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Abstract

In this paper, we have proposed a method for
enhancing the accuracy of shape descriptors. The
concept of connectivity, to obtain discriminating shape
descriptors, has been introduced. We have shown how
connectivity can be applied to two popular shape
descriptors. Experiments wer e performed to test the effect
of using connectivity with Generic Fourier Descriptors
and distance histograms. Item S8 within the MPEG-7
Stll Images Content Set [5] was used for performing
experiments. This dataset consists of 3621 till images.
The experimental results show that connectivity enhances
the performance of the methods significantly.

Keywords: Histograms, Fourier descriptors, shape
descriptors, CBIR.

1. Introduction

Much research is being done to develop tools for
analyzing images based on their content and then
representing them in a manner that the images can then
be searched based on these representations. Content
based image retrieval (CBIR) alows users to retrieve
images using queries based on sketches, user constructed
query images, color and texture patterns, layout or
structural descriptions, and other example images or
iconic and graphical information. Retrieval of images
based on the shape of objects in images is an important
part of CBIR.

Approaches for shape representation and retrieval can
be broadly classified into contour based and region
based. Some of the region based methods are geometric
moments [3], moments constructed from orthogonal
functions [11] and grid based method [4]. Recently,
Generic Fourier Descriptors (GFD) method was proposed
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by Zhang and Lu [9] for region based matching of
shapes. Some of the contour based methods are
polygonal approximation [10], autoregressive model [6],
Fourier Descriptors [7], distance histograms [1]. In this
paper, we propose the concept of connectivity to obtain
discriminating shape descriptors. We have shown how to
apply connectivity to GFD method and histograms
method. Experiments have been performed to show the
effectiveness of using connectivity.

In Section 2, GFD and the proposed enhancement to
GFD has bheen described. In Section 3, histograms
method and the proposed enhancement to the histograms
method has been described. Experimental Setup and
Results are presented in Section 4. We provide the
conclusion in Section 5.

2. Generic Fourier Descriptors

Generic Fourier Descriptors (GFD) have been used for
image retrieval based on region-based shape matching
[9]. In GFD, the feature vectors are created by extracting
spectral information in the frequency domain. Fourier
transform is applied to the polar raster sampled shape
image. Consider the image shown in Figure 1. To obtain
the GFD for the image, the image is first plotted in polar
space. The polar image of Figure 1(a), is shown in Figure
1(b).
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Figure 1. (a)An Image in Cartesian Coordinates
(b) Polar Image



Before obtaining the polar image, the image is
normalized for scale 2D DFT is applied to the
rectangular region in polar coordinates to obtain Fourier
coefficients which are used to construct feature vectors
for shape representation and similarity measure [7][9].

We draw an anaogy from Color Coherence Vectors
(CCV) proposed by Pass and Zabih [8]. CCV is used for
image retrieval based on color. Pass et a [8] defined
color coherence of pixels as the degree to which pixels of
that color are members of a large similarly colored
region. Pixels are classified as coherent or incoherent.
Coherent pixels are part of a sizable contiguous region of
similar color while incoherent pixels are not.

In the case of shape representation, we define
“connectivity” of pixels in an image. The state of the
nearest 8-neighbours is computed for each set pixel.
Connectivity of a set pixel is obtained as the number of
set pixels amongst the nearest 8-neighbours. Figure 2(a)
provides additional information for the image in Figure
1(a). Connectivity information is added in Cartesian
coordinates. Hence, the z-axis is obtained which provides
information regarding connectivity of pixels. For each set
pixel within the image, the connectivity can take values 0
through 8. A connectivity of 0 indicates that none of the
nearest 8-neighbours are set. A connectivity of 8
indicates that al of the nearest 8-neighbours are set.
Figure 2(b), represents the image in cylindrica
coordinates.  Cylindrica  coordinates  (r,8,¢) are
obtained from the 3D Cartesian co-ordinates (X, Y, z) as
shown below.

r=y(x-x ) +(y-vy.) )

0= arctan(u] (2
X=X,

¢=z (3

where, (X, Ye) is the centroid of the 2D Cartesian image
and z represents the connectivity of pixel (x, y).
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Feature vectors are constructed from the cylindrical
coordinates by computing the 2D DFT for each value of
¢ in Egn. 3. 2D DFT of the polar coordinates for each

value of ¢ isdefined as below.

PF(0.1) =33 f roe T

where, R and T is the radial and angular resolution. r, &
isobtained from Egn. 1 and Egn. 2.

