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Abstract—Traditional Web search engines do not use the
images in the web pages to search relevant documents for a
given query. Instead, they are typically operated by computing
a measure of agreement between the keywords provided by the
user and only the text portion of each web page. This project
describes whether the image content appearing in a Web page
can be used to enhance the semantic description of Web page
and accordingly improve the performance of a keyword-based
search engine. A Web-scalable system is presented in such a
way that exploits a pure text-based search engine that finds an
initial set of candidate documents as per given query. Then, by
using visual information extracted from the images contained
in the pages, the candidate set will be re-ranked. The
computational efficiency of traditional text-based search
engines will be maintained by the resulting system with only a
small additional storage cost that will be needed to
predetermine the visual information.

Keywords—Web Pages, search engines, multimedia search,
,document ranking.

I.  INTRODUCTION
“A picture is worth a 1000 words.” regardless ofsttold
saying, recent Web search engines overlook theemagweb
pages and retrieve documents only by comparingqtiery
keywords with the text in the documéfitsThis text includes
the words that are related to image captions asdkup tags,
but ignores the pixels themselves. This lack ofsaeration
to the visual information contrasts with the cutrstate of the
Web, which over the last 20 years has evolved fram
collection of mostly textual documents to the cotréast-
growing large-scale repository of multimedia wherearly
every page contains several pictures or videos.
Most of the Authors frequently use images in docotsieo
present important information. An image embedded
document is commonly referred to as a figure. Balic
images are created from a screenshot, a photograpiture,
a graphics, a statistical plot, etc. Image seamm$ lhecome
more popular and shows that end-users often sesdateh for
images and figures in documents.
Advanced indexing techniques, information extragti@nd
image processing that integrate image content teih can
allow both keyword-based and image-based documesrias.
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For example, if a user asks for documents with ecifip
description and certain illustrations, documentst tre most
relevant in terms of both textual and image releeacan be
selected. Currently, many of the general-purposarcke
engines index textual information present in mudtitia
documents. Users don't extract, analyze or indexagen
content in such documents. The non-textual infoionat
present in documents is increasing, so it becommgmitant
for search engines to utilize both texts as wellimage
information so that they can better assisting eselsito find
relevant documents.
A. RELATED WORK
In this project a novel web document retrieval apgh is
proposed that uses the content of the pictures ctwlaire
embedded in the Web pages) to boost the accurapuref
text-based search engines. At high-level usersatxpat, for
example, for the query “Ferrari Formula 17, usei§ go for
documents containing images of Ferrari cars thatildvdoe
more relevant than pages with unrelated images.eféve our
expectation is that a web search system that casbihe
textual information with the visual information extted from
the pictures will yield improved accuracy. As theme large
literatures on combining text and image data faagesearch,
only few prior attempts are known to improve Welwoent
search using image content. An example which isesgmted
by the model of Yu et al. [2] who expressed impbvanking
by using simple image measures like size, aspéict, rand
high-level features such as blurriness. In contrasturrent
image recognition system is used to provide ricta am the
picture content. The system of Zhou and Dai [3hi®ther
related approach. This prior system offers the fieoEbeing
fully unsupervised, whereas a text-based imagecke&
created in order to obtain training data to leaxisaal model
irof the query,. However, this unsupervised learnaigthe
visual model that is demonstrated for a given quéery
computationally much more expensive and resultdower
accuracy compared to our system.
B.LITERATURE SURVEY:
Many Internet scale image search methods are #sdeband
are limited by the fact that query keywords candescribe
image content accurately. Content-based imagesvalriuses
visual features to evaluate image similarity. Mawvigual
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features were developed for image search in regeats.

scale independent benchmark for Internet retriéed TREC

Some were global features such as GIST and HOG.eSon2009 Million Query Track (MQQ9) [8]).As mentionetthere is

quantized local features, such as SIFT, into visu@ids, and
represented images as bags-of-visual words (BoSpatial

information was encoded into the BoV model in nplédiways
to preserve the geometry of visual words,.

