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Abstract—Interest in computer models of the human
musculoskeletal system is increasing amongst clirens and
movement scientists as tools to analyze muscle ajuiht function

in ways that are both non-invasive and inexpensive&Quantifying

internal loads resulting from muscles and externalforces is
necessary to understand and treat movement patholozs.
Current simulation methods, however, fall short ofaccurately
reproducing observed human performance when comparte to
observations made during movement experiments. Isia minimal
requirement that models closely reproduce externabbservations
before considering them to answer questions abouggerity of a
disorder and possible treatments. Given this undeying
requirement, a dynamical motion-tracking method was
developed to leverage experimental observations @ictly to guide
forward simulations and provide simulations that are more
accurate. In the present study, we demonstrate hotvacking can
provide joint-moment information that produce accurate
forward simulations in minutes using a detailed 23degree-of-
freedom human model and 3D motion-capture data.
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. INTRODUCTION

The accuracy of inverse dynamics is important fanyn
human performance analyses and is the basis foeraev
methods that estimate individual muscle forces. &@mple,
static optimization/decomposition [1], the “methodf
computed muscle forces” [2], and EMG based [3] meshall
require net moments to estimate individual muscl
contributions. However, muscular moments from iseer
dynamics are inaccurate if they fail to drive alsta@ model in
a likely reproduction of the observed movement @ein
analyzed. Inaccuracies do not only arise from ngiggition
data but by the fact that inverse dynamics perfdratediscrete
points in time often have insufficient control sign
dimensionality [4]. Furthermore, applying observgeund-
reaction forces (GRFs) directly to a model neglédferences
between human and model dynamics and these disciepa
accumulate into large errors in a forward simulatio

Computing joint moments that are stabilized by rerro
feedback with respect to kinematics has been shtwvn
significantly improve simulation accuracy. Spedflg, the
method of computed torques [5] has been appliedesstully
to generate representative forward simulations iodefs
without ground contact dynamics ([6] and [2]). btdmotion,
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however, ground contact dynamics play a criticé iia total
body dynamics, and it is, in fact, the ground reactorce that
enables locomotion. Therefore, knowing how contaatts to
muscle moments and body position are essential
understanding how locomotion is controlled. Unfastely,
foot and/or pelvis kinematics necessary to evaltizgeforces
generated by passive contact models (i.e. [7]) aarbe
experimentally measured with sufficient accuradyerefore, a
method of tracking more reliable GRFs directly egjuired to
reduce the reliance on less accurate kinematics. hake
demonstrated using simulated motion-capture datt, GRF
tracking could reduce errors introduced by noiset@mminated
kinematics [8]. In the present study, we use skeletotion-
tracking to analyze maximal height jumping in 30ngsspatial
motion-capture data.

The objectives of this study are: 1) to present @ion
tracking method for simulating human behavior gigkeletal
multibody and contact dynamics in 3D; 2) apply thecking
method with experimental data to simulate the igiiplosive
task of maximum height jumping; and 3) to discuss results
of the motion-tracking method and its implicatiams human
movement modeling and simulation.

II.  METHODOLOGY

A. Experimental Data
The experimental data used to track the human peaioce

Hf maximal height jumping was obtained from [7]. In

to

summary, data was collected from five male subjects

performing a maximum-height jump, which includede th

positions of markers affixed to the legs and tansaddition to
force-plate data upon which the subject perforntes jump
(FiglA). Spatial marker positions were collecteds@Hz and
used to determine the orientation of the segmen&D from
which the joint trajectories for a 23 degree-ofeftem (dof) of
model (Fig 1B) were determined. GRFs and centqrre$sure
(COP) data were collected at 1000Hz from a singieef-plate.
The kinematics and GRFs were low-pass filteredCatzland
50Hz, respectively.

