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ABSTRACT

Content-Based Image Retrieval (CBIR) is also knasQuery By Image Content (QBIC) is the application
of computer vision techniques and it gives solutinthe image retrieval problem such as searchigitad
images in large databases. The need to have dileea general purpose Content Based Image Ratrie
(CBIR) system for a very large image database haacted focus of many researchers of information-
technology-giants and leading academic institutifors development of CBIR techniques. Due to the
development of network and multimedia technologiesrs are not fulfilled by the traditional infortioe
retrieval techniques. So nowadays the Content Basede Retrieval (CBIR) are becoming a source of
exact and fast retrieval. Texture and color areithgortant features of Content Based Image Retrieva
Systems. In the proposed method, images can hevedrusing color-based, texture-based and coldr an
texture-based. Algorithms such as auto color cograim and correlation for extracting color basedges,
Gaussian mixture models for extracting texture Baseges. In this study, Query point movement edus
as a relevance feedback technique for Content Blasade Retrieval systems. Thus the proposed method
achieves better performance and accuracy in ra@tgamages.

Keywords. Image Retrieval, Texture, Auto Color CorrelogranC@), Gaussian Mixture Models, Query
Point Movement

1. INTRODUCTION requirement is to have a technique that can seanch
retrieve images in a manner that is both time ieffic
Content-based image retrieval technique uses visualnd accurate (Xiaoling, 2009).
contents to search images from large scale image Visual content can be very general or domain
databases based on users’ interests. It becomastiaa specific. General visual content include color,tues,
and fast advancing research area. Image content maghape, spatial relationship. Domain specific visual
include both visual and semantic content. Conteagel8 ~ content, like human faces, is application dependeit
Image Retrieval (CBIR) is a technique for retriyin may involve domain knowledge. Semantic content is
images on the basis of automatically-derived fesmtur obtained either by textual annotation or by complex
such as color, texture and shape (Sieglal., 2012). inference procedures based on visual content. Aalis
These techniques includes several areas such ag ima content descriptor can be either global or locagl@bal
segmentation, image feature extraction, repredentat descriptor uses the visual features of the wholagen
mapping of features to semantics, storage and ingex Wwhereas a local descriptor uses the visual featafes
image similarity-distance measurement and retrievalregions or objects to describe the image contept. T
which makes CBIR system development as a challgngin obtain the local visual descriptors, an image iterof
task (Chauhan and Goyani, 2013). Several companies divided into parts first. The simplest way of diwvid an
maintaining large image databases, where theimage is to use a partition, which cuts the image files
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of equal size and shape. A simple partition does noin certain domains as well as for certain typessars. A
generate perceptually meaningful regions but isag of natural extension to querying based on low-levedgem
representing the global features of the image fihex features is to query images at the domain objeel.|€&or
resolution. A better method is to divide the imag® example, “retrieve images that contain a flower iguery
homogenous regions according to some criteriongusin at the domain object level. A domain object is maetic
region segmentation algorithms that have beenabstraction and at the physical level, it may gpoad to
extensively investigated in computer vision. A more multiple geometric regions in the image.
complex way of dividing an image, is to undertake a  The paper can be organized as follows: Section Il
complete object segmentation to obtain semanticallydescribes the related works involved in contentthamiage
meaningful objects (like ball, car, horse). Curlgnt retrieval, Section Ill describes the methodologgdito
automatic object segmentation for broad domains ofretrieve the images, Section IV describes Experiahen
general images is unlikely to succeed. results obtained by using proposed methodology.