Work that relates to it falls into a number of cmiges:

retrieval of “multimedia” documents using image ataxt;

automatic textual annotation of images; the contmnaof

image and text features to improve image retriemadt the use

a huge amount of work which attempts to retrieveages
using textual query terms. To summarize the sthtieeoart (in
terms of methodology rather than benchmark resutts}
recent paper of Schroff et al. [9] serves as anqeate
exemplar. This work combines text, metadata andiaVis
features in order to achieve a completely autonrati&ing of
the images pertaining to a given query. Their appidbegins
with Web pages, recovered by text search for treryqurhen

of image features to boost relevance in text docume images in the pages are reranked using text an@dazt

retrieval.

A representative work belonging to the last of éhgsenres, is
the approach of Yu et al. [2], he has collectedature vector
for each image in a document which includes metasiath as
aspect ratio, height and width , as well as looldahthe pixels
to compute “colourfulness”, “blurriness”, a flagdinating

presence/absence of faces, and a graphic/photo Tlagn,

from training data where users rate images by ‘“ingnze”

features, and finally a form of pseudo-relevancedfack
(PRF) [1] is used: a classifier is trained to pecedhigh
rankings, and rerank the image list. This is usafidition to
our system, perhaps improving the training setdiar image
model, but as with any PRF system, the results are
amplification of successes and failures of the kmgerithm,
so preference is given to test the baseline systsitiout
PRF. Among the methods for content-based imageclsear

within a document, they learn an “image importance’using text keywords, the work of Krapac et al. [1i8]

classifier, which is applied to each image in thfecuwment.
They have shown that adding this feature improvekyed
relevance in a document search task. In contratsteio work,
this project builds a query-dependent documentesaprtation
which uses the image content at a semantic leve. System
proposed by Yeh et al. [7] is another example oftimedia
search. However, additional user input was requiretheir
method, in the form of an image accompanying tkedaery.
The approach that most closely relates to our mathe work
of Zhou and Dai [3]. They were the first to showattikontent
extracted from the pictures of Internet pages caruged to
improve Web document search. Their system uses
unsupervised method to discover a visual repregsentaf the
query from the images of Web pages retrieved wtdearch.
The visual model of the query is computed via @mative
technique for density estimation aimed at finding tegion of
the visual feature space that contains the higlmstentration
of image examples associated to the query. Thesmam
examples are then averaged to form a single prutly
representation of the query. Then, an image-base#t of
candidate Web documents is computed by measurirg
distance between the pictures in the page and thgalv
prototype of the query. This image-based rank seduwith a
traditional keyword-based rank to form the finaited list of
documents. In our approach the costly and brittkeupervised
method of this prior system is replaced with thpesuised
earning of a visual classifier by exploiting asniag data the
photos retrieved by a text-based image search engihis
acquires much higher accuracy as compared to thterayof
Zhou and Dai. Furthermore, this approach has moger
runtime compared to the algorithm of this prior wdFinally,
while the image-based system of [3] was tested omlyl5
hand-selected visual queries, results are repanted large-
www.ijaers.com

mentioned since, similarly to our approach, it alsses a
guery-relative representation. However, as alredidgussed
above, using text features to improve image seascla
qualitatively different problem as the one is inlnoed here.
This work may be viewed as part of a more geneardeavor:
using images to help with problems in languagenBat and
Johnson [11] address the problem of word
disambiguation in the context of words in imagetitaqs, and
thus could hope to segment the results for ambigupery
terms. This can be useful in a PRF addendum tcclass of
system. Another sweep of related work is on autemiatage

amnotation. Typically, classifiers are trained &bdl images

with the object classes represented within. The likaifation

of such methods from our point of view is that thenber of
classes is fixed in advance. Even the most amisitmurrent
work looks at only thousands of classes [12]. Haavein the
context of search, there are millions of possihlerges, and
because of the “long tail” it is unsatisfactoryft@us only on
the most common ones. Furthermore, even if 10086sek
were pre-trained, this would add thousands of bytesach

tidocument, while our method enables search of alkipte

classes with less per-document data.