A set of nine feature vectors is obtained for each
image. Feature vectors are represented as shown below.
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where, ¢ isthe connectivity and has valuesOto 8. R and
T istheradial and angular resolution as used in Eqgn. 4.
The difference between two images is computed as the
sum of the Euclidean distances between feature vectors
as shownin Eqgn. 5.
RT-1

Dist(F,, F,) :\/ZB: Z(fl,i,J ~fai )2 ©)

i=0 j=0

where, f j Is adescriptor within the feature vector of

image x. 0<i <8 is the connectivity. 0< j <RT,
where R, T istheradia and angular resolution.

3. Distance Histograms

The distance histograms method treats an image as a
point cloud. The centroid is computed for the image as

shown in Egn. 6.
N-1 N-1
in Yi
X, = i=0 y, = i=0
N N (6)

where, N is the number of pointsin theimage.

Figure 2. (a) Connectivity Information for Image in Figure 1
(b) Connectivity Information in Cylindrical Coordinates



After the centroid has been identified, the centroidal
distance is computed for each point as shownin Egn. 7.

d(s,0 =y -%V+(.-v)

where s(x;, yi ) is apoint on the image for i=0 to N-1 and
c(Xe, Ye) isthe centroid.

The distances thus obtained are invariant to rotation
and trandation. However, the distance needs to be
normalised for scale. To normalise the distance for scale,
we scale them from 0 to 100.

Normalised centroidal distances of the points are
discretised into buckets. A histogram for an image is
represented as bel ow.

D:(d,,d,...d,,) ®)

where N is the number of bucketsin the histogram.

Quadratic distance is used to compute the distance
between histograms because it takes into account the
similarity across buckets [12][13]. Euclidean distance on
the other hand only considers the distance between “like-
buckets’. The quadratic-form distance between the two
feature vectors Q and T is given by Eqgn. 9.

dua(@T)=[Q-T) AQ-T]* @
where A = [@;] is an N x N matrix, and aij is the
similarity coefficient between indexes (dimensions) i and
i. @ isgiven by Eqn. 10.
a; =1-d; /d,add; =[Q -T,| (10

For calculation, the quadratic-form distance is written

as shown below [14].
N-1N-1 N-1N-1 N-1N-1
0pulQT) :[zz%o.q S8 +zzQ.nj
i=0 j=0 i=0 j=0 i=0 j=0

The concept of connectivity was introduced in Section
2. Connectivity can be applied to the histograms method.
Images are decomposed according to connectivities as
shown in Figure 3(a). Histograms are obtained for each
value of connectivity. This gives a set of nine histograms
for connectivity 0 through 8. The nine histograms form
the feature vector for each image as shown in Egn. 11.

D:(dg, 0y Ays,) (1)
where, ¢ is the connectivity and has values 0 to 8, N is
the number of buckets into which the centroidal distances
have been discretised.

The distance between two images is computed as the

sum of quadratic distances between corresponding
histograms.

4. Experimental Results

Experiments were conducted on Item number S8
within the MPEG-7 Still Images Content Set [5]. Thisis
a collection of trademark images and originally provided
by the Korean Industrial Property Office. S8 consists of
3621 still images. It is divided into sets A1, A2, A3, Ad
to test the robustness of methods to geometric and
perspective transformations.

Queries were performed using the basic GFD method
and the proposed enhancement to the GFD method.
Another set of queries were performed using the
histograms method and the proposed enhancement to the
histograms method. In Figure 3, average recall-precision
has been plotted for each method. The basic method is
represented by “ no connectivity” within the legends. The
proposed enhancement to the basic methods is
represented by “connectivity” within the legends.

In Figure 2, we see that the pixel density is high for
connectivity=0 and connectivity=8. This observation led
us to perform experiments while ignoring intermediate
values of connectivity. This is a specia case of the
proposed method. In this method, images are indexed for
connectivity=0 and connectivity=8 only. This method is
represented by “ peripheral” within the legends.
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Figure 3. Average Recall-Precision Plots

5. Conclusion

There is adrop in the effectiveness of retrieval, when
intermediate values of connectivity are excluded, from
indexing and retrieval.

We note that the data set does not contain intricate
images. In Figure 2, we see that the pixel density is high
for connectivity=0 and connectivity=8. We believe that
the relative improvement in the effectiveness of the
proposed method will be higher with an increase in pixel
densities for intermediate values of connectivity.

In this paper, a method has been proposed to obtain
highly discriminating shape descriptors. The proposed
method has been tested for two common shape based

image retrieval techniques. Experiments were performed
on the MPEG-7 Still Images Content Set. Experimental
results show that the proposed method improves the
performance of shape based image retrieval techniques.
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