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Abstract
An image retrieval and re-ranking system utilizengisual re-ranking framework which is proposedtiis paper the system retrieves
a dataset from the World Wide Web based on texjuaty submitted by the user. These results aredepiata set for information
retrieval. This dataset is then re-ranked usingsaua&l query (multiple images selected by user ftoendataset) which conveys user’'s
intention semantically. Visual descriptors (MPEGw)ich describe image with respect to low-levetdealike color, texture, etc are
used for calculating distances. These distancesaamgeasure of similarity between query images aathbers of the dataset. Our
proposed system has been assessed on differeatd/gaeries such as apples, Console, Paris, eghdws significant improvement

on initial text-based search results.This systemdl suitable for online shopping application.

Index Terms. MPEG-7, Color Layout Descriptor (CLD), Edge Higtam Descriptor (EHD), image retrieval and re-

ranking system
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1. INTRODUCTION

Image search engines are implemented using theryqgog
keyword” paradigm which index and search the assedi
textual information of images. Here image retrieigabased on
how contents of an image or a chain of images can
represented. Conventional techniques of text detideval can
be applied only if every image and video recorddsompanied
with a textual content description. But image ateo content is
much more versatile compared to text, and in thetroases the
guery topics are not reflected in the textual matacvailable.
Visual reranking [1] is an integrated framework ttielps to
obtain effective search results. Visual rerankingorporates
both textual and visual indications. A list of tddsed search
results is first returned by using textual inforioat The text-
based search result provides a good baseline for“tine”
ranking list which may be noisy but the text-basedrch result
still reflect partial facts of the “true” list andre used for
reranking. Then visual information is applied ®omder the
initial result for refinement.

The visual cues are obtained by using a QBE or Yiwr
Example paradigm. In a QBE framework the color,tue
shape, or other features of the query image, einleaind stored
as metadata, are matched to the image metaddie oataset of
indexed images and returned results are based dohimg
scores.

However single query may not sufficiently represerser's
intention. Hence it might be desirable to quenjraage dataset
using more than one query images for detailed kedgé
representation. A multi-query retrieval techniqueichh searches
each query individually and then merges the resolt®ach
query afterwards into a synthetic list has beerppsed [2]. It

returns semantically related images in differestsl clusters by
merging the result sets of multiple queries. Fgiven retrieval
task, the user may pick different queries, whicte all
semantically related to the images the user desires

These queries will generate different retrievalutss by the
same CBIR system. These different result listshmthought of
as different viewpoints regarding the retrievalktas user’s
mind.

—w Tert-Based | —| Tert-Based —>| Reranked

Results
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Image Search

Result

Image Search

Figure 1. Visual Reranking Framework

We use MPEG7 [3] standard to generate low levelalis
descriptors. MPEG-7 is a standard developed by MpWHicture
Experts Group (MPEG) [4]. It was formally named as
Multimedia Content Description Interface. The ga#l the
content description (i.e., metadata) standard MRE(- to
enable fast and efficient searching, filtering, addptation of
multimedia content. In MPEG-7 Visual features [B]ated to
semantic contents are represented by the follod@sgriptors:
« the colour descriptors - colour space, colour gaatibn,
dominant colours, scalable colour, colour-structuoelour
layout, and group of frames / group of picturesaoldescriptor;
e the texture descriptors - homogeneous texture,utext
browsing, and edge histogram;

the shape descriptors - object region-based shapdgpur
based shape, etc
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We combine color and texture features to generatairate 3. Once the tiny image icon is obtained, the colorcspa

results for image retrieval. We use Color LayowdsExiptor conversion between RGB and YCbCr is applied. This
(CLD) as our color and Edge Histogram Descriptof D as conversion is defined by a linear transformation tioé
texture descriptor [6]. CLD represents the spatisiribution of RGB color space:

colors in an image and EHD describes edge distobutith a
histogram based on local edge distribution in aagen[6]. The In the fourth stage, the luminance (Y) and the bédumel Red
visual features of each sub-image can be charaetedy the chrominance (Cb and Cr) are transformed by 8x8 Dg®Tthree
representative colors of the CLD as well as theedigtogram sets of 64 DCT coefficients are obtained.
of the EHD at that sub-image using weighing factors

