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Abstract

Active or deformable models have emerged as a popular modeling paradigm in computer vision. These models have the exibility to adapt themselves to the image data,
o ering the potential for both generic object recognition and non-rigid object tracking.
Because these active models are underconstrained, however, deformable shape recovery
often requires manual segmentation or good model initialization, while active contour
trackers have been able to track only an object's translation in the image. In this paper, we report our current progress in using a part-based aspect graph representation
of an object [14] to provide the missing constraints on data-driven deformable model
recovery and tracking processes.
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1 Introduction
In the computer vision community, active or deformable models have emerged as a popular
modeling paradigm, and have been applied to both the problems of shape recovery and shape
tracking. The approaches to shape recovery are exempli ed by the class of deformable or
active model recovery techniques, in which a model contour (in 2-D) or surface (in 3-D)
adapts itself to the image data under the in uence of \forces" exerted by the image data
[18, 26, 27, 25]. As shown in Figure 1, points on the model are \pulled" towards corresponding
(e.g., closest) data points in the image, with the integrity of the model often maintained by
giving the model physical properties such as mass, sti ness, and damping. Having such
exible models is critical in an object recognition system, particularly when object models
are more generic and do not specify exact geometry.
As powerful as these data-driven, deformable model recovery techniques are, they are
not without their limitations. Their success relies on both the accuracy of initial image
segmentation and initial placement of the model given the segmented data. For example,
such techniques often assume that the bounding contour of a region belongs to the object,
a problem when the object is occluded. Furthermore, focusing only on an object's silhouette assumes 3-D models with rotational symmetry, i.e., no surface discontinuities, e.g., [25].
In addition, such techniques often require a manual segmentation of an object into parts
to which models are tted, e.g., [26]. If the models are not properly initialized, a canonical t may not be possible, e.g., [23]. These limitations are a consequence of using such
unconstrained models.
Data-driven, deformable models have also been applied to the problem of tracking both
2-D and 3-D shapes. As shown in Figure 2, a properly initialized model in one frame is
placed in a subsequent frame and, provided the motion is small between the two frames,
will change its position and shape to align itself with the data in the new frame. These
data-driven approaches to shape tracking track the silhouette of a blob in 2-D (or surface
of a blob in 3-D), e.g., [18, 6, 24]. Although 2-D translation can be recovered and, in some
cases, translation in depth (e.g., [5]), lack of any model information prevents the recovery of
rotation in depth and the detection of occlusion.
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Figure 2: Data-Driven Object Tracking

4

In this paper, we show how an object representation integrating object-centered volumetric part models and viewer-centered part aspects, introduced in [14], can be used to provide
strong constraints on the recovery and tracking of 3-D shape using deformable models. We
review our current progress in a number of areas, including the recovery of 3-D deformable
models from both 2-D and 3-D data, and both the qualitative and quantitative tracking of
3-D shape from 2-D data. An emerging theme thoughout the discussion will be the use of an
aspect-based shape description to provide a number of powerful constraints whose absence
limits current work in the recovery and tracking of deformable models. In the following
sections, we review the object representation, and show how its application to both shape
recovery and tracking can overcome the limitations of the deformable model shape recovery
and tracking approaches described above.

