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Abstract
Now a day’s use of internet is increased with a big extent due to this 
large data is uploaded and downloaded by various internet users 
and a quite large-scale of data is processed. Users can create, share 
and comment Medias using social sharing websites like Flickr and 
YouTube so once we have such a huge data to handle on the internet 
we cannot find the right information which we are searching. 
The data generated by user called metadata provides multiple 
things like sharing, organizing multimedia contents and provides 
useful information related to multimedia management. Due to this 
reason we are proposing a “Personalized image search Engine by 
using ontological search and hybrid reranking Algorithms”. By 
using this algorithm we can make our search personalized with a 
specific limit. This system is advantageous over Google because 
Google gives non-personalized information, which is not as per 
user desirable requirements. The basic premise of our system is 
to combine user preferences and query related search into user 
specific topics. This proposed system consists of two parts, first 
part contains hybrid re-ranking algorithm based on ontology about 
images as well as text and second part contains ontological user 
profiles for personalized image search. 
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I. Introduction
The last few years have witnessed enormous growth in digital 
cameras and online high-quality digital images, thus there is an 
increasing need of new techniques to support more effective 
image search. Because the keywords are more intuitive for users 
to specify their image needs, keyword-based image retrieval 
approaches are now becoming more popular than traditional 
content-based image retrieval (CBIR) ones [1]. However, there 
are at least three main obstacles for supporting keyword-based 
image retrieval: (a) Automatic annotation of large sets of images 
with unconstrained contents and capturing conditions is still an 
ongoing research challenge because of the semantic gap [8]. (b) 
For the same keyword-based query, different users may look for 
different types of images with various visual properties and a 
few keywords for query formulation cannot capture the users’ 
personal preferences effectively and efficiently. Thus most existing 
systems tend to return the same set of images to all the users 
(i.e., one size fits all) and users may seriously suffer from the 
problem of information overload [2-3] (c) Users may not be able 
to find the most suitable keywords to formulate their image needs 
precisely or they may not even know what to look for (i.e., I don’t 
know what I am looking for, but I’ll know when I find it) [4-6]. 
In addition, there may have a vocabulary discrepancy between 
the keywords for users to formulate their queries and the text 
terms for image annotation, and such vocabulary discrepancy 
may result in null returns for the mismatching queries. Thus users 
may seriously suffer from both the problem of query formulation 
and the problem of vocabulary discrepancy and null returns. The 
keywords for image annotation may not be able to describe the 
rich details of the visual contents of the images sufficiently, thus 

most existing keyword-based image retrieval systems cannot 
support users to look for some particular images according to 
their visual properties.
Even though the keywords are more intuitive for users to formulate 
their queries (i.e., image needs), a few keywords cannot describe 
the users’ real query intentions effectively and efficiently, thus 
there is an uncertainty between the keywords for query formulation 
and the users’ real query intentions. In addition, the users’ query 
intentions may vary with their timely image observations, and 
such dynamics cannot be characterized precisely by using pre 
learned user profiles. The huge number of online users and the 
uncertainties of the image retrieval environment (i.e., dynamic 
nature of the users’ interests and huge diversity of image semantics) 
also make it extremely difficult to learn the user profiles precisely. 
Therefore, it is very important to develop new algorithms that 
can capture the users’ dynamic query intentions implicitly for 
supporting personalized image recommendation.
It is important to understand that the system alone cannot meet 
the users’ sophisticated image needs effectively, image search 
requires greater interactivity between the users and the systems 
[7]. Thus there is an urgent need to enhance the system’s ability to 
allow users to communicate their image needs more precisely and 
express their time-varying query interests effectively. Visualization 
and interactive image exploration can offer good opportunities 
for allowing users to add their background knowledge, powerful 
pattern recognition capability and inference skills for directing the 
systems to find more relevant images according to their personal 
preferences [4-5].
Such user-system interaction and exploration process can bring the 
system perspective of image collections and the users’ perspective 
of image needs together. Thus the interactive user system interface 
should aid the users in understanding and expressing their image 
needs more precisely. Unfortunately, designing interactive user 
interfaces for the CBIR systems has not received enough attentions 
[7]. From the users’ point of views, such interactive user interfaces 
should be able to allow them to: (a) communicate their image needs 
easily to the system; (b) express their time-varying query interests 
precisely for directing the system to find more relevant images 
according to their personal preferences; (c) explore large amounts 
of returned images interactively according to their inherent visual 
similarity contexts for relevance assessment; and (d) track and 
visualize their access path (query contexts) and recommend the 
most relevant image topics or the most representative images for the 
next search. From the system’s point of view, such interactive user 
interfaces should be able to: (1) disclose a good global overview 
(i.e., a big picture) of large-scale image collections to assist users 
in making better query decisions; (2) visualize large amounts of 
returned images according to their visual similarity contexts to 
assist the users in interactive image exploration and relevance 
assessment; (3) capture the users’ time-varying query intentions 
implicitly and integrate them to find more relevant images 
according to the users’ personal preferences; and (4) provide a 
good environment to integrate users’ background knowledge and 
pattern recognition capacity for bridging the semantic gap in the 
loop of image retrieval.
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II. Related Works
To tackle the first obstacle (e.g., bridge the semantic gap for 
image annotation), automatic image annotation via semantic 
classification has recently received sustantial attentions [4-7]. 
Unfortunately, supporting automatic annotation of  largescale 
image collections with unconstrainted contents and capturing 
conditions is still an ongoing research challenge [1]. Therefore, 
two alternative approaches are widely used for supporting 
keyword-based retrieval of large-scale online image collections: 
(a) Google image search engine by indexing largescale online 
image collections through the text terms that are automatically 
extracted from the associated text documents, image file names 
or URLs; (b) Flickr image search engine by indexing large-scale 
collections of shared images through the taggings that are manually 
provided by numerous online users. These keyword-based image 
search engines have offered many good opportunities for the CBIR 
community while emerging many new challenges.

