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ABSTRACT

This study aims to increase the retrieval efficien€ proposed image retrieval system on the bdsielor
content. A new idea of feature extraction basedaor perception histogram is proposed. First,dbler
histogram is constructed for HSV image. Secondilg,ttue color and grey color components are idedtif
based on hue and intensity. The weight for true grey color components is calculated using NBS
distance. An updated histogram is constructed usiighted true and grey color values. The colotufiess
extracted from the updated histogram of query imegkfor all the images in image database are cardpa
with existing color histogram based technique bngisnultiple similarity measures. Experimental esu
show that proposed image retrieval based on ther cpérception histogram gives higher retrieval
performance in terms of high average precisionamatage recall with less computational complexity.

Keywords: Color Histogram, NBS Distance, Histogram Updatistance Measures

1. INTRODUCTION database. Image retrieval is based on its correspgn
query text. Though the technique is simple, th&adilty
In recent days, the world is witnessing a rapidagho  lies in organizing and searching image collectiona
in the number of images, its importance and acb#ibgi satisfactory fashion as the images are not stamedni
in all applications. However, the real engine oagimg organized manner. This difficulty is due to manual
revolution is the field of image processing whitdals  annotation and semantic gap associated with it.sThu
with image storage, processing, indexing, retrieaal  searching the relevant images with respect tooitsent is
transmission. Due to the advancement and with thepeen formulated by CBIR.
growing interest, image processing is finding its  Content Based Image Retrieval (CBIR) is a technique
application in a variety of new fields like photaghy,  of searching and retrieving images using autoniitica
art galleries and remote sensing in addition tditi@nal derived image featues such as color, texture amgesh
image dependent fields of engineering, architecturé Reasons for its growth is that in huge image reposs,
medicine. Also the electronic access of imagesritag  traditional methods of image annotation have prdavere
enabled the users to access data from anywherbeon t inefficient, costly and extremely time consuming |
planet thus providing a further massive growthlie t CBIR, image search is based on derived image fesatur
field of image retrieval. Image retrieval deals twit extracted usinag feature extraction and retrievdldsed
searching and retrieving images from a huge databason similarity measures.
based on the given search query.
Currently more sophisticated tools are available fo 2.LITERATURE SURVEY
interacting with huge collections of images. Trixtial
mode of search is through keyword matching wherein Van et al. (2012) proposed a new and efficient
images are manually annotated before storing inretrieval technique Bin of Color Histogram (BCH)
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based on color features and compared it with the 3. CONTENT BASED IMAGE

existing Cell/Color Histogram (CCH). In Cell/Color RETRIEVAL

histograms (CCH) technique, image is initially

partitioned into a sequence of blocks, later thage CBIR is an important alternative to conventional

is quantized based on the colors and the histogsam keywod based image retieval and it greatly inceake

calcula_lted for each color. Th_e colo_r histogram of ropieyq efficiency. “Content” in CBIR refers tbe actual
query image and the database image is compared. T Contents of an image which includes color, textans

distance between two images is calculated byshape CBIR involves two major steps in its

summing the distance of images depending on a.”implementation: Feature extraction and similarisasures.

colors in query image and database image. CCH s In Text Based Image Retrieval (TBIR), search is

very effective as it increases retrieval effectiesn based h tadat h K ds. t
and reduces the space overhead, but the technsque pone ased on the metadala such as keywords, tags
and descriptions in contrast to CBIR where search

sensitive to rotation and translation. To overcaime _ ;
above limitation of CCH, an efficient techniqueledl ~ a@nalyses the actual contents of an image. CBIR is
Bin of Color Histogram (BCH) is propose. more useful compared to existing TBIR (Patrétlal .,

In BCH method, image colors are initally quantized. 2004), because in TBIR humans manually enter
Each image is divided into a series of sectors fand ~ K€ywords to label images before storing in image
each color the histogram is calculated. The nundfer database, thus making the system inefficient &s th
pixels in a sector is represented by a bin in fetogram.  t€chnique does not capture every text used to deescr

