant’s body-segment 
measures necessary to estimate the drag forces 
(DF). Data acquisition is described  in more 
details elsewhere [3,5]. 
 
To make the 2D data of only one side of the body 
to work with  the chosen 3D model, it was 
necessary to simplify the problem by neglecting 
all external M-L forces and by considering 
constant the M-L positions of markers and CoP. 
In addition, the left body side movement was 
estimated by assuming the existence of a left 
marker set symmetrically positioned to the right 
one. The missing left markers were estimated 
from the right markers by considering the gait 
symmetrical and cyclic (left side movement 
delayed by one step). The components of GRF 
and CoP of the left side were estimated likewise. 
 
A set of virtual markers was allocated on the right 
and left sides of the OS neuromuscular model in 
the same anatomical positions they had been 
placed in the volunteer’s body. The model was 
scaled to represent the anthropometric 
characteristics of the individual from static trial 
data and body size measurements. For each trial, 
the Inverse Kinematic (IK) problem was solved to 
obtain the generalized coordinates that 
characterize the movement. Point-Kinematic tool 
was employed to obtain the segments proximal 
and distal joint trajectories [2] in order to calculate 
DF and its respective torque around the proximal 
joint at each segment [5]. 
 
To evaluate the scaling and IK solution, sagittal 
angular displacement (AD) and the net torque 
(JT) on the right hip, knee and ankle joints 
estimated with OS were compared to 
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corresponding experimental data [5]. Muscle 
forces were obtained considering the constraints 
given by the muscle force-length-velocity surface 
(f(F0

m, lm, vm)) as in eq.1 . Two objective functions 
(ObF), were evaluated (eq. 2 and 3) : 
 

τ k=∑m= 1

N
(am f (F m

0 , lm , vm))r m, k    (1) 
 

J =∑m= 1

N
am

2

   (2)     ,   J =∑m= 1

N
am

3

 (3) 
 

where: τk, is the net torque at joint k; rm,k the 
moment arm of muscle m around joint k; am, F0

m, 
are respectively, its activation level and maximum 
isometric force [2]. External forces prescribed in 
the problem were: GRF on booth feet at the 
corresponding CoP; DF and corresponding torque 
at the proximal joint of each immersed segment; 
Buoyancy (calculated as in [5]), at the center of 
volume of each immersed segment. The am time 
series were normalized in time by the stride 
period, divided by the mean activation level along 
the stride and averaged across the 5 trials, in 
order to be compared to electromyography (EMG) 
data of 10 adults [3]. The mean and maximal 
force developed by each muscle during the stride 
was calculated and averaged across trials. 
Results obtained with both ObF were compared 
with paired Student’s T test (α=0.05). 
 
RESULTS AND DISCUSSION 
The mean quadratic difference between 
experimental and simulated AD and JT were 
less then 15% of joint AD range and less than 
10% of JT range. We consider those 
differences acceptable given all the 
simplifications made.  
 
Except for BFLH, the am of all muscles analyzed 
with both cost functions, were in good 
agreement to EMG data [3] (fig. 1). For those 
muscles whose am was in accordance with 
literature, mean and maximal forces are 
displayed in table 1. Although am and MF values 
estimated with both objective functions were 
closer to each other, in accordance to literature 
[6], mean forces obtained with eq. 4 were, in 
general, greater than those obtained with eq. 3. 
In addition, maximal MF values of TA and VL 
were lower in water than on land [5], in 
accordance to the fact that peak extensor 
torques on the ankle and knee joints are 
reduced in water. Other values of MF are 
around those observed for land.  
 
CONCLUSIONS  
As we are conducting pilot studies on 3D gait 
analysis in water, we chose a 3D model 
keeping in mind our future investigation. 

Despite the simplifications made to fit the 2D 
data on the 3D model may compromise the 
quality of force estimative, it was possible to 
obtain reasonable values for muscle force of 
the flexors and extensors muscles of lower limb 
and trunk using physiological inverse dynamics-
based static optimization. Further studies with 
3D kinematic data, are necessary to better 
evaluate the quality of muscle force estimation. 
 

 
Fig 1: Comparison between the normalized activation levels 
simulated with and experimental data on EMG activity 
(mean ± standard deviation of 10 subjects) [3]. 
 
Tab 1: Mean and maximal force, during a stride, estimated 
with two different ObF (* = significant difference). 

Muscle 
Maximal Force Mean Force 

J=∑a2 J=∑a3 J=∑a2 J=∑a3 
TFL 208 ± 32 187 ± 37* 74 ± 11 69 ± 13* 
VL 119 ± 24 110 ± 25 59 ± 9 66 ± 9* 
TA 24 ± 1 24 ± 1 15 ± 1 15 ± 1 
GM 252 ± 45 247 ± 39 78 ± 22 87 ± 21* 

BFSH 19 ± 3 24 ± 1* 6.6 ± 0.5 8.3 ± 0.7* 
EE 399 ± 60 400 ± 60* 283 ± 27 284 ± 26* 
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Fig 1: The four phases of the weight transfer 
movement.  
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INTRODUCTION 
Individuals with knee injuries such as 
patellofemoral pain often have altered muscle 
recruitment [1]. Muscles play an important role in 
stabilizing the knee joint [2] and increased co-
contraction may increase knee contact forces [2]. 
Muscle and joint contact forces cannot be 
measured in vivo, but can be estimated using 
musculoskeletal models. In general, these models 
have hinge knee joints although more complex 
surrogate models are being used to investigate 
the forces around the knee. It is important to 
include frontal plane knee movement as this is 
considered highly relevant for the development of 
OA. Furthermore, incorporation of this varus-
valgus degree of freedom (DOF) allows 
investigating the role of muscles in knee 
stability. This study investigated whether 
incorporating the varus-valgus DOF and adding 
passive stiffness resulted in more accurate 
estimation of muscle recruitment. The aims 
were to investigate: 1) if adding passive 
stiffness to the varus-valgus DOF increased 
agreement between simulated and measured 
muscle activation (EMG); 2) if constraining 
muscle activation would be needed to further 
match EMG; 3) if passive varus-valgus stiffness 
and activation constraints would allow 
differentiating between estimated muscle forces 
in individuals with knee injuries and a healthy 
individual. 
 
METHODS 
We studied a movement with minimal knee 
flexion to allow focussing on frontal plane 
kinematics (Fig. 1): from a posture where weight 
was evenly distributed over both legs (DS) weight 
was transferred (TR1) to the injured or dominant 

leg (ST) and transfered back to an even weight 
distribution (TR2). Motion capture data were 
collected at 250 Hz using a VICON system 
(Oxford Metrics Group Ltd.) using the ‘Plug-in-
Gait’ full body markerset, on a healthy male 
(CONT; 29 years, 1.72 m, 72 kg) and four 
individuals with patellofemoral pain (PFP; two 
males, 29±9 years, 1.67±0.11 m, 67±2 kg). 
Ground reaction forces were measured at 1,000 
Hz using two force plates (Kistler Instruments 
Ltd). EMG data were collected at 1,000 Hz using 
a Bortec system. Electrodes were placed on the 
injured leg for PFP and the dominant stance leg 
for CONT on the location of: rectus femoris (RF), 
vastus lateralis (VL), vastus medialis (VM), tensor 
fascia latae (TFL), biceps femoris (BF), 
semimembranosus (SM), lateral (LG), and medial 
gastrocnemius (MG). Maximum voluntary 
contractions (MVC) were measured on a Biodex 4 
PRO dynamometer (Biodex Medical Systems Inc) 
at 45° knee flexion for the hamstrings and 15° for 
the quadriceps muscles. EMG was band-pass 
filtered (15-450 Hz) with a 4th order Butterworth, 
full wave rectified, low-pass filtered (6 Hz) with a 
4th order Butterworth, and normalized to 
maximum activation during MVC.  

Table 1) Peak muscle forces for quadriceps and hamstring muscles for NSUC, PSUC and PSCC simulations. 
 VL   VM   RF   BF   
 NSUC PSUC PSCC NSUC PSUC PSCC NSUC PSUC PSCC NSUC PSUC PSCC 
PFP1 0.61 0.45 0.71 0.12 0.14 0.28 1.14 1.18 0.47 0.77 0.66 0.40 
PFP2 1.02 0.99 0.44 0.40 0.31 0.16 1.18 1.13 0.57 1.25 1.24 1.18 
PFP3 1.43 1.42 0.88 0.54 0.75 0.48 1.22 1.27 1.43 0.96 0.93 0.83 
PFP4 0.41 0.48 0.49 0.42 0.31 0.26 1.27 1.19 0.75 0.98 0.90 0.70 
CONT1 0.25 0.22 0.51 0.26 0.22 0.47 0.68 0.64 0.34 1.05 1.03 0.66 
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Fig 2: Top: Passive stiffness profile for 10° knee 
flexion, with 0° the neutral angle in the calibration 
trial. Bottom: Passive stiffness versus varus-valgus 
angle during a typical PFP trial.  

Simulations were performed in OpenSim (v3.0, 
SimTK). The gait2392 Simbody model [3] was 
scaled using a static calibration trial. The varus-
valgus DOF was opened. Passive stiffness was 
added to the ForceSet of the model, using 
stiffness profiles based on data by Markolf et al. 