Luminance: Y =0.29*R + 0.59*G + 0.114*B — 128
2. COLOUR LAYOUT DESCRIPTOR

CLD [5] is a very compact and resolution-invariant

representation of color for high-speed image reti@nd it has Red chrominance: Cr = 0.5*R — 0.419*G — 0.081*B
been designed to efficiently represent the spaigitibution of ' ' ' '
colors.

Blue chrominance: Cb = 0.169*R — 0.331*G + 0.5*B

The general equation for a 2D (N by M image) DCTOefined
A. Extraction by the following equation:

The extraction process of this color descriptorststs of four

! 1
stages: image partitioning, representative coldeat®n, DCT ACES) pN- 1L Tl 1
transformation and a zigzag scanning. Moreovethasmages F(-u.v): —r) — z E’l(:)’k(j] ;r}s[—r(ﬂi-l-l) (0§ —(Qj-l-])J .f(t'.f]
used during the realization of this project werdirgal on the ' \f‘e. \M ; 2N WM h
RGB color space, a stage of color space convemsamadded, =0 y=0
as the standard MPEG-7 recommends to use the YCblOr
space for the CLD. Where
64 (8 x 8) blocks L fnf =
Input picture  ———m] Partitioning : ] ‘I.L(E) _{ 'FE nﬂ]ﬁprwip
\d
Hogkonsntatim sl a. Theinputimage is N by M;
selection b. f1(i,j) is the intensity of the pixel in row i ar@blumn j;
c. F(u,v)isthe DCT coefficient in row k1 and colnrk2
Tiny magericon o of the DCT matrix.
— —— 1. A zigzag scanning is performed with these three sé64
cLo - waighiing < DCT DCT coefficients which groups the low frequency
coefficients of the 8x8 matrix. Finally, these thrset of
Coefficients matrices correspond to the CLD of the input image.
Figure 2: Color Layout Descriptor Tl a5 51 7
The CLD descriptor was obtained through the folloyvsteps: o Lo lsi ol as L las | s
1. The image is loaded and the width and height ofirtrege
are obtained, from which the block width and bldaight el |a|n|a|al |1
of the CLD were calculated by dividing by 8. The division
was done using truncation, so that if the imageedisions BB | B B

were not divisible by 8, the outermost pixels am n
considered in the descriptor. In the image partitig
stage, the input picture (on RGB color space) isded o 42| 43| s | a5 | a6 |47 |48
into 64 blocks to guarantee the invariance to tdgwoi or
scale. 49|50 |51 |52 |8 |58 |86
2. The image partitioning stage, a single represesmtatolor
is selected from each block by the use of the @eeod the
pixel colors in a block as the corresponding regméstive
color, which results in a tiny image icon of size8 Figure 3: ZigZag Co-Efficients

33|34 (353 (37 (38 (39|40

97 [ 58 [ 39| 60 |61 | 62 |63 (64 ]
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B. To Calculate Distances Between Two I mages:

D= |5y (OF - DK + /Ty (DCh; - DCB;)? +/T;w,; (DCr = DCr/)

Where:

a. “i” represents the zigzag-scanning order of the

coefficients.

b. DY, DCb, DCr represent input image and DY’, DCr’,
DCb’ represent another image.

3. EDGE HISTOGRAM DESCRIPTOR

Edge in the image is considered an important featurepresent
the content of the image. Human eyes are knowreteeisitive
to edge features for image perception. In MPEGhérd is a
descriptor for edge distribution in the image [This edge
histogram descriptor proposed for MPEG-7 consisiy @f
local edge distribution in the image.

