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Abstract— Content-based image retrieval focuses on 

intuitive and efficient methods for retrieving images from 

databases based on the content of the images. A new entropy 

function that serves as a measure of information content in 

an image termed as ‘an information theoretic measure’ is 

devised in this paper. Among the various query paradigms, 

query by example (QBE) is adopted to set a query image for 

retrieval from a large image database. In this paper, colour 

and texture features are extracted using the new entropy 

function and the dominant colour is considered as a visual 

feature for a particular set of images. Thus colour and 

texture features constitute the two-dimensional feature 

vector for indexing the images. The low dimensionality of 

the feature vector speeds up the atomic query. Indices in a 

large database system help retrieve the images relevant to 

the query image without looking at every image in the 

database. The entropy values of colour and texture and the 

dominant colour are considered for measuring the similarity. 

The utility of the proposed image retrieval system based on 

the information theoretic measures is demonstrated on a 

benchmark dataset. 
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I. INTRODUCTION 

The use of entropy in an image retrieval system is not as 

popular as compared to other methods which utilize 

wavelets or colour, texture, and shape descriptors. But the 

potentiality of entropy as a descriptor cannot be ignored and 

in the recent past, many researchers have started exploring 

the possibility of using entropy in different domains. 

Entropy has been found effectively useful in image 

indexing4,16,11,18 and in similarity measures12,16,20. 

The term entropy as a scientific concept was first 

used in thermodynamics by Clausius17. Its probabilistic 

interpretation in the context of statistical mechanics is 

attributed to Boltzmann19. Shannon1 has used this concept 

to describe the properties of long sequences of symbols, and 

applied the results to a number of basic problems in coding 

theory and data transmission. Later the definition of entropy 

was extended to the field of information theory. The entropy 

of a system as defined by Shannon1 gives a measure of 

uncertainty about the actual structure of the image. 

Shannon’s definition based on the information gain from an 

event is inversely proportional to its probability of 

occurrence. 

The entropy of an image is used for different 

applications in image processing. The interpretation of 

entropy in an image depends on how an event is defined and 

also the definition of its posterior probability. In general, 

gray level is considered as an event and colour histogram as 

its probability density function. In addition to this, it is 

assumed that gray levels are statistically independent. Pun5 

and Kapur6, et al. have used the Shannon’s concept to 

define the entropy of an image assuming that an image is 

entirely represented by its gray level histogram. 

Leung7, et al. have attempted to isolate an object 

from the background by using the Gray-scale Image 

Entropy. The entropy (Shannon’s) of the histogram may be 

taken as a measure of information content in an image; such 

entropy is also called global information measure of the 

image. A low value of entropy indicates the skewness of the 

distribution of gray values, while a high value may be taken 

as an indicator of nearly uniform distribution of gray values. 

Definitely the histogram and the global entropy are not 

dependent on the spatial distribution of gray values in the 

image. The co- occurrence matrix2 captures the spatial 

details of an image to some extent. The entropy of the co-

occurrence matrix gives another measure of image 

information known as local entropy or second order entropy. 

Likewise the conditional entropy of a partitioned image can 

also be defined. 

II. NEW ENTROPY FUNCTION 

Most of the entropy functions are not suitable for 

representing the information in a fuzzy set. These include 

Shannon1, Renyi9 and Pal10 et al. entropy functions. These 

entropy functions are generalised by introducing a 

polynomial in the exponential gain function. The proposed 

entropy function is shown to satisfy the basic properties of 

entropy and then Pal and Pal’s entropy function is proved to 

be the special case of this function. 

The function involved in the entropy need not be a 

membership function; it could be any feature. It may be 

noted that when we use a membership function, the 

unknown parameters of this membership function will 

parameterize the entropy function indirectly. However, the 

choice of a suitable membership function is not easy. Hence, 

the main motivation behind development of the entropy 

function is our concern to represent the 

information/uncertainty contained in a fuzzy set. Here, 

authors are mainly concerned with a single fuzzy set. 

However in a fuzzy rule usually many fuzzy sets are 

encountered, but this case will be addressed in the future 

work. The definition of Pal and Pal10 entropy function is 

now extended considering the exponential behavior of the 

gain function. This will pave the way to devise a new 

entropy function for representing the information in a fuzzy 

set. 

A. Possible Applications  

Biometrics: In finger print identification, we can model the 

minutiae points by finding their distances with respect to a 

reference point which may be selected as the one with the 

highest curvature. In the palm print, we can model the points 

on the primary lines (there are mainly three such lines) and 

use this information for authentication. 
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1) Medical Image processing:  

Breast cancer and brain tumor detection can be easily 

attempted by the entropy based modeling. In both these 

problems, issues in the affected organs undergo textural 

changes on the infringement of malignancy. The tumour 

regions can be extracted by applying the entropy function in 

a shifting window. The tissues in the affected portions 

naturally show entropy values different from those of the 

benign tissues for a chosen set of coefficients of the entropy 

function. 

2) Cryptography:  

The power of the proposed entropy can be best utilized in 

the encryption of secrete keys for secure transmission. In the 

above we have cited a few problems but one can harvest 

many fields should the ingenuity and imagination permit. 

However, in this paper its application to image retrieval will 

be discussed by way of indexing. 

III. FEATURE EXTRACTION & INDEXING 

Many visual features have been explored in the literature on 

content-based image retrieval (CBIR) for the purpose of 

depicting colour, texture, shape and other properties of an 

image. Combining the various features usually achieves 

better performance in retrieval. Although a large number of 

features could represent the image very accurately, the 

inherent problem with this approach is the shortage of 

storage capacity for large image database. Hence an efficient 

multidimensional indexing technique is required for 

dimension reduction. 