[4] (Fig. 2).  
Inverse kinematics were performed, followed by 
Residual Reduction Analysis, and Computed 
Muscle Control [3]. A Matlab (R2010b, 
Mathworks) program (adapted from Zach Lerner, 
www.simtk.org) was used  to calculated muscle 
onset and offset timings and maximum activation 
relative to MVC; this was used to constrain 
muscle activation in a second CMC analysis. In 
total, three sets of simulations were performed: 1) 
no stiffness and unconstrained CMC (NSUC), 2) 
passive stiffness and unconstrained CMC (PSUC) 
and 3) passive stiffness and constrained CMC 
(PSCC). 
 
RESULTS AND DISCUSSION 
Visual inspection and comparison of muscle 
activations from NSUC, PSUC and EMG data 
showed that the inclusion of varus-valgus 
stiffness decreased the calculated activation of 
LG, VL, BF and SM in most subjects. However, 
activation of TFL and RF did not change and 
MG and VM activation increased or remained 
constant inconsistently over the different 
subjects. Adding passive stiffness to the varus-
valgus DOF increased agreement between 
simulations and EMG and decreased required 
muscle activation in some but not all subjects. 
Our initial results indicate that inclusion of 
passive stiffness improves estimation of muscle 
activation when using a knee with varus-valgus 
DOF. However, subject specific estimation of 
neutral stiffness angle may become crucial. 

Constraining activation increased agreement 
with EMG (PSCC compared to PSUC) for LG 
and SM for all subjects. Constraining TFL 
activation did not improve outcome, as this was 
already in agreement with EMG in PSUC 
simulations. For the remaining muscles 
agreement with EMG improved for some, but 
not all subjects in PSCC compared to PSUC 
simulations.  
 
The effect of inducing the passive stiffness on 
peak quadriceps muscle forces was 
inconsistent (NSUC compared to PSUC; Table 
1). Likewise, the effect of adding constraint 
activations varied between subjects (PSUC 
compared to PSCC; Table 1).  However, peak 
hamstring muscle force did not change when 
passive stiffness was included and even 
decreased when constraints were added. The 
large variation in quadriceps forces observed 
could be due to the patellofemoral pain present 
in the PFP subjects [1]. Initial results indicate 
that hamstring and VL forces were increased in 
PFP compared to CONT, while VM forces were 
decreased. 
 
CONCLUSIONS 
Adding passive stiffness to the varus-valgus 
DOF increased agreement with EMG data for 
some muscles and reduced muscle activity 
levels. Further constraint of muscle activation is 
however required to achieve good agreement 
between simulated and experimental muscle 
activation. Refinement of passive stiffness 
profiles and methods to define activation 
constraints is required to compare muscle 
forces and joint compression forces in 
patellofemoral pain patients compared to 
healthy control individuals. This study however 
confirms that including the varus-valgus DOF 
and adding passive stiffness allows a more 
accurate estimation of the muscle activation 
and therefor muscle force distribution at the 
knee joint.  
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INTRODUCTION 
A device for upper limb functional recovery has 
been designed at Politecnico di Milano. The 
prototype is mainly suited to subjects with 
power wheelchair and has been completely built 
in the laboratories of the Mechatronics 
Research Unit. The system actively sustains the 
forearm to help the patient to move the hand: it 
has different working modes to support the ADL 
(activity for daily living) or the physiotherapeutic 
exercises. The motor driving system includes 
the capability to work with the mechanical 
impedance control. An experimental test where 
the subject's hand is constrained to a linear or 
to a circular path of the hand is used to verify 
the capability of the system to identify the 
evolution of the patient physical condition.   
 
METHODS 
The development of the mathematical model of 
the system has been the preliminary and 
essential phase for the developement of the  
new robotic device to be connected to the 
forearm in order to contribute to the movement 
of the hand.   
The model was built using "Matlab" and in 
addition to the robotic device it also includes a 
simplified scheme of the human arm. In order to 
limit the computational load of the first 
prototype, the gleno-humeral joint is 
constrained to the wheelchair frame because 
the patient arm is not expected to exceed 90° 
degrees for flexion or adduction angles.  The 
control system of the equipment has been 
modeled by means of Matlab code but was 
implemented to the hardware in C code.  
The model is not only used to analyze the 
virtual movement of the arm in order to 
contribute the system design - including 
brushless motors, transmissions and springs - 
but is also part of the control system. Related to 
the various working modes of the apparatus, 
different control methods have been 
implemented, some of which require the 
estimation of the instantaneous inertial and 
gravity loads. All the software required for 
programming and governing the system motion 
have been implemented on three identical little 

electronic boards, only one of which works as 
master. The three boards communicate via " I2C 
" protocol.  
The device is an end-effector type robot [1, 2], it 
can be mounted on a wheelchair slightly behind 
patient’s shoulder and is connected to the 
forearm (Fig.1).  The robot can cooperate for 
the  movement of hand within its physiological 
space except for extreme abduction and 
extension angles of the shoulder. It has five  
degrees of freedom, three active and two 
passive. The passive degrees of freedom 
prevent to overstress the gleno-humeral joint 
due to inaccurate positioning of the forearm on 
the device. 
In order to reduce size of the actuators and 
consequently to decrease weight and inertia of 
the whole device, two sets of spring-cable 
system has been used. These systems are 
adjustable to better fit the energy requirement 
of different kind of patients. 
A mechanical impedance control of the device 
have been implemented [3]: the objective of the 
impedance controller is to place a virtual mass- 
spring-damper system between the end-effector 
and the target position. Therefore the selected 
impedance equation is linear and of second 
order.  

d d d extM x D x K x F    
where 

dM , 
dD  and 

dK  are constant, diagonal 
and positive definite matrices representing the 
desired inertia, damping, and stiffness. x is the 
error between desired and actual position. 
The final form of control input can be written as 
[4]: 

1( ) ( ) ( ) ( , ) ( )

( )( ( ) ( ) )T

d d d d bias spring

M q J q J q q C q q q g q

J q K x x D x x F





    

    
 

 
For the slow motion exercises selected for the 
upper limb functional recovery it can be 
simplified as: 
 

( ) ( )( ( ) ( ) )T

d d d d bias springg q J q K x x D x x F         
 
One of the preliminary tests of the apparatus  
concerned the verification of the capability of 
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the system to monitor the evolution of a patient 
physical conditions. The following test simulate 
a change in the patient strength.  
A weak subject was asked to follow the 
constrained trajectory two times. Two 
mechanical devices have been used to guide 
the trajectory of the subject hand: a sliding pair 
for a linear trajectory and a crank for a circular 
path; both pairs were low friction. Since without 
help the subject was not able to complete the 
tasks, he was asked for first time to stay 
passive while the device moved the arm and 
the second time he was asked to cooperate 
with the machine as much as possible. In the 
second exercise the impendence parameters  
were adjusted in order to give to the subject the 
minimum help needed to complete the task in 
the predetermined time.  
 
CONCLUSIONS 
The comparison of force transmitted to the 
patient arm by the device for passive and active  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

conditions (Fig.2) clearly shows the capability of 
the device to detect the differences in the 
patient effort to complete the task. Moreover 
test result (Fig.3) shows that robot is able to 
drive correctly the hand to follow the desired 
trajectory approximately at the required speed.  
The graphs (Fig. 2, 3) also show the good 
agreement of the experimental data and 
simulation results.  
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Fig 1: a) Use of the prototype partially cooperating for a not constrained drinking 

task;  b) set up of a test where the hand movement is constrained on a linear 

trajectory and  c) on a circular trajectory  

 

Fig.2. Force transmitted by the device to subject's arm following the linear trajectory; 

higher force corresponds to the subject passive while the lower force to the subject 

active. For both cases simulation results are compared to experimental tests. 

Fig 3. Upper figure shows simulated and measured speed for one joint of the device 

during the described exercise, lower figure shows estimated and measured positions  
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INTRODUCTION 
Humans make near-optimal adjustments of their 
muscle activation patterns when they jump from 
different initial postures [2,3]. These 
adjustments occur even though the time interval 
between activation of the first muscle and 
activation of the last muscle may be less than 
65 ms [3]. Considering that the fastest reflexes 
have latencies of 50-60 ms [5], the adjustments 
cannot be based on feedback generated during 
the ongoing motion and must be 'pre-
programmed' using proprioceptive information 
available in the initial posture. It has been 
proposed in the literature that the brain uses an 
internal optimal control model for this 'pre-
programming' [6,7]. And indeed, we could 
theorize that the brain contains a complete 
internal model of all the nonlinear properties 
and dynamics of the whole musculoskeletal 
system and, before starting the execution of a 
jump, performs an optimization to find the 
optimal control signals using a tremendous 
amount of computational power. Recently, 
however, a more parsimonious control scheme 
has been proposed for jumping from different 
initial postures: a simple mapping from initial 
joint angles to muscle stimulation onsets might 
suffice [1-3]. The purpose of the present study 
was to implement this control scheme into a 
neuromusculoskeletal model for jumping from 
different initial postures, and evaluate its 
performance.  
 
METHODS 
The musculoskeletal part of the model is 
schematically shown in Fig. 1 and has been 
described elsewhere [9]. It consisted of four 
rigid segments representing HAT (head, arms 
and trunk together), thighs, shanks and feet, 
actuated by six major muscle tendon complexes 
(MTCs) of the lower extremity: hamstrings 
(HAM), gluteus maximus (GLU), rectus femoris 
(REC), vasti (VAS), gastrocnemius (GAS) and 
soleus (SOL). Each MTC was represented by a 
Hill type muscle model, consisting of a 
contractile element (CE), a series elastic 
element (SEE) and a parallel elastic element 
(PEE). Briefly, behavior of SEE and PEE was 
represented using a quadratic force-length 

relationship. CE force depended on CE length, 
CE velocity and active state. Active state, in 
turn, dynamically depended on muscle 
stimulation (STIM), a one dimensional 
representation of the effects of recruitment and 
firing rate of α-motoneurons. 
 