Color is the most extensively used visual content
for image retrieval (Khutwad and Vaidya, 2013) Its 1.1 Related Works

three-dimensional values make its discrimination  Jain and Singh (2011) provided an overview of the
potentiality superior to the single dimensional ygra functionality of content based image retrieval eyss
values of images. Before selecting an appropriaterc by combining advantages of HC and divide and
description, color space must be determined firbere conquer K-Means strategy. He proposed HDK method
are many color spaces used to represent the ifi¥8B,(  to use both advantages of HC and Divide and conquer
HSV, CIE) and many approaches used for representati K-Means by introducing equivalency and compatible
such as histograms, binary sets (Véeial., 2009) and  relation concepts. Penattt al. (2012) presented a
correlogram. The proposed method uses auto coloicomparative study of color and texture descriptoys
correlogram for color representation. considering the Web as the environment of use. The
Texture refers to the visual patterns that havediversity and large-scale aspects of the Web
properties of homogeneity. It does not result fiil@  considering a large number of descriptors (24 cafut
presence of only a single color or intensity. Itais 28 texture descriptors, including both traditiorsaid
innate property of virtually all surfaces of reabshd  recently proposed ones) were also taken into addaun
objects such as clouds and fabrics. Texture costain his research. He made the evaluation based on two
information about the structural arrangement of |evels: A theoretical analysis in terms of algomith
surfaces and their relationship to the surroundingcomplexites and an experimental comparison
environment. Popular texture representations irelud considering efficiency and effectiveness aspects.
co occurrence matrix, Tamura texture and Wavelet Singha and Hemachandran (2012) presented the tonten
texture. The proposed method uses Gaussian mixturéased image retrieval using features like textac @lor,
models for texture representation. called Wavelet Based Color Histogram Image Retrieva
Relevance Feedback (RF) is the process of(WBCHIR). The texture and color features are eféhc
automatically adjusting an existing query using the through wavelet transformation and color histogea the
information feedback by the user about the relegasfc ~ combination of these features is robust to scaling
previously retrieved objects such that the adjustedtranslation of objects in an image. He also dematest a
query. The key issue in relevance feedback is hmw t promising and faster retrieval method on a WANGgea
effectively utilize the feedback information to ingpe database containing 1000 general-purpose coloresiag
the retrieval performance (Xin and Jin, 2004). Afte Gudivada (2010) discussed an approach to improve
obtaining the retrieval results, user provide the retrieval effectiveness via relevance feedback ert t
feedback as to whether the results are relevamioar  retrieval systems. He also showed how these retevan
relevant. If the results are non-relevant the fee#tb  feedback techniques have been adopted to CBIR xtonte
loop is repeated many times until the user is Batis  and their effect on retrieval effectiveness. Thechéor
In the proposed method Relevance feedback techniqueest collections in advancing CBIR research is also

can be done using decision trees. discussed in his work.
Query-by-example is a specification mechanism in  Pinjarkar e al. (2012) discussed various
which an existing image is used as a query (Nib&aek., methodologies used in the research area of Content

1993). It implicitly facilitates retrieving imagdsased on  Based Image Retrieval techniques using Relevance
their low-level features and is not appropriatfeasible Feedback. To improve the retrieval performancehef t
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CBIR the Relevance Feedback technique can beexamples into its internal representation of featur
incorporated in CBIR system to obtain the highduea  vectors. The similarities/distances between theufea
of the standard evaluation parameters used fouatiah  vectors of the query example or sketch and thoshef
of the CBIR system which may lead to better resofts  images in the database are then calculated arevadtis
retrieval performance. He also discussed variousperformed with the aid of an indexing scheme.
relevance feedback techniques for Content Baseddma The proposed method comprises three types of
Retrieval systems, the various parameters used fOkechniques to retrieve the content based imageshviki
experimental evaluation of the systems and theyaisal jjystrated inFig. 2 and the overall process is shown in
of these techniques on the basis of their results. Fig. 1. They are as follows:

Zhu et al. (2006) proposed a human detection
algorithm using Histograms of Oriented Gradients ¢ Color- based image retrieval
(HOG) which are similar with the features usedhet « Texture- based image retrieval
SIFT descriptor. HOG features are calculated by. cColor and texture based image retrieval
taking orientation histograms of edge intensityan
local region. They are designed by imitating theuail 2.1. Color-Based Image Retrieval
information processing in the brain and have
robustness for local changes of appearances an%e
position. Zhuet al. (2006) extracted the HOG features
from all locations of a dense grid on a image ragio
and the combined features are classified by using
linear SVM. They showed that the grids of HOG
descriptors significantly outer-performed existing
feature sets for human detection. Kobayashial.
(2008) applied Principal Components Analysis (PCA)
to reduce the dimensionality of the feature vectod 2.1.1. Auto Color Correation Algorithm
tested them in an image retrieval application. ) .

Patil and Kokare (2011) provides an overview of the /AN auto color correlation defines how to compute th
technical achievements in the research area oviae  Mean color of all pixels of color;@t a distance k-th from

: . ixel of color € in the image. Premchaiswadi and
Feedback (RF) in Content-Based Image Retrieval RLBI a pixe .
It also covers the current state of art of the aetein Tungkasthan (2011) formally, the ACC of image

relevance feedback in CBIR, various relevance feedb 1.2, My=1.2,....N }is defined as Equation (1)
techniques and issues in relevance feedback. oy ®) 1)— )
Bulo et al. (2011) proposed a novel approach to ACC("J’k)_MCJ’YC‘CJ ()= mevs (1),
content-based image retrieval with relevance feekiba Ine?2% (1), 0,08 (N e 3¢
. . . meji GG ' mejl GG ivj
which is based on the random walker algorithm
introduced in the context of interactive image \yhere, the original image I(x,y) is quantized tocators
segmentation. The idea is to treat the relevantraomd C.C,....,Gn and the distance between two pixels
relevant images labeled by the user at every fesdba ke[min{M,N} ] is fixed a priori. Consider MG be the
round as “seed” nodes for the random walker problem RGB value of color m in an image |. The mean colors
The ranking score for each unlabeled image isare defined as follows Equation (2 to 4):
computed as the probability that a random walker
starting from that image will reach a relevant seed "5 M)
before encountering a non-relevant one. fmcﬂ(qk)q ()= HW

ng .9q (K
) J:L)(l)mlcj (3)

. . . (k -
The visual contents of the images in the databese a ImiYog (1=

Color is the important perceptual features. Color
comes one of the features of commercial CBIR
systems. A color correlogram (henceforth correlogra
states how the spatial correlation of pairs of lo
changes with distance. Auto color correlogram is an
extension of the correlogram technique for color
indexing. The proposed method uses auto color
correlogram for color based image retrieval.

1)

lcic 2

2. MATERIALSAND METHODS

. es I e 050
extracted and described by multi-dimensional featur n
vectors. The feature vectors of the images in ttatthse ©
form a feature database. To retrieve images, users © ﬂci,bﬁ()
provide the retrieval system with example images or bmchc‘q(')zT(l)‘Ci 76 (4)
sketched figures. The system then changes these g9

///// Science Publications 332 JCS



Shanmugapriya, N. and R. Nallusamy / Journal of Quter Science 10 (2): 330-340, 2014

Relevance

v

!

Query .

formation

Visual content
description

Image

database

Visual content
description

L feedback
v
.| Feature
vectors
A
Similarity
compatrison
Feature
>
database <

Indexing and
retrieval

A 4
Retrieval

Output

results

Fig. 1. Process involved in content based image retrieval
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Fig. 2. Algorithms used in the proposed method

where, denominatof] g?xﬁ_ is the total of pixels values

of color G at distance k from any pixel of colof ®hen
X is RGB color space and denoteg#®. N represents
the number of accounting color; @om color G at
distance k is computed as follows Equation (5):

N=Tq, O
POy Y)OG P0G % G
k=minfx, =x/.|y, -y}

(%)