A weighted undirected histogram is formed for each @7 image during storage. Thus a system which sdrt o
database image color and query image color. Eualide 'Mages automatically, based on the image content is
distance is calculated between weighted histogrém orequired to provide better indexing with minimal

. . ; L tion time.
guery image and target image and its value liethén query execu .
range [0 1]. The minimum cost in matching each dfin Figure 1 shows the block diagram of proposed CBIR

histogram is calculated and it is considered as theSyStem' The color feature of database images are

smallest distance between two images. The advawfage extracted and stored in a_fe_atu_re database. Thevait
. : . : R system calculates the similarity between the featur
bin of color histogram technique is that it is insgive to

variations in rotation and translation. vectors of the query image and its target imageagusi

. distance measures.
Vilvanathan and Rangaswamy (2013) proposed an Some existing CBIR systems are MIFile (Amatal.,

image retrieval technique based on color indexeagan 2012), FIRE (Alexe e al., 2012) and QBIC

histograms. In this work, the input 24 bit RGB ireag .
converted to an indexed image with 256 colors dmed t (Shanmugapriya and Nallusamy, 2014).

color map of a single image is used to decompose th 3.1. Necessity of Color in CBIR
entire dataset images. After decomposing, the isvage
indexed so that each bin in a histogram corresporal
specific color based on the index value. The shityla
between each bin of query image and its target émsag
calculated using euclidean distance.

Color is the most visually striking feature of any
image and it has a significant bearing on the scene
beauty of an image. Vision and hearing are thertwast
important means by which human perceive the outside
Alaoui et al. (2009) examined the use of world. It is estimated that 75% of the information

tansformation geometry using color spatial entrapy received by a human is visual. One of the mainiegimn

color hybrid entropy. The two spatial color indexi  Of using color as a feature vector is inriégture
methods are used to describe the spatial informagfo ~ (Lianetal., 2012), Trademark (Phan and Androutsos, 2009)

colors on multiresolution images. and Robotic vision (Trong al., 2012).

Though the above mentioned color histogram Colors can be represented using different color
techniques produce efficient results there stilsefew ~ models (Moustafa and Algadi, 2009) such as RedGree
limitations like more query execution time and more Blue (RGB) or Hue-Saturation-Value (HSV) or HSB
computational complexity. To overcome these (Hue, Saturation and Brightness). The RGB color ehod
drawbacks, a new technique based on color pereeptiois extensively used to represent digital images on
histogram for image retrieval is proposed. majority of computer systems.
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higher than the intensity value, the pixel is coesed
Query image as a grey color pixel otherwise it is consideredaas
) true color pixel.

Figure 2 shows the flow diagram of CBIR system
using proposed color perception histogram. Truercol
U pixels are represented in ‘1’ and Grey color pixate

represented with ‘0’. The color model do not cortglie
represent human color perception. This is becaissenv
ﬂ under well-lit conditions is primarily due to corells
and monochromatic vision in low light is due to sod

Image collection

Convert RGB plane to HSV plane

Extract CPH feature and construct feature vector

. ery image feature vector . . .
Feature database Query imag cells in eye. Thus, there is a gradual shift from
“, monochromatic vision to photopic vision of humare ey
Distance measurement using multiple similarity The characterlstlcs of human_ perception of color_ is
I determined based on the dominant property of al pixe

which is hue in case of true color and intensitgase of
grey color. This characteristic property of pixeLised to
generate histogram in image retrieval applicatiod &
Fig. 1. Block diagram of proposed CBIR system called Color Perception Histogram (CPH).

Retrieval results of relevant images

RGB color model is the simplest model of color data Step 1: Color Histogram

storage and by far the most widespread in comoutati A color histogram is generated by quantizing therso
applications. RGB color model is useful because, in within an image and achieved by Summing up the|5plxb
human visual system, the sensitivity curves of the  similar color in the image. A major concern regagdthe
(red), gamma (green) and beta (blue) sensors in theisage of image color histogram for indexing lies in
human eye determine the intensity of the colors dne selecting a suitable color model. Retrieval usintade
perceives for each of the wavelengths. However, RGBcolor histogram is considered as simple and efficie
color model is not very efficient in dealing witleal technique for processing image content. The main
world as any modification to an image requires advantage of color histogram is that it is easgdmpute,
modifying the pixel values of all three planes. compare and store.