The basic structure of the neural part of the 
model is shown in Fig. 2 (top). There is one 
command neuron (C) that provides input to six 
other neurons (O), each of which generates a 
STIM-onset for one of the muscles. A neuron O 
may receive input from a neuron J, the firing 
rate of which depends on the angle of a joint; as 
a result, the joint angle affects how close O is to 
firing threshold, and thus how long it takes until 
O reaches its threshold after C has started 
firing. Each of the neurons was modeled as a 
Hodgkin-Huxley type neuron with fast Na+ and 
K+ currents and a low-threshold Ca++ current 
[10]. The synapses from J to O were assigned a 
large time constant, so that the firing rate of 
neurons J had a tonic subthreshold effect on 
the membrane potential of neurons O. Fig. 2 
(bottom) shows how a change in initial posture 
caused an automatic adaptation in the firing 
onset of a neuron O. 
 
Using the structure shown in Fig. 2 we built a 
neural network of 10 neurons (1 neuron C, 6 
neurons O and 3 neurons J) and 12 synapses, 
which made the STIM-onset of HAM, REC, 
VAS, SOL and GAS dependent on hip, knee or 
ankle angle. 
 

  

 

 

 

 

 

Fig. 1. Model of the musculoskeletal 

system used for forward dynamic 

simulations of vertical squat jumps. 

The model consisted of four 

interconnected rigid segments and 

six muscle–tendon complexes of the 

lower extremity (HAMstrings, 

GLUtei, RECtus femoris, VASti, 

GAStrocnemius and SOLeus), all 

represented by Hill type units.  
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Fig. 2. Top: Section of the neural network. Control 

neuron C starts the execution of the jump by activating 

output neurons O. The firing rate of neuron J depends on 

hip angle, and determines how close neuron O of SOL is 

to its firing threshold. Bottom: membrane potentials (E) 

of neurons.  When the hip joint is more extended in the 

initial posture, neuron O of SOL starts firing earlier after 

neuron C has started firing. The strength of synaptic 

weights g was optimized (see text). 

 

 
 

Fig. 3. Initial postures used for jump simulations. 

We evaluated the performance of the 
neuromusculoskeletal model for jumps from the 
nine initial postures shown in Fig. 3. For each of 
these postures we found the initial STIM-levels 
that produced equilibrium. We subsequently 
took these initial STIM-levels as given; there is 
sufficient time for humans to find equilibrium 
using online feedback. We then allowed STIM 
of each muscle to initiate an increase towards 
its maximum only once at a STIM-onset time, 
which corresponded to the time that firing onset 
occurred in neuron O of that muscle. The latter 
firing onsets were found after three different 
optimization regimes. In the first regime, we set 
the weights of all synapses from neurons J to 
neurons O to zero, so that initial joint angles did 
not affect STIM-onsets, and we optimized five 
weights of synapses from neuron C to 
neurons O for each individual initial posture (the 
weight of the sixth synapse, to neuron O of 
GLU, was fixed). This yielded for each posture 
the maximum jump height, and we averaged 

these nine jump heights to obtain h max. The 
second regime was the same as the first but we 
now optimized the five synaptic weights using 
the average height of the jumps from the nine 
positions as criterion, so that we had only one 
set of STIM-onsets for all postures. The 
average jump height after optimization will be 

referred to as h J-indep. In the third regime, we 
optimized the weights of all 11 synapses in the 
network using as criterion the average height of 

the jumps from the nine positions h J-dep. For 
optimization, we used a simulated annealing 
algorithm [4,8]. 
 
RESULTS AND DISCUSSION 

We found h max to be 34.4 cm and h J-indep to be 
29.5 cm, i.e. almost 5 cm less. This indicates 
that adjustment of STIM-onsets to initial posture 

is important for successful performance. With 

neurons J engaged, we achieved an h J-dep of 

32.9 cm, only 1.5 cm below h max ; the model 
also jumped successfully from initial postures 
not used in the optimization but in-between 
those in Fig. 3. Note that we did not yet attempt 
to optimize the architecture of the neural 
network; in principle, the firing onset of all the 
neurons O can be made dependent on each of 
the joint angles, and this will presumably lead to 
even better performance.  
 
CONCLUSIONS 
After optimization of synaptic weights, the 
neural network automatically and promptly 
produced posture-specific adjustments of 
STIM-onsets, which were sufficient to achieve 
near-maximum jumps from widely different 
initial postures. A mapping from joint angles to 
STIM-onsets as implemented in the network 
seems a parsimonious and viable alternative to 
control theories that rely on internal optimal 
control models.   
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INTRODUCTION 
For predictions of muscle and joint contact 
forces with a musculoskeletal model, the most 
commonly used method is inverse dynamics. In 
this approach, net joint moments are calculated 
first, followed by a load sharing optimization 
that selects the set of muscle activations that 
balances these moments while taking into 
account the constraints of muscle dynamics by 
using an inverse muscle model. In the Delft 
Shoulder and Elbow Model (DSEM), a large-
scale musculoskeletal model of the upper 
extremity, a criterion is used that minimizes 
energy expenditure [1,2]. Force predictions with 
the DSEM are dependent on several muscle 
parameters, for example physiological cross-
sectional area (PCSA) and optimum fiber 
length. 

The parameters used in the DSEM were 
measured on one cadaveric specimen [3]. 
Values will typically be different for subjects or 
patients that are analyzed by the model. 
Personalization is therefore expected to 
improve model predictions. As each parameter 
influences model predictions in a different way, 
and some parameters are more variable across 
subjects than others, the effect of 
personalization will also differ per parameter. 

The aim of this study is to quantify the effect of 
personalized values for muscle parameters on 
kinetic model predictions. To this end, we 
calculate both the sensitivity of the model to 
parameter variations, as well as the existing 
variation in these parameters across different 
subjects. We combine these two factors and 
introduce a new metric that we dubbed the 
personalization impact factor (PIF ).  The PIF  
quantifies the importance of personalization of a 
parameter. 
 
METHODS 

The sensitivity indices (
Fmus

SI ) of DSEM-

predicted muscle forces (
mus
F ) to parameter 

variations in PCSA, optimum fiber length, 
muscle mass, tendon length and moment arm 
were calculated as follows: 

1. Predict 
mus
F  for a normal abduction 

movement with the default, reference 
model. The abduction movement was 
sampled at 13 points between 15° and 150° 
of humeral elevation (Figure 1a). 

2. For all muscles in the model (30) and each 
parameter, multiply the reference value, 
one at a time, by a perturbation factor 0.5, 

Figure 1a) Muscle force prediction of the deltoid muscle during an abduction movement estimated before (reference 

model, red line) and after  (blue line) scaling the deltoid’s PCSA value by a factor 1.5. b) Difference in muscle force 

prediction of the deltoid for each of the six scale factors. The slope of the best fit linear function (red line) is the 

sensitivity index. 

Mean difference 

over all steps 
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0.75, 0.9, 1.1, 1.25 and 1.5 and repeat the 
simulation (Figure 1a). 

3. Calculate the average difference over the 
13 steps of elevation between the muscle 
force prediction of the reference and the 
perturbed model (

mus
F ), yielding six 

mus
F -values per parameter and muscle 

(Figure 1a). 
4. Calculate the slope of the best fit least-

square line (constrained zero-crossing at 
(1,0)) through these six 

mus
F -values vs. 

the perturbation factor (Figure 1b). This is 
the sensitivity index for muscle force 

Fmus
SI  

for that muscle and parameter. 
The effect of parameter perturbations on 
glenohumeral joint contact force was also 
calculated and expressed in the sensitivity 
index 

Fgh
SI  which is calculated in a similar way. 

Variation in five parameters across different 
subjects were obtained from literature values on 
six elbow muscles of ten cadaveric specimens 
[4]. For each parameter, the coefficient of 
variation CV  was calculated:  
 CV  (1.1) 

with  the mean and  the standard deviation 
over the ten cadavers and six elbow muscles. 
Finally, the PIF  was calculated as: 
 PIF CF SI  (1.2) 

 
RESULTS AND DISCUSSION 
Both for glenohumeral force predictions as well 
as for individual muscle forces, the PIF  was 
largest for PCSA (Table 1). This means that  
model results are expected to change the most 
after personalization of this parameter. Subject-
specific values for moment arms will also lead 
to relatively large differences in muscle force 
predictions, especially because this parameter 
has the highest sensitivity index 
( 46.1

Fmus
SI ). Tendon and optimum fiber 

lengths were shown to be relatively constant 
across subjects (lowest CV -values), leading to 
the lowest PIF  values of the parameters that 
we analyzed (Table 1). 