B. Human Skeletal and Contact Dynamics

The 23-dof multibody dynamics model including thatk
at L4-L5, pelvis and legs (2-thighs, shanks, hietifend toes)
(Fig 1B) as well as contact model (Fig. 1B) weragdd from



[7] and used to generate forward simulations ofticalr
jumping. The model simulations produce kinematipsn{
trajectories) and ground contact forces with COBrdinates
under each foot that are determined by nonlineamgp
damper elements on the bottom of the feet (Fig. 1C)

Figure 1. Subject instrumentation (A), multibody jumping mbfg (B) and
contact model (C)

Several, modifications to the original contact nlode
described by [7] were necessary to make the modeke m
representative of the actual ground interactioniniaresidual
forces had to be eliminated to replicate the relggake-off).
When the ratio of the net horizontal force (in greund plane)
to the total vertical force exceeded the coefficiehfriction,
spring constants were determined such that theyiteesin
zero horizontal forces rather than the frictiomait force.

C. Motion-Tracking

A skeletal motion-tracking algorithm (Fig. 2), assdribed
by Seth and Pandy [8], was used to determine marscul
moments (torques) to actuate the jumping modesummary,
the motion-tracking controller was implemented Ipplging
feedback linearization (FBL) [9] to continuouslyndarize the
skeletal (link-segment) and contact (nonlinearrgpdamper)
dynamics. In turn, the linearized system was goegrhy a
new set of controlsy. These were the tracking controls, which
were determined according to the linear feedbactorer
between skeletal model output§), ), and their experimental

counterparts, ((:),é). Accordingly, the FBL control law was

employed to determine the joint moments (torqueskquired
to actuate the nonlinear plant (skeletal model).
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Figure 2. Overview of motion tracking algorithm

The equations of motion for the multi-body (skeleta
dynamics can be written as:

§=M '[0(q,G) +S(q,9) +Tr] D)

where the generalized coordinatess[ p,_,, @, ,,,]" . are the
6-dofs of the pelvis in free-space and the remgirdii joint
angles of the model (Fig 1BM is the system mass matrix;
Llis the set of generalized forces due to gravitytrizetal
and Coriolis effectsS represents the nonlinear spring dynamics
used to model foot contact with the ground; anhds the
coefficient matrix relating 17 applied joint toregje, to the 23
generalized coordinates. In first-order form, Bq.decomes:

(22)
(2b)

Q=F(Q)+GQ) T
y=[8,s]"

where Q =[q,q]"; F includes the generalized velocities and

generalized forces[], and contact forcess, and G=[0,3.17
T]". The multibody equations of motion were generatsitig
SD/Fast. The outputy, contains output kinematicé, which
may be all, a subset, or any functiorgdi.e. coordinates 1-23,
Fig. 1B); and contact model outpuss|[S, S, S, cop, cop,]",
containing the resultant (combined right and lefes) fore-aft,
vertical, and medio-lateral components of the gdoaantact
force as well as the fore-aft and medio-lateralrdomtes of
the center-of-pressure, respectively.

To determine the FBL control law we differentiatee t
outputs until the torques, are explicitly obtained:

;. :i[ﬁgpjgﬁi[%mjmg (32)
aQ\ aQ aQ( dQ
0Q 0Q
Introducing the control vectok, = [y, , yS]T, and solving

for the torques, yields the FBL control law:
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that provides the input torques, to the nonlinear plant as a
function of the new control parametgywhich is evaluated by
the linear tracker:

e {é—zzlgl(é—é) —Aﬁ(ﬁ—é)} 5

S-A,(s-9)

as a function of given reference signa@sandé.

Gains for the motion-tracking controller were detered by
a conventional “rule-of-thumb” that poles of a auwofier
should be much (i.e.» faster than the signals being tracke«
(i.e. 4=50 and A=250). Doubling and then quadrupliny
further improved GRF tracking. The inverse in (4psw
determined in a least-squares sense [10] with wieiggh for
errors associated with individual outpugd {nitially assigned
equal weightings. The exceptions were the ankle &l
angles, which were anticipated to be less accutete other
measurements primarily because the experimentaht@tions
of the foot and toes are more error prone due égptioximity
of the foot markers compared to those of the shtdngh or
HAT. Gains were subsequently adjusted to arriviha@tvalues
in Table 1.

