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Abstract

In this article we propose a new method for accurate nonrigid motion analysis when point correspondence data is not available. Nonlinear
finite element models are constructed by integrating range data and prior knowledge about an object’s properties. The motion sequence is
recovered given an initial alignment of the model with the first frame of the sequence. The main idea of the method is to find the forces that
are responsible for the motion or shape deformation of the given object. The task is broken into subtasks of finding the forces for each frame.
Both absolute values and directions of these forces are taken into consideration and iteratively varied not only for each frame, but also
between the frames. Experimental results demonstrate the success of the proposed algorithm. The method is applied to man-made elastic
materials and human hand modeling. It allows for recovery of single and multiple forces using restricted (elastic-articulated) and completely
unrestricted (elastic) models. Our work demonstrates the possibility of accurate nonrigid motion analysis and force recovery from range
image sequences containing nonrigid objects and large motion without interframe point correspondences.q 1999 Elsevier Science B.V. All
rights reserved.

Keywords:Nonrigid motion analysis; Physically-based vision; Deformable models; Directed Hausdorff distance; Force-driven; Range image sequence; Finite
element analysis

1. Introduction

Motion analysis is an important research domain in
computer vision. Methods for nonrigid motion analysis
usually are based on certain nonrigidity assumptions that
take into consideration motion types such as elastic, articu-
lated, etc. For effective motion estimation, the physically-
based models require correspondence information [1] which
is often not available. In this article we propose a method for
nonrigid motion recovery without point correspondences.
The motion sequence is recovered given an initial alignment
of the model with the first frame of this sequence. The main
idea of the method is to find the forces that are responsible
for the motion or shape deformation of the given object. The
task is broken into subtasks of finding the forces for each
frame. We find the node corresponding to the most signifi-
cant difference between the model and the range data of the
moving object, apply the force along the smallest distance

from this node to three-dimensional (3-D) coordinates of the
object in the next frame, and calculate the new largest differ-
ence. Both absolute values and directions of these forces are
taken into consideration and iteratively varied not only for
each frame, but also between the frames.

One potential application for the proposed method is
human hand tracking for advanced human-computer inter-
action (HCI) and videoconferencing. In HCI problems the
term gesture commonly identifies many types of hand
movements for control of computer processes. There is a
continuing effort to involve human communication through
movement in the design and development of computer inter-
faces that adequately capture such natural forms of human
communication. This provides an attractive alternative to
cumbersome HCI interface devices [2]. In this case efficient
motion recovery is necessary for achieving the ease and
naturalness desired for HCI [2].

Hand motion experiments also allow for the graphical
interpretation of soft tissue behavior using strain-displace-
ment relationships. This can aid Repetitive Stress Injury
(RSI) analysis [3]. RSI is the term given to damage resulting
from repeated physical movements. This damage may be to
nerves, tendons, muscles, and/or other soft body tissues.
We have accessed the feasibility of applying combined
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computer vision and simulation techniques to the analysis of
RSI [3]. The proposed method can assist in collecting neces-
sary measurements without using feature points on the hand
to establish correspondences and still achieve precise track-
ing during the motion.

1.1. Previous work

This section presents a short review of the previous work
in related areas of computer vision such as gesture recogni-
tion, physically-based modeling, elastic and articulated
motion analysis, and matching and recognition using meth-
ods based on the minimum Hausdorff distance.

Metaxas and Terzopoulos [4] tracked articulated motion
using deformable superquadric models. Regh and Kanade
[5] used a 3-D hand model to track a hand. They compared
line features from the images with the project model and
performed incremental state corrections. Corrections were
local since the motion was relatively small. In [6] authors
used a kinematic model to predict occlusions and windowed
templates to track partially occluded objects, including
fingers. Similar work was presented by Kuch and Huang
[7] where the synthesis process could fit the hand model
to any person’s hand. Tracking scenarios were used to verify
its effectiveness. Delingette [8] used simplex meshes to
recover the shape by connecting separately built models.
Bobick and Wilson [9] treated gesture as a sequence of
states and computed configuration states along prototype
gestures. A review by Aggarwal and Cai [10] classified
approaches to the human motion analysis, the tasks
involved, and major areas related to human motion inter-
pretation.

