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Abstract— The development of search engine for similar images stays yet a scientific challenge. Since
every image is represented by one or more vectors, the research stage becomes very hard. To raise these
difficulties, we suggest inserting a sear ch engine based on multiple representations of images where every
image will be represented by three vectors that are color, texture and shape. In the research phase, we
applied on the first one clustering on every level of representation for all images stored on the database.
This has enabled us to obtain fifteen classes of colors, ten classes of texture and twenty classes of shape.
Finally we compute the descriptors associated to the research image and we detect the classes of
member ship for each level of the representation. Note that the proposed method allowed usto reduce the
number of imagesto check to 7% on average of the database.
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I. INTRODUCTION

The researchers in the field of computer vision settle the problem of automatic images indexing by their
content. This technique palliates problems posed by the textual research and allows improving the typical
applications and contributes to the emergence of new applications in various domains. The idea of making the
access to the images data easier is not new, research techniques of images were devel oped with this effect since
the end of the seventies. Among these approaches we find the techniques of research for images based on text
description known under the name “Text-based Image Retrieval” (TBIR) [1, 2, 3, 4, 5] which is the oldest
approach used until our days. Each image is manually annotated by a set of keywords describing their contents,
and also using a management system database to manage the images.

Through text descriptors, images can be organized hierarchically according to themes or semantics, in order
to facilitate navigation and research in the database. However, since the automatic generation of text descriptors
for aset of imagesis not feasible, most of these systems require manual annotation of the images|[1, 6].

What we propose in this paper is to integrate a search engine for similar images, based on the multiple
representations of images and clustering based on K-means algorithm.

On the representation phase, each image is symbolized by three vectors, which represent the visual
characteristics of low level, which are the color, by using the compressed histograms of the colors and the
texture represented by the algorithm of compression entitled: Segmentation based Fractal Texture Analysis
(SFTA) [7] and finally the shape based on Zernike moments.

For the phase of classification, the fact that each image is represented by a dependent vector and not by
isolated values, without forgetting the enormous number of image existing on the web, makes the research of the
similar images a painful mission compared to the classical research methods. To do this, after having calculated
the three vectors of representations for each image of database (DB), we separately applied to each level of
representation the clustering agorithm, which automatically divides the images into several classes, for each
level of representation (Fig.1).
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Fig.1: The proposed system for similar images research.

For example, an image which belongs to the color class N= 3, texture class N= 1 and shape class N= 1, in
Fig.1, the result will be theimages 5 and 9.

1. THEEXTRACTION OF CHARACTERISTICS

It consists of a set of computing, that is mathematical or semantic, to extract reduced vectors, but able to
represent the contents of the image. In this section we will present the following three types of descriptors
representing respectively color, texture and global shape.

A. Color descriptor

The color is the first descriptor that is used to research for images. There are some studies that have shown
that the color is the most effective descriptor [8, 9, 10, 11]. There exist several descriptors of colors, in our case
we worked with the histogram of condensed color which is based on the separation of three levels of color (Red,
Green, Blue). We consider the following agorithm:
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Fig.2 shows examples of the histogram of color for some image of the Data base.

Fig.2 : Projection color histograms of three images from the database.
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B. Thetexture descriptor

A texture is characterized by the repetition of a reason or some elements. There exist several methods to
analyze texture. The approach of Tamura [12] described possible textures according to concepts which
correspond to human visual perception with six suggested properties: granularity, contrast, prevalent direction,
linearity, regularity and roughness. Each one of these parameters is measured to establish a vector of texture. In
our case, we used the method of Segmentation of images by the analysis of textures based on the projective
fractals SFTA (Segmentation-based Fractal Texture Analysis) [13]. This technique alows synthesizing images
very close to the redity. In the analysis of texture, the fractal dimension, which is a measure of the degree of
irregularity of an object, describes a certain property of the texture. The fractal model is essentially based on the
estimation by spatial methods of the fractal dimension of the surface representing the levels of grey of the image.
We consider the following algorithm:

Fig.3 shows the projected values of the texture descriptor for some images of the database.

Fig.3: projection texture descriptors (SFTA).
C. Shape descriptors
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The shape descriptor that we adopted is based on the time of Zernike. The interest of the computing of the
moments of Zernike is to provide a compact and easy coding to compute, equipped with good properties of
theoretical invariance by trandation, scaling and rotation. They constitute a vector space in which the image of
the formis projected [14, 15,16,17].

