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Abstract

A machine vision system has been developed based
upon the need to extract object information from
images. It is assumed that contrast edges capture
all relevant object information. Principles which
dictate how edge features may be grouped to infer
objects are based upon detecting symmetrical en-
closing edge configurations. Such configurations are
detected using annular operators applied at multi-
ple scales to edge data which have been extracted at
multiple scales from a gray-scale image. The subse-
quent grouping of symmetry points results in a set
of parts which make it possible to identify the lo-
cation of objects within an image, and are used as
a basis for constructing coarse descriptors for the
objects found in the scene. Preliminary results are
presented to illustrate the approach.

1 Introduction

Research in computational vision has often been di-
rected towards the emulation of human visual capa-
bilities. It can be argued that for humans, as well
as for other biological organisms relying on sight,
the visual sense is primarily used to extract infor-
mation pertaining to objects in a given environment.
In simple organisms this information may be used
to indicate the presence or absence of an object,
while in more complex visual systems, it provides
a means for differentiating between a wide variety
of objects. In this paper, we present research that
1s based on the assumption that the design of a vi-
sion system should be motivated primarily by the
need to extract information about objects. This
assumption provides the necessary constraints that
may be used to guide the development of a a prac-
tical machine vision system capable of locating and
describing objects in a scene. The resulting system
provides significant benefits over established com-
putational vision approaches which have, to date,
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been incapable of extracting such information di-
rectly from real images.

The proposed computational method is moti-
vated by the fundamental need to locate objects
within a scene. But what do we mean by the term
object? Clearly there is an important distinction
to be made between a physical object and the set
of associated image data that results from visually
sensing a physical object. If we consider a system
where vision provides the only source of information
about the world, then a physical object is inter-
preted and represented strictly based on this visual
information. Since the only knowledge the system
has is provided through visual means, all visual in-
formation pertaining to a given physical object is
equivalent to that object as far as the system is con-
cerned. In this paper the term object will be used
to refer to that set of image data which provides
information directly relating to physical objects in
the scene.

To identify objects in a gray-scale image, we make
several assumptions about the sources of object in-
formation and about the way that this information
is distributed within an image. First, it will be as-
sumed that all of the relevant object information
is captured by the contrast edges (or simply edges)
found in the image. Hence edges will be the only im-
age features used to infer information about objects
in the scene. In this paper we will be concerned with
various grouping processes which allow object infor-
mation to be inferred from a set of edge features.
This grouping will require that certain assumptions
be made about object structure so that it is possible
to generally characterize how the edge features as-
sociated with an object are configured. Our second
assumption is that all objects can be described in
terms of two different types of contour geometries.
We refer to these as parts. A given part may be
characterized by a particular set of symmetric rela-
tionships which can be found using operators which
detect symmetric enclosure within an image edge
map. The first relationship is characterized by pairs
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of contours associated with object regions that are
elongated. These are termed limbs. A second type
of relationship is associated with regions which are
less directed, and more globular. These regions are
termed blobs. The distinction made between these
two object primitives is related to the work of others
[20], where objects are described in terms of three
volumetric primitives - termed sticks, plates, and
blobs. We note that there is a direct connection be-
tween these three-dimensional (3D) primitives and
our two-dimensional (2D) ones, since generally 3D
blobs project to 2D blobs and 3D sticks project to
2D limbs. As in [20] we make the assumption that
a 2D decomposition in terms of blobs and limbs will
be adequate for representing a wide range of com-
mon objects.

1.1 Motivation

To successfully detect objects based on a set of im-
age features requires knowledge of what spatial edge
patterns most likely correspond to an object. The
process whereby a set of edge features is interpreted
to infer the presence of objects may be described as
grouping, whereby all edges associated with a given
object are assigned to the same group. Studies ex-
amining perceptual grouping in humans have been
made in the past, with perhaps the most famous
examples coming from the Gestalt movement which
proposed several principles that could be used to ex-
plain observed grouping phenomena [12]. One of the
most general grouping principles depends upon rela-
tionships that exist between object features, partic-
ularly those relationships exhibiting a high degree
of similarity or symmetry. More recent research has
also suggested the importance of symmetry in deter-
mining the gaze fixation point for humans [7]. Since
symmetry appears to be an important factor in the
human perceptual grouping process, it seems natu-
ral to employ symmetric grouping principles when
attempting to detect objects in a set of image fea-
tures.

