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ABSTRACT

The Curvature Scale Space (CSS) image is a multi-scale
organisation of the in
ection points of a closed planar
curve as it is smoothed. It consists of several arch shape
contours, each related to a concavity or a convexity of
the curve. In our recent work, we have used the maxima
of these contours to represent the boundary of objects
in shape similarity retrieval. In our new approach, each
segment of a shape is represented by the relevant max-
imum of the CSS image as well as the average curvature
on the segment at certain level of scale. In this paper
we explain how this new representation together with
its matching algorithm improve the performance of our
shape similarity retrieval system.
To evaluate the proposed method, we created a small
classi�ed image database. We then measured the per-
formance of the system on this database. The quanti�ed
results of this test provided supporting evidence for the
performance superiority of the proposed method.

1 Introduction

The objective of researchers in content based image data-

base area is to allow users to search through databases
using sketches, texture, color, shapes and other iconic
and graphical information. The users usually specify an
image, or a part of it, and want the system to �nd all
images in the database like that (part of the) image.
A number of methods have been proposed and im-

plemented for shape similarity retrieval. Some of them
are based on conventional shape representation methods
like Fourier descriptors [11] and polygonal approxima-
tion [4]. In other methods, shapes have been represented
by a number of global parameters like eccentricity, circu-
larity, number of holes [3], major axis orientation and a
set of algebraic moment invariants [10], and e�orts have
been focused on an e�cient and rapid indexing.
In our recent work, we have used the maxima of the

Curvature Scale Space (CSS) image [5][9] as shape fea-
tures for similarity retrieval [1][6][7]. We have also ad-
dressed the problem of shallow concavities in this rep-
resentation [2] [8]. Shallow and deep concavities may
both create large contours in the CSS image. As a res-

ult, a shape with curved segments may appear as the
output of the system in response to a query containing
a shape with shallow concavities. A rather complicated
remedy was proposed in [2]. Here we introduce a simple
and e�ective way to overcome this problem. We also
discuss the shortcomings of the new method and com-
pare it with the previous one.
The following is the organisation of this paper. In sec-
tion 2 the CSS image and the problem of shallow concav-
ities is reviewed. It is followed by introducing the new
representation in section 3. The new method employs
the average curvature on each segment of the shape as
well as the maxima of the CSS image. Results and dis-
cussions are presented in section 5. It is followed by
conclusion remarks in section 6.

2 CSS image and the problem of shallow

concavities

Let � be a closed planar curve, and let u be the norm-
alised arc length parameter on �:

� =
� �

x(u); y(u)
� �
� u 2 [0; 1]

	

If each coordinate function of � is convolved with a
1-D Gaussian kernel of width � , the resulting curve, �� ,
will be smoother than � . As � increases, �� becomes
smoother and the number of curvature zero crossings
on it decreases. When � becomes su�ciently high, ��
will be a convex curve with no curvature zero crossings
( see Figure 1 ). The process can be terminated at this
stage and the resulting points can be mapped to the
(u; �) plane. The result of this process will be a binary
image called Curvature Scale Space image of the curve
(see Figure 2 ). The horizontal axis in this image repres-
ents the normalised arc length u. To normalise the arc
length, we re-sample the boundary and represent it by
200 equally distant points. Every point on the boundary
has a correspondence on the horizontal axis of the CSS
image. The vertical axis represents �, the width of the
Gaussian kernel. The intersection of every horizontal
line with the contours in this image indicates the loc-
ations of curvature zero crossings on the corresponding
evolved curve ��.
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Figure 1: Shrinkage and smoothing of the curve and de-
creasing of the number of curvature zero crossings dur-
ing the evolution, from left: � = 1; 4; 7; 10; 12; 14.
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Figure 2: The CSS image of the shape of Figure 1.

The number of columns of the CSS image is equal
to the number of equidistant samples on the related
curve. In fact, each column relates to a point on the
resampled curve. Since the number of these samples is
usually less than the number of original points on the
8-connected representation of the curve, re-sampling re-
moves some details of the curve.

