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Abstract

We present a shape matching algorithm based on
the chamfer distance transform which can be easily
integrated into the well-known SIFT framework. The
shape matching was designed to overcome the limita-
tions of SIFT matching for objects which lack texture
and have the majority of their features located on the
object boundary.

1. Introduction

One of the most successful object recognition sys-
tems of recent years is SIFT [7]: It is fast, scale- and
rotation-invariant and can be trained on a single image
of an object. In the following discussion we assume
a scenario where an object/background segmentation is
provided during training (e.g. through background sub-
traction) but not during testing. SIFT descriptors are
known to perform well on textured objects, however,
objects with little texture that are best described by their
shapes are problematic. One might guess that SIFT fea-
tures are not suited for capturing local shape properties.
According to our tests this is not the case: placed in
front of a uniform background, even objects with little
texture could be recognized well as long as there was
a sufficient number of interest points (IP) on the object
contour. Missed detections occurred frequently when
objects were placed in front of textured backgrounds.
This is not surprising, since descriptors located on an
object contour will contain background texture. A pos-
sible solution is to complement SIFT descriptors by lo-
cal shape features which specifically target the problem-
atic class of objects with little texture.

Shape-based matching techniques operate on binary
edge images; they differ in feature type and match-
ing algorithm. One way to organize them is to divide
them into global approaches [10, 5], where the object
is recognized in a single step, and local approaches,
where object parts are detected prior to recognizing
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the whole object. The local techniques described in
[1,2, 8, 6] achieved impressive results on various recog-
nition tasks. However, they suffer from the same prob-
lem as SIFT descriptors: features on an object con-
tour capture background texture which will impair the
matching performance. It is clear that this problem can-
not be solved on the feature level alone. If an object
can not be segmented from the background prior to fea-
ture extraction, any local feature on an object contour—
irrespective of its type—will contain background clutter.
To find a solution we have to consider the type of fea-
ture in combination with the matching algorithm.

We propose a matching technique based on the
chamfer distance transform applied to orientation-
specific edge images. Template matching using dis-
tance transforms [5] is inherently robust against back-
ground clutter and has been successfully used in global
shape matching systems, see e.g. the pedestrian and
traffic sign detection system in [4]. Unfortunately,
global template matching has limited real-world appli-
cability since changes in scale, in-plane rotation and
partial occlusion pose major problems. In [9] local
chamfer matching has been applied to pedestrian de-
tection. The system is scale- but not rotation-invariant
and it does not address the problem of false matches
caused by spurious edges in the background. In this pa-
per, we will develop a scale- and rotation-invariant, lo-
cal shape matching technique based on the chamfer dis-
tance transform. The technique performs orientation-
specific edge matching with outlier detection.

2. Distance Transform

We will use a local template matching scheme based
on the chamfer distance transform for shape-based
matching. Matching takes place between an 2D binary
edge image [ and a 2D binary edge template 7. To de-
termine the similarity between 7" and I we compute the
chamfer distance:
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Figure 3. Comparison between SIFT,
shape features and the combination of
both. Top: ROC curves for the 22 ob-
ject database. The backgrounds in in
the training and test images were iden-
tical. Bottom: ROC curves for the 18
object database. The backgrounds were
changed between training and test im-
ages.

Figure 4. Example images from the 18 ob-
ject database. Each row shows the train-
ing image with a neutral background and
three synthetic test images with textured
background.

Feature | Noise | Scaled | Rot. Rotated | Backg.
added | (198) in plane | in depth | (7228)
(88) (132) (203)

SIFT 0 5 0 83 12

Edges 0 5 0 100 12

Or.-Sp.

Edges 0 15 0 103 10

stand.

Both 0 1 0 79 16

Table 1. The distribution of errors across
the test set with uniform background. In
parenthesis are the number of images in
the test. We chose the detection thresh-
olds for the systems such that the false
positive rates were as close to 0.2% as
possible (see last column).

easily integrated into the well-known SIFT framework.

Our

experiments show that shape matching comple-

ments matching with SIFT features. Shape features per-
formed well in cases where SIFT features ran into prob-
lems and vice versa. When we placed objects in front
of textured backgrounds, shape-based matching outper-
formed the standard SIFT system by about 15%.
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