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ABSTRACT 

Medical imaging is a precious and essential tool in healthcare systems, helps the physicians to emanate good 
quality of treatment.  The advancement in medical Technology has resulted in a huge number of medical images which are 
stored in a database for future purpose. It is very imperative to build an effective retrieval system which browse through 
entire database in diagnosing the various diseases, helping the therapeutic process and in supporting the medical decision 
makingprocess. Content based Image Retrieval (CBIR) assists in retrieving the required medical images from a huge 
database on the basis of their visual features like shape, color and texture. Medical images are generally represented in gray 
level rather than color. Feature extraction plays an important role in an ever-increasing the performance of the medical 
image retrieval system. This paper presents a various multiple feature extraction techniques for effective content based 
medical image retrieval system. 
 
Keywords: content based image retrieval, texture features, shape features. 

 
INTRODUCTION 

It has been revolutionized every sector of activity 
including medical field. In the medical field medical 
experts and diagnosis experts, researchers   make use of 
several medical images for their applications. The number 
of medical images in the database has been increasing day 
to day. These medical images are essential in diagnosing 
the different diseases and curing process and in supporting 
the medical decision making process Muller H in [1] has 
described the importance of image retrieval clinical 
benefits and he has given various directions for future 
purpose. Moniresh and Esnashari described the importance 
of image retrieval in retrieving the images related to eye 
disease [2]. T Glataed explained the application of image 
retrieval in cardiac imaging in [3]. Ashish applied these 
image retrieval techniques for retrieving dental and skull 
images also [4]. 

Basically, there are two methods for searching 
required medical images. They are concept based 
searching method and content based searching method 
Peter Wilkins explains the text based approaches for 
content based image retrieval system in [5]. Yong Rui and 
Thomas have given indetail explanation of image retrieval 
and its future directions [6].The text based technique 
confronted with many challenges because of its complex 
nature. It is cumbersome to save database images which 
involve large manual annotations, consumption of too 
much time and huge expenses. The more the number of 
database images are the more complex problems will be. 
Since there are innumerable images in a given database, 
even a medical expert has to struggle to retrieve required 
images which facilitate the diagnosing process in time and 

it is very difficult to describe medical images with a text. 
To address these limitations, content-based image retrieval 
(CBIR) approaches have been researched in the last 
decade. Content based methodology answers the problems 
involved in the text based methodology Xiang-yang wang 
in [7] and Rajshree in [8] presents a novel retrieval 
framework for combining color, texture and shape 
information which improves the performance of the 
retrieval system.  

Content Based Image Retrieval (CBIR), is a 
dynamic research area facilitates the process of retrieving 
the required medical images from the large data base on 
the basis of their visual low level features like shape, color 
and texture. Ashwani has discussed the importance of 
texture features based image retrieval in [9].The 
effectiveness of the content based medical image retrieval 
system (CBMIR) powerfully depends on the selection of 
the set of visual features.  These features plays important 
role in CBMIR System. The images required medical 
images can be retrieved by the medical expert by 
providing the query image whose content is similar to that 
of retrieved images. Feature extraction plays a major role 
in CBMIR system. Most of the medical images are gray in 
nature so we are concentrating on the texture and shape 
features. Multiple features enhances the performance of 
the retrieval system. Young Deok explained the 
effectiveness of multiple features in CBMIR in [10]. 

Medical images are mainly in gray scale, for 
diagnosing gray scale images texture and shape feature are 
extracted. A feature is defined to conveys certain visual 
properties of an image, either or locally for a small region 
of the pixels or globally for the complete image. The 



                               VOL. 10, NO 22, DECEMBER, 2015                                                                                                           ISSN 1819-6608 

ARPN Journal of Engineering and Applied Sciences 
©2006-2015 Asian Research Publishing Network (ARPN). All rights reserved. 

 
www.arpnjournals.com 

 

 
                                                                                                                                                    10329 

contents of an image described with the help of their 
features the content of the image can be described more 
efficiently by employing multiple features rather than 
single feature. They combine the advantages of individual 
features resulting in a better retrieval system.  
 
