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Abstract
We discuss the issues and challenges of generic object rec-
ognition. We argue that high-level, volumetric part-based
descriptions are essential in the process of recognizing
objects that might never have been observed before, and
for which no exact geometric model is available. We dis-
cuss the representation scheme and its relationships to the
three main tasks to solve: extracting descriptions from real
images, under a wide variety of viewing conditions; learn-
ing new objects by storing their description in a database;
recognizing objects by matching their description to that
of similar previously observed objects.

1. Introduction
Recognizing 3-D objects in an image is a complex

problem along multiple dimensions. One has to extract
relevant descriptions from the image, match them with one
or more of the objects from a previously constructed data-
base, and learn new objects for inclusion in the database.
While these tasks are necessary, no consensus has emerged
regarding the choice and level of features (2-D or 3-D), the
type of indexing used, the matching strategy, and the order
in which these tasks should be performed.

We argue that an appropriate way to solve all of the
previous tasks is to generate and use high-level representa-
tions in terms of volumetric parts, their hierarchy and their
arrangement. We further propose that part-based represen-
tations based on subsets of Generalized Cylinders consti-
tute suitable means for shape abstraction of large classes
of complex 3-D objects, and that these descriptions can
indeed be generated from 2-D images under imperfect and
realistic viewing conditions.

We start with an overview of the work appearing in the
Computer Vision literature under the term object recogni-
tion. Then we outline the limitations of these schemes for
solving the problem of generic object recognition. In sec-
tion 3, we make a case for generic, high-level, volumetric
part-based descriptions. We show how such descriptions
can be computed from real images in section 4. In section
5, we show how to use the obtained descriptions for learn-
ing and recognition. We conclude the paper with a few
remarks on what remains to be done to achieve generic
object recognition.

2. Issues in object recognition
In the vision community, object recognition is often

synonymous with model alignment. Most of the studies in
object recognition are concerned with recognizing one
object, for which an exact geometric model already exists,
by finding its position and orientation. The approach is
then a prediction/verification process, which has been
used with great success in restricted environments. A
review can be found in [11].

Approaches can be roughly classified into:
• Appearance-based approaches, in which no explicit 3D

model is constructed, but multiple views are used
instead. A very successful example is SLAM [20],
which also takes lighting into consideration, and
addresses indexing in a large space. This methodology
has also been applied to faces [9].

• 3D model-based approaches, in which a 3-D CAD-like
model needs to be made available. The problem is then
solved as a calibration/pose estimation one with respect
to a reference 3-D [12]. Alternatively, one may com-
pute, from the model, a set of view classes in the aspect
graph approach [23][10].
A comparison between approaches is found in [19].
We are interested instead in the issues associated with

generic object recognition, i.e. recognizing an object that
might never have been observed before, and for which no
exact model is available (see figure 1). In this context, the
necessary components of an object recognition system are
description, matching and learning.

Figure 1.  Generic object recognition
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• Extraction of descriptions consists of an interpretation
of the image data into meaningful entities which could
correspond to objects or portions of objects.

• Matching consists of assigning an identity to the
extracted descriptions, a process which involves access-
ing stored models and comparing them with the image
descriptions.

• Learning consists of acquiring objects not previously
known to the system and describing similarities and dif-
ferences with existing objects. This third component is
generally ignored in many systems as it is performed by
the user.
All these tasks rely strongly on the representation

scheme used. It is this scheme which affects the choice of
the strategies for the description process, the way models
are accessed and compared, and the methods for learning.
The nature of the representation also affects the complex-
ity of each of the above tasks. Thus, choosing an adequate
representation scheme is one of the most important design
issues.

3. Description issues
As with any other problem, extracting generic descrip-

tions requires an adequate representation scheme. Such a
scheme becomes itself a generic model from which
description methods are derived. As there is no universal
representation scheme that can deal with arbitrary objects,
we must derive generic shape representations that allow to
capture a large class of objects.

3.1. Desirable properties
The desirable characteristics of a representation scheme

for the purposes of generic shape analysis and recognition
are well known [15][21]. They include local support, sta-
bility, discriminatory power and unambiguity. These char-
acteristics are desirable not only for object space
representation purposes, but also to recover descriptions
from an image (or set of images) under realistic imaging
effects.

