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ABSTRACT: 

    Repetition of images in web is One  

of the best way for improving the results of 

web based image search ,it has been take up 

by current commercial search engines .based 

upon the query keyword ,splash of images 

are retrieved by the use of textual 

information ,by asking the searcher to select 

a query image from the splash, the rest of 

the images are repeated according to their 

visual similarities with the use of query 

image .A main challenge is that the 

similarities of visual features do not well 

coordinate with images semantic meaning 

which render the users search behaviour .On 

the another one, learning  a universal visual 

semantic space to characterize largely 

diverse images from the web is critical and 

inexpert .In this research ,we propose an 

advance modern Web Image  Repetition 

framework, which automatically offline 

learns different visual semantic spaces for 

different query keywords through keyword 

expansions.[2] 

The visual features of images are 

focused into their related visual semantic 

spaces to get semantic signatures .our 

Modern approach significantly rise both 

accuracy and efficiency of image repetition. 

The research performed on two ideal Web 

image datasets establish that the proposed 

learning-to-repetition algorithm outperforms 

the state-of-the-art unsupervised repetition 

methods, which creates the learning-to- 

Repetition methods assuring alternative for 

robust and reliable Web-scale image search. 

 

 

INTRODUCTION: 

Web image search engines usually 

keywords and queries used .In this case they 

occur from ambiguity of query keywords 

.consider the below example ,using “Apple” 

as a query keyword ,the retrieved images 

belong to various categories ,such as “apple 

logo” ,”apple laptop” ,and “apple fruit” .web 

based image repetition has been shown to be 

an best way to rise the image search 

results.[5,4,9].Query word is given by the 

searcher. splash of images will be  displayed 

based upon the query word .images visual 

feature behaviour is pre-computed offline 

one.[1] 
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    Tradational image repetition framework 

 

OUR APPROACH: 

  In existing methods,   To make the 

textual contents in a brief manner, a text 

related keyword expansion one way is 

considered. At present the linguistic-based 

way consider either equivalent or its nearest 

type words from thesaurus, or come up with 

the query keywords words which often re-

occurs .   In current methods basic level 

visual scenario of images considered for 

repetition results which outcomes of it .For 

relating visual attributes of pictures it uses 

Global weighting and adaptive weighting 

approaches. For ex, Popular web image 

search engines have the “Related Search” 

feature for suggesting intimate keywords. 

Despite, along with the same query 

keywords, the anticipated outcome of users 

can be closely varied and could not possibly 

be that exact result they get by these 

methods.[4] 

 For example a keyword (e.g. “sun”), will 

provide much relevant query based results ( 

like “sun tv”, “sun flower”, and “sun music” 

etc..) which are automatically highlighted 

based on both textual and pictorial data. This 

kind of method query provides the reference 

classes for the query based keyword search. 

In order to get resembling data of a 

reference class, the keyword. elaboration 

(e.g. “sun tv”) is used to get the pictures 

from the search engine providers.[8] 

SYSTEM FEATURES MODULE 

1. Tag Information Collection: Text-Based 

picture search had been made. Results are 

provided for the user based on ranking 

according to matching keywords.[2] 

2. Active statistic's selection: For active 

statistic's selection we used SINFO. SINFO 

– Structural Information based sample 

selection strategy. SINFO particularly have 

two things for active sample selection, I. 

Ambiguity & II. Representativeness. 

According to SINFO, the ambiguity of 

picture was verified by the entropy of the 

relevance probability distribution while the 

representativeness was calculated with its 

the density 

3. Pictorial characteristic localization: To 

localize the picture resemblance of the 

user’s view, it provide a novel Local-Global 

Discriminative (LGD) dimension reduction 

algorithm. LGD would have both the basic 

information having in the tagged image and 

the complete information of the global 

image database occurring at the same phase. 

It is consider three types of images in global 

database labelled relevant, labelled 

irrelevant, and unlabeled. Therefore,  it  

build 3types of patches, which are as 

follows: 
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A) Basic contrasting part for labelled 

relevant pictures has to denote the local 

geometry of its type and the distinction data 

need to separate relevant images from 

irrelevant ones.[5] 

B) Basic patches for tagged irrelevant 

images need to consider the distinction 

information to split the irrelevant images 

from relevant ones 

C) Global contrasting part for both labelled 

and unlabeled pictures for transferring the 

two basic geometry and the distinct data 

from all tagged images to the unlabeled ones 

For opportune, we used superscript “+ ” to 

represent the labelled relevant pictures and “ 

- ” to represent the labelled irrelevant 

images. If there was not even a superscript, 

it denotes to an arbitrary picture which may 

be considered as relevant, labelled irrelevant 

or un-tagged. 

D. Repetition implementation: Consider the 

quality of the proposed active repetition 

process, we apply the SInfo active sample 

selection strategy and the LGD dimension 

reduction algorithm for repetition. In this 

journal, we bring the Bayesian repetition as 

the basic repetition algorithm for 

representation .While applying the Bayesian 

repetition for active repetition, changes will 

be made to component is the new enhanced 

information. The final repetition result is 

obtained by sorting the images according to 

in a descending manner 

KEYWORD EXPANSION 

An intuitive way of finding keyword 

expansions couldbe first clustering images 

with visual/textual features and then finding 

the most frequent word in each cluster as the 

keyword expansion. It does not adopt this 

approach for two reasons. semantic 

signature images are comes under the same 

category  (e.g., “Sun Tv”) has some 

advanced virtual diversity(e.g., due to 

variations of viewpoints and colors of 

laptops). Therefore, one keyword expansion 

falls into several image segments. Similarly, 

one image segments that may have several 

keyword expansions with higher frequency, 

because some techniques have flap on 

images due to virtual similarity. For 

examples, an 

a). In our experiments, Hundreds of  query 

keywords are considered. But keyword 

expansions, which define reference classes, 

are from a very large dictionary used by the 

web search engine. They could be any words 

beyond the hundred ones. Different query 

keywords are processed  individually. If 

large query keywords are considered, the 

dimensions of semantic signatures of each 

query keyword will not increase. 