2 A Parts-Based Aspect Representation
In this section, we brie y review a representation which models an object's 3-D shape in
terms of a set of qualitatively-de ned volumetric parts [14]. This representation, combining
both object-centered and viewer-centered models, forms the backbone of our qualitative
shape recovery and object recognition (both top-down and bottom-up) paradigms, reported
in [16, 15, 9, 10]. In the following sections, we will see how this same representation can be
used to constrain the recovery and tracking of deformable models from both 2-D and 3-D
image data.
The hybrid representation we use to describe objects draws on two prevalent representation schools in the computer vision community. The rst school is called object-centered
modeling, whereby three-dimensional object descriptions are invariant to changes in their
position and orientation with respect to the viewer. The second school is called viewercentered modeling, whereby an object description consists of the set of all possible views
of an object, often linked together to form an aspect graph. Object-centered models are
compact, but their recognition from 2-D images requires making 3-D inferences from 2-D
features. Viewer-centered models, on the other hand, reduce the recognition problem from
three dimensions down to two, but incur the cost of having to store many di erent views for
each object.
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In order to meet the goals of qualitative object modeling and matching, we rst model
objects as object-centered constructions of volumetric parts chosen from some arbitrary,
nite set of part classes [14]. It is at the volumetric part modeling level, that we invoke
the concept of viewer-centered modeling. Traditional aspect graph representations of 3-D
objects model an entire object with a set of aspects (or views), each de ning a topologically
distinct view of an object in terms of its visible surfaces [19]. Our approach di ers in that
we use aspects to represent a (typically small) set of volumetric parts from which objects
appearing in our image database are constructed, rather than representing the entire object
directly.
Our goal is to use aspects to recover the 3-D volumetric parts that make up the object in
order to carry out a recognition-by-parts procedure, rather than attempting to use aspects
to recognize entire objects. The advantage of this approach is that since the number of
qualitatively di erent volumes is generally small, the number of possible aspects is limited
and, more important, independent of the number of objects in the database. By having
a suciently large set of volumetric part building blocks, and by assuming that objects
appearing in the image database can be composed from this set, our training phase, which
computes the part views, is independent of the contents of the image database.
The disadvantage of our hybrid representation is that if a volumetric part is occluded
from a given 3-D viewpoint, its projected aspect in the image will also be occluded. We
must therefore accommodate the matching of occluded aspects, which we accomplish by use
of a hierarchical representation we call the aspect hierarchy. The aspect hierarchy consists
of three levels, consisting of the set of aspects that model the chosen volumes, the set of
component faces of the aspects, and the set of boundary groups representing all subsets of
contours bounding the faces. The ambiguous mappings between the levels of the aspect
hierarchy are captured in a set of upward and downward conditional probabilities, mapping
boundary groups to faces, faces to aspects, and aspects to volumes [8]. The probabilities
are estimated from a frequency analysis of features viewed over a sampled viewing sphere
centered on each of the volumetric classes.
The representation for aspects has a tremendous impact on the coverage of the 3-D part
classes. If aspects encode a precise speci cation of angles between lines, curvature, etc.,
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Figure 3: The Ten Modeling Primitives
then even slightly stretching or bending a volumetric part, for example, would give rise to
a new set of aspects. To ensure that our volumetric part classes are invariant to minor 3-D
shape deformations, we make our aspects invariant to minor 2-D shape deformations. Thus,
faces and boundary groups encode qualitative relationships (e.g., cotermination, parallelism,
and symmetry) between qualitatively-de ned contours (e.g., straight, convex, and concave),
while aspects simply encode adjacencies between labeled faces.
For the experiments reported in this paper, we have selected a set of ten volumetric
part classes, illustrated in Figure 3, while Figure 4 illustrates a portion of the corresponding
aspect hierarchy. To construct objects, the primitives are attached to one another with the
restriction that any junction of two primitives involves exactly one distinct surface from each
primitive.
In an unexpected, or bottom-up, recognition framework, the aspect hierarchy is used
to recover faces, aspects, and nally volumes from a region-segmented image, as shown in
Figure 5, while in an expected, or top-down recognition framework, the aspect hierarchy
is used to direct a Bayesian search strategy mapping target objects to target faces in the
image, as shown in Figure 6. Details of these strategies will not be presented here, and can
be found in [16, 15, 9, 10].
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Figure 4: The Aspect Hierarchy

3 Shape Recovery from a 2-D Image
In [16, 15, 9, 10], we outlined techniques for recovering and recognizing 3-D objects from
a single 2-D image. Although the technique segments the scene into a set of qualitativelyde ned parts, no metric information is recovered for the parts nor is the 3-D position and
orientation of the parts recovered. For problems such as subclass recognition, where ner
shape distinctions are necessary, and grasping, where accurate localization is critical for
gripper placement, these qualitative recognition strategies do not recover sucient metric
shape information.
In this section, we describe a technique whereby the recovered qualitative shape is used to
constrain the physics-based recovery of a deformable quantitative model from the recovered
image contours. As shown in Figure 7, distances between a recovered aspect and a projected
model aspect are converted to 2-D image forces. These forces, in turn, are mapped to a set
of generalized forces which deform the model and bring its projection into alignment with
the recovered aspect. The technique: 1) ensures that only data used to infer object shape
will exert forces on the model; 2) is not sensitive to model initialization; 3) is able to recover
shapes with surface discontinuities; and 3) uses qualitative shape knowledge to constrain
shape recovery. Details of the algorithm can be found in [21, 12].
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10

