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ABSTRACT

Modeling normal human reach behavior is dependent on
many factors. Anthropometry, age, gender, joint mobility
and muscle strength are a few such factors related to the
individual being modeled. Reach locations, seat
configurations, and tool weights are a few other task
factors that can affect dynamic reach postures.

This paper describes how two different modeling
approaches are being used in the University of Michigan
Human Motion Simulation Laboratory to predict normal
seated reaching motions. One type of model uses an
inverse kinematic structure with an optimization
procedure that minimizes the weighted sum of the
instantaneous velocity of each body segment. The
second model employs a new functional regression
technique to fit polynomial equations to the angular
displacements of each body segment.

To develop and validate these models, 38 subjects
of widely varying age and anthropometry were asked to
perform reaching motions while seated in simulated
vehicle or industrial workplace. Between 48 and 72
reaches were required of each subject, for a total of over
7000 reaches. During these motions a Qualysis motion
capture system was combined with an Ascension
Technology Corporation Flock of Birds system to record
the movements of each person's torso, shoulders, arm,
forearm and hand.

The paper discusses how the models differ in
construction and performance, and how our existing
biomechanical models can be linked to the new
kinematic models for improved dynamic ergonomic
evaluations.

Ongoing  research being conducted on human
motion simulations at the University of Michigan's
HUMOSIM Laboratory also is described.

 1. INTRODUCTION

1.1 THE GENERAL PROBLEM OF REACHING - When
a person reaches to a specific location which we will refer
to as a “target,” as long as the target is within a
comfortable distance the resulting hand movements will
exhibit the following general attributes [1]

1. The trajectory, if unobstructed, will be nearly
straight.

 2. The velocity profile will be bell shaped.
 3. The acceleration profile will have two peaks (i.e.,

accelerate and decelerate).
 

With repetition the absolute values for the kinematic
parameters describing the hand motions will become
more consistent, but the general features described
above will not change. Any mass added to the hand has a
tendency to reduce the velocity and acceleration values.
What also has been documented is that the trajectories,
velocities and accelerations of individual joints are not as
simply defined as the hand trajectories, and may even
exhibit reversals in direction during a simple hand motion.
These observations date back to studies by Nikolai
Bernstein in the 1920s of a blacksmith that showed very
consistent and simple hammer tip trajectories, but much
more complex and variable limb joint movements. This
led to the famous “Bernstein’s Problem” of how the
human body overcomes an excessive number of degrees
of freedom to guide the hand or foot to a specific target
[2]. Many theories and experiments have been conducted
to develop an answer to the Bernstein Problem over the
last 70 years, but as Gielen et al. [2] state:
 “In summary, progress in understanding the

control of the large number of available degrees of
freedom is somewhat disappointing despite the large
increase of experimental data since Bernstein.”
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Since a fundamental neurophysiological

understanding of reaching behavior has eluded us so
far, have we progressed enough to provide useful reach
simulations? What follows is a review of several
approaches to this complex problem.

1.2 TRADITIONAL MODELS FOR REACHING
SIMULATION - Bernstein’s notion of hand motion
control centered on the concept of “functional synergy,”
that the neuromuscular and skeletal components
become organized into highly structured, task specific
ensembles. These ensembles provide motor control
templates or motor memories that are stored in the
motor cortex of the brain. These templates contain
variables about the world (i.e., space, time and forces
involved) to allow a task to be categorized, as well as
control parameters, which direct the coordination of
muscle actions [1]. In this latter regard, it must be
remembered that individual muscle force and
displacement control is mediated to a large extent by the
stretch rate sensitive muscle spindles that monitor
muscle displacement. This means that feedback is
always present to assure a specific higher level
command is resulting in the desired movement of the
hand. This realization has produced adaptive
feedforward models, a simple version of which is shown
diagrammatically in Figure 1.

Figure 1. Adaptive feed forward model of muscle control wherein F and
R are force and activation vectors [3].

Two things should be noted in Figure 1. First is the
geometric simplicity, i.e., only two muscles. This would
be acceptable for a single joint, co-planar motion
simulation, but as noted earlier, multiple joints and
degrees of freedom must be monitored and controlled
during even a simple hand motion, and thus the two-

muscle model displayed is overly simplistic. Secondly,
muscle spindle feedback is shown with delay loops of 70-
140 ms. This means that only about 10 simple
adjustments could be expected, on average, during a one
second hand motion. Also, other feedback from Golgi
tendon organs, Pacinian sensory organs, the vestibular
system and other force and motion sensitive systems
participate in any body motion, thus further complicating
the neurophysiological basis for motion simulation.

