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Usually shape description systems assume that a scene has been
segmented into objects and that object boundaries are given. This,
however, is not realistic when working with intensity images.
Such images do not, in general, yield silhouettes corresponding to
objects. The boundaries from such images are fragmented and
contain surface markings and shadow and noise boundaries. The
system we describe works with such input and computes shape
descriptions of complex objects. Scene segmentation takes place
through shape description. We use ribbons or 2D analogs of gen-
eralized cones for the basic shape representation. The key idea in
our approach is the Finiteness Observation, which says that an
object/abject part is not infinite in extent, rather that it is termi-
nated by a boundary or another object part. This observation is
embodied in the Principle of Termination developed specifically
for ribbons. We also develop the Same-sidedness and the Non-
overlapping Observations to obtain parts of compound objects
from imperfect and incomplete data. We exploit these observa-
tions and principle in the system that we develop. We show results
for several synthetic and real intensity images of objects (simple
and compound) with broken boundaries in the presence of
shadows, reflectance boundaries, texture, and occlusion. The out-
put of our system is useful for object recognition, learning new
models, stereo and motion correspondence and navigation, infer-
ence of 3D orientation from a single 2D image, and grasping for
robot hand—eye coordination.

©. 1993 Academic Press, Inc.

1. INTRODUCTION

Computing descriptions of shapes of objects in a scene
is one of the most central problems in image understand-
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ing. Good shape description is needed for object recogni-
tion, of course, but also for other tasks requiring geomet-
ric reasoning of the scene, such as grasping and
navigation.

Normally, shape description is assumed to be preceded
by a scene segmentation process that outlines different
objects in the scene; that is, the figure—ground resolution
problem 1s assumed to be solved. Although this is possi-
ble given high quality, dense range data, it is usually not
the case for realistic intensity images as the image bound-
aries are likely to be incomplete and imperfect, contain-
ing boundaries arising from markings, shadows, and
noise, in addition to object boundaries (see Fig. 1, for
example: detailed discussion on the figure follows). In
such cases, the object shape itself is necessary in achiev-
ing good segmentation; that is, scene segmentation and
shape description are interdependent. In the system we
describe, we do not assume that we know the specific
shapes expected to be perceived, but only certain generic
classes of shapes as described below.

We have chosen a segmented, hierarchical representa-
tion for shape description. In this approach a scene is
represented in terms of component objects; complex ob-
jects are represented by decomposing them into simpler
parts and by describing the parts and the relations be-
tween them. This process can be applied hierarchically.
Such representations can be rich and stable and represent
occlusion and articulation in a natural way.

In this work, we have selected generalized cones 3]
for the basic part representation. A generalized cone
(GC) consists of an arbitrary planar shape, called a cross
section, swept along an arbitrary 3D curve, called an
axis. Further, the size and also the shape of the cross
section may change along the axis; the rule describing the
change is called the cross section function. We can also
define 2D analogs of GCs, often called ribbons. For a
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ribbon, the axis 1s an arbitrary 2D curve, the cross sec-
tions are simply line segments, and the cross section
function defines how the cross section width changes
along the axis; 2D ribbons may be viewed as projections
of 3D GCs. Given only a single intensity image, it is
easier to compute ribbons which may serve as a step
toward inferring 3D volume descriptions.

GCs have been used for shape description in the past.
Most of that work, however, assumes that the input con-
sists of a perfect line drawing; that is, the scene has been
segmented into objects and extremal object contours
have been made explicit [19, 14]. Such input can be ex-
pected if dense range data is available; even then, the
object surfaces may have to be prepared specially, such
as being painted mat white for an indoor laser range
finder. Use of intensity images invariably gives frag-
mented boundaries, and we must distinguish object con-
tours from contours caused by shadows, surface mark-
ings and noise. Some typical scene boundarics are shown
in Fig. 1 (ii), where (a) and (¢) are from actual images and
(b) is constructed synthetically. The ACRONYM sys-
tem, discussed later, does deal with intensity image in-
puts and fragmented boundaries but it is highly model-
directed [6].

In {25] we described a system called SHAPE 1 that
computes GC descriptions from sparse and imperfect
data. That system assumes that the input consists of bro-
ken boundary fragments, but the boundaries are given in
3D (as may be obtained from sterco, for cxample). That
system is limited to the domain of the lincar straight ho-
mogeneous generalized cones (LSHGCs, in Shafer’s ter-
minology [26]). This paper describes a much more gen-
eral system called SHAPE 1I. Although we still assume
the scene consists of objects well-described as GCs (or as
ribbons in the image), the GCs now can be complex. i.c.,
they may have curved axes and the cross sections need
not change linearly. Furthermore, the objects may be
compound objects, that is, be composed of simpler GCs
or other compound objects, as opposed to being just sim-
ple objects. Again our system has no a priori knowledge
of the specific shapes it expects to see.

Figure 1 shows typical examples of this open problem
that we wish to solve. The scenes are deceptively simple
for humans but describing them requires several capabili-
ties: the figure—ground problem needs to be resolved, the
object boundaries need to be made explicit from other
boundaries, and a shape description needs to be com-
puted. These scenes are difficult to describe and segment
because they are fragmented and there are no silhouettes.
There are breaks in the boundaries of objects, there are
markings, such as background and object texture and re-
flectance markings, and there are shadows. The breaks in
the boundaries are non-trivial; that is, the boundaries in-
teract closely with the markings and shadows. For exam-

ple, as the figures show (look at Fig. 1(ii)}(b})—the two
hammers case), the markings may be closer to a bound-
ary fragment than is another boundary fragment. Thus
simple-minded linking will not close the boundary and
will not solve the figure-ground problem in such scenes.
Besides fragmentation, the presence of compound ob-
Jects with some complex generalized cone parts makes
these scenes difficult. Occlusion accentuates these
problems.

A shape description system such as the one described
here is useful for object recognition [ 18]. It is also useful
for learning new models and refining old ones. It can be
used to match stereo images for depth or to match images
in a motion sequence 1o obtain depth and motion parame-
ters. Symmetry descriptions can be used to obtain 3D
orientation of an object from a single view [12, 28}; 2D
generalized cone descriptions can also be used to hypoth-
esize 3D generalized cone descriptions, which in turn
would not only make recognition and learning easier, but
would also be useful for grasping [24].

The original contributions of this paper are the fol-
lowing:

* We work with incomplete and imperfect data and
obtain shape descriptions. This is in contrast to previous
researchers, as explained in Section 2 and illustrated in
Figs. | and 2.

* We develop the Finiteness Observation, which states
that an object/object part is not infinite in extent, rather
that it is terminated by a boundary or another object part.
This observation is embodied in the Principle of Termina-
tion, developed specifically for ribbons (Section 3.1).

» We develop a parts theory from imperfect and incom-
plete data unlike previous researchers who have done so
with perfect closed boundaries. Our theory is based on
the Samesidedness and Non-overlapping Observations
that we have developed (Section 3.4).

+ We develop and make explicit the following addi-
tional principles and properties for description and seg-
mentation (Sections 3.2, 3.3, and 3.5): the Principles of
Continuity, the Principle of Subsumption, and properties
involving the axes, axial contour generators, and termi-
nators of generalized cones and ribbons (*‘in-between-
ness’” and terminator-does-not-penetrate properties).

* We develop methods for hypothesizing ribbon de-
scriptions from images (Section 4.1).

* We develop algorithms to verify the ribbon descrip-
tions as being objects or parts of objects. The algorithms
for verification are the major contributions of our method
(Section 4.2).

» We have tested our method on several synthetic and
real images (Section 5).

Section 4 presents some details of the method, al-
though more details may be found in Chapter 5 of [22]. In
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FIG. 1.
unsolved problem: (i) intensity images: (ii) edges.

Section 6 we conclude with possible applications of the
method.