The stability of a representation is with respect to
changes in the scene properties including small irregulari-
ties on an object’s surface, sensor noise, illumination
changes and, especially, changes in viewpoint. We would
like the descriptions recovered for the same object to be
similar, even if its appearances are substantially different.
This suggests that the shape representation scheme itself
provides viewpoint tolerant image features from which
final descriptions are built.

The search for such features has triggered much
research in the community. An instance of which is the use
of geometric invariants to characterize point-sets and cer-
tain curves [17]. Another instance is the derivation of
higher-level viewpoint-tolerant properties of generic shape
representations schemes, such as generalized cylinders [3].

To use point-sets requires visibility and selection of key
points on an object. Even if certain invariant signatures for
a number of points exist, they may not be stable or dis-
criminatory enough. Building higher-level structures is
necessary for stability and expressiveness. This constrains
us to use a high-level representation scheme from which
such structures can be identified in the image.

Besides the above characteristics, one would certainly
wish to use a representation which allows the control of
what is represented in an object. For each task, and at each
of its steps, not all what can be represented in the object is
needed. Rather, some tasks may require only coarse-level
shape information whereas others some finer details. Rep-
resenting an object’s shape hierarchically is a natural way
to control the representation scale.

3.2. Part-based representations
The complexity of viewed objects forces us to represent

them in a way which makes their interpretation tractable.
Man-made as well as natural objects are often made up of
a number of components. This component (part-based)
aspect stems from functional factors, as well as manufac-
turing constraints.

For some objects, a part-based representation may be
difficult (such as bushes, terrain, face features), but for
many others it is evident. For example, we have no hesita-
tion in describing a teapot as consisting of a main body, a
spout, a handle and a lid. For such objects, an explicit rep-
resentation in terms of parts allows to capture their rich
structure which, is important for the image interpretation
process. It also allows to represent them even if some
components are missing. A part-based representation is
also useful for reasoning about function [25][27].

Such a representation is by design hierarchical, where
parts can themselves be decomposed into sub-compo-
nents, etc. This makes it convenient to control the descrip-
tion scale during image interpretation and during object
recognition. Thus, it becomes possible to judge the simi-
larity of objects in a coarse-to-fine fashion, a highly useful
capability, especially in object learning. There exist, of
course, many difficulties in generating such descriptions,
as indicated later.

3.2.1. Volumes vs. surfaces. The two main representa-
tions for capturing the structured nature of an object are
surfaces and volumes. Volumetric representations provide
the correct level of abstraction for viewpoint tolerant
descriptions. In fact, volumes lead themselves more natu-
rally than surfaces to abstract an object’s shape. For exam-
ple, a stick figure using only the axes of generalized
cylinders is often a good abstraction of the structure of a
complex object (a horse for instance; see figure 2).
Abstraction from a surface-based representation is unclear
in this case. Surface attributes can be easily determined
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from a volumetric description, whereas the reverse is not
as direct. The differences between two objects’ shapes
may not be directly accessible at a symbolic level when
using surface-based descriptions. In fact, surface-based
representations of otherwise similar objects can be drasti-
cally different.

A volumetric representation provides means to analyze
shape similarities (or differences) along several criteria
(for each of the intrinsic functions of the volumetric
description). By decoupling the representation into a set of
attributes, it becomes easier to compare objects and decide
in which ways they are similar or different. Consider the
two objects of figure 3. Despite their surface differences,
we are still able to say that they have a similar structure,
thanks to the volumetric parts composing them. Further-
more, the corresponding parts of the objects have quite
different surface representations, a cylindrical and a piece-
wise polyhedral one for the heads, for example. But we are
still able to judge their similarities (sizes along the parts
axes and cross-sections), and differences (circular vs.
polygonal cross-sections). This type of analysis is very
desirable for recognition and even learning. In this case,
the representation is symbolic and discriminative.