This has led to other approaches, which have been
evaluated for a well established movement pattern,
mainly walking. One approach is to use forward
dynamics, wherein a specific cost function or
performance criterion (e.g., sum of muscle forces, or
energy efficiency, or positional control) is minimized in a
linear or non-linear dynamic optimization algorithm [4,5].
In this approach the problem of redundant motor systems,
such as the control provided by the muscle spindle
system λ feedback loop and the direct cortico-spinal
commands shown in Figure 1, must be resolved.
Feldman and Levin [6], proposed that such redundancy in
multi-joint motion systems could be solved by setting a
hierarchy to the thresholds for which certain muscle
activation commands would be accepted. Unfortunately
experimental evidence has not disclosed the best
hierarchical threshold scheme.

One of the major challenges in motion simulation is
to develop a solution to the problem of simultaneous
movement goals. Optimization methods work best when a
single criterion is being maximized or minimized.
Computationally fast and robust algorithms are available
to assist in developing solutions for these types of
problems. But take the case when a person is reaching
far out to the side. To do so he or she must shift their
weight, possibly lifting and moving the contra-lateral leg
away from the target to maintain balance at the same
time the upper torso and upper extremity are moved
towards the target. Thus two motion tasks are performed
simultaneously. In this situation, the primary task is to
reach towards the target, but the secondary task is to
maintain balance while on one foot. This maneuver has
been described as shown in Figure 2 from Massion et al
[7].

Evidence that a person can solve this difficult
problem quickly comes from movement capture studies
which clearly show that a person uses “Anticipator
Posture Control.” Before the center-of-gravity is outside
the person’s balance frame, the contra-lateral leg and
lower torso begin to move in an opposite direction from
the upper torso and hand (i.e., one anticipates that they
will be out of balance), thus assuring dynamic balance is
maintained.



3

Execution
of Posture

Execution
of Movement

Control of
Movement

Control of
Posture

Feedback gain
and gate control

Feedforward gain
and gate control

POSTURE MOVEMENT

Perturbation

Figure 2. Feedforward and feedback adjustment of posture. The
diagram represents the two mechanisms involved in compensating for
a postural perturbation. The central control of posture is indicated by a
dotted line. Two phasic mechanisms minimize the postural
disturbance. They operate through a feedback loop and a feedforward
control. The feedforward control acts through internal collaterals from
the movement control pathways on an adaptive network involved in
postural control. Both mechanisms are under adaptive gate and gain
control [7].

Because of the extreme complexity of such multi-
joint movements, models based on control theory have
only provided one approach to understanding
coordinated motions. Over the past decade Artificial
Neural Networks or ANNs have been developed to
predict patterns of muscle activity necessary to perform
a given motion or exertion. ANNs provide a structured
empirical method of identifying these patterns by
allowing an investigator to hypothesize an organization
of neurons and muscles, and then ask the question:
What level of specific neuromuscular activation would
result in a desired reaction, i.e. to move the hand along a
specific trajectory, or create a desired force or moment
at a specific joint? The complexity of the network that
one would use depends on the number of neural nodes
and muscle actions believed necessary to accurately
model an activity. A very simple network is depicted in
Figure 3, which would allow several different inputs Xp to
have a weighted Wkp summation effect on an output Yk.

The technical challenge in ANN development is to
derive the appropriate weighting values Wk. To do so
requires that a set of data be used wherein a large
variety of input and output conditions have been studied.
These data are used to “train” the network (i.e., develop
a set of Wk values) by systematically changing the model
Wk values and comparing the output values to the data
for given input values. Once a given level of accuracy is
achieved, the model can be used to predict output
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•
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Figure 3. A simple ANN used to model the effect of several different
inputs on an output.

performance for a more general set of input conditions,
i.e., it can be used to simulate performance. For
locomotion, ANNs have used muscle EMG amplitudes as
input patterns to predict desired joint motion patterns, as
described by Vaughan [8]. For torso exertion modeling
ANNs were developed that related movement input loads
to muscle EMG levels by Nussbaum, Martin and Chaffin
[9]. The procedures for this are depicted in Figure 4. What
appears to remain for the future is to use ANN technology
to study multi-joint, complex reaching motions. Because
of the large degree of co-contraction inherent to the
shoulder muscles, and the relatively light muscle loads
required in a reaching motion, such research will require
very sophisticated EMG measurement systems and ANN
modeling procedures.
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Figure 4. The back-propagation algorithm used to train an ANN may be
illustrated in flow chart form (left-hand side), while the actual running of
the network is shown on the right [8].