By reducing the size of color correlogram from Gifjn
to O(3md), ACC can be able to find the local spatia
correlation between color. To decrease the stospgee
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required and increase the speed of retrieval,izkeo$ ACC
can be reduced from O(3md) to O(m). By using this
algorithm, dominant RGB peaks values in any colos b
are captured. The dominant elements are compavedkin

to reduce the feature storage amount and speedriefval
while processing similarity calculation of the timeages:

For every K distance {
For every X position
For every Y position {
G < current pixel
While (G ~
Get neighbors pixel of;§ at distance K)
{

For every color ¢ {
If (Crn=G and G# G){
countColor++
colorR[G, ] = colorR[G, ] + colorRG
colorG[G, ] = colorG[G]+ colorGG
colorB[G;] = colorB[C;] + colorBG
}

}
}

meanColorR = sum ( colorR[{J)/countColor
meanColorG = sum ( colorG[{)/countColor
meanColorB = sum ( colorBJ[g])/countColor

}

The similarity of binary codes for auto color
correlation, can be measured using intersection
technique. It measures the similarity of binary endor
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the same color between the query and model images\,b = arg maxl—l Pr(Db |vb =r (6)
Consider Bc,()=b},b,,...8,:8 .8 .0 ;bb ..} R )
represents the binary code of auto color corrafatio

colors to color Cm in RGB space of query imagénént o - .
the intersection result of query image and modelgen ~ Maximizes the probability of the data in P(b).dtuces

concerning color Cm should be calculated. computation time to classify the texture. The dBta

The proposed method first computes the mean pixe|aSSOCIaEed with each block is denoted by the veator
value of the whole small block ¥4) and it compares featurex. For each and every texture class, a
each pixel to the block mean. If the pixel valugieater ~ probability distribution that represents the featur
than or equal to the block mean, respective pigsltjpn statistics of a block of that class must be seteciéius
of the bitmap will have the value 1, otherwise itl lwe the probability that obtained will be a convex

assigned as 0. When the RGB values in a color bin 0 combination of M Gaussian densities Equation (7):
ACC exceed a given threshold, then the bin is flads

as effective, else it is classified as non-effextiBinary ~l = O

“1” is assigned to effective bin and, binary “0” is PP, 1Y })‘;pib(x'“i 2) (7)
assigned to non effective bin. Thus by using featur

vec_tor of ACC in RGB_coIor space, the accuracy of where, is b(;(rzi )Gaussian  of meanIand
retrieval process can be improved.

Thus, all the blocks in P(b) which has class n

_ covariance). The parameters for a given class are thus
2.2. Texture-Based Image Retrieval P> oMy .

Texture is a visual prompt which has been intergive A GMM is the natural model which can be if a
used in pattern recognition. Two issues should betexture class contains a number of distinct subekas
addressed while using texture for image retrieval: Thus by using Gaussian mixture model to retrieve th

- To capture human perception of texture and texture properties of the image gives desired aogur

* To find a distance function that measures the 23 Color and Texture-Based Image Retrieval
similarity between texture patterns o )
By combining both the proposed algorithms such as

The proposed method uses gaussian mixture modelj;to color correlation and Gaussian mixture models,
to retrieve texture images. color and texture properties can be retrieved.
2.2.1. Gaussan Mixture Models 2 4 Relevance Feedback

Gaussian mixture models is one of the density Every user’s need will be different and time vagyiA

mode_l which includes a number of component G.""USSiar{ypicaI scenario for relevance feedback in conberged
functions. These functions are combined with défer image retrieval is as follows (Patil and Kokarel 2D

weights to form a multi-modal density. Gaussian _ _ _
mixture models are a semi-parametric which can beStep 1: Machine provides initial retrieval results
used instead of non-parametric histograms (whiah ca Step 2: User provides judgment on the currently

also be used to approximate densities). It has high displayed images based on the degree whether

flexibility and precision in modeling the underlgn they are relevant or irrelevant to her/his request

distribution of sub-band coefficients. Step 3: Ma_chlne learns the j_udgment of thg user and
Consider N texture classes labeled yh={1,....N} again search for the images according to user

related to different entities. In order to class#ypixel, query. Go to step 2

neighbourhood of that pixel must be considered.nThe  The proposed method uses Query point movement
SxS sub-images blocks features can be computed assigfor relevance feedback.