A. Partition of Image Space

To localize edge distribution to a certain areahef image, we
divide the image space into 4x4 sub-images. Tramedich sub-
image, we generate an edge histogram to represdge e
distribution in the sub-image. To define differealge types, the
sub-image is further divided into small square kiocalled
image-blocks. Regardless of the image size, waldithe sub-
image into a fixed number of image-blocks i.e., $iee of the
image-block is proportional to the size of origiivaage to deal
with the images with different resolutions. Equatidl) and (2)
show how to decide the size of the image-block dogiven
image with image_width*image_height. The size ofage-
block is assumed to be a multiple of 2. If it is aomultiple of 2,
we can simply ignore some outmost pixels so thatithage-
block becomes a multiple of 2.

Each sub-image is
dividedintoa I?):d Each inage block is then partitioned into
number of blocks. 2x2 block of pixels. The edge detector

operators are then applied to these 2x2
blocks, treating each block as a pixel and

original image the average intensity as the
divided into 16 cotresponding block intensity value.
subimages.

Figure 4: Partition of Image Space
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B. Edge Types

Five edge types are defined in the edge histograscriptor.
They are four directional edges and a non-direetiedge. Four
directional edges include vertical, horizontal,d&gree, and 135
degree diagonal edges. These directional edgesxracted
from the image-blocks. If the image-block conta@msarbitrary
edge without any directionality, then it is classif as a non-
directional edge.

a) vertical edge b) horizontal edge

c) 45-degree edge d) 135-degree edge  e) non-directional edge

Figure5: Five types of Edges

1 -1 1 1
1 -1 -1 -1
a) ver_edge filten]) ©) hor_edge_filter()
o N
12 0 0 12 2 -2
l'— —
0 |42 42 | o 2| 2

) dizds_edge_filten) d) dial35_edge filter]) o) nond_edge_filter()

Figure 6: Filters for Edge Detection

Edge feature is extracted from the image-blocketHére image-
block is further divided into four sub-blocks. Thethe
luminance mean values for the four sub-blocks aes dor the
edge detection. More specifically, mean valuesheffour sub-
blocks are obtained, and they are convolved witherfi
coefficients to obtain edge magnitudes. For the(k#0,1,2,3)
sub-block of the (i, j)th image block, we can cddte the
average gray level .

~ block_size 5

block_size 0 1

image-block |:> |
2 3

Figure 7: Image Sub-Block
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By using equations (3) - (7), we can obtain dimudl edge
strengths.

3
ver _edge stg(i.j)= ‘A} (i j)xver_edge_ﬁ!rer(k)‘ 3

k=0

hor _edge _stg(i. )= | 4,(.J)X hor'_edge_ﬁlrer(k)| )
K

3
=0

dia45 _edge stg(i,j) = ) |A?(i,j)xdia45_edge_ﬁirer'(k)| ®)
=0

dial35 _edge sig(i,j)= ) |A?(i,j)xdz'a135 _edge_ﬁfxer(k)|
k=0

3 -
nond _edge stg(i. j) = |Ak(r'.j)x nond_edge_ﬁi’rer(k}| ™
k=0

If the maximum value among five edge strengthsinbthfrom
equations (3) to (7) is greater than a thresholie@fe) , then
the image-block is considered to have the corredipgredge in
it. For our experiments, we set the total numbemafge-blocks
at 1100 and the threshold for edge detection (Téedgll.

C. Semantics of Local Edge Histogram

After the edge extraction from image-blocks, werntdhe total
number of edges for each edge type in each subeinBigce
there are five different edges, we can define fiilgtogram bins
for each sub-image. Then, since there are 4x4=bésages,
we have total 16x5=80 bins for the edge histograrhe
semantics of the bins are defined as in Table Bs&B0 bin
values are non-linearly quantized and fixed lerggiied with 3
bits/bin as suggested by Won.[7].