There are other reasons for choosing to group
based upon symmetrical relationships. It is clear
that for any object - both physical or within an
image - there are always at least some symmet-
ric structural relationships present. This fact has
been exploited in past attempts to describe the two-
dimensional shape of natural objects [2] where ro-
tational symmetries between edge elements are rep-
resented in terms of a symmetry curve. Symmetry
has also been used when developing tools for com-
putational vision [6][18][11]. In all of these previ-
ous implementations it has been necessary to first
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identify or ‘segment’ objects in the image prior to
symmetry analysis, and the analysis could only be
performed on closed bounding contours. A further
limitation relates to the sensitivity these previous
methods have to small scale noise-like contour vari-
ations that usually are not relevant at higher scales
or to the symbolic description of the object. We
propose that grouping based on symmetric relation-
ships may be used to segment objects directly from
a set of edge features while at the same time pro-
viding the information necessary to construct useful
representations for the segmented objects.

Edges that exhibit rotational symmetry about a
point also appear to have a particularly high per-
ceptual significance. For visual stimuli composed
exclusively of edges, evidence suggests that humans
tend to base their perception of inside and outside
(or figure and ground) upon the degree to which a
region is enclosed or surrounded by a set of edges
[19][17]. As in the case of closed object contours,
we will assume that an enclosing configuration can
always be represented in terms of symmetrical rela-
tionships between various edge features. This sort
of representation consists of a set of symmetrically
enclosed points [9] that bears some resemblance to
the set of points comprising the Medial Axis[2]. By
using the principle of symmetry, it becomes possi-
ble to group discontinuous sets of edge features in
order to infer the presence of enclosing structures.

In this paper, enclosing contour structures are de-
tected using operators that cover a circular annular
region in the image. Based on where in the annular
band edges happen to fall, it is possible to empiri-
cally quantify the degree of enclosure and to classify
it as either a blob or limb [9]. Enclosure information
Is represented by a set of spatially located symmetry
points. Each point corresponds to the center of an
annular operator at which the type and quantity of
detected enclosure are recorded. To our knowledge,
this application of annular operators has not been
previously explored in computer vision?.

1.2 Review of Related Methods

There are several examples of past research which
are indirectly related to our work. Perhaps the clos-
est is that of [22] in which a symmetry operator is
used as a tool for finding ‘interest points’ within
an image. This method requires no previous ob-

! Annular operators have been used in the past for edge de-
tection [13], based upon comparing image data falling within
a central circular region to that falling within a surrounding
annular region. The operator which we propose here differs
from [13] in that it uses only information which falls within
the annular region.
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ject segmentation. However, it does not lend itself
to building shape representations since there is no
principled means for choosing an appropriate range
of scales without having some prior knowledge of the
sizes of the projected objects in the image. Further-
more, with this method it is not possible to localize
edge structures at a particular scale. Another re-
lated method relies on locating symmetrical struc-
tures while permitting objects to be located and
coarsely described [16]. However, the authors do
not attempt to deal with the issue of scale.

Other methods which attempt to explicitly use
scale information fall under the category of ‘scale
space’ [21]. Most of these are boundary-based ap-
proaches [1][14] (as opposed to the regional ap-
proach taken here) so that the term scale refers
specifically to curvature properties of the boundary.
With these multiscale methods it is unclear how rep-
resentations may be constructed since again there
are no principled means for determining which scale
is appropriate for a given condition. In this paper,
we suggest that the scale associated with enclosed
regions provides one practical way of addressing this
problem. These regions make it possible to estab-
lish the range of scales that are appropriate when
analysing a given boundary segment.

There are a few region-based approaches which
consider multiple scales directly. Some methods
have employed multiscale (or resolution) skeletons
[15][5], while another has been based upon locat-
ing isolated symmetric points within a continuous
scale space [11]. For these multiscale region-based
approaches, it is again unclear how one might use
the scale space to develop practical shape represen-
tations for visual tasks. A main contribution of our
work is the demonstration of how regional scale in-
formation may be used explicitly to locate and de-
scribe objects in an image.

