Design of a Fuzzy Distance for a CBIR System
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ABSTRACT: This paper describes the design of a fuzzy distance for content-based image retrieval applied to 2D color
images within an image database. The technique herein presented computes first a multiresolution representation using
the Haar transform. Then, a color based primitive is obtained from the color level energy distribution at different
resolution levels of the wavelet transform. Fuzzy membership functions are constructed from the values of the color
based primitive of the test vector. The values of the elements of the database images are used to compute a fuzzy
distance between the test and the database images. The experimental results given in this paper include the success rate
achieved with the proposed distance using different membership functions and aggregation operators over a database
composed of 298 color images and 68 tomographic volumes with test sets formed respectively by 1655 images and 805
volumes.
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INTRODUCTION

Current Content-Based Image Retrieval (CBIR) systems (e.g. [1], [2], [3]) use techniques inherited from
computer vision and from database systems to represent and manage the available data. However, they differ from
classical recognition systems in the working domain, where the set of objects that the system is able to recognize is very
restricted. CBIR systems differ on the primitives used to retrieve the images: color, texture, scheme, shape, volume,
spatial restrictions, objective and subjective attributes, movement, text labels, etc.; that is, any feature that can be used
to represent image contents and has a discriminatory property. Some other classification criteria for this kind of systems
can be the way the image’s primitives are extracted —automatically, semi-automatically or manually-, the primitive
abstraction level or the independence between the different conceptual domains.

Instead of working with the raw input data, a wavelet transform is applied to the images to obtain a
multiresolution representation of the features searched. The development of the wavelet transform theory has spurred
new interest in multiresolution methods and has provided a more rigorous mathematical framework. Wavelets give the
possibility of computing compact representations of functions or data. Additionally, they allow variable degrees of
detail or resolution to be achieved, and they are attractive from a computational point of view [4].

Fuzzy logic is a multi-valued logic designed to represent and manage knowledge with uncertainty. It is
emerging as a powerful tool for any kind of application that tries to solve an ill-defined problem or a problem where the
data or the decision mechanism has to deal with uncertainty, like image processing tasks with user interaction. Some of
the sources of this uncertainty are imprecision in computations, ambiguity of representations and general problems in
the interpretation of complex scenes.

One of the first connections of fuzzy set theory to image processing was made by Prewitt [5] who suggested
that the results of image segmentation should be fuzzy subsets rather than crisp subsets of the image plane. Since then,
fuzzy logic has been used constantly in image processing applications such as segmentation [6], boundary detection,
object recognition and image enhancement [7], among others. In all those applications the representation capability of
fuzzy logic is flexible and intuitive, and the results of the algorithms are good, producing not only crisp decisions when
necessary, but also a corresponding degree of support.

This paper presents an application of fuzzy logic in a CBIR system, with a fuzzy distance into its minimum
distance classifier. The selected primitive is based on the image’s energy [8].
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IMPLEMENTED PRIMITIVE

THE HAAR TRANSFORM

Wavelet transforms can be seen as a reformalization of the multiresolution methods of the 80°s ([9], [10]). The
information they provide is similar to that obtained from Fourier-based techniques, with the advantages of working with
local information using base functions with compact support and keeping both frequency and spatial or temporal
information of the original data. Wavelet transform coefficients show variations in object features at different resolution
or scale levels ([9], [10], [11]). Roughly speaking, the detail coefficients of the wavelet transform can be considered as a
high-frequency extraction process of the objects appearing on the images, while the analysis coefficients behave
complementary: the lower the resolution level, the more homogeneous the regions they produce. This could be
equivalent to a successive application of low-pass filters with a signal subsampling operation. The inverse of this
process allows the reconstruction of the original signal by the so-called synthesis process.

The Haar transform has several properties that make it very appealing for our purposes:

e It keeps the energy of the wavelet transform coefficients invariant for all resolution level j [12].

zyjz‘,m:k Vj=0,....,n m=0,...,2j—l

J.m

(1
e The low order complexity of this transform, O(n), allows an efficient implementation of the whole process.