Table 1. Bin semantics

HistogramBins | Semantics

BinCount[0] Vertical Edge of sub-image at (0,0)

BinCount[1] Horizontal Edge of sub-image at (0,0)

BinCount[2] 45 degree Edge of sub-image at (0,0)

BinCount[3] 135 degree Edge of sub-image at (0}0)

BinCount[4] Non-Directional Edge of sub-image |at
(0,0)

BinCount[75] Horizontal Edge of sub-image at (3,3)

BinCount[76] 45 degree Edge of sub-image at (3,3)

BinCount[77] 135 degree Edge of sub-image at (3,3)

BinCount[78] Non-Directional Edge of sub-image|at
3,3

BinCount[79] (Veriical Edge of sub-image at (3,3)

The 80 bins of the local edge histogram in Tablg.€., Bin-
Counts]i], i=0,...79) are the only normative semastfor the
EHD. For the similarity matching, we calculate tHistance
D(A,B) of two image histograms A and B using thddaing
measure:

Y
D(4.B) =Y | Local_A[i]- Local _B[4] |
i=0

Where Local_A[i] represents the reconstructed vadfieBin-
Count[i] of image A and Local_B]i] is the reconstted value of
BinCount][i] of image B.

4. COMBINING CLD AND EHD

Relevance between two images is measured as anabs{8]
between the two images in multiple feature spae<olor and
texture.

QuerySet »{MPEG-7 Descriptors ] Weights for different
" |Diescriptors {w, w2, ..., wn}
Distances between DB
o " images and query sef
atabase
o » MPEGHT Descriptors [—{  On diferent Desegtors
‘ ,

Combined distance for each of
thedatabaseimages

¥

Final Ranks

Figure 8. Retrieval procedure

Let f1 and f2 be visual features to describe theges and

feature and w = (wl,w2) represents the weights[P]the

features, where Fi=1 wi =1 and Ir is the imagebe

compared.

1. Calculate the distances betweeand g, i = 1, 2, ..., n with
respect to featurg fj=1, 2, ... | F

2. Combine distances with respect to individual fesgur
according to their importance,;w to form the overall
distance dbetweenland Q.
dr= 0w *d/ where ,j=1,2,...,F

In retrieval, images in the dataset, Ir, r = 1, Rl.are ranked
according to their distances, dr, to the query@and the top K
images are output as the retrieval result.

In our experiments we set the weight of EHD diséattc0.5 and
the weight of CLD to 0.5. Then we retrieve using ttombined
distances. This approach allows us to retain trsétige points
of both multiple queries and their features.
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5. EXPERIMENTAL RESULTS

For our experiments we have used datasets gendrgt&ing
Image Search. We have used queries of differentstyiike
apples (rigid object), Paris (ambiguous query) @awhsole
(ambiguous query). Each of the original dataset hasy
images which are filtered out by our image retriezad re-
ranking system.

990

101.857086.jpg 106277Ljg 11412054 jpg 14390152jpg 146.44202jpg

1
For each query an initial dataset created by Bmgde Search @ 0

(top 100) are displayed to user. From this dataset has to =~ 1040%%ie 16 0y B0 1o T

select 3 images which he feels are most relevaritisaqquery ‘ : i

thus capturing his intention. This dataset is threnanked
according to low level visual features like colandatexture.
From this reranked list only top 50 images areldiggd to user.

«

Y

18141484 jog 18222273 jpg 18466724 jpg 187922%.jpg 20032507 jpg

ey —m ’
“-ﬁ p 4
' /’
thil}.jpg th(2).jpg th(Z)jpg thi4)jpg th(S).jpg 5

' ° é - I
thi6).jpg th{7).jpg thig).jpg th(@ipg th(10)jpg A Q [
g ». (—v—\
v S

2113153jpg 2122383jpg 123167jpg 21348962jpg 21383783 jpg

202.86792,jpg 204.79512pg 207.82617,jpg 20791907 jpg 210.73586.jpg

H o0
E\
@@ e

thil1)jpg th(12).jpg thil3).jpg th(13)jpg
' g Figure 10: Apple_Reranked
7
th{16).jpg thil7).jpg thil8).jpg th(l9).jpg th(20).jpg
s
-~ =
-th(llldpg th(22).jpg thi23).jpg th(24).jpg thi25)jpg

Figure 9: Apple_Original

As we can the images numbered 13, 14,17,18,19,22 2%¢
pushed below top 25 when images 1, 2, 3 are gisauary set.