1.3 Advantages

Our approach provides several advantages in over-
coming problems which have traditionally encum-
bered previous computational methods. Firstly, no
a priori segmentation of objects from ground is re-
quired. It is possible to locate points which are po-
tentially on the inside of object regions and which,
at the same time, can be used as the basis for a
representation of that region. Secondly, by employ-
ing annular operators, there is a built-in tolerance
which can compensate for traditionally undesirable
edge data attributes such as contour gaps and small-
scale contour variations. Thirdly, since symmetry
is identified as a function of scale, it is possible to
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practically separate image structures occurring at
different scales. One final advantage is that scale
information is used directly in the construction of
the object shape descriptors. It appears that this
has not been done previously in computer vision.
From a computational standpoint, the annular sam-
pling structure is entirely parallel and lends itself to
efficient hardware implementations.

2 Method

Overview

We propose to locate objects within an image and
derive coarse object descriptions based solely on a
set of extracted edge features, . The method can be
described in terms of three computational stages:
(i) the extraction of object features (edges) over a
range of scales (see Section 2.1), (ii) the identifica-
tion of object parts based on symmetric relation-
ships between object features (see Section 2.2), and
(iii) the grouping of parts so that object descriptors
may be constructed (see Section 2.3). The result-
ing object descriptor is expressed as a graph which
captures the spatial relationships between various
blobs and limbs. These are ranked using a percep-
tual significance heuristic which measures their rel-
ative prominence as visual entities. The ranking is
employed in the hierarchical construction of object
descriptors, and the resulting graph permits indi-
vidual objects to be located in terms of their con-
stituent parts. Furthermore, the graph provides a
coarse means of characterizing an object’s structure.

2.1 Feature Extraction

Starting with an image, contrast edges are extracted
over a range of scales (see Figure 1). At a particu-
lar scale, edges are detected by employing elongated
first derivative operators having a form similar to
those in [4]. Operators are located on a sampling
grid which spans the image and whose spacing in-
creases with scale. Having detected an edge at a
particular spatial location, its quantized orientation
value and contrast magnitude are recorded to be
used in subsequent processing stages.

2.2 Feature Grouping

Edge features are grouped in two steps. The first
involves the application of annular operators to de-
tect symmetrical relationships within the feature
set. This results in the identification of a set of
enclosed symmetry points. In the second step, the
symmetry points are grouped in order to infer the
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Multiscale
gl Edge Features

Figure 1: Edges are extracted using oriented operators ap-
plied over a range of scales with the same number of operator
orientations chosen for each. The resulting object features
are represented by a set of N edge maps, each of which will
be used by a specific set of annular operators at the next
stage.

presence of blob and limb parts. Due to the brevity
of this paper, it is possible to provide only a super-
ficial description of the computational steps taken
to implement feature grouping. A more detailed
description is provided elsewhere [8][10].

Multiscale
Edge Features

F igure 2: For each of the N scales used to detect edges,
there is a corresponding layer of annular operators. Each
layer consists of a set of similar annular operators whose
size is set in proportion to the edge operators of the asso-
ciated feature map. The spatial extent of these operators is
configured so as to cover the image plane, thereby enabling
enclosing structures to be detected at any position [8]-

Identifying Symmetry Points

A set of annular operators is used to detect enclo-
sure relationships between edge features (see Fig-
ure 2). Assuming that edges are found within a
given annular region, for each edge segment at a
particular location, it is possible to specify the an-
nular tangent direction by projecting radially onto
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either of the annular bounding circles. If the edge
orientation is consistent with the annular tangent
direction, then the presence of an edge is recorded
as a function of its angular position relative to the
annular center [9]. This is done for each edge seg-
ment within the annular operator, and the result-
ing function, called an angular profile, is found for
all operators in the sampling space. Two forms of
enclosure are identified using these angular profiles
(see Figure 3). Based on the angular profile, it is

/—- Edge Contours —\

Figure 3: (a) Blob enclosure is characterized by a contour
configuration within the annulus which does not favour a
particular direction and where gaps in the angular profile
are relatively small. Such a configuration may be viewed as
approximating a closed circular contour. (b) For limbs there
is a direction associated with the enclosing contour due to
significant breaks present in the angular profile. Each break
angle may be assigned a direction relative to the annular
center. The direction of the limb enclosure (shown by an
arrow in the figure, modulo 7 radians) is then represented
by the average of these two directions.

also possible to measure the degree of enclosure as-
sociated with a particular contour configuration [9].
This value is subsequently used to quantify the per-
ceptual significance of blobs.