The Haar transform will be used as a tool to extract some features of the transformed image that will allow to
perform a discrimination process between the queries and the images stored in the information system [8], [13].

SIGNATURE BASED ON THE COEFFICIENT’S ENERGY

Our objective is to define a primitive that collects color based information of the original image at different
resolution levels. It has been considered that the analysis coefficients pick up the most significant image information
from the different resolution levels. Additionally, detail coefficients provide local information, which allows to
discriminate between similar input images. Working with grey-level images, the wavelet transform of the original
image provides all the information needed to compose the signature representing the contents of the image:
concatenating the energy values for all the considered regions of coefficients at all the resolution levels, we obtain a
vector of features collecting the intensity of the input data. When we deal with color images, for example in the RGB
color space, we must apply the described process for the monochrome images over each one of the planes of the color
images.

The energy of the analysis and the diagonal detail coefficients at each resolution level of the Haar transform
for RGB images over each channel was chosen based on the results achieved in [8].

DESIGN OF THE FUZZY DISTANCE

The CBIR system compares the energy of each channel R, G and B at each one of the resolution levels of the
query image with the corresponding primitive elements of each one of the images of the database. Once the system has
compared the query image against all the images of the database, those images are ordered according to the value of
their similarity distance.

To obtain the distance between the query image and any image of the database, the system constructs a fuzzy
membership function 4;; for each level j of each one of the i channels of the query image. The definition is done by
giving the sizes of both the support and the kernel. The support of a fuzzy membership function A is defined as:

supp(A4) = {x/ u,(x) >0} 2
The kernel of a fuzzy membership function A is the subset of elements of X that verifies:
kernel(A4) = {x//.LA )= (3)

The kernel (Kernel;;) and support (Support;;) of each membership function 4;; are obtained as:
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where e;; is the energy of the query image on the channel 7 and level j, Ker is the percentage of ¢;; that defines
the kernel, and Sup the percentage that defines the support. The membership function 4;; is defined as a fuzzy number
defined by Kernel;; and Support;;, and centered in e;;. In this context, the kernel of the membership functions defines
the degree up to which two energy levels are considered equal and the support the degree to which the system accepts
the similarity of two energy levels.

Once the system has constructed the membership functions, it obtains the similarity between the energy of
channel i and level j, E;;, of the image of the database and the membership function 4;; of the query image. This is done
obtaining the degree of truth ;; of E;; in the membership function 4, :

:ui,j(Ei,j) = Ai,j (Ei,j) (6)

The membership functions implemented have been the trapezoidal, quadratic and t-Zadeh types (see Figure 1).
The definition of the slope of these membership functions is given in (7),(8) and (9) respectively.

X740 a<x<b
Ha)=3yb-0a’ (7
1, x=b
2
—a <x<b
pa=p_gq | ¢ (8)
1, x=b

252y a<x<c

b-a
oy (x) = 2(&Ly e <x<b 9)
Lx>b

Figure 1 presents an example of the left slope of these membership functions. The right slope of each function
is defined in an analogous way.

3)

Figure 1.- Example of trapezoidal (1), quadratic (2) and t-Zadeh (3) membership function.

Depending on the type of membership function used, the semantic associated with the slope is different. In a
trapezoidal membership function the variation from 0 to 1 is lineal, which means that everything is penalized in the
same way. In case a quadratic membership function is used, the shape of the function penalizes any value of energy that
is not in the kernel, having a smaller degree of truth than in the case of the trapezoidal membership function. In case a 1-
Zadeh membership function is used, the system does not penalize much the values of the energy that are near the kernel,
but as the difference increases, the membership function penalizes more those values.

Once all the degrees of truth have been obtained, an aggregation operator is applied to obtain the final distance
D between the two images compared:

N K
D= iq=)1(jq=)1 'ui,j (El’])) (10)

where @ is the aggregation operator implemented, N=3 is the number of channels, K is the number of energy
levels, E;; the energy of the database image for channel i and level j, and y;; the membership function defined by the
energy level j of channel i of the image to find in the database.