2. HUMOSIM REACH SIMULATION MODELING
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One of the practical considerations in simulating
realistic multi-joint motions is to have efficient software
and simple kinematic motion prediction models to enable
one to use a common personal computer to perform at
least 20 postural predictions per second while still
allowing time for updating the rendering of a human
graphic form for real-time visualization. This time
constraint is especially important for virtual reality
applications, as discussed by Badler, Phillips, and
Webber [10]. It also is important to provide a visually
smooth representation of a simulated motion quickly
during workplace and vehicle design analysis exercises
to allow “what if” questions to be evaluated efficiently.

The use of inverse kinematic algorithms for
sequential static posture prediction have been used for
over 20 years in this context. These algorithms typically
deal with a kinematic relationship in the displacement
domain (e.g., joint angles as a function of hand
trajectories). When combined with joint range-of-motion
constraints and an objective function, like minimizing the
energy or relative strength loading at each joint, non-
linear optimization algorithms can produce a set of
sequential postures [10] in a reasonable time frame,
though empirical data supporting the fidelity of the
resulting postures is not very evident in the literature
[11].

2.1 WEIGHTED PSEUDOINVERSE METHOD FOR
REACH MODELING- Zhang et al. [11] proposed and
validated an efficient differential inverse kinematic
approach for reach simulation. A four-segment 7-DOF
linkage as shown in Figure 5 was used to represent the
torso and right upper extremity.

Torso

Right Clavicle

Right Upper
Arm

R i g h t  H a n d  &
Forearm

04&05

06&07

01&02

03

Figure 5. A four-segment seven-DOF linkage representation of the
torso and right arm [11].

In this structure, seven degrees of freedom
account for the major motions involved in a right-handed
seated reach. They are measured by the following
seven-joint angles:

θ1-- torso flexion;
θ2 -- torso lateral bending;

θ3 --torso twisting (clavicle rotation);
θ4 --shoulder extension;
θ5 --shoulder abduction;
θ6 --humeral rotation; and
θ7 --elbow extension.

Based on the above established linkage, the
hand position can be derived as a function of the joint
angles and link lengths. Assume the link parameters are
constant. Let P = [ x y z ]T  and Θ = [θ1…θ7]

 T  be the three-
dimensional hand position and seven joint angles
respectively. The non-linear, complex relationship between
P and Θ can be expressed in an abstract form as

P = [ƒ1(θ1,…,θ7)  ƒ2(θ1,…,θ7) ƒ3(θ1,…,θ7)]
 T  = ƒ(Θ)   (1)

Given the hand position P, a unique posture that
has to be fully described by Θ cannot be determined from
the above relationship, because the number of unknowns
exceeds the number of equations available (i.e., the
system has kinematic redundancy). With the aid of
optimization, determination of Θ  is possible but often
associated with great complexity, particularly when the Θ
is of large scale. In fact, this is how kinematic redundancy
is typically resolved in static optimization approaches for
postural modeling.

Differentiating (1) with respect to time results in

Ý R  = Ý f (Q) = 
¶f

¶Q

Ý 
Q = J(Q) Ý

Q (2)

where ÝP  is the hand velocity, ÝQ  represents the joint
angular velocities, and J is the Jacobian matrix mapping
ÝQ  to ÝP . For the specific case in consideration, J is a 3x7

matrix with each element being

  
J ij =

¶ fi

¶ Q
( i = 1, 2, 3;    j = 1 K 7).  (3)

Equation (2) represents a linear relationship between the
hand (end-effector) velocity and joint angular velocity.
This method of using the velocity or rate rather than
position takes advantage of their linearity and is termed
differential kinematics. For redundant systems, there are

still an infinite number of ÝQ  that can provide the same ÝP .
However, by hypothesizing an objective function to
minimize the weighted Euclidean norm of angular velocity

C = W Ý 
Q , (4)

ÝQ  can be conveniently derived as

Ý 
Q = W-1 JW-1[ ]

#
Ý P . (5)
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In equation (5), the # symbolized the pseudoinverse of a
matrix, and W is a symmetric and positive definite 7x7
weighting matrix which can be expressed as

W = I •[w1 … w7] (6)

Where I denotes a 7x7 identity matrix. Each wi (i = 1-7)
corresponds to an individual joint angle.