A sampling strategy has been designed so that
symmetric configurations of edges can be detected
using annular operators which, for a given scale,
span the image plane [8]. Each of the N sets of
symmetry data which result from annular sampling
corresponds to one of the N layers in Figure 2. An
example of symmetry data extracted by one annu-
lar layer is shown in Figure 4. In the next stage,
this raw symmetry data is grouped in order to infer
object parts.

Parts

Before considering the second stage of feature
grouping, we examine how object structure is man-
ifested within a set of extracted symmetry points.
The concepts of blob and limb enclosure have been
introduced above as a means of representing the re-
gional characteristics of a contour by a set of iso-
lated points. It is possible, however, to extend these
concepts so that groups of symmetry points sharing
common characteristics may be identified. These
groups will be referred to as parts. In accordance
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Figure 4: (a) Goat image. (b) Result of feature grouping
at one scale, with the associated annulus shown at the lower
right. Symmetry points are indicated in black, with edge
features in gray.

with the symmetry extraction process, we choose
to make a distinction between two different types
of parts - namely blobs and limbs. A blob is de-
fined by a contour configuration giving rise to blob
enclosure, whereas a limb is defined by a contour
configuration giving rise to a set of symmetry points
which manifest limb enclosure. Prototypical exam-
ples of idealized blob and limb enclosing structures
[10] are shown in Figure 5. Based on these examples
it is possible to intuitively understand the essential
nature of what constitutes a part. Details required
to fully define blob and limb parts will become evi-
dent during our discussion of symmetry point clus-
ters and part representations.

ST

(b) (©
Figure 5: (2) A circle represents the idealized blob enclos-
ing structure. (b) A ‘worm-shaped’ contour represents the
idealized limb enclosing structure. (c) It is also possible that
the sides of the limb will converge.

Symmetry Point Clusters and Consistency
There is a degree of redundancy associated with
the application of annular symmetry operators [8].
Thus for an idealized blob structure, there will be
several operators that detect blob enclosure within
at least one layer. Similar symmetry point distribu-
tions will also be found in neighboring layers. We
find that an idealized blob contour produces a clus-
ter of symmetry points within the three-dimensional
space (hereafter referred to as the S-space) spanned
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by the two spatial coordinates and the scale param-
eter (see Figure 6(a)). It can be shown that limb
structures also give rise to symmetry point clusters
[10] (see Figure 6(b)). The extent of point clusters
for blobs and limbs may be determined based on en-
velopes which limit the distribution of points within
the associated clusters [10].

s (scale)
Symmetry Point
Cluster
/

/

@]

@)

()

Figure 6: (a) A symmetry point cluster for a blob (shaded)
is shown within the three-dimensional S-space. A single
point located towards the center of the cluster may be used
to represent the blob . (b) A symmetry point cluster for a
limb (shaded). A symmetry curve (dashed) located towards
the center of the cluster is used to represent the limb.

It is possible to refine our part definition based
upon the characteristics of symmetry point clusters.
For a given part there will be an associated cluster
of symmetry points resulting from the application
of annular operators. Blobs and limbs are defined
to be those contour configurations which give rise
to symmetry point clusters where all contributing
points are mutually consistent. We can impose con-
straints which allow us to identify such consisten-
cies within a set of extracted symmetry points, and
which make it possible to define the notion of parts
In more concrete terms. These constraints are sum-
marized as follows. Within a given cluster we re-
quire that all points manifest only one type of en-
closure (either blob or limb, exclusively). In both
cases, spatial and scalar continuity constraints are
imposed, and in the case of limbs, a further smooth-
ness constraint is applied to limb orientation values.