Once the mechanism to obtain the distance between two images has been defined, the most appropriate values
to define the kernel (Ker), the support (Sup), the type of membership function (trapezoidal, quadratic or S-Zadeh) and
the aggregation operator (@), have to be determined in order to obtain the optimum identification rate.
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RESULTS

EXPERIMENT DESCRIPTION

We have used the same databases described in [8] and [13]. The fist one was formed by 298 RGB two-
dimension 128x128 pixel size images collected from different sources, like [14] or Internet. The test set was generated
introducing images which share the same concept but look quite different from those of the considered
database,applying affine transformations or selecting regions of interest from the original database images. Following
these guidelines, a test set formed by 1655 two-dimension color images was obtained.
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Figure 2.- 2D database: different retrieval rate results of the trapezoidal function.

The second test is the volumetric image database, formed by 68 tomographic images from different parts of a
human body, each one of 64> voxels. The density of tissues, bones and organs is represented on a gray-level range. The
associated test set was formed by 805 images, all of them generated by shifting 5 pixels the original volumetric images
by means of all possible combinations over each one of the three Cartesian axes.
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Figure 3.- 2D database: retrieval rate results obtained with different fuzzy functions.

In both cases, the experiments have consisted in querying all the images from each one of the test sets in order
to retrieve the associated image stored in the corresponding database, selected as the representative image of its class in
the query. For each input image, the result from the search is a list ordered according to the level of similarity of its
signature with the signatures stored in the database. The classifier used in the matching process has been a minimum
distance classifier. This list contains the best » matches of the query.
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RESULTS ANALYSIS

We present two graphics, Figures 2 and 3 for the two-dimensional database, and another one, Figure 4, for the
volumetric database. Each graphic compares the best results achieved by the signature described and the different
membership functions, as well as the kernel and support values proposed. We have added to the Figures the results
presented in [8], achieved using the minimum distance classifier (labeled as “Manhattan”).
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Figure 4.- 3D database: retrieval rate results obtained with different fuzzy functions.

The information represented by each curve of the Figures is the percentage of test set images which are placed
up to the given position when a query is made. The abscissa axis shows the position obtained by the arrangement which
produces the result of the query. The ordinate axis shows the accumulated frequencies histogram of the percentage of
objects placed in a position up to that one pointed by the abscissa value.

The first set of tests was designed in order to obtain the values of kernel and support which give the best results
for the trapezoidal membership function and using the addition as the aggregation operator (Fig. 2). The bests results
were achieved setting the kernel to 5% and the support to 200% (54.80% of objects classified on the first position). This
result is similar to the obtained by the Manhattan distance, although the computational cost of the fuzzy distance is
lower.

Although the results achieved by the three membership functions are quite similar, the best results are obtained
using the trapezoidal one (Figure 3) as could be expected, since the trapezoidal membership function can be used as a
universal approximation of any other membership function. It also has to be noted that the cost of computing this
function is the lowest, since the computation of the slope of the other two membership functions is more demanding. In
our opinion, the worse behavior of the quadratic membership function for the volumetric database (Fig. 4) is due to the
extremely similar images managed. If we reduce the resolution of the image, the disparity between the images
diminishes too and this produces a reduction in the success rate since the slope of the quadratic membership function is
the most restrictive of the three (see Fig. 1).

CONCLUSIONS AND FUTURE WORK

The use of fuzzy set theory is growing in image processing as it is in all intelligent processing. In this paper we
have introduced a fuzzy distance for a CBIR system. A fuzzy membership function captures by definition the fuzziness
associated with an image, and this is used to obtain the degree of similarity between the query image an each one of the
images of the database. This similarity is calculated using the energy of the image for each resolution level and channel.
We have also presented the results of the CBIR system for different values of kernel, support, different type of
membership functions and different aggregation operators. Our results conclude that the best solution is obtained with a
trapezoidal membership function, the addition as the aggregation operation, and 5% and 200% as kernel and support
values respectively. Also, this solution obtains the same success retrieval rate as the Manhattan distance but with a
lower computational cost. Future versions of the fuzzy distance will introduce elements for a faster evaluation of the
degrees of truth. Also, a more refined fuzzy inference will be introduced by defining membership functions not only for
the energy levels of the query image, but also for the database image.
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