I. PROPOSEDAPPROACH
A novel Internet document search approach is pregpdere.
It requires the user to give only one click on @&myuimage
and documents from a pool retrieved by text-basedch are
re-ranked based on their visual and textual siitigarto the
query image. Believe is made on that users wiltrtte one-
click interaction which has been used by many paptéxt-
based search engines. For example, Google seagheen
requires a user to select a suggested textual qugrgnsion
by one-click to get additional results. The keylpeon to be
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solved in this project is how to capture user itimnfrom this
one-click query image.
A. IMPLEMENTATION:
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The architecture of this system is schematicallysitated in
Fig. 1. Consider, D be the database of Web pagestder to
generate the list of relevant documents for antiouery g, a
reranking strategy is used that combines traditiceat-
retrieval methods with the visual classifier leatier query q:

1) The query g is made input to a text-based semmgme
S operating on D to generate a ranking list r ofdtdidate
pages (Fig. 1a).

2) At the same time, the query q is issued to &liased
image search engine; the top M image results l+uaesl as
positive examples for training a visual classifiecognizing
the query in images(Fig. 1b).

3) The list of pages r is resorted (Fig. 1¢) bysidering
several image features including the classificatesores
generated by evaluating the visual classifier @angittures of
the K candidate pages. The key intuition is thaemhhe
query represents a visual concept, i.e., a contegptcan be
recognized in images rather than text, the leamisdal
classifier can be applied to increase or decrdaseeievancy
of a candidate page in the ranking list dependingvbether
the document contains images exhibiting that Visaacept.
B. THE QUERY-DOCUMENT FEATURES
Next, the choice of query-document features forgeahased
reranking is presented. For clarity only those ezt are
presented that are found to be beneficial in tesfrimproving
the ranking accuracy.

The vector for query-document pair (g,i) comprigés
following features.

* Text features () ‘relevance score’ and ‘ranking position’
of document i in the ranking list r produced by thgt-
based engine S for input query g. The ‘relevanceesc
feature is a numerical value indicating the releyaof

based on textual information. The ‘ranking positien

the position of i in the ranking
list r. By including these two features, the higltaracy of
modern text-based search can be leveraged. Beaawse
reranking function uses the ranking scores and tipasi
generated by S, it can be viewed as an extendeibueof S,
where visual information is exploited in addition the
traditional text features.
e Visual metadata features ()
‘# linked images’ and ‘# valid images’. These #ffites are
used to describe whether the document contains mnaagyes.
This information can be useful to the image-baszdnker as
it reveals whether the page contains a good amwmiuvisual
information. The feature ‘# linked images’ is simpthe
number of images linked in the Web page. A poténtia
problem is that Web pages often include a large barmof
small images corresponding to banners, clipartnscand
graphical separators. These images typically do cooivey
any information about the semantic content of thgep To
remove such images from consideration,
descriptor only from pictures having at least 10%els per
side is extracted. The feature ‘# valid images'egithe total

number of images in the page for which the classeme

descriptor was computed. The ‘# linked images’ &hdalid
images’ jointly inform the image-based rerankervamether
the document is likely to contain advertisement rather
pictures potentially useful to check the semanticeament
between the query and the content of the page.

* Query visualness features().