classes to these blocks (Permudteal., 2003). The set of
blocks is represented by B. The neighbourhoodtdbek
b is called patch P(b). It should be defined asstkteof Query is indicated by a single point in a featyrace
blocks in a larger ¥T sub-image with b at its centre, 3 and this point is moved towards the direction whelevant
denoted as the data associated to that block ged\Wbe points are located by refinement process. Roccfoeo'sula
the classification of b. The classification can tene is the mostly used technique to iteratively impradties
based on the following rule Equation (6): estimation (Rocchio, 1971) Equation (8):

3.4.1. Query Point Movement
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B & y el the second iteration, the system stops searchirges

Gnea = 801 +(n)Z %= N= () Z Y] (®) in the database. The accuracy of images obtaindiein
= = second iteration is 100%. If all the output images not

where, ¢ is the query point for nth round of the search rele_vant, the da_tabase will propeed upto nth Hemat
cycle. parameters, f andy are the suitable constants until all relevant images are obtained and it stwpen it
denoted as the weight parameters; J rel is the eunfo ~ 9€tS 100% accuracy. Thus the proposed approacmsbta
relevant images in Xj and Jnon_rel is the total bermof maximum accuracy in retrieving color based images.
no_n-relevant images in Yj The paramefg@ndy can be 39 Texture Based Image Retrieval
adjusted to be more biased towards one sample group
depending on the nature of the data samples. idiblary The system search images based on the texturelgiven
is set to zero, then the negative sample may yataibred user’s input query image. The query image is sedrch
and by setting variable to zero the history of the query the database based on the texture and systemydighia

point can be ignored (Patil and Kokare, 2011). output images. Based on the relevance feedbacgy#em
search images in the database and displays thesriahe
3. RESULTSAND DISCUSSION input query is shown in tHeg. 3.

The main goal of this experiment is to find the Iteration 1 (Before Relevance Feedback)
relevant images for the given input query with few
numbers of iterations. To compare the performarfce o
this approach it is compared with existing work
proposed by Beeckat al. (2011). The accuracy of the
image can be calculated by the following formula:

Figure 6 illustrates the output images based on the
user’s input query. Based on the texture of themginput,
the images will be searched in the database. Imithen
example, the last three images is an irrelevangén@he
system search the images again in the databasal&ro
N - X to the user’s feedback.The accuracy of the outpages
ACCU&CV:T *10C obtained in the first iteration is 50%.

. _ _ Iteration 2 (After Relevance Feedback)
where, N is number of relevant images in the dadaba

which are known to the user and X is the number of Figure 7 represents the output images based on
irrelevant images in the database which are knawn t texture after relevance feedback. The accuracy of

the user. images obtained in the second iteration is 83%l Sti
. few irrelevant images are in the output image, iit w
3.1. Color Based Image Retrieval be proceeded upto nth iteration until maximum

The user will give input query image. The image is @ccuracy is obtained.
searched autor_natically i_n the d_atabase based awtbe  |teration 3 (After Relevance Feedback)
and searched images will be displayed. The systis g _ _ o _
relevance feedback from the user and do the same Figure 8 shows the images after third iteration. The
process recursively until all relevant images draimed.  accuracy obtained in the third iteration is 100%c8&
The input query is shown in tiég. 3. For example  maximum accuracy is reached in the third iteration
consider elephant as an input query given by tiee. us stops searching images in the database.