The objective function as expressed by equation
(4) can be considered as a measure of the
instantaneous weighted effort. Therefore, the weighting
parameters w1-7  characterize a strategy of allocating the
effort among involved joints by minimizing the total
weighted effort. A relatively smaller value of the
weighting parameter indicates that the corresponding
joint angle tends to contribute more in a movement while
a greater value would “penalize” any change in the
designated angle. Unfortunately the estimation of values
for weighting the importance of each joint’s motion is not
straightforward. A simulated annealing method was
developed to derive the approximate values for W using
three error criteria: E1 the absolute angular error
averaged across the entire movement and seven joint
angles, E2 the absolute angular velocity averaged
across the entire movement and seven joints angles,
and E3 the absolute angular error of the ending frame
averaged across the seven joint angles. A set of 72
different reaching motions performed by six subjects
were used to estimate the weights. Each subject’s 3D
motions were captured at 25 Hz. The motions were
chosen to represent a large array of common reaches
from near the front of the body to overhead, away from
the body and to the right side, The resulting model
disclosed reasonable fitting errors could be achieved as
shown in Table 1.

Table 1. Statistical summary of fitting errors that result from applying
the proposed approach with four time-invariant weighting parameters
(one weight designated to each segment) to model 72 seated reach
motions.

Eval.  Function Mean Std. Dev. Median

E1 (deg) 3.3 2.7 2.4

E2 (deg/frame) 0.57 0.38 0.45

E3 (deg) 4.8 4.3 4.3

It was also revealed that the weighting values
tended to be small for the forearm and arm motions,
larger for clavicle segment, and still larger for torso
motions.

Thus it was concluded that if a hand trajectory can
be defined by a designer who is using this method, the
resulting reach postures can be well modeled. Further
work is needed, however to extend this approach for a
much larger array of one and two handed reaches, and
for more complex linkages.

2.2 FUNCTIONAL REGRESSION METHOD FOR
REACH MODELING - If one does not wish to specify the
intended hand motion trajectory, but rather has only a
starting posture and an ending target location to which
the hand is to reach, then a more general approach is
required. As discussed earlier, inverse kinematics with
optimization criteria can be used, but are computationally
difficult (time consuming) and may not result in
appropriate motions because the optimization criteria that
guide coordinate movements would appear to be very
dependent on specific situations.

It is for these reasons that we have chosen to
develop a very efficient empirical method. It is referred to
as the functional regression method for predicting joint
angles during the motion of a hand to a specific target. It
is particularly useful in dynamic motion modeling wherein
3D motion capture technologies can rapidly acquire very
large and dense data sets that are not very noisy
throughout a motion (i.e., the joint angles θ (t) are
smooth, regular and known).

Faraway [12] has developed a functional regression
model for this purpose. It uses the form:

θ (t) =βo(t) +Cχβχ (t) + C y βy(t) + Czβz (t)

    +CχC y βχ y (t) + C y Czβ y z(t) + CzCχβzχ (t)

    + Cχ
2βχ

2 (t) + C y 
2β y 

2 (t) + Cz

2βz

2 (t) + D

where:

θ (t) are the predicted joint angles over time,
Cχ, C y, and Cz are target coordinates,
β(t) are parametric functions to be estimated, and
D are demographic variables (e.g., age, stature,
gender, etc) which could modify the predictions.

Note that the model shown is a quadratic model, which
was found by Faraway [12] to account for approximately
80% of the joint angle deviations measured in one set of
reach data.

