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Abstract: The previous methods for image search reranking suffer from the unreliability of the assumptions under
which the initial textbased image search result is employed in the reranking process. In our proposed system,
prototypebased rerankingnethod is suggested address this problem in scalable fashion. This typical assumption
that the togimages in the texpased search result are equally relevant is relaxed by linking the relevance of the
images to their initial rank positionshe number ofimages is employed by the initial search result as the prototypes
that serve to visually represent the query and that are subsequently used to constructaviktageFor applying
different Meta rerankers to an image from the initial restiten there-ranking scores are generated, which are then
aggregatedy using a linear model to produce the final relevance score and the new rank position for an image in
there-ranked search result. Itiimproving the performance over the tdsdsed image searemgine.

Key concepts Prototype basedMeta re-ranker, Text based search Image Reanking.

1. Introduction

The existing web image search engines, including
Google, Bingand Yahoo retrieve and rank images
mostly based orthe textual informatiorassociated
with the image in the hosting web pages, such as the
title and the surrounding texXtvhile textbased image
ranking is often effective to search for relevant
images, the precision of the search result is largely
limited by the mismatch betweehet true relevance

of an image and its relevance inferred from the
associatediextual descriptions.

To improve the precision of the telbsed image
search rankingand visual reranking has been
proposed to refine the search result from the-text
based image search engine by incorporating the
information conveyed by the visual modality. Based
on the images in the initial result, visual prototypes
are generated that are visualgpresentig the query.
Each of the prototypes is used to construct a Meta
reranker to produce a reranking score for any other
image from the initial list. Finally, the scores from all

the Meta rerankers are aggregated together using a

linear reranking model to prode the final relevance
score for an image and to define its position in the
reranked results listThe linear reranking model is
learned in a supervised fashion to assign appropriate
weights to different meta reranke&ince the learned
model weights areelated to theinitial text-based
rank position of the corresponding image and not to
the image itself, the thereranking model is query
independent and can be generalized across queries.
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Figure 1. A high-level overview of web image
Searchengine

2. Proposed work
To improve the performance of searching images
visual search reranking is very good option. 4 steps

are needed in oumodule text ranking, Prototype
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generation, and Meta ReRanker andalso Re score of a given image taken from the initial text
Ranking Result based search result.

A T Raxking:

Initial search istext based search. We need image

search engine to submit query from user. In the . .
g query Tot kg Prototype Genration MetaReRater

search engine query is in text format. It is the text

based Image search in which we get the image - E> Relovance Wi
ranking on the bases of text query which we give. Collecion CZD "
A Prototype generati ol Lanig

In prototype generation phase we create a rules for

image reranking on which further images has been t @

reranked. In this we examine the wa$ similarities. .
Re-Ranking

From thetop L image set prototypes are generated

. . S Dataset
using visual similarities. These prototypes are used as Resit <] Imagest

an input to the meta ranker.
A Meta Ranking:

In meta reranking, multiple set prototype technique is
used. This technique is used to compute the ranking 3. Image Reranking Framework

score.The computed reranking score give as an input The proposedprototypebased reranking method

Figure 2: Architecture of Image re-ranking .

to reranking model to estimate ultimate reranking consists of two steps.
score. In reanking module use ofK-means Online:
clustering is beneficial. The Kmeanshandles the In the online part, when a textual query is submitted

ranking problem. Thus the basic idea is for to the image search engine by a user, initial search is

decomposing a rankingnito a set off paiwise performed using any contemporary téetsed search
preferences and then to reduce the rankigning technique. Then, the visual potypes are generated
problem into a paiwiseclassification problem. and for each prototype a meta reranker is constructed.

So, for each of the top N images in the initial search
A Rerankin g Resul t: result, an kdimensional score vector is obtained

In this step we get final rerankétages in prototype comprising the scores from all metarankers when

based ranking. In this paper we proposed a protetype applied to that image. Finally, the score vector is used

based reranking framework, which constructs meta as input to a reranking model, which is already wrn

rerankers corresponding to visual prototypes to offline to estimate the ranking scores in the

reranked image search list.
representing the textual query and learns the weights
of a linear reranking model tmbine the results of

individual meta rerankers and produces the reranking
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Figure 3 Image Reranking Framework
Offli ne:

The offline component is devoted to learning the

reranking model from usdabeled training data.
Since the learned model will be used for reranking
the textbased search results, the training set is
constructed from these results through the following
steps. First, several representative queries sampled
from the query log are selected. Then, using these
queries the top images are retrieved from the- text
based image search engine and downloaded for
processing. Finalljor each querymage pair, people
are invited to label the relevance between them to
form the groundruth. After the training data is
collected, score vector can be computed from the
meta rerankers, as mentioned in the online part, for
each image and theorresponding query. Then the
reranking model is learned and stored in the memory
be t he

submitted queries.

t o used in onl ine

Learning the reranking model:

The linear reranking modekbh learned by estimating

the weights of tB combined scores coming from
different meta rerankers. This problem can be
addressed using a learnitmgrank method, by

regarding this score vector as the rankiagttire of
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an image. Ranking #neansis among the most
popular learning to rank algorithmBhis algorithm is
widely used K-means clustering igo handle a
ranking problem. The basic idea has to decompose a
ranking into a set of pawise preferences and then to
reduce the rankintearning problem into a paivise
classification problem. The has idea was to
decompose a ranking into a set of paise
preferences and then to reduce the rankdagning
problem into a paiwise classification problem.

Standard efficient approacheme to learning K-
means clusteringsuch that a sequential minimal
optimization, it can be directly empled for learning

the Ranking Kmeans Moreover, the fast algorithm,
e.g., the cuttingplane algorithm, can be adopted to
speed up th&aining of a linear Ranking fnheans

The reason is why the learned reranking model
described above can be generalized across queries
beyond those used for the training was that the model
weights are not related to specific images but to their
rank positions in the teiased search result. The
separation of the model weights from spiedifnages

is the key to ensure that there ranking model only
needs to be learned once and then it can be applied
to any arbitrary query.

The existing learning is teerank methods, including

the supervisederanking and querselative classifier,
design he reranking model based on the hand
designed ranking features defined at a higher
abstraction level or on the ordered visual words,

l%sabéctﬁvelyf.\/\/ﬁern cormﬁals’eg @ {héjm' tﬂegprottotgpe useros

based learning to reramkethod learns how likely the
images at each of the ranked position in by-teged
result are to be relevant to the query.

4. Constructing Meta Rerankers

One of the key steps in the Multiple Set Prototype

image reranking method is the construction ofanet
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