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Abstract 

With the development of Web 2.0 and the launch of Web Sites like Flick" sharing 

and collaboralivefy annotating images(tagging in Folksonomies) with keywords, 

called tags, are becoming very popular. Although tagging simplifies resource 

browsing and retrieval , it suffers from several issues. Among the issues are re­
dundancy and ambiguity. Sometimes a tag which is a very important element will 

be missed, if the user uploads image without tag. This thesis proposed a hybr id 

image annotation technique which consists of both user assisted(semi-automatic) 

and automatic image annotation strategies. The study mainly focuses on the prob­

lem of (1) resolving tag word-sense ambiguity(tag-word disambiguation) within a 

typical semi-automatic tagging procedure, and (2) Recommending tags of the 

new image automatically, if it is uploaded without tags using tags of previously 

uploaded similar images based on the result of tags (or words) co-occurrence 

analysis. 

Both should rely on effective word-to-context relatedness metrics. Among the 

most effective relatedness metrics are those defined on the basis of a feature 

vector representation of the words. In the study comparison of different word­

to-context relatedness melrics in terms of effectiveness within finding tags (or 

words) relatedness process is done. Based on the results of the comparison, 

we propose to use a metrics derived from a Maximum Likelihood estimator of 

the Jensen-Shannon Divergence among feature-count histograms and we show 

that such a metrics performs(in terms of quality of the output) better than both 

the Jensen-Shannon and the Symmetrized Kullback-Leibler divergence between 

histograms. The relative gain in quality within the task of unsupervised cue-word 
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discovery and tags co-occurrence analysis by using a synthetic language corpus 

has been studied. 

In tags relatedness analysis using co-occurrence information, a word is as­

signed to a specific context chosen among the different ones to which it is related. 

Relatedness to a context is often defined based on the co-occurrence of the target 

word with other words (context words) in sentences of a specific corpus. Context 

words play the role of features for the target. The overall disambiguation process 

or tags co-occurrence analysis can be thought as a classification process. A 

problem with this approach is that a large number of possible context words can 

reduce the classification performance, both in terms of computational effort and 

in terms of quality of the outcome. Feature selection can improve the process 

in both regards, by reducing the overall feature space to a manageable size with 

high information content. In this work, in disambiguation or tags co-occurrence 

analysis, a novel approach using a feature selection based on the Shapley Value 

(SV) _ a Coalitional Game Theory related metrics, measuring the importance of 

a component within a coalition is proposed. By including in the feature set only 

the words with highest Shapley Value, tags quality(correctness of tags) and per­

formance improvements are obtained. The problem of the exponential complexity 

in the exact SV computation is avoided by an approximate computation based on 

sampling. The study demonstrates the effectiveness of this method and of the 

sampling approach results , by using both a synthetic language corpus, a corpus 

prepared from Flickr images database(previously annotated images) and a real 

world linguistic corpus from Wikipedia English document dump. 

We showed the extent to which each of the procedures in our approach con­

tributes to the overall performance improvements using standard evaluation met-

rics. 

keywords: Tagging, disambiguation, semantic relatedness, dissimilarity met­

rics, Jensen-Shannon divergence, Flickr, Folksonomy, Feature selection, Shapley 

Value, dimensional reduction. 



Table of contents 

list of figures 

list of tables 

1 Introduction 

1.1 Background of the Research · . . . . . . . . . . . . . . . . . . . . 

1.2 Research Motivation and Statement of the Problem. . . . . . . . . 

1.3 Objectives of the Research ............ . . .... 

1.3.1 General Objective . ... . . . ... . . . ... 

1.3.2 Specific Objectives. · . . . . . . . . . . . . . . . . . . . . 

1.4 Significance of the Research · . . . . . . . . . . . . . . . . . . . . 

1.5 Scope of the Research. . . . . . . . . . . . . . . . . . . . . . 

1.6 Research Methodology .. . ............. . . ... ... 

xiv 

xvi 

1 

1 

9 

11 

11 

11 

12 

13 

13 



Table 01 contents x 

1.6.1 General Research Approaches . . . . . . . . . . . . 15 

1.6.2 Datasets and Evaluation Techniques . ..... . . . . . .. 17 

1.7 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . . .. 17 

2 Literature Review 19 

2.1 Image Retrievals · . . . . . . . . . . . . . . . . . . . . . . . . . 

2.2 Image Annotation . · . . . . . . . . . . . . . . . . . . 

2.2.1 Introduction · ........ . . . . . . . . . . . . . . . . . . 

2.2.2 Image Annotation Techniques . . . . . . . . . . . . . . . . . 

2.3 Dis(similarity) Metrics .' . . . . . . . . . . . . . . . . . . . . . . . 

2.4 Summary of the Chapter . . .. ... . . . . . .... .. .. . . .. 

3 Refated Works 

3.1 Tags Disambiguation in Collaborative tagging .. . . . . .... 

3.2 Tags Relatedness Using Co-occurrence Analysis .. .. . . .... 

3.3 Feature Selection . ...... . · . . . . . . . . . . . . . . . . . . . 

3.3.1 Shapley Value Analysis · . . . . . . . . . . . . . . . . . . . 

3.4 Summary olthe Chapter ...• · . . . . . . . . . . . . . . . . . . . 

19 

22 

22 

24 

41 

44 

46 

46 

49 

54 

57 

58 



Table of contents 

4 Image Annotation in Folksonomies 

4.1 Overview . . · . . . . . . . . . . . . . . . . . . . . . . . . . 

4.2 General Framework . . . . . . . . . 

4.3 Semi-automatic Image Tags Recommendation . . . . . . . . 

4.3. 1 Introduction ........... . · . . . . . . . . . . . . . . 

4.3.2 Tags Disambiguation procedure · ........ .... . . 

xi 

60 

60 

60 

64 

64 

67 

4.3.3 Feature-Words Selection Problem Based on Shapley Value 72 

4.4 Automatic Image Tags Recommendation . ....... . . . 

4.4. 1 Introduction ....... . . . . . . . . . . . . . . . . . . 

4.4.2 Tags Generation Procedure · . ............ . 

4.5 Summary of the Chapter .... . .. . . . .............. 

5 Experimentations 

5.1 Overview .. · . . . . . . . . . . . . . . . . . . . . . . . . . . 

5.2 Experiment Goals · ............. . . . . . . . . . . . . 

5.3 Comparing the Dis(similarity) Metrics . . . . . . . . . . 

5.3.1 The dataset to Compare Dis(similarity Metrics) ...... 

5.3.2 Experiment in Comparing Dis(similarity) Metrics 

81 

81 

81 

86 

88 

88 

88 

89 

89 

91 



Table of contents 

5.4 Shapley Value Based Feature Selection . . . . . . . . . . . . . . . 

5.4.1 The dataset for Feature Selection . . . . . . . . . . . . . . . 

5.4.2 Experiment on Feature Selection 

5.4.3 Evaluation Metrics .. 

........ . ... ... 

.. . . . .. . . 

5.5 Automatic Image Tags generation ........ . 

5.5.1 The dataset and experiment for Generation of Tags Auto -

matical1y . .... . . . . . . .. . .......... . 

xii 

92 

92 

93 

94 

95 

96 

5.5.2 Evaluation Metrics of Generation of Tags Automatically 98 

5.6 Summary of the Chapter. 

6 Discussion of Results 

6.1 Overview .... 

. . . . . . . . . . . . . . . . . . . . . . 

. ....... .......... . 

99 

100 

100 

6.2 Techniques of cue-words discovery for tag -sense disambiguation 101 

6.2.1 Comparing Dis(similarity Metrics) . .. . 

6.2.2 Shapley Value Based Feature Selection . . . . . . . . 

6.3 Automatic Image Tags generation . . . . . . . . . . . . . . . . . . . 

101 

102 

106 

6.4 Summary of findings . . . . . . • . . . . • . . . . . . . . . . • . .. 107 

7 Conclusion and Future Works 
109 



Table of contents xiii 

7.1 Thesis Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109 

7.2 Future Works and directions . . . . . . . . . . . . . . . . . . . . . . 113 

References 115 



List of figures 

1.1 Number 01 photos uploaded to Fl ickr Irom 2004 to 2016 

1.2 Items, tags and users in a folksonomy. · . . . . . . . . . .... 

1.3 Design science research process model · ......... . . . . . 

2.1 Retrieval Types ............ . . · . . . . . . . . . . . . . . 

. . . . . . . . . . . . . . 2.2 General Content-based Image Retrieval. 

2.3 General Text-based Image Retrieval. .. .. . . . ... . .. . 

2.4 Pipeline of image description .... . . . . . . . . . . . . . 

. . . . . . . . . . 4.1 General Framework of the Proposed Approach 

4.2 Flow of actions in the Proposed Approach ... .. .. . .. .. . 

6.1 Synthesis of the performance comparison for the three divergence 

3 

5 

14 

20 

21 

22 

33 

62 

63 

metrics SKL, JSD and AJSD. . . . . . . . . .. . . ... . . . . . 103 



List of figures 

6.2 Synthesis of the performance comparison for the two cases disam­

biguation procedure with feature selection based on the Shapley 

Value(With FS based on Sh value of words) and with feature selec­

tion based on the most frequently occurring words(With FS based 

xv 

on most FOWs). . ...... ........... .. ..... 105 



List of tables 

1.1 Comparison of manual, semi-automatic, and full automatic Image 

Annotation Techniques . . . . . . . . . . . . . . . . . . . . . . . . 7 

5.1 Sample output for the real world linguistic corpus . . . . . . . . .. 94 

5.2 sample Tags Results obtained from Human annotators and Our 

procedure. .. ... . ........................ 97 

6.1 F1 Scores-compares the proposed procedure for tags disambigua-

tion with and without feature selection .' ...... . ...... 104 

6.2 Fl Score Results to evaluate the performance of the procedure for 

Automatic Tags Recommendation . . . . . . . . .. . ... . . 106 



List of Acronyms 

AJSD Adapted Jensen-Shannon Divergence 

API Application Programming Interface 

CBIR Content Based Image Retrieval 

CCA Canonical correlation analysis 

CMRM Cross-Media Relevance Model 

CRM Continuous-space Relevance Model 

EM Expectation Maximization 

FOWs Frequently Occurring Words 

FS Feature Selection 

GPS Global Positioning System 

JSD Jensen-Shannon Divergence 

KLD Kullback-Leibler Divergence 

LDA Latent Dirichlet Allocation 

LS Laplacian Score 

MBRM Multiple Bernoulli Relevance Model 

ML Maximum likelihood 

PCA Principal Component Analysis 

SIFT Scale-Invariant Feature Translation 

Sh Shapley 

SVD Singular Value Decomposition 

TBIR Text Based Image Retrieval 



List of tables xviii 

TPC Probabilistic Topic-Connection 

VLM Visual Language Model 



Chapter 1 Introduction 

1.1 Background of the Research 

With the development of Web 2.0 (evolution from web 1.0 to web 2.0) and the 

launching of web sites for social media( like deLicia.us 1, Flickr2, CiteLike3
, Youtube4

), 

social tagging (or collaborative tagging or social classification, social indexing or 

folksonomy) is becoming more and more popular (Cantador et aI., 2011 ; Dattalo 

et al.. 20tO; Dellschalt and Staab. 2008; Deshmane and Wankhade. 2014; Doer­

fel et aI., 2016; Thielen, 2010; Wang et aI., 2013). 

