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Abstract

In this paper, we present a general framework for a
system for automatic model generation and recogni-
tion of 3D polyhedral objects. Such a system has
many applications ill robotics: recognition, localization,
grasping... Here we focus upon one question: from mul-
tiple images of one 3D object taken from different un-
known viewpoints, how to recognize those which repre-
sent identical aspects of tile object? Briefly, is it possible
Io (leternline automatically if two images are similar or
not? The two stages detailed ill this paper are matching
of two images and clustering of a set of images. Match-
ing consists of finding the common features of two im-
ages while no information is known about the image con-
tent, camera motion or calibration. Clustering consists
of regrouping into sets tile images representing identical
aspects of the objects. For both stages, experimental
results on real images are shown.

an object is modeled from one hundred images which
we can reduce to 10 characteristic views.

The applications of such a system in a robotic environ-
ment are numerous: recognizing objects allows a mobile
robot to adapt its strategy to avoid them when mov-
ing or to recognize its position according to high level
markers. Furthermore, recognition is a bridge between
low level environment description in terms of free space
and shapes, and a high level description in terms of ob-
jects. This allows a symbolical description of the tasks a
robot has to perform and provides a strong link between
sensing and planning.

The current approaches to the modeling problem may
be classified according to two criteria: the kind of data
used to construct the model and the kind of model con-
structed. The data may be 2D or 3D, synthetic or ob-
tained from a sensor. The model may be 2D or 3D. Such
a classification is presented by Flynn et al. [FJ91] and
is used here to compare the different systems.

1 Introduction

This i)al)er is concerned with the problenl of automatic
recognition of 31) polyhedral objects. The proposed 3D
object recognition system has two major parts: first ob-
]cot model generation and then object recognition. The
recognition part allows matching of a new sensed image
with an already constructed model. Once a model has
been learned it. is stored ill a model data base.

llere we address the first part of the problem, object
model generation. A camera takes many images of one
object from different viewpoints; from these images we
coastruct the characteristic views of this object, a char-
a(’teristic view being a set of images representing tile
same aspect of the object. A complete set of character-
istic views form a given object model. The aim of such
a syslem is to reduce the information existing in the im-
ages, i.e. the size of the representation of the object.
Such a reduction will allow a smaller model database
and then speed for the recognition process. Typically

3D synthetic data

Synthetic data are usually obtained from a CAD sys-
tem. The data consist of descriptions of the object in
terms of its geometrical and mechanical properties. The
problem is thus to infer its visual aspect from these data.
Tile model building step using CAD data has been in-
tensively studied, creating a new field of vision called
CAD-based vision [Bha87].

Different strategies are possible in order to use CAD
data for a further recognition stage. Firstly, automatic
programming. Goad [Goa86] directly develops a recog-
nition scheme for one object based on edge matching.
The model is compiled off-line, its execution is on-line.
The recognition of one object is based on the computa-
tion of 2D visual aspects from the 3D model. Secondly,
automatic construction of a model containing visual in-
formation. Slmeier et al. [SRH87] develop such a sys-
tem using both boundary representation and volumet-
ric information for object models. Bolles et al. [BH86]
compute 3D characteristic views of the object from the
model. Other systems construct models adapted to the
use of 3D range data at the recognition stage.
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Method limits. Tile main problem of these meth-
ods is the inference of tile visual aspects of an object
from a purely volumetric description of it. Even if we
use a physical description of the materials constituting
tile object and light reflection models, it is not possible
to get a suitable description of the aspects [CM91]. Dif-
ficulty comes from the light reflections models which are
not valid for most of materials, and particularly metals.

2D man made data

Another way of using CAD data is to compute the 2D
aspects of the modeled object. Each aspect is topolog-
ically different from the others and they are ordered in
a graph called an aspect graph according to their asso-
ciated viewpoint.. The model of the object thus consists
of the set of all its aspects. Even not too complicated
ol)jects may have several tens of different aspects. The
same strategies are possible: automatic programming
[IK88], or computation of 2D models [BK88]. These
nwthods are now used for curved objects whose contours
are approximated I)y algebraic surfaces [PD90].

Method limits. These aspect graph methods use
a (’,AI) description of the objects. They thus suffer
from the same problems than the previous methods:
|olmlogical aspects are not equivalent to visual aspects:
lheir nu,nber is much greater than that of visual as-
pects. ’Ibpological aspects may differ because of very
small details not visible on an image representing the
whole object. As a consequence, tim complexity and the
graph size are great as soon as the object is not too sim-
ph’. Bowycr [Bow91] presents a complete criticism of
the methods.

3D sensed data

These methods are principally used ill two fields of vi-
sion: medical imagery using 31) volumetric sensors and
rol)c,tic applications using 31) range sensors. In the for-
nler the sensor gives a complete 3D image, wlfile only a
d(’plh map from a given viewpoint is given in the latter.

Method limits. ’[’hese methods are well adapted to
applications where a 3D information is absolutely neces-
sary. Their main limit comes from the sensor used which
are very specific.

2D sensed data

This data is usually images of the object to be mod-
eh’d, taken from different viewpoints. Model building
and recognition systems using such data are numerous.
They differ in the kind of information they extract from
the images, and in the dimension of the model (2D or
31)). (’onnell and Brady [CB87] use intensity data, 
bogast [AM9 l] and use occh,ding contours, Mohr et al.

[MQVB92] use points, Forsyth et aI.[FMZR91] use nu-
merical invariants associated with some configurations
of points, lines and curves, and Weiss uses differential
invariants associated with algebraic curves [Wei91].