Deformable
Model
Convert 2−D
Image Forces to
3−D Model
Forces

Projected
Model

Recovered
Aspect
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3.1 The Geometry of the Deformable Model
Geometrically, the quantitative shape models that we recover are closed surfaces in space
whose intrinsic (material) coordinates are u = (u; v), de ned on a domain [25, 12]. The
positions of points on the model relative to an inertial frame of reference  in space are given
by a vector-valued, time-varying function of u:

x(u; t) = (x1(u; t); x2(u; t); x3(u; t))>

(1)

where > is the transpose operator. We set up a noninertial, model-centered reference frame
 [20], and express these positions as:

x = c + Rp;

(2)

where c(t) is the origin of  at the center of the model, and the orientation of  is given
by the rotation matrix R(t). Thus, p(u; t) denotes the canonical positions of points on the
model relative to the model frame. We further express p as the sum of a reference shape
s(u; t) (global deformation) and a displacement function d(u; t) (local deformation):

p = s + d:

(3)

We de ne the global reference shape as

s = T(e(u; a0; a1; : : :); b0; b1; : : :):

(4)

Here, a geometric primitive e, de ned parametrically in u and parameterized by the variables
ai , is subjected to the global deformation T which depends on the parameters bi . Although
generally nonlinear, e and T are assumed to be di erentiable (so that we may compute
the Jacobian of s) and T may be a composite sequence of primitive deformation functions
T(e) = T1(T2(: : : Tn(e))). We concatenate the global deformation parameters into the
vector
qs = (a0; a1; : : : ; b0; b1; : : :)>:
(5)
Even though our technique for de ning T is independent of the primitive e = (e1; e2 ; e3)> to
which it is applied, we will use superquadric ellipsoid primitives due to their suitability in
vision applications.
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Figure 8: Geometry of Deformable Models
We rst consider the case of superquadric ellipsoids [1], which are given by the following
formula:
0
1

BB a1 Cu1 Cv 2
e = a BBB a2Cu1 Sv 2
@
a3 Su

1

CC
CC ;
CA

(6)

where =2  u  =2 and   v < , and where Sw  = sgn(sin w)j sin wj and Cw  =
sgn(cos w)j cos wj, respectively. Here, a  0 is a scale parameter, 0  a1; a2 ; a3  1 are
aspect ratio parameters, and 1 ; 2  0 are \squareness" parameters.
We then combine linear tapering along principal axes 1 and 2, and bending along principal
axis 3 of the superquadric e1 into a single parameterized deformation T, and express the
1

These coincide with the model frame axes

x; y

and respectively.
z
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reference shape as:

1
0
t1 e3 + 1) e + b cos( e3 +b2 b )
(
1
1
BB aa3 w
aa3 w 3 C
CC
B
CC ;
s = T(e; t1; t2; b1; b2; b3) = BB ( aat23ew3 + 1) e2
A
@

(7)

e3

where 1  t1 ; t2  1 are the tapering parameters in principal axes 1 and 2, respectively;
b1 de nes the magnitude of the bending and can be positive or negative;
1  b2  1
de nes the location on axis 3 where bending is applied; and 0 < b3  1 de nes the region
of in uence of bending. Our method for incorporating global deformations is not restricted
to only tapering and bending deformations. Any other deformation that can be expressed
as a continuous parameterized function can be incorporated in our global deformation in a
similar way.
We collect the parameters in s into the parameter vector:

qs = (a; a1; a2; a3; 1; 2; t1; t2; b1; b2; b3)>:

(8)

The above global deformation parameters are adequate for quantitatively describing the ten
modeling primitives shown in Figure 3. In the following section, we describe how these
global deformation parameters, describing a volume's quantitative shape, are recovered from
an image. In cases where local deformations d are necessary to capture object shape details,
we use the nite element theory and express the local deformations as

d = Sqd;

(9)

where S is the shape matrix whose entries are the nite element shape functions, and qd are
the model's nodal local displacements [20].

3.2 Simpli ed Numerical Simulation
When tting the quantitative model to visual data, our goal is to recover q = (q>c ; q> ; q>s ; q>d )>,
the vector of degrees of freedom of the model. The components qc, q , qs, and qd, are the
translational, rotational, global deformation, and local deformation degrees of freedom, respectively. Our approach carries out the coordinate tting procedure in a physics-based way.
We make our model dynamic in q by introducing mass, damping, and a deformation strain
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energy. This allows us, through the apparatus of Lagrangian dynamics, to arrive at a set
of equations of motion governing the behavior of our model under the action of externally
applied forces.
The Lagrange equations of motion take the form [25]:

Mq + Dq_ + Kq = gq + fq ;

(10)

where M, D, and K are the mass, damping, and sti ness matrices, respectively, where gq
are inertial (centrifugal and Coriolis) forces arising from the dynamic coupling between the
local and global degrees of freedom, and where fq (u; t) are the generalized external forces
associated with the degrees of freedom of the model. If it is necessary to estimate local
deformations in (10), we tessellate the surface of the model into linear triangular elements.
For fast interactive response, we employ a rst-order Euler method to integrate (10).2
However, in tting a model to static data, we simplify these equations by setting both M
and K to zero, yielding a model which has no inertia and comes to rest as soon as all the
applied forces vanish or equilibrate.

3.3 Applied Forces
In the dynamic model tting process, the data are transformed into an externally applied
force distribution f (u; t). We convert the external forces to generalized forces fq which act
on the generalized coordinates of the model [25]. We apply forces to the model based
on di erences between the model's projected points and points on the recovered aspect's
contours. Each of these forces is then converted to a generalized force fq that, based on (10),
modi es the appropriate generalized coordinate in the direction that brings the projected
model closer to the data. The application of forces to the model proceeds in a face by
face manner. Each recovered face in the aspect, in sequence, a ects particular degrees of
freedom of the model. In the case of occluded volumes, resulting in both occluded aspects
and occluded faces, only those portions (boundary groups) of the regions used to infer the
faces exert external global deformation forces on the model.
2

In Section 6, we will see how Equation (10) is also used in object tracking.
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3.4 Model Initialization
One of the major limitations of previous deformable model tting approaches is their dependence on model initialization and prior segmentation [27, 25, 23]. Using our qualitative
shape recovery process as a front end, we rst segment the data into parts, and for each
part, we identify the relevant non-occluded data belonging to the part [16, 15, 9, 10]. In
addition, the extracted qualitative volumes explicitly de ne a mapping between the image
faces in their projected aspects and the 3-D surfaces on the quantitative models. Moreover,
the extracted volumes can be used to immediately constrain many of the global deformation
parameters. For example, from the qualitative shape classes, we know if a volume is bent,
tapered, or has an elliptical cross-section.
Although the initial model can be speci ed at any position and orientation, the aspect
that a volume encodes de nes a qualitative orientation that can be exploited to speed up
the model tting process. Sensitivity of the tting process to model initialization is also
overcome by independently solving for the degrees of freedom of the model. By allowing
each face in an aspect to exert forces on only one model degree of freedom at a time, we
remove local minima from the tting process and ensure correct convergence of the model.

3.5 Examples
To illustrate the tting stage, consider the contours belonging to the recovered tapered
cylinder, shown in Figure 9. Having determined during the qualitative shape recovery stage
that we are trying to t a deformable superquadric to a tapered cylinder, we can immediately
x some of the parameters in the model. In addition, the qualitative shape recovery stage
provides us with a mapping between faces in the image and physical surfaces on the model.
For example, we know that the elliptical face maps to the top of the tapered cylinder, while
the body face maps to the side of the tapered cylinder. For the case of the tapered cylinder,
we will begin with a (superquadric) cylinder model and will compute the forces that will
deform the cylinder into the tapered cylinder appearing in the image. Assuming that the x
and y dimensions are equal, we compute the following forces:
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1. The cylinder is initially oriented with its z axis orthogonal to the image plane. The rst
step involves computing the centroid of the elliptical image face (known to correspond
to the top of the cylinder). The distance between the centroid and the projected
center of the cylinder top is converted to a force which translates the model cylinder.
Figure 9(a) shows the image contours corresponding to the lamp shade and the cylinder
following application of this force. Figure 9(b) shows a di erent view of the image plane,
providing a better view of the model cylinder.
2. The distance between the two image points corresponding to the extrema of the principal axis of the elliptical image face and two points that lie on a diameter of the top
of the cylinder is converted to a force a ecting the x and y dimensions with respect to
the model cylinder. Figures 9(c) and 9(d) show the image and the cylinder following
application of this force.
3. The distance between the projected model contour corresponding to the top of the
cylinder and the elliptical image face corresponds to a force a ecting the orientation
of the cylinder. Figures 9(e) and 9(f) show the image and the cylinder following
application of this force. This concludes the application of forces arising from the
elliptical image face, i.e., top of the tapered cylinder.
4. Next, we focus on the image face corresponding to the body of the tapered cylinder to
complete the tting process. The distance between the points along the bottom rim
of the body face and the projected bottom rim of the cylinder corresponds to a force
a ecting the length of the cylinder in the z direction. Figures 9(g) and 9(h) show the
image and the cylinder following application of this force.
5. Finally, the distance between points on the sides of the body face and the sides of
the cylinder corresponds to a force which tapers the cylinder to complete the t. Figures 9(i) and 9(j) show the image and the tapered cylinder following application of this
force.
As shown in the above example, the recovered aspect plays a critical role in constraining the
tting process. tracking.
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Figure 9: Quantitative Shape Recovery for Lamp Shade
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Figure 10: Sequence of steps in the recovery of a deformable superquadric block from a
recovered occluded aspect of a block.
In Figure 10, we show a set of snapshots extracted from the recovery of a block volume
from a partial aspect recovered from an image of a block. Although one of the faces (top face)
has been corrupted due to both shadow and occlusion, only those portions of its bounding
contour that were used to match the recovered aspect's component face actually exert forces
on the deformable model. Only by encoding qualitative shape information in the models
(aspects) can we decide which contours belong to the object we are trying to recover.