Physically-based modeling is another active area of
research. Terzopoulos and Metaxas [11] presented a physi-
cally-based approach to shape modeling that simultaneously
satisfies the requirements of reconstruction and recognition.
DeCarlo and Metaxas [12] incorporated blending into
deformable models. Neuenschwander et al., [13] defined
deformable surfaces using elastic model representation as
triangulated meshes. Nastar and Ayache [14] dynamically
estimated nonrigid motion by physically-based deformable
models and described it using modal amplitudes and Fourier
harmonics. Kita [15] used an elastic model to extract regions
from several views of a deformable object and applied it to
analysis of X-ray images of a stomach. Sclaroff and Pent-
land [16] used finite element method (FEM) to obtain a
parametric description of nonrigid motion in terms of its
similarity to known extremal views. Young and Axel [17]
built a finite element model of the left ventricle to fit mate-
rials points tracked in biplanar views. Metaxas and Koh [18]
used local adaptive finite elements to represent 3-D shape
efficiently. Davis et al., [19] designed the Elastic Body
Spline (EBS) to approximate behavior of a homogeneous,
isotropic, elastic material subjected to a load. The EBS was
applied to matching 3-D magnetic resonance images
(MRI’s) used in the evaluation of breast cancer.

Huttenlocher et al., [20] presented an efficient method for
comparison of the model features with the image features
using the Hausdorff distance. Yi and Camps [21] described a
correlational method based on Hausdorff distance for
detecting occluding contours form markings for 3-D
modeling. Paumard and Aubourg [22] matched starts in
pairs of astronomical images. Vision research employing
the Hausdorff distance also was presented in other recent
articles [23,24]. Rucklidge [25] summarized methods that
efficiently use the minimum Hausdorff distance for tracking,
navigation and recognition.

Most closely related prior works have shown a significant
progress towards reliable estimation of nonrigid motion
using physically-based models. Basu and Pentalnd [26]
achieved tracking lip motions using a finite element model
that learns the correct physical model of human lips by
training from real data. To aid tracking, a set of marked
points was chosen to obtain feature sampling of the motion.
Kumar and Goldgof [27] used active contours (snakes) to
track the tagged grid in cardiac MR images. Intersections of
snake lines provided mapping between the images of
cardiac motion. Androutsos et al., [28] added image gradi-
ent direction to the energy functional and applied it to flow
trace images. The traces is a similar approach to obtain
correspondences needed for accurate nonrigid motion
recovery. Feature points were used for snake and placement.
Our previous work [3,29] used nonlinear FEM for human
skin and hand motion analysis assuming that point corre-
spondences are available. The method presented in this
work needs less data and does not depend on point corre-
spondence information. These are the novel aspects of the
proposed method.

2. Nonlinear finite element computation

The basic concept of the finite element method (FEM)
[30,31] is decomposition of a complex object into simpler
components called finite elements. The mechanical
response of an element is represented in terms of a finite
number of degrees of freedom (DOFs). These DOFs are
described as the value of the unknown function at the
nodal points. The response of an entire system is then
obtained by the discrete model created by assembling
the responses of all elements. The advantage of FEM is
the possibility of modeling the physics of the material
between the nodes. Having a set of material properties for
a given object can aid in a precise nonrigid motion tracking
of this object.

The modulus of elasticity, or Young’s modulus,E, is
defined as

E � Ds

D [
�1�

whereDs is the stress change andD [ is the strain change
[32]. The stress,s , can be viewed as force per unit area and
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the strain, [ , as changes of lengths per unit length. The
Poisson’s Ration,m, is defined as the ratio of the magnitude
of the transverse strain to the magnitude of the axial strain.

General nonlinear deformation theory defines the
displacement field as a combination of rigid-body motions
and pure deformations. Rigid-body motions include trans-
lations and rotations. Their main property is that the
distance between any pair of material points remains
unchanged. Any quantity that measures the change in length
between the neighboring points is a measure of pure
deformation.

Static nonlinear FEM problem can be expressed as

�K� �u�� �u� F� �u� �2�
where both a matrix of stiffness coefficientsK �u� �� � and a
force vector �F �u� � depend on the displacement vector�u.
Geometric nonlinearities refer to the nonlinearities in the
structure or component owing to the changing geometry
as it deflects. The stiffness changes because the shape
changes and/or the material rotates. The type of geometric
nonlinearities accounted for is large strain. It assumes that
the strains are no longer infinitesimal (they are finite). Shape
changes and rotations are also considered. The applied loads
on a body make it move (or deform) from the position�u1

and to the position�u2. Hence, the displacement vector is:

�u� �u2 2 �u1 �3�
The deformation gradient can be defined as:

�G� � 2 �u2

2 �u1
�4�

where deformation gradient includes the volume change, the
rotation and the shape change. The volume change at a
points is

dV2

dV1
� det�G� �5�

where det denotes determinant of the matrix. The deforma-
tion gradient can be separated into a rotation and a shape
using the right polar decomposition theorem:

�G� � �R��Us� �6�
where [R] is the rotation matrix and [Us] is the right stretch
(shape change) matrix. Once a stretch matrix is known, a
logarithmic or Hencky strain measure is defined as:

�[� � ln�Us� �7�
or, equivalently, through the spectral decomposition of [Us]:

�[� �
X3
i�1

ln�li�eie
T
i �8�

wherel i are eigenvalues of [Us] (principal stretches) andei

are eigenvectors of [Us] (principal directions). Hence, from
(6) the average rotation at a point can be calculated. Compu-
tationally, incremental approximation (defined in [33]) is
used by the ANSYS [34] program utilized in this research

for nonlinear FEM calculation. For more details about the
FE solution and implementation, please refer to [33,35].

3. Description of the method

The development of the method follows from a few basic
assumptions. First, a sufficient a priori knowledge of the
object is assumed, including geometry and material proper-
ties. If precise estimates of material properties (for instance,
Young’s modulus) are not available, even a range of values
is adequate to recover the motion. However, in this case
only relative forces (relative to the chosen material proper-
ties) applied to the object may be recovered. For instance, if
the properties are changed within the range of allowed
values (such as between 10 and 180 kPa for soft tissues
[36]), forces also change accordingly. Second, the method
is currently restricted to elastic or elastic/articulated types of
motion. The last assumption is the ‘‘small’’ motion between
the frames.

The error is defined between the model (fitted to the
current frame) and the next frame in the sequence by
employing the directed Hausdorff distance [20]. Distances
are identified between each nodemi in the finite element
model M and the nearest pointai in the next frameFn11,
and then the largest distance is selected. The directed Haus-
dorff distance can be defined as

h�f �M;Fn11�� � max
mi[M

min
ai[Fn1 1

jjmi 2 ai jj �9�

where f denotes some transformation that occurred as a
result of the motion or deformation, andjj:jj is the Euclidean
distance. The nodemi is, therefore, the furthest node from
any range object point inFn11. The force is estimated as
being along the directed Hausdorff distance frommi to Fn11

so as to force the model into correspondence with the image.
The distance computation is efficient since the number of

nodes in the model is relatively small. For example, the 3-D
model of the cup holder (in the next section) consists of 406
nodes. Even for more complex models, such as models of
the human hand, this number is still manageable. Hand
modeling allows for the dynamic refinement of the mesh
depending on the nature of the deformation and the size or
location of the region of interest. However, in our experi-
ments, the number of nodes stayed between 1316 and 1596.
If the number of nodes in the model ism and the number of
data points in the range image of the object isp then the
complexity of the method iso(mp) orV (p) since the number
of model nodes is significantly smaller than the number of
data points.

There are several reasons for using the directed Hausdorff
distance instead of the undirected distance. The model (as
described by its nodes) is not dense. Therefore, reverse
matching (defined as the matching of the data in the next
frame to the model) is not an accurate distance measure.
Moreover, we do not find feature points in the range data
corresponding to the model features. Thus, the reverse
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Hausdorff distance (the directed distance from the image to
the model [24]) is not defined. The adopted distance
measure is sufficient because of the small motion assump-
tion between the frames, adequately restricted models, and
iterative nature of our approach.

The algorithm of the proposed method is illustrated in
Fig. 1. Assume that the object is segmented and the model
is created. Segmentation can be either automatic or manual.
It is beyond the scope of this article. The solution can be
reached faster if some prior knowledge is available that
allows for localization of the region where motion occurred.
Otherwise this region can be determined, for example, by

comparing the output of some feature detector, such as an
edge detector, on the range images corresponding to both
frames (Section 4). Range images carry information about
surface discontinuities that can be picked up by the edge
detector, and therefore, provide a way to find the outline of
the object. Changes in the range data on the boundaries of
the object are more conspicuous than anywhere else in the
image. Comparison of the outlines from two frames
produces the location of the moving region(s). The range
data can also be analyzed directly. Most of the range images
provide a sufficiently precise depth information to threshold
it and, thus, separate the object from the background.

Since correspondences are unknown, the biggest force is
considered as being directed towards the largest displace-
ment in the next frame. We find the node corresponding to
the most significant difference between the model and the
range data of the moving object (we call it a ‘‘candidate
node’’). Then the force is applied along the smallest
distance from this node to 3-D coordinates of the object in
the next frame, and the new largest difference is calculated.