We find generalized cylinders (GCs) to be particularly
suited in that they have many of the above-mentioned
characteristics and they capture a large number of both
natural and man-made objects. They have been used in
many occasions, in past and on-going work, for the pur-
pose of addressing one or more of the steps needed for
generic object recognition [5][7][18][21][22][24][26][28]
[29]. However, without any restrictions, GCs are too gen-
eral to be practical. Rather, subclasses of GCs are needed
which are defined well enough to be practical yet general
enough to capture a large set of objects. Examples of such
subclasses of GCs are straight homogeneous generalized

cylinders (SHGCs) [24][26][29], planar right constant
generalized cylinders (PRCGCs) [28], and circular planar
right generalized cylinders (circular PRGCs) [30].

3.2.2. Segmentation into Parts. An issue that naturally
arises at this point is the definition of a part. One could
justifiably claim that the decomposition into parts is not a
property of the object, but of our perception of it and,
therefore, there might not be a rigorous way to define
parts. However, in the case of GCs, a definition which was
adopted since early work [21], consists of delimiting parts
at discontinuities of any of the intrinsic functions, the axis,
the sweep or the cross-section. An example is shown in
figure 4. In this example, the segmentation of the handle
(left-most part) is based on the discontinuity of its axis
with the other axes (figure 4b), whereas the segmentation
between the top part and the central one is based on the
(first order) discontinuity of the sweep function (figure
4c), their axes being continuously connected.

This definition can be used both to partition a 3-D
model and to segment the image of an object. The discon-
tinuities in the intrinsic functions create discontinuities in
the image, such as in symmetry relationships, and thus
provide generic criteria by which to decompose shape.
This captures, for example, the natural decomposition of
parts at articulation joints where, due to the relative
motion of parts, discontinuities in their shape are produced
(in this case, axis orientation discontinuities, as between
the upper and lower legs of a human).

Another issue is given a certain definition of a part, in
terms of 3-D properties and image observables, to what
extent can it faithfully capture the shape properties of an
object. It is true that part models, such as GCs, are ideal-
ized in that they typically consist of smooth intrinsic func-
tions and thus may not capture all shape details of an
object. However, such part models, in the worst case, can
still encode the coarse structure of the object’s shape. This
structure is often powerful enough to differentiate between
objects and is thus very useful in recognition.

3.2.3. Psychological evidence. Part-based representations,
based on volumetric primitives, appear to be psychologi-
cally plausible. Studies of human perception and recogni-

Figure 2.  Volumetric part-based descriptions sup-
port natural shape abstraction (adapted from [31])

Figure 3.  Volumetric representations are more
suited to shape comparison (adapted from [31])

s
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a. original object b. axis discontinuity c. sweep discontinuity

Figure 4.  Segmentation into parts based on dis-
continuities in the intrinsic functions (adapted
from [31])
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tion of 3-D objects from their line drawings show a strong
influence of the structured nature of objects on the percep-
tion performance of subjects [2]. The crux of the findings
is the fact that simple geometric primitives (geons, analo-
gous to qualitative GCs) and their interactions provide
substantial viewpoint invariant object shape information.
The geons are volumetric by nature and their perception
has been found to be stable under rotations in depth, con-
tour deletions and even occlusion.

This theory does not account for textured or highly
irregular objects. Nonetheless it accounts for a large set of
man-made and even natural ones (such as animals). It also
accounts for new objects, not known a priori to the
observer.

4. Computation of part-based descriptions
Deriving generic descriptions from an imperfect image

(or images), in a data-driven fashion, is one of the most
challenging problems in computer vision. A promising
methodology is to adequately implement principles of per-
ceptual grouping. The difficulty is then in the derivation of
grouping (segmentation) and description methods that
work not only on imperfect images but for large classes of
objects as well.

4.1. Organization
We view the description module as consisting of a bot-

tom-up process. However, this process makes use of
expectations about image properties, which can be thought
of as top-down generic knowledge.

An important aspect of this process is its organization.
We do not believe it can be solved at a single feature level,
for example by finding the best edge detector or boundary
grouping method. There is a direct link between the hierar-
chical nature of the representations and the organization of
the description process. The latter should proceed in suc-
cessive stages where features are detected then grouped to
form higher-level descriptions. The feature groups become
themselves features of a higher level type which in turn
can be grouped, and so on. Each level increases the scope
of the interpretation process by building a geometric con-
text based on previous feature groups. Thus, feedback
loops can be used from higher levels to lower ones in
order to refine the features or their groupings based on the
information gathered from the increased scope.