With these developments, in a way that is easy·to-use, interactive, and partic­

ipatory scenarios, content creation and sharing features have become quite pop­

ular recently in the World Wide Web by highly active involvements of users(Benz 

et aI. , 2008). Users contribute their contents (e.g., bookmarks, pictures, audios, 

videos and the like) by adding their opinions in the form of labels (or by annotat­

ing content). This means that, the Web 2.0 now offers a platform for new means 

of interactions and has shifted more power and influence to users. The way of 

using the Internet is changing in such a way that every Internet user is not only a 

consumer but also a producer (Mousselly-Sergieh et al., 2013; Quintarelli, 2005). 

In social tagging systems, users are organizing, sharing and retrieving digi­

tized resources by enhancing their quality with semantically invaluable informa-

, httpsJ/deUcio.us/ 
2hftpsJ/www.flickr.com 
3hl1psJ/wWW.citeulike.orgl 
4htlps J/www.youlube.com/ 
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lion (or keys) (Cattulo el al., 2006; Fu el aI. , 2010; Gemmell el aI., 2008a; Kim 

et al. . 2010; Noll and Meinel, 2008 ; Subramanya and Uu , 2008). For instance, in 

Delicious-users assign labels to URLs, whereas in Flickr to photos uploaded by 

Ihem or by olhers (Gupla el aI. , 2010 ; Quinlarell i, 2005). 

Flickr, the most popular social tagging system for images (Ivanov et aI. , 2010), 

has facilities which encourage users to supply labets, which are crucial contents 

for the organization and communication of images, in the form of freely chosen 

texts for the images they have been uploading (Gemmell et aI., 2008a; Yan et aI. , 

2007) and the majority of labels in this sites are created by the users who have 

their photos themselves (Mathes, 2004a). These freely chosen texts are called 

tags (Barclay, 2009; Lee et aI. , 2010; Lipczak and Milios, 2010; Milicevic et aI. , 

2010; Weinberger, 2005 ; Yin et at, 2010) and these tags are used to bridge 

the semantic gap, hence they have direct advantage for users for a number of 

purposes such as browsing, retrieving and categorization (Bischoff et al. , 2008). 

semantic gap is defined by (Smeulders et aI. , 2000) as follows: 

the lack of coincidence between the information that one can 

extract from the visual data and the interpretation that the same data 

have for a user in a given situation". 

Because of the facilities provided by the Web, users have been encouraged 

to upload images on the Web for sharing with others. Flickr can be a typical ex­

ample. The trend shows the number of photos uploaded to this site is increasing 

(Figure 1.1 5) . The vast amount of images available on the Web demanded to 

5hltpsJ/WWW.flickr.comiphotoslfrand<miCheV6855169886 
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have a technique which will help users to search relevant images of their interest 

effectively and efficiently, and this can be achieved through annotations, so that 

users can use keyword(s)-based query which tries to match tags or annotations 

on images so that images whose tags or annotations are highly relevant to the 

query are returned (Chen et ai. , 2012; Sigurbj6rnsson and Van Zwol , 2008). 

flickr Millions of public photos uploaded per month - Jan . 2004 to Dec. 2016 
• 

" T 

• 
~ + ! ~ 
• 
• + 

t + 
Ie t- --1- --t- -

2004 200 2006 2007 2008 2009 2010 2011 201 2 2013 2014 2015 2016 

Fig. 1.1 Number of photos uploaded to Flickr Irom 2004 to 2016 

Although the technological developments in recent years are improving in 

bridging the "semantic gap" - the difference between low-level visual features 

and high-level concept semantics (Smeulders et al., 2000; Wang et ai. , 2012). 

by attaching high level tags to images, challenges in this area are still attracting 

researchers from different communities. As a consequence. a vast number of im­

age annotation techniques have been proposed. One such techniques is assign­

ing tags to images, which can increase their semantics- the association between 

low-level visual features and high-level concepts that can be described in words, 
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through a collaborative way on a collaborative tagging systems (or Folksonomies) 

(Lindstaedt et al., 2009 ; Seneviratne and Izquierdo, 2011 ; Smith , 2004) and these 

systems are progressing (Vander Wal , 2007) . 

The terms Folksonomy, a term first coined by Thomas Vander (Vander Wal , 

2007), Tags and Social Tagging are described as follows: 

"An annotation system open for users to apply subject headings is 

caNed "folksonomy", the freely chosen subject headings are called 

''tags ~. The process of indexing by means of folksonomies is named 

"(socia/) tagging"" (Peters and Stock, 2007). 

More generally, Folksonomy is; 

", .. a collaboratively generated, open-ended labeling system that en­

ables Internet users to categorize content such as Web pages, online 

photographs, and Web links. The freely chosen labels, ca{{ed tags, 

help to improve the effectiveness of search engines because content 

is categorized using a familiar, accessible, and shared vocabulary The 

labeling process is ca"ed tagging~ (Curtis et al., 2012). 

In this description there are three things: Users, Items(or Documents) to tag 

and Tags as depicted in Figure 1.2. Most research works are modeling folkson­

omy basically as s set of triplets, user-lag-resource, to mean that a given user 

supplied a particular tag to a certain resource (Mika, 2005; Wu et aI. , 2006). Folk­

sonomy systems relate resources through lags as well as through the users who 

provide tags to the resources. In social tagging, group of people who are anno-
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tating resources with freely selected texts(tags) is presented by the authors in 

(Milicevic et al. , 2010) is shown in the figure 1.2. 

Items 

11 . 

11,18,19 

Tags 
11.12.13 

-,.._ . , 12,13 

18 ,17 

Users 

Fig. 1.2 Items, tags and users in a folksonomy. 

Folksonomy formally described by the authors in (Hotho et al. . 2006b) as a 

Tuple F:= (U, T, R, Y) where U, T, and R are finite sets, whose elements are users, 

tags, resources and Y is a ternary relation between them. where T is the set 

of tags contributed by a set of users U to annotate a set of resources R. Y co­

occurrence of two tags II ;12 E T indicates that they are used by one or more user 

to describe the same resource r E R. 

In Folksonomies, users or social inputs with their added context represent a 

strong substitute for expert annotations (Sawant et aI., 2011 ). Users' collaboration 

in tagging is to provide tags for different purposes-for future retrieval, contribution, 

and personal references. 
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There is an increased interest of using manual image annotation systems for 

organizing and communication purpose of multimedia content (Min et aI. , 2009).This 

interest has been proved from the success of Flickr that users are willing to 

provide the semantic context through manual annotations. One of the reasons 

of using manual annotation is arise from its quality to annotate images (Van 

et aI., 2007). Advantages of manual annotation over automatic annotation is 

presented in Table 1.1. This table is the comparison of manual, automatic and 

semi-automatic image annotation techniques presented by (Tiwari and Kamde, 

2015). 

Flickr website is a widely used site for personal images sharing among users 

mainly based on folksonomies as main technique for the organization of their 

images. Flickr images database is alarmingly increasing in number of images, 

users, and groups. This rapid growth is because of the development of the Internet 

and the ease of accessibility of image capturing digital devices (liu et al., 2007b). 

In Flickr images database, every time new images are added, they have to 

be annotated (or tagged) for future retrieval (lindstaedt et aI., 2009). Users nat­

urally assign tag to some of shared images and leaving others without tags, or 

with incomplete metadata. This inconsistency of metadata/information extremely 

deteriorates search, since images without appropriate tags are much difficult to 

retrieve (Ivanov et al., 2010). 

Tagging in Folksonomy has become a technique for labelling and organizing 

digital contents on the web. Although tagging in these systems is simplifying the 

organization and sharing of these web resources, it faces a number of problems. 

Mathes (Mathes, 2004b) points two main issues of user-supplied tags: ambiguity 



1.1 Background of the Research 7 

Table 1.1 Comparison of manual, semi-automatic, and full automatic Image An­
notation Techniques 

Technique Advantages I Disadvantages I 

Manual Reliable and accuracy in ex- Tedious, requires a lot of time 
tracting semantic information at and efforts, costly, highly sub-

several levels jective.(The perspective of tags 
or textual information given by 
an annotator can be different 
from the perspective of a user. 
A picture can mean different 
things to different people and 
to the same person at different 
times) 

Semi- Better than manual annotation Requires user interfaces refine-

Automatic in terms of efficiency more ac- ments to improve the feedback 

curate than automatic annota- process. It depends on the 

tion (It combines the efficiency user's interaction to some de-

of automatic annotation and the gree 
accuracy of manual annotation 
of images)and useful for dy-
namic databases. 

Automatic Speed (saves time) Less reliable than manual, 

more error- prone, produces 
more general (less detailed) 
annotation as compared to 

manual method. Less accu-

rate than semi- automatic 
annotation 
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and lack of synonym control , which is also known as redundancy (Gemmell et al ., 

2009 ; Rahuma, 2013). 

Tag ambiguity arises when the same tag is used to indicate different meanings. 

Typical examples are word-sense ambiguity (e.g. the word "palm" in different con­

text) , language ambiguity (e.g. "Gift" means poison in German and present in 

English) (for further details refer to (Weinberger et aI., 2008)) and scarcity (or lack 

of specificity). Tag scarcity is when a certain tag is insufficient to give the required 

meaning for latter retrieval. For instance. consider a user is tagging an image by 

the tag "Lalibela" on social tagging system. As we can observe this word is scarce 

to carry enough information, since we can have more images by this tag ( Lalibela 

Ci1y, Lalibela King, Lalibela Church, Lalibela Ho1el, ... ). Bu1 if it is tagged as "Lal­

ibela Church", it will have Ihe required meaning sufficienlly. Hence the need of 

developing a technique which will include additional information when an image is 

tagged by such types of tags accurately and relevantly is of paramount important 

(Rahuma, 2013). In our proposal, when the user provides the tag "Lalibela", set 

of cue-words like "Church", "King", "City", "Hotel" , .. will be recommended so as 

the user can select one which wi ll fit to the context in mind. In our case we call all 

of them tag ambiguities. In this study, we focus on the problem of resolving tag 

ambiguity within a typical semi-automatic tagging procedure. 

Besides, in this tagging, users may not provide tag to the image they are 

uploading because of different reasons-may not know the content or may be in 

hurry to tag a given content. 
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To alleviate these types of problems a hybrid image annotation technique, 

which consists of both user assisted(semi·automatic) and automatic image an­

notation strategies, is proposed in this study. 

1.2 Research Motivation and Statement of the Prob­

lem 

Because of their easiness to organize and retrieve digital content using freely 

chosen texts (or tags), the popularity of social tagging systems in social medias 

like Flickr and Delicious have been boosting (Milicevic et al. , 2010). 

As a consequence of these, social tagging systems are becoming popular 

and allowing users to upload and tag resources. Users with different interest 

and level of understanding can annotate their resource using freely chosen and 

uncontrolled vocabulary of tags. In this context a tag which is a very important 

element for the organization and future retrieval purpose can face the problem 

of ambiguity (Lindstaedt et aI., 2009). Ambiguous in a sense that, the tag which 

has been provided for a given resource may not have same meaning for different 

users or it can be insufficient to carry the required information. For instance the 

tag "bank" is ambiguous, since it has many meanings. One can be a financial 

institution and the other can be side of a river or a sea or an ocean. On the other 

hand a tag wmountain" for a certain mountain may not be sufficient to provide 

enough information for a certain user but if it is "mountain dashen" , it will be 

sufficiently enough, since this is a particular mountain with the name "dashen~ . 
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Moreover in this tagging system, the users may not provide tag to the resource 

they are uploading (Lux et aI. , 2010; Zhang et aI. , 2015). For instance, the user 

might not know the exact tag or name of the resource or they may be in a hurry to 

provide tag for that resource. The general goal of tagging is to improve the quality 

of tags so that the retrieval system using these tags will be able to retrieve images 

(or photos) from large images collections efficiently and effectively. So in line of 

this goal a hybrid image annotation technique is proposed for this type of tagging 

system or Folksonomy. In particular, this research focuses on 1he following issues: 

• Resolving tag ambiguity in a semi-automatic image tagging process(Context­

based tags recommendation) without processing the content of the image. 