An approximate knowledge of forces applied to the object
is helpful in reducing the number of iterations, but is not
necessary for the method. Such preliminary information
about forces in a certain scenario can be gathered by running
some calibrating experiments. It is possible to find out the
range of forces for a specific type of motion as a solution to
the inverse problem (when we are given the result and
attempt to deduce the nature of the effect that caused it
[31]). The solution involves conducting a preliminary
experiment where correspondences are known, which
allows for applying precise displacements and recovery of
forces that can cause certain types of motion or deformation.
These preliminary values can be used as initial estimates for
subsequent runs. If it is not possible in certain cases to pre-
calibrate and get estimates for the ranges of forces, an
iterative strategy is adopted. The method starts with small
estimates of the forces and gradually increases (or reduces)
them during subsequent iterations. An example of the force
estimate is shown in Section 4.2. Each iteration is solved
using a finite element model of the object.

When making a choice (where to apply the force)
between two candidate nodes, the method favors the node
that was already selected in one of the previous iterations.
The same rule also applies if the difference in distances for
two ‘‘best’’ nodes is below some empirically determined
threshold,t . The threshold is estimated based on the accu-
racy of the range data (for our data it is set to 1 mm). The
number of forces, of course, can not be greater than the
number of nodes in the model. The process iterates (through
the force values and locations) until the difference between
the model and target image is minimal (or below a certain
threshold). Then it goes on to the next frame (Fig. 1). Hence,
there are multiple iterations between each pair of consecu-
tive image frames. The number of iterations depends on the
initial guess of the value and direction of the force, and on
the complexity of motion. However, the number of method
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iterations between the frames does not affect the overall
execution time significantly, since an increase in the number
of method iterations is usually followed by a decrease in
FEM iterations necessary for a nonlinear solution of each
iteration of the method.

4. Experimental results

The following experiments involve application of the
algorithm to sequences that include both intensity and
range images of objects moving nonrigidly. The image
dimensions are 640× 480, the frame rate is 10 frames per
s (in practice it takes longer as a result of range computa-
tion), and there are five images in each sequence. The first
two sequences describe the movement of a human hand,
specifically thumb and index finger motion. The motion is
investigated with a model that has articulated as well as
elastic properties. The third sequence, which depicts
squeezing motion, is examined with an elastic model.

4.1. Modeling principles

The first step in modeling hand motion is the geometric
representation of the hand itself. 3-D coordinate values of
the surface points are obtained from the range scanner. The
fingers, joints and forearm (the volumes of the model) are
three-dimensional and experience internal forces in all

dimensions. The geometry of our model is somewhat
simplified, and the volumes such as fingers, that are
supposed to be cylindrical, are rectangular. However, the
model is sufficient for accurate tracking of nonrigid motion.
The volumes are created such that the continuity of the
human body shape is ensured for any configuration of
joint angles. Bones are modeled as isotropic materials or
as rigid bodies (this approximation is justified since bones
do not undergo large deformations in these experiments).
The soft tissues are anisotropic; they are also capable of
undergoing large deformations and exhibit elastic behavior.
This is necessary to enable realistic simulation of joint
mechanics, including both soft tissue and rigid bone struc-
ture. To simulate joint movement, the motion is restricted by
allowing actual degrees of freedom (DOFs) for every joint.
The wrist is a universal joint and allows only two kinds of
rotational movements. The joints at the bases of the fingers
are universal joints allowing two DOFs (one for flexing,
another for spreading the fingers). Each finger has four
DOFs provided by two hinges and a universal joint.
Phalanges have only one rotational DOF. The model uses
a Young’s modulus value of 17 MPa for bone and a value in
the range of 10–180 KPa for soft tissues. The value of
Poisson’s ratio is 0.31 for bone and 0.49 for soft tissues.
Changing these properties within the given ranges does not
affect the tracking error. Chosen material properties agree
with corresponding values presented in recent studies [36].
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The meshed finite element model consists of 2066 solid
elements with 1614 nodes. Currently the model is fitted to
the range data in the first frame manually using points
marked on the hand. For more details about the model,
please refer to [3].

Another model used in this work is a completely elastic
model of a foam cup holder. This is also a true 3-D model,
based on 3-D hyperelastic solid elements. It consists of 965
elements and 406 nodes. No motion constraints are pre-
specified in the model. As almost any man-made object,
the cup holder allows for more precise description of its
surfaces and volumes using geometric entities such as cylin-
ders. Even more importantly, possible range of motion is
relatively large considering dimensions of the objects.

