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Abstract

A fundamental problem in computer vision is the
issue of shape ambiguity. Simply stated, a silhou-
ette cannot uniquely identify an object or an object's
classi�cation since many unique objects can present
identical occluding contours. This problem has no
solution in the general case for a monocular vision
system. This paper presents a method for disam-
biguating objects during silhouette matching using a
visual servoing system. This method identi�es the
camera motion(s) that gives disambiguating views of
the objects. These motions are identi�ed through a
new technique called contour migration. The occlud-
ing contour's shape is used to identify objects or ob-
ject classes that are potential matches for that shape.
A contour migration is then determined that disam-
biguates the possible matches by purposive viewpoint
adjustment. The technique is demonstrated using an
example set of objects.

1 Introduction

Silhouette matching is a technique that has its ori-
gins long before the advent of computers or computer
vision. The technique has been used in computer vi-
sion for object classi�cation/recognition tasks [1] [2].
However the technique has a fundamental problem;
given a single occluding contour (silhouette), the ob-
ject that produced that contour cannot be uniquely
identi�ed in the general case due to ambiguity. That
is, the mapping from silhouette to object is a one-
to-many mapping, with a single silhouette matching
many objects. Strict silhouette-based recognition (or
even classi�cation) has no solution in the general
case. One can augment silhouette matching with
other techniques to attempt to reduce the number
of potential matches to one.

Active vision systems (in particular, visual servoing
systems) o�er an advantage over static camera sys-

tems. The viewpoint of the camera can be changed
with respect to the target for which a classi�cation
or recognition is desired. This allows multiple views
that may disambiguate the target's actual identity
from all of the possible matches. Given such a frame-
work, the question now becomes: \What camera po-
sition excludes the largest number of members from
the set of potential matches?". Furthermore, one
might ask, what sequence of camera positions will
allow the set of potential matches to be reduced to
one member.

In this paper we present a technique that can pro-
vide optimal or near-optimal (in a statistical sense)
camera motions for the purpose of disambiguating
objects in a silhouette matching system. The tech-
nique, which we have termed contour migration, uses
a database of object models that are stored as man-
ifolds in a multi-dimensional shape space. Objects
that can, dependent upon orientation, present the
same occluding contour will have their shape-space
manifolds co-tangent at the point corresponding to
the shape model of the contour.

Working from this tangent point, a path through
shape space can be identi�ed that disambiguates
the objects from one another by �nding viewpoints
where the objects will have di�erent occluding con-
tours. This path through shape space is called a con-
tour migration, since the actual occluding contour is
migrated across the target's surface and thus is also
migrated through the shape space. It is this abil-
ity to identify contour migrations that allows us to
solve a well-known problem in silhouette matching,
namely object disambiguation.

This technique not only can be used with visual ser-
voing, but also can be extended to static camera sys-
tems that are observing a target in motion. Rather
than actively determining the viewpoint change that
disambiguates objects, we can only observe the tar-
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get and verify that the contour migration due to
target motion is consistent with the various object
hypotheses. When inconsistencies arise, those ob-
ject hypotheses are removed from consideration until
only one hypothesis remains.

Unfortunately, it is quite possible in many robotic
domains to have a target that is not consistent with
any object in the database. In this case, all of the
potential silhouette matches will eventually be elim-
inated from the set of hypotheses. In this case, we
could expand the database by adding a new manifold
for the unknown object, without having to regener-
ate the manifolds for all other objects.

In the remainder of this paper, we will present a brief
overview on some of the previous work related to
active object recognition, introduce our contour mi-
gration technique, present experimental results, and
discuss the implications and future work in the new
area of contour migration.

2 Previous Work

In contrast to the long history of the silhouette clas-
si�cation problem in computer vision research, the
problem of active object recognition is yet in its
early stages. It is important here to di�erentiate be-
tween two di�erent problems: viewpoint planning for
a given 3-D object [3][4], and using visual servoing to
resolve classi�cation/recognition ambiguities. As ob-
served by Calleri and Ferrie in [5], the idea of using
the output of the classi�cation/recognition system
as a feedback signal to drive the visual servoing sys-
tem has only been considered in a limited number of
publications.

The similarity between all approaches in this area is
�nding a viewpoint that disambiguates a set of po-
tential matches for an object undergoing recognition.
All approaches di�er with respect to the method of
�nding this viewpoint.