In the HSV color model, the color are separated int
three parts: Hue, saturation and value. The caoses of
hue depends on the wavelength of light and it rarfigen Hue is the dominant factor in true color pixels. If
0° to 360°.Saturation explains the purity of a color. It is intensity is high and saturation is low, a pixelocois
obtained by adding white to pure color. Value cgpomd to ~ Very much close to the “true color”. The grey cqporel
the brightness of a color. Value determines lightner IS approximated by its intensity. The intensity and
darkness of a color. The benefit of HSV color spiadhat ~ Saturation values are the dominant factor in grelprc
it is similar to human perception of colors. p!xels. If the intensity is low and s?turatlon @m a

The proposed Color perception histogram is based orPiX€l color is very much close to the “grey color”.

HSV color model in which the hue and intensity are Step 3: Deter mine the Weight
considered as the dominant factor.

Step 2: Identification of Image Pixels

_ _ The weight can be calculated for true and greyrcolo
3.2. Color Perception Histogram components by using the following formula.

Color Perception Histogram (CPH) technique is For true color, the weight is given by Equation (1)

mainly used for retrieving high dense background
images. Color histogram (Xiaoling, 2009) technigsie
well suited for image retrieval applications beaaiis
produces a strong perception to our human eye. The
saturation and intensity values are used to fingl th
color perception of a pixel. If the saturation \alis SWis.o) =1-SWys @

SW,s, =100{( NBS-1} *10 (1)

For grey color, the weight is given by Equation (2)
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Read RGB image $
J0
Convert RGB plane to HSV plane
Generate histo g]’an}l for HSV image — Truecolor [ B | Grey color

Identify true and grey color pixels based on
intensity and saturation values -
iggsne

, , Distribution of true Distribution of grey —s
Determine the weights of true and grey color color based on hue color based on intensity
components using NBS distance

T Fig. 3. Distribution of true color and grey color compotsen
Distribute the calculated weight for true and
grey color based on NBS distance and color Table 1. Weight distribution based on NBS
perception NBS distance Color perception Weight distributiés) (
0 0-1.5 Negligible color change 100
1.6-3.0 Minor color change 75
Update the histogram and extract 3.1-6.0 Gradual color change 50
the color feature 6.1-12 Major color change 25
T >12.1 Different color 0

Measure the likeness using

multi similarity measure For true color,AS and Al remains zero since the

saturation and intensity distributed difference is
minimum with respect to a single pixel. For greyocp

AS and AH remains zero as the saturation and hue
difference appears to be very low.

Step 4: Weight Distribution

After calculating the NBS distance value for true
color, the weight for true and grey color composeare
calculated.

The weight is distributed to the neighborhood bins.
Stop to get the retrieved results The amount of weight to be distributed to the agljic
bins is calculated based on NBS DistanEegure 3
shows the distribution of true color and grey color
components. Depending on the color difference and
distance, the true color and its weight are diatel to

. the adjacent pixels.

Nathnal Bureau of Standards (NBS) (Rahreaal., Table 1 shows the weight distribution based on NBS

2006), is a measurement standards laboratory. NBS

. . L distance and color perception. Weight distribui®mlone
distance is calculated only for true color andsitniot
. . 100% when the color change between the referencanii
calculated for grey color as the color difference i

minimum for grey color. NBS distance formula fouer its immediate neighboring bin is negligible.
color in HSV color space is given by Equation (3): Step 5: Histogram Updation

Distance
<<= Thre-
shold

Fig. 2. Flowchart of proposed CBIR system using color
perception histogram

After distributing the weight for true color andegr
d(xy) =1.2* color, the histogram is updated for both true anglyg