(22)jpg (23)jpg (24)Jpg

Figure 11: Paris_Original
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As we can see in Paris dataset, images 7, 10,18,126, 17, As we can see in Console dataset, where the ioteof user is
18, 19, 22 are pushed below top 25 when 1, 2, 6gisen as a console table, irrelevant images are pushed biepw5 when

query images. 1, 2, 24 are given as query images
r* 1 = E 91.358894.jpg 95.37628.jpg 118.82069.jpg 125.95109.jpg 125624245 jpg
136.85033.pg 15109012, Jpg 188.38106.jpg 198 54405 jpg

" 1 — _.
r
' | ) i i
- - ’;.1 e k 1 it o * 125.748436,jpg 128.99327,jpg 132.21724,jpyg 133.44814,jpg 135.24448 jpg
- L1 o oL b

209.71223.jpg 210.00676.jpg 21272447 jpg 215.15678,jpg 216,65086.jpg D = ’ n

217.94905,jpg 223, 8832]pg 22363147 jpg 22537318.jpg 22764972 jpg

230.09264.jpg 233.71138,jpg

]

13627232 jpg 139.30843 jpg 13947841 jpg 139.49901 jpg 140,3929,jpg

n I 14473341 jpg 14491335 ,pg 149.9811 jpg 149.43346jpg 15010637 jpg
244 24187 jpg 244.32048.jpg f n m l—l -

E 15171263 jpg 1548509 jpg 157,781 jpg 157.06134 jpg 157 85194.jpg

2511275.jpg 258.54248,)pg 260.533.jpg 26047232,jpg 26063968 jpg Figure 14: Console Reranked

|

Figure 12: PariS_Reranked CONCLUSIONS
In our paper, an image retrieval and re-rankindesyshas been
proposed. A single query image can hardly provitiette
information about the image category, and the dsenutiple

% m images as the query can reflect the attributesaajet image

thi0)jpg | thil]jpg | thes thiZlipg thit)jpg category. Hence we have proposed a multiple quesgdimage

. retrieval system which can capture user’s intentf@ar system
= . : uses a set of low-level features called visual diesrs that
.. .q = ® have been defined by MPEG-7. Thus, the implemetdetlis

i o e g B based on a standard, an effort to increase ittty

These visual descriptors have been classified di¥pgnon

— f R
| (=] ' ' features such as color, texture, etc. Then indalidistances for
NG f each feature for each image from query set areuleddd and
th(10)jpg th(lL).jpg th(12).jpg th(13).jpg thild)jpg assigned weights based on their importance. Thihadetakes

advantage of the idea that using a set of descsigeads to

i m o ' some better results than the ones obtained usingsaated
[ I t'-'é-!f.g descriptor. Given two images from which a visuaator has

been obtained, this distance gives us an ideawfdimilar these

th(5)jpg hil6}pg (17} pg th{18)pg e images are according to the extracted feature. sThiese
"~ | dissimilarity measures allow obtaining a quanttresult that
Q U - ﬁ W | q can be used for sorting out the target images tbghyg.
th@0)jpg thi21)jpg th22)jpg th@3)jpg th24)jpg Thus our proposed system helps to improve the Hvera
performance of image search engine by implemerdingsual
Figure 13: Console_Original Reranking based framework which takes into conatiter the
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textual query to generate initial dataset and tieeranks images
based on low level visual features.
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