This organization is illustrated in figure 5. The descrip-
tion module starts from an intensity image and ends at a
level where structured representations in terms of parts
(generalized cylinders) and their relationships are
obtained. This representation includes information about
the 3-D shape of each complex object so detected.

4.2. Tasks
The tasks that need to be performed at each feature

level are feature extraction, grouping and selection (and
refinement) of feature groups. Each of these tasks consti-
tutes a real challenge in itself. Important issues here are
which features to extract, what criteria to use in grouping
them into meaningful clusters and how to know which
ones are indeed meaningful and which are not.

The role of the generic shape representation scheme in
this process is crucial. Knowledge of this scheme allows
the derivation of generic constraints (in the form of expec-
tations) in most of the above tasks, especially as we go
higher in the hierarchy, to overcome noise and other image
imperfections. Part of these constraints are image proper-
ties that any element of the class of objects captured by the
shape scheme must satisfy if it is observed. In using these
properties to extract object descriptions, the extraction
process takes explicit account of the shape representation
(the desired output of the system) including its dimension-
ality. In the case of 3-D representations, the expectations
are in the form of projective properties which bear the 3-D
attributes of the shape of the object. As illustrated in figure
6, the 3-D object projects onto the image object (a set of
features to be extracted). The 3-D representation scheme
(based on generalized cylinders) projects onto a set of pro-
jective properties. The segmentation and description pro-
cess makes use of the projective properties to extract
relevant descriptions from the image features (finds image
features which satisfy these properties). This results in
image (projective) descriptions from which 3-D attributes
of the detected object’s shape are inferred.

4.3. A hierarchy
The typical hierarchy used in past and current work for

the description process includes boundaries, surface
patches, volumetric parts and compound objects. The
tasks at these levels are all inter-related as we believe a
robust system should perform all levels of grouping in a
concurrent manner. Unfortunately, in most systems the

3-D shape
representation

representation

projection of object

projection of description

3-D object

image object

segmentation
and description

inference of 3-D

projective
description

projective
properties

attributes

Figure 6.  The description extraction process
(adapted from [31])
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process is linear with little (or no) feedback, making
higher levels sensitive to errors at lower levels.

For example, no working (robust and efficient) bound-
ary grouping system has been demonstrated yet. Most of
the work has either outlined some of the grouping criteria
and/or implemented them in some prototype system dem-
onstrated on few (real) images (e.g. [13][16]).

Some progress has been made in going beyond signal
edges, detecting perceptual edges by enforcing continuity
and co-curvilinearity generic constraints. While they sig-
nificantly improve the detection of contours, they cannot
be expected to solve the contour extraction problem, as
they miss the importance of higher-level structures in the

segmentation (and description) process. Thus, we believe
it is important not to be over-ambitious in the design of
continuity criteria solely based on boundary information.
The more promising direction is to exploit feedback from
higher-level processes.

Once partial contours are extracted, the next step is to
infer surface patches from them. The most powerful con-
straint is that of symmetry. An important issue is which
symmetry relationships to use. To serve the right purpose,
they should have the characteristics outlined for the shape
representation scheme. Symmetries which are chosen intu-
itively may not serve the purpose as their information con-
tents, about the presence of relevant scene objects, is

(e)

(a) Input image
(b)

(c)

(d)

Figure 5.  From image to 3D description (adapted from [31])
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Grouping
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Part hypotheses
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and connectivity graph (e)
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unknown. Rather, they should be viewpoint tolerant prop-
erties of the shape representation scheme itself. One would
also expect these properties to be stable not only to imper-
fections in object shape but to approximations of the view-
ing geometry as well.

There have been several efforts on this issue, most
notably on the derivation and use of invariant and quasi-
invariant properties of certain generalized cylinders. For
example, a perspective invariant property of SHGCs
derived by Ponce et al. [24] is the intersection of tangent
lines at corresponding (symmetric) points of the outline is
a straight line which is the projection of the SHGC axis.
Quasi-invariants are looser versions of invariants which
have a small range of variation over a large portion of the
viewing sphere [4]. For example, a quasi-invariant prop-
erty of circular PRGCs derived by Zerroug and Nevatia
[30] is that the segments joining the projection of co-cross-
sectional points of the outline and the locus of their mid-
points are very close to forming a right ribbon under most
viewing directions. Other symmetry relationships used are
parallel and skew symmetries [28]. These properties apply
to certain subclasses of GCs and more research is needed
to derive other (more general) properties. For this, we
view quasi-invariance as a central element because invari-
ant properties are rare or so general as to be useless.