For instance, in [6] the authors introduced a new
approach for driving the visual servoing system to
a reference point that is associated with the set of
objects that are known to be in the scene. That ap-
proach o�ered a solution to polyhedral object recog-
nition, whereby the camera is moved to a canonical
viewpoint of the object based on maximizing the pro-
jected lengths of two nonparallel edges in the image.

Hutchinson and Kak [7] introduced an approach for
disambiguating objects from range images. In their
approach, the authors evaluated a set of candidate
sensing operations with respect to their e�ectiveness
in minimizing ambiguity.

Another example is [8] in which Sven et al. presented
an interesting approach for guiding a visual sensor to

a \better" viewpoint. They used an aspect prediction
graph [9] to encode the object features at di�erent
viewpoints. An attention mechanism was then used
to develop a strategy for moving the camera to the
\better" viewpoint.

Maver and Bajcsy [10] presented an approach for se-
lecting the next viewpoint in an occluded range im-
age. They used the height information of the polyg-
onally approximated border of the occluded region
to plan a sequence of views.

In [5], the authors propose a system for \active object
recognition in which a mobile agent traverses a static
scene to determine the identity of objects within the
scene". They used a range image for probabilistic
model matching on an incomplete data set.

3 Contour Migration

As previously stated, silhouette matching (and gen-
erally any object recognition technique) is under de-
termined and leads to the problem that objects with
similar occluding contours cannot be disambiguated.
We propose a technique we call \contour migration"
to assist solving the inherent ambiguity caused by
silhouette matching. In concept, the technique is
related to sliding contours [11]; however, the work
by Kutulakos et al. involved acquiring object shape
rather than performing classi�cation or recognition.

To develop an active object recognition system, three
main questions have to be addressed. First, how will
the objects be encoded in what we call the shape
space? The answer to this question is strongly re-
lated to the object classi�cation/recognition tech-
nique that will be used. The second question is, what
distance measure will be adopted to measure the dis-
tance between object encodings in the shape space?
Thirdly, what is the camera movement strategy to be
used? Answering these three questions establishes a
framework for any active object recognition system.
This section presents our proposed answers to these
three questions.

3.1 Object Encoding and Classi�cation

Technique

Object Encoding in the Shape-Space. Several
techniques have been used to represent the shape of a
contour [2][12]. Our technique uses active deformable
models (snakes) [13][14] to extract the occluding con-
tour of objects in the workspace of a visually-guided
robot. The object's silhouette is then represented
as a set of vectors V = fv1; v2; :::; vLg in the image
space, where L is the silhouette (snake) length. The
external angel between any two successive vectors, vi
and vi+1, is de�ned by equation (1).



�i = cos�1
vi:vi+1

jvijjvi+1j
(1)

Computing the external angle between all pairs of
successive vectors in V yields an observation se-
quence � = �1�2:::�L that represents the contour of
the object. In the learning phase, this observation
sequence is used to obtain a Hidden Markov Model
(HMM) �i;j , as described by [15], that corresponds
to object i at viewpoint j in the shape space, where:

1 � i � N and 1 � j �M (2)

, N is the number of objects in the database andM is
the number of discrete viewpoints in the shape space.
In the testing phase, the observation sequence is used
to test the HMMs of all objects. It is important to
mention here that extracting a consistent starting
point on the silhouette is not important because of
using the formulation of [15].

The previous representation provides a method of
modelling the contour of the object for one view-
point. Migrating the viewpoint to every point in the
3-D space results in a new occluding contour (hence
the name contour migration) at the new point. Cre-
ating an HMM for each point yields a manifold of
HMMs representing this speci�c object. In practice,
a manifold is created using a coarse discretization
of the all possible viewpoints in the 3-D space, pro-
ducing M HMMs for each object. Since the mani-
folds are smoothly changing, the surface can be inter-
polated between viewpoints. It is obvious that two
or more objects can have similar occluding contours
when looked at from one or more viewpoints, which is
the main reason for ambiguous object classi�cation.
This causes the object manifolds to be co-tangent at
certain viewpoints in the 3-D shape space. Figure 1
illustrates this idea.

Figure 1: Two object manifolds co-tangent at dif-
ferent points.

Classi�cation Technique. In most computer vi-
sion and pattern recognition applications that use
HMMs as a classi�cation mechanism, the classi�ca-
tion decision is given by equation (3).