Using a subject-specific value for a sensitive 
parameter that does not vary much between 

individuals will not change model predictions 
much. On the other hand, a less sensitive 
parameter that is highly variable between 
individuals might do so. The metric that we 
introduced, PIF , includes this by multiplying 
the sensitivity to hypothetical perturbations by 
the coefficient of variation CV . CV -values 
were now derived from elbow muscle data [4], 
because we could not find values of variation 
for these parameters in a substantial number of 
shoulder muscles. Values for one of the 
parameters, namely PCSA, have been reported 
for the muscles of 14 shoulders [5]. From these 
data we calculated a CV  of 0.287, which is 
close to the value used in this study (0.36). 

We used an abduction movement to 
calculate SI -values, but the values will be 
different for another movement. Generally, the 
most sensitive muscles are the ones that are 
predicted by the model to be active. This task-
dependency of SI -values can in principle be 
incorporated in a new metric, for instance by 
including a factor that is dependent on the 
predicted muscle force of the reference model. 

 
CONCLUSIONS 
We introduced the personalization impact 

factor or PIF , that quantifies the expected 
effect of personalization of muscle parameters. 
This metric was calculated for five 
musculotendon properties used in the DSEM. 
Model results will change most from the use of 
subject-specific PCSA-values. The proposed 
metric can be used to identify the most 
influential parameters of a subject-specific 
model. 
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Table 1 Sensitivity indices, coefficients of variation and personalization impact factors for five musculotendon parameters. 

Parameter 
Fmus
SI 1

 
Fgh

SI 1
 CV 2

 
Fmus

PIF  
Fgh

PIF  

PCSA 35.8 (36.5) 12.2 (15.7) 0.360 12.9 4.39 
Muscle mass 26.4 (25.8) 8.69 (9.9) 0.3603 9.50 3.13 
Moment arm 46.1 (32.2) 27.7 (51.8) 0.132 6.09 3.66 
Optimum length 22.4 (14.1) 7.6 (8.8) 0.171 3.83 1.30 
Tendon length 24.1 (21.6) 20.3 (46.7) 0.101 2.41 2.03 

1
 Mean values (standard deviations) over the 30 muscles in the model. 

2
 Derived from a study on ten cadaveric specimens [4]. 

3
 Muscle mass data were not published. The same value as for PCSA is assumed. 
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INTRODUCTION 
 
Modeling biomechanical systems allows in-
silico testing, which leads to an approximate 
result for a particular situation. Bone implants 
designs have been changing throughout [1] in 
order to improve the quality of oseointegration. 
The goal of this research is to study what 
happen after a trabecular dental implant without 
load is placed and how the surrounding tissue 
is going to heal. This biological analysis was 
conducted by means of the Finite Element 
Method.  
 
METHODS 
 
Implementation of the biological model 
For the implementation of the model is 
necessary to understand the nature of bone 
remodeling, what occurs and its activation 
triggers. From a biological point of view we can 
describe the process of bone remodeling as: a 
coordinated action between osteoclasts, 
osteoblasts, osteocytes and bone matrix with 
descendants of osteoblast cells which cover the 
bone surface [2]. The remodeling begins with 
signals which initiate the formation of 
osteoclasts, followed by bone resorption 
mediated by osteoclasts, a rest period, a long 
period of formation of bone matrix by 
osteoblasts and a period of matrix 
mineralization.[3]  
 
With this in mind we proceeded to implement  
the Gerish model[4], that allows us to 
understand cell proliferation, differentiation and 
extracellular matrix formation as angiogenic, 
chondrogenic and osteogenic growth factors 
are determinated by the nature of the wound. In 
figure 1 is possible to see how these agents 
interact in the model. 
 
The resulting model is a system of 12 partial 
differential equations of the reaction-diffusion-
taxis type. These equations are coupled with 
the constitutive model describing the bone as a 

linear elastic material with spatially and 
temporally varying properties. 
 

 
 

Figure 1. Wound healing agents 
 
Dimensions and geometry 
The wound is defined as a cylinder caused by a 
milling tool in order to place the implant. The 
wound is assumed to be at 0.1mm distance 
from healthy bone to the surface of the implant. 
The trabecular dental implant is 10mm high and 
3,5mm wide. As figure 2 shows, the geometry 
of the trabecular metal was modeled from tiny 
dodecahedronal cells [5] (Average Pore Size 
440 μm) positioned in a irregular form in order 
to have a metal “sponge” that imitates the 
actual geometry of trabecular metal. 

 
 

Figure 2. Trabecular metal 
 
Simulation parameters 
The code for the model was written in Fortran. 
The mesh was made up of 7498 quadrilateral 
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elements. The simulation takes place in the 
stage one surgery (implant placement), where 
loads are avoided [6].  
 
Initial conditions 
As soon as the wound is generated an 
angiogenic factor is liberated in the entire 
domain. There are also vascular and fibrous 
matrix and mesenchymal stem cells, fibroblast 
and endothelial cells in the surroundings of the 
injury. Then, in the following 4 days there is 
presence of osteoblasts in the surroundings of 
the injury and, until day 10, there is liberation of 
chondrogenic and osteogenic growth factors. 
  
RESULTS AND DISCUSSION 
 
After running the simulation we noticed that the 
biological healing is stable at 30 days. Figure 3 
shows three kinds of matrix: fibrous, cartilage 
and bone (a, b and c) where the normalized 
scale shows a better bone matrix formation 
between the threads of the implant than in the 
trabecular area. On the other hand the cartilage 
matrix, was favored in the trabecular section. 
 
Osseointegration is defined as a functional 
structural connection between the bone and the 
implant[7], [8], so is important to notice what is 
going to happen in the trabecular area, where  
osseointegration does not occur and how this 
affects the secondary stability of the implant.  
 
It is recommended to run a simulation taking 
into account the mechanical forces involved 
after the implant starts to have masticatory 
loading (stage II) that will stimulate 
mesenchymal stem cells to differentiate 
according to the load (Prendergast 
algorithm)[9]. 

 
 

Figure 3. Simulation Results 

 
CONCLUSIONS 
Vascular matrix was successfully created in the 
entire domain, so the geometry was no obstacle 
for blood distribution, and the mesenchymal 
stem cells have a nutrition source, allowing 
them to differentiate. 
  
The biological analysis shows that trabecular 
metal is suitable to create cartilage matrix, and 
also shows that whit this kind of geometry the 
fibrous matrix is avoided. 
 
This kind of analysis allows having a 
preliminary perspective of in-vivo studies, and 
focusing the target of evaluation. The presence 
of bone cells is not an evidence of a proper 
bone matrix. 
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INTRODUCTION 
To prevent injury, breaking ball can’t be thrown 
in youth baseball game. But previous studies 
showed that breaking balls, just like curveball, 
may not be more potentially harmful than the 
fastball for youth and adult pitchers [1, 2, 4]. 
The aforementioned references reported on 
inverse dynamic analysis by rigid body segments 
without soft tissues (muscles, tendons, and 
ligaments), and it is well-known that the computed 
joint reaction forces in the absence of muscle 
forces may be severely underestimated. The 
purpose of the current research was to calculate 
the joint torques and joint reaction forces of upper 
extremity with muscles in the AnyBody Modeling 
System in baseball pitching in order to investigate 
the risk of upper extremity injuries on fastball and 
curveball pitching. 
 
METHODS 
One elite Taiwanese male college baseball 
pitcher (age: 20 years old, body height: 177 cm, 
body weight: 75 kg, maximum ball velocity: 42.2 
m/s) who played in the first class college league 
volunteered to participate in the research. A radar 
gun (Stalker Sport speed gun, Applied Concepts 
Inc., Plano, TX, USA) was used to measure the 
ball velocity, a motion analysis system (Eagle 
System, Motion Analysis Corporation, Santa 
Rosa, CA, USA) was used to measure the 
position data of reflective markers, and two force 
plates (AMTI BP600900 & BP400600, Advanced 
Management Technology Inc., VA, USA) were 
used to measure the ground reaction force. 40 
reflective markers were placed bilaterally at bony 
landmarks of the participant. After warming up 
with his own routine, the participant was asked to 
throw three fastball and three curveball randomly 
from an indoor mound to a strike-zone-size target 
located about 9 m away. The data of the fastest 
strike pitches were used for the analysis. Marker 
position data were filtered with a low-pass 
Butterworth filter and output as a C3D file by the 
Cortex 1.1.4  software. The cut-off frequency of 
each marker was decided by residual analysis [5] 
and ranged between 5 Hz and 25 Hz. The 3D 

musculoskeletal model of the full body, named 
GaitFullBody, was downloaded and modified from 
an open-source repository of the AnyBody 
Modeling System (AnyBody Technology A/S, 
Aalborg, Denmark). There were 62 segments and 
131 muscles in this model, and the 7 segments 
that we focused on were clavicula, scapula, 
humerus, ulna, radius, wrist-joint-segment, and 
hand. After importing the C3D file of the marker 
position and the ground reaction force data, the 
body height, weight, body segment parameters 
and the length of segment, marker position and 
starting position were set to fit the trial. An object 
(with official baseball size and weight) was 
attached to the hand segment to simulate the 
inertia effect of the baseball. Then the model was 
set to move with the markers and a motion and 
parameter optimization was executed to optimize 
the kinematic parameters and the model scaling 
to the experimental data. Subsequently an 
inverse dynamic analysis was executed to 
calculate the forces in the mechanical system 
with muscles included in the model. 
 