The inferred patches need to be pieced together to form
volumetric part hypotheses. This process involves the
merging of surface fragments of the same part surface
together as well as different surfaces of a part into a single
part hypothesis. The grouping criteria must be rigorous
and derived from the properties of the shape scheme. 

Similarly, the object-level grouping should also exploit
the projective properties of the shape representation
scheme for grouping different parts which are likely to
belong to the same object into a single object hypothesis
and inferring the 3-D shape attributes (qualitative or quan-
titative) of each object.

5. Recognition using part-based descriptions
Once good descriptions (i.e. part-based, volumetric,

hierarchical) are extracted from the image, we need to
define a recognition engine to manipulate them. Each new
object must be stored in a database in such a way that it
can be retrieved efficiently when a candidate description is
proposed for recognition. The key issues are the organiza-
tion of the database (indexing based on high-level repre-
sentations), and the retrieval methodology (matching high-
level representations).

We rely on four principles to achieve our goal of
generic object re-cognition, explicitly based on previous
observation:
• Hierarchical object description
• Symbolic part description

• Hierarchical database organization
• Partial-match hypotheses generation, followed by inter-

pretation and validation.
A system implementing these principles for 2-D shapes

is described in [8]. The same principles apply to directed
acyclic graph descriptions obtained for 3-D objects.

It should be noted that the described approach does not
obviate the need for geometric reasoning and pose estima-
tion, but rather proposes to invoke them once the object
has been recognized. The purpose is then to estimate pose,
but also to emphasize differences with existing stored
models.

5.1. Symbolic, hierarchical descriptions
The recognition process uses symbolic, hierarchical

object descriptions. The connectivity graph is transformed
into a mono-rooted directed acyclic graph (that can be
treated as a hierarchy for our purpose). Description hierar-
chies are constructed so that the few main parts of an
object appear on the first level, while deeper levels add
increasing levels of detail to the description (a good crite-
rion for orienting the edges in the description graph is the
size of the parts). Symbolic part descriptions are inferred
from the quantitative descriptions extracted by the process
described above. The intrinsic geometrical properties thus
encoded are similar to that of geons [2]. The description
also encodes geometrical relationships between connected
parts.

5.2. Learning: dynamic database organization
Once the symbolic description is obtained for an object,

it is stored in a database from which it can later be effi-
ciently retrieved when another description is submitted for
recognition. Efficient retrieval is achieved using an origi-
nal indexing mechanism.

The most natural and efficient data structure for index-
ing hierarchical object descriptions for retrieval is a hierar-
chy. Organizing the descriptions in a hierarchy requires the
definition of a partial order on the descriptions, which we
infer from the description graph properties. Since the
retrieval is data-driven, the indexing of a description hier-
archy is based on its structure, complemented by a charac-
teristic subset of qualitative part attributes. The qualitative
partial description thus defined is called I-Structure. 

Hierarchical descriptions are indexed as follows: to
each node of the index is associated exactly one I-Struc-
ture. The actual descriptions referenced by the node are
those that exactly match the node’s I-Structure. The nodes
are themselves organized into a specialization hierarchy,
based on a partial order on the I-Structures. An example of
hierarchical indexing of hierarchical structures built from
three types of parts is presented in figure 7.

Because of the definition of the partial order, the hierar-
chical index inherits interesting properties from the
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description hierarchies: the first level of the index hierar-
chy represents a coarse filter, that allows initial discrimi-
nation hypotheses based on the few main parts of the
shapes, while the deeper levels allow to focus and refine
the early recognition hypotheses.

One important feature of this indexing mechanism is
that a description can be added to the database at anytime
without any recomputation of the existing structure, which
allows to start either with an important list of descriptions
in the database or with a minimum database which is
incrementally updated with new shapes (involving super-
vised learning).