Medical image retrieval system  

The architecture of the basic Content based 
medical image retrieval system illustrated in Figure-1 
consist of three phases and discussed as fallows.  
 

 
 

Figure-1. Architecture of the basic content bases medical 
image retrieval system. 

 
The classic conceptual content-based medical 

retrieval system consists of three phases: off-line feature 
extraction phase, online image retrievalphase and feedback 
phase. 

In offline phase, the images stored in the database 
are pre-processed for reducing noise with the help of 
median filter. Latter, the visual content of the image is 
described by adapting multiple features.These extracted 
feature componentsare stored in the database along with 
the images. The database consists of a variety of classes of 
medical images of certain human organs such as liver, 
lungs brain etc. The same feature extraction process 
fallowed for query image in online image retrieval phase. 

In online phase the query image is submitted as 
an input to the retrieval system for searching similar 
images. The system retrieves the relevant images by 
computing the similarity matching between the feature 

vectors of the query image and those of the data base 
images. Finally, the system returns the results which are 
most relevant to the query image. 

In most of the cases the user may not satisfy with 
the initial result then feedback process is used to modify 
the query image. In feedback phase user interacts with the 
system to modify query image representations. It is the 
process of selecting the most relevant image for searching 
again and using the information feuded back by the user 
about the relevance of previously retrieved images such 
that the adjusted query is a better approximation to the 
user’s information. 
 
Texture feature extraction methods 

Texture is characterized by the spatial distribution 
of gray levels in a neighborhood. Thus, texture cannot be 
defined for a point. The resolution at which an image is 
observed determines the scale at which the texture is 
perceived. texture as repeating patterns of local variations 
in image intensity which are too fine to be distinguished as 
separate objects at the observed resolution. Thus, a 
connected set of pixels satisfying a given gray-level 
property which occur repeatedly in an image region 
constitutes a textured region 

A feature is used to describe the content of an 
image, either or locally for a small group of pixels region 
or globally for the   entire image. The input image F(i, j) 
where i, j are the pixel coordinates in the image.  

Medical images have particular textural patterns. 
These patterns have specific information.Medical images 
are regularly represented in gray level, most medical 
image surfaces exhibit texture cannot describe only for a 
point. Texture is a natural surface property and it has 
repetitive pixel information about the structural 
arrangement and it also gives the relationship between the 
surface and external surroundings. Basavara explained the 
importance of texture features in [11].Basically there are 
two types of texture extraction methods namely statistic 
texture feature extraction method and structural texture 
feature extraction method. The statistic texture features 
using gray-level co-occurrence matrix (GLCM), Markov 
random field (MRF) model, etc. Han et al. [12] proposed a 
rotation-invariant and scale-invariant Gabor 
representations, Gabor features, have been particularly 
successful in many computer vision and image processing 
applications. Gabor features are among the top performers 
in face recognition and fingerprint matching [13-14] 
 
Statistical texture analysis 

Texture is a spatial property, since sstatistical 
methods extensively used in classification of texture and 
particularly when the texture patterns are very small. 
 
First-order statistics 

These features correspond to the average grey 
level, standard deviation, entropy, skewness and kurtosis. 
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Second-order statistical features 
In order to capture the spatial dependence of 

gray-level values which contribute to the perception of 
texture, a two-dimensional dependence matrix known as a 
gray-level co-occurrence matrix is extensively used in 
texture analysis. Gray-level co-occurrence matrix (GLCM) 
corresponds to the Second-order statistical features 
whichdescribes the special distributionof the gray levels 
with the surrounding regions. The following steps give the 
detailed description of the mathematical calculation of the 
statistical component analysis. 
 