With these constraints it is hypothetically feasi-
ble to devise a computational scheme to perform
symmetry point grouping. However, it is not im-
mediately clear how the resulting groups could be
used to provide useful representations of the orig-
inal data. Before considering the process used to
group symmetry points, it is necessary to examine
the type of information considered to be useful for
representing blobs and limbs.
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Part Representations

To specify an idealized blob part uniquely, we
only require knowledge of its spatial position and
scale. This is equivalent to the information cap-
tured by the Medial Axis [2] for a circular contour,
and corresponds to locating a single point within the
S-space (see Figure 6(a)). To obtain such a blob re-
quires that the associated symmetry point cluster
be somehow collapsed down to a single point. The
required process is discussed more completely in the
following section.

(a)

Figure T: A symmetry azis represents the projection of a
symmetry curve onto the spatial plane. (a) A symmetry axis
(dashed) may be extracted in settings where the contour has
internal structure, thereby capturing information pertaining
to the overall shape of the outer boundary. (b) An object
contour which is decomposed into three limbs indicated by
three symmetry curves (dashed lines). In grouping symme-
try points, several constraints are imposed. This grouping
produces a result which differs substantially from the Medial
Axis Transform [2]. Constraints are based upon: scalar con-
tinuity (A), orientational continuity (smoothness) (B), and
spatial continuity (A and B).

A suitable representation for limbs is chosen so
that it bears close resemblance to the Medial Axis
(MA) of the associated contour configuration. The
MA for a limb consists of a curve and an associated
function which defines the regional size or scale at
points along the curve. This information can be ex-
pressed equivalently as a space curve in the S-space.
We have chosen a particular representation, termed
a symmetry curve, that may also be viewed as a
space curve in the S-space (see Figure 6(b)). How-
ever, the symmetry curve differs from the MA in two
fundamental ways. First, a symmetry curve may be
extracted in cases where there is internal structure
(similar to the SLS of [3]; see Figure 7(a)). Second,
since grouping is performed by applying a set of con-
sistency constraints, the symmetry curve is struc-
turally different from the MA (see Figure 7(b)).
The symmetry curve is approximated by a set of
points defining a path within the discretely sampled
S-space. The process for extracting these limb part
representations is discussed more completely in the
following section.

Extracting Part Representations
With the requirements for blob and limb rep-
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resentations in mind, we now consider a process
whereby part representations are extracted directly
from a set of symmetry data. The part extrac-
tion process depends upon the identification of paths
within the S-space. Based on the set of consistency
constraints (see Figure 7(b)) a valid path is found
by performing a constrained search within the set
of extracted symmetry points. Part representations
are extracted in a sequential order based upon their
physical support [10]. For both blobs and limbs, this
measure depends upon the quantity of edge data
that supports a given part. The approaches used
to extract blob and limb part representations are
described below. ,

BLOBS

The search for blobs is sequential, so that parts
having the greatest physical support are found first
(see Figure 8(a)). A two stage process is used to col-
lapse a cluster of consistent symmetry points down
to a single representative point. In the first stage,
a path consisting of mutually consistent symmetry
points is found. For a given symmetry point clus-
ter, the consistency constraints previously described
(see above) make it possible to define a unique path
using only those points which demonstrate a local
maximum in the degree of enclosure [9] within a par-
ticular layer. Paths which correspond to individual
blob structures will traverse the s-space only along
the scale dimension (due to sampling redundancies)
with little variation along either of the spatial di-
mensions. Thus, points in the resulting locus will
approximate a line segment in S-space. In the sec-
ond stage, the path point which exhibits a maxi-
mum degree of enclosure is chosen to represent the
entire part.

Figure 8: Blobs (a) and limbs (b) extracted from the Goat
image are numbered in order of decreasing physical support
(1 being the greatest).
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LIMBS

Within the S-space, paths corresponding to limbs
are constructed using a graph search. While a
particular path is being constructed, grouping con-
straints (see Figure 7 and Symmetry Point Clusters
and Consistency section above) are imposed to en-
sure that all path points remain within the same
limb cluster. Optimization is performed to find the
part with the maximum physical support value over
the set of all possible paths. Having found the cor-
responding path, all related cluster points (those
consistent with the optimal part) are removed, and
the search is reinitialized to extract the next most
supported part (see Figure 8(b)).