Context-based is to mean based on the preceding or following part of a text 

(a word or a tag) to clarify the meaning . 

• Tagging images using co-occurrences of tags of previously annotated im­

ages from Flickr database automatically(Automatic Image's Tags recommen­

dation). 

Based on these issues, this study answers the following research questions: 

1. How can the accuracy of relatedness of tags/words be improved to de­

termine cue-words in tag-sense disambiguation process for user provided 

tag(s) on social tagging systems? 

2. How can co-occurrences of user contributed tags on social tagging system 

(e.g. ; Flickr) be exploited to generate tags of new images which are up­

loaded without tags? 
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3. How can important tagslwords selection can be improved to boost the accu­

racy of finding words/tags relatedness procedure? 

4. How can semantically-enriched content like Wikipedia be exploited or used 

to find tags relatedness? 

1.3 Objectives of the Research 

1.3.1 General Objective 

The general objective of this work is designing an image annotation mechanism, 

by analyzing tags'lkeywords' relatedness based on co-occurrences information, 

in a typical social tagging system(or Folksonomy). 

1.3.2 Specific Objectives 

In order to achieve the general objective, the following specific objectives are 

formulated: 

1. review existing image annotation approaches in order to identify the meth­

ods and techniques used so far in both user assisted and automatic image 

annotations. 

2. designing a framework for image annotation in Folksonomy which incorpo­

rates both Semi-automatic and Automatic Image tags assignments 
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3. develop an algorithm which uses the words relatedness information to re­

solve tags ambiguity and improve tags semantics by exploiting tags related­

ness information based on co-occurrence statistics in a typical semi-automatic 

image tags recommendation procedure. 

4. develop a procedure which uses words ' importance measure toward the 

disambiguation algorithm(this is to reduce dimension and to select best an­

notation words) 

5. generate tags of a new image automatically using previously tagged im­

ages(this is when a user upload an image without tag) 

6. perform experimentation to test the proposed algorithms. 

7. evaluate the performance of the proposed approaches using standard eval­

uation measures(metrics). 

1.4 Significance of the Research 

The primary area of interest in this research is Multimedia Annotation specifically 

Image Annotation. The basic idea is conducting a research on techniques in 

annotating images in Folksonomy. Both text documents and the tags of previously 

annotated images are used. 

The output of the proposed approach of this research can be used by integrat­

ing with the available content based image retrieval techniques in social tagging 

systems. The proposed approach can be a contribution to the industry in resource 

tagging systems. For example, a given social tagging system can integrate the 
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result into its tagging environment so that a user can upload a picture and use the 

annotation option to annotate it; the system can help to facilitate images retrieval 

systems to retrieve images using textual information as search query. 

1.5 Scope of the Research 

This work focuses on social tagging systems (or Folksonomy) to tag images by 

giving focus on important element of this technique: the tags set. It uses the 

available and appropriate content-based image retrieval system to find similar 

images from the Flickr image database to the target image. The work concentrates 

on exploiting words/tags relatedness using co-occurrence statistics to propose 

annotation for the new image which is uploaded with or without initial tag. 

1.6 Research Methodology 

In this section methods and tools used in this research to achieve the aforemen­

tioned specific objectives are presented. 

Generally this research work follows the design science methodology for in­

lormalion technology (Pellers et al. . 2006; Von Alan et al.. 2004) which incorpo· 

rates the artifacts of information systems developments i.e. ; an outcome based 

information technology research methodology, which offers specific guidelines 

for evaluation and iteration within research projects. This research paradigm is 

a problem-solving process and common in information systems (Bichler, 2006; 
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Hevner and Chatterjee, 2010; livari , 2007; March and Smith, 1995) The general 

process of design science methodology is depicted in figure 1.3 as proposed by 

(pelfers et aI., 2006) 
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Fig. 1.3 Design science research process model 

The first step in the design science research process model is problem iden­

tification. We have described the motivation, problem identification and research 

questions in section 1.2 based on the gaps obtained from the background and 

literature review presented in chapter 2. The starting point of the research is re­

view of existing image annotation techniques in general and social tagging( or 

tagging in Folksonomy) in particular. From the review, types and status of simi­

larity(dissimilarity) metrics and the approaches to minimize dimensionality and to 

select best features are explored. 



1.6 Research Methodology 15 

Objective of a solution-is the second phase in the model and we have stated 

the general and specific research objectives in section 1.3 and proposed ap­

proaches to achieve each of the objectives given in section 1.6.1. 

The design and development phase in general is presented in chapter 4 and 

demonstration and evaluation phase of the model are presented in chapter 5. 

The last phase of the process model is communication. This is mainly about 

scholarly and professional publications. Two articles, which have been published 

in the Association for Computing Machinery (ACM) and Institute of Electrical and 

Electronics Engineers (IEEE). are contributed from this research. 

1.6.1 General Research Approaches 

With respect to the individual objectives, the approaches adopted are the follow­

ings : 

1. review existing image annotation approaches in order to identify the meth­

ods and techniques to be used . 

• Investigation of the statistical techniques currently used in semi-automatic 

and automatic annotations, with specific attention to those which can 

be considered context-aware. This is to strengthen the awareness and 

to investigate techniques which will lead to the suggested solutions. 

2. propose the general framework of the annotation process 
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• This is to develop the map 01 the work in general and to demonstrate 

what will be included at each stage of the annotation process 

3. develop a semi-automatic image annotation procedure 

• This is to develop a procedure which assists the user when they pro­

vided a tag for the image they are uploading. 

• The tag would be checked for ambiguity and cue-words would be gener­

ated using tags relatedness information and recommended to the user. 

The user can select the one in their mind and this (the selected one ) 

will be augmented to the original tag (the one which is provided by the 

user) and assigned as final annotation of the the new image 

4. generate tags of a new image automatically using previously tagged images 

(this is when a user uploads an image without tag) 

• The user may not provide tag to the image they are uploading. Thus the 

system will generate tags automatically. 

• In this case, using Content-based image retrieval , similar images to the 

target image are searched and tags of these images are analyzed to 

assign tags for the new image 

A ranking algorithm, to select appropriate annotation words or descriptions 

to untagged image by analyzing tags (or words) relatedness statistics from 

tags of previously tagged images and Wikipedia text Corpus, have been 

used using Shapley Value Analysis 
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5. develop a prototype to implement the proposed algorithms (development 

phase of the suggested approaches) and evaluate the performance of the 

system using standard information retrieval measures. 

1.6.2 Datasets and Evaluation Techniques 

In this research both synthetic and real word datasets are used. The synthetic 

dataset(as controlled vocabulary) is used to check the preciseness of the metrics 

used in the proposed procedure, since real word repositories , despite their size, 

have limits: typically, they are biased towards their scope and fields. Images are 

collected from Flickr database with the associated user contributed tags. To use 

the advantages of semantically-enriched content, text documents from Wikipedia 

are used. Additionally, images which are annotated by professionals(trained per­

sonnel) are used as ground truth. 

The standard image annotation systems evaluation techniques are used to 

assess the performance of our procedures. Most performance measures in these 

systems are Precision, Recall and F1 -scores. 

1. 7 Thesis Structure 

The rest of this thesis is organized as follows: 

Chapter 2 provides the detailed literature on the state-of-the-art of image anno­

tation. Particularly brief description on image retrieval and annotation types, and 
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a detailed review on previous works on manual, semi ·automatic, automatic and 

social tagging techniques are presented. 

Chapter 3 presents the review work on research efforts closely related to our 

study. including word relatedness metrics, unsupervised tag senses disambigua­

tion and feature selection techniques. 

The general framework, tags relatedness statistics calculations, procedures to 

resolve tags ambiguities, to select feature lags/word set and to generate tags 

from previously annotated image are presented in Chapter 4. 

Chapter 5 provides the experimentation process, the results obtained and the 

evaluation which is conducted in order to evaluate the performance 01 the pro­

posed image annotation approach and strategies on how datasets are prepared 

and selected. 

Finally, chapter 6 presents the conclusion of our research, a summary of tasks 

achieved by this research, the scope and limitation of the research, and future 

research areas resulting from this research. 



Chapter 2 Literature Review 

In this chapter literatures on the stale-ol-the-art 01 image annotation in general : 

such as review work on types of image retrieval , manual, semi and fully automatic 

image annotations,and collaborative image tagging are presented. Research 

works on the development of image annotation techniques, usage 01 tags co­

occurrence to improve semantics, and measurements used in each are reviewed 

and presented. Final , Known probability distribution divergences measures are 

discussed. 

2.1 Image Retrievals 

Getting the required data from the web database can be described as retrieval 

and it can be content or text based, indicated in Figure 2.1 by the work in (Jayaswal 

and Shrivastava, 2015). 

In particular, Image retrieval is the process of searching and extracting images 

from a large database of digital images (Kulkarni et aI., 2008) . Even if they have 

evolved separately information retrieval, computer graphics, database manage­

ment and user behavior are interrelated and provide invaluable contribution to the 

research of Image retrieval which is active since the 19705. 

Image retrieval systems can be Content-based-Figure 2.2,or Text-based-Figure 2.3 

presented by (Pal et aI. , 20t3) . or Hybrid based. 
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In Content Based Image Retrieval(CBIR) , the search uses the low level fea­

tures of the image using image processing techniques (Bulo et aI. , 201 1; Do­

brescu el aI. , 2010; Li et aI. , 201 1; Su et aI. , 201 t ; Sumalhi et aI. , 2011 ). De­

tailed surveys are found in (Dana et aI. , 2005; Oharani and Aroquiaraj, 2013 ; 

Rajam and Vall i, 2013; Singhai and Shandilya. 2010; Velmurugan, 2014 ; Yadav 

et ai., 2014). In CBIR, query-by-example-image technique is used. In this tech­

nique,users have to provide the actual image or sketch of the actual image to the 

search engine to retrieve similar images. However, similarities that can be easily 

inferred by humans could be missed, since images and sketches are represented 

with low-level features like colors, shapes and textures. II image is represented 

with these low level features , the high level semantics are' missing due to semantic 

gap (Smeulders el aI., 2000). 
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In Text-based Image Retrieval(TBIR), images are retrieved using textual query 

in the same way as search text documents from the web which is an alterna­

tive technique to querying with exemplar images. In TBIR techn ique, texts which 

are associated to a required image are used to search an image from image 

databases on the web. These texts(or tags) are supplied by professional annota­

tors or users manually, or semi-automatically or automatically. Manual annotation 

is di fficult for large image databases. 

Some techniques combined the two techniques(text-based image retrieval and 

content-based image retrieval) into one to create a hybrid image retrieval tech­

nique (Barrios et al .. 2009). 

CBIR 
System 

Database 

Fig. 2.2 General Content-based Image Retrieval. 
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Fig. 2.3 General Text-based Image Retrieval. 

2.2 Image Annotation 

2.2.1 Introduction 

Labeling the semantic content of image is one of the significant ideas to bridge 

the semantic gap between the user expectation and the low level image features. 

This is to annotate the image for the purpose of simplifying organization and re­

trieval.As indicated in (Yang et aI., 2009), three approaches, namely the content­

based image, the semantic-based, and the keyword-based retrievals are widely 

adopted to retrieve images. 