2. REVIEW OF RELATED RESEARCH

An early axis based method is the symmetric axis
transform (SAT) [4]. This method needs closed bound-
aries with knowledge of figure~ground. Therefore, it
would not work on the example scenes in Fig. 1. The 3D
generalization of SAT [17] also suffers from the same
problems.

The newer technique of smooth local symmetries
(SLS) [5], like the SAT, also requires closed boundaries
(or knowledge of figure~ground), to decide on corre-
sponding points and to filter out undesirable axes. That

_. — non-trivial breaks (marking closer
- than other boundary fragment)

markings -~

Obtaining shape descriptions of compound objects in scenes like these with breaks in the boundaries. surface marks. and occlusion is an

is, it needs the segmentation problem solved before de-
scription. Thus it, too, would not perform satisfactorily
on the examples in Fig. 1 and would generate spurious
axes. SLS also suffers from the problem of generalizing
to a surface in 3D, rather than remaining a curve.

In [8] the authors describe a shape description system
based on SLS. Their method requires knowledge of the
inside and outside of objects in order to filter out axes.
Thus the authors need figure—ground information, which
is not available in Fig. 1. Also results shown are for
closed or easily closable boundaries (trivial breaks).
There are few surface markings, and the texture does not
interact with object boundaries. Results are shown for
single object scenes (and therefore there is no occlusion).
Thus [8] will perform poorly on Fig. 1.
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Another system that could be applicable to Fig. | is
ACRONYM [6], a model-guided vision system capable of
working with fragmented input data. It, however, re-
quires detailed knowledge of the object being viewed in
the form of model constraints. Some knowledge of the
camera pose is also required. ACRONYM is primarily a
predictive (top-down) vision system, and its principal
weakness is its descriptive phase, which is our focus
here. Its descriptive phase would produce several spuri-
ous ribbons on the examples shown. It would not be able
to go further and filter out these undesirable ribbons be-
cause it is model-driven, and we do not have any specific
models. Thus it would not be able to appropriately de-
scribe and segment the scenes in Fig. 1 and is also not
adequate for the problem at hand.

Related research is that of parts theories (11, 13, 14,
19]. These methods, however, are for perfect, closed
boundaries and will not apply to examples such as those
in Fig. 1. The research on superquadrics and ‘‘geons”
[20, 9, 1. 2] is also related to our work. Other related
work is that of {21], which finds only straight (axis) homo-
geneous generalized cones (SHGCs) with nonparallel
boundaries and without occlusion. The method is global
and is based on fitting a straight line to the intersection of
tangents to contours. The fitting is done using the Hough
transform or using least squares error and has the stan-
dard problems of these techniques. As the scene may

have multiple objects or compound objects with parts,
the method will need to know how many axes to look for.
This is because the desirable axes may not appear as the
only local maxima in Hough space. Also these axes may
not even appear as local maxima in the presence of signifi-
cant image clutter. As the method in [21] is global (as
opposed to our method which is local), it will have prob-
lems with occlusion, and no results are shown on occlud-
ing objects. The method will also not work if the object
contours are parallel because the tangents will not inter-
sect then. Thus we believe that this method will also not
work on our examples.

We have in this section shown how previous systems
in computer vision would not perform satisfactorily for
our task. In later sections we explain and demonstrate
how our system successfully describes (and thus seg-
ments) scenes such as those in Fig. 1.

3. THEORY AND APPROACH

Two approaches to understanding images are summa-
rized in Fig. 2. Traditionally, one first segments an image
into closed boundaries and regions and then derives
shape descriptions for the regions. In contrast, we obtain
shape descriptions directly from the (fragmented) edges
in the image. Scene segmentation, consisting of figure—
ground separation and decomposing an object into parts,

a  npuT b Ut
IMAGE IMAGE
SEGMENTATION OBTAINING EDGES
(GET CLOSED (FRAGMENTED IN
BOUNDARIES AND GENERAL)
REGIONS) -2

-

v

SHAPE DESCRIPTION

SHAPE DESCRIPTION

RESULT

Hfpoeeneenanmnaaeee

RESULT:
SCENE SEGMENTATION
. FIGURE-GROUND SEPARATION
*DECOMPOSING AN OBJECT
INTO PARTS

sl  THICK ARROW
INDICATES OUR SYSTEM

FIG. 2. Understanding images: two approaches: (a) Traditionally. researchers segment the input image into closed boundaries and regions and
then describe shapes of regions. (b) In contrast. we describe shapes from the (fragmented) edges extracted. Scene segmentation. consisting of
figure—ground separation and decomposing an object into parts, is a result of the more fundamentai shape description process.
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superobject

object(s)

simple object compound object

parts + joint(s)

FIG. 3. Taxonomy of objects.

is not really a separate step but a result of shape de-
scription.

3.1. Key Ideas

In our representation, objects are of two kinds: simple
and compound. A simple object is an object which cannot
be decomposed into component parts. A compound ob-
ject, on the other hand, is an object with parts. These
parts are held together by one or more joints, which are
essentially junctions of parts. Thus a compound abject
can be decomposed into its component parts and joint(s).
See Fig. 3 for a taxonomy of objects and see Fig. 4 for
examples of simple and compound objects. Our approach
is based on the following fundamental observation:

Finiteness Observation Ol. QObjects/object parts are
not infinite in extent, rather they are terminated either by
a boundary or another object part.

This observation is embodied in the following specific
principle:

Principle of Termination, P1. A ribbon represents the
entire object, iff it is terminated at both extremities by
terminator boundaries. A ribbon represents just a part, iff
it 1s terminated at either (or both) extremity(ies) by an-
other part; the extremity not terminated by another part
should have a terminator boundary. (See Fig. 4 for an
illustration.)

This rather obvious observation leads to a paradigm
that we show is very powerful. Based on the observation
we develop a theory that leads to specific ways of decom-
posing compound objects into component parts. The the-
ory helps us construct algorithms to find these parts and
therefore build appropriate descriptions from an image
with imperfections.

At the top level, our method is simply that of hypothe-
sizing and verifying (see Fig. 5). Hypothesis generation
consists of finding groupings of boundaries that may de-
fine an object or parts of it. Verification consists of apply-
ing criteria based on the Principle of Termination to es-
tablish which hypotheses are viable.

3.2. Other Principles and Properties

We use some other principles and properties in differ-
ent phases of the system. We use the following continuity
principle in the hypothesis generation phase. The princi-
ple is justified because continuity seems to play an impor-
tant role in grouping.

Principle of Continuity of Axis Fragments, P2. Con-
tinuous pieces of boundary give rise to continuous axis
fragments.

The properties below are used in the verification
phase, which is the principal component of the system.
The properties are based on the following labeling of GC
boundaries, shown in Fig. 6:

Axial contour generators (ACGs). Contour genera-
tors are the extremal points on the object surface and

S
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AN

terminated by
terminator boundaries

TERMINATION IN A
SIMPLE OBJECT

=

.

-

terminated by
another part

part under
discussion

\)‘\‘“"“:_.‘

terminated by
" terminator boundary

TERMINATION OF A PART
IN A COMPOUND OBJECT

FIG. 4. The Principle of Termination.
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hypothesized verified FIN
EDGEL HYPOTHESIS descriptions HYPOTHESIS descriplions SHAQLE
MAGE GENERATION "] VERIFICATION DESCRIPTIONS
AN e
Vv
SHAPE
DESCRIPTION SYSTEM
FIG. 5. Block diagram of the SHAPE 1l system.

enclose the visible surface (they are thus viewpoint de-
pendent). For a smooth generalized cone, the contour
generators are the extremal points on the surface, where
the line of sight is tangential to the viewed surface. The
axial contour generators are those portions of the contour
generators that are along the length of the generalized
cone.

Terminators. Terminators of a generalized cone are
simply its ends (imagine an infinite generalized cone cut
at some place across its axis).