The geometrical moment of afunction f (X, y) is the projection of this function on the space of polynomias
generated by xPy9, (p,q) € N%2. Zernike introduces a set of complex polynomials which form a definite
orthonormal base inside the unit circle, i.e. such as x% + y2 < 1. The form of these polynomials is the following
one:

V(% ¥) =V, (0.0) = R, (p).€xp(jm8)

Where:

n : A positive integer or zero

m : Aninteger such that [m| < n

p : Length of the vector between the origin and the pixel (x, y)

0 : The angle between vector p and x axis in counter-clockwise direction
R, - Radia polynomial

V*(x,y) : polynomial complexe projection of f(x,y) on the space of the complex polynomials. Such
polynomials are quite orthogonal since;

_[ J‘[V;m (x,y)].qu(x,y)dxdy =1 for (n,m)=(p,q) and Ootherwise

x2 +y2s1

The geometrical moment of the Zernike is the projection of afunction f (x, y) describing an image space of
orthogonal polynomials generated byV_ (0, 6):
_n+1

A\m

T

3 f(x, )V, (p,0)ixdy

And for identification of the image, the absolute values of Zernike moments are used:

A= JRE(A, )+ IM(A,)

I11. K-MEANS CLUSTERING

In this work, we used the algorithm K-means definite by McQueen [18, 19]. It is an algorithm of clustering
more known and more used, because of its simplicity of implementation. It partitions data in K clusters.
Contrary to other methods known as hierarchical, which create a structure in tree of clusters to describe the
groupings, K-means creates only asingle level of clusters. The algorithm returns a partition of the data, in which
the objects within each cluster are as close as possible to each other as far as possible and objects other clusters.
Each cluster in the partition is defined by its objects and its centroid. K-means is an iterative algorithm that
minimizes the sum of distances between each object and its cluster centroid. The initial position of centroids
determines the final result, so that the centroids should initially be placed as far as possible from each other in
order to optimize the agorithm. K-means out exchange the objects of cluster until the sum connot decrease any
more. The result is a set of compact and clearly separated clusters, provided that they have chosen the correct

value K the number of clusters. The main steps of k-means algorithm are:
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V. PROPOSED METHODS AND EXPERIMENTAL RESULTS
To test our method we used the database iaprtc12 [20] it is composed of avariety of 20000 images (fig. 4).

Fig .4: Example of images of the database iparc 12.

A. Preparation of the training data base

Each image represented by three vectors: a color vector VC (1, 48), a texture vector VT (1, 36) and a shape
vector VF(1,21).

* The color descriptors. all images are collected in a matrix denoted MC (20000,48). (20000 lines per every
picture, 48 the number of color components that we have chosen.

* The texture descriptors: all images are collected in a matrix denoted MT (20000,36).
* The shape descriptors: all images are collected in amatrix denoted MF (20000,21).

We applied the algorithm K-means to the matrix MC with k = 15 which alowed us to have 15 clusters.
Similarly for the matrix MT with k = 10 (Fig. 5) and the matrix MF with k = 12.
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Fig .5: The K-means clustering applied to the texture matrix with k = 10

Fig. 6: The average curves of each of the 12 classes of shapes.

B. Phase of recognition

The researched images must undergo the same pretreatments as the images of the base of training. Firstly, we
compute descriptors of the three levels of representations. Secondly, we define classes of membership by using
the KNN algorithm (K nearest neighbors) .

Note that KNN is a simple agorithm that explores all available huts and classifies new huts based on
similarity measure.

To estimate the output associated with a new input X, the method of the k nearest neighborsis to consider the
k training samples whose entrance is closer to the new input x.

In our case we worked with the Euclidean distance to determine the membership of the wanted image to the
different classes that represent the three levels of representation.

The search result is the intersection of the three classes of membership.

The system allows reducing the number of images to check, theoretically, to a maximum of 10% percent of
the training set. Experimentally, the number of images to be checked varied between 3% and 9% of the training
set according to the nature of the image.

The table 1 introduces a valuation of the rates of recognition of some categories of pictures of the training set.
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Category Groupl Group2 Group3 Group4 Group5 Group6
(Fig.7) (Fig.8) (Fig.9) (Fig10) (Fig.11) (Fig.12)
Manual
evaluation of 68% 58% 60% 81% 79% 64%
the Request

Fig.7: Example of images of Groupl.

Fig.8: Example of images of Group 2.

Fig.9: Example of images of Group 3.

Fig.10: Example of images of Group 4.

Fig.11: Example of images of Group 5.

Fig.12: Example of images of Group 6.

The results of manual valuation stay between 81 % and 85 %, this returns in most cases to the quantity of
information that existsin every image.
The use of composed query can overcome these obstacles. What we did:
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Fig. 13: Diagram of client requests
In the following table we show the rates of evaluation of a double request:

TABLE 2: Rate of manual evaluation, of some categories of images, for a double request.

Category Group 1 Group 2 Group 3 Group4 | Group5 | Group6
(Fig.7) (Fig-8) (Fig.9) (Figl0) (Fig.11) (Fig.12)
Manual
evaluation of 74% 75% 84% 88% 87% 91%
the Request

The use of double requests allowed an improvement of recognition rate. We note for the group 6 (Single
person) we found that 91% of the results meet the criteria of adirect search by a complete scanning of the KNN.

Finally, we can say that the proposed system presents the same rates of recognitions obtained by a complete
sweeping, an image by image from the database, but with atime of research 10 times less.

V. CONCLUSION

In this work, we have presented a search engine for similar images, based on the multiple clustering and
global descriptors of images, the proposed system has the same performance as the search engine based on full
sweeping or probabilistic methods, but with a smaller execution time.
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