Angular Second Moment (ASM): This static is also 
called as Energy and it measures the textural uniformity 
that is pixel pair repetitions. It detects disorders in 
textures. Energy reaches a maximum value equal to one. 
High energy values occur when the gray level distribution 
has a constant or periodic form. Energy has a normalized 
range. The GLCM of less homogeneous image will have 
large number of small entries 
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. 
Contrast (C): This statistic measures the spatial frequency 
of an image and is difference moment of GLCM. It is the 
difference between the highest and the lowest values of a 
contiguous set of pixels. It measures the amount of local 
variations present in the image. A low contrast image 
presents GLCM concentration term around the principal 
diagonal and features low spatial frequencies. 
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Variance (V): This statistic is a measure of heterogeneity 
and is strongly correlated to first order statistical variable 
such as standard deviation. Variance increases when the 
gray level values differ from their mean 
 

               

1 1
2

0 0

( ) ( , )
N M

x y

V x F i j
 

 

                              (3)                        

 
Correlation (Cr): The correlation feature is a measure of 
gray tone linear dependencies in the image. 
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Homogeneity (H): This statistic is also called as Inverse 
Difference Moment (IDM). It measures image 
homogeneity as it assumes larger values for smaller gray 
tone differences in pair elements. It is more sensitive to the 
presence of near diagonal elements in the GLCM. It has 
maximum value when all elements in the image are same. 
GLCM contrast and homogeneity are strongly, but 
inversely, correlated in terms of equivalent distribution in 
the pixel pairs population. It means homogeneity 
decreases if contrast increases while energy is kept 
constant. 
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Entropy (E): A feature which measures the 
randomness of gray-level distribution is the 
entropy, which is defined as 
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Correlation (Cr): Auto correlation function exhibits 
periodic behavior with a period equal to the spacing 
between adjacent texture primitives. When the texture is 
coarse, the autocorrelation function drops off slowly, 
whereas for fine textures it drops off rapidly. The 
autocorrelation function is used as a measure of 
periodicity of texture as well as a measure of the scale of 
the texture primitives. 
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 Histogram features 

Histograms are one of the basic spatial domain 
processing techniques. It can be used to provide helpful 
image statistics; such as image compression, contrast 
enhancement and segmentation.Histogram features of 
images give the probability of occurrenceof gray levels in 
an image.The histogram itself is not sufficient for 
describing the structural arrangement of an image. But a 
simple one-dimensional histogram is not useful in 
characterizing texture. The drawback of this is explained 
with an example. If an image in which pixels alternate 
from black to white in a checkerboard fashion will have 
the same histogram as an image in which the top half is 
black and the bottom half is white. 
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Figure-2. Sample histogram of an image. 
 

This graph showing that the number of pixels in 
an image at various intensity value found in corresponding 
image.  This method can be extended to extract the edges 
present in an image using edge histogram descriptors. 

 
Edge Histogram Descriptor (EHD) 

The edge histogram descriptor used for the spatial 
distribution of five types of edge in local image regions, 
which are defined as four directional edges and non-
directional edge discussed by Wong et al  in [15]. The four 
directional edges are generated by counting edges at 0o, 
45o, 90o and 135o directions respectively. In the 
implementation of the descriptor, an image is divided into 
4 X 4 non-overlapping sub-images. Further, each sub-
image is divided into image blocks. The five types of edge 
information can be extracted from the image blocks by 
edge detection operators. Thus, for each sub-image a local 
edge histogram with 5 bins is generated and the total of 80 
histogram bins (16 sub-images multiplying 5 bins) is 
achieved for the whole images. The division of sub-image 
and image block is illustrated in Figure-3. 

 
Figure-3. Edge Histogram descriptor  in blovk image. 
 