The above definitions lead to the following properties
obeyed by axial contour generators and terminators:

“In-betweeness’” Property, PT1. The terminator
boundary lies completely within the axial contour genera-
tors, extrapolated if necessary. This can be seen in Fig. 7.

Terminator-does-not-pentrate  Property, PT2. The
terminator surface (boundary) does not penetrate the
generalized cone volume in 3D (ribbon area in 2D). See
Fig. 8.

We use the following important principle to form
higher level groupings. Note that it is a higher level form
of P2 and is similarly justified because of the role of conti-
nuity in grouping.

Principle of Continuity of Ribbons and Objects, P3.
Ribbons are grouped together if they are continuous.
Similarly objects are grouped together if they are contin-
uous. We define continuity of two ribbons as continuity

T
T ACG Axial Contour Generator

T Terminator Boundary

ACG ACG

_

FIG. 6. A classification of generalized cone boundaries.

of their boundaries. Boundaries are continuous if their
extremities are close-by and if the tangents at the extrem-
ities are continuous. Objects are continuous if the ribbons
at their extremities are continuous.

3.3. 2D and 3D Descriptions

We now discuss in greater detail the relationship be-
tween 2D and 3D descriptions. In particular, we use the
axis and the terminator to discuss the relationship.

331

In this work we have chosen right generalized cones or
right ribbons for descriptions. A right generalized cone
(opposite: oblique) has its cross section plane perpendic-
ular to its axis. Similarly, a right ribbon (opposite:
oblique) has its cross section straight line segment per-
pendicular to its axis. Right generalized cones and right
ribbons are just as adequate as others for description and
additionally have the following advantages: they are intu-

The Axis

A ———— X
l ‘ ¥

PN O(
VALID TERMINATOR
BOUNDARIES

B
NOT OK
NOT OK

NOT VALID

FIG. 7. “‘In-betweenness’™ property.
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Dimension valid not valid
T
in 3-D
F
T
in 2-D
T: terminator
FIG. 8. Terminator-does-not-penetrale property: the terminator

surface does not penetrate the generalized cone volume, and the termi-
nator boundary does not penetrate the ribbon area.

itively appealing and result in simpler descriptions; they
are easier to compute; and the axes of some right general-
ized cones, like solids of revolution, project to axes of
right ribbons (see [23] for an analytical study).

Therefore we have chosen to compute axes of orthogo-
nal symmetry (axes of right ribbons) instead of choosing
other forms of axes of symmetry: for example, keeping
the angle between the join of the boundary points and the
axis nonconstant, or even if it is kept constant. not equal
to 90°. A point of orthogonal symmetry, A, between two
points, P and Q, is defined as the midpoint between £ and
Q such that the local tangent at A is perpendicular to the
straight line segment PQ. See Fig. 9.

P

=
o\

FIG. 9. Definition of the axis of orthogonal symmetry. For A to be a
point of orthogonal symmetry between points P and ( we require the
following: AP = AQ and PQ - £, = 0. Here ¢, is the tangent to the axis
at point A.

AXis =2

\ Boundary

3.3.2. The Terminator

We have earlier discussed some properties of termina-
tors and axial contour generators. Here we further dis-
cuss how the terminator can be used to relate a 2D de-
scription to a 3D description. Referring again to Fig. 8
(see figures in the first row), we can see it is the termina-
tor that makes the object appear three-dimensional. If we
can extract the appropriate ribbon from such a figure and
associate it with the correct terminator. we have a good
description for the object. In the process we should not
confuse the terminator for another ribbon. The 2D de-
scription of the image (in terms of ribbons) corresponds
to the appropriate 3D interpretation of the object because
of the correct interpretation and use of the terminator.
(Figure 31 in Section 5 shows an example.) Note that this
does not mean the complete 3D description has been re-
covered: rather, it goes a long way toward recovering
one. Note also that the terminator gives us some idea of
the cross section of the generalized cone that the 2D
ribbon represents. We were able to use this idea easily in
our previous work [25] because we had 3D data.

3.4. Parts from Imperfect Data

We next state some observations in our approach to
obtaining parts from imperfect data. We use these obser-
vations in the verification stage. Our objective is similar
to that of parts theories [11, 13, 14, 19] referred to in
Section 2. The difference., however, is that our approach
is designed to also work with boundaries that are broken
and with the input data having noise and surface
markings.

Same-sidedness Observation, O2. Two ribbons con-
nected by a boundary and lying on opposite sides of it
cannot both be simultaneously in the figure or in the
background: one of the ribbons has to be in the figure and
the other in the background. That is, the boundary is an
occluding boundary between the two ribbons. (This ob-
servation is true except for accidental alignments.)

Figure 10 explains this observation. Consider three rib-
bons RI. R2, and R3 in the picture. Let b, be the ribbon-
inbetween boundary joining R and R2: b, is the list of
edgels joining the extremity points of R1 and R2 as shown
in the figure. For convenience let b, also be the ribbon-
inbetween boundary joining RI to R3. R1 and R2 lie on
the same side of b, and are, therefore, acceptable as being
together in the figure or in the background. R1 and R3 lie
on opposite sides of b, and cannot both be accepted si-
multaneously: one of them has to be in the figure and the
other in the background.

Joints are portions of an object where parts come to-
gether or become attached. In 2D a joint is thus an area or
a region. To describe a compound object, we not only
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boundary b

> W ribbon R1

ribbor(” RZ/ /
A

FIG. 10. The same-sidedness (of a curve) observation.

———

have to describe its parts, but also its joints because
joints express an interrelationship between parts. We
now state an observation on joints and parts called the
Non-overlapping Observation (see Fig. 11}.

Non-overlapping  Observation, O3. 1. The joint
formed by ribbons does not share the area with the com-
posing ribbons. 2. Two ribbons participating in a joint do
not share any area, they may share boundary edges
though.

To explain this observation, we note that ribbon ex-
tremities are represented as nodes in a graph. (Section
4.2 presents details on this representation.) We define the
node-inbetween boundary, B, . between two nodes as the
set of edgels joining the ribbon extremities corresponding
to those nodes. Let B(-) be a function that returns the set
of boundary edgels of a ribbon; let £(-) be a function that
returns the set of extremity pixels of a ribbon; let A(-) be
a function that returns the set of pixels in the area of a
ribbon; and let & denote the null set. Consider two rib-

SR e - JOINT AREA

RIBBONS

FIG. 11. The non-overlapping observation.

bons, R1 and R2. The Non-overlapping Observation has
the following details:

1. The node-inbetween boundary between two nodes
of the two ribbons, R1 and R2, should not share any
edges with the boundaries of the ribbons, except at the
extremitics of the ribbons. That is, (B, N (B(R1) U
B(R2))) — E(R1} - E(R2) = .

2. The node-inbetween boundary should not lie in the
area of the two ribbons under consideration (except the
ribbon extremities). That is, (B, N (A(R1) U A(R2))) —
E(Rl) — E(R2) = . Note that the first item is a special
case of the second item.

3. The two ribbons should not share any area. (They
may share boundary edges.) That is, (A(R1) N A(R2)) —
(B(R1) U B(R2)) = .

As the joint is a region in 2D, its boundary 1s cyclic or
nearly cyclic. Thus the method for finding a joint is to find
candidate parts and to see if they are connected with
other parts by boundary fragments. (This rudimentary
method can be improved by negotiating breaks in bound-
aries.) Finding joints becomes easier if we transform this
problem into one of finding cycles in a graph formed by
object parts. We discuss the method for this in hypothe-
sis verification (Section 4.2).

3.5. Hierarchical Descriptions

As mentioned in Section 1, our approach is to obtain
hierarchical descriptions of scenes. By hierarchical de-
scriptions we mean descriptions at multiple levels of de-
tail. We do not smooth the boundaries or subsample the
image to obtain coarse boundaries and images the way
researchers in multiresolution analysis do [27]. Instead
we obtain higher level descriptions by using the following
principle:

Principle of Subsumption, P4. Subsuming descrip-
tions are higher in a hierarchy than subsumed descrip-
tions with subsumption meaning containment. In 2D con-
tainment is by area, and in 3D containment is by volume.

