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Abstract

This paper introduces an edge-based object recogni-
tion method that is robust with respect to clutter, occlu-
sion and object deformations. The method combines the
use of local features and their spatial relationships to
identify the point correspondences between the object-
of-interest and the input scene. Local features encode
information from their neighbourhood, and this renders
them insensitive to noise at a distance. However, they
have moderate discriminating power, and the proposed
method exploits their spatial structure to compensate
for this. Our flexible localisation technique, which is
based on Point Distribution Models, makes the method
also applicable to deformable objects. The point match-
ing task is formulated as an optimisation problem that
is solved using the Viterbi algorithm. The method has
been validated on challenging real scenes.

1. Introduction

It has been acknowledged that an object’s shape is
typically the most discriminative cue for its recogni-
tion by humans. Motivated by this, many researchers
have developed computer vision methods which aim to
localise a target object in an input image using only
contour-based information.

Umeyama [11] uses interpretation trees to specify
the correspondences between points that represent the
object-of-interest and the input scene, but this approach
is computationally expensive and neglects any other in-
formation, besides point locations. Belongie et al. [2]
introduced a global shape descriptor, namely the shape
context, and specify the correspondences between the
two point sets by minimising the sum of feature dis-
similarities. Thayananthan et al. [10] have shown that
this method cannot handle clutter, and impose a “fig-
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ural continuity” constraint to improve its performance.
However, their method remains sensitive to heavy clut-
ter and to large deformations of the target object. More-
over, their “figural continuity” constraint might have
limited impact when occlusion occurs. Chamfer match-
ing methods (e.g., [10]) typically require a good pose
initialisation of the target object near its actual loca-
tion in the input image and have to search through a
large number of model templates. Felzenszwalb [6]
proposes a method for detecting deformable shapes by
representing them with triangulated polygons, but his
approach is computationally expensive. Athitsos et
al. [1] developed a flexible method that tolerates struc-
tural shape changes, such as, for example, the occlusion
of some fingers when localising hand instances in the
input image. However, their approach is solely driven
by bottom-up mechanisms which might deform the tar-
get object to non-meaningful shape instances. Ferrari et
al. [7] initialise the pose of the target object in the input
image using a Hough-style voting scheme and then per-
form non-rigid shape matching using a variation of [3].
Their method, mainly due to the initialisation stage,
might run into difficulties when the target object con-
sists of small subparts whose configuration can vary sig-
nificantly between instances of the object-of-interest.
This paper presents an edge-based object recognition
method that is robust with respect to occlusion, clutter
and object deformations, without requiring any a pri-
ori initialisation near the actual pose of the target ob-
ject. This robustness is accomplished using: (i) local
features, which, in contrast to global (e.g., shape con-
text), are insensitive to noise at a distance; (ii) a flexible
localisation technique, which is a top-down mechanism
that imposes spatial constraints on feature correspon-
dences, based on our novel Relative Point Distribution
Models — this compensates for the moderate discrimi-
nating power of local descriptors, such as ours, and han-
dles deformable objects; (iii) an efficient optimisation
stage that employs the Viterbi algorithm for minimising
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Figure 4. First row: Extracted edges from input images — Second row: The deformation and
pose of the target object, as found by our method (dashed yellow line). In the last column, the
method distinguishes successfully the target object from an object of similar shape.

In three of the remaining images, the system failed to
recognise the model object, but succeeded in retriev-
ing an object of the same shape category. Examples of
the results achieved are shown in Figures 2 and 4. The
execution time is typically 10-40 sec per image using
Matlab and a Pentium IV, 3 GHz processor.

4. Conclusion

An edge-based method has been presented for recog-
nising deformable objects in cluttered scenes. We have
shown that by combining local features, their spatial re-
lationships, and knowledge of how these relationships
can change, we obtain good results despite clutter, oc-
clusion and object deformations.
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