The two commercial image search engines Google and Flickr 
have achieved significant progress on supporting keyword-
based retrieval of large-scale online image collections by using 
the manual image taggings or the associated text terms, but 
their performance (accuracy, efficiency, and effectiveness) is 
still not acceptable because of the following reasons: (1) The 
file names, URLs, and the associated text terms may not have 
exact correspondence with the semantics of the images, and thus 
the Google image search engine returns large amounts of junk 
images [10-11]. (2) Different users may use various keywords 
with ambiguous word senses to annotate the images and one single 
keyword may have multiple word senses, thus the Flickr image 
search engine may return inconsistent or incomplete results. In 
addition, there may have a vocabulary discrepancy between the 
keywords for users to formulate their queries and the taggings 
for manual image annotations, and such vocabulary discrepancy 
may result in null returns for the mismatching queries. Thus only 
using the manual annotations for image retrieval may be far from 
people’s expectation. (3) The visual contents of the images are 
completely ignored, thus both Google image search engine and 
Flickr image search engine cannot allow users to look for some 
particular images of interest according to their visual properties. 
However, there are some evidence that the visual properties are very 
important for people to search for images [12-18]. Unfortunately, 
the keywords may not be expressive enough for describing the rich 
details of the visual contents of the images sufficiently. Even the 
low-level visual features may not be able to carry the semantis of 
image contents directly [8], they can definitely be used to enhance 
users’ abilities on finding some particular images according to 
their inherent visual similarity contexts(4) A few keywords for 
query formulation may not be able to capture the users’ real query 
intentions effectively, thus users may seriously suffer from the 
problem of information overload.