4.2. Thumb motion: restricted model, single force solution

Figs. 2(a) and (c) show the gray level intensity images
before and after thumb movement, respectively. The corre-
sponding range images are shown in Figs. 2(b) and (d).
Intensity images for the next three frames are displayed in
Figs. 2(e–g). Dark points on the skin are used for validation
only after the algorithm terminates.

The hand can be separated from the background by either
depth analysis of the range data or by applying the edge
detector to range images (Fig. 3). The gradient value is
200 (on the scale from 0 to 255). It is obviously very high
since we are looking only for highest changes in depth. The
latter also directs us to the moving region. Since range
images of the hand do not have such information as hair,
wrinkles, or points marked on the skin, the quality of edge
detection is adequate.

We assume that the model is fitted to the initial state
(shape and location) of the object before the motion, and
apply the force to the node selected using the directed Haus-
dorff distance. For instance, in one of the set of thumb

motion experiments, an initial force was applied as follows:
Fx[105] � 0.4(103); Fy[105] � 20.4(103); Fz[105] �
0.1(103), whereFx,Fy and Fz are three directional compo-
nents of the force and 105 is the number of the first selected
node. The value and direction of the force change for each
iteration, depending on the Hausdorff distance to the next
frame. However, the node where the force is estimated
happens to be the same in all iterations of this experiment;
as does the nature of the force-it is, rather, ‘‘pushing’’ the
finger in the calculated direction. We stop when the force
does not bring the model any closer to the next frame. The
average error in the positions of validation points for this set
of experiments in 7.2% (the difference between their posi-
tions predicted by the method and actual positions in the last
frame, relative to the actual motion). The behavior of the
tracking error (interpolation of iteration results for the
sequence) is shown in Fig. 4. In the beginning, the error is
high, then it gradually decreases. Circles represent results
for each frame. The error function is similar for the other
sequences. Results for each frame (not each iteration) are
shown in Fig. 5. The first image also contains the outline of
the thumb from the range data (dashed curve). For clarity,
this curve is shown away from the model. Force direction
changes are readily visible.

4.3. Index finger motion: restricted model, multiple forces

Intensity images of the index figure movement are shown
in Fig. 6. Notice the existence of occlusion in the later
frames. The process starts similarly to the experiment with
the thumb motion. However, the first estimate for the force
applied to the finger in the modeled hand bends it even more
at the ‘‘wrong’’ joint than at the ‘‘right’’ one. This happens
because all the degrees of freedom (present in joints of the
index finger) are left initially unrestricted. During one of the
subsequent iterations the method finds a different node and
applies the second force (solid arrow in Fig. 7) without
removing the first one (dashed arrow). When solving for
the next frames, the forces are exerted at these two nodes

L.V. Tsap et al. / Image and Vision Computing 17 (1999) 997–10071002

Fig. 3. Edge detection applied to range images.
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the sequence). Circles represent results for each frame.



again and again. Although the values and directions of these
forces change slightly, they cause the same type of move-
ments to continue until the alignment with the last frame is
achieved. The average estimated error for the experiments
involving the index finger motion is 7.9%. It is slightly
higher because this motion is less restricted and involves
more forces.

Hand motion experiments also allow for the graphical
interpretation of soft tissue behavior as a function of
displacements. This can aid the application of combined
computer vision and simulation techniques to the Repetitive
Stress Injury (RSI) analysis. Strain map reconstruction and
location of the areas with abnormally high strains facilitates
the establishment of threshold limit values for various types
of hand motion [3]. Selection of potentially dangerous
movements requires one to look for strains higher than
usual for this type of motion. Since absolute material
properties are not readily available for every person, strains

estimated in this way are not likely to be very accurate when
compared to strain measurements on body tissues. However,
the estimated strains (relative values) may still be useful for
evaluating RSI, for instance, to determine the location of the
highest strain. Safe and unsafe levels of the workload (for
instance, when typing at the keyboard) may be defined as a
function of its value, duration and repetitiveness. Measure-
ments like this can be individual. The proposed method can
assist in collecting such measurements without using feature
points on the hand to establish correspondences and still
achieve precise tracking during the motion.

A typical strain map is shown in Fig. 8. It includes the
legend on the right where darker boxes correspond to higher
strains. The value of maximum strain in Fig. 8 is only about
8% different from the result achieved using point correspon-
dence information. The location of maximum strain is the
same in both cases (see the circled region at the base of the
index finger). This means that the method is promising
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enough to be used as a first step in the strain reconstruction
process.