C = arg max
1�i�N

[P (�Oj�i)] (3)

where P (�Oj�i) is the probability generated by the
HMM associated with object i if we are observing
the sequence �O and C is the classi�cation of object
O being tested.

This decision approach works well if there are no ob-
ject similarities at certain viewpoints. For ambiguous
objects, there is no guarantee that equation (3) will
yield the correct classi�cation. To obtain a set, S, of
potential matches to the query object, we introduce
equation (4) for decision making.

S =fCj :

jmax
8i

[P (�Oj�i)]� P (�O j�j)j � T;

1 � i; j � Ng

(4)

where T is a manually set threshold that determines
the size of the set of potential matches. Setting T = 0
reduces the size of S to 1, which simpli�es to equation
(3).

3.2 Distance Measure for Object Encodings

The question we want to answer here is: given two
HMMs representing two object encodings at a spe-
ci�c viewpoint on the object manifold, how similar
are the two HMMs? This similarity measure repre-
sents the shape di�erences between the two objects in
hand. For instance, the distance between two HMMs
representing a ball and a circular disk should be min-
imum if looking at the two objects from above, while
it should be maximum if looking at them from the
side. In [16], Huang and Rabiner introduced a dis-
tance measure between two given HMMs as:

D(�i; �j) =
1

L
[logP (�j�i)� logP (�j�j)]: (5)

The problem with this formulation is that we do not
know which model has generated the observation se-
quence, �, of the current view. To solve this prob-
lem, we compute the distance between all possible
permutations of models, as given by equation (6).

D̂m =

jSjX

i=1

jSjX

j=1

D(�i;m; �j;m) (6)

where 1 < jSj � N . Equation 6 can be computed
in realtime because it involves only additions and



subtractions, as the logP (Oj�i) parts of equation 5
were already computed and stored during the learn-
ing phase of the HMMs.

3.3 Camera Movement Strategy

The above formulation provides us with a set of po-
tential matches, S, and a method for computing the
distance between any two (or more) object encod-
ings in the shape-space. Based on this distance mea-
sure, we want to move the camera to a new location
in order to eliminate some (hopefully all but one)
members of S. The best direction to move the cam-
era is the one that maximizes the distance between
all HMMs representing the members of S at the new
viewpoint. To achieve this objective, we use equation
(7) to select the new camera location.

l = arg max
8m;m 6=k

D̂m (7)

where k is the index of current viewpoint and l is the
index of the new viewpoint.

This particular search method is not the most eÆ-
cient in terms of asymptotic runtime. Our method
attempts to break the set S into jSj distinct single-
ton subsets. This will produce O(jSj) comparisons.
A search method that attempts to break jSj into two
subsets each of size jSj/2 produces only O(log2jSj)
total comparisons. In the best case, this is more ef-
�cient with respect to the number of comparisons,
but our search method produces a single camera
move while the latter produces log2jSj camera moves.
Since active vision systems take many orders of mag-
nitude longer to move than to perform comparisons,
our method is more realtime eÆcient.

Another consideration is the magnitude of the com-
manded motions. Our search method will only com-
mand a motion large enough to produce separation
in the shape-space manifolds. Consider a similar
method based upon aspect graphs. Such a method
would be required to command motions suÆcient
to cause a transition from one state in the aspect
graph to an adjacent state. These commanded mo-
tions would be signi�cantly larger than our method
since the granularity of the representation for aspect
graphs is much lower than the granularity of the rep-
resentation for our manifolds.

Finally, a termination condition needs to be set to
avoid an endless loop situation that might occur if
the size of the matchings set never becomes less than
two. Simply, we limit the maximum number of moves
to the number of discretizations of the shape-space,
M . If M moves have been done without solving the
ambiguity, the system stops for external user assis-
tance.

Figure 2: Contour Migration for a Pyramid.

Figure 3: Contour Migration for a Water Bottle.

4 Experimental Results

To conduct our experiments, we used a Puma 560
manipulator with a Trident Robotics controller and
a mini-camera with a 3mm lens. The output of the
camera was fed to a Matrox Genesis vision process-
ing board in a 1 GHz Pentium III computer running
Windows 2000. The vision updates are transferred
to the robot controller via a serial interface.