2 3 color by using the formula.
\/[2x2y2(1-cos(( aAH)/loo)) +AS" +(4n) J For)t/rue cglor, it Equation (4):

,////4 Science Publications 988 JCS



Malini, R. and C. Vasanthanayaki / Journal of Cotap&cience 10 (6): 985-994, 2014

True color hisf rounfi distributed hue* My, |

=True color hist rounfl distributed hue* Mylt, ) | (4)
SWH(S,I)
For grey color Equation (5):
Grey color hist rounfl 2 * Mujt,, )]+ 1
+round( distributed intensity / djy, ) (5)

= Grey color hist rounfl @ * Mult,, )|+ 1
+round(distributedintensity / diy,,, 4 SW¥,,

Where:

Mult.cor = Number of quantization levels for true color
Diviaeior = Number of quantization levels for grey color
SWiys, ) = True color weight

SW s,y = Grey color weight

A typical value for Mulgi, is 8 and for Divcor iS
16.The updated histogram is the feature for quage.
Similarly, the updated histogram is obtained foctea
image in database and it is stored in the featatabése

images using multiple similarity measures and therg
relevant images are retrieved.

Step 6: Similarity Measure

the summation of the difference of their corresgngd
pixels Equation (7):

Manhattan distanceE‘ Y —q#/ 7

where, i =1 ton.

Bray-Curtis Distance is a distance measure to
calculate the compositional distinction between tie
image pixels. The distance metric for Bray-Curts i
given as Equation (8):
Bray — Curtis =X (( x -y) [ x +Y)) (8)
where, i = 1 to n, xis the query image and is the
image in the database.

4. PERFORMANCE MEASURES

The performace metrics used to calculate the
retrieval efficiency of image retrieval system iasied
on metrics used in information retrieval. The

of size 1xn where n is the total number of images i performace measures include precision and recall.

database. The extracted features of query image i
compared against the extracted features of databas

Precision is defined as the ratio of the number of
e relevant images retrieved to the total numbfer o
Images retrieved. Precision is given by Equation (9

(9)

Precision=R /T

r

The similarity between the features of query image Where:

and the features of database images is calculatiag u

R = Number of relevant images retrieved

three distance measures namely, Euclidean Distancd: = Total images retrieved

(ED), Manhattan Distance (MD) and Bray-Curtis

Distance (B-CD).

Recall is defined as the ratio of the number of

Euclidean distance is the difference between tlhe serelevant images retrieved to the total number & th

of pixels in each bin of a histogram of one imagesus

each bin in a histogram of another image. A major

advantage of using euclidean distance is that iaddatf
a new image to the database does not affect thendes

relevant images in the database Equation (10):

Recall=R /T (10)

between query image and the existing database Bnage \where:
For a 2D image, the distance between two imagé pixe R = Number of relevant images retrieved

and y where,x=(x %) andy=(Y, ¥, is given by
Equation (6):

SO (e —

(6)

T = Total number of relevant images in the database

Precision signifies exactness, whereas recall sepis
completeness. An ideal precision is that everyienetd
image is relevant but it does not give any infoiorat
stating whether all relevant images are retrieyadideal

Manhattan distance calculates the similarity from recall is that all relevant images are retrievet ibdoes

one pixel to the other in a grid-like path. Simitar

not provide any details about the number of irrefdv

between two image pixels using manhattan distasce i images that might also have been retrieved.
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5. IMPLEMENTATION STEPS Step 3: Identification of True and Grey Color

Pixels
The proposed Color Perception Histogram based

image retrieval technique has been implementedgusin . A pixel is con3|d_ereq as true co[or vv_hen the_ Intgns
MALAB R2010a Image Processing toolbox. is high and saturation is low. A pixel is considbras

grey color when the intensity is low and saturatisn
Step 1: Input RGB image high. Figure 6 true color pixels are represented in white
f color and its value is set as ‘1’ and Grey colo®efs are

Figure 4a shows the input RGB image. The size o . . "
g b g represented in black color and its value is ‘0.

the input RGB image is 256x384. HSV image of RGB
image is shown ifFig. 4b. Step 4: Calculation of NBS Distance

Step 2: Generate Histogram for Query Image NBS distance is calculated for true color pixelsgs
Histogram of hue, saturation and intensity aretptbt the Equation 3. NBS distance is not calculatedgiay

as a single histogram ifig. 5. Hue, saturation and color since the color difference is minimurdigure 7

intensity values are taken in the X-axis and poaint is shows the NBS distance value based on which weight

taken in the y-axis. distribution is done.