The number of rows of the CSS image re
ects the
number of iterations needed to convert the curve to a
convex curve. Two factors are involved in this value,
�rst the shape of the original curve and second, the dif-
ference between the �lter width in two successive itera-
tions, namely ��.

If a curve contains deep and wide concavities, a �lter
with larger value of � is needed to convert it to a convex
curve. Therefore, the process of evolution will not end
rapidly as the value of � increases.

Each row of the CSS image corresponds to a certain
level of smoothing. This is related to a value of sigma
which is higher by one �� than the previous row and
lower by one �� than the next row. The value of �� is
chosen as 0.1 in our experiments. Note that the process
of smoothing starts with � = 1. The resulting curvature
zero crossings for � = 1 is shown in bottom row of the
CSS image.

The actual CSS image which is used in experiments
is a digital binary image. The maxima of the contours
of this image are extracted directly from the actual CSS
image. x-coordinate of a maximum indicates the loc-
ation where a pair of curvature zero crossings merge.
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Figure 3: The appropriate level of smoothing to calcu-
late the average curvature.

y-coordinate of a maximum indicates the number of it-
erations needed until this merge actually happens.

We normalise the x and y-coordinates of the CSS im-
age by considering the length of x-axis as one. To nor-
malise the x and y-coordinates of a maximum, it should
then be divided by the number of samples.

The values of 200 and 0:1 for the number of samples
and �� are chosen so that the aspect ratio of the CSS
image stays roughly around unity. This results in almost
the same weight for x and y coordinates of the contour
maxima of the CSS image.

Noise or real maximum Small contours of the CSS
image correspond to noise or small ripples of the curve.
They are not included in the representation to prevent
a complicated and ine�cient matching algorithm. In
most cases, even if small contours are considered, they
do not play a major role in the �nal matching value
between an input shape and a model from the database.
In our system, if a maximum height is less than 1
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the number of rows of the CSS image, it is considered
as noise. As a result, major concavities and convexities
of a shape will contribute in the representation.

3 The new representation

In our previous approach [7][6] we represented an object
boundary by a set of two dimensional points, the loca-
tions of maxima of its CSS image contours. Each CSS
contour, and hence its maximum correspond to a seg-
ment of the input contour with two curvature zero cross-
ings at the end-points. In our new approach, the average
curvature between these zero crossings is calculated and
after normalisation, is considered as the third dimension
of CSS maxima. Therefore, an object boundary will be
represented by a set of three dimensional points. Each
point consists of x and y coordinates of a maximum of
the CSS image, and the normalised average curvature
of the corresponding segment at a certain level of scale
as the z coordinate. This level is equivalent to 1
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height of the CSS image.

An example is given in Figure 3. The number of rows



of the CSS image is 120. The level of smoothing for
curvature calculation is then calculated as 120

6
= 20.

Since the �rst row of the CSS image corresponds to � =
1 and each row re
ects a 0:1 increase in �, the equivalent
level of smoothing is calculated as � = 1+0:1�20 = 3. In
left side of Figure 3 the smooth curve is presented. After
extracting the maxima of the CSS image and calculating
the average curvature for each segment, we determine
the shape representation as follows.

f(0:44 0:6 0:034); (0:83 0:56 0:073); (0:83 0:58 0:073);

(0:6 0:56 0:069); (0:85 0:4 0:019); (0:3 0:35 0:025);

(0:3 0:35 0:025)g

The �rst two dimensions are x and y coordinates of each
maxima( which are divided by the number of columns,
eg 200 ) and the third one is the average curvature at
� = 3 level. As we can see from this example, the aver-
age curvature is normally less than the other two dimen-
sions. Moreover, it is not scale invariant, and therefore
it must be normalised.