Since we have 2D data we use subsumption by area.
The above principle is justified because subsumption
seems to play an important role in determining grouping
hierarchy.

We utilize the Principle of Subsumption in various
ways. We use subsumption of a ribbon (or superribbon),
where that ribbon (superribbon) is contained in another
ribbon (superribbon). We use subsumption of a cycle,
where the ribbons and joint(s) of that cycle are contained
in the ribbons and joint(s) of another cycle. Similarly, we
use subsumption of objects (or superobjects), where that
object (superobject) is contained in another object (or
superobject). We exploit these ideas of subsumption to
obtain a few higher level descriptions from a large num-
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ber of lower level descriptions, while retaining substruc-
tural descriptions.

3.6. Discussion

In concluding this section, we observe that the broad
approach in the SHAPE H system is similar to that in our
earlier SHAPE I system for LSHGCs [25]. Our problem
here in SHAPE Il is more unconstrained because we are
working with 2D data from scenes, and we have com-
pound objects. Thus we must work with many more hy-
potheses and the verification step needs to do much more
reasoning. This is in contrast to SHAPE I, where hypoth-
eses were more constrained. and we were able to use the
property that the contour generators of LSHGC:s are lin-
ear segments and must be coplanar. We had 3D data
available in SHAPE I, and this also made the verification
step simpler.

4. THE METHOD

The method is basically that of hypothesizing and veri-
fying (see Fig. §). The input to the method is an edgel
image: we link the edgels and use linked edgels (edge
boundaries) in our method. Hypothesis generation then
consists of producing possible ribbon descriptions from
edge boundaries. Verification consists of verifying those
descriptions using constraints from Section 3.

4.1.

As mentioned above, in the hypothesis generation step
we form ribbons from boundary fragments. Figure 12

Hypothesis Generation

INPUT
EDGEL IMAGE

I

FIND AXIS POINTS

¥
LINK BEADS

Y
FILTER OUT
DEVIATIONS

v

MAKE AND
RATE RIBBONS

{2

FORMAND
RATE SUPER-RIBBONS

'

HYPOTHESIZED
DESCRIPTIONS

FIG. 12.
SHAPE II.

Block diagram of the hypothesis generation phase of

Original Figure (shown in thick lines)

FIG. 13. ““dancing

Gumby™).

[llustrating the axis finding procedure (the

gives the block diagram of the hypothesis generation
phase of the SHAPE 1I system.

We look for axes of orthogonal symmetry, which con-
sist of linked points of orthogonal symmetry. To find
such axes we first find midpoints between edges in differ-
ent directions. To find axes in the horizontal direction,
for example, we first draw vertical lines in the image at
fixed intervals, say every s pixels (we take consecutive
pixels, i.e., s = 1, for accuracy). We then locate the
edgels on each such vertical line. Axis points are placed
midway between every pair of edgels in the line. Simi-
larly, axis points are found in other directions. This is
done by rotating the image. or merely the edgel list, and
drawing the *‘vertical’’ lines again. We find axis points in
m equally spaced directions. 0 = direction < 180°. (Note
that we need not do 0 = direction < 360°.) This technique
is basically the method of projections [19] and is illus-
trated in Fig. 13. The original figure 1s shown in thick
lines: it is rotated in m = 4 different directions, 0°, 45°,
90°, and 135°, and axis points are found in each direction.
The axis points are shown light; they appear to be con-
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Boundary points
Z
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a & b form one extremity
¢ & d form another aextremity

FIG. 14. The terminology used in axis finding.

nected but are actually not yet grouped into lines. Figure
14 explains some of the terminology used. Some of the
terms illustrated in the figure are defined and used later.

By using m directions for axis finding we quantize the
axis direction and use that approximation to compute the
axis. We choose m = 4 because we are working with
digital imagery, and we are looking for axis points every
pixel (s = 1). When we take s = |, we link with the
neighboring axis point in a 3 by 3 neighborhood (dis-
cussed later). In such a neighborhood the natural quanti-
zation of the directions is 0°, 45°, 90°, and 135°. This
implies m = 4. In general, the maximum number of useful
directions for axis finding is 4s. We have taken m = 4 for
s =1.Fors =1, m = 2 will also do well in most cases but
gives a crude approximation if the axis of a ribbon is
along the 45° or 135° lines. For s = 1, m > 4 is not any
more useful than m = 4 and is also computationily more
expensive. Note that this kind of quantization in axis
finding is similar to that in edge finding using directional
edge detectors [18].

The data structure associated with an axis point con-
sists of its x (column) and y (row) locations, its two defin-
ing edgels (called the boundary points). the distance be-
tween the edgels, the angle of rotation of the image (from
which the axis point came), and the intermediate pixels
between the boundary points, if necessary. The axis
point with its associated data structure is called a bead.

For each direction, we order and group beads by link-
ing them into ribbons (alternatively, axis points are linked
into axis threads) by the algorithm explained below. The
principle behind linking and neighbor checking (restated
from P2 in Section 3.2} is the following:

Principle for Linking Beads, P2. Linked edygels in the
image give rise to linked beads. The conditions for two
beads, P1 and P2, to be neighbors are (Fig. 15) the fol-
lowing:

1. The boundary points of the beads should be linked.

2. The beads should be ordered correctly. For exam-
ple, if the boundary points of P1 and P2 are all linked,
then the boundary points of P1 should both succeed or
precede the boundary points of P2. In other words, this
specifies an ordering constraint on the beads. The next
two conditions are special and important cases of this
ordering constraint.

3. The cross sections of the beads should not cross.
Two beads may cross because of interpolation errors due
to rotation of edges in finding axis points. For the same
reason they may share a boundary point; hence the con-
dition below.

4. The two beads should not have a common boundary
point.

Boundary polnts not linked
~ NOT nelghbors

NOT, ordered correctly

2 NOT nelghbors
™
bg2 b12
3 ngs-secﬂons cross
NOT neighbors
b11 b21
b12b22

Cq_tgmon boundary polnt
NOT neighbors

e

11 b21

2

Not close by
& NOT nelghbors

J

b21
b12b22

b11

y

Satisfy all conditions

6 b11 b21 i
YES, neighbors

b11 and bi2 are boundary points of bead P1
b21 and b22 are boundary points of bead P2

FIG. 15. Neighboring beads.
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5. The two beads should be close-by. That is, the
boundary points and the axis points of the beads should
be within preset thresholds. Close-byness depends on the
distance between successive lines used to find axis
points.

Axis point of bead P1 is close to axis point of bead P2
iff it is within a ¢ by ¢ neighborhood of axis point of bead
P2. We take g = 2s + 1, where s is the distance between
successive lines to find axis points. Since we takes = 1, ¢
is equal to 3, and we search in a 3 by 3 neighborhood. The
same method is used for boundary points.

Axis threads with less than five axis points are filtered
out. This is because we need at least five points on the
axis to compute tangent and curvature using the five-
point tangent and curvature formulae explained next. If
we use a larger threshold, we may filter out desirable
axes; and if we use a smaller threshold, we cannot com-
pute tangent and curvature anyway.

We next compute the tangent and curvature at the axis
points of the axis threads. Tangents and curvatures are
computed from five-point formulae using B-splines [16).
We skip the extremal two points: we start computing
from the third point and stop at the third last point. If the
axis thread has less than five points, tangents cannot be
computed; but we anyway filter out the axis threads with
less than five points immediately after linking.