Some pioneer work has been done by incorporating relevance 
feedback to bridge the semantic gap in the loop of image retrieval 
[42-46]. Unfortunately, most existing relevance feedback 
approaches may bring huge burden on the users and a limited 
number of labeled images may not be representative enough for 
learning an accurate prediction model to categorize large amount 
of unseen images precisely.
To tackle the second obstacle (e.g., the problem of timevarying 
query intentions and information overload), personalized 
information retrieval can be treated as one potential solution and 
there are two well-accepted approaches: content based filtering 
[38-39] and collaborative filtering [35-37]. Unfortunately, both 
of them cannot directly be extended for supporting personalized 
image recommendation because of the huge diversity and the 
time-varying properties of the users’ preferences, and it is very 
hard if not impossible to learn the users’ preferences precisely 
from a few relevance judgments.
The collaborative filtering approach may suffer from the sparseness 
problem when there is a shortage of the users’ ratings of the images, 
and it cannot be used to recommend  new images because of the 
first rating problem. On the other hand, the content-based filtering 
approach cannot be used to achieve serendipitous discovery of 
unexpected images because the profiles may over-specify the users’ 
interests. An accurate text-based description of image contents is 
also required to achieve reliable content-based image filtering. 
Unfortunately, the manual image taggings that are available at 
Flickr may be incomplete for describing the rich details of the 
visual contents of the images accurately, thus they cannot be used to 
support reliable content-based image filtering. On the other hand, 
achieving automatic annotation of large-scale image collections 
with unconstrained contents is still an open issue for the CBIR 
community [1]. The profiles for new users may not be available, 
thus all these existing personalized information recommendation 
algorithms cannot support new users effectively.
The interfaces for most existing CBIR systems are designed for 
users to assess the relevance between the returned images and 
their real query intentions via page-by-page browsing. Such 
page-by-page browsing approach may seriously suffer from the 
following problems: (1) They are not scalable to the sizes of the 
images and many pages are needed for displaying large amounts 
of images returned by the same keyword-based query, thus it 
is very tedious for users to look for some particular images of 
interest through page-by-page browsing. (2) Because the visual 
similarity contexts among the returned images are completely 
ignored for image ranking, the visually similar images may be 
separated into different pages and each page may lead the users 
to new image contents. Such inter page visual disconnection may 
divert the users’ attentions from their current query contexts and 
make it very difficult for the users to compare the diverse visual 
similarities between the returned images. Thus the users cannot 
assess the relevance between the returned images and their real 
query intentions effectively. Rather than displaying the returned 
images page by page, more interactive user interfaces should be 
developed to allow the users to explore large amounts of returned 
images according to their inherent visual similarity contexts, so that 
the users can discover new knowledge from large-scale image
collections via exploratory search [3]. Based on these observations, 
some pioneer works have been done by incorporating visualization 
to support interactive image navigation and exploration [2-8]. 
Rubner et al. [2] and Stan et al.[1] have incorporated feature-
based visual similarity and multi-dimensional scaling (MDS) to 
create a 2D layout of the images, so that users can navigate the 
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images easily according to their feature-based visual similarity. 
Nyuyen and Worring have incorporated isometric mapping to 
exploit the nonlinear similarity structures for image visualization 
[13], and Moghaddam et al. have incorporated PCA to enable 
similarity-based image visualization which focuses on achieving 
low computational cost and fast convergence rate. Recently, Walter 
et al. have incorporated MDS with hyperbolic visualization to 
create the spatial layout of the images based on their pairwise 
feature-based visual dissimilarity . Unfortunately, all these existing 
similarity-based image visualization techniques cannot work on 
large-scale image collections because they may seriously suffer 
from the following problems: (a) they are not scalable to the 
sizes of the images because of the overlapping problem; (b) 
they are not scalable to the diversity of image semantics because 
of the shortage of the effective techniques for semantic image 
summarization; (c) the underlying similarity functions may not 
be able to characterize the diverse visual similarities between the 
images accurately and the visual similarity structures between 
the images could be nonlinear; (d) most existing techniques for 
image projection, such as MDS and PCA, may suffer from low 
convergence rate, stick in local minima or may not be able to 
exploit and preserve the nonlinear visual similarity structures 
between the images precisely.
To tackle the third obstacle (e.g., problem of query formulation 
and problem of vocabulary discrepancy and null returns), Flickr 
has provided a list of the most popular tagging (i.e., tagcloud) for 
assisting users on query formulation. Unfortunately, the contextual 
relationships between the image topics are completely ignored. 
However, such inter-topic contextual relationships, which can 
give a good approximation of the interestingness of the image 
topics (i.e., like Page Rank for characterizing the importance of 
web pages [34]), may play an important role for the users to make 
better query decisions. When the most relevant image topics are 
displayed together according to their association contexts, it is 
easier for the users to come up with more clear query concepts. 
Therefore, it is very attractive to exploit both the image topics of 
interest and their association contexts for supporting personalized 
query recommendation, so that the users can make better query 
decisions and formulate their image needs more precisely.

III. Proposed System
This section gives the information regarding software and hardware 
requirements for the system which we have built. This section 
also gives the operating environment needed for working of this 
software.Development of web and its influence on the people and 
next generation is increasing rapidly. The most common activity 
done on the internet involves the image search. Searching for 
images related to a person accounts for more than five percent 
of the current image searches. Image search is difficult because 
it is hard for users to construct queries that are both sufficiently 
descriptive and sufficiently discriminating to find just the web 
images that are relevant to the user’s search goal.
Our approach exploits the task of searching the image in more 
descriptive manner. The personalize search engine reranks 
the images related to the query fired by the user. A hybrid re-
ranking approach [2] for personalized search system that reranks 
search results based on user ontological profiles and combines 
the information in all images  to provide personalized search 
results. Each concept in ontological user profile is build which 
is associated with three different images: ontology, positive and 
negative images.