4.4. Cup holder squeezing: completely unrestricted model,
multiple forces

Consider the squeezing of a foam cup holder (as shown in
Fig. 9). The model was described in Section 4.1. The
method proceeds as in the previous cases after the manual
object segmentation and alignment of the model with the
first frame of the sequence. Since the nature of applied loads
is known, the force can be estimated over a larger area than
just one node in order to simulate the pressure applied with a
finger. To produce a desired result, it is applied to a set of
neighboring elements. When the directed Hausdorff
distance points to a node, all adjacent elements are selected
as a set for such application. If no prior knowledge about the
force is available, the method proceeds by applying forces to
one node at a time. The end result is the same, however, it
takes longer to achieve it.

The process finds two such sets with almost diametrically
opposite forces. During the iterations, in this case, force
direction does not change, only the values are re-estimated
(Fig. 10). The average final error (8.5%) for all cup holder
experiments is higher compared to the hand motion experi-
ments because the model is completely elastic and, there-
fore, less restricted. Since the cup holder represents a
controlled environment which allows for recovery of
precise geometry and material properties, the resulting
force can also be found numerically. The computed value
of the force in this experiment which corresponds to the last
frame of the sequence is 10.49 newton (N). Comparison of

the force predicted by the algorithm with the physical
measurements is presented in the next subsection.

4.5. Comparison of predicted forces with physical
measurements

Correlation of the force predicted by the algorithm to the
physical measurement of the force is demonstrated using the
following experiment. During the experiments one end of
the object is fixed while variable weights are applied to the
other end (Fig. 11). In this case the force is the result of
gravity. Since the weight is measured, the force becomes
known (F�mg� 0.25× 9.8� 2.45 N). Force estimated by
the method is 2.1 N. The difference is 14.2%. Other experi-
ments show that the difference is less than 20%. Such corre-
lation can be demonstrated only if some prior knowledge of
the forces exerted on the object is available, and the
approach can result in a precise number of real forces.
Otherwise, the resulting forces are not unique since there
exist multiple configurations that bring the model into the
alignment. However, this knowledge is not necessary for the
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Fig. 7. Multiple estimated forces shown as arrows.

Fig. 8. Strain distribution.

Table 1
Summary of results

Experiment Thumb Index Finger Cup holder

Average Error, % 7.2 7.9 8.5



success of correspondence analysis and motion tracking.
The method results in one of the solutions which fully
explains the data.

5. Summary and conclusions

In this article we proposed a new algorithm for accurate
nonrigid motion analysis without interframe point corre-
spondences. The method is based on the iterative analysis
of the directed Hausdorff distance between the model and
the next frame in the sequence. The forces that perform the
transformation are estimated according to this difference.
Advantages of the model-based approach include having a

minimal amount of information (no point correspondences
needed) utilized to pull the model to a new frame. This
means that the models are well constrained, especially in
the hand motion experiments.

Experimental results demonstrated the success of the
proposed algorithm (Table 1). The method was applied to
man-made elastic materials and human hand modeling. It
allowed for recovery of single and multiple forces using
restricted (elastic articulated) and completely unrestricted
(elastic) models. We have recovered nonrigid motion in
various sequences of range images without point correspon-
dences. If some prior knowledge of the forces exerted on the
object is available, the approach can result in a precise
number of real forces. Otherwise, the resulting forces are
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Fig. 9. Squeezing the cup holder.

Fig. 10. Results for the cup holder experiment.



not unique since there exist multiple configurations that
bring the model into the alignment. However, this knowl-
edge is not necessary for the success of correspondence
analysis and motion tracking. The method results in one
of the solutions which fully explains the data. The necessary
assumptions for all of the presented experiments include the
knowledge of the material properties of the object and the
availability of the accurate range data.

Hand motion experiments also allow for the graphical
interpretation of soft tissue behavior using strain-displace-
ment relationships. This can aid in the Repetitive Stress
Injury (RSI) analysis [3]. Safe and unsafe levels of the
workload (for instance, when typing at the keyboard) may
be defined as a function of its value, duration and repetitive-
ness. Measurements like this can be individualized. The
proposed method can assist in collecting such measure-
ments without using feature points on the hand to establish
correspondences and still achieve precise tracking during
the motion. Other applications that can benefit from this
method are gesture recognition and videoconferencing.
Our work demonstrates the possibility of accurate quantita-
tive analysis of non-rigid motion in range image sequences
containing 3-D objects without point correspondence infor-
mation.
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