The above procedure of linking gives us several axis
threads, but not all of them are orthogonal to their cross
sections. An axis point where the local tangent to the axis
is not nearly perpendicular to the cross section it came
from is filtered out. The maximum allowed angle. 7, be-
tween a cross section and the normal to an axis is taken
as 180°/2m, where m is the number of equally spaced
directions, between 0 and 180°, for axis finding. For ex-

\i
="
~
prd

Tanger‘\;s fo 5 /{
N

the axis B
N -_J.) Nt
AN
A

X

5" \< T accept pt. A

68 > "C veject pt. B
where T is the tolerance in the angle allowed

FIG. 16. 1lustrating the filtering method.

FIG. 17.

Result on a real image of a torus: (a) input image: (b) edges
extracted; (¢) axis found: {d) superposition.

ample, if m = 4, the threshold = 22.5°. This filtering step
is carried out on every axis thread from every direction in
axis finding. It is illustrated in Fig. 16.

The justification for this threshold is as follows. Let the
tolerance in the angle allowed be an unknown, 7. This
tolerance is in both the clockwise and counterclockwise
sides of each direction scanned for finding axis points.
Thus the total tolerance for each direction is 27. The total
number of directions scanned is m. covering 180°. The
total tolerance for all directions is 27/m, since there i1s no
overlap in the tolerance angle regions among the direc-
tions scanned. But the total tolerance should equal
180°. Therefore, 2rm = 180°, or 7 = 180°/2m = 90°/m =
90°/4s = 22.5°/s, which is the threshold used.

The threshold thus derived is desirable. If we have a
smaller threshold, we will filter out a large number of axis
points, thus breaking axis-threads into too many small
pieces. If we have a larger threshold, we will retain unde-
sirable axis-threads deviating a large amount from 90°
from the cross section.

Axes and the regions they cover form ribbons. Ribbons
are then joined to one another by the Principle of Conti-
nuity, P3 (explained in Section 3.2) to form larger ribbons
or superribbons. Superribbons are rated according to
length-to-width ratio and uniformity of width. Superrib-
bons are the output of the hypothesis formation stage.

We next show examples of the output of the hypothesis
geneation phase. Figure 17 shows an output of the hy-
pothesis generation phase for a real image of a torus. The
torus is an interesting extreme case because it is continu-
ously curving (the curvature of the axis is always non-
zero), and the superribbon shown consists of some rib-
bons obtained from each direction of rotation.

As another example, refer to the result of hypothesis
generation on the two hammers example. Figure 32(b)
shows the large number of hypotheses (261 superribbons)
generated, most of them nonintuitive. (For clarity, we
show just the axes of the superribbons rather than their
regions.) In the next section we discuss the verification
stage, which chooses from this large number of hy-
potheses.
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HYPOTHESIZED
DESCRIPTIONS
(SUPER-RIBBONS)

VERIFY EXTREMITIES
FOR TERMINATORS

FIND
COMPOUND
OBJECTS
COMPOUND
OBECTS SMPLE OBJECTS
ALL OBJECTS
FIND
SUBSUMING
SUPEROBJECTS
VERIFIED
DESCRIPTIONS
FIG. 18. Block diagram of the verification stage of SHAPE I1.

4.2. Hypothesis Verification

The hypothesis generation phase produces a rather
large number of hypotheses, most of which do not corre-
spond to objects we perceive. We now choose from these
based on a verification phase. The underlying concept is
that the hypothesis generation stage considers only
boundary fragments that define axes. If a ribbon, how-
ever, does correspond 1o an object or a part, it must have
terminator boundaries or attach to another part, by the
Principle of Termination, P1. Figure 18 gives the block
diagram of the verification stage.

As the figure shows, the verification module proceeds
by first checking extremities of all ribbons for terminator
boundaries. If a ribbon is terminated' at both extremities,
it is completely verified and declared an object. It is a
simple object, with no parts, as opposed to a compound
object.

A ribbon is verified at an extremity if edges can be
found to traverse from one side of the ribbon extremity to
the other. Figure 19 shows an example of the terminator
boundary tracing process. We traverse from one side to
the other negotiating gaps using a backtracking algo-
rithm. The terminator should satisfy the “‘in-benwveen-

! The word terminated will now on be used to mean terminated by a
boundary, unless otherwise stated.

ness’’ property, PT1 (Section 3): it should lie completely
within the axial contour generators. The terminator
should also satisfy the terminator-does-not-penetrate
property, PT2 (Section 3): it should lie outside the extre-
mal slices of the ribbons (within a tolerance). If we find
several possible terminator boundaries, we pick the best
one (the shortest, the smoothest, and the one with the
least number of gaps).

For the rest of the ribbons we check if they form parts
of compound objects. Figure 20 gives the block diagram
for this step. We first check if these ribbons possibly form
joints with one another. We then explore if the joints
could be grouped to describe a compound object verified
at all its extremities. This method of grouping ribbons
into joints is performed by first forming a graph of nbbons
called the scene graph. The objective is to represent the
scene so that joints of objects are cycles in the graph. To
do this, we make each extremity point of each side of a
ribbon a node in the scene graph. Thus each extremity is
represented by two nodes and each ribbon by two pairs of
nodes. The two pairs of nodes for a ribbon form a su-
pernode and may be considered a single entity. We form
nodes for all ribbons found in the scene. An eligible node
is a node whose corresponding ribbon extremity has not
been verified by the prior terminator boundary finding
process.

Our next objective is to form links between nodes in
the scene graph. There are three types of links, classified
by the way one can traverse from one node to another:

Same-ribbon same-extremity (SRSE) links between
nodes at the same extremity of the same ribbon;

Same-ribbon sume-side (SRSS) links between nodes al
opposite extremities of the same ribbon but the same side
of the ribbon: and

EXTREMAL SLICI
TART EDGEL
B 5
HIE c1
VJ QN
\e1
C5, C1 ({
ce) —13
czy &7 12
<o
: B2 3
i GOAL EDGEL
RIBBON

B1, B2: BOUNDARIES OF RIBBONS
Ck CURVES

FIG. 19. Terminator boundary tracing using depth first search.
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SUPER-RIBBONS WITH ONE ORNO
EXTFIEM!TEVERIFIED

BUILD THE
SCENE GRAPH
(DEPTH FIRST SEARCH)

PAUNE
SCENE GRAPH

b

FIND CYCLES
{DEPTH FIRST SEARCH)

!

FIND SUPERCYCLES
(ITERATION)

I

VERIFICATION
AND
SUBSUMPTION

SUBSUMING VERIFIED SUPERCYCLES

COMPOUND OBJECTS FOUND

FIG. 20. Block diagram for finding compound objects in the verifi-

cation stage.

Benween-ribbon (BR) links between nodes of different
ribbons.

See Figs. 21 (a) and (b) for some simple ribbons, their
corresponding nodes, and SRSE and SRSS links.

a P b
Py
Qa2
Qi
A RIBBON
i i
| b
——r——a SAME-RIBBON SAME-EXTREMITY
o a2 (SRSE) LINK
(SRSE LINK ALSO SHOWN AS - )
SAME-RIBBON SAME-SIDE
(SRSS) LINK
CORRESPONDING NODES
FIG. 21.

Among the three links defined above, BR links are the
difficult ones to obtain, and they play a crucial role in
forming joints and compound objects. For verification
purposes we need to form these links among eligible
nodes only. Links from each node are obtained by tra-
versing from it to all the other nearby eligible nodes. This
traversal is like the linking problem for finding terminator
boundaries, except that we now have several possible
goal nodes (the other eligible nodes in the scene graph).
We do this again by a depth-first search algorithm to
negotiate breaks in the boundaries and stray surface
marks,

As we traverse along a boundary, we do not establish
links with all ribbons on the path. Only some of these
ribbons are acceptable. The acceptability criteria are
based on the Same-sidedness and Non-overlapping Ob-
servations, O2 and O3, stated in Section 3.4.