In the keyword based image retrieval approach, images are annotated manu­

ally so that retrieval can be applied using similar techniques as that of texl docu­

ments (Chang and Hsu, 1992). However, annotating images manually will not be 
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practical or can be tedious work, if the dataset is large in size. Besides, human 

annotations are subjective (Jesus et at , 20t 1; Wenyin et aI. , 2001 ). 

The conlent-based image retrieval approach on the other hand is based on 

the images lOW-level features such as color, textures, and shapes. Images are 

then automatically indexed and retrieved using these leatures. Here the query 

itself is an image that should be provided by the user (Laaksonen et aI. , 2000). 

Since this technique is using images content as a query, it is not often appropriate 

for the general user for retrieval s. Moreover, as mentioned in (Gong et at, 2010) 

content-based image retrieval systems also suller from the problem of semantic 

gaps - a gap between perceptual issues and conceptual Issues (Smeulders et aI. , 

2000 ; Wang el at. , 2012). 

The third approach of image retrieval is using the technique of automatic Im­

age annotation. In this technique, we can retrieve images like text documents us­

ing textual queries. In automatic image annotation technique, the model will learn 

automatica lly semantics concepts to assign meta-data to images in the form of 

captions and once images are annotated with semantic labels, they can be re­

trieved by keyword queries in similar way to that of textual document retrievals 

(Fan el at. , 2010; liu el al. , 2009). 

The main characteristic of automatic image annotation is enabl ing users text­

based search based on image content and benefits from the use of both the text 

based annotation and content-based image retrieval(Zhang et al ., 2012). To apply 

keyword-based image retrieval in large repositories effectively, automatic Image 

annotation is necessary (Yang et aL, 2009). 
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To address Ihe problem 01 aUlomalic image annotations, researchers IntrO­

duced dilferent techniques from which some are aimed to create a probabilistiC 

model lor the purpose 01 representing the correlat ion betweon images and anno­

tation words. Here the word probability is conditioned on tho image reg ions or 

image features, or the joint probability 01 the word and tho image are computed 

to select an annotation word for untagged image based on tags ot previously an­

notated images. These approaches have auracted much atl an iion to model the 

image-word correlation (Gong et aI. , 20 10) : there fore. fower resoarches are done 

to utilize the word-word correlation for image annolat ion and more should be dono 

to exploit the tags (or words) relatedness in image annotation. 

As indicated in (Gemmell 01 aI. , 200Bc) . because of the development 01 

Web2.0 (evolution from Web 1.0 to Web 2.0). there Is a transition ot generating 

conten ts from owners websiles to a more open and social Web where users are 

not only the information consumers but also producers. 

This new age of the Web brought diversity 01 new social application like Flickr 

Photo sharing website. Given the increase in popularity 01 such photo sharing 

websites, there is a recent research focus on Ihe indexing and retrieval 01 such 

content (McParlane et aI., 2014). 

2.2.2 Image Annotation Techniques 

Image annotation is mainly used to organize and manage images database for 

the purpose of future retrieval and sharing, in such a way that annotated images 
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can be searched using keyword-based relrieval and can easily be communicated 

to other users. Whereas, it is tremendously diff icult to retrieve non-annotated 

images from large images databases (Wenyin et aI. , 200 t ) and they may not carry 

some in formation for others in textuallorm. As mentioned above annotation can 

be done in three ways: Manually, automatically and Semi-aulomatically(human­

machine interactive or asslstive tagging). In this section we present previous 

works on these image annotation techniques . 

Manual Image Tagging 

In manual image annotations, user assigns tags to new individual or balch 01 

photos which is a completely human oriented (Aaheja and Gupta, 20 11 ). For 

ins tance, image sharing sites like Flickr, provide for their users the facilities 01 

manual images annotation while uploading their images lor the purpose of orga­

nization , future retrieval and communication (Baraf and Cardenas. 2010). 

In manual annotation, carefully chosen tags for a given image can improve 

the accuracy of image retrieval systems. But the challenging issues of manual 

annotation is that it is tedious, labor intensive and subjective (Jesus et aI. , 20 11; 

Wenyin et aI. , 2001 ). The promising technique to alleviate these problems is us­

ing semi-automatic or fully automatic image annotat ion or using a hybrid of these 

techniques. When we use a hybrid of the semi-automatic and fu lly automatic im­

age annotation, we can incorporate the advantages 01 manual annotation (Zhou 

et aI., 2011 ). These techniques are reviewed below in detail. 
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Automatic Image Tagging 

The purpose of Automatic Image Annotation is to assign Images' textual deSCrIp­

tions in the form of captions without or with limited human intervention (Bernardi 

et a1. , 2016; Zhang et aI., 20 12). They can be model -based and/or search-based 

(Wang el aI., 2012). 

Model -based automatic image annotation is, an approach ,based on the tech­

nique of determining a one-to-one correspondence between the low-level image 

features to some high-level semantic concepts by analyzing previously labeled 

images for train ing set on the objective of building a model which can predict la­

bels of the new image. Whereas in search-based automatic image annotalion. to 

label a new image, similar images are searched and the tags ollhese images Will 

be analyzed and propagated to the new image as annotation tags. Reviews of 

research works (on both model based and search based) techniques In the field 

of automatic image annotation are presented below. 

The work in (Mori et aI., 1999) tried to solve image annotation problem by 

developing a co-occurrence model which is use ful 10 represent the relationship 

between keywords and visual features. In this annotation each image was divided 

into non-overlapping tiles by vector quantization and centroids of clusters are 

obtained, then words are assigned for each centroid by estimating probability for 

each word in each centroid statistically to that part of image. The annotation 

technique was the first attempts in automatic image annotation and initialed the 

research of automatic image annotation. In this model, for a word wand each 

cluster c, a score is calculated as follows: 
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where m .... e is the number of times the word II' co-occurs with a hie Irom cluster 

(', and 
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s(w,x) = - [,P(w/ c, ), 
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where s(w,x ) is the relevance score 01 IV for an unseen image ~ , (', IS the 

nearest cluster of xs tile I and lxl is the number olliles In x. 

A machine translation model, to address the problem 01 image annotation 

which improved the co-occurrence method by the work in (Mori et al., 1999) 

proposed by (Duygulu et aI. , 2002). The model translates image segments (or 

blobs) to annotating words using Expectation Maximization (EM) algorithm. This 

model assumed keywords and visualleatures as dillerentlanguages. In the work 

the process of attaching labels to image regions is analogous to the transla tion 01 

one of representations say image regions (French) to another form say labels (En­

glish) using parallel corpus, a translation from vocabulary of ~blobs~ to vocabulary 

of "labels" or "texts" using linguistic translation machine. The work tried to argue 

region based annotation is more interesting than global based ones, since region 

based annotation provides information on which part of the image is related to 

which label. This work was improved by (Virga and Duygulu, 2005) by compar­

ing multiple statistical machine translation models as well as language modeling 
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techniques to capture both the visual appearance 01 Images and the semantic 

relations between annotations. 

The likelihood function of the work of (Duygulu el al.. 2002) is defined as: 

N M. I .. 

P(lI' f b) = n n L P({/" , = i)t(w w"d b b",). (2.3) 
" I , I , I 

where N is the number of images and M" and L" are the number of words 

and blobs associated with image II , respectively. To translate between the sct 

of blobs comprising an image and annotation estimates translation probabilities 

p(l/"J = i) in image 11 . a particular blob bi is associated wilh a specilic word 11', ' 

that maximize the likelihood on the training set. 

81ei and Jordan (2003) developed a model which can lind conditional rcla-

lionships between latent variable representations 01 sets of image regions and 

sets of words. They used direct co-occurrences between image region and word 

(word-to-image relations) in the process of annotation. They extended the Latent 

Oi richlet Allocation (LDA) Model and proposed a Correlation LDA model which 

relates words and images. 

A model called, coherent language model, proposed by the work in (Jin et al.. 

2004) for automatic image annotation considered word-to-word relatedness (or 

correlation) as important feature in the prediction of words as annotation of a 

given image. In their model, they demonstrated that prediction of annotation 

words is no longer independent from each other. Let us assume two words 11'\ 

and 11 '2 . The estimation of the probability of WI depends on the estimation 01 the 
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probabi lity of 11'2. and vice versa. The use of word· to-word pairwise correlation 

in formation is taken into accounllhrough the Expectation Maximization algorithm 

for finding an optimal language model lor a given image. 

The work in (Jean el aI. , 2003) improved the work 01 (Duygulu c l al.. 2002) 

by assuming that image annotation as cross-language information retrieval prob­

lem and developed a Cross-Media Relevance Model (CMRM). This model lrealod 

words and clustered blobs as differenllexicons. This and other relevance models 

like in (Feng et aI., 2004 ; Lavrenko et al., 2003; Yavlinsky ct al.. 2005) tried to 

modcllhe joint distribution 01 vocabula ry 01 blobs and words. Tha i means mainly 

they have focused on finding word-to-image relationships. They assume that a 

set of blobs is related to a se t of words instead of assuming one-Io-one corre­

spondence between the blobs and words. They proposed a model. Continuous­

space Relevance Model (CAM) wh ich generalized the previous CMAM 10 model 

high dimensional continuous features without clustering and quantization.CRM 

improved by the work in (Feng et al ., 2004). They developed a model called 

Multiple Bernoulli Relevance Model (MBAM) and carried Oul the improvement by 

computing features from segmented image regions. The model is used to com­

pute the joint probability distribution between words and images using a multiple 

Bernoulli model. 

Metzler and Manmatha (2004) proposed an approach, called Inlerface Net­

work , able to link regions and their annotations. A new image can be annotated 

using this approach by propagating beliet through the network to the nodes 01 the 

network which used to represent keywords. 
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The authors in (Jean and Manmatha, 2004) proposed a staUsllcaltochnlquo 

used to predict the probability 01 a label given test data using MaXimum Entropy 

approach, for the firsl time in image annotation, In tho procoss 01 automatic Imago 

annota tion. The image is represented using a languago 01 vistorms (vlsual lorms) 

wh ich are clusters of rectangular regions and similar to terms In languages 

A technique, which used content based Imago rotrieval Is proposod by (LI 

el aI., 2006) for automatic image annotation In such a way that, visually Similar 

images with rich annotations (titles and surrounding teXIS) are searched Irom Ihe 

web and these annotations are analyzed and ranked to annotate tho new Imago. 

The authors in (Hardoon et aI. , 2006) usod similar approaches but appliod Scalo­

Invariant Feature Transform (SIFT) algorithm-an algorithm 10 detc<:t and describe 

local lealures in images (Lowe. 20 13). as features oxtractor. 

A lechnique proposed by Ihe work in (Uu et a!. . 2007a) to solve the problem 

of image annotation involved two types of relations: one is the word -Io-image ro­

lation and the other is the word-to-word relation. Both relallons can be estimated 

by using search techniques on the web data as well as available training dala. 

Besides estimating word -la-image relations the model estimates the joint proba­

bili ty by the expectat ion over words in a pre-defined lexicon to find word-la-word 

rela tions. 

An automatic image annotation tochnique using language model. ca11ed the 

semantic similarity language model. to improvo the performance of the exisllng 

Image annotations in (Duygulu et al. . 2002: Jeon et al .o 2003) by utiliZing proba­

bilistic models is proposed by (Gong el al. . 2010). The model used 10 estlmale 
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the semantic similarity among the annotation words. The authors claImed and 

showed annotations tags that are more semantically coherent will have hIgher 

probability to be chosen in the annotation process. 

