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Abstract — Content Based Image Retrieval (CBIR)
systems represent images in the database by color, texture,
and shape information. Texture refers to the spatial
distribution of grey-levels and can be defined as the
deterministic or random repetition of one or several
primitives in an image. Any type of texture can be visualized
and recognized using human perception. For this human
beings use some textural features. Some of these perceptual
textural features include coarseness, contrast, directionality,
and busyness. Textures are usually easily visible for the
human eye while the automatic processing of these textures is
very complex. Because computational methods use
mathematical features that have no perceptual meaning
easily comprehensible by users. Computational methods that
allow a quantitative and computational estimation of these
perceptual textural features can easily distinguish and
represent images. This paper presents an overview of how the
perceptional textural features can be used to represent
textures and applying these features to content- based mage
retrieval systems.

Keywords—CBIR systems, Computational method,
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I. INTRODUCTION

Texture [1] is an innate property of almost all surfaces;
it ranges from the texture of the fabric in our clothing to
the clouds in the sky. Texture is a rich source of visual
information  and as such has been used extensively in
image retrieval applications. The complex nature of
texture has resulted in a large number of representations
and an even greater number of texture features that may be
derived from these representations.

The various representations of texture and their
corresponding analysis techniques can be categorized into
four sub-categories [2]:
 Statistical
 Structural
 Model-based
 Transform

One of the defining qualities of texture is the spatial
distribution of grey values. The use of statistical features is
therefore one of the early methods proposed in the
machine vision literature[3]. Statistical approaches to
texture do not attempt   to understand explicitly the
hierarchical structure of the texture. Instead, they represent
the texture indirectly by the non-deterministic properties
that govern the distributions and relationships between the
grey levels of an image. In contrast to the statistical class
of texture representations, the class of structural texture
representations attempt to model texture using texture
elements or primitives. A texture element or primitive is
usually defined as a region consisting of uniform grey

levels. These texture elements in the image are described
geometrically with use of a placement rule.

Model-based representations of texture describe texture
as a mathematical model. The model parameters capture
the essential perceived qualities of texture. Chellappa and
Chatterjee [4] used the Gaussian Markov Random Fields
model to represent texture for texture classification.
Transform-based methods of texture-analysis represent
texture as series of transforms. An extensive amount of
psychophysical research has provided evidence suggesting
that the human brain performs a frequency analysis on an
image.

Texture refers to the spatial distribution of grey-levels
and can be defined as the deterministic or random
repetition of one or several primitives in an image. Texture
is of two types:
 Micro textures
 Macro textures

Micro textures refer to textures with small primitives
while macro textures refer to textures with large primitives
[5]. The majority of the existing methods applied on
textures have many drawbacks. In fact, statistical methods
seem to give better results in the case of micro textures
while structural methods give better results in the case of
macro textures. Any type of texture can be visualized and
recognized using human perception.  For this human
beings use some textural features. Some of these textural
features include coarseness, contrast, directionality, and
busyness[6]. These features can be used by the
computational models to distinguish and represent
textures. This paper presents an overview of how the
perceptional textural features can be used to represent
textures and applying  these features to content- based
mage retrieval systems.

II. CONTENT BASED IMAGE RETRIEVAL

SYSTEMS

Problems with traditional methods of image indexing [7]
have led to the rise of interest in techniques for retrieving
images on the basis of automatically-derived features such
as colour, texture and shape – a technology now generally
referred to as Content-Based Image Retrieval (CBIR)[8].
CBIR differs from classical information retrieval in that
image databases are essentially unstructured, since
digitized images consist purely of arrays of pixel
intensities, with no inherent meaning. One of the key
issues with any kind of image processing is the need to
extract useful information from the raw data (such as
recognizing the presence of particular shapes or textures)
before any kind of reasoning about the image’s contents is
possible.
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A general and simplified model of a query-by-example
(QBE) content-based image retrieval  (CBIR) system is
shown in Figure 1.

Fig.1. A general model of CBIR system

Potential uses for CBIR include:
 Art collections
 Photograph archives
 Retail catalogs
 Medical diagnosis
 Crime prevention
 The military
 Intellectual property
 Architectural and engineering design
 Geographical information and remote sensing systems

III. PERCEPTUAL TEXTURAL FEATURES AND

THEIR COMPUTATIONAL MEASURES

The following lists the perceptional features:
 Coarseness
 Directionality
 Contrast
 Busyness
 Linelikeness
 Regularity
 Roughness
In this paper we consider only the first four features.

The general estimation process of computational
measures simulating human visual perception   is as
follows:
1. The autocorrelation f( i, j) is computed on image I( i ,j).