4 Shape Recovery from a 3-D Image
The aspect hierarchy was originally introduced as a representation to support 3-D object
recognition from 2-D images. By having faces in the aspect hierarchy represent 3-D surfaces
instead of 2-D projections of 3-D surfaces, the aspect hierarchy can now be used to constrain
the recovery and recognition of 3-D objects from range data. Furthermore, by adding face
attributes such as mean and Gaussian curvature, we can e ectively prune many of the
mappings from boundary groups to faces, faces to aspects, and aspects to volumes. We call
the new aspect hierarchy, the range aspect hierarchy [13].
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(a)

(b)

(c)
(d)
Figure 11: Qualitative Shape Recovery: (a) range image, (b) region segmentation, (c) recovered qualitative block, and (d) recovered qualitative cylinder
We demonstrate our approach by recovering the two parts in the range image shown in
Figure 11(a)3; the region segmented image is shown in Figure 11(b). For this example, we
invoked the expected object recognition mode to rst search for the best instance of a block.
Figure 11(c) shows the highlighted aspect recovered for the block; only those contours used
to infer the block are highlighted in the image. Note that the most probable aspect for the
block (containing three faces) was not recovered; however, the next most probably aspect
(containing two faces) was recovered and used to locate the block. Figure 11(d) shows the
highlighted aspect recovered for the cylinder.
For each of the two recovered qualitative volumes, we now proceed to show the results
of using the recovered qualitative shape to constrain the tting of a deformable model to
3 The image was captured using a Technical Arts Scanner at the Michigan State University's PRIP
Laboratory.
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the original range data. In Figures 12(a-c), we show the initial, an intermediate, and the
nal frame in the sequence of model deformations taking the initial model to its nal shape
describing the block. For clarity, only the recovered contours belonging to the block's recovered aspect are shown in the sequence. Next, in Figures 12(d-g), we show the initial, two
intermediate, and the nal frame in the sequence of model deformations taking the initial
model to its nal shape describing the cylinder. Finally, in Figure 12(h), we show the two
tted parts together from a di erent viewpoint.
The tting constraints provided by the recovered qualitative shape allows the deformable
model tting process to be invariant to initial position, orientation, and shape of the model.
Unfortunately, relying on the correspondence between recovered image faces and model surfaces means that the recovery process is sensitive to region segmentation errors. However, by
only allowing high-scoring volumes to constrain the tting process, the chances of letting any
region segmentation problems a ect the tting process is low. In fact, low-scoring volumes
can be used to guide the sensor to acquire a higher-scoring volume [10].

5 Qualitative Shape Tracking
There are two ways in which an object can be tracked. If we have identi ed the object in the
image from the qualitative shapes of its parts, we would like to be able to qualitatively track
the object as it moves, for example, from \front" to \side" to \back" without knowing the
exact geometry of the object. Alternatively, if we have used the recovered qualitative shape
to recover the exact geometry of the object, then we would also like to be able to track the
object's exact position and orientation, and possibly its shape if it is non-rigid.
In this section, we describe our approach to qualitative shape tracking, while in the next
section, we address the problem of quantitative shape tracking. Our approach to qualitative
object tracking, as shown in Figure 13, combines a symbolic tracker and an image tracker [11].
Just as we used a qualitative shape model to govern a data-driven shape recovery process,
we will use the same qualitative shape model to govern a data-driven shape tracking process.