Our initial experiments used a small number of ob-
jects (i.e. N = 4) that typify the classic silhouette
matching problem: a pyramid (�gure 2), a water bot-
tle (�gure 3), a cylinder (�gure 4) and a rectangu-
lar prism. It is not possible, in the general case, to
uniquely disambiguate these objects given a single
monocular viewpoint. The manifold of contours rep-
resenting each object was discretized into �ve points
(i.e. M=5). This gives a total of twenty (M � N)
HMMs.

The prism and the cylinder have ambiguous contours



Figure 4: Contour Migration for a Cylinder.

when aligned such that the objects' principle axes
are parallel to the image plane with the optical axis
passing through the centroid of the object. On the
other hand, the cylinder and the water bottle present
ambiguous contours when their principle axes are
aligned with the optical axis of the camera. Intu-
itively, we know that one must move the viewpoint
such that the pro�le that discriminates the objects
is visible and the system can make the correct clas-
si�cation/recognition.

Consider the cylinder and prism case (the more dif-
�cult case in our initial trials). Once the contour of
the target is extracted and registered, the hypotheses
set is derived. It will have both the cylinder and the
prism as members since these two manifolds will both
contain the rectangular contour presented by the tar-
get (see �gure 5). Once this set has been derived, the
method searches for a camera viewpoint that disam-
biguates the hypotheses objects' manifolds. Once
found, the camera is moved to this point and a new
contour is analyzed to determine which (if either)
hypotheses match the observed contour.

Figure 5: An Ambiguous View of a Rectangular
Prism and a Cylinder.

For the rectangular prism and the cylinder, only a
move along principle axis (translation) or about an
axis orthogonal to the principle axis (rotation) will
disambiguate these two hypotheses. In our experi-
ments, the selected motion was a rotation (see �gure
6) since the rotational motion produces larger di�er-

ences with less motion and a rotational motion was
kinematically safer due to the pose of the manipula-
tor.

Figure 6: Possible View After a Camera Rotation
Selected by Contour Migration.

In an experiment where the cylinder was presented in
an ambiguous orientation with a prism, the contour
migration was correctly selected that gives a camera
view that splits the hypothesis set into two singleton
sets. The experiment was repeated where the prism
was placed. The contour migration selected allows
the correct identi�cation of the prism by giving a
view point that disambiguates it from a cylinder.

A �nal trail is presented in �gure 7 to show the mi-
gration required to disambiguate the cylinder from
the water bottle. Since the kinematics of the robot
being used did not allow the same range of rotational
motion about the camera's x-axis as it did about the
y-axis, the manifold was clipped. This biased the
contour migration to select one of two particular or-
dinal directions. Also, any axis through the centroid
of either the cylinder or the bottle can be the princi-
ple axis since the contours are circles. In practice, we
discovered a bias since the active deformable model
used would have a slight eccentricity (beyond what
the human eye could discern) in its shape.

Figure 7: Decided Motion to Disambiguate between
a Cylinder or a Bottle.

5 Conclusion

In this paper, we have presented a new technique,
called contour migration, for disambiguating object



silhouettes by using a shape-space technique to plan
camera motions. These motions result in new view-
points that prune various incorrect object hypotheses
resulting from the initial silhouette matching. This
process of planning and purposive movement is re-
peated until the set of hypotheses has either one
member (correct recognition) or zero members (an
unknown object). Since the process of motion plan-
ning uses the hypotheses set and shape database to-
gether, we produce new viewpoints that reduce the
size of the hypotheses set eÆciently. We have demon-
strated the eÆciency of the approach through experi-
ments using objects that are particularly challenging
for a silhouette matching technique.

6 Future Work

This paper presents preliminary research results to
prove the concept of contour migrations and, as such,
has many directions for future work. The main areas
for further research are: 1) re�nement of the repre-
sentation of shapes and contour migrations in the ob-
ject database, 2) the incorporation of learning so that
objects whose hypotheses set is disambiguated to the
empty set can then be learned and stored for future
use, and 3) the use of a hierarchical framework that
performs shape classi�cation �rst and then performs
shape recognition, allowing more eÆcient recogni-
tions by disambiguating larger shape class manifolds
�rst and then performing shape recognition on lim-
ited number of speci�c object manifolds that belong
to the shape class.

The number of discretizations of the shape-space is
also another area that needs more investigation. It
is obvious that M should be large enough to facili-
tate dynamic addition of new objects. Changing M
dynamically is not a good approach as the database
will need to be rebuilt.
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