2.3 Part Grouping

The grouping of symmetry points results in a set
of ranked blobs and limbs. The final computational
stage may be viewed in terms of yet another group-
ing process. This time parts are grouped together to
form descriptors for objects in the scene. The result
of this grouping is a graph, where nodes correspond
to object parts and edges represent the spatial rela-
tionships between the various parts.

Starting with a set of extracted object parts,
grouping begins with the part having the high-
est perceptual significance ranking. The percep-
tual significance of parts is computed by comparing
the set of extracted parts based on quantities such
as enclosed area, length, and average edge magni-
tude. Since the grouping method does not explic-
itly employ boundary-based information, we have
no knowledge of high curvature points (or corners)
that are often used to indicate the presence of part
junctions?. For any given part, the set of symmetry
points represents a record of the spatial scale asso-
ciated with all enclosed regions. This scale infor-
mation permits us to predict situations where parts
are likely to be joined (see Figure 9).

A graphical representation is used to capture the
spatial relationships between the constituent object
parts (see Figure 10). For a given primary part,
other secondary parts that are joined to it may be
represented in terms of their spatial relationships
with the primary part. These are expressed by iden-
tifying landmark positions along a limb axis, the

2While this is an obvious drawback with the method in
its current form, we believe that the identification of regional
scale must occur before an appropriate choice of scale for a
boundary-based approach can occur. It is possible to con-
ceive of a hybrid approach, incorporating both region and
boundary features, where the identification of enclosed re-
gions would allow for the establishment of stable reference
points and would also make it possible to select an appropri-
ate scale before attempting curvature analysis.
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Figure 9: This object (filled) is decomposed into three
limb parts A, B, and C (dashed). The relationships between
constituent parts are found by first choosing the most per-
ceptually significant part A to represent the root of a graph.
For part A, consider the path points s and t and the annular
regions used to identify the enclosing structures (concentric
circles). The sizes of these annuli define the scale of the en-
closed regions for part A at points s and t. We find that
the parts B and C are joined to A since they have limb axes
which end within the annular regions at s and ¢. Thus, for
part A, the scale at which a join occurs is consistent with the
scale of the enclosed region at that point. The points s and ¢
are found and used as landmark positions to locate the parts
B and C along the path representing part A. These particu-
lar points were found firstly because a join can be detected
at these locations, and secondly because they are spatially
closest to the joining part.

scale at which a join occurs, or the angular position
of a join relative to a limb axis or to other joins.

3 Summary

We have developed a machine vision system based
upon the premise that visual sensing is primarily
a means for acquiring object information. To ac-
complish this we have proposed a means for feature
grouping using principles found in studies of human
perceptual grouping processes.

Grouping is first performed by detecting symmet-
rical enclosing configurations of edge features using
annular symmetry operators. By explicitly using
scale in this process, symmetric relationships can
be extracted in cases which require the identifica-
tion of gross object structures, independent of in-
ternal or external structure (or texture). Following
this, symmetry points are then grouped in order to
infer blobs and limbs by finding paths within the
discretely sampled S-space. Finally, a graph rep-
resentation for objects is constructed automatically
based upon spatial and scalar relationships between
parts.

Starting with the 370 x 390 pixel Goat image
shown above, all computations required to produce
graphical results for the entire image execute within
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Figure 10: The system automatically constructs a graph
to represent part relationships for a given object. In this
example from the Goat image, there are four blobs and four
limbs associated with the object. Starting with the most per-
ceptually significant (in this case a limb) part, other joined
parts are found and represented in a hierarchical graph. The
most significant parts are found at the top of the graph.

approximately ten minutes when implemented on a
SPARC 10 workstation. Due to the inherent paral-
lelism of the annular processing, it is likely that an
implementation using parallel hardware would lead
to substantial improvements in execution time. The
resulting system could potentially provide the basis
for developing a real-time vision system for applica-
tions such as autonomous robotics. The results pre-
sented in this paper demonstrate that our method
can provide a means of visually locating and deriv-
ing coarse representations for objects in a scene.
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