Here an image-block is denoted as B and the edge filter (2 
X 2 matrix) coefficients are denoted as f(k), k= 0,1,2,3. 
The magnitude m of each edge can be calculated as 
follows 

                            
3

0

( )
k

m BXf k


                                    (8) 

If the maximum value among the five types of edge 
strength is greater than a Pre-determined threshold, the 

image-block is considered as containing the corresponding 
edge in it. Otherwise, the image-block contains no edge. 
After all edge values of the same type are summed up in 
one sub-image, the five bins for different edge types are 
obtained for each sub-image. The values of the edge bins 
are normalized by the total number of blocks. The retrieval 
can be performed based on the extracted Edge Histogram 
texture descriptor features in the image retrieval system. 

 
Gabor features: The Gabor filter based feature extraction 
is the 2D Gabor filter function defined in [16] as follows. 
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 In the spatial domain (Equation (8)) the Gabor filter is a 
complex plane wave multiplied by an origin-centred 
Gaussian filter. f is the central frequency of the filter ,θ the 
rotation angle. In the given form, the aspect ratio of the 

Gaussian is



. This function as the following analytical 

form in the frequency domain is given as        
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 Local binary pattern:  In this approach the image is 
divided into a grid of small of non overlapping regions, 
where a histogram of the LBP for each region is 
constructed discussed by Y. Rodriguez in [17]. The LBP 
feature vector, in its simplest form, is created in the 
following manner: 
Initially pre-process the image to remove the noise for 
further processing. Divide the examined window into cells 
(e.g. 16x16 or 8x8 pixels for each cell). For each pixel in a 
cell, compare the pixel to each of its 8 neighbors (on its 
left-top, left-middle, left-bottom, right-top, etc.). Follow 
the pixels along a circle, i.e. clockwise or counter-
clockwise. Where the center pixel's value is greater than 
the neighbor's value, write 1, otherwise, write 0. This gives 
an 8-digit binary number. 

 Compute the histogram, over the cell, of the 
frequency of each number occurring and each combination 
of which pixels are smaller and which are greater than the 
center. Optionally normalize the histogram. Concatenate 
(normalized) histograms of all cells. This gives the feature 
vector for the window. 
. 
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Figure-4. LBP operator. 

 
Local line binary pattern 

The inspiration of Local Line Binary Pattern 
(LLBP) is based on Local Binary Pattern (LBP) which is 
an improvement of LBP operator. It is a popular method 
already applied in image/face representation, classification 
and texture analysis. The basic difference of LLBP, LBP 
are as follows. Its neighbourhood covers a straight line 
with length N pixel. The allocation of binary mass is 
happening from the left to right adjoining pixel of middle 
pixel to the end of left and right side.   The algorithm 
procedure of LLBP is defined as follows. First, allocate 
the binary code all along with horizontal and vertical route 
which characterizes the alteration in image strength 
respectively. 

 
Figure-5. LLBP operator with line length 9 pixels, 8 bits 

considered. 
 

Structural texture analysis 
Structural methods which describe the primitives and their 
placement rules are useful. For example, consider a simple 
texture formed by the repeated placement of homogeneous 
gray-level discs in a regular grid pattern. Structural 
methods extensively used in classification of textureand 
particularly when the texture patterns are very large.Such 
patterns can be characterized by segmenting with the help 
of morphological operations. 

Such a texture can be described by first 
segmenting the discs using a simple method such as 

connected component labeling, described earlier, and then 
determining the regular structure formed by the centroids 
of these connected components. For more general binary 
images the primitives can be first extracted using 
morphological methods and then their placement rules 
determined. Such morphological methods are particularly 
useful when the image is corrupted by noise or other non 
repeating random patterns which would be difficult to 
separate in a simple connected component method. 
 

 
 

Figure-6. A simple texture pattern. 
 