RESULTS AND DISCUSSION 
The elbow varus torque of curveball pitching 
during arm cocking phase was greater than 
fastball (as Fig. 1). The valgus forces that 
generated during the late cocking phase can 
cause micro tears of the ulnar collateral 
ligament, with subsequent weakening and laxity 
of the ligament [3], and UCL reconstruction is 
commonly performed in major league pitchers. 
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Fig. 1 Comparison of elbow varus torque from 
arm cocking phase to arm deceleration phase 

between fastball and curveball pitching 
 
CONCLUSIONS 
Curveball may produce larger elbow varus 
torque than fastball during arm cocking phase. 
At least, curveball may be harmful as fastball.  
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INTRODUCTION 
Bone adapts its shape to loading conditions 
applied upon it during growth. Recently, 
mechano-biological models were developed to 
predict bone growth of the proximal femur under 
loading conditions representative of normal and 
pathological gait [1]. More specific, femoral 
loading conditions representative of gait 
impairments in ambulatory cerebral palsy 
children were related to excessive femoral 
anteversion angle and insufficient reduction of 
neck shaft angle, therefore confirming the 
causal relation between gait deviations, 
proximal femur loading and consequent 
development of proximal femur deformity. 
However, the previous work did not address to 
what extent the altered gait kinematics or the 
altered muscle forces are the primary factors 
contributing to proximal femoral deformity. 
Especially in clinical conditions with associated 
weakness of the hip abductors, altered co-
contraction will be present around the hip in an 
attempt to restore normal hip and pelvis 
kinematics. Therefore, the current study 
investigated if hip abductor weakness and 
consequent muscle compensation strategies 
could induce loading conditions that would 
impair proximal femoral growth, even in the 
presence of normal gait kinematics.  
 
METHODS 
The present work is based on the work of 
Valente et al [2] to evaluate the sensitivity of the 
hip contact forces to weakness of the hip 
abductors (Table 1). A Latin Hypercube 
Sampling strategy was applied to perform a 
Monte-Carlo simulation, generating an efficient 
distribution of the hip abductor weakness to be 
implemented in the musculoskeletal models. 
For a control subjects, a library of 200 
simulations was generated using the standard 
workflow in Opensim [3]. For the reference 
simulation, a generic model consisting of 23 
DOF and 92 muscle-tendon actuators [4] was 
scaled. An inverse kinematics procedure 
calculated the angles of the different degrees of 
freedom in the model based on the marker 
trajectories measured during normal walking. 

Consequently, a residual reduction analysis 
reduced the dynamic inconsistencies between 
the calculated kinematics and experimentally 
measured ground reaction forces. Finally, 
computed muscle control (CMC) calculated the 
forces of the muscle-tendon actuators to 
accurately track the gait kinematics while 
minimizing the level of muscle activity. For the 
simulations representative of hip abductor 
weakness, the maximum isometric forces were 
modified in the scaled generic model conform 
the Latin Hypercube Sampling. These models 
were then used to calculate new CMC solutions 
that aimed to track the original kinematics in the 
presence of hip abductor weakness. Finally, hip 
contact forces were calculated. 
From this library, we selected the reference 
simulation as well as four simulations with 
respectively the (1) highest and (2) lowest peak 
total hip contact forces during the first half of 
the gait cycle(P1) and (3) highest and (4) lowest 
peak total hip contact forces during the second 
half of the gait cycle (P2). Table 1 shows the 
maximal force generating capacity of the hip 
abductors and table 2 shows the total hip 
contact forces as well as the individual 
components during the selected simulations.  
 
The load cases of six instances of the gait (10, 
30, 40, 70%, maximal total contact force during 
first and second half of the gait cycle, 
respectively) were then introduced to the 
workflow previously described by Carriero et al 
[1]. This consisted in a 3D finite element model 
of a generic proximal femur with femoral 
anteversion equal to 20° and neck-shaft angle 
equal to 120°. Cortical (E = 20 GPa, ν =0.3) and 
trabecular (E = 600 MPa, ν = 0.3) bone were 
assumed homogeneous, isotropic and linear 
elastic; growth plate was modelled as cartilage (E 
= 5 MPa, ν = 0.49) with a transition phase to 
bone. To compare results from the different 
simulations, the muscle and the hip contact forces 
were normalised as percentage of the body 
weight. 
A previously developed mechano-biological 
model of growth was used to determine the 
osteogenic index:  
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OI=σs+0.5*σh 
With σs octahedral shear stress and σh 
hydrostatic stress.  
The maximum octahedral shear stress and 
minimum hydrostatic stress over the four loads 
were determined at each node in the growth plate 
for each simulation.  
The direction of growth was determined by the 
average deformation of the neck resulting from 
the six loading conditions. The sum of the 
osteogenic index and a constant biological growth 
rate represented the overall amount of growth for 
a single iteration. Growth was simulated over 16 
iterations, representing about five months of 
growth. 
 
Table 1: Maximal force generating capacity (N) of the 
different hip abductor muscles in the selected simulations. 

Ref a7 a11 a38 a100 
Gmed1 819 7 55 381 599
Gmed2 573 31 222 185 559
Gmed3 653 588 378 16 481
Gmin1 270 145 9 32 44
Gmin2 285 54 264 98 182
Gmin3 323 182 178 102 156

Tfl 233 67 223 133 36  
Table 2: Total contact forces and antero-posterior(x), 
proximo-distal(y) and medio-lateral (z) force components 
(N) in the selected simulations. 

Ref a7 a11 a38 a100 
Ftot(P1+P2) 7104 7374 6642 6724 7364
Ftot(P1) 3350 3809 3321 3199 3452
Fx(P1) -122 420 164 126 -24
Fy(P1) -3236 -3728 -3232 -3143 -3371
Fz(P1) 859 667 743 587 748
Ftot (p2) 3754 3565 3321 3525 3912
Fx(P2) -478 -627 -315 -379 -636
Fy(P2) -1658 -1966 -1624 -1728 1838
Fz(P2) 364 400 317 240 367  
 
RESULTS AND DISCUSSION 
All simulations tracked the reference kinematics 
with an average accuracy of 0.0015° (min -0.01, 
max: 0.006), indicating that muscle strategies 
compensated adequately for the induced 
weakness. 
Compared to the reference simulation, 
anteversion angles increased for all 
simulations. This effect was most pronounced in 
simulations presenting excessive total contact 
forces (a7 and a 100, figure 1).  
The effect on the neck shaft angle was less 
pronounced: Compared to the reference 
simulation, neck shaft angles tended to 
increase more for the simulations associated 
with the highest contact force and especially 
when reversal of the antero-posterior and 
reduction of the lateral component of the 
contact force was present (a7, figure 1).  

The results of the current study indicate that 
altered muscle force distribution even in the 
presence of normal gait kinematics has 
potential to influence proximal femoral growth.  
 

 
Figure 1: Predicted changes in anteversion angle and neck 
shaft angle for the different simulations. 
 
CONCLUSIONS 
Two important conclusions can therefore be 
formulated: From a methodological perspective, 
this study underlines the need to adequately 
represent the muscle force distribution 
observed in patients as derived from surface 
EMG. From a clinical perspective, this study 
underlines that therapeutic interventions should 
not only concentrate on normalizing pelvis and 
hip kinematics but also strive to re-establish 
normal muscle force distribution patterns. 
Therefore, targeted training of the different hip 
abductor groups needs to be emphasized. 
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INTRODUCTION 
Men and women move differently. In a historic 
experiment, participant gender was identified 
consistently from only observations of the 
dynamic movements of a few body points while 
walking [1]. Women are reported to walk at 
higher cadence and with shorter steps [2], but 
such differences are reduced by normalizing for 
height [3]. Females are also reported to have 
greater knee flexion immediately prior to foot 
contact [3], more pelvic obliquity [4], and 
different muscle firing patterns [5]. However, it 
is not known if these differences are a result of 
social and cultural conditioning or inherent to 
gender [4].  
 
Here we demonstrate how gender differences in 
gait are primarily inherent to a participant’s 
physiology. Two distinct modes of walking are 
measured and modeled: The female ‘catwalker’ 
presents very little mediolateral sway at the 
head compared to the male ‘groover’. 
Simulations to be presented use an inverted 
double pendulum model to represent head and 
pelvic dynamics in the sagittal plane.  
 
METHODS 
Data from 22 young healthy subjects including; 
11 females and 11 males, aged 23-39 were 
recorded. Two tri-axial accelerometers were 
attached to the subjects head and sacrum and 
data were collected from the middle 15 meters 
of a 20 meter walkway. Postural sway of the 
head and pelvis were calculated by application 
of a novel continuous pitch and roll correction, 
followed by double integration, and then high-
pass filtering at around half the stride frequency 
(unpublished methods).  
 
These measured sway patterns were simulated 
with a double inverted pendulum created using 
MATLAB’s SimMechanics library. The first link 
of the pendulum simulated pelvic sway and the 
second link head sway. The double pendulum 
was actuated only by torsional springs and 
gravity. The pendulum motion was completely 
defined by the initial orientations and angular 
velocities of the pendulum arms. Oscillation 

frequency and stability was a function of 
pendulum mass, length, and spring tension.  
 
RESULTS AND DISCUSSION 
Two distinct modes of walking were measured 
in our group of participants: The groover (figure 
1) and the catwalker (figure 2). Visualizations 
represent the stride to stride fluctuations.  

 
Figura 1: The groover; male, low cadence, and marked 
head sway in the lateral plane.  

 
Figura 2: The catwalker; femal, higher cadence, and 
marked hip sway in the lateral plane.  
 