Some works used partially annotated images (users supplied tags) to automat­

ically expand tags. (Sevil et aI. , 20 10) proposed tags expansion systems whIch 

can automatically expand tags 01 images using both textual and visual teaturcs 

of previously annotated and related images and the work in (Sigurbj6rnsson and 

Van lwol, 2008) used tag co-occurrence statistics in order to recommend anno­

ta tions for partially tagged photos. Similarly. (Lindstaedt et aI. , 2009) proposed 

Image annotation techniques to propagate user generated lolksonomic annota­

hans to deal with unlimited vocabulary. 

The authors in (lin et aI., 2012b) proposed image auto-annotation model, 

named TagSearcher, to predict tag scores by considering weights 01 visual neigh­

bors, votes lor candidate tags and tag specific trust-estimated with respect to a 

candidate tag using graphical model( tag-related random search optimization al­

gorithm). TagSearcher proposed to use a constrained range of visual neighbors 

for label propagation, and utilizes tag-related random search processes to find 

out the trustworthy part for each candidate tag. 

The annotation process implemented in (Jean et aI., 2003) used a set of anno­

tated images and could learn the joint distribution of the blobs and concepts. The 

blobs are clusters of image regions obtained using the K-means algorithm. USIng 

discrete sequence of blobs identifiers the set 01 blobs of each image from Ihe lesl 
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set represented and the distribution used to generate a set 01 concepts lor a new 

Image. 

Blei and Jordan (2003) presenled Mul1i-Modal Hierarchical Aspect Model and 

Mixture of Multi-Modal Latent Dirichlet Allocation model for automatic image an· 

notation based on Hofmann's hierarchical model for lext and the extension 01 LOA, 

respectively. 

The authors in (Chen et aI., 2010) argued about on the relation 01 each word 

topic and multiple visual topics and said each word topic related to multiple vi­

sual topics, with different connection strength respectively. Based on this as­

sumption, the authors proposed a probabilistic Topic-Connection (PTC) model 

for automatic image annotation. The model was estimated via collapsed Gibbs 

sampling algorithm, wh ile the parameter selection was done by studYing the like­

lihood and perplexity. This model was compared in terms 01 performance with 

the Corr-LOA model under the same automatic image annotation scenario using 

cross-validation and better results are obtained. 

A technique, which derived semantic correlation matrix from Flickr's related 

tags resource to model conditional random field for web image annotation is pro­

posed by (Xu et aI. , 2009). The model integrates keyword correlation derived from 

Flickr. and the textual and visual features of images to boost the performance 01 

the annotation. 

A framework of using language models. called the semantic similarity lan­

guage model, to improve the performance of Machine Translation model and 

Cross Media Relevance Model,is proposed by (Gong et al.. 2010). They added 
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language model to the original image annolalion models, and the overall annota­

tion performance improved as the annotation word bias reduced and the syslem 

is more likely to generate semantically coherenl annotation word set. 

Horiuchi et al. (2013) presented an au tomatic image description which used 

word level features. In their techniques. similar images 01 the query image are 

searched, and phrase level Irequencies and similarity rat ios as the word level 

features are computed. Finally, general nouns and their atlributes(used to form 

the phrase) based on word level features are extracted and ranked to have de­

scriptions of the target image. They presented the general framework lor the 

description as shown in Figure 2.4 by (Horiuchi 01 al.. 2013) 

. ~ . 4t: . 
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Fig. 2.4 Pipeline of image description 

The paper in (Tiwari and Kamde, 2015) proposed a system for automatic Im­

age annotation along with image retrieval. It is designed basically for lagging web 

images and retrieving . In the process of laggIng , the system extracts contextual 
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information from web pages and important keywords from the document are ex­

tracted using text processing. Terms obtained are assigned as lags based on their 

corresponding weights. The authors in this work tried to bridge the semantic gap 

by exploiting web contextual information related to the image. 

Ghosh and 8andyopadhyay (20 13) and Leong.l 81. (20 10) used text mining 

technique fo r automatic image annota tion to assign relevant tags to the new(or 

unseen) image. These techniques are implemented using tile classification logic 

of the text mining algorithm that assigns the given set of keywords or tags to some 

predefined classes. 

An approach proposed by the work in (Kamoi et al .. 2007) improved the accu­

racy of image recognition by considering word-to-word correlation between words 

representing the context and the objects of the image and two semantic levels of 

keywords that give feedback to each olher. The work in (Llorente et al. . 2008) hy­

pothesized more accurate annotations can be produced by introducing additional 

knowledge in the form of statistical co-occurrence of terms which is provided by 

the context of images. According 10 the work in (Gong et al ., 2010) much attention 

is given to model the image-word correlation and tried to address word-to-word 

direct relations. 

The paper presented in (Ke et al.. 2012) proposed a hierarchical image au­

tomatic annotation model by establishing links between images and key words 

(word-to -image relations) and combining the advantages of discriminative mod­

els and generative models. Here word-la-word relations are not well explored. 
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Tho authors in (Feng and Lapala. 2008) tried to show tho POSSlblhty 01 devel· 

oping an annotation model using Imagos embedded in news articles. They tr ied 

to leverage the vast resource 01 images availablo on the Inlornal while explotllng 

tho lact thai many 01 them are labeled with capuons. 

The paper presented in (8arai and Cardonas. 2010) Is mora mlalod 10 our 

study. This paper presented an automatic Imago annotat ion tochniquos callod ,. 

Tag and used both visual and textual information 01 the Imagos and recommends 

relevant lags to an image. It used stale 01 tho art lools on tax i based retrloval 

and content based relrievallo retriove similar Images to tho targot imago. Lastl y. 

IrequenUy occurring lags obtained from proviously annotated Imagos are recom­

mended as tags of the new imago. 

Semi-automatic Image Tagging 

In a semi-automatic image annotation. tho accuracy 01 manual annotation and tho 

ell iciency of automatic image annotation are combined (Raheja and Gupta, 20 11 ). 

Here under, previous works which assume that the target image Is annotated 

part ially in manual and extending the initial annotations with dillerentlechniques 

are presented. In our work, initial tag(s) which are provided by the users. when 

they are uploading their images for the purpose 01 organization and later retrieval 

, would be extended for the purpose of tags enhancemenl(or ennchment). 

A model for tag(s) recommendation, by exploiting tags co·occurrences IS de­

veloped by the authors in (Wu el al., 2009). In their modol. an image wIth set of 

Inlllal tag(s) would have a set of recommended tags which may have a semanucaJ 
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or visual correlation to the images. They used an amalgamation 01 three kinds 

01 correlation analyses(measures) to rank tho tags: tag co-occurrence by adopt­

ing the work in (Sigurbjornsson and Van l wei, 2008). lag visual correia lion using 

the visual language model (VlM) algorilhm((Wu 01 al .. 2007». and Imago condi ­

tioned lag correlation to lind the similarity 011ag5 with respect to tho largol image 

based on tags co-occurrences by using VLM . Tho threo kinds 01 correlations are 

amalgamated using an algorithm introduced by Ihe work In (Freund at a!.. 2003). 

The work in (Thangam and Angel , 201 3) proposed a soml-automallc photo 

annotation scheme which could modulate tho manual allorls and tho tagging per­

formance in a flexible way. In thei r proposed work, foatures arc extracted and 

the patters are framed to compute similarities Irom collections 0 1 photos. Based 

on these similarities exemplars are selected and users will provido tags lor these 

exemplars manually. Based on the tags of these exemplars, the rest 01 photos 

are annotated automatically. 

Socia l Image Tagging 

With the launch of social media sites, social (or collaborativo) tagging is becom­

ing an easy and promising solution lor ordinary users to annotate, organize and 

share digital content on the web (Font et aI., 20 13). Social taggmg IS the task 0 1 

linking user-defined keywords to a multimedia object (Un ct al. . 2012a ; Spyrou 

and Mylonas, 2016). 

Social resources organization and sharing systems allow ordinary users 10 

upload. organize and share thei r resources. These systems(or websltes) enable 
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users to label their resources using freely chosen texiS (or word s) as labels or 

tags and users describe their contents(for instance imago contents) using set of 

these tags (Oian et aI. , 2014). 

There are different types of sharing systems for different purposes. For In­

stance, Flickr ' for organizing and sharing 01 images (or Photos), YouTube2 for the 

sharing 01 videos, del.icio.us3 for the sharing of bookmarks, CitcULike4 for the 

sharing 01 bibliographic references, and Last.fm5 for the sharing 01 music listen· 

Ing habits. 

The working strategies 01 Ihese systems are similar, that is users can have 

an account and using this they can upload resources 10 organize and share (can 

upload resources and tag them for the purpose of organization, luture relrieval 

and communication). Given a user defined lags for the new imago she/he IS up­

loading, some additional image which will increase the semantics of the original 

tags can be predicted using statistical techniques to leverage the lag·to ·lag cor­

relation from semantically rich textual corpus (Zhou et al., 2008) and this process 

is commonly known as collaborative or social image tagging (Zhou et aI., 20 11). 

In the aforementioned social tagging systems, the collection 01 a given user's 

tags assignment is termed as personomy, and collection of all personomies lor a 

given social tagg ing system is called loloksonomy (Hotho et aI. , 2006a; Jaschke 

et al.. 2007), which is an easy to use, developing and iterative system (Gupta 

\ https J/wwwJlickr.com/ 
2https :llwww.youlube.com/ 
3hl1pS J/del .icio.us/ 
~ hnp J/WWW.cilepulike .orgl 
5hltpsJ/www.laSI.fmJ 
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el aI., 2010). Reviews of some works about image annolalion In social , collabora­

tive, or Folksonomy Systems are presented below. 

Luo and lindr-Heywood (2004) presented two tag recommendation algorithms: 

an adaptation of user-based collaborative filtering and a graph-based recom­

mender built on lOP of FolkRank-a ranking algori thm for folksonomies (Hotho 01 aI. , 

2006a), an adaptation of the well -known Page Rank algorithm (Pasquinelli. 2009) 

that can cope with undirected triadic hyper-edges. 

There are three elements in folksonomies: tags. resources and users (Wetzker 

et al .. 20 10) and an algorithm called FolkRank based on the Page Rank algorithm 

for ranking is provided by (Hotho et al.. 2006a). FolkRank gives higher rank to 

the resources which are tagged by important users and important tags. The lests 

were performed on a dense core of folksonomy, thus might be not representative 

of the whole folksonomy in which some sets can be scarce in resources especially 

lags set. 

The personomy reflects the user's vocabulary, preferences. interests and knowl­

edge. The work in (Jaschke et a!., 2007) suggested and evaluated potential 

sources of recommended tags, focusing on folksonomies oriented towards indi· 

vidual users. These suggestions are used to propose a three-step tag recommen­

dation system. Basic tags are extracted from the resource title. In the next step. 

the set 01 potential recommendations ;s extended by related tags proposed by a 

lexicon based on co-occurrences of lags within resource's posts. Finally, tags are 

fi ltered by the user's personomy. 
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A hybrid approach to aulomatic image labeling which combines the low-Iovel 

content and the high-level semantic tags provided by users to exploit advantages 

of both content-based and collaborative techniques is presented by (Zhou et aI., 

2008). The collaborative technique is used to salvo the tag sparsity problem In 

favor 01 better estimation of the tag co-occurrences probabili ties. 

lindstaedt et al. (2009) applied two techniques based on image analysis. The 

first is using controlled vocabulary to classify images and the second is lor the tag 

propagation using user generated folksonomic annotations. The paper used the 

advantages of both visual content and existing folksonomies for automatic image 

annotation techniques. 