21

(a)

(b)

(c)

(d)

(e)

(f)

(g)
(h)
Figure 12: Selected Frames from the Part Fitting Sequence: (a) Initial Block Frame; (b)
Intermediate Block Frame; (c) Final Block Frame; (d) Initial Cylinder Frame; (e) Intermediate Cylinder Frame; (f) Second Intermediate Cylinder Frame; (g) Final Cylinder Frame;
(h) Recovered Object from a Di erent Viewpoint.
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Figure 13: Qualitative Object Tracking
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5.1 Image Tracker
The image tracker employs a representation called an adaptive adjacency graph, or AAG.
The AAG is initially created from the contours belonging to a recovered aspect, and consists
of a network of active contours (snakes) [18]. The active contours are controlled by internal
and external forces and change their shape and location so as to minimize their total energy
de ned as:
Z1
(Eint (v(s))ds + Eimage (v(s))ds + Econ(v(s))ds)
(11)
Econtour =
0

( ) = a parametric representation of the contour

v s

represents internal energy corresponding to e ects of contour bending or spanning discontinuities, and represents membrane and thin plate behaviors of the contour. External
energy consists of two terms, Eimage and Econ. The rst term represents forces exerted by
the image, while the second represents external constraints. Econ represents external energy
imposed by a user in the form of repelling forces or constraints attaching a point of the snake
to a particular location in the image or to a point on another snake. Desired e ects of snake
dynamics are achieved by selecting the relative weights of factors controlling the snake.
Eimage , or the force image, is created by a sequence of morphological smoothing and
gradient operators. The gradient image is thresholded and the result is blurred with a
Gaussian. The standard deviation, s, of the Gaussian kernel determines the size of the
zone of in uence (potential well) around each image feature. Selection of s depends on the
expected density of features in the image and the disparity between successive images.
The AAG encodes the topology of the network's regions, as de ned by minimal cycles of
contours. Contours in the AAG can deform subject to both internal and external (image)
forces while retaining their connectivity at nodes. Connectivity of contours is achieved by
imposing constraints (springs) between the contour endpoints. If an AAG detected in one
image is placed on another image that is slightly out of registration, the AAG will be \pulled"
into alignment using local image gradient forces.
The basic behavior of the AAG is to track image features while maintaining connectivity
of the contours and preserving the topology of the graph. This behavior is maintained as
long as the positions of active contours in consecutive images do not fall outside the zones
Eint
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of in uence of tracked image features. This, in turn, depends on the number of active
contours, the density of features in the image, and the disparity between successive images.
If either the tracked object or the camera moves between successive frames, the observed
scene may change due to disappearance of one of the object faces. The shape of the region
corresponding to the disappearing face will change and eventually the size of the region will
be reduced to zero. The image tracker monitors the sizes and shapes of all regions in the
AAG and detects such events. When such an event is detected, a signal describing the event
is sent to the symbolic tracker.

5.2 Symbolic Tracker
The symbolic tracker tracks movement from one node to another in a representation called
the aspect prediction graph [10]. Each of the nodes in this representation, derived from an
aspect graph [19] and the aspect hierarchy, represents a topologically di erent viewpoint of
the object, while arcs between nodes specify the visual events or changes in image topology
between nodes. The role of the symbolic tracker is to:
1. Determine which view or aspect of the object is currently visible (current node).
2. Respond to visual events detected by the image tracker by predicting which node
(aspect) will appear next (target node).
3. From the visual event speci cation de ned by the current and target nodes, add or
delete structure from the active contour network (predictions).
4. If aspect predictions cannot be veri ed by the image tracker, or visual event predictions
cannot be recognized by the symbolic tracker, the symbolic tracker must be able to
bootstrap the system to relocate itself in the aspect prediction graph.

5.3 Visual Event Recognition
The symbolic tracker speci es the criteria for which a visual event will be detected by the
image tracker. Currently, we use region area as the single event criteria. If at any time during
the image tracking of an aspect, one or more of its faces' areas falls below some threshold,
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we interpret that to mean that the face is undergoing heavy foreshortening and will soon
disappear. When a region's area drops below the threshold, the image tracker sends a signal
to the symbolic tracker. Given its current position (node) in the aspect prediction graph,
the symbolic tracker compares the outgoing arcs, or visual events, with the events detected
by the image tracker. The arc in the aspect prediction graph matching the observed visual
event de nes a transition to a new aspect.
The transition between the current aspect and the predicted aspect de nes a set of visual
events in terms of the faces in the aspect de ned by the current APG node. If one or more
faces disappear from the current aspect to the predicted aspect, the symbolic tracker directs
the image tracker to delete those contours from the adaptive adjacency graph which both
belong to the disappearing faces and are not shared by any remaining faces. Alternatively, if
one or more new faces are expected to appear, the symbolic tracker directs the image tracker
to add structure to the adaptive adjacency graph. Since the symbolic tracker knows along
which existing contours new faces should appear, it can specify between which nodes in the
adaptive adjacency graph new contours should be added.