Lateral head displacements were able to 
classify males and females with 85% accuracy 
with a cut-off value of 1.9cm root mean square 
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(RMS). Males were predominately groovers 
with a mean RMS displacement of 3.0cm. 
Females were predominately catwalkers with a 
mean RMS displacement 1.5cm.  
 
For the inverted pendulum, two different initial 
conditions resulted in two distinct modes of 
oscillation (figure 3). Starting with the pelvis 
segment rotated counter-clockwise from an 
upright position and the head segment rotated 
clockwise, produced a simulation of catwalking. 
Starting both head and pelvis in the upright 
position, but with an initially angular velocity, 
created a simulation of grooving.  
 

 
 
Oscillations were not always stable. Unstable 
initially conditions resulted in oscillations that 
rapidly deteriorated into irregular chaotic motion 
(simulating a fall), which we hypothesize may 
not be desirable in human ambulation. 
Increased spring tension resulted in faster more 
stable oscillations, but in a human might require 
more core strength.  
 
Male walking was simulated by a long heavy 
pendulum consisting of two 100cm links 
weighting 45kg each. We found higher spring 
tension (≈100 Nm/°) was required to maintain a 
stable upright position. In this case, stable 
oscillations at normal step frequencies (1-2Hz) 
were only obtained from the simulations of a 
groover. Simulations of catwalking resulted in 
step frequencies of around 4Hz. This implies 
that male catwalking at normal step frequency 
is not possible without a conscious effort or 
intervention provided by a control loop. 
 
Female walking was simulated by a shorter 
lighter pendulum consisting of two 80cm links 
weighting 35kg each. We found lesser spring 
tension was required to maintain an upright 
position. In this case it was possible to simulate 
both grooving and catwalking modes of 

oscillation at normal step frequencies. This 
implies that females may choose to be either 
groovers or catwalkers. 
 
The simulation of grooving; however, resulted in 
more lateral movement of the whole body 
central of mass than catwalking. Grooving may 
therefore require a wider step width that may be 
more suited to the male anatomy. Catwalking 
may be more suited female physiology because 
it requires more hip flexibility, less body tension 
(possibly related to reduced co-contraction of 
core muscles), and an additional degree of 
movement freedom as the hips and head are 
predominantly moving in opposite directions.  
 
CONCLUSIONS 
The harmonic motion of an inverted double 
pendulum shows that height, mass distribution, 
preferred cadence, and preferred step width, all 
affect the mode of walking used. Females 
probably find it easier to be catwalkers because 
they are shorter, lighter, walk at a higher 
cadence, and with a narrower stance than men. 
For taller females, shorter males, and children, 
social conditioning and gender specific footwear 
may still play an important role. 
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INTRODUCTION 
The human body has more muscles than 
degrees of freedom (DOF), which leads to 
indeterminacy in the muscle force calculation. 
In this study, an optimization problem to 
estimate the lower-limb muscle forces during a 
gait cycle of a patient wearing an instrumented 
knee prosthesis is formulated. It consists of 
simulating muscle excitations in a physiological 
way while muscle parameters are calibrated.  
 Two different approaches are considered. In 
Approach A, measured contact forces are 
applied to the model and all inverse dynamics 
loads are matched in order to get more 
accuracy on muscle parameter calibration. In 
Approach B, only the inverse dynamics loads 
that are not affected by the knee contact loads 
are matched. Using this approach, contact 
forces can be predicted and validated by 
comparison with the experimental ones. The 
latter approach is a test of the optimization 
method and it can be used for the cases that no 
knee contact forces are available. 
 
METHODS 
The experimental data used in this study are 
from the fourth Grand Challenge Competition to 
Predict In Vivo Knee Loads [1], which are 
available online. The patient was an 88 year old 
male implanted with an instrumented knee 
replacement in his right leg. Muscle forces were 
estimated for one normal gait trial.  
 A patient-specific model of the subject’s leg 
(pelvis through toes) was used to calculate joint 
loads and muscle moment arms (Fig. 1). The 
model was developed using OpenSim 3.0 [2] 
and consists of six joints: pelvis (6 DOF), hip (3 
DOF), knee (6 DOF), patellofemoral joint (6 
DOF), ankle (2 DOF) and metatarsalphalangeal 
joint (1 DOF). The knee implant was modeled 
using the subject’s tibial tray and femoral 
component attached with a weld joint to the 
tibia and femur, respectively. The model had 44 
muscles with ligaments being neglected. 
 Fluoroscopy and implant contact force data 
were used to generate dynamically consistent 
knee motion data. This task was achieved using 
pose optimization of an elastic foundation 

contact model of the subject’s implant 
components [3]. The optimized knee motion 
was input to an OpenSim inverse kinematics 
analysis that determined the hip (3 DOFs), knee 
flexion, and ankle (2 DOF) angles that best 
matched experimental marker data for the 
selected gait trial. 
 An inverse dynamics optimization approach 
was developed to predict muscle forces 
consistent with all available experimental data, 
including inverse dynamics loads (3 hip, 3 or 1 
knee, and 2 ankle) calculated from experimental 
marker and ground reaction data, knee 
kinematics determined from fluoroscopic data, 
muscle EMG curves, and instrumented implant 
forces and torques.  
 Two categories of optimization problems 
were formulated. The first (Approach A) 
matched 3 inverse dynamics knee loads 
(superior-inferior force, adduction-abduction 
moment, and flexion-extension moment) and 
applied the experimental knee contact forces 
and torques directly to the tibial tray and 
femoral component. The goal was to verify that 
the formulation could match all available 
experimental data while producing 
physiologically realistic muscle forces. The 
second category (Approach B) matched only 1 
inverse dynamics knee load (flexion-extension 
moment) and did not apply the experimental 
knee contact forces and torques to the model. 
The goal here was to evaluate prediction of 
medial and lateral knee contact force when 
knee contact force data are not available. 

      
Fig. 1: Musculoskeletal lower-limb model. 
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 For both approaches, muscle-tendon model 
parameter values were calibrated as part of the 
muscle force prediction process. Parameter 
values that were calibrated include: optimal 
muscle length 01

Ml , tendon slack length T
sl , peak 

isometric force 0
MF , and activation and 

deactivation time constants actτ  and deactτ . Both 
approaches also adjusted B-spline nodes 
defining the shapes of the muscle excitation 
curves in the model.  
 The optimization problems were solved 
using MATLAB’s Levenberg-Marquardt non-
linear least squares algorithm (The Mathworks 
Inc., Natick, MA). The cost function included 
terms that tracked experimental data (inverse 
dynamics loads and EMG curves normalized to 
1), tracked uniformly scaled muscle-tendon 
model parameter values, and bounded errors in 
muscle excitation, normalized muscles lengths, 
and normalized muscle velocities. Each term in 
the cost function was represented as  

 ( )
exp1

s k kf x x x
r

 = − 
 

 (1) 

where sx  is a design variable, kx  is the value to 
match, r is the allowable variation in the 
variable, and exp is the exponent. Tracking 
terms were given an exponent of 2, while 
bounds terms were given an exponent of 10. 
The cost function also included additional terms 
to minimize excitations squared only for 
muscles without EMG data (Approaches A1 and 
B) or for all muscles (Approach A2). 
 
RESULTS AND DISCUSSION 
Approaches A1 and A2 were able to track all 8 
inverse dynamics loads (and thus medial and 
lateral knee contact forces) and the majority of 
muscle EMG shapes closely (Tables 1 & 2). 
These approaches produced physiologically 
realistic values for normalized muscle lengths 
and shortening velocities and muscle-tendon 
parameter values that remained close to 
uniformly scaled literature values. However, 
when excitations were minimized for muscles 
with experimental EMG data (Approach A2), 
some muscle excitations were driven close to 
zero, which was not physiological. Approach B 
was also able to track 6 inverse dynamics loads 
closely and an even larger number of muscle 
EMG shapes closely while producing 
physiologically realistic muscle forces with 
parameter values closed to scaled literature 
values (Tables 1 & 2). However, prediction of 
the two omitted inverse dynamics loads at the 
knee was poor, leading to over-prediction of 
medial and lateral knee contact forces despite 
minimization of excitations for muscles without 
EMG data (Fig. 2). 
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A1 0.97 1 0.89 1 1 1 1 0.98 
A2 0.97 1 0.89 1 1 1 1 0.98 
B -2.3 1 -1.9 1 1 1 1 0.98 

Table 1: R2 values for inverse dynamics loads. 
 

 R2 ≥ 0.75 0.25 ≤ R2 ≤ 0.75 R2 < 0.25 
A1 14 5 6 
A2 16 4 4 
B 20 1 3 

Table 2: No. of EMG signals within specified R2 ranges. 
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Fig. 2: Predicted medial and lateral contact forces for 
optimization Approach B. 
 
CONCLUSIONS 
Overall, this optimization problem formulation 
was able to match all experimental data well 
when three inverse dynamics knee loads were 
included in the problem formulation and 
experimental knee contact forces were applied 
to the model. Poor knee contact force prediction 
when two inverse dynamics knee loads were 
removed suggests an inadequate cost function 
or missing elements from the model. EMG 
tracking with simultaneous minimization of all 
muscle excitations did not work well, suggesting 
that a consistent method is needed for handling 
muscles without and with experimental EMG 
data (e.g., excitations constructed from 
experimentally calculated muscle synergies). 
Knee contact forces contributed significantly to 
the knee flexion-extension moment during 
stance phase, suggesting that a moving flexion-
extension axis may be needed to produce 
proper contact force predictions.  
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INTRODUCTION 
 
When the execution of all activities in which the 
foot is at contact with ground surface,  whether 
they be sport activities or normal locomotion 
functions, a pressure distribution is created on the 
foot owe to dynamics of movement. This 
distribution obey mainly to normal forces exerted 
by body weight. 
 