One of the nice aspects of this type of modeling is
that eigenfunctions can be derived which provide a
means to measure how well a particular model fits a set
of data at various points during a motion. It also provides
a means to place confidence limits around the θ (t)
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predictions so that data from different experimental
conditions and populations can be statistically
compared. An example of this is shown in Figure 6,
which shows the elbow included angles for a group of
subjects reaching from the steering wheel to an area at
the far right side of a radio located in the center of the

instrument panel.

Figure 6. The predicted elbow angle response (solid line) for a reach to
a new target situated between the radio and the glovebox, with 95%
simultaneous confidence bands for the mean response (inner pair) and
for the new observation (outer pair) also shown [12].

One of the limitations in this particular empirical
approach is that it models the posture only in terms of
angles so that when the terminal posture is
reconstructed using conventional forward kinematics the
hand may not coincide with the reach target. This is due
to variation in individual link lengths, the necessarily
approximate nature of the model and the variation in
reaching behavior. This problem has been attacked by
adding an inverse kinematic rectification scheme to the
empirical position predictions [13]. The present version
resolves the usual redundancy in inverse kinematic
predictions by choosing the posture that comes as close
as possible to angle-only model predictions while
satisfying the hand on the target constraint. Closeness is
defined by a metric that takes account of the varying
accuracies among the angles that define the posture.
This rectification scheme ensures that the hand is on the
target in the final posture but it necessarily involves
changes in the originally predicted locations of the elbow
and shoulder. These changes are usually improvements
as demonstrated in [13]. The amount of improvement to
be expected depends on many things but in a couple of
typical cases, the error at the shoulder was reduced by
an average 20% and the elbow by an average 50%.

A further improvement in the angle predictions is
being considered by our group. This method performs
the rectification by minimizing the Euclidean distances
between the angular velocity trajectories of the

empirically predicted and the rectified motion. Preliminary
results indicate that such a procedure produces smooth
motions (no discontinuities), is computationally efficient
and assures the hand ends at the intended target.

3. HUMOSIM BIOMECHANICS RESEARCH

The procedures described above provide a means
to efficiently estimate values for the joint kinematics
involved in normal reaching behaviors. These kinematic
values, when combined with a good digital human model
provide an improved means of assessing population
fit/clearance, reach and visibility requirements.

Population Strength
Prediction Model

• Hand Terminal Locations
• Hand Loads/Forces
• General Anthropometry (Strata)
• Workplace Geometry

Human Motion Simulation
Modeling

• % Population
Capable of
Exertion

• Spinal
Stresses
and Limits

• Shoulder
Stresses
and Limits

USER INPUTS:

MOTION PREDICTION:

BIOMECHANICAL PREDICTIONS:

BIOMECHANICAL OUTPUTS:

Internal Muscle,
Ligament, Bone
Force Prediction
Model

• Fit/Clearance
• Reach
• Visibility

GEOMETRIC OUTPUTS:

Figure 7. Diagram of University of Michigan’s HUMOSIM software
project.

In addition, within the Human Motion Simulation
HUMOSIM Laboratory we have linked an existing
biomechanical model to the kinematic model. The model
presently linked is the University of Michigan 3D Static
Strength Prediction ProgramTM. This provides a prediction
of population muscle strength requirements at each joint
throughout the movement. In addition, estimates of
lumbar motion segment compression and shear forces
are developed. The joint strength requirements and spinal
compression forces can then be compared to NIOSH
limits for injury risk analysis. The general logic for these
combined programs is illustrated in Figure 7. We also
have been working with a shoulder biomechanical model
developed at the University of Gothenberg, Sweden [14].
This model has been used to perform off-line analysis of
many different reaching motions by assuring I/O
compatibility of the motion model and the shoulder model.

4.HUMOSIM LABORATORY STUDIES

To develop a robust understanding and database
for unweighted and weighted reach modeling we have
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undertaken the following laboratory study. The motions
of the head, shoulder, right arm, forearm/hand, and torso
segments were first measured during controlled reaches
with a group of 20 men and women acting as subjects,
We also have enlarged the kinematic model to a seven-
link kinematic model with 19 DOF. This required a more
sophisticated motion capture system, which now
employs both an electro-magnetic (EM) Flock of Birds
system integrated with an optical Qualysis Expert Vision
system. The linkage and sensor locations are depicted in
Figure 8.