Iteration 1 (Before Relevance Feedback)

Figure 4 reveals the output images based on the
user’s input query. The images will be searchedbdas
on the color of the given input. In the given exaenp
the last image is an irrelevant image. Therefore
according to the user’s feedback, the system search
the images again in the database. The accuradyeof t
output images in the first iteration is 83%.

Iteration 2 (After Relevance Feedback):

Figure 5 shows the output images after relevance
feedback. since all the relevant images are oldaine  Fig. 3. Input query
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Fig. 5. Output image after relevance feedback using color-
based image retrieval

Fig. 7. Output image 1 after relevance feedback using textu
based image retrieval

66 jpg 362 jpg 557 jpg

Wt

548 jpg 505 jpg 546 jpg

Fig. 6. Output image before relevance feedback using textur Fig. 8. Output image 2 after relevance feedback using textu
based image retrieval based image retrieval
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3.3. Color and Texture Based Image Retrieval Tablel. Accuracy comparison of color based image retrieval
) ) ) before and after relevance feedback
Based on the user’s input query, the image will be' gyery Accuracy Accuracy No. of

searched in the database. Here images are sedmghed image before RF after RF iterations

both color and texture and the output is shownh® t Beaches 50 100 3

user. The user verifies whether the images areaste  Building 67 100 3

and sends feedback to the system. The system proce®inosaur 50 100 4

according to the user’s feedback and displaysrtizgés.  Elephant 83 100 2

The sameFig. 3 is used as an input query to find the Trees 83 100 3

images based on color and texture. Tiger 33 100 4
Average 61 100 3

Iteration 1 (Before Relevance Feedback)

Table2. Accuracy comparison of texture based image

Figure 9 reveals the output images based on the user’s retrieval before and after relevance feedback
input query. The system searches image based onaa Query Accuracy Accuracy No. of
texture in the image database. There is an irmetéuzage image before RF after RF iterations
in the output. Hence the system performs the insagech ~ Beaches 67 100 3
again as per user's feedback. The accuracy of utgup  Building 67 100 3
images obtained in the first iteration is 67%. Dinosaur 83 100 2
Elephant 50 100 3
Iteration 2 (After Relevance Feedback) Trees 67 100 4
] ) ) ) Tiger 50 100 6
Figure 10 shows the images obtained in the second average 64 100 4

iteration based on both the color and texturechtieves
maximum accuracy 100% in the second iteration. ThusTable3. Accuracy comparison of color & texture based image

the proposed method performs well in retrieving the retrieval before and after relevance feedback
images with maximum accuracy. Query Accuracy Accuracy No. of
. image before RF after RF iterations

3.4. Performance Evaluation Beaches 50 100 2

The dataset consists of six different images. TheBuilding 67 100 5
corresponding accuracy of the query images to aljspl E;goﬁgﬁ: 2?; 18% 3
these images before and after relevance feedbask ha].regS 67 100 4
been observed for color-based, Texture-based alad co Tiger 33 100 5
and texture-based image retrieval. The accuracgréef ayerage 61 100 4

and after relevance feedback for the color basexhém
retrieval is shown in th&able 1.

66 jpg 357 jpg

Fig. 9. Output image before relevance feedback using bothFig. 10. Output image after relevance feedback using caidr a
color and based image texture retrieval texture-based image retrieval
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Table 1 illustrates that the average number of  The experimental results proved that the proposed
iteration for the six datasets is 3 and the maximummethod achieves maximum accuracy with the help of

accuracy after relevance feedback is 100%. relevance feedback in retrieving all the relevanages
The accuracy k?efore and_ after_ reIevanc_e feedback foaccording to the query image given by the user.cen
the texture based image retrieval is shown inTiigle 2. proposed method gives better performance in retieyv