Next, we explain the formation of the remainder of the
scene graph using between-ribbon links. Consider a
node, called current node, representing an extremity of a
ribbon called the current ribbon. Consider another node
called the other node, representing an extremity of an-
other ribbon, called the other ribbon. For the other node
to form a link with the current node, the other ribbon and
the current ribbon should satisfy the constraints set by
the above observations. Figure 22 shows a schematic ex-
ample with shadows, markings, and breaks in the
boundaries; for simplicity we consider only some ribbons
in the image that are due to object parts, shadows, and
markings. The goal is to retain ribbons that are good can-
didats for object parts and to filter out those due to
shadows and marks. For this we first form the scene

RIBBONS  CORRESPONDING NODES

[——""
t

E }
( .«

S

ELIGIBLE NODES

} TERMINATED

SRSE LINK

— 9+ — SRASS LINK

The nodes for a ribbon in the scene graph.
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([Reflectance] marking
on the head)
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(Arm A2
{Torso) RS
{Shadow)}
R7 R5
(Shadow) {Right Leg)
R4
(Loft Leg)
9 R12 (Concavily)
Ribbon
R11
{global symmetry)
Ribbon
FIG. 22. A schematic example of a compound object (Gumby) with

shadows. markings and breaks in the boundaries.

graph, Fig. 23. Some of the arcs are shown light with
cross marks and a note explaining why they are not valid.

The scene graph is pruned so that the search space
becomes smaller when finding cycles. For this, we keep
only those nodes corresponding to ribbons that have at
each extremity either a terminator boundary or connec-
tions to other ribbons on each side of that extremity. The
other nodes are pruned and links involving them are re-
moved from the graph. Figure 24 shows the pruned
graph. Ribbons R7, R8, R9, R10, R11, and RI2 have ex-
tremities without terminator boundaries and without con-
nections to other ribbons. They are pruned and arcs con-
necting them to the remaining ribbons are removed.

Our next objective is to find cycles in the scene graph
because they correspond to joints in objects. We form
cycles by depth-first traversal of the pruned graph.
Nodes are expanded using same-ribbon same-extremity
and between-ribbon links (and not same-ribbon same-side
links). By forming cycles we find joints in objects. Form-
ing joints may be considered a first level of grouping rib-
bons. Figure 25 shows cycles found for the example
scene and ribbons corresponding to those cycles. For
each cycle we check if its ribbons can be joined by the
Principle of Continuity, P3. Ribbons are merged by linear
interpolation of axes and boundaries, followed by
smoothing.

Not Non-overtapping
Eligible Obsorvntlon
Node dalaﬂ

R9

T
\
opposlte X

sldes \

<
o : opposite
3
L S

sides
Open, does
nat ga anywhere

g
é

g

g Ty
L.Wit } ) RS%; —‘
BRIk .. f m
ST

FIG. 23. The graph for the Gumby example. Some of the arcs are
shown light with cross-marks and a note explaining why those arcs are
not valid.

From cycles we form supercycles, which are combina-
tions of cycles. A supercycle corresponds to a group of
joints in an object. (A compound object may be consid-
ered a group of joints with outer ribbons in the group
verified at their outer extremities. These terms are de-
fined later.) We thus form supercycles and take the
grouping of ribbons one step further. Supercycle forming
may be understood as propagating the verification check

7““ .

7 & _—t
g e
. , S }

FIG. 24. The pruned graph for the Gumby example.

x
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of an object from one extremity to another. Supercycles
are formed by combining cycles in the graph using same-
ribbon same-side links. That is, we combine two cycles
linked by a ribbon (with the opposite extremities of the
ribbon being in the two cycles).

The algorithm for forming supercycles is the following:

1. Initial condition. Initially all the cycles formed are
supercycles.
2. Merging.

(a) For each of these supercycles check if it can be
merged with any other supercycle.

(b) If so form a new supercycle.

(c) Keep a list of new supercycles and the old ones
that have not been merged.

(d) Do this merging in each iteration and keep a
marker indicating whether new supercycles have
been formed.

{e) Stop when there is no change between succes-
sive iterations.

This algorithm returns a list of all supercycles found.
For each supercycle returned, we check if the outer
extremities of tts outer ribbons (ribbons away from joints,
defined more precisely in the next paragraph) are verified
with a terminator boundary. If so the supercycle is veri-
fied. We throw away the supercycles not verified, keep-
ing only the verified ones. Of the verified supercycles we

a bt b2
R R
/ 2002 2041
R R
nl in o1 / \
R
R 5n
R R 4nh2 b1
to,, 3"b2
R R \
2n 2n R
v2 b1 4n R
5%,
Cydle 1 Cycle 2

Two Cydes Found

i Figure corresponding to Cycle 1

Wi Figure corresponding to Cycie 2

F1G. 25. Cycles found for the Gumby example. Also shown are the
ribbons correspoading to the cycles.

a
Ren,,
R1nb2/
R lnb'
F‘znb2
H2n.2
R4nb2
Ran b1
Figure corresponding to
the supercycle found. This is
Supercycle also the only subsuming
verified sypercycle and the
only superobject
FIG. 26. The supercycle found for the Gumby example. Also shown

are the ribbons corresponding to the supercycle.

take only those subsuming others in arca’ by the Principle
of Subsumption, P4. Thesc are the subsuming verified
supercycles. The subsumed verified supercycles may be
understood as substructures of the subsuming verified
supercycles. Note that the system has the desirable capa-
bility of describing scenes at different levels: that is, the
system is capable of substructure and superstructure de-
scriptions. These are thus segmented. hierarchical de-
scriptions, as desired in Section 3.

Figure 26 illustrates the supercycle formation process.
It shows a supercycle found in the scene graph of Fig, 22
using same-ribbon same-side links to merge the cycles in
Fig. 25. For clarity, we introduce some general terminof-
ogy for supercycles. An inner ribbon of a supercycle is a
ribbon that has all its nodes connected to other ribbons in
the supercycle and none of whosc extremities is verified
by a terminator boundary. In this example. R2 ts an inner
ribbon. The ribbons away from the inner ribbons are
outer ribbons, and their extremities away from the inner
ribbons are owuter extremities. Here ribbons R1, R3, R6,
R4, and RS are outer ribbons. The outer extremities need
to be verified for the supercycle to be verified. They are
indeed verified for this supercycle.

We next find and merge objects. Figure 27 presents the
block diagram for this stage. The objects found arc the
subsuming verified supercycles (compound objects) and

I Cycle ¢ subsumes cycle Cy iff the area of € subsumes the area of
C,. Area of a cycle is the union of the area of its ribbons and its joint.
The test and definition are stmilar for supercycles.
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FI1G. 27. Block diagram for finding subsuming superobjects in the
verification stage.

ribbons verified earlier by terminator boundaries at both
extremities (simple objects). From these we filter out ob-
jects subsumed by others in area’ again by the Principle
of Subsumption, P4. Note that we again have substruc-
ture descriptions. Subsuming objects are then grouped by
continuity of outer ribbons* by the Principle of Continu-
ity, P3. Objects are then grouped iteratively by a process
similar to that of finding supercycles. Grouped objects
may have missing portions, possibly due to occlusion,
and these portions are hypothesized by linearly interpo-
lating and smoothing the ribbons to be joined. This pro-
cess of grouping objects and merging them across occlu-
sion is similar to Guzman's matched T's heuristic [10].
The merged objects or superobjects are the final object
level descriptions of the scene.

Figure 32 explains this process for the two hammers
example. Figure 32 (a) shows the original scene. Figure
32 (d) shows the objects found, which are also the sub-
suming objects found; bl and b2 are the compound ob-
jects obtained by joint finding, whereas b3 is a simple
object. Figure 32 (e) shows these objects grouped by con-
tinuity of the outer ribbons. Note that objects bl and b3
have been grouped together as object cl. Finally ribbons
in object c1 found continuous are interpolated, and we
obtain object dl. The final merged objects or superob-
jects are shown in Fig. 32 (f).