Model-based methods for texture analysis 

An approach to characterize texture is to 
determine an analytical model of the textured image being 
analyzed. Such models have a set of parameters. The 
values of these parameters determine the properties of the 
texture, which may be synthesized by applying the model. 
The challenge in texture analysis is to estimate these 
model parameters so that the synthesized texture is 
visually similar to the texture being analyzed.  Markov 
random fields (MRFs) have been studied extensively as a 
model for texture. In the discrete Gauss-Markov random 
field model, the gray level at any pixel is modeled as a 
linear combination of gray levels of its neighbors plus an 
additive noise term as given by the following equation: 

 
      

[ , ]

[ , ] [ , ] [ , ] [ , ]
k l

F i j F i k j l h k l n i j                   (11) 

When patterns forming texture have the property of self-
similarity at different scales, fractal-based models may be 
used. A set is said to have the property of self-similarity if 
it can be decomposed as a non overlapping union of N 
copies of itself scaled down by a factor r. Such a texture is 
characterized by its fractal dimension D, given by the 
equation 

                      log
1

log( )

N
D

l

                          (12) 

The fractal dimension is a useful feature for texture 
characterization. Estimation of D from an image is rather 
difficult because natural textures do not strictly follow the 
deterministic repetitive model of fractals assumed above 
but have statistical variations. 
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Shape feature extraction methods 
Shape features can also provide useful 

information for identifying entities. Because humans can 
recognize objects solely from their shapes. Usually, the 
shape carries semantic information Wei Zhang explained 
the shape based image retrieval techniques in 
[16].Basically; there are two shape feature extraction 
methods boundary-based and region-based. The former 
extracts the boundary information of an object. It does not 
provide any information about the interior region. The 
frequently used Shape representation methods include 
curvature scale space (CSS) described by Basavaraj in 
[18], Fourier descriptors given by Raj bhuvan yadav in 
[19], polygonal approximation, Deformable templates 
and].  The latter extracts the features based on the entire 
region. The various region based methods discussed are in 
the following sections. Among the region based 
descriptors, moments play a significant role and are very 
popular as they help in identifying most similar shapes 
from the database by taking into account the fine details. 
 
Curvature scale space (CSS) 

CSS is one of the well known global and contour 
based shape descriptor technique. The main benefit of this 
method is that it is robust to noise, scale and orientation 
changes. It is mostly used in object recognition, content 
based image retrieval (CBIR), shape similarity retrieval 
etc. 
 
Steps involved in CSS 

a)  The contour of the image is obtained by using 
canny edge detector then convolved with the Gaussian 
kernel this process is called as smoothing of the image 
curve is known as1. The convolution consist of two 
parameters such as u is called arc length parameter and 
‘scale parameter.  ’is gradually increased during 
convolution and the image get smoothed as ‘2. The scale 
parameter ‘increases. The CSS image consists of several 
arch shaped contours which depend on the object. The 
evolution of the CSS curve stops when the number of 
curvature zero crossings become zero. 
 
Fourier descriptors  

In general, a shape signature is any 1-D function 
representing 2-D areas or boundariesshape. Let the 
coordinates of the boundary of an image is C (t) ={(x(t), 
y(t)), t = 0, 1, . . . N− 1} as shown in Figure-7. Theshape 
signature of the boundary points is computed 
usingcentroid distance function as given in Equation (3). 
 

1
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Figure-7. Simple of fouried descriptor. 
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The shape of the medical image is represented 

with the feature vector consisting ofFourier coefficients s 
as given below: 
 
                     FS= [A, FD1, FD2,….FDN−1].                (15) 
 

The first coefficient of the FD is called Dc 
component and it is ignored to make shape representation 
invariant to the boundary starting point. 
 
Region based shape descriptors 

To eliminate the problems associated with the 
continuous orthogonal moments, Hue and Mukundan has 
suggested the use of discrete orthogonal moments in [20]-
[22]. Moments of images provide efficient local 
descriptors and have been used extensively in image 
analysis applications. Their main advantage is their ability 
to provide invariant measures of shape. They showed that 
Chebyshev moments are superior to geometric, Zernike, 
and Legendre moments in terms of image reconstruction 
capability. In this section we present a brief overview of 
the Chebyshev moments. For a digital image f(x, y) with 
size N×N, and (n+m)th order. 
 