‘visual classifier accuracy’ and ‘visual concepéduency’.
These entries are features dependent only on taey due.,
they are constant for all documents) and descfibegeneral
ability of the visual classifier learned for queryto recognize
that concept in images. In particular, ‘visual eléer
accuracy’ gives the cross-validation accuracy ef ¢hassifier
trained on the examples retrieved by Bing Imagesjtery g.
A 5-fold cross validation is used to determine tB¢M
hyperparameter and then store the best cross-tialida
accuracy over all hyperparameter values in theufedtisual
classifier accuracy’. While this feature provides with an
estimate of how reliably the classifier recognizeisual
concept g in images, it does not convey how fretiyehis
visual concept is present in pictures of Web pagdss
information is captured by feature ‘visual concépguency’
which is computed as the fraction of times the aislassifier
for query q returns a positive score on the imageghe
database D. The intuition is that the joint analysi the two
query visualness features may provide the reramitr an
indication of the usefulness of employing the vistlassifier
for query g to find relevant pages.

the classeme

Visual content features ()..the visual content features
consist of the ‘histogram of visual scores’ and the

the document i for query q, as estimated by S, lpure *
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‘document relevancy probability’. The ‘histogram of depth so that each individual tree has a high Iliash tree is

visual
scores’ is a five-bin histogram () representing thuntized
distribution of the classification scores (i.ee tBVM outputs)
produced by the visual classifier of
qguery g on the images of document i. The histogiam
unnormalized and thus the sum of histogram valsiegjual to
‘# valid images’. The bin bounds are set to coroespto the
following percentiles of classification scores,mstted from a
large number of
queries: 30, 45, 60 and 80 percent. Thus, the drato gives

optimized to correct the prediction of the trainidgcuments
that are responsible for the current regressioorefmore
details on the learning procedure see [23]). Heie ¢hosen
via brute force search on the cross-validationreifbe GBRT
and the random forest are trained with the codm fi4].

IV. CONCLUSION AND FUTURE SCOPE

In this project, the largely unexplored topic ofwhdo use
images to improve Web document search is investigathis

us the number of images in the document that yields demonstrated by using modern methods and reyiet&ms

classification score exceeding these thresholds.histogram
captures a measure of the semantic compatibilityrden the

for image understanding; it is possible to enrich $emantic
description of a Web page with the content extchétem the

images in i and the query g. The ‘document releyancpictures appearing in it. It shows that this yietdd83 percent

probability’ () is an estimate of the posteriopbpability that
the document i is relevant for query g given thesesbed
classification scores of the images contained enpgéage, i.e.,
p(iis relevant | s. .. ; sn), where s. .. g are the binarized
scores that the SVM for query q produces on thévailid)
images of document i. This probability is computeic
standard application of Bayes’s rule under the rapsion of
conditional independence (also known as the NaiegeB
assumption) [17]. In our case, conditional indeparog
means that the classification scores are indepémgiesn the
relevancy status of the document. In other wordsmag that
P(su | s relevant,9= p(s | 1 is relevant)

and that

P(su | 1 is not relevant, 3= p(. | i is not relevant) for & v.

In conclusion, the ‘document relevancy probabilfgature
provides us directly with an estimate of the reteyaof the
document purely based on the visual content ofrtfages in
the page. Note that, while it may appear that doetiment
relevancy probability’ and the

‘histogram of visual scores’ capture similar infation, they
actually represent the outputs of different clasatfon models
and the inclusion of both these features is fownlet
beneficial to improve the reranking accuracy. Hinaf a
document does not contain any valid image, featamed are
set to zero.

.  RERANKING MODEL

In Gradient Boosted Regression Trees (GBRT). Gradie

Boosted Regression Trees (GBRT) were firstly inticet in

[21] and have been proven to be among the best know

models for document ranking (e.g., the best perfogm
systems in the recent Yahoo Learning to Rank Chgdlg22]
use some form of GBRT). This model also uses avegate

relative improvement in accuracy over a state-efdit text-
based retrieval baseline. All this is achievedhat $mall cost
of a few additional hundred bytes of storage fothepage.

While in this work focus is made on a rerankingtggy, this

framework is sufficiently efficient to support ihe near future
the application of a single joint search model otext and
images in the Web collection.
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