5. RESULTS AND DISCUSSION

Using the above ideas, we have implemented SHAPE
Il in Common Lisp on a Symbolics 3600 series machine

* The test for subsumption of objects is the same as that for cycles.
* The outer ribbon of a simple object is the single ribbon itself describ-
ing the object.

under Genera 7.2. SHAPE 11 has been tested on a num-
ber of scenes with good results. We show some examples
here, more are reported in Chapter 5 of [22]. For each
example we show the input edge data and the final de-
scriptions obtained by our system. Each ribbon is dis-
played by its axis, the boundaries along the axis, the
extremal cross sections, and the terminator boundary at
each extremity, when found. In all examples we have
breaks in the boundaries and markings on the object and
background. In some cases the marks on the background
are shadows. The breaks in the boundaries are nontrivial;
i.e., mere linking of edges does not generate closed
boundartes, due to markings being closer to boundary
fragments. For the rcal data, we show original intensity
images and their Canny edges [7].

The first example (Fig. 28, synthetic data, a plane)
shows a result on a compound object. Here a supercycle
is formed by combining two cycles. Part (a) shows the
input edge data of the plane, (b) shows all the axes gener-
ated by the hypothesis generation phase. Only those rib-
bons that are terminated (either by boundary or by a part)
are verified, and these are shown in part (¢). Part (d)
shows the ribbons after interpolation.

Figures 29 (synthetic data, ship) and 30 (real data,
Gumby) show cases where the supercycles are formed by
combining two cycles and then combining with a third.
These examples thus show we can propagate the verifica-
tion of extremities one step further. Note that the Gumby
example has shadows and reflectance markings. Yet our
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FIG. 28. (a) Input edge data for plane: (b) all hypotheses generated:
(¢) supercycle found (grouping of two cycles): (d) final result (superob-
ject).
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FI1G. 29. t(a) Input edge data for ship: (b} all hypotheses generated:

(c) supercycle found (grouping of three cycles): (d) final result (superob-
ject).

system is capable of describing such a scene appropri-
ately.

Figure 31 shows an object with both the front and back
terminator boundaries being seen and with flutings too.
(A fluting ts a tracing where the cross section attains an
extremum or where the tangent to the cross section has a
discontinuity. A tracing is a space curve formed by a
point on the cross section contour as the cross section is
drawn along the axis. An example of a fluting is a line of
surface orientation discontinuity along the axis of the ob-
ject.) Our system does generate ribbon descriptions due
to the front and back terminator boundaries and due to
the flutings, but these descriptions become subsumed by
the description of the entire object.

Figures 32 {synthetic data) and 33 (real data) demon-
strate the capability of the system in describing com-
pound objects with occlusion. We display all the axes
hypothesized and then all the cycles found. These cycles
are also the supercycles: there is no propagation of verifi-
cation here. The supercycles (compound objects) and
simple objects are then grouped by continuity; continu-
ous objects are merged by interpolation across occlusion
and are shown in the figures as the final result. These

FIG. 30. (a) Original image for Gumby: (b) input edge data: (c) all
hypotheses generated: (d) final result (supercycle found—grouping of
three cycles).
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FIG. 31. (a) Input edge data for object with flutings and terminators

(in the front and the back); (b) all hypotheses generated: (¢) some inter-
mediate descriptions: (d) final result.
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FIG. 32. (a) Input edge data tor two hammers with occlusion: tb) all hypotheses generated: (¢) supercycles found tjust one cycle each): (d) all
objects found: (e) grouped objects: (1) superobjects: (g) final result (superposition of superobjects found).
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FIG. 33. (a) Original image of two hammer-fike (mushroom-like) objects with occlusion: (b) input edge data: (¢) all hypotheses generated: (d)
supercycles found (just one cycle each): (e) all objects found: (f) grouped objects: (g) superobjects; (h) final result (superposition of superobjects
found).
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FIG. 34.
final result.

examples show that we can hvpothesize missing parts
due to occlusion.

Figures 34 and 35 show results on more complex real
images with the difficulties discussed above. in particular
with more complex objects, with more occlusion and also
more texture in the background and on the objects. We
show Canny edges for these images. A large number of
hypotheses are generated for these examples, and only
the verified hypotheses are displayed.

The results here demonstrate that the system is capa-
ble of working with scenes with complex objects with
surface markings on the object and background,
shadows, highlights, occlusion, and multiple objects. The
system is not given figure~ground information, and thus
object boundaries are not known « priori. Also, the sys-

tem does not have models of the objects. Thus we are
capable of working with imperfect 2D data without
models, and we arc capable of obtaining good shape de-
scriptions, unlike previous methods ({4, 17, 5, 8. 6}, for
example), as discussed in Section 2.

The descriptions we obtain are high-level, segmented,
and hicrarchical. Besides selecting the desirable ribbons,
we draw inferences about objects. their parts, the rela-
tionship between parts, and the joints that hold the parts
together. In our processing we develop a graph structure
that makes explicit the connectivity relationship between
object parts. We also make intelligent guesses in cases of
occlusion and hypothesize occluded parts. These de-
scriptions are more sophisticated than those reported in
literature (for example, (4, 17. 5]). Note also that the
descriptions are at multiple levels (subsuming and sub-
sumed descriptions), with the system working with one
image at only one level of resolution. This is also more
desirable than the totally global and single description
obtained by the symmetric axis transform, for example.

To give an idea of the detailed running of the system. in
Table 1 we present numbers at various stages of the pro-

FIG. 35. (a) Original image with a lot of texture of a screw driver
and hammer: (b) input edge data: (¢) final result.
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TABLE 1
The Values of Some Variables at Various Stages of Processing
for the Two Hammers Example

Image name Two hammers

Figure number Figure 32

Image dimension 181 by 111
No. of pixels 20091
No. of edges 1034
No. of axis points 7240
No. of linked lists of axis points 872
No. of super-ribbons 261
No. of nodes in the graph (all super-ribbons) 1044
No. of nodes after pruning 32
No. of ribbons after pruning 8
No. of cycles 4
No. of supercycles 4
No. of verified supercycles 4

No. of subsuming verified supercycles (compound

objects) 2
No. of simple objects |
No. of objects (simple and compound) 3
No. of subsuming objects 3
-

No. of superobjects

gram on the two hammers examples of Fig. 32. The im-
age, 181 columns by 111 rows, has 1034 edgels. 7240 axis
points are found, which give 872 ribbons and then 261
superribbons. These superribbons form 1044 possible
nodes in the scene graph, which is pruned to 32 nodes
corresponding to ribbons that have a potential to be veri-
fied. From these nodes four cycles are found: these are
also the supercycles found (as there is no merging of
cycles in this example, unlike in the plane and ship
cases). All these supercycles are verified at their extremi-
ties. From these we obtain only two supercycles that
subsume the others. These are the subsuming verified
supercycles and are the compound objects in the scene.
In this example, there is one simple object; the total num-
ber of objects, simple and compound, is three. These are
also the subsuming objects. Two of these objects are
grouped together and are merged to form one superob-
ject. Finally, two superobjects are found.

A further idea of the running of the system may be
obtained by looking at the order of magnitude run times
of the major steps on a typical 256 by 256 one-bit edge
image of the type shown in the results. Note that the run
times are for code written for proof of concept and are
not for optimized code. Axis point-finding takes 1 min.
Linking of axis points takes an hour. Joining of ribbons to
form superribbons is relatively fast and takes 1 min. Ter-
minator finding is by depth-first search and is quite ex-
pensive and takes an hour. Scene graph formation is also
expensive and takes an hour. Pruning, cycle-finding, and
supercycle-finding take 1 min each. Finding objects, fil-
tering out some by subsumption, grouping them by conti-
nuity, and merging them to form superobjects take 10 min

together. The total typical time is 3 h and is determined
primarily by linking of axis points, and terminator and
scene graph formation.

