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ABSTRACT 

 

ARTICLE INFO 

In this project it gives the information about the web image search via the Multimodal 

Sparse code and voting strategy .The show of Text-based image search which has been 

enhanced by using Image re-ranking. Existing re-ranking algorithms have two main 

problems, first the textual meta-data related with images is often incompatible with 

their actual visual content and the extracted visual features do not correctlyexplain the 

semantic similarities between images. Pseudo-relevance feedback (PRF) is implementing 

many alive re-ranking system .A crucial problem for click-based methods is the,be 

deficient in of click data, so only a little number of web images have really been clicked 

on by users. So our goal is to solve this problem by guessing image clicks. Click 

calculation is effective to improving the performance of significant graph-based image 

re-ranking algorithms is valuable in actual world data.  

 

Keywords: Click, Image re-ranking, manifolds, sparse code. 

 

Article History 

Received :15
th

  April 2016 

Received in revised form : 

17
th

 April 2016 

Accepted : 19
th

 April 2016 

Published online :  

23
rd

 April 2016 

I. INTRODUCTION 

 

Image retrieval has been accepted in most of the major 

search engines, with Google, Yahoo!, Bing, etc. A huge 

number of image search engines mostly employ the 

environment texts about the images and the image names to 

index the images. However, this borders the capability of 

the search engines in retrieving the semantically connected 

images using a given request. Well-recognized image search 

engines, such as Bing, Yahoo and, usually Google use 

textual metadata included in the environment text, titles, 

captions, and URL, to index net images. Although the text 

based image retrieval for many searches is acceptable, the 

correctness and efficiency of the retrieved results could still 

be better significantly. One major problem impacting 

enactment is the disparities between the actual content of 

image and the textual data on the web page. One technique 

used to solve this problem is image re-ranking, in which 

both textual and visual information is united to return 

improved results to the user. The ranking of image based on 

a text based search is considered a sensible standard, 

although with noise. Extracted visual information is then  

 

 

 

used to re-rank connected images to the top of the list. Most 

existing re-ranking approaches use a tool known as pseudo 

relevance feedback (PRF), wherever a amount of the top 

ranked images are assumed to be relevant, and then used to 

build a model for re-ranking. This is in difference to 

relevance feedback, where users openly provide feedback 

by labelling the top results as positive or lower rank images 

as a negative. In the grouping based PRF technique, the top 

ranked images are stared as pseudo-positive and low-ranked 

images related as pseudo-negative. 

 

Problem Statement 

 

Though the performance of text-based image retrieval for 

many searches is good enough the accuracy and 

effectiveness of the retrieved results could still be improved 

expressively. One major problem impacting performance is 

the mismatches between the actual content of image and the 

textual data on the web page. The crisis PRF methods is the 

reliability of the obtained pseudo-positive and pseudo-

negative images is not guaranteed 
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Scope: 

 New results on real-world data sets have 

demonstrated that the proposed method is effective 

in determining click prediction. 

 Additional new results on image re-ranking 

suggest that this method can progress the results 

returned by commercial search engines. 

 

Objective: 

 First, system effectively utilizes search engine 

derived images annotated with clicks, and 

successfully predicts the clicks for new input 

images without clicks. Based on the obtained clicks, 

we re-rank the images, aapproach which could be 

helpful for improving commercial image searching. 

 

 Second, system proposed a novel method 

named multimodal hyper-graph learning based 

sparse coding. This technique uses both early 

fusion and late fusion in multimodal learning. By 

simultaneously learning the sparse codes and the 

weights of dissimilar hyper-graphs, the 

performance of sparse coding performs 

significantly. 

 

 System conduct comprehensive experiments to 

empirically analyze the planned method on real-world web 

image datasets, composed from a commercial search engine. 

Their equivalent clicks are collected from internet users. 

The experimental results verify the effectiveness of the 

proposed method. 

 

II. LITERATURE REVIEW 

 
H. Lee, A. Battle, R. Raina, and A. Y. Ng, Efficient 

sparse coding algorithms, in Proc. Adv. Neural Inf. 