The autocorrelation function of an image can be used to
assess the amount of regularity as well as fineness of the
texture present in the image, denoted as f(δi, δj). For an
n x m image I is defined as follows:

where 1 ≤ δi ≤ n and 1 ≤ δj ≤ m. δi and δj represent shift

3. Based on these functions, computational measures for
each perceptual features are computed.

Coarseness: In a coarse texture, the primitives or basic
patterns making up the texture are large. As a result, such
a texture tends to possess a high degree of local uniformity
in intensity, even over a fairly large area. In other words,
the spatial rate of change in intensity is slight. Therefore
the intensities of neighboring pixels would tend to be
similar; thus there would be small differences between the
intensity value of pixels and the average intensity value of
their neighborhoods. Hence the summation of such
differences computed over all image pixels would give an
indication of the level of spatial rate of change in intensity,
and thereby in an inverse manner show the level of
coarseness of the texture.

Coarseness, denoted Cs, is estimated as the average
number of maxima in the auto correlated images and
original images. A coarse texture will have a small number
of maxima and a fine texture will have a large number of
maxima. Coarseness Cs can be written as

Contrast: Perceptually, an image is said to have a high
level of contrast if areas of different intensity levels are
clearly visible. Thus high contrast means that the intensity
difference between neighboring of gray scale is large or
when it is stretched. Also the spatial frequency of the
changes in intensity (i.e., the amount of local intensity
variations) will affect the contrast of an image. For
instance, a small checkerboard will appear to have a
higher contrast than a coarse checkerboard for the same
gray scale range.

Contrast, denoted Ct, is estimated as the product of the
average module Ma of the gradient of the autocorrelation
function, the percentage of points N/n x m having a
module greater than a threshold t and the coarseness Cs.
Coarseness is introduced here to reflect the fact that a
coarse texture is more clearly visible than a fine texture.
So contrast is given by

Directionality: It is a global property in an image.
Directionality measures the degree of visible dominant
orientation in an image. An image can have one or several
dominant orientation(s) or no orientation at all. In the
latter case, it is said isotropic. The orientation is influenced
by the shape of primitives as well as by their placement
rules.

Two parameters are estimated here: the orientation θ and
the degree of directionality. The Orientation θ is estimated
as the orientation of the gradient of the  autocorrelated
image or original image. It is given by

on rows and columns, respectively.
2. Then, the convolution of the autocorrelation function

Let us denote Nnd
the number of nonoriented pixels.

and the gradient of the Gaussian function are computed The degree of directionality Nnd
of an image can be

in a separable way (according to rows and columns).
Two functions are then obtained.

expressed by the following equation:
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Busyness: It refers to the intensity changes from a pixel to
its neighborhood: a busy texture is a texture in which the
intensity changes are quick and rush; a nonbusy texture is
a texture  in which the intensity changes are slow and
gradual.

Busyness is related to coarseness in the reverse order,
that is when the coarseness is high, the busyness is low. So
busyness is estimated by using coarseness as follow:

1/α is a parameter used to make Cs having sense against
the quantity 1.

IV. APPLICATION OF COMPUTATIONAL

MEASURES TO CBIR SYSTEMS

For original images and auto covariance function,
consider two variants of the perceptual model- weight
each feature with the inverse of its variance and use the
Spearman coefficient of rank-correlation.
A. Similarity Measure

The Gower Coefficient of Similarity[9] is given by
similarity between two texture images GSij, which are
represented by i and j based on all features can be defined
as:

Where, sij(k) represent the similarity between two
images on specific feature k.

The similarity measure used is based on the Gower
coefficient of similarity. The nonweighted similarity
measure, denoted GS, can be defined as follows:

The weighed version of the similarity measure can be
defined as follows:

where wk corresponds to the weight associated with

feature . wk can be either the inverse of variance of feature

or the Spearman coefficient of rank-correlation.
B. Results Fusion

The model to merge the results returned by each of the
two representations is defined as follows:

where M k represents model/viewpoint k, K represents the
number of models/viewpoints used, j represents a given
query, represents images that are found similar to query i

value between query i and image j when using

model/viewpoint M k .

V. CONCLUSION

Content-based image retrieval (CBIR) is the application
of computer vision techniques to the image
retrieval problem, that is, the problem of searching
for digital images in large databases. "Content-based"
means that the search will analyze the actual contents of
the image rather than the metadata such as keywords, tags,
and/or descriptions associated with the image. The term
'content' in this context might refer to colors, shapes,
textures, or any other information that can be derived from
the image itself. CBIR is desirable because most web
based image search engines rely purely on metadata and
this produces a lot of garbage in the results. Texture refers
to the spatial distribution of grey-levels and can be defined
as the deterministic or random repetition of one or several
primitives in an image. Human beings use some perceptual
features, like coarseness, contrast, directionality, busyness,
to recognize textures. The computational measures of
these features can be used to recognize and represent
textures which can be integrated them into the CBIR
systems.
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