Normalisation of the average curvature Norm-
alisation of curvature is applied in two stages. Since
curvature is not scale invariant, at the �rst stage, we re-
scale all shapes of the database so that the perimeter of
all shapes be equal. This will ensure that the compar-
ison between di�erent shapes based on their curvature is
meaningful. At the second stage, we should re-scale the
curvature so that the absolute value of the third dimen-
sion of each point falls in a suitable range in comparison
with the other dimensions. Since we use the Euclidean
distance later in the matching algorithm, if the absolute
value of the average curvature is too low, then its con-
tribution in the �nal matching value would be too small
and vice versa.
The scaling factor for the average curvature is pro-

portional to the importance of it in comparison with
the location of the maximum. The x coordinate of a
maximum will be in the range of [0; 1] with a resolution
of 0:05, these �gures are e�ectively [0:04; 1:5] and 0:05
for the y-coordinate.
After performing a sequence of experiments, we con-

cluded that by leaving the scale-factor of the average
curvature as 1 and limiting the upper band of average
curvature at 0:1, the best results can be achieved. We
also studied the distribution of average curvature for all
segments of all objects of our database to achieve this
result.

4 Matching algorithm

In this section we explain the basic concepts of our
matching algorithm which compares two sets of max-
ima, one from the input image and the other from one
of the models of the database.

The �rst step in CSS matching is to shift one of the
two sets of maxima so that the e�ect of any possible
change in orientation is compensated. Since the ex-
act value of the required shift is not available, the best
choice is a value that shifts one CSS image so that its
major maximumcovers the major maximumof the other
CSS image. Other possible choices include those values
which accomplish the same with the second and possibly
the third major maxima. For each case, the Euclidean
distances between the nearest pairs of (three dimen-
sional) maxima are calculated and the summation over
the whole sets of maxima is considered as the match-
ing value for that particular shift. The lowest matching
value among di�erent possible shifts is then selected as
a measure of similarity between the two objects.
If the di�erence between the average curvature of a

maximum of the model and its nearest maximum of the
image is higher than a threshold, they are considered
as unmatched maxima. For all unmatched maxima, the
length of the projection on the y � z plane is added to
the matching value.

5 Results

We �rst tested the proposed method on a database of
1100 images of marine animals. Each image consisted of
just one object on a uniform background. The system
software was developed using the C language under Unix
operating system. The response rate of the system was
less than one second for every user query. 1 To have an
objective evaluation of the performance of the method,
we have created a small classi�ed database which is a
subset of our large database. There are 17 classes in
this database, each consisting of about 8 objects. To
evaluate the performance of the system on one object,
it is chosen as the input and the system is asked to
return the best 15 similar shapes from the database.
The number of outputs from the same group is then
considered as the performance measure of the system for
that input. It is then possible to �nd the performance
measure of the system on one group and then on all
groups by extending this method.
Several classes are represented in Figure 4. For groups

c; f and g, both methods showed a 100% result. It
means that whenever a member of these classes was the
input, all other members appeared in the �rst 15 out-
puts of the system. This �gure for class a and class
b were very low by the previous method and showed a
considerable improvement by using the new method.
Group h consists of objects with sharp corners. Due

to high curvature on corners, the average curvature on
the relevant segments is always higher than the upper
limit. Therefore, the new method seems to be less ef-
fective for such shapes. A small decrease in performance
measure was observed for this group.

1A demo of our work is available at the following web site:

http://www.ee.surrey.ac.uk/Research/VSSP/imagedb/demo.html
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Figure 4: Several classes of shapes used for testing the
methods.

In comparison to the height adjusted CSS image [2],
the new method enjoys the advantages of simplicity and
higher speed. However, the trade o� will be a compet-
itive but slightly lower performance measure.

6 Conclusions

This paper described a method to solve the problem
of shallow concavities in Curvature Scale Space repres-
entation of planar curves. The method was tested on
a database of 1100 images of marine creatures and a
small database of aircrafts and helicopters. It was then
tested on a small classi�ed database to obtain an object-
ive evaluation of its performance. The results showed a
major improvement in performance over the old CSS
matching. The improvement was particularly signi�c-
ant for shapes with shallow concavities.
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