For each instant of contact, exists an area 
where all forces (pressures) are distributed over 
the surface support. Is possible to establish a 
point in which all reaction forces are averaged, 
called center of pressure (COP); on that point 
acts a single force equal to the sum of all 
magnitudes of distributed forces in each point of 
the surface. 
 
As the pressure distribution changes constantly 
during the contact of foot with the ground, since 
heel strike to toe off phase, the COP follows a 
trajectory for each activity obtaining a 
characteristic pattern.  
 
The aim of this work is establish a methodology 
to obtain the COP trajectory during normal gait 
phases using a specific finite element model of 
the foot, constructed from  Computed 
Tomography (CT)  images. 
 
 
METHODS 
 
Based on the information of CT from a male 
subject (27 years old, 1,67 m height and 70 Kg 
of body weight) the images are used to obtain a 
3D morphological external surface of foot and 
bone structures. With a STL file containing the 
geometric information, was performed a triangle 
reduction and solid object export to STP format. 
 
The Finite element model was developed using 
boolean operations to obtain an internal surface 
that joins with the bone and connective tissues 
as articular capsules from basic forms.  

 
The model have 19 bone segments (Fused 
Phalanges) constrained by tie contact between 
soft and connective tissues as cartilages and 
tendons (Fig. 1). Between the bottom surface of 
the foot and the ground was defined a contact 
interaction with friction coefficient of 0.9, and 
further was defined a frictionless contact for the 
interaction between bones and articular 
cartilages [1, 2]. 
 

 
Fig 1: View of bone structures from a sagital cut from of foot 

model. 
 
The acting forces are idealized like 
physiological form. The soft tissue material was 
defined by an hyperelastic constitutive model 
with a second order polynomial strain energy 
function [1]. Bone structures, tendons and joints 
are defined as an isotropic elastic material. The 
mesh of the assembly was performed with a 4-
node linear tetrahedron elements, producing 
over of 97000 elements. 
 
The body weight loads acts over the tibia-fibula 
and the action of achilles tendon is exerted over 
a calcaneus region (Fig. 2). The other intrinsec 
forces are transmited with axial connectors. To 
reduce the computational cost was used a 
mass scaling technique, establishing the 
minimum time increment for the elements at 1E-
6 s. 
 
The support was defined as a rectangular plate, 
with E=50 Gpa, ᵥ = 0.3, with bottom surface 
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encastred and meshed with hexagonal 8-node 
linear brick. 
 
 

 
Fig 2: a) Body weight load acting over tibia and fibula, 

b) load exerted by achilles tendon. 
 
To check the COP´s trajectory, it was used the 
record of foot pressure using in-shoe plantar 
pressure analysis system F-Scan (Tekscan, 
USA) from the subject. The trajectories 
obtained in several steps are averaged. A video 
was recorded taking the frontal and right planes 
of the walking process from the subject for 
spatial reference and to be compared with the 
animation provided by the simulation. 
 
 
RESULTS AND DISCUSSION 
 
After the first execution of the model, it was 
found vibration effects of the elements during 
the simulation animation, which are attributable 
to the idealization process of some elastic-like 
structures and the mass scaling to obtain the 
minimum time increment target of 1E-6 s in 
which the elements’ mass should be scaled at 
33% of the model elements, elements mainly 
located in the bone structures. To avoid 
vibration effects the loads was reduced by an 
experimental process at 60% and the minimum 
increment of mass scaling was set 5E-7 s, 
increasing 400% the simulation time. 
 
The simulation shows (Fig. 3) the 3 subphases 
of stance phase of gait, starting with heel strike 
and producing a rolling motion until the toe off. 
Comparing the simulation with the video 
obtained from right plane, the deformations and 

movements of foot and leg (Between cut and 
ankle) it was found some level of coincidence.  
 
 

 
Fig 3: a) Phases of stance - Right view , b) Simulation. - 

Right View. 
 
The changes of contact area during the 3 
stance phases are similar with the provided for 
the F-Scan software. Computing the COP´s 
trajectories on the x-y axis and making a 
cartesian graph, we obtain the model COP 
trajectory, which is similar to the F-Scan record. 
 
 
CONCLUSIONS 
 
The finite element model development 
described in this work represents qualitatively 
(in an adecuate manner) the movements and 
deformations that foot makes in a normal 
walking process. Quantitatively, it has some 
limitations produced by avoiding the soft tissues 
differentiation and their respectively mechanical 
properties (Hyperelasticity, Viscoelasticity) 
which leads no physiological effects like the 
mass vibration. However, including more details 
could be possible to obtain even better 
quantitative results [2]. 
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INTRODUCTION 
Gait analysis has been proposed as one of the 
alternatives to evaluate the functionality of 
lower limbs during daily living tasks [1]. The 
basic instrumentation usually recommended is 
a motion analysis system (MAS), force plates 
and electromyography. All of these instruments 
have a high cost and implement a gait service 
in a private setting is a difficult task. Therefore, 
alternatives for low cost equipaments have 
been proposed. Inertial sensors have been 
used to replace the MAS [2, 3] and seem to be 
a promising technology. However, for replace 
force plates to acquire ground reaction force 
(GRF), little effort has been done. 
 
The aim of this study was to predict ground 
reaction forces signals based on accelerometer 
data during gait, using feed-forward neural 
network (MLP). 
 
METHODS 
Twenty healthy subjects walked four times 
along a walkway with an accelerometer (± 6 g, 
model MMA7260Q, Freescale, USA) attached 
to the distal and anterior part of the shank. A 
force plate (AccuGait, AMTI, USA) was 
embedded into the middle of the walkway. All 
data were collected using a BIOPAC system 
(UIM, MP100 Systems, BIOPAC, USA) with a 
sample rate of 1 kHz, and filtered by a 2nd order 
Butterworth low pass filter, applied in the direct 
and reverse directions to avoid phase shift. The 
cutoff frequency for GRF was 25 Hz and for 
accelerometer data 10 Hz. The filtered signals 
were interpolated to 51 values using a Cubic 
Spline Algorithm. 
 
To fit GRF curves, five inputs were selected, 
based on previous studies [4, 5]: (i) the 
accelerometer data normalized by body weight; 
(ii) the relative velocity of the subject's center of 
mass, represented by the single integration of 
the acceleration curve; (iii) relative 
displacement of the subject's center of mass, 

represented by the double integration of the 
acceleration curve; (iv) the stance duration (s); 
and (v) time point (%), expressed as a 
percentage of the stance time.  
 
To develop the MLP network with one hidden 
layer, the signals were randomly partitioned into 
three sets, called train, validation and test 
groups, containing 60% and 20% and 20% of 
the subjects, respectively. The number of 
neurons in the hidden layer was chosen by 
testing the fitting of signals with different sizes, 
always seeking the most parcimonious model, i.e. 
few hidden neurons and good generalization 
power. To assess the network fitting a leave-one-
out cross-validation strategy was used. The MLP 
was trained using always the four gait cycles of 
19 subjetcs. Acceleration signal of the four gait 
cycles of the subject left out of the training was 
simulated using the developed network to test the 
fitting [4, 5]. For each repetition, the network was 
trained using the Levenberg-Marquardt 
Backpropagation algorithm based on 3876 
vectors (19 subjects * 4 cycles * 51 time points) of 
6 inputs and 3876 target GRF values according to 
Favre et al. [4] and Liu et al. [5]. 
 
In the hidden and the output layers the used 
activation transfer function was the hyperbolic 
tangent and linear, respectively. To avoid 
overfitting, the generalization error obtained for 
the validation set during the training process and 
the minimum gradient were used as stop criteria. 
The network with lower median RMS error among 
all subjects were selected as the best number of 
neurons in the hidden layers. 
 
To test if significant differences can be observed 
between the simulated and the measured signals, 
the 160 GRF curves, 80 measured and the 80 
simulated signals, were inserted into a matrix D 
[160 x 51], where  each  row  corresponded  to 
gait cycle  and  each  column  corresponded to  
the  interpolated signals. Principal Component 
(PC) analysis was  applied  to  the matrix  D [6].  
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Initially, the mean was subtracted, the 
covariance matrix S [51 x 51] calculated and, 
finally, the eigenvectors and eigenvalues were 
estimated from S  based  on  a  singular  value 
decomposition  algorithm [6]. The number of PC 
retained in the analysis were those that the 
cumulative sum accounted approximately  90%  
of  the  original  data  variance. The scores of 
the retained PCs were compared between the 
simulated and measured signals using a paired 
t-test (α = 0.05). 
 
RESULTS AND DISCUSSION 
The development of low cost instruments and 
data simulation to perform biomechanical 
analysis has been the focus of several studies  
[2, 3], since the high cost of the technologies, 
which are necessary to perform a clinical gait 
analysis, precludes some private settings to use 
this kind of exam. Some studies have focused 
on the modelling of joint moment of forces base 
on anthropometric and GRF data [4, 5], finding 
very useful results. However, this kind of 
modeling still need the signal obtained from a 
force plate. Therefore, in the context of low cost 
instruments and data simulation, there is still a 
need for a model that allows obtaining GRF 
from low cost instruments, such as 
accelerometers. The present study aimed at 
contributing towards this direction. 
 