Fig. 1 shows the two main phases. First phase is the building 
ontological user profile [3] and second one is the personalized 
search process. Ontological user profile includes collecting user 
browsing behavior, preparing the reference ontology, learning and 
constructing the user profile and finally building the ontological 
user profile. The second phase is the search personalization process 
which involves retrieving search results based on user queries and 
then processing these results with regard to users’ ontological 
profiles in order to provide personalized search results. In this 
phase the hybrid re-ranking algorithm is applied on collected 
data that is positive images, negative images and images from 
reference ontology. Then correct data is retrieved based on original 
search results.

Fig. 1 : Proposed System

A. Overview of the Approach
In this section, we give an overview of all important algorithms 
and components, which are necessary to implement the system. We 
will use the middleware approach to our system. In our proposed 
approach the processing of query consists of steps as follows:

1. Input
The user submits the query related to image he want to search to 
the middleware through the web-based interface.

2. Retrieval of Images
The middleware [5] then checks whether the query provided by the 
user is valid or invalid by the process of filtering. If query is valid 
i.e. the query is for searching a image, then it queries the search 
engine with the same query provided by user. It then retrieves the 
top relevant images from the search engine.

Fig. 2: Retrieval of Images
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B. Reference Ontology 
Many studies have utilized ontology to shown more effective 
personalization systems. In this paper, ontology plays a key role 
in modeling the user profile. Reference ontology provides a clear 
illustration of contents of a particular domain of application. 
Unlike flat representations, a reference ontology provides a richer 
representation of information in that semantic and structural 
relationships are defined explicitly. In this paper, the user profile is 
modeled and user interests are generated from the Open Directory 
Project (ODP) reference ontology. ODP is one of the largest 
manually constructed directories which consist of a hierarchical 
ontology of websites categorized in related topics.
Our current implementation uses the Open Directory Project, 
which is organized into a hierarchy of topics and Web pages that 
belong to these topics. We utilize the Web pages as training data 
for the representation of the concepts in the reference ontology. 
The textual information that can get extracted from Web pages 
explains the semantics of the concepts and is learned as we build 
a term vector representation for the concepts. 3. Ontological user 
profile: For constructing ontological user profile following parts 
needs to be considered: 1. User behavior: In user behavior some 
information about the user and interest of the user is collected. 
User information collected by implicitly and explicitly. Most of 
the time user information is collecting implicitly. Information 
is nothing but spending time on that page and visited pages. 
And store this information in file. 2. Constructing ontological 
profile: Ontological user profile is created by three documents. 
Ontology documents which contains information which is same 
as reference ontology. Next document is positive document 
contains information which is obtained by interesting visited 
pages of user. And third document is negative document contains 
information which obtain by uninteresting visited pages of user. 
III. ALGORITHM IMPLEMENTATION A) User Interest Model: 
1) Description of a User Interest Model: User interest model is 
the formalized description of the user’s interest information. It 
is calculated as follows: Interesti = { (k1,w1),……,(kn, wn)} 
where, Interesti represents the interest model of user Ui., Ki is 
the i-th keyword which can be both extracted from the user’s 
logs, queries and typed in by the user in advance and Wj is the 
weight of keyword Ki.

C. Collaborative Filtering Model
Assume U is the set of all the users. For each  ui Є U,Ri is the set 
of the resources(search results)that ui had clicked,

So we obtained the matrix as shown in following fig. 

Fig. 3: Recommendation Matrix of Users to Items

In the matrix, ui ЄR Where Mij is the recommendation value of 
user ui to item rj. In this paper we take the count of clicks as the 

recommendation value [4]. If user Ui has never clicked item rj, 
Mij will be set as 0.And then similarities of two users is calculated 
using cosine similarity.
For each user ui, we compute set of its nearest neighbors as Ci. 
then we record the value Rij the i-th row and j-th column of matrix 
Mout.

When user u sends a search query,we first get the search results 
and for each results we check the corresponding recommendation 
value in the matrix Mout. If rj is not in matrix Mout then its 
recommendation value wiil be set as 0.

Personolization and Re-Ranking
Here we combine two models user interest and collaborating 
filtering model. Here the result is known as score and calculated 
as follows:
Scoreij= α * Iij+(1- α)*Rij
Where is the value of user logs in period T. Then finally we 
arrange the score in decreasing order of scoreij and obtain the 
final results.