Complexity analysis (Appendix A of [22}) of the algo-
rithms discussed here indeed reflects domination of run
time by the above-mentioned more expensive operations.
The overall time complexity is O(m3n’/r), and the total
number of descriptions is O(mn*/r). Here n is the number
of edgels in an image of size r X r, and m is the number of
directions searched-for axes. If m 1s small and constant
and r = O(n®%), the time complexity is O(n*%), and the
number of descriptions is Q(n'). Though the expres-
sions for complexity are fairly high, the bright side is that
they are not exponential in the number of edgels in the
image.

The system described here has some limitations. One
limitation is that it works with objects that are well de-
scribed as generalized cones. This means it prefers elon-
gated objects. Objects like discs and spheres have several
equally good descriptions and are not uniquely described
as generalized cones. This, however, is not serious be-
cause it implies the system sometimes comes up with
several equally good descriptions rather than a single de-
scription.

Another limitation arises from the principle that a rib-
bon is declared an object or a part iff it is terminated at
both extremities by a boundary or another part (Principle
of Termination, PI). A ribbon having terminations at both
extremities may not necessarily correspond to a real
physical object. It may merely be a drawing or a painting.
but it will still pass our object test. For an example, see
Fig. 36. 1t is difficult. however, for us to draw further

"Strange” surface marking

on the "real” object {(VERIFIED,
declared an object)

But subsumed by "real” abject

Other surface
markings on
object

Other surface <
markings on

background

"Real" physical
object (VERIFIED,
declared an object}

Drawing on the object
{VERIFIED, declared an
object)

But subsumed by "real”
object and will be
filtered out later

“Strange” surlace
markings on the
background {(NOT
verified, not an
abject)

Drawings on background
as part of lexiure
(VERIFIED, dedlared

/ abjects)
"Strange” surface marking
on the background (VERIFIED, Background

declared an object)

FIG. 36. An example scene of an object sitting on a textured back-
ground illustrating some limitations of the system.
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Image seen of the object
FIG. 37. Another example scene explaining some system limita-

tions. As shown in the figure. an object only partially seen in the image
due to image boundaries is not declared an object/object part. (a) Scene
and imaging position: the object in the scene is shown by an unbroken
line: the image boundary is shown broken. (b} The resulting image: the
image boundary is shown by an unbroken line: the portion of the object
in the image is shown shaded. The shaded portion is not declared an
object/object part because it does not satisfy the Principle of Termina-
tion.

inferences on objects from images such as in Fig. 36.
More texture and breaks will confuse the program, and it
will come up with a larger number of possible descrip-
tions and may even be led astray. If these extrancous
descriptions are subsumed by the desirable ones, the final
output of the system will be less confused and more use-
ful. Note that we do not do much low-level processing
(for example, segmenting edges into curves) because it is
difficult to do so correctly without knowing the shape of
the objects in the first place! But working with edges
creates problems of generating a large number of candi-
dates for higher level reasoning and description, and
slows down the system.

Working conversely with the Principle of Termination,
we note that some objects in a scene may not be com-
pletely seen in the image because of image boundaries.
Ribbons of an object from such an image will not be
terminated (by boundary fragments or by a part), and the
object would thus not be found. See Fig. 37 for an exam-
ple. Note that this case is different from the case of an
object occluded by another object. In the latter case the
occluding boundary provides the boundary for termina-
tion, as in some of our results, for example, Fig. 32. (Our
system, however, could be extended to allow use of the

image boundary as a possible termination and to take
care of the above limitation.)

Overall, SHAPE 11 is stable in its choice of descrip-
tions because of the verification procedure. The prefer-
ence attributes for ribbons in hypothesis generation (Sec-
tion 4.1) are not used anywhere in their selection. except
when we have two or more verified descriptions for the
same region.

We now discuss the parameters and thresholds used in
SHAPE I1. Table 2 summarizes them. A high value of ¢
results in coarser axes and lower computation time. Simi-
larly, a low value of m results in coarser axis directions
and lower computation time. A high value of ¢ leads to
larger axis fragments because more pieces become
joined:; but this may also result in incorrect joining. A
high value of ¢ also means more computation time. A
high value of 7 results in larger axis fragments because it
allows greater deviation from orthogonality of the cross
section from the axis. It does not directly affect the com-
putation time. As the third column in Table 2 indicates,
all these parameters are related, and there is really one
free parameter, s.

With respect to its differeat component steps, SHAPE
Il is modular. For example, the axis-finding method
could be replaced with some other metk.d for computing
axes without affecting the rest of the system.

We have designed our system so that it is robust to
noise. For example, to compute the tangent and curva-
ture at axis points we use five-point B-spline formulae
[16]. Also, to take care of noise in computing tangent and
curvature, we skip the extremal points of each axis be-
cause they are unreliable: we start computing tangent and
curvature at the third point from the beginning and stop
at the third last point. If the axis has less than five points,
the tangent and curvature cannot be computed: but we
anyway filter out axes with less than five points immedi-
ately after hinking.

We have in this section discussed results and the
strengths and weaknesses of SHAPE I1. The next section
discusses conclusions and applications of this research.

6. CONCLUSIONS AND APPLICATIONS

In this article we have presented several novel ideas
for shape description and segmentation of scenes with

TABLE 2
Summary of Parameters and Thresholds Used in the SHAPE Il System
Parameter/threshold Notation Value used
Pixel interval between axis points 8 1
No. of directions for axis finding m m =45 = 4
Nearness of beads (for linking) ¢ % g neighborhood g=2s+1=3
180°  22.5°

Threshold for axis point filtering 7

=225°

T

2m K3
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FIG. 38. The 3D generalized cone description for the two hammers
example in Fig. 32.

compound objects, occluston, non-trivial breaks in the
object boundaries, and surface markings on the objects
and the background. We have developed algorithms
based on our ideas and have implemented them in a sys-
tem. We have shown results on many real and syathetic
images of objects. Previous systems would fail or pro-
duce undesirable descriptions from the imperfect and in-
complete data that we work with. We thus believe our
research here is a significant contribution to the vision
field.

The descriptions we obtain can be used for a varicty of
purposes. They can be used for recognition of objects
from their shapes in 2D images. For example, as has been
observed in [19, 18, 15]. objects can be recognized rea-
sonably well from their 2D stick figures. Quite often the
connectivity information in such stick figures is sufficient
for recognition. 1t is these stick figures and their connece-
tivity that we obtain from our system.

Such a shape description system can also be used for
building object models and hence for learning. Stick fig-
ures can be used to learn new models [19, 29]. They can
refine older ones by using different views. They can also
help build robust models, despite occlusion and articula-
tion of objects in some views. Ribbon descriptions are
also useful for higher level matching between 2D images.
For example, ribbons in two stereo images can be
matched to obtain depth. Similarly, matched ribbons in a
motion sequence can be used to obtain depth and esti-
mate motion parameters. This can aid in navigation for a
mobile robot.

Ribbon and symmetry descriptions can be used to esti-

mate 3D orientation of objects from a single 2D image.
For cxample, one can use the heuristic that skew symme-
try in 2D arises from orthogonal symmetry in 3D [12]: or
one can use constraints on parallel and mirror symme-
tries. as in [28].

Two-dimensional ribbon descriptions may be utilized
to obtain 3D generalized cone descriptions under some
conditions. For instance, the coatours of a solid of revo-
lution are symmetric about the projection of its 3D axis
[23]. If we can find the 2D axis of the projection of a solid
of revolution, we can obtain its 3D axis using one more
constraint/assumption or one more piece of information.
We can then obtain a 3D GC description by, for example,
assuming a circular cross section. We have thus obtained
3D generalized cone descriptions for several objects like
the hammer. Figure 38 shows the generalized cone de-
scription for the two hammers example of Fig. 32.

The 3D generalized cone descriptions can then be used
for several purposes. They can be used for better recogni-
tion performance and also for improved model building
and learning. The 3D shape descriptions can also be used
to preshape a robot hand for grasping {24). an application
requiring such object-centered volumetric shape descrip-
tions.
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