The objective of this section is to reduce the 

dimensionality of the feature space and to improve the 

performance of the retrieval process. For this, the entropy-

based features are extracted from the images. The entropy of 

an image, by definition, is the measure of information 

content in the image8. As will be seen, the entropy function 

maps an n-dimensional vector to a single real number (i.e. 

one dimensional space) and so it can be regarded as a 

dimension reduction operator. 

The extracted features from an image are stored to 

serve as an index of that image. Since the expensive 

management of storage and comparison time is less 

significant than the retrieval accuracy, only three concise 

and precise features are used to describe the contents of the 

image. These are colour entropy, texture entropy and 

dominant colour of the image. 

IV. ENTROPY-BASED IMAGE FEATURES 

The entropy of a system as defined by Shannon1 gives a 

measure of uncertainty about its actual structure. Shannon’s 

definition based on the information gain from an event is 

inversely proportional to its probability of occurrence. Pun5 

and Kapur6, et al. have used Shannon’s concept to define 

entropy of an image assuming that the image is entirely 

represented by it gray level histogram only. unlike the 

logarithmic behavior of Shannon’s entropy, the gain 

function in our entropy definition is of exponential nature as 

discussed in. Two entropy based image features – colour 

entropy and texture entropy are now presented. 

V. COLOUR ENTROPY 

The RGB colour space is chosen to represent the image. Let 

F = {f(x, y)}M × N be an image of size M × N where f(x, y) 

is the colour vector (r, g, b) in the RGB space at (x, y) point 

and N(r, g, b) is the frequency of the colour vector (r, g, b). 

Then, 

∑∑∑ N = M × N In a natural image, it has been observed 

that out of 2563 different colour levels, a small fraction of 

different colour levels are actually used. So instead of 

considering all colour levels, the colour levels of an image 

are quantized adaptively. To achieve this, the available 

colour levels are clustered into colour bins. 

The number of bins is not preset; it depends on the 

distribution of colour in that particular image. The above 

algorithm adaptively clusters all the colour levels into bins. 

Pun5 and Kapur6, et al. use the gray-level histogram to 

represent the image; here the histogram is extended to the 

colour bins. It is generally assumed that the distribution of 

colours across an image follows the uniform distribution, i.e. 

each colour has a 1/(M × N) probability where the image 

size is M × N.  

VI. IMAGE DISTANCE MEASURE 

To represent an image the required are the entropy based 

feature descriptors: colour entropy and texture entropy and a 

visual colour feature – dominant colour. These feature 

descriptors allow us to define a distance metric that closely 

matches the human perception. The idea is that the 

similarity between the two images should be measured in 

terms of not only the closeness of colour and texture 

distributions but also the closeness of the dominant colour of 

the image. 

VII. RESULTS & DISCUSSION 

The experimental configuration for a process as subjective 

as computing similarity between the images must be 

carefully set up to gauge the results with other methods and 

we need to remove any perceptual biases of an 

experimenter. To minimize the human subjectivity, the 

random samples of different sizes are used and also a large 

sample space is taken as the image database. The large 

image database rules out the possibility of having 

dominancy of any particular category of images. 

Our retrieval system is tested using 9907 images 

from the low resolution database26 as mentioned above. 

This image collection contains different category of images 

like cars, roses, mountains, patterns, animal, landscape, 

seaside, flowers, human activities, etc. To provide numerical 

results, 8 sample images are taken randomly selected from 

four categories prior to the manual determination of the 

correctness of retried images. Each category contains at least 

100 relevant images. A retrieved image is considered a 

match if it belongs to the same category of the query image. 

The query results obtained by our entropy-based 

matching are compared with those obtained from colour 

histogram matching using different dissimilarity measures – 

2χ statistics, Jeffrey divergence and retrieval system is 

developed L norm. Our content based image in Visual C++ 

6.0 as an offline system on Intel Celeron machine with 

1.40GHz processor and 256 MB RAM. The average 

retrieval time is 1 second per 1000 images. The process of 
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image retrieval involves the following steps: (a) Create the 

interim result set using the proposed indexing scheme. (b) 

Extract feature values (colour entropy, texture entropy and 

dominant colour) for the query image. (c) Calculate the 

image distance of the query image with all images in the 

interim result set. (d) Rank the images according to the 

distance measured from the query image. (e) Set the highest 

rank of the retrieved image which has minimum distance 

with respect to the query image. The results of retrieval by 

our entropy-based system are compared with those from 

colour histogram matching15. Testing is carried out on a set 

of query images from the benchmark image26 database of 

size 9907. 

VIII. CONCLUSION 

A new entropy function that is aimed at representing the 

information in a fuzzy set is presented along with some 

important properties. The proposed entropy function has 

four tunable parameters that can be estimated by optimising 

the entropy function itself. For obtaining the global solution 

reinforcement learning along with population based 

approaches is used. 

Two types of entropy based image features – 

colour entropy and texture entropy are utilized in this work. 

The colour entropy is described in terms of randomness in 

the distribution of colours in an image. For this, the newly 

devised entropy function comes handy and resorting to the 

optimisation of this entropy function yields the optimised 

colour entropy value. The resulting entropy values uniquely 

classify the non textured image. But for the textured image 

first the fuzzy texture features of the image are extracted and 

then the new entropy function is applied to the features for 

optimising the entropy values of texture. 

Both the entropy based image features are derived 

in such a manner that they rely only on the colour and 

texture distributions of an image. In the course of research, 

the need for visual colour information is realized, 

consequently the dominant colour value is considered as the 

third image feature. Despite the efficiency of the RGB 

colour space, the pixels are transformed from the RGB 

colour space to the CIELAB colour space because the latter 

one has the property of perceptual uniformity. Falling in 

line, the CIELAB value of the dominant colour is also used 

as the visual feature. 
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