Fig. 4. (a) Query image (b) HSV image

Histogram of all bands
700 ) ! ' ! T ! ! ! !

600

500

400

Pixel count

300

: iF : . :
0 0.1 02 03 04 0.5 0.6 0.7 0.8 0.9 1
Values

Fig. 5. Histogram of all bands
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VARIABLE

'ms = . - o > D= ¥ o o[ e |
VARIABLE
HH 5 <128x128 double>
1 2 3 4 5 6 7 g 9
1 01149 00136 0.0374 0.0478 0.0072 0.0235 0.0235 0.0706
2 17078 00136, 00103 2.2884e-04 0.0033 0.0101 00333 00233 0.0466|
3 16830 00103 00205 0.0101 00271 0.0200 0.0008 0.0462 0.0368
4 16545  11460e-04 00205 0.0376 0.0099 00314 0.0008 0.0558. 0.0692
4| n | {
Fig. 7. NBS distance value
-
ﬂ SEH - » — . — - -

[ SBH 1284128 double>
1 2 3 4 5 6 7 8 g

1 1138511 1148635 1146261 114524 1149281 1147647 1147647 1142041
2 979215 1148637 1148970 1149977 1149666 1148988 1146668 1147670  114.5340
3 981703 1148971 1147943 1148991 1147294 1148002 1148017 1145385 1146319
4 oB.4545 1148080 1147040 1146239 1149005 1146856 1149019 1144413 1143077

4 | m | {

IH-__=

Fig. 8. True color weight

1 2 3 4 5 6 7 8 9
1 1128511  -1138635 1136261 1135224  -1139281  -1137647  -1137647  -113.2041
2 960215 -1138637  -1138970  -1139977  -1139666  -1138988  -1136668  -1137670  -113530
3 974703 -1138971  -1137943 1138091 1137204 1138002 1139017 1135385  -1136319
4 074545 1130089 -1137048 1136238 -1139005 113685 1138010  -1134413  -1133077
4 mn | {
l!é

Fig. 9. Grey color weight
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Updated histogram
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Fig. 10. Updated histogram

Step 5: Weight Calculation dataset comprises of 1000 Corel images with ground
truth. The image collection in 1000 images is dedd
to 10 categories with each category comprising@d 1
images. Experimental images cover a wealthy of

calculated by using the Equation (Bigure 9 content including people, beach, building, buses,

shows the Grey color weight. Weights are calculateddwos_aurs' elepha?t,rflowgrs, horses, mountalr@d.fo h
based on the NBS distance value. The calculated "€ IMages are of the size 256x384. Images in eac

weights are updated in the original histogram category are of a similar type with respect to.its
get the updated histogram. background and foreground. The proposed technique

_ _ is implemented using MATLAB R2010a Image
Step 6: Histogram Updation Processing Toolbox.

The histogram is updated for true and grey color Table 2 s_hows the.top 5 retrieved results for the
components by using the Equation (4 and 5). Thediven query image. It is observed from thg resuhs,
updated histogram shown iRig. 10 is the extracted 'etrieved images are relevant to the query imageadin

feature. The features are extracted for query inmge the retrieved relevant images fall under the same
target image. The similarity between the extractedCat€gory asthe queryimage. _

features of query image and extracted features of 1Ne results of Color Perception Histogram (CPH)
database image is calculated using Euclidean distan 2'€ compared with normal Color Histogram (CH) for
Manhattan distance and Bray-Curtis distance. Smalle Mage retrieval using the performance measures,

the distance, greater is the likeliness between twoP'€cision and recall.From the result observedable
images. Larger the distance, greater is the ditsityi 3-5, the proposed technique performs better with high
between two images precision and higher recall when tested using mpldti

similarity measures.
6. EXPERIMENTAL RESULTS Figure 11 shows the precision and recall graph of
existing and proposed technique for various disanc
Experiments are conducted on Wang databases toneasures. It is observed from the graph, Euclidean
calculate the performance of proposed CPH methoddistance based retrieval performs better compaced t
for image retrieval. Wang's (Jameat al., 2001) Manhattan and Bray-Curtis distance.