The number of neurons in the hidden layer that 
presented lower median RMS error was 8 and 
the number of PCs retained was 6, representing 
90.3% of the original variance. The median 
RMS error, mean RMS error in percentage to 
the GRF range and correlation coefficients were 
6.90 (ranging from 2.84 to 16.90), 6.19% ± 
2.85% and 0.967, respectively (Fig. 1). The 
errors and correlation coefficients found are 
similar to the studies that simulated moments of 
force [4, 5]. Also, the PCA analysis did not find 
any significant difference (p > 0.05) between 
the simulated and measured signals, confirming 
the good results of the simulation. 
 
The results confirmed that a multilayer 
perceptron neural network can adequately 
predict GRF based only on parameters 
obtained from the acceleration curve. The 
results increase the expectations of predicting, 
in the future, moments of forces based on the 
GRF curves obtained from a simulation, as 
performed in the present study. Also, this may 
allow kinetic data to be predicted during more 
realistic situations, without the need of a lab-
based test, like during sprinting and change of 
directions in sport activities. 
 

 
Fig 1: Mean of the measured vertical ground reaction forces 
(red) and the mean of the simulated signal (blue). 
 
However, modeling anterior-posterior and 
lateral ground reactions forces, based on 
accelerometer data, is still an open question. 
Another aspect that needs attention is the fact 
that the vertical acceleration, measured by the 
accelerometer on the distal shank, depends on 
the attitude of the tibia, whereas the vertical 
GRF is always normal to the ground. This also 
could affect the results and the control of this 
parameter could decrease the prediction error. 
One possible solution it to use an inertial sensor 
that allows the calculation of Euler angles to 
correct this offset. 
 
CONCLUSIONS 
This study confirmed that multilayer perceptron 
neural network can predict the highly non-linear 
relationship of shank acceleration parameters 
and ground reaction forces, as well as other 
studies have done for predicting moments of 
force. Although the error was lower than 5%, 
some improvements must be done, regarding 
the management of the input parameters, prior 
to use in the clinical setting. 
 
REFERENCES 
1. Baker R. J Neuroeng Rehabil, 2: 3-4. 
2. Favre J et al. J Biomech, 42: 2330-5, 2009. 
3. Yang S et al. Gait Posture, 37: 354:8, 2013. 
4. Favre J et al. J Biomech, 45: 692-8. 2012. 
5. Liu Y et al. J Biomech, 42: 906-11, 2009. 
6. Leporace G et al. Conf Proc IEEE Eng Med 

Biol Soc. 2012: 6514-7, 2012.  
 
ACKNOWLEDGEMENTS  
The authors would like to thank the Brazilian 
agencies FAPERJ, CNPq and CAPES for the 
financial support. 

75



XIV International Symposium on Computer Simulation in Biomechanics  
August 1st – 3rd 2013, Natal, Brazil 

 
 

ACCURACY ANALYSIS OF PATIENT-SPECIFIC FINITE ELEMENT MODELS OF THE SCAPULA 
 

Gianni Campoli1, Bart Bolsterlee1, Harrie Weinans1,2, Amir A. Zadpoor1 
 

1 Department of Biomechanical Engineering, Faculty of Mechanical, Maritime, and Materials Engineering, 
Delft University of Technology (TU Delft) 

2 Department of Orthopedics, Utrecht University Medical Center, Utrecht, The Netherlands  
Email: G.Campoli@tudelft.nl 

 
 
INTRODUCTION 
Biomechanical models such as finite element 
models are generally considered important tools 
for providing personalized care to patients who 
suffer from musculoskeletal diseases, 
especially when these models are personalized 
for the patient. Finite element models have 
been used to improve the design of orthopedic 
implants [1] and to predict their longevity and 
performance, as well as for predicting the risk of 
fracture in osteoporotic patients [2]. A multi-step 
procedure is needed for generating a patient-
specific finite element model. Since each of 
these steps is associated with a certain error, 
understanding the accuracy of patient-specific 
finite element models should be a priority. 
Except for a few isolated studies [3], there is 
not much known about the interplay of different 
error sources in patient-specific FE models and 
how these errors propagate to the final results. 
 
In this work, a specific case of this problem is 
considered. The levels of accuracy of the 
different steps are given and their effect on 
model-predicted strain distributions are 
calculated. 
 
METHODS 
A Monte-Carlo approach was used for 
assessment of the accuracy of patient-specific 
FE models of the scapula. First, a ‘reference 
model’ was generated based on one cadaveric 
scapula for which a complete set of parameters 
was measured to generate both a patient-
specific musculoskeletal and a patien-specific 
FE model.  The model geometry was obtained 
by segmentation of the scapula from CT 
images. After segmentation of CT images, the 
obtained geometry was meshed using 4-node 
linear tetrahedron elements.  
 
The heterogeneous material properties of the 
scapula were calculated based on apparent 
bone density values [4]: 

                       (1) 

The Delft Shoulder and Elbow Model (DSEM), a 
validated large-scale musculoskeletal model of 
the upper extremity, was used for estimating 
the detailed musculoskeletal loading on the 
scapula [5, 6].  
 
The musculoskeletal loads were calculated for 
two specific movements, namely 90o abduction 
and 90o anterior flexion movements. For each 
of these movements, the glenohumeral joint 
reaction force, the reaction forces of the thorax 
on the scapula as well as all individual muscle 
forces were calculated. Constraints were 
applied on three bony landmark positions (Fig. 
1, a). Finite element models corresponding to 
the two considered movements were solved 
using an implicit FE solver (Abaqus Standard). 
The principal strain distributions resulting from 
the applied musculoskeletal loads were 
calculated (Fig. 1, b).   

               
 
Fig 1: a) FEM of the scapula with the muscle loads and 
constraints on three bony landmark positions; b) the 
maximum principal strain values calculated for the 90o 
abduction case. 
 
Several Monte Carlo simulations were carried 
out to analyze the effects of inaccuracies in 
individual components of patient-specific model 
on the accuracy of resulting simulation results. 
We assumed that the inaccuracies are normally 
distributed with an average value equal to the 
value used in the reference models and a 
standard deviation that is a certain percentage 
of the average values. In this context, the 

a) b) 

76



parameters in Equation 1, that were used in the 
Monte Carlo study, were picked from two 
Gaussian distributions with average values 
equal to the values of the parameters a and b, 
and standard deviations equal to 5, 10, or 20% 
of the average values. The apparent density 
values of different elements and the 
musculoskeletal loads were modified in a 
similar manner. The directions of all forces were 
kept the same as in the reference model, but 
the magnitude of all musculoskeletal loads 
including the glenohumeral joint reaction force 
and all individual muscle forces were modified.  
 
The maximum and minimum principal strains 
were chosen for error analysis. For every case, 
the simulations were carried out with 15 
different values drawn from all involved 
Gaussian distributions, and repeated for both 
the abduction and flexion movement (ABD and 
FLX in legend, Fig 2). For each element i, the 
difference between the maximum and minimum 
principal strain value was divided by the 
reference model value to obtain the error 
percentage Error1. The average value of the 
percentage error on all the elements, Error2, 
was also calculated. 
 
RESULTS AND DISCUSSION 
The simulations were carried out for the cases 
where only one of the three above-mentioned 
components the of patient-specific modeling 
process was inaccurate, for the cases where all 
three components were inaccurate, and cases 
where two out of three components were 
inaccurate. The results of this study show that, 
as expected, the accuracy of patient-specific 
finite element models are dependent on the 
accuracy of the steps that need to be followed 
for generation of these models. However, there 
is a major difference between the average and 
maximum error of patient-specific models. The 
average error stays relatively low (≈15±7%) 
even when all the three components considered 
here are up to 20% inaccurate. 
  
However, the maximum error could be more 
than two times larger than the percentage of 
error in individual components of the model. 
Since the largest deviations from the reference 
models occur for the areas with maximum and 
minimum strain values, the largest error values 
usually occur close to the glenohumeral joint.  
 
One could therefore conclude that maximum 
error values, i.e. Error1 values, are more 
relevant for evaluation of the accuracy of 
patient-specific finite element models as 
compared to Error2 values that give estimates 

of the average error values within the entire 
scapula. 
 
CONCLUSIONS  
If the percentage of error in measurement of 
apparent density and estimation of 
musculoskeletal loads could be considered 
around 10%, and the error in the material 
mapping relationship could be considered to be 
between 5 and 20%, one could estimate the 
‘typical’ range of errors that are caused by the 
three components of the models considered 
here. The results of this study suggest that such 
‘typical’ range of errors is between ≈10 and 
≈35% of the reference model (Fig 2). 
 

 
Fig 2: The effects of 10% inaccuracies in estimation of 
musculoskeletal loads on calculated strain values when both 
parameters a and b in Equation 1 and apparent density 
values are inaccurate (5, 10, 20%) 
 
The maximum error values within the geometry 
of the scapula are generally much larger than 
the average values and occur in the areas that 
are more relevant for analysis of pathological 
conditions, i.e. the glenoid fossa. The 
percentage of error in calculated strain values 
could be more than 1, 1.5, or 2 times the 
percentage of error in individual components of 
the model, if one, two, or three components of 
the patient-specific model are inaccurate. 
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