FOREHEAD
(glabella)

L. ACROMION

SUPRASTERNALE

TOP OF
SACRUM (L5/S1)

R. ACROMION

LATERAL
EPICONDYLE
OF HUMERUS

MID-METACARPAL
BONES

FINGER TIP

ANTERIOR SUPERIOR
ILIAC SPINE (ASIS)

TRAGION
(bisection)

C7/T1

L5/SPINE

SUPRASTERNALE

RADIALE

Figure 8. The internal kinematic linkage and surface EM (�) and
optical (m) markers used in HUMOSIM seated reach modeling.

A scheme for palpating 11 well defined bony
landmarks on subjects was developed, which provided
19 anthropometric variables (plus age and shoulder
strengths) to be available for scaling the linkage system.
In addition, 6 global and local joint angle coordinate
systems were defined to represent the instantaneous
positions of the segments comprising the linkage
system. The new linkage system has been programmed
into EAI-Transom JACKTM to compute the joint angles
from the motion capture systems.

4.1 INDUSTRIAL SEATED REACHES - The
industrial seat used in this study places the worker at a
level wherein the work bench is normally near elbow
height for an average size male when sitting erect. This
results in an H point about 67 cm above the floor. The
industrial seat used in this study had a lumbar support
and narrow backrest, which would allow considerable
torso rotation.

A small visual display was positioned on a shelf in
front of the seated person, slightly above erect elbow

height. This was meant to simulate the visual requirement
of a seated manufacturing/assembly operation. The right
and left hands rested immediately in front of the display,
with the right index finger resting on a contact switch, to
record the initiation and completion of each reaching
motion.
Figure 9. Diagram of targets in industrial reach simulator – front targets
move in and out.

Fifty-two (52) targets were positioned around the
subject. As shown in Figure 9, the targets were chosen in
this case to simulate different reaches across a large area
in front of the person, as well as to overhead, to far right
side, and to near right side floor level.

After a subject had completed a set of no-load
motions, a hand load was strapped in the palm of the
hand, the magnitude of which depended on the person’s
shoulder strengths. The reaches were then repeated with
the hand load.

4.2 AUTOMOBILE SEATED REACHES - Since the
earlier automotive database was acquired with a relatively
deep seat back and seat pan bolsters, both of which could
alter some of the reaching postures, it was decided to
perform the new studies with a seat having a less intrusive
bolster design, common to many lower priced vehicles. The
same type of reaches as used in the industrial reach study
were used, but the visual display was mounted forward of
the person and a steering wheel and pedal set was added
to the fixture.

4.3 TRUCK/BUS SEATED REACHES - Since a
truck/bus seat configuration raises the driver’s H point
approximately 22 cm from that in an automobile (H point =
26 cm), and normally may be quite flat to allow easier
access and mobility, a separate study was initiated using a
typical light truck/bus seat. The same set of reach targets
used for the automobile seat were used in this study.

5. SUMMARY

This paper has described several different
approaches now being used to study and understand
human reach behaviors. The philosophy adopted within
the HUMOSIM Laboratory has been one that assures that
any kinematic models used to predict dynamic reaches
are representative of actual movements performed in a
variety of circumstances. We have proposed that a
combination of new functional regression and
optimization based inverse kinematic models can be used
to meet this objective.

We also propose that once the kinematics of
certain reaches are successfully modeled, the resulting
motion parameters can be used as inputs to existing and
future biomechanical models, thus providing an excellent
means to assess ergonomic features within future digital
mock-ups.
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As a side benefit of this approach, because the
motion kinematics of groups of people are being studied
and quantified in statistical models, it is possible to
delineate the variability in motions between groups of
people. For instance, our motion simulation models now
reflect movement pattern differences due to gender and
age as well as anthropometry. A new study underway
will determine if a special type of motion aberration is
associated with people suffering from chronic mental
depression. Eventually, it is believed that the
biomechanical models now linked to our motion
simulation models will allow the prediction of movement
limitations and compensation when a person has a
specific muscle deficit or weakness, thus assisting in the
rehabilitation and return-to-work planning for such
individuals.

In summary, advanced motion capture systems,
database management methods, and new kinematic and
statistical modeling methods provide an excellent basis
for dramatically improving human motion simulation
technologies. Our HUMOSIM Laboratory is dedicated to
this development, and we welcome those interested in
this exciting venture.
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