Invariant moments (IM)    

In the past decades, various moment functions 
due to their abilities to represent the image features have 
been proposed for describing images.Hue first derived a 
set of moment invariants, which are position, size and 
orientation independent. These moment invariants have 
been successfully used in the field of pattern recognition. 
The general form of a moment function of order (p+q), of 
an image function f(x,y) is given as 
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Where ψpqis known as the moment weighting 
kernel or the basis set.,for a digital image f(x,y) the above 
equation can be rewritten in discrete form as 
 

            
( , ) ( , ). M x y f x ypq pqx y                           

 (16) 

 
Geometric moments are the simplest of the 

moment functions with basis ψpq= xpyqwhile basis set is 
not orthogonal.  

A set of 7 invariant moments (IM) which are 
invariant to rotation, scaling and translation are given by 
the following equation: 
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IM are computationally simple. These moments 

suffer from a high degree of information redundancy, 
Noise sensitivity; Higher-order moments are very sensitive 
to noise.  
 
Zernike moments (ZM) 

To overcome the problems associated with the 
and invariant moments Teague has suggested the use of 
continuous orthogonal moments in [23].He introduced 
continuous-orthogonal Zernike moments and Legendre 
moments based on the orthogonal Zernike and Legendre 
polynomials,. Several studies have shown the superiority 
of Zernike moments over Legendre moments due to their 
better feature representation we choose Zernike moments 
as our second shape descriptor. Zernike polynomials are a 
complete set of complex valued functions orthogonal over 
the unit disk, i.e., x2 + y2≤1. 
 

nm nm nmV (x,y) V (rcos ,rsin ,) R (r) exp(jm )            (18) 

 
Where Rnm(r) is the orthogonal radial polynomial. 
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The Zernike moment of order n with repetition m 

of a continuous function f (x, y) is given by 
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For a digital image f(x, y), above equation can b 

approximated as 
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The magnitudes of Zernike moments are invariant 

to rotation and they are robust tonoise. Since the basis is 
orthogonal, they have minimum information redundancy. 
However, the computation of ZM (in general, continuous 
orthogonal moments) poses several problems. 

 
Legendre Moments (LM) 

Moments with Legendre polynomials as kernel 
function, denoted as Legendre moments, were first 
introduced by Srinivasa Rao [24]. Legendre moments are 
orthogonal moments which are used to attain a near zero 
value of redundancy measure in a set of moment 
functions, so that the moments correspond to independent 
characteristics of the image. The two-dimensional 
Legendre moments of order (p+q), with image intensity 
function f(x,y) are defined as follows. 
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(2 1)(2 1)
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    (22) 

where Legendre polynomial (Pp(x) of order p is given by 

(23) 
 
The recurrence relation of Legendre polynomials, (Pp(x) is 
given as follows 
 

  (24) 
Tchebichef moments (TM) 
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Mukundan et al. [25, 26] has suggested the use of 
discrete orthogonal moments to eliminate the problems 
associated with the continuous orthogonal moments. They 
introduced Chebyshev moments based on the discrete 
orthogonal Chebyshev polynomial. They showed that 
Chebyshev moments are superior to geometric, Zernike 
moments in terms of image reconstruction capability. 
Recently, Mukundan [26] introduced Chebyshev moments 
which possess rotational invariance property. In this 
section we present a brief overview of the Chebyshev 
moments. For an image of size N × N are defined 
according to the following recursive relation. For a digital 
image f(x, y) with size N×N, The scaled orthogonal 
Chebyshev polynomials of (n+m)th order is given as 
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CONCLUSIONS 

Feature extraction is a significant task in efficient 
medical image retrieval. This paper presents a various 
approaches for effective content based medical image 
retrieval based on texture and shape feature analysis. The 
combination of these features gives the superior result in 
improving the performance of the retrieval system. In 
addition various classifiers and feedback mechanisms can 
be integrated with the feature extraction method to 
enhance the efficiency of content based medical image 
retrieval system. Thus CBMIR System will be an effective 
tool in assisting CAD System to assist the radiology in 
medical domain. This will greatly aid diagnosis and 
research purposes. 
 