b). Computational power of such a scale or 

even larger is used by industry. I have 

consider one research paper [21] ,they were 

used 1000 CPUs to process images offline. 

c). The words are extracted from filenames, 

ALT tags and surrounding text of images, 

after being stemmed and removing stop 

words.Since the one-to-one mapping 

between clusters and keyword expansions 

do not exist, a post processing step similar to 

our approach is needed to compute the 

scores of keywords selected from multiple 

clusters and fuse them. The multimodal and 

overlapping distributions of concepts can be 

well handled by our approach. Secondly, 
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clustering web images with visual and 

textual features is not an easy task especially 

with the existence of many outliers. Bad 

clustering result greatly affects later steps. 

Since we only need keyword expansions, 

clustering is avoided in our approach. For 

each image I, our approach only considers 

its D nearest neighbors and is robust to 

outliers.[3] 

KEYWORD-SPECIFIC VERSUS 

UNIVERSAL SEMANTIC SPACES 

A universal set of reference classes or 

concepts were used to map visual features to 

a semantic space for object recognition or 

image retrieval on closed databases. It  

evaluate whether it is applicable to web-

based image re-ranking. It randomly select 

M reference classes from the whole set of 

reference classes of all the 120 query 

keywords in data set I. The M selected 

reference classes are used to train a 

universal semantic space in a way similar to 

Section . Multiple semantic signatures are 

obtained from different types of features 

separately. This universal semantic space is 

applied to data set III. The averaged top m 

precisions are shown in When the universal 

semantic space chooses the same number  of 

reference classes as our query-specific 

semantic spaces, its precisions are no better 

than visual features. Its precisions increase 

when a larger number of reference classes 

are selected. However, the gain increases 

very slowly when M is larger than 80. Its 

best precisions (when M ¼ 160) are much 

lower than QSVSS Multiple and 

RmCategoryRef,[4] even though the length 

of its semantic signatures is five times 

larger. 

 

INTEGRATING TEXTUAL FEATURES 

The cross-entropy between the word 

histograms of two images is used to 

compute the similarity. It shows that 

incorporating textual features into the 

computation of semantic signatures 

significantly improves the performance. 

Moreover, the weights of combining visual 

semantic signatures and textual semantic 

signatures can be 

automatically decided. 

 

 INTEGRATING SEMANTIC 

CORRELATIONS 

As discussed in Section 5.3, we can further 

incorporate semantic correlations between 

reference classes when computing image 

similarities. For each type of semantic 

signatures obtained above, i.e., QSVSS 

Single, QSVSS Multiple, and QSTVSS 

Multiple, we compute the image similarity 

with  name the corresponding results as 

QSVSS Single Corr, QSVSS Multiple Corr, 

and QSTVSS Multiple Corr respectively. It 

shows the re-ranking precisions for all types 

of semantic signatures on the three data sets. 

Notably, QSVSS Single Corr achieves 

around 10 percent relative improvement 

compared with QSVSS Single, reaching the 

performance of QSVSS Multiple despite its 

signature is six times shorter.[6] 

 

REPETITION  WITHOUT QUERY 

IMAGES 

Query-specific semantic signature can also 

be applied to image repletion without 

selecting query images.[7] This application 

also requires the user to input a query 

keyword. But it assumes that images 

returned by initial text-only search have a 

dominant topic and images belonging to that 

topic should have higher ranks. A lot of 

related works are 

discussed in the third paragraph in Section 2. 

Existing approaches typically address two 

issues: (1) how to compute 

the similarities between images and reduce 

the semantic gap; and (2) how to find the 

dominant topic with ranking[2] 
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algorithms based on the similarities. Our 

query-specific semantic signature is 

effective in this application since it 

can improve the similarity measurement of 

images. In this experiment QSVSS Multiple 

is used to compute similarities. It compare 

with the state-of-the-art methods on the 

public MSRA-MM V1.0 data set. This data 

set includes 68 diverse yet representative 

queries collected from the query log of Bing, 

and contains 60; 257 images. Each image 

was manually labeled into three relevance 

levels and the Normalized 

Discounted Cumulated Gain (NDCG) is 

used as the standard evaluation metric 

 

CONCLUSION AND FUTURE WORK 

It propose a novel framework, which learns 

query-specific semantic spaces to 

significantly improve the effectiveness and 

efficiency of online image repetition. The 

visual features of images are projected into 

their related semantic spaces automatically 

learned through keyword expansions offline. 

The extracted semantic signatures can be 70 

times shorter than the original visual 

features, while achieve 25-40 percent 

relative improvement on reranking 

precisions over state-of-the-art methods. In 

the future work, our framework can be 

improved along several directions. Finding 

the keyword expansions used to define 

reference classes can incorporate other 

metadata and log data besides the textual 

and visual features. For example, the co-

occurrence information of keywords in user 

queries is useful and can be obtained in log 

data. In order to update the reference classes 

over time in an efficient way, how to adopt 

incremental learning  under our framework 

needs to be further investigated.[9] Although 

the semantic signatures are already small, it 

is possible to make them more compact and 

to further enhance their matching efficiency 

using other technologies such as hashing.[6] 
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