IV. Conclusion
In our web based days, the internet is the most important source of 
information. Search engines, try to provide the solution to user’s 
problem,by  providing them opportunity to specify a query and 
get the images that satisfy more of their parameters.  However, it 
is most complicated for the user to select the image that returned 
them among the results. We have introduced a personalized image 
search system that helps user to find images based on individual 
preferences. Our system also shows that, while it is possible to 
improve the efficiency of search using ontology method discussed 
above. In the future, the performance of engine may be improved 
by conducting large scale experiments

References  
[1] M.S. Lew, N. Sebe, C. Djeraba, R. Jain,“Content-based 

multimedia information retrieval: State of the art and 
challenges”, ACM Trans. On Multimedia Computing and 
Applications, Vol. 2, No.1, pp. 1-19, 2006. 

[2] N. Sebe, Q. Tian,“Personalized multimedia retrieval: the 
new trend?”, ACM Workshop on Multimedia Information 
Retrieval, pp. 299-306, 2007.

[3] G. Marchionini,“Exploratory search: from finding to 
nderstanding”, Commun. of ACM, Vol. 49, No. 4, pp. 41-
46, 2006.

[4] S.-F. Chang, J. R. Smith, M. Beigi, A. B. Benitez,“Visual 
information retrieval from large distributed on-line 
repositories”, Comm. of the ACM, Vol. 40, No. 12, pp. 63-
71, 1997.

[5] S. Santini, A. Gupta, R. Jain,“Emergent semantics through 
interaction in image databases”, IEEE Trans. Knowledge 
and Data Engineering, Vol. 13, No. 3, pp. 337-351, 2001.

[6] J. Vendrig, M. Worring, A.W.M. Smeulders,“Filter image 
browsing: Interactive image retrieval by using database 
overviews”, Multimedia Tools and Applications, Vol. 15, 
pp. 83-103, 2001.

[7] A. Jaimes,“Human factors in automatic image retrieval system 
design and evaluation”, Proc. SPIE, Vol. 6061, 2006.



IJCST Vol. 4, ISSue 3, July - SepT 2013  ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m 388   InternatIonal Journal of Computer SCIenCe and teChnology

[8] J.S. Hare, P.H. Lewis, P.G.B. Enser, C.J. Sandom,“Mind 
the gap: another look at the problem of the semantic gap in 
image retrieval”, Proc. SPIE,

[10] A. B. Benitez, J. R. Smith, S.-F. Chang,“MediaNet: 
A multimedia information network for knowledge 
representation”, Proc. SPIE, Vol. 4210, 2000.

[11] Y. Deng, B.S. Manjunath, C. Kenney, M.S. Moore, H. 
Shin,“An efficient color representation for image retrieval”, 
IEEE Trans. on Image Processing, Vol. 10, pp. 140-147, 
2001.

[12] T. Chang, C.Kou,“Texture analysis and classification with 
treestructured wavelet transform”, IEEE Trans. on Image 
Processing, Vol. 2, 1993.

[13] D. Lowe,“Distinctive image features from scale invariant 
keypoints”, Intl Journal of Computer Vision, Vol. 60, pp. 
91-110, 2004.

[14] J. Fan, Y. Gao, H. Luo,“Multi-level annotation of natural 
scenes using dominant image compounds and semantic 
concepts”, ACM Multimedia, 2004.

[15] K. Barnard, D. Forsyth,“Learning the semantics of words 
and pictures”, IEEE ICCV, pp. 408-415, 2001.

[16] A. Vailaya, M. Figueiredo, A.K. Jain, H.J. Zhang, “A Bayesian 
framework for semantic classification of outdoor vacation 
images”, Proc. SPIE, Vol. 3656, 1998.

[17] E. Chang, K. Goh, G. Sychay, G. Wu,“CBSA: Content-based 
annotation for multimodal image retrieval using Bayes point 
machines”, IEEE Trans. CSVT, 2002

[18] Y. Chen, J. Wang, R. Krovetz,“CLUE: cluster-based retrieval 
of images by unsupervised learning”, IEEE Trans. on Image 
Processing, Vol. 14, No. 8, pp. 1187-1201, 2005.

RAJU.BULLA  received his MCA  Post 
graduate   from St.Mary’s Engeneering 
College Chebrolu, Guntur (Dt), in 
2011, the M.Tech. Degree in CSE from 
St.Mary’s Engineering College Chebrolu 
, in 2013. At present, He is engaged in 
“A Novel Approach for Image Search 
from Large Scale Image Collection 
developing process”. 

 
Nagul Meera. Sayyed received the M 
Tech degree from JNTU Kakinada, 
Jawarharlal Nehru Technological 
University Kakinada. Currently he 
is working as an Asst. Professor in 
St.Merry’s Engineering College, 
Chebrolu,Guntur(Dt), Andhra Pradesh. 