REFERENCES 
 
[1] Müller H, Michoux N, Bandon D, and Geissbuhler A. 

2004. A review of content-based image Retrieval 
systems in medical applications-clinical benefits and 
future directions. Medical Informatics. 1,73. 

[2] MonirehEsnaashari, S. AmirhassanMonadjami and 
Gholamaliderian. 2011. A Content-based Retinal 

Image Retrieval Methodfor Diabetes- Related Eye 
Diseases Diagnosis. International Journal of Research 
and Reviews in Computer Science (IJRRCS). 2(6): 
1222-1227. 

[3] T.Glataed, J. Montagant, and I.E. Magnin. 2004. 
Texture Based Medical Image Indexing and Retrieval: 
Application to cardiac imaging. ACMSIGMM 
international workshop on multimedia information 
retrieval (MIR’04), Proceedings of ACM Multimedia. 
NewYork, USA. pp. 15-16. 

[4] AshishOberoi and Manpreet Singh. 2012. Content 
Based ImageRetrieval System for Medical Databases 
(CBIR-MD) - Lucratively tested onEndoscopy, Dental 
and Skull Images. IJCSI International Journal of 
Computer Science. 9(3), ISSN (Online): 1694-0814. 

[5] Peter Wilkins, Paul Ferguson, Alan F. Smeaton and 
CathalGurrin. Text Based Approaches for Content-
Based Image Retrieval on Large Image 
Collections.EWIMT ’05 London, U.K. 

[6] Yong Rui and Thomas S. Huang. 1999. Image 
Retrieval: Current Techniques, Promising Directions, 
and Open Issues. Journal of Visual Communication 
and Image Representation. 10, 39-62, Article ID 
jvci.1999.0413, available online at 
http://www.idealibrary.com. 

[7] Xiang-Yang Wang A, Yong-JianYu A, Hong-Ying 
Yang. Aneffective image retrieval scheme using 
color, texture and shape features. Computer Standards 
and InterfacesCSI-02706. 

[8] Rajshree S. DubeyRajnishChoubey Joy Bhattacharjee. 
2010. Multi Feature Content Based   Image Retrieval. 
International Journal on Computer Science and 
Engineering. 2(6), ISSN:  0975-3397 2145 2145-
2149. 

[9] Ashwani Kr. Yadav, R. Roy, Vaishali and Archek 
Praveen Kum,” Survey on Content-based Image 
Retrieval and Texture Analysis with Applications” 
International Journal of Signal Processing, Image 
Processing and Pattern Recognition Vol. 7, No. “6 
(2014), pp. 41-50. 

 
[10] RasliR.M, MudaT.Z.T., Yusof Y. 2012. Comparative 

Analysis of Content Based Image Retrieval 
Techniques Using Color Histogram: A Case Study of 



                               VOL. 10, NO 22, DECEMBER, 2015                                                                                                           ISSN 1819-6608 

ARPN Journal of Engineering and Applied Sciences 
©2006-2015 Asian Research Publishing Network (ARPN). All rights reserved. 

 
www.arpnjournals.com 

 

 
                                                                                                                                                    10336 

GLCM and K-Means Clustering. 3rd International 
Conference on Intelligent Systems, Modelling and 
Simulation (ISMS). pp. 283-286, ISBN:978-1-4673-
0886-1. 

[11] Young Deok Chun, Nam Chul Kim, Ick Hoon Jang. 
2008. Content-based image retrieval using   multi 
resolution color and texture features, IEEE 
Transactions on Multimedia 10(6): 1073-1084. 

[12]  Basavaraj S. Anami, Suvarna S. Nandyal, and A. 
Govardhan. 2012. Suitability of Shape and Texture 
Features in Retrieval of Medicinal Plants’ Images in 
Indian Context. International Journal of Machine 
Learning and Computing. 2(6): 848-854. 