5.3. Recognition: object description retrieval
Given an object description, recognition starts with the

retrieval of similar descriptions in the database.
The retrieval step needs to proceed from partial

matches to take into account possible occlusions and
uncertainty. The partial matching retrieval produces
hypotheses for the recognition. It is based on a metric to
evaluate a similarity (or a dissimilarity) between shape
descriptions, complemented by qualitative information
about the comparison to allow high-level (symbolic) solu-
tion generation and explanation. 

The dissimilarity between two shapes is based on the
definition of transition costs, that represent the cost of the
assumption that two different symbolic objects (parameter
values, parts, descriptions) have been obtained from the
same real object, because of noise in the original data,
variation of the observation conditions, etc.

At the lowest level, transition costs are defined for each
part description parameter. The transition cost between
two part descriptions is defined as an aggregation of the
transition costs between the description parameters.

In order to easily compute the transition costs between
descriptions, we introduce a comparison structure which is
a correspondence hierarchy instantiated between two
shape descriptions (see figure 8). Each node of this graph
points to two matching parts of the considered shapes, and

its position in the correspondence hierarchy matches that
of the parts it links in their respective description hierar-
chies. The transition cost between two paired parts is
stored in the correspondence node. A transition cost
between two descriptions is defined as the aggregation of
transition costs between parts. The correspondence hierar-
chy allows to compute transition costs incrementally and
allows to perform as well a symbolic, qualitative compari-
son of objects descriptions.

The retrieval process is a subgraph isomorphism prob-
lem, which is NP-complete. We have developed an algo-
rithm which uses the index and the correspondence
structures to avoid computing this expensive correspon-
dence for all shapes. A partial match, based on the connec-
tion structure and the aggregation of dissimilarities
between parts, is computed incrementally level by level
between the new description and the possible candidates.
The comparison structures are built level by level, keeping
at each stage only the structures which point to a compati-
ble description for the current level. This is made possible
by the hierarchical indexing of the descriptions. At the
beginning of the retrieval process, all compatible nodes on
the first level of the index are selected, and the first level
of the comparison structure is built for all the descriptions
pointed by these nodes and the nodes in their sub-trees.
The partially compatible subnodes of the previously
selected nodes are then selected and the process is reiter-
ated, increasing the precision of the matching. In the aver-
age case, the algorithm ends after the last level of the
proposed shape has been processed, or after no candidate
is left in the database for further investigation. The
selected retrieved descriptions are used to give a classifi-
cation for the new description.

The combination of the incremental process with the
hierarchical indexing effectively decreases the number of
shapes processed at each step, therefore dramatically
reducing the average complexity of the retrieval, which we
proved to be nearly independent of the number of descrip-

Figure 7.  Hierarchical organization of the data-
base for dynamic learning and efficient retrieval

types of parts: types of links: index specialization
connection of parts

ROOT

depth

0

1

2

3

current description

candidate description
correspondence

no matching partparts comparisonpart description

hierarchy

Figure 8.  Comparison structure instantiated
between two hierarchical descriptions. Only a few
links are shown to preserve readability.
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tions in the database. Furthermore, the dynamic organiza-
tion of the database provides a very powerful and flexible
way of manipulating knowledge, especially with the open-
world and adaptability assumptions, which are required
for genericity.

6. Conclusion
We have articulated an approach to the inference of

volumetric descriptions from images, have shown prelimi-
nary results on some images, and implemented a 2D rec-
ognition system. While this path shows promise, a number
of deep issues remain.

Part-based representations using generalized cylinders
are suited to capture the coarse structure of objects made
up of basic primitives (a very large set). However, they are
not suited to represent certain objects which are better
described by statistical features, for instance bushes. Even
for objects which can be approximated by generalized cyl-
inders, the resulting descriptions may not be sufficient to
capture fine aspects of the shape. Thus, generalized cylin-
ders need to be complemented with other representation
schemes which are better suited to capture these details. 

The actual extraction of part-based descriptions from
realistic images in unrestricted environments still remains
a largely unsolved problem.

The recognition issues need to be explored in much
greater detail. While everyone agrees that high-level
descriptions reduce the complexity of the indexing and
matching steps, the methods need not be ad hoc. More
work is needed beyond the largely intuitive methods pro-
posed so far.
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