Method limits. The limits of these methods are as
numerous as the methods themselves, but they can be
classified into three main types.

1. The features extracted from an image are not sta-
ble. This is particularly true for light intensity lev-
els, or curve derivatives of order 3 or more which
are used to compute differential invariants.

2. Some of the methods need a priori information,
camera calibration for example. This is the case
for the methods based on occluding contours.

3. Several methods consider that the features have
been already matched, as in Faugeras’s and Mohr’s
methods. This assumption is very strong and prac-
tically assumes the solution before starting.

2 Model generation from images

Our approach falls into this last category: model build-
ing from 2D sensed data. Its principles are the following.

¯ The phase in which models are built for new objects
to be recognized is a learning phase: we give sev-
eral images as examples, from which we construct
a model that is used to recognize objects in subse-
quent images.

¯ This learning phase is performed solely from a se-
ries of images and does not require a geometric de-
scription of the object to be modeled. In this, our
method is similar to neural methods: we give to the
system feature sets, and the system has to deter-
mine by itself what set of features is characteristic
of an object and will allow recognition.

¯ Our system learns models directly from what is
sensed by the captor, i.e. from data similar to
that which will be used during the recognition
stage. This is the classical learning from example
paradigm.

The main stages of our method are the following.

1. Matching

¯ We take a set of images representing the same
polyhedral object. The contours are extracted
from these images, and they are approximated
by polygonal curves. Line segments and points
of intersection between these segments are our
basic features.
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* We assume that the apparent motion may be
approximated by a plane Euclidean transfor-
mation (a similarity) and we associate Eu-
clidean numerical invariants to the features.
For examples, two segments define an angle
and a length ratio.

¯ As these invariants do not change under the
action of the apparent motion of the features
within the images, corresponding features in
different images define equal invariants. Two
fcatures arc in correspondence if they repre-
sent the same part of the 3D object. Matching
equal invariant thus allows us to match corre-
sponding features.

¯ Because of noise, this matching will never be
perfect. We use the fact that the apparent
motion between two images is unique to filter
out false matches. When we match two in-
variants, we can compute the transformation
which transforms the features defining tile first
invariant into the featurcs defining the sec-
ond one. All the right matches correspond to
the same transformation. The use of a Hough
transform then allows us to eliminate wrong
matches.

The Fig. I shows an example of use of this algo-
rithnL The original images are shown on the top,
the features extracted from these images are shown
in the middle and the features which are matched
are on the bottom. The segments which are not
matched are usually broken in several smaller seg-
ment,s in one of the images and not in the other
OIIO.

These two images are very similar, but the noise
they contain is different: the features extracted are
not the same. A classical method of matching, us-
ing a graph isomorphism finder for example, would
prohal>ly fail to find a good matching in a reason-
ahh’ time.

2. Model building

¯ Two images belong to the same view if they are
sufficiently similar, that is if they have many
corresponding features. The percentage of the
numher of matched features between two im-
ages over the number of features being in these
images provides a measure of similarity be-
tween them.

¯ A classical method of clustering (agglomera-
tive hierarchical method) used in conjunction
with this similarity measure allows to group
similar images and then to find which images
correspond to the same view.

¯ A submodel is associated with each character-
istic view: this submodcl contains the features

. ~ \\

\\

,’i ~

i’
i -
:. . ~- . ..

Figure 1: An cxample of matching

common to the images corresponding to that
characteristic view. These features also define
invariants which can be associated with the
submodel. The model of the whole object is
the set of all its submodels.

¯ The database used for recognition contains the
different submodels of all the modeled objects.

To test this algorithm, we took 80 images of a same
object as shown on Fig. 2. The first twenty images
were taken every 2.5 degrees, the other ones every
five degrees. The clustering process gives 7 groups
containing respectively the following images:

1:12343334353637383968697072Group
73

Group

Group

Group

Group

Group

Group

2:52223242526285859606162

3:67891040414243447475767778

4:11 12 13 14 15 27 45 46 47 48 49

5:16 17 50 71

6:18 19 20 21 51 52 53 54 55 56 57

7:29 30 31 32 63 64 65 66 67

The fig. 3 shows two images of each group and the
features extracted from these images..

As the object is ahnost symmetric, each cluster col-
lects images of both sides of it. As similarities are
used to compute the matching, only images taken
with neighboring viewpoints are gathered in one
group. For example, the groups 2 and 6 contain
some images topologically very similar, but these
images have very different invariants for the simi-
larities. To avoid this problem (if we want to avoid
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Figure 2: Eighty views of an object

it), we shouhl use other transformations like affine
transformations or eollineations.

The result, is trot totally perfect. Images number 5
and 71 arc not in tile group expected, but this is due
to the noise of tile images. Tire effect of this clus-
tering noise will I)e attemLated at tile modelization
stage with the introduction of reliability coetticieuts
for each feature of a group.

3 Conclusion

Our method differs from those described in the litera-
ture in several ways: it needs neither a priori knowledge
nor camera calibration; it does not make any 3D recon-
struction of tire object; the images used need not form
an ord(’red sequence; it uses both topological and geo-
m,’tri(’al information. This ;dlows complex objects to I)e
modeled, which cannot be done by methods using only
topological or geometrical information. Furthermore, it
builds the models from noised image: this allows to take
lids noise into account in the model.

l"uther extensions are possible ill two directions: the
use of other geometric transformation to approximate
th(" al)l)ar(,nt motion betw~,eu the images which leads 
a gr(’at.er combinatorics and to less stable computations,
and the use of other features, curves for example, as soon
as they can be characterized with local invariants.
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Figure 3: Two images of each group
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