[13] Ju. Han, Kai-Kuang Ma, Rotation-invariant and scale- 
invariantGabor features for texture image retrieval, 
Image and Vision Computing 25 (9) (2007) 1474–
1481. 

[14] [13] J. Vogel, B. Schiele, Performance evaluation and 
optimization for content- based image Retrieval, 
Pattern Recognition 39 (5) (2006) 897–909. 

[15] L.Wiskott, J. M. Fellous, N. Kruger, and C. V. D. 
Mals-burg. 1997. Face recognition by elastic bunch 
graph matching. IEEE Trans. Pattern Analysis and 
Machine Intelligence, 19:775–779. 

[16]  Wong, S & Hoo, KS 2002,  Medical imagery , In 
Image databases: Search and retrieval of digital 
imagery, ed. V. Castelli, & L. D. Bergman, New 
York: John Wiley & Sons, Inc., pp.83-105 . 

[17] J.-K. Kamarainen, V. Kyrki, and H. K¨alvi¨ainen. 
2006. “Invariance properties of Gabor filter based 
features – overview and applications,” IEEE Trans. on 
Image Processing,  vol. 15, no. 5, pp. 1088–1099. 

[18]  Y. Rodriguez and S. Marcel, “Face authentication 
using adapted local binary pattern histograms,” 
Lecture Notes in Computer Science, vol. 3954, p. 321. 

[19] Wei Zhang, Sven Dickinson, Stanley Sclaroff, Jacob 
Feldman, and Stanley Dunn. 1998. Shape - Based 
Indexing in a Medical Image Database. Biomedical 
Image Analysis. pp. 221-230. 

[20] Basavaraj S. Anami, Suvarna S. Nandyal, and A. 
Govardhan. 2012. Suitability of Shape and Texture 
Features in Retrieval of Medicinal Plants’ Images in 

Indian Context. International Journal of Machine 
Learning and Computing. 2(6): 848-854. 

[21] Raj Bahadur Yadav, Naveen Nishchal, K., Arun, K., 
Gupta and Vinod Rastogi K. 2007. “Retrieval and 
classification of shape-based objects using Fourier, 
generic Fourier and wavelet-Fourier descriptors 
technique: A Comparative study”, Optics and Lasers 
in Engineering, Vol. 45, pp. 695-708. 

[22] Hue M.-K. 1962. Visual Pattern Recognition by   
Moment Invariants. IRE Trans. on Information 
Theory, IT-8: 179-187. 

[23] Mukundan R. and RamakrishnanK.R. 1998. Moment 
Functions in Image Analysis: Theory and    
Applications. World Scientific Publication Co., 
Singapore. 

[24] Mukundan R., OngS.H., and Lee P.A. 2001. Image 
Analysis by Tchebichef Moments. IEEE Transactions 
on Image Processing. 10(9): 1357-1364. 

[25] Dong-Gyu Sima, Hae-Kwang Kimb and Rae-Hong 
Park “Invariant texture retrieval using modified 
Zernike moments”, Image and Vision Computing, 
Vol. 22, No. 4, pp. 331–342, 2004. 

[26] Srinivasa Rao, Ch, Srinivas Kumar S & Chandra 
Mohan, B 2010, Content Based Image Retrieval 
Using Exact Legendre Moments and Support Vector  
Machine , The International journal of multimedia 
and its applications (IJMA), vol. 2, no. 2, pp. 69-79.  

[27] Chee-Way Chong, Raveendran, P. and Mukundan, R.  
2004. “Translation and Scale invariants of Legendre 
moments”, Pattern Recognition, Vol. 37, No.1, pp.  
119-129. 

[28] Mukundan R., Ong S.H., and Lee P.A. 2001.“Image 
Analysis by Tchebichef Moments” IEEE Transactions 
on Image Processing, 10(9): 1357-1364. 

 
 