Itis clear that average accuracy before relevégeeback g the relevant images in the database.
for the texture is 64%. The total no. of iteratiesnst and

the maximum accuracy obtained is 100%. technique named GQFD based image retrieval with
Table 3 represents the accuracy obtained for colorour proposed technique GMM with RF for Corel

and Texture based image refrieval befqre qnd a.ﬂer\Nang dataset. From the obtained result our method
relevance feedback. The average no. of iteratisng i

and the maximum accuracy obtained is 100% out performance from the GQFD result in the means

Figure 11 represents the Accuracy comparison of of average accuracy of retrieval.
the Color based image retrieval before and after
relevance feedback. It is clear from the figurettha e
after relevance feedback, the maximum accuracy is ® Accuracy before RF
obtained 2-4 iterations. Thus the proposed approach ,q | ® Accuracy after RF
obtains maximum accuracy with relevance feedback
in color based image retrieval.

Figure 12 indicates the Accuracy comparison of the
Texture based image retrieval before and aftevasiee
feedback. The maximum accuracy (100%) is obtained
within 2-6 iterations after relevance feedback. e 40 7
proposed approach obtains maximum accuracy with
relevance feedback for texture based image retrieva

The Accuracy comparison of the Color and
Texture based image retrieval before and after
relevance feedback is revealedRig. 13. Within 2-5 .
iterations The maximum accuracy (100%) is obtained Queryimage
after relevance feedback. Thus the maximum accurac
is obtained with relevance feedback for Color and
texture based image retrieval.

The Table 4 gives the average result of existing

Texture based retrieval

80 A

60

Acouracy ()

Beaches Building Dinosaur Elephant Trees Tiger

)f:ig. 12. Accuracy comparison of the texture based image
retrieval before and after relevance feedback

Color & texture based retrieval

Color based retrieval 120 R
120 4 . B Accuracy before RF
B Accuracy before RF .
o B Accuracy after RF
W Accuracy after RF 100 -

100 A

~ 80 - gSO

2 60 A ;60 1

< 49 4 40
20 A 20

Beaches Building Dinosaur Elephant  Trees Tiger Beaches Building Dinosaur Elephant Trees Tiger

Queryimage Queryimage

Fig. 11. Accuracy comparison of the color based image Fig. 13. Accuracy comparison of the color and texture based
retrieval before and after relevance feedback image retrieval before and after relevance feedback
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Table4. Average accuracy comparison between existing andKobayashi, T., A. Hidaka and T. Kurita, 2008. Sétet
proposed approach of Histograms of Oriented Gradients Features for
Dataset Technique Average accuracy (%) Pedestrian Detection. In: Neural Information
Corelwang ~ GQFD 45.7 Processing, Ishikawa, M., K. Doya, H. Miyamoto
Proposed GMM-RF__ 61.1 and T. Yamakawa (Eds.), Springer-Verlag Berlin,

ISBN-10: 3540691545, pp: 598-607.
4. CONCLUSION Niblack, W., R. Barber and W. Equitz, 1993. Quegyin

relevant images from a bulk database. CBIR provides ~ Proceedings of IS&T/SPIE Conference on Storage
solution to these problems. The proposed method use  and Retrieval for Image and Video Databases, (IVD’

three approaches to retrieve the relevant images the 93), pp: 173-187.
database. Images can be retrieved based on ColoRatil, P.B. and M.B. Kokare, 2011. Relevance feekba
Texture, both Color and texture respectively. The in content based image retrieval: A review. J. Appl

proposed method uses algorithms such as auto color Comp. Sci. Math., 10: 41-47.

correlogram to retrieve color based images, Gamssia penatti, OA.B., E. Valle and R.D.S. Torres, 2012.
mixture models to retrieve texture based images and  Comparative study of global color and texture
Query point movement for relevance feedback. The  gescriptors for web image retrieval. J. Visual
experimental results conforms that the proposedhoaet Commun. Image Represent., 23: 359-380. DOI:
gives maximum accuracy when compared to existing 10.1016/j.jvcir.2011.11.002

work. This method lacks when the structure of abjec
similar between each other. As a future work, systan
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