For true color, the weight, WH(S, 1) is calculated
by using the Equation (1)¥igure 8 shows the true
color weight. For grey color, the weighty,(S, 1) is
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Table 2. Top 5 retrieved images for a given Query

Query

Top 5 retrieved image

K#w%f

Table 3. Comparison of precision value

Euclidean Manhattan Bray-Curtis
distance distance distance
Query
Image ID CH CPH CH CPH CH CPH
30 0.91 0.96 0.93 0.95 0.93 0.95
54 0.40 0.72 0.44 061 0.44 0.57
86 0.80 0.84 0.86 0.82 0.67 0.73
18 1.00 0.70 0.71 0.70 1.00 0.67
61 0.70 0.93 0.47 0.69 0.55 0.70
Avg. Precision 0.76 0.83 0.68 0.75 0.71 0.72
Table 4. Comparison of recall value
Euclidean Manhattan Bray-Curtis
Distance Distance Distance
Query
Image ID CH CPH CH CPH CH CPH
30 042 043 0.40 0.42 0.40 0.34
54 0.17 0.25 0.15 0.20 0.15 0.20
86 0.27 037 0.27 0.37 0.27 0.37
18 0.07 0.35 0.10 0.24 0.07 0.30
61 0.07 042 0.10 0.32 0.07 0.42
Avg. Recall 0.2 0.37 0.20 0.31 0.19 0.32
Table 5. Comparison of guery execution time
Euclidean Manhattan Bray Curtis
Distance Distance Distance
Query
ImageID CH CPH CH CPH CH CPH
30 18.1 20.0 316 316 36.0 31.6
54 16.4 15.3 28.2 282 40.0 43.1
86 19.6 19.1 316 316 32.1 32.0
18 11.9 12.9 182 182 22.6 24.1
61 13.6 15.6 249 249 28.6 27.9
Avg. Time 15.9 16.6 269 26.9 31.9 317

B Precision- CH M Precision- CPH

ERecall- CPH

0.8 4 g ®MRecall -
0.7
0.6
0.5 -
0.4
0.3 A
0.2 -
0.1
0 -

Fig. 11. Precision and Recall crossover

Query image

Existing (CH) Proposed (CPH)

W Mo
R i
A e 7 gy

D
Pl T N
T
= ol | TS “B..d

Fig. 12. Top 20 retrieved images from 1000 image database

7. CONCLUSION

Image retrieval is an actively growing researchaare
in the field of image processing, pattern recognitand
computer vision. A new and efficient CBIR technique
using Color Perception Histogram is proposed. la th
proposed technique, the color pixels are extracted
based on the calculated NBS distance, the weiglets a
distributed to get an updated histogram which eduss
an image feature. The proposed algorithm is tessaty
multiple similarity measures and the results are
compared. Experimental results indicate the proghose
color perception histogram technique using Eucldea

Figure 12 shows the top 20 retrieved images from a distance yields better results with high averageigion
1000 image database for the given query image usingand recall and with reduced query execution time.

Euclidean distance.

It is observed from the exgstin

results the proposed color perception histogranmgusi

Euclidean distance gives better

precision and recall.

,///4 Science Publications
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certainly improve the retrieval results withigh
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precision and recall rate. For future work, iplanned to
improve the rate of retrieval by adding more itierst and
adding extra features such as texture and shapethat
color to improve the relevance. Also the proposextkw

James,

has to be evaluated for robustness on various aksgab
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