Process. Syst., 2006, pp. 801808. Sparse coding creates  a 

class of algorithms for finding succinct representations of 

stimuli; given only  input data which is not labelled, it 

provides basic functions that capture higher-level features in 

the data. 

 

 T. Joachims, L. Granka, B. Pan, H. Hembrooke, F. 

Radlinski, and G. Gay, Evaluating the accuracy of 

implicit feedback from clicks and query reformulations 

in web search, ACM TOIS, vol. 25, no. 2, pp. 16,2007. In 

this system a comparative detail research addressing the 

reliability of implicit feedback For WWW search engines 

that combines completeproof about the users decision 

Process as derived from eye tracking, with a comparison 

against explicit judgments. Results indicate that users 

clicking decisions are affected by the relevance of the 

results, but that they are inclined by the order in which they 

are presented, and by the overall quality of the result set. 

 

Y. Lv and C. Zhai, Positional relevance model for 

pseudo-relevance feedback, in Proc. Int. Conf. Res. 

Develop. Inf. Retr., 2010, pp. 579586. In this system, study 

how to effectively select word from feedback documents 

that are firm on the query topic based on positions. It 

developtwo methods to estimate PRM based on different 

sampling processes. 

 

L. Duan, W. Li, I. W. Tsang, and D. Xu, Improving web 

image search by bagbased re-ranking, IEEE Trans. 

Image Process., vol. 20, no. 11,pp. 32803290, Nov. 2011. 

In this a bag-based framework for large-scale TBIR is used , 

Given a textual query, relevant images are to be re-ranked 

after the initial text-based search. Instead of directly re-

ranking the relevant images by using traditional image re-

ranking methods, we have partitioned the relevant images 

into clusters. Used each cluster as a bag and images as a 

instance of bag. 

 

III. PROPOSED METHODOLOGY 

 

In this system we used a method named voting strategy and 

sparse code for click prediction, and then used  the predicted 

clicks to re-rank web images. Two strategies of early and 

late fusion of multiple structures are used in this method 

through three main steps.  

 The first step is to create a web image base with 

associated click annotation, composed from a 

search engine. The search engine record clicks for 

each image which are present in the database. This 

indicates that the images with high clicks are 

relevant to the text queries, while other images are 

non-related with zero clicks that are not relevant to 

the query. 

 After creating image base the step is to generate 

sparse code which is used for predicting the clicks. 

This sparse code counts the clicks for each and 

every imageand stored it in the database.After 

storing count for images, if user again fires a query 

for images then there count will be increased. 

 Finally the count of different images and the sparse 

codes are abstracted using this optimization 

strategy. A voting strategy is used to determine 

whetherinput image will be viewedby user or not, 

built on its sparse code.  

  

 

IV. SYSTEM ARCHITECTURE 

Module 1:Log In 

In this module Admin allow user to registered into the 

system and provide user id and password for login. Admin 

registration is also done in this module. 

Module 2:Key Generation 

In this module key is generated using the random function 

which provide the security to our proposed system.This key 

generation module is important for security purpose. 
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Fig:System Architecture 

 

Module 3: Image Prediction 

In this module system make assumptions about the image.It 

predict whether particular user view that image or not. 

 

Module 4: Image Ranking 

In this module images are ranked according to the clicks.For 

this firstly count the ranks for each image.Finally the image 

which has highest click count would marked as high ranked 

image and displayed on top. 

 

V. RESULT 

 

 

 

 

VI. CONCLUSION 

In this system a sparse code technique is used to rank the 

images in the database.It is proved that the image re-ranking 

display only relevant images as image re-ranking is the 

combination of text as well as visual features. Clicks of 

particular images are counted and stored in the 

database.This click count is use then to rank the images and 

using this top ranked relevant images are display to the 

user.A voting strategy is used to assume the click .More 

experimental result on image re-ranking suggest that 

proposed technique improve the result return by another 

search engine. 
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