Using GPS coordinate to locate landmark images is a common technIque to 

tag image with the tags of similar images in the corpus_ The work in (Abbasi et al., 

2009) proposed a method of identifying landmark images without having GPS co­

ordinates on the image but using tags and social Flickr groups_ The method 

contains two main parts: exploiting tags and social Flickr groups to train a classi­

fier to identify landmark photos and tags and ranking all suggested relevant tags 

by thei r representativeness of a landmark_ 

In tegrating both low level and high level image features is one of the ideas of 

bridging the gap between the user expectation and Ihe low level image features. 

As shown in (Zhou et aI. , 2011 ) a hybrid probabilistic model is used to integrate 

low-level image features and high-level user provided lags (or folksonomies) to 

automatically lag images. For images without any inilial lag, the model predicts 

new lags based on the low-level image features. For images with user provIded 



'-- .. 

2.2 Image Annolation 40 

tags. the suggested model jointly exploits both the image fealures and the tags In 

a unified probabi lity framework to recommend addllionaltags to label the Images. 

The work presented in (Abbasi and Staab. 2008) suggested a Triple Play 

method to improve search in collaborative tagging syslems to genera\e Folk· 

sonomies like Flickr or deLicio.us particularly when there are more lags In the 

search query. They created a vector space model (SmoothVSM Dense or SmoothVSM 

Sparse) considering user-tag rel ationship information available In collaborat ive 

tagging systems and then apply Latent Semantic Analysis for retrieval 01 resources 

from these vector space models. 

Mathes (2004a) on the other hand a text categorization system based on the 

combination hierarchical SOMs encoding architecture and the designed kNN clas­

sifier able to lind sequences of word/word co-occurrences as well as their Irequen-

cies. 

The paper in (Gemmell el aI. , 2008a) proposed a method for personali zing 

search and navigation in folksonomies based on three clustering techniques: Hi­

erarchical Agglomerative Clustering, Maximal Complete link Clustering and k· 

means Clustering . Tag clusters are used 10 bridge the gap between users and 

resources, offering a means to infer the user's interest in the resource. In this pa· 

per the authors introduce a methodology for automatically ranking and classi fying 

photos according to their attractiveness for folksonomy members. 
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2.3 Dis(similarity) Metrics 

In the literature, the Jensen-Shannon Divergence (JSD) (Manning and Schutze, 

1999) is a widely used metries and has shown to outperform other melrlcs ( l Jube~lt 

et al ., 2008) under many respects, when computing the dissimilarity of probabi lity 

distributions. It is based on the KulibaCk-Leibler Divergence (KlO) (Kullback and 

Leibler, 1951 ), however, it is symmetric and has always a linite value. Since 111 

praclice tag probability distributions are created Irom samples, and are necessar­

ily affected by statistical fluctuat ions, in (Mousselly-Sergieh et at. . 20 14) a motncs 

based on a Maximum Likelihood estimate of the JSD was proposed, the Adapted 

Jensen-Shannon Divergence (AJSO), which lakes into account lIuctuations and 

provides a measure of the statistical error of the results. Before introduCing the 

new metrics, we review the KLD and JSD approaches to calculate the distance 

between probability distributions. 

Let us consider two tags II , ' 2 E T and the corresponding empirical co-occurrence 

probability distributions P( $ \/1 ) and p( IF 1(2) over the feature set !.F = {fl . .... /m}. 

We can simplify the notation as follows : 1'(.9') " I'(!F II, ) and Q(.7) - P( .71 12 ): 

the values of P and Q at a specific feature / E !7, will hereafter be represented 

simply by P(f ) and Q(f ). respectively. 
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Kullback-Leibler divergence 

The most typical metrics for dissimilarity between two probability distribut ions IS 

the Kullback-Leibler divergence IhL. defined as follows: 

OKL(/'IIQ) - L I'U) ", I'((f)) 
/($ Q f 

(24) 

Notice that the expression DKt{PIIQ) is asymmetric in Its arguments, i.e in general 

D" (I'IIQ) i /),,(QII1'). Th is problem can be solved by adopting, as a delinil ion 

of divergence, a symmetrized version of the previous expression : 

OSKL(/'IIQ) = ~lt.''(/) '" ~~~~ I J. QU)'" ~~~~ } 12.5) 

However the SKL divergences become infinite as soon as either P or Q vanish In 

one point of the support set. 

Jensen-Shannon divergence 

This problem can be fixed by using the Jensen-Shannon (JS) Divergence, which 

is given by the following equation 

1'(/) ", /,U) I QU) 
2/,U) 

12.6) 
2QU) ) 

+ Q(f) '" I'U) + QU) 

which differs from the SKL divergence of equation (2.5) in that the denominator of 

the logarithm's argument consists now in the arithmetic average (PU) + Q{f) 1 2 

of the two functions. 
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Adap ted Jensen-Shannon Divergence 

If, as in our case, the probabilities P and Q are not ava ilable, we have an esumalO 

01 them through a finite sample represented in the form 01 a histogram for P and 

a histogram lor Q. in this case the divergence computed on tho histograms is a 

random variable. This variable , under appropriate assumptions, can bo used to 

compute an estimate 01 the divergence between P and Q using error propagat ion 

under a Maximum Likelihood (ML) approach, as illustrated in (Mousselly·Sergioh 

c t ai. , 20 14). Herealter we give the practical delinition lor tho computation 01 tho 

two divergences JSD and AJSD. 

Given two histograms, their JSD and AJSD divergences can be compu ted as 

follows. 

Given the arrays 

kl 
xI = I'U) =-

" 
I" 

YI = QU ) =..L 
m 

representing two probability distributions over the same set of indexes f E /: , the 

Symmetrized Kuliback·Leibler Divergence is defined by 

d",(xlly) _ ~ L (XI In xI + >'[ In !1) 
2 I YI "CI 

Given the arrays xI and YI as above, the Jensen·Shannon divergence is dehncd 

as 
I (2'1 2YI ) - "Cln-+ In -dJS(X ' Y) = 2 ~ ,I xI+YI Y/ "I+>'/ 

Let us deline zl as follows 

( 
2'1 .31L) '/ == .1/ 'n - +y/ 'n + xl+Y/ "CI YI 
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We takeff and )'/ as estimates 01 true quantities and we approxlmato their van­

ances by 

then 

" '('I) = (h'~)' " '('/ )+ (In -2L )' ,,'<Y/) 
x/')'J x/-+- yt 

now compute the weights 1\'/ (0'2(Z/)) I, Finally tho valuo of tho Adaptod 

Jonsen-Shannon divergence is computed as 

2.4 Summary of the Chapter 

The objective of annotating images is to make them searchablo uSing textual 

In formation as tex t documents. Assigning lags to images holps to Improve ,m· 

ages retrieval on the web (Trant. 2009) because con tent-based imago retrieval 

su llers with the problem althe semantic gap. However, we can allow a high-level, 

concept-based retrieval by bridging the semantic gab between the low-level im­

age representation and the high-level interpretation. This can be achieved by 

assigning meaningful lags (words) to Imagcs through the methods of manual, 

Semi-automatic and automatic annotation tcchniques. 

Acquiring these tagslwords to images using manually labehng techmque IS 

dill icult since rnanuallabeling is time consuming, tedious, and subJectIVe. The so­

lullon to this is generating images' tags based on the visual content automatICally 

Even II aulomatic image annotation is las to assign tags to images II suiters Yillh 
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the known semantic gap problem. Current trends show thaI alternative solullOn 

IS leveraging both as a hybrid annotation technique and introducing socIal. or col· 

laborative or folksonomy systems. In the literature above we have tried 10 present 

the state of the art of Image Annotations in these areas 01 interest. Lastly, com· 

rnon probability distribution distance measures used in the literature to measure 

the similarity or dissimilarity between two divergences arc presented with thei r 

importance one on the other. 



Chapter 3 Related Works 

In this chapler. research efforts closely related to this study. including lag sense 

disambiguations, tags relatedness analysis with the corresponding moUlcs used 

and lags' features selection techniques are explored. 

3.1 Tags Disambiguation in Collaborative tagging 

Imprecise or ambiguous tag assignments. due to the freedom 01 using freely cho­

sen tex is or tags and uncontrolled manner 01 lags creation in Folksonomy. can 

decrease the performance of lagging systems regard ing search and retrieval of 

relevant items(Abel et al .. 2010).Ta9 sense disambiguation can be applied to the 

vocabulary of social tags, thereby enabling future use and retrieval simple. 

Tag/word sense disambiguation is 10 allribute the correct senses or provide 

enough in formation to tags/words in a given context. 1\ is regarded as one of 

the most interesting and longest-standing problems in Information retrieval since. 

ambiguous tags in the queries are problematic for information retrieval systems. 

Tags/words disambiguation can be done automatically or based on human 

judgement. In automatic tag disambiguation, for a user provided initial tag. the 

system will assign its meaning (set of possible senses) without human interven­

tion_ In user assisted tag disambiguation procesS. the system will prOVide set 

01 possibfe senses of an initial user provided lag and the user will select one or 
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more in his/her mind for a specific context. These senses can be compuled Irom 

a given corpus automatically based on tags relatedness analysis. 

As indicated in (Giyanani, 2013; Navigli. 2009; Pat and Saha, 2015) main ap­

proaches to word sense disambiguation can be either knowledgo-bascd(based 

on different knowledge sources like machine readable dictionaries or sensa In­

ventories, thesauri , etc) or corpus-based. In addition. the latter can tunhor ba 

categorized as supervised ones and unsupervised ones : 

I . Supervised tag/word sense disambiguation: in this technique. machlnc 

learning strategy is used to learn a tags classifier algorithm Irom carelully 

sense-annotated corpora(Manin Wanton and Berlanga Uavorl. 2012). 

This approach suffers from the lack of readily avaitable manually semanti­

cally sense-annotated corpora, from wh ich to construct really inclusive sys­

tems. Moreover, in social tagging systems. users are free to choose any tag 

for their resources and for such freely chosen tags. readily sense-annotated 

corpora are difficult to get. This is the basic reason many unsupervised ap­

proaches being studied by many researchers in word sense disambiguallon 

(Chaplot et aI. , 2015). 

2. Unsupervised tag/word sense disambiguation : this technique docs not 

depend on sense-annotated corpora Le. it does not rely on external knowl ­

edge source such as machine readable dictionaries. concept hierarchies. or 

sense tagged text. The technique do not use any manually sense-annotated 

corpus to suggest senses of a tag lor a specific context. This tech01que 

assumes that tags relatednesses (I.e. similarities and dissimilarities of tags) 
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are important in determining tag senses in a given context using un-annotated 

corpus (Mante et aI. , 20 14; MarHn Wanton and Berlanga L1avori, 2012). 

MosUy, tag sense disambiguation techniques in tolksonomies belong to the 

unsupervised tag sense disambiguation approaches since selection 01 senses IS 

Iree Le. it does not depend on external knowledge. represen ta tion 01 COnlex l is not 

depend on a given context window or paragraph for a target tag and knowledgo 

sources is unavailable, unlike word sense disambiguation. 

Since we want to disambiguate a user provided Initial tag in a typical semi­

au tomatic image tagging our approach belongs to user assisted unsupervised 

tag sense disambiguation technique which Is slightly diHerenl Irom automallC 

word sense disambiguation. In our case user will be lnvolvod to determIne tho 

appropriate sense for the initial tag Irom suggested lisls 01 cue-words. 

