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Abstract

We propose a new technique in which line segments

and elliptical arcs are used as features for recognizing

image patterns. By using this approach, the process of

locating a model in a given image is efficient since the

number of features to be compared is few. We propose

distance measures to evaluate the similarity between the

features of the model and that of the image. The model

transformation parameters are found by searching the

transformation space using cell decomposition.

1 Introduction

Locating instances of a known model in a given im-

age is necessary in many applications such as indus-

trial inspection, tracking and aerial image analysis [7].

The edge maps of the model and the image are repre-

sented using features and these features are compared

in order to determine the transformation parameters of

the model so that the transformed model features are in

close correspondence with the part of the image con-

taining the model object.

Huttenlocher et al. [5] have proposed a matching

technique which is based on finding the transforma-

tions that minimize the Hausdorff distance between the

model and image point sets. This technique can ef-

fectively deal with outliers and occlusions. Hausdorff

distance-based matching has also been applied for line

segment features in [11]. In this method, the line seg-

ments are treated as points in a 4-D space. The line

matching problem then reduces to a 4-D point-matching

problem under translation. The main disadvantage of

this method is when there are breaks in line segments,

the location of a line segment in the 4-D space changes,

degrading the accuracy of matching [2]. Other tech-

niques for matching line segment features have been

proposed in [2, 8, 10].

In this paper, we propose a geometric matching

methodology wherein not only line segments but also

elliptical arcs are used as image features. We use these

features since the representation of curved edges can be

done optimally by incorporating these higher-order fea-

tures [4, 9]. We propose distance measures for com-

paring the model and image features. These distance

measures can be used for matching even when the fea-

tures are distorted. The model is located by searching

the transformation space using cell-decomposition [7].

In our approach, the number of features to be compared

is considerably fewer than in the case of point-matching

and line-matching techniques. Consequently, the pro-

posed matching algorithm is generally much faster than

the Hausdorff distance-based point matching technique

[7]. We consider the model transformation to be 2-D

translation and rotation. However, our technique can be

extended to handle scale changes also.

2 Feature representation

We follow the technique described in [6] to obtain

a representation of the edge map of images with line

segments and elliptical arcs. In this method, the crit-

ical points (where the shape of edges change) present

in the edges are initially detected. The edge map is

then divided into edge segments at these critical points.

These edge segments are represented by a combination

of line segments and elliptical arcs using a least-squares

approach [3, 6].

When conditions are not very controlled (as is the

case in practise), features of the same object can change

across different images due to occlusions, illumination

variations or fragmented image data. In Figs. 1 (a) and

(b) we show images of a mouse in different positions.

We obtain their representation in terms of line segments

and elliptical arcs. In Fig. 1 (c), we see that the mouse

has been represented by one elliptical arc and few line

segments (elliptical arcs are shown in pink colour and

line segments are shown in green colour). On the other

hand in Fig. 1 (d), we observe that the edge segments
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Figure 2. (a) Model ellipse. (b) Image con-

taining a distorted model instance. (c)

Features of the image. (d) Model located
in the distorted image.

Distance del is obtained as a closed form expression

(not given here as it is too long) in terms of line seg-

ment and ellipse parameters.

The distance measure D between the feature sets of

the model and the image when a transformation t(·) is
applied on the model is defined as

D (t (M) , I) =

max {DL (t (ML) , IL) , DE (t (ME) , I)} (7)

The distance D (t (M) , I) can be modified to handle
outliers and occlusions.

4 Locating the model

To locate the model, the transformation t∗ that mini-

mizes D (t (M) , I) in Eqn. (7) is to be found. In prac-
tical situations, due to feature distortions, only a frac-

tion of the model features will match the image fea-

tures. We use the length of features in terms of num-

ber of pixels as a cue for matching the model and the

probe image. Let τn denote the fraction of the num-

ber of model edge pixels Nm to assert the presence

of the model. Let If denote the set of image features

that are close to the transformed model features when

a transformation t(·) is applied on the model i.e., If =
{i∈I| ∃ m ∈ M such that d (t (m) , i) < τd}, where τd

is the distance threshold and d can be dl, de or del de-

pending on whetherm and i are line segments or ellip-

tical arcs. The number of image pixels that match the

model is given by Nfi =
∑

i∈If
len (i), where len de-

notes the length of a feature. For t(·) to be a possible
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Figure 3. (a) Tube model. (b) Given image.

(c) Image features. (d) The tube located in

the image.

transformation, the condition to be satisfied is

Nfi

Nm

> τn (8)

We use cell decomposition [7] to search the dis-

cretized 3-D transformation space and find the transfor-

mation for which the distance between features is min-

imum. Initially, the entire transformation space is re-

garded as an interesting cell. At each step, we divide the

interesting cells into eight sub-cells, apply the transfor-

mation corresponding to the center of a sub-cell on the

model features, evaluate the distance between features

and check whether the condition in Eqn. (8) holds. Only

those sub-cells that satisfy Eqn. (8) are likely to contain

the actual transformation and are regarded as interest-

ing cells. These cells are further sub-divided into eight

smaller cells. The threshold τd is reduced as the cell

size decreases. This process is continued recursively

until the size of an interesting cell is sufficiently small

whence we stop dividing it and evaluate the distance for

all the transformations corresponding to that cell. Fi-

nally, we pick the transformation for which the distance

between the features is minimized and Eqn. (8) holds.

5 Experimental results

For purpose of validation, we tested our algorithm on

real images. We initially applied our algorithm to locate

the instance of a model tube shown in Fig. 3 (a) in a

pharmaceutical image shown in Fig. 3 (b). The model

tube is translated and rotated in the probe image (Fig. 3

(b)). We set the value of threshold as τn = 0.9. There
were 553 pixels in the model and these were represented
by one elliptical arc and seven line segments (Fig. 3
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Figure 4. (a) Model of a chip. (b) Image
of a PCB. (c) The located instance of the

chip in the PCB.

(a)). The image in Fig. 3 (b) had 6810 edge points
and these were represented by four elliptical arcs and

140 line segments (Fig. 3 (c)). Our method correctly
located the model tube in the image as shown in Fig. 3

(d) where the model is overlaid on the image edges.

We next tested the proposed algorithm when the

model was to be located in a cluttered environment. A

model of a chip (Fig. 4 (a)) was to be located in the

image of a PCB shown in Fig. 4 (b). In the edge im-

age of PCB (Fig. 4 (c)), we note that many irrelevant

features tend to obscure the true features of the model

thereby complicating the matching process. The model

was compared against the image with τn = 0.9. The
chip was correctly located in the PCB as shown in Fig.

4 (c).

We have tested our algorithm on various images cap-

tured in the laboratory and found that the proposed

method works well even under illumination variations,

occlusions and clutter. The running time for an unopti-

mized implementation of our algorithm is of the order

of one tenth of a second on a P-IV PC with a 2 G Hz

processor and 256 MB RAM when translation alone is

involved. When rotation is involved, the time taken is of

the order of a few seconds. The proposed method gen-

erally performs two-to-three times faster than the point

matching method in [7].

6 Conclusions

In this paper, we proposed a new technique which

uses line segments and elliptical arcs as features for rec-

ognizing image patterns. In this technique, the number

of features to be compared is much fewer than in the

case of point-matching and line-matching schemes. We

formulated distance measures for comparing the fea-

tures and used cell decomposition to efficiently find the

optimum transformations. The algorithm was tested on

real images and was found to perform well under dif-

ferent conditions. It is much faster than the standard

point-matching algorithm.
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