5.4 Example
In Figure 14, we demonstrate our tracking technique on a sequence of images taken of a
rotating block. Note that for the rst frame, the AAG was created from the recovered
aspect. For subsequent frames, a blurred, thresholded, gradient image is used to exert
external forces on the AAG. Moving left to right, top to bottom, we can follow the AAG
as it tracks the image faces. When the foreshortened face's area falls below a threshold,
the visual event is signaled to the symbolic tracker. Consequently, the nodes and contours
belonging to the disappearing faces are removed while nodes and contours belonging to the
face predicted to appear are added. Note that in order to ensure that new contours and old
contours do not \lock on" to the same image gradient ridge, the contours are automatically
\pulled apart", so that they will converge to the correct edges in the image. We are currently
investigating the use of repulsion forces that would more e ectively prevent network contours
from converging.
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Figure 14: Tracking a Rotating Block. There were 11 images in the sequence with 10
iterations of the AAG per image, for a total of 110 snapshots of the AAG. Working left
to right and top to bottom, we show snapshots 1, 23, 32, 41, 70, 82, 90, and 110. Note
that when the disappearing face is detected (70), the new face is predicted and contours are
added (82). The added contours are automatically \pulled apart" to ensure that they do
not converge to the same image edge; nal position of the new edge is shown in frame 90.
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6 Quantitative Shape Tracking
Our approach to quantitative tracking [3, 4] makes use of our frameworks for qualitative
and quantitative shape recovery described in previous sections, as well as a physics-based
framework for quantitative motion estimation [22]. To be able to track multiple objects,
initialization of the models is performed in the rst frame of the sequence based on our
quantitative shape recovery process. For successive frames, the qualitative shape recovery
process can be avoided in favor of a physics-based model updating process requiring only a
gradient computation in each frame, as shown in Figure 15. Assuming small deformations
between frames, local forces derived from stereo images are sucient to update the positions,
orientations, and shapes of the models in 3-D; no costly feature extraction or correspondence
is necessary.

6.1 Tracking and Prediction
Kalman ltering techniques have been applied in the vision literature for the estimation of
dynamic features [7] and rigid motion parameters [17, 2] of objects from image sequences.
We use a Kalman lter to estimate the object's shape and motion in a sequence of images.
This allows us to predict where the object will appear in the image at some future time,
thereby increasing the likelihood of the projected model falling within the local gradient
eld.
We incorporate a Kalman lter into our dynamic deformable model formulation by treating the model's Lagrangian equations of motion (10) as system models. Based on the use
of the corresponding extended Kalman lter, we perform tracking by updating the model's
generalized coordinates q according to the following equation:

u^_ = Fu^ + g + PH>V 1 (z h(^u));

(12)

where u = (q_ >; q>)> and matrices F; H; g; P; V are associated with the model dynamics,
the error in the given data, and the measurement noise statistics [22]. Since we are measuring
local short range forces directly from the image potential, the term z h(^u) represents the
2-D image forces. Using the above Kalman lter, we can predict at every step the expected
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Map short−range forces
to 3−D forces that update
model shape and pose

Figure 15: Quantitative Object Tracking
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location of the data in the next image frame, based on the magnitude of the estimated
parameter derivatives q_ .