In order to determine cue-words in lag-sense disambiguation process, r9-

searches tried different techniques for determining related tags by exploiting lags 

usage patterns. Commonly, they focused on identifying groups 01 lags that have 

sim ilar semantics by tag co-occurrence statistics and clustering techniques. Tags 

relatedness information is used to determine the possible meaning 01 individual 

tags. Techniques used to determine tagslwordS relatedness information in linding 

set of possible senses 01 a given tag are reviewed in section 3.2. These tech­

niques can be also used in determining tags co-occurrence for automatic image's 

lags recommendation procedure( section 4.4). 
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3.2 Tags Relatedness Using Co-occurrence Analy­

sis 

First a cla rification is in order. on Ihe use al lhe terms similarity and relatedness. 

Semantic similarity and semantic relatedness are two linked concepts, bu t are 

not synonyms. (Budanitsky and Hirst , 2006) point out Ihat relatednoss is a more 

general concept than similarity: similar entities are semantically rela ted via their 

similarity ("auto"-"car"), but non· similar entities may also be semantically rela ted 

by meronymy, a.k.a. part-of relationship rhand~ and ~palm~), antinomy nelt" 

and "right") , rather than just frequent association. Applications typically reqUIre 

relatedness rather than similarity: for example, ~ Ieal ~ and "hand" are cues which 

can be used to disambiguate the term "palm". In the work, the term dlsslmtlaflty 

is used as an antonym of the term relatedness. 

Hereafter, which research works tried to exploit tagslwords semantic related· 

ness in determining tag/word possible senses in lag sense disambiguation pro· 

cess are presented. Moreover, research works techniques used to determine 

co-occurrence of tags to improve semantics are al so reviewed. 

The work presented in (Purandare and Pedersen, 2004), proposed a cluster­

ing approach wh ich using the agglomerative clustering technique in determining 

words relatedness for the word -sense disambiguation. In this technique, lor each 

word co-occurrence a single cluster is constructed. The agglomerative clustering 

technique is used to merge the most similar pair 01 clusters and continued to the 

less similar pairs until a halt threshold obtained. Given the target word(tag). the 

method wh ich is based on word clustering to identity words that are more Similar 
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to the target word and use these clusters to have specific senses has also been 

proposed in the study (Pantel and Lin, 2002). The proposed approach. called the 

clustering by committee which applied a dillerent word clustering method. is an 

extension of the work presented in (Lin. 1998). Purandare and Pedersen (2004) 

selects leatures based on their frequency counts or log-likelihood ratios in corpus 

used. 

The work in (Cattuto et aL, 2008) presented dillerent types 01 tags related· 

ness measures such as co-occurrence count. distributional measures based on 

cosine similarity and graph·based measure adapted from PageRank (Brln and 

Page. 2012) called FolkRank (HOlho el al " 2006a) 10 10lksonomies.The goal is 10 

assess how a given tag relatedness measure approximates a releronce measure. 

By taking snapshot of social bookmarking system. del.icio.us. the work presented 

In this (Cattuto et al .. 2008), mapped the tags of this system to synsets 01 Word · 

Net and use the semantic relations of WordNet to inler corresponding semanliC 

relations in the lolksonomy. To build most important features set frequency counts 

01 most frequently co·occurring lags Is used. 

Llorente and ROger (2008) showed more accurate annotations can be gener• 

ated by presenting additional knowledge in the form of statistical co·occurrence 

of words. This approach is useful to correlate the annotation words with the can· 

text of the images and the work in (Llorente et al., 2009) words co·occurrence 

statistics at image level is used to annotate images. A similar approach is used to 

increase the accuracy of annotation words lor unseen image by the work in (Llu 

el aL. 2007a). Besides estimating word-Io·image relations the model estimates 
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the joint probability by the expectation over words in a pcr-dellnod lexicon 10 lind 

word -to -word relations. 

The work in (Lee et aI. , 2009) proposed a method, named Tag Sense Disam­

biguation, which used to map a target tag to a topic in a Wlkipedia articles by 

linding its local and global neighbor tags based on co-occurrence relations. Tho 

resul ting tags are used as contexts of the target tag based on the topic relevance 

values between this context and all the Wikipedia topics measurod basod on Ihe 

term frequency of Neighbor tags on a Wikipedia text. 

The work in (Begelman et aI. , 2006) a cut-oil threshold. determined using tile 

lirst and the second derivatives of the tag co-occurrence curve, is used to deCide 

whether two tags are related or not. The study used the Irequency counts 01 all the 

co-occurring tags pairs and attempted to identily tho importance of co-occurnng 

lags just by determining the pairs of tags that co-occur significantly more Ire­

quently then expected. Then, tag clusters are built by providing the computed lag 

similarity matrix as input to a spectral bisection clustering algorithm. 

For thei r tag clusteri ng approach, (Specia and Motta, 2007) propose to repre­

sent each tag by a co-occurrence row vector and compute the similarity between 

two tags by applying the cosine metrics on the corresponding vectors. To deter­

mine cluster of the highly co-occurring tags, a similarity threshold to filter out pairs 

of tags that are not highly similar is used. 

Simpson (2008) proposed a tag relatedness approach which uses the Jaccard 

metrics to normalize tag co-occurrences. The tags are then organized In a co-
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occurrence graph, which is then fed to an iterative divisive clustering algorithm 10 

identify clusters of related tags. 

The lag relatedness metrics presented by (Papadopoulos el al.. 2010). IS 

based on a graph-theoretical metrics. Tags are organized in a graph with Ihe 

edges weighted according to the structural similarity between nodes: tags with a 

large number of common neighbors are considered related. 

Tag(s) recommendation system which is based on users provided inillallag(s) 

proposed by the work in (Sigurbjornsson and Van Zwol. 2008) is more related 

to our work. For a new image with set 01 user-defined tags, an ordered list of 

a defined number of candidate tags is exlracted lor each 01 this set of usar de· 

fined tags, based on the statistical information obtained from tags co·occurrences. 

These co-occurrences are measured using a symmetric measure based on Jac­

card coefficient and asymmetric measure 10 normalize the co-occurrence of a lag 

pair based on the number of occurrences of a tag in the lags pair. To merge these 

lists into a sing le ranking , they used tag aggregation and promotion techniques 

using voting and summing. This work tried to improve the semantics 01 tags by 

exploi ting tags co.occurrences. The paper mainly used Jaccard coefficient to lind 

tags relatedness. This measures is uselul to lind similarities using simple match­

ing. Important features are selected based on number frequently occurring lags. 

In our work we have used AJSD measure which is adapted from the known JSD 

measure. These divergence measures used to measure the distance between 

two probability distributions . The AJSO measures not only average dislance( 

such that transforms both vectors into probability distributions, builds a mean diS­

tribution and measures the mean divergence 01 both original distributions 10 the 
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mean distribution) but also considers Iluctualions 01 number 01 elements and their 

va lues( i.e.considers statistical fluctuations). Another limitation of the work pre­

sented in the aforementioned paper is the problem of ambiguity. Tags can face 

the problem of ambiguity wh ich is a common problem in social tagging systems 

and it is not addressed but we have addressed tho Issue of ambiguous lags. A 

user may not known the exact name of a given Image and he/she may submit 11 

without tag. This issue is also not addressed in the work. In our work we have 

used automatic image tagging strategy to recommend tags ot image which would 

be uploaded without tag. 

Weinberger et al. (2008) proposed a statistical approach for identifying am­

biguous tags based on the Kullback-Le ibler (KL) divergence. For this purpose, a 

representation for each tag is created based on the co-occurrence with only the 

top frequent tags in the folksonomy. 

All the above works start by exploiting tag co-occurrence counts to deline thoi r 

tag relatedness metrics to determine tags similarities and/or dissimilarities. They 

have used tags relatedness in solving the problem of tags ambiguity and to Im­

prove image annotation tags accuracy, clustering accuracy. Following using tags 

co-occurrence counts, either a simple threshold for lag co-occurrences like in 

(Begelman et al.. 2006; Simpson, 2008) or the cosine metrics are used to iden­

tify similar tags like in (Cattuto et aI., 2008; Gemmell et aI., 2008b.d; Specia and 

Malta, 2007) or Jacard Coefficient to determine tags co-occurrences by the work 

in (Sigurbj6rnsson and Van Zwol , 2008) . The Adapted Jensen-Shannon Diver­

gence with respect to the literature, brings original contributions in the following 

respect: although it uses the similar representation for lags as histograms as 
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in (Weinberger et aI. , 2008), it takes Into account statistical fluctuations, which 

is crucial in any typical datasetln the work of (Mousselly-Sergieh el aI. , 201 4), 

where it was lirst proposed, the AJSD mettics was assessed using the WordNOI 

corpus( relations in Word Net do not cross pari 01 speech boundanes and some 

lags/words do not found in the wordNet), in terms 01 correIa lion with Ihe Jlnag & 

Conrath semantic similarity measure (Jiang and Conralh, 1997), which, In turn , 

shows a high correlation with human judgment. In Ihis thesis, wo 10Sllho mOlncs 

in Ihe specific application context 01 disambiguation and usa tho controlled condi 

lions provided by Ihe synthetic corpus to perlorm a precise measurement 01 the 

Quality of the results and use it to the real world dataset. 

3.3 Feature Selection 

Dimensionality reduction is a known technique to remove noisy, irrelevant and 

redundant features(that is to reduce curse of dimensionality). Curse 01 dlmen· 

sional ity is defined by the authors in (li et aI. , 20 16) as: 

" ... the phenomenon that data becomes sparser In high -dimensional 

space, adversely affecting algorithmS designed for low-dimensional 

space. ~ 

Dimensionality reduction techniques can be calegorized matnly InlO features 

. (Ghod · 2006· Guyon and Elisseefl . 2003; KIm 
extraction and features selection 51. , 

et aI. , 2005; Saeys et aI., 2007; Van Ocr Maaten el aI. , 2009; Van el al.. 2006). 
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Feature extraction approaches project features into a new feature space WIth 

lower dimensionality and the new constructed leatures are usually comblnallons 

of original leature (Guyon and Efisseeff , 2003; Thangavel and Pethalakshmi, 2009, 

Van Oer Maaten et aI. , 2009). Some of known features extraction techniques are 

Singular Vafue Oecomposition(SVD) (Golub and Van Loan, 201 2). Canonical Cor­

rela tion Analysis(CCA) (Hardoon el al., 2004),Llnear Discriminant Analysis (LOA) 

(Chen, 2005) and Principle Component Analysis(PCA) (Holland, 2008), 

Features selection methods can be broadly categorized into two: SupervIsed 

and Unsupervised features selections (Banerjee and Pal, 20 15: Qian and Zila •. 

201 3; Roffo , 2016). In supervised features selection technique class labels alO 

used to determine features set for the task on hand, whereas in unsupervised Ica· 

lures selection , there are no class labels to guide search clements 01 tho features 

set (Ale lyani et aI. , 2013; Guyon and Elisseell, 2003; Leung et aI., 2006). The 

new tags/words feature selection strategy presented in this study is UnsupervIsed 

Features Selection techniques, since the procedure did not consider pre· labeled 

classes for text classification. 

The features selection approaches aim at selecting a small subset 01 leatures 

that minimize redundancy and maximize relevance to the target problem (Chan· 

drashekar and Sahin, 2014; Kumari, 2012; liu and Motoda, 2007; Saeys el al. . 