TABLE I. LSQOUTPUT (y) TRACKER WEIGHTINGS (W)

y A Y W y w y W

[0} 2 (074 100 q13/ 020 100 S 50

o7 2 Os 10 | Qu/Qa 2 $ | 100
Os 1 Go 10 | Qis/ Q2 1 S 25
Qs 10 qlo/ Q17 100 q16/ 023 0.5 S 10
Js 10 O11/ Qus 10 S 10
s 100 qlz/ [0}1) 10

a. Tracking outputs are all coordinatgsand contact model outputs,

RESULTS

The motion-tracking method generated a forward thioga
simulation of vertical jumping that followed the petimental
values in just under 6 min. The joint angles prmtliby the
model correspond well with the experimental trajees,
especially for back extension, hip flexion, and &mextension
angles (Fig. 3). Larger discrepancies were obtafoedinkle
and toe joint angles, which was anticipated duetheir
respectively lower tracker weightings. The GRFshef model,
more closely follow the more accurate GRF measunésne
from the subject (Fig. 4). It is evident, howeigt the model
leaves the ground nearly 20ms earlier than didsthgect (Fig
4B, reaction is zero at 0.48s).

The joint torques (Fig. 5), corresponding to muacul
moments computed by motion tracking, are consistéhtthe
proximal to distal actuation pattern commonly okedr in
vertical jumping ([7], [11]) and are strikingly silar to the
dynamic optimization solution obtained by parameter
optimization [7] (Fig. 5, bold vs. thin lines).

Figure 3. Simulated (bold) and experimental (shaded) joiglemfor (A)

Force (N)

Figure 4. Simulated (bold) and experimental (shaded) GRFs(MAefore-
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Figure 5. Motion tracking (bold) and paramter optimization (thin)
determinations of the applied joint moments. Coragybint moments of the
(A) back (L4-L5) joint, (B) hip joint and (C) jots of the right leg. Note the

paramter optimzation solution was computed forathler time period and
solutions were synchronized by take-off time far gurpose of comparison.

IV. DISCUSSION

Motion tracking was able to replicate the perforo®nf a
specific subject in forward dynamic simulation waith using a
large-scale optimization approach. In fact, comipigrgoint
moments were obtained by motion-tracking in underigutes

versus the approximate 30 days (788 hours) of Iseri.’ils]

processing time required by parameter optimizafign The
similarity of the tracking solution (of a singlelgect) with that
predicted by the parameter optimization solutioh (Which
used an average subject model) indicates that rtbeigbive
solution was indeed valid. On the other hand, dwsh that
dynamic optimization of a full musculoskeletal mbdke not
necessary to determine the muscular moments thét
reproduce observed human behavior. This is impbftam a
clinical application perspective, where the undagyforces
and moments are needed quickly (not in days or gjeeith
models of high complexity. The tracking method adsmids
some of the npitfalls of parameter optimization noelh
Namely, initial guesses of the controls (discretizaoment
trajectories or individual muscle excitations) denas difficult
to obtain as the dynamic optimization solutionlftse

In comparison, motion tracking does require some
significant pre-processing prior to performing siations.
First, model parameters and initial moments must be
determined such that the model matches the expetaneata
at time = 0s. The tracking method does not tolesagrificant
error upfront. Second, determining the set of Wweiys that
produce good results over the performance periau loa
challenging. In our experience, intuition from datallection
combined with trial and error is sufficient to oltasuitable
weightings and is far less difficult than obtainilag viable
initial guess to the parameter optimization aldwnit
Furthermore, weightings tend to hold for a givendeloand
motion-capture protocol. Therefore, we propose ttz
tracking approach be employed to systematicallgiobiitial
solutions from which to predict future outcomes.

Because the motion-tracking method tries to matod t
behavior of a given model to experimental datds,itby its
very nature, a validation tool. Since it is relativinexpensive
to run tracking simulations, in contrast to paranet
optimizations, models can be developed iterativghadually
adding complexity to achieve the desired accurbcfact, this
approach led us to improve the contact model andeniga
capable of producing similar inflections in the deaft
component of the GRF.
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