6.2 Computing Forces on the Model
Only those nodes on the model surface that are visible should respond to image forces. A
modal node is made active if: 1) it lies on the occluding contour of the model from that
viewpoint [27], or 2) the local surface curvature at the node is suciently large and the node
is visible. Visibility of the nodes can be determined in two ways. Since we have a 3-D model,
we can easily test the visibility of each node on the model, turning o those nodes that are
self-occluded. A more elegant approach involves the symbolic tracker used in the qualitative
tracker. By maintaining which aspect prediction graph node is visible, the symbolic tracker
can activate only those nodes corresponding to visible faces. Determining which aspect is
visible can be computed directly from knowledge of the model's exact pose. Alternatively,
we can also pursue a data-driven approach to determining which aspect is visible. Analogous
to our qualitative tracker, local image events can be used to detect a change in aspect with
the aspect governing which nodes on the model are active (visible). In this case, a sudden
vanishing of forces along a contiguous set of projected model nodes belonging to a face would
signify an aspect change.
We must also deal with occlusion due to both known and unknown objects passing in
front of the object being tracked. If the occluding object geometry and pose is known, then
node visibility of the tracked object can be easily computed. Forces at occluded nodes can be
simply turned o until they become visible again. For occlusion by an unknown (untracked)
object, we can monitor changes in the image forces exerted on the tracked model's nodes. If
the local forces at a particular node suddenly vanish or greatly increase, this erratic behavior
can be used to suggest local occlusion, resulting in deactivation of those nodes. The Kalman
lter can still maintain the track based on prior motion as well as other active nodes until
the object becomes disoccluded.
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6.3 Examples
We demonstrate our approach in a series of tracking experiments involving real stereo image
sequences. Figure 16(a) shows the rst pair of stereo images. The initial pose and shape
of both objects are recovered using a stereo extension of our quantitative shape recovery
algorithm. The objects are subsequently tracked using only image gradient forces, shown as
a set of blurred edges in the image. Figures 16(b-f) show snapshots of the two objects being
tracked with the wire-frame models overlaid on the image potential. This example illustrates
our ability to track an object when a known object partially occludes it. The nodes on either
model which are determined to be occluded (through either self-occlusion or occlusion by
another known model) are deactivated until they become visible.
In the second experiment, we consider a sequence of stereo images (24 frames) of a scene
containing multiple objects, including a two-part object. Figure 17 shows the initial stereo
images of the multi-object scene. Figure 18(a) shows the initialized models using the same
technique as before. Figure 18(b) shows the image potentials at an intermediate time frame
where the aspects of some parts have changed and some parts have become partially occluded.
Figures 18(c-f) show that each object is still successfully tracked under these circumstances
with the individual part models overlaid on the image potentials.

7 Conclusions
Data-driven, deformable models allow models to adapt their shapes according to the image
data. This is in stark contrast to typical CAD-based vision systems which attempt to model
the exact geometry of an object. However, by e ectively weakening the models to such an
extent, they are no left with enough constraints to support segmentation, recognition, or
tracking beyond simple translation. In this paper, we have shown how a qualitative object
representation, integrating both object-centered and viewer-centered models, provides the
missing constraints necessary to overcome these problems. Speci cally, our probabilistic
part-based aspect hierarchy:
1. provides the missing constraints on physics-based deformable model recovery, allowing
more accurate shape recovery from both 2-D and 3-D data,
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(a)

(b)

(c)

(d)

(e)
(f)
Figure 16: Tracking two independently moving blocks in a sequence of stereo images: (a)
stereo pair, (b) initialized models, (c) start of occlusion, (d) taller block partially occluded
(occluding model not shown), (e) taller block becoming disoccluded (occluding model not
shown), (f) end of occlusion. Note that only the active model nodes are marked, with
occluded nodes at the bottom of the taller block unmarked.
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Figure 17: Initial stereo images of the multi-object scene.
2. provides a control mechanism for an active contour network that can qualitatively track
an object's translation and rotation in depth, and
3. provides a control mechanism that can control node activation when quantitatively
tracking an object's motion and shape.
The results reported here are still preliminary, with much work remaining. The techniques are still sensitive to region segmentation performance, and the objects used in the
experiments are simpli ed. Our goal has been to explore a number of closely-related object
recognition behaviors that must be addressed by an active agent in a dynamic environment.
Our object representation has so far provided a common framework for novel algorithms for
these and other behaviors (e.g., active object recognition [10]). We continue to re ne these
algorithms while at the same time attempting to work with more complex scenes containing
more realistic objects.
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(a)

(b)

(c)
Figure 18: Tracking multiple objects in a sequence of stereo images: (a) initialized models, (b) image potentials of an intermediate frame (both occlusions and visual events have
occurred), (c) each object part correctly tracked with part model overlaid on the image
potentials. Note that only the active model nodes are marked.
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(d)

(e)

(f)
Figure 18: (Cont'd) Tracking multiple objects in a sequence of stereo images: (d-f) each
object part correctly tracked with part models overlaid on the image potentials. Note that
only the active model nodes are marked.
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