2007 ; Tang et aI. , 20 14; Wu et al ., 2010) either in backward elimination or forward 

selection of individual elements 01 the feature set, and their generahzed form. Un· 

like feature extraction, this technique is used to select a subset of the OTlg lnal 

features set without performing feature transformation (Alelyani et al. . 2013 ; Be· 
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lanche and Gonzalez, 2011 ; Bol6n-Canedo et al., 2013; Vu and Llu , 2003). Wlth,n 

this perspective , it is defined by (Wang et al ., 2017) as follows: 

"Feature selection, as a dimensionality reduction tachmqu9, alms 

to choose a small subset of the relevant features from tho original onos 

by removing irrelevant, redundant or noisy features .• 

Examples of some of known feature selection techniques arc Fisher Score 

(Duda et a1.. 20 12), Spectral Feature Selection (Zhao and Uu. 2007). ln lorma­

tion Gain (Cover and Thomas, 2012). Laplacian Score (He el al " 2006),Unsuper· 

vised Ouick Reduct algorithm, Empirical Distribution Ranking. and Expcctatlon· 

Maximization clustering (Dy and Brodley, 2004). to name a few. 

The importance of features sel selection is to have a small number of repre­

sen tative features which can avoid curse of dimensionality, reduce feature mea· 

surement cost, computational weight and improve accuracy(or performance) of 

procedures on hand (Guyon and Elisseelf , 2003; Parveen et al" 2012; RUlz et a1.. 

2009: Tang et al., 2014). More detailed discussions on Feature Selection is found 

in (Tang el aI. , 20 (4). 

In the Shapley Value based feature selection used here in this thesis, an Indl' 

vidual featu re will be selected based on its degree of ·cooperativeness· with other 

features within the procedure at hand (Serrano, 2007). The procedure proposed 

is basically centered in finding tagslwords relatedness. The apPfOach IS used as 

a feature selection, for instance, in the work (Afghah et al.. 20 15: Cohen at a1. . 

2005) within standard classif ication problems, and others used classical lealUra 
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selection techniques from a statistical perspeclive. classical methods lose thOlr 

properties (Balbi , 2010). 

To the best of our knowledge, Shapley Value based features soleeMn has 

never been used in tags/words classification to lind their relatedness toward simi ­

larity andlor dissimi larity based on co-occurrence statistics applied In lags disam­

biguation and automatic tags recommendation . Almost all 01 tho works menlloned 

under the above section 3.2 used frequency counts to dotormino bost loalUios 

based on the actual counts of co-occurrences in a corpus.Tho ellcctivencss of 

these methods depends on the coverage and characteristics 01 tho corpus usod. 

In our case we have used an approach which takes into account the marginal 

contribution of each of the tags toward the analysis 01 relatedness which It part ic­

ipates. These approach is discussed in section 3.3. t 

3.3.1 Shapley Value Analysis 

The Shapley Value analysis, which was introduced by Lloyd Shapley (Shapley, 

1953), can detect irrelevance and redundancy by computing the average marginal 

contribution of a word (a channel) to the overall characterization of a conlexl. Alter 

detecting irrelevant or redundant feature words, one can reduce the lealUre set 

to improve efficiency and quality of the classification procedure (which In turn 

improves the disambiguation results and as well as sel 01 tags co-occurrence list) 

In cooperative game theory there is the concept of coalitional games. In coali­

tional games, set of players is related to a real valued function that determines the 

benefit which will be achieved by sub-coalitions in the game (Cohen e al.. 2005). 
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A coalitional game is delined by a pair (N , v) where N _ { I ,2 .. .. tI} IS the SOl 01 all 

players and I' is a real valued set function associating a worth with the coahtlon C. 

lor every C ~ N. 

The contribution 01 each tag(or word) or player to Ihe classification task ( to 

tho disambiguation process-for instance in finding pairs 01 cuo-words which 810 

different in context each other and do not co-occur logether In sontencos but co­

occur with the target word) is estimated based on tho shapely valuo. 

Defmition: The marginal contribution (or importance) 01 player / 10 a coahtion 

with f ¢ C is 

.(f,e) = .,(eu (Ill - ,'(e) 

The Shapley value of a player / in a gamo is defined by: 

1 
SVI.,(f) = -; L · (f,Ci(-)) 

n .• (" 11,'" 

(3 1) 

(32) 

where I I", is the set of the permutations of N and ,(11 ) is the coali tion consisting 

of the set of players appearing belore the fh player In permutat ion 11 . In other 

words, the Shapley Value of a player is a suitably weighted moan of Its added 

value 10 all possible subsets of players, 

3.4 Summary of the Chapter 

In this chapter works which are more related to thiS work are presented. As pre­

sented in the review , works done so far to analyze tag ards co-occurrences 

. d' ssed Most of Ihem used Jaccard 
based on different types of metncs are ISCU • 

. .' I d ' (Niwananakul 01 al .. 20t3). Cos.no 
coelilcient(more about thiS metnc IS aun In 
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Similarity metrics, Kullback-Leibler divergence, and a simple Jensen-Shannon DI­

vergence. In this thesis the Adapted Jensen-Shannon Divergence, a metnc which 

considers the variability of values of attributes of objects in finding the distance 

between their probabilistic distributions of co-occurrences, is used. 

Moreover, we have used a feature selection melrics in the proposed procodures­

Shapley Value Calculator, to determine the marginal con tribution of each lag or 

word toward the analysis of tags relatedness. 

Most automatic image annotation techniques which are reviewed in the III­

erature review part in chapter 2 used previously tagged images to recommend 

candidate tags for the new image using visual similarities and lags occurrencos 

information. Some but not few used tags co-occurrence analysis of visual Similar 

images with the query image to predict candidate tags for unseen imago. In our 

case also we have used visual similar images' tags in addition to Wlkipedla tOICt 

documents to predict tags of a new image when it is uploaded without tag. 



Chapter 4 Image Annotation in 

Folksonomies 

4.1 Overview 

In thi s chapter, we present the detailed description 01 tho proposed approach 

which is Image Annotation in Folksonomies(social lagging systems, o.g. Flickr). 

First we provide the general Framework of the proposed approach, which is 101· 

lowed by the semi-automatic and automatic lags recommendat1on lochniquos 

with the metrics used in these methods. The measurements arc usod in hnchng 

tags dis (similarity) and tags feature selection. 

In the process of semi-automatic image tagging, procedures to recommend 

cue-words for an ambiguous term(original tag supplied by tho user) is proposed 

and if this tag is not suggested, a technique wh ich automatically recommend tags 

for the new image by analyzing tags 01 previously tagged images is presented 

4.2 General Framework 

In social tagging systems, since users are using freely chosen lags In an uncon­

trolled manner, the tags( or keywords) in these systems can face the problem of 

ambiguities. Different users may assign tags to documents In different ways-each 

user has subjective interpretation 01 herlhis or others image content to prol/lde 

annotation tags. Tags which have been attached as metadata to resources will 
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decrease the performance of tagging systems regarding 10 search and retrieval 01 

relevant items, since users contributed tags can be ambiguous (Abet el at , 2010). 

Moreover, in these tagging systems, users may not provide tags lor the re­

sources( in our case to the images) they are uploading lor some reasons. As a 

result 01 these problems, the organization, communication and retrieval 01 socially 

tagged web resources can not be optimal as required since images without lags 

can" be retrieved at ali using textual inlormation. 

In this study we present a general framework to improve tagging in Folk­

sonomies by integrating both tags relinemenl and propagation through analyz­

ing tags relatedness. The framework and the flow 01 actions in the proposed 

approach are depicted in l igures 4.1 and 4.2, respectively. In tho ligures, To repre­

sents initial user provided tag set. TI represents the final recommended tags sct 

and 10 represents the new image uploaded by the user. 
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4.3 Semi-automatic Image Tags Recommendation 

4.3.1 Introduction 

In this section, we proposed a procedure which is uselul In the process 01 user 

lagging process. In the process when a user providos lag{s) to a cerlaln imago, 

the tag may be ambiguous. Our procedure will check this ambiguity and suggests 

possible tags to the user to resolve the ambiguity. ilthe tag is not ambiguous. it 

will be taken as it is. 

The procedure, to resolve tag ambiguity, typically consists 01 in the following 

sleps. 

1. A user proposes a tag for a resource. 

2. The tag is checked for ambiguity i.e. one checks whether the lag is folatad 

to more than one context (in the following discussion we will consider lor the 

sake 01 simplicity that the competing contexts are exactly two). Notice thaI 

the simple appearance of a word in a context is nol enough to assert word­

la-context relatedness: to claim relatedness a slatislically slgnlhcant word­

la-context correlation should be present. in order to determine tho quasi-co­

occurrences of terms(or wordsltags). 

3. II the tag is found to be ambiguOuS, two cue words are sought, satlsfymg 

two requirements: each cue is specific to one context and each cue. withIn 

its context is related to the ambiguouS word; in other words the MO cue-tag 

pairs are related to the two contexts but are not ambiguous. 
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4. The user is provided with the list 0 1 cue words and chooses the one Of 

more words which are associated to the meaning sheJhe has In mind lor tho 

original tag(s). 

It is evident that the above procedure has to rely on ellcctive word-to·context ro­

latedness metrics. It turns out that . among the mosl ellective rolatodness mOlncs 

(see lor ins tance (Begelman et al.. 2006: Gemmell el al., 2008b; PapadopouloS 

el aI., 20 10)), are those based on a feature-veclor representation althO words, 

defined by word co-occurrence. That is, given a languago corpus slfUClurod In 

lew-words sets - 1ypically sentences,one can characterize a word by bluldlng tho 

hislOgram (or empirical distribution) of its co-occurrences with oach 01 tho othor 

words in the corpus (further details are given in Section 4.3.2). In this represen­

tation, the words of Ihe corpus play the role of features and thoir frequoncy 01 

co-occurrence with the target word plays the role 01 the Intonsity 01 a foa ture. By 

using this representation, one can quantify the dis(similarity) or the relatedness 

of two words by comparing their histograms: words represented by two dillerent 

histograms will occur in distinct contexts. This can be determined by comparing 

the distance between the histograms of the two words. 

1\ is also clear that different metrics 01 dissimilarity(or similarity) belWeen hiS­

tograms can lead to dillerenl results. in terms 01 word relatedness. and eventually 

can be more or less effective in the different phases of the disambiguation proce­

dure, specifically in the key phases (2) and (3). i.e. ambiguouS tag dotectlOn and 

cue words discovery. 

In the task of cue words discovery (phase 3), and, using the co-occu
rrence

-

. . d h rformance of three different dlsSlm-
histogram representallOn of the war s, t e pc 
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ilarity(or similarity) metrics are studied. The lirst is the commonly used Sym­

metrized Kullback-Leibler divergence (SKl D) between the two histograms. The 

second is the Jensen-Shannon divergence (JSD) between the two histograms, 

and the third is a metrics introduced in (Mousselly-Sergieh el aI. , 2014) and con­

sisting of a weighted sum of divergence terms, which represents a Maximum like­

lihood estimator of lhe Jensen-Shannon divergence between tho two histOQrams. 

By keeping lhe denomination adopted in (Moussel1y-Sergieh ot aI., 2014), we can 

this metrlcs Adapted Jensen Shannon Divergence (AJSD). Its distinctive aspect 

is that , by defini tion, this metrics takes into account the statistical Iluctualions 

present in the empirical probability distributions and is more robust with respect 

10 statistical noise than the bare JSD 01 the two histograms. 

In the cue-words discovery phase (3) - given a target word to be dlsam· 

biguated _ it is possible to proceed according to the unsupervised approach sug· 

gested in (Weinberger et aI. , 2008) for the construction of channels. The approach 

consists of finding the pair of words in Ihe corpus which maximizes a disambigua· 

tion score : such score increases with the dissimilarity between the two targot 

represen tations, conditional, respectively, to the first or the second word 01 tho 

pair (further details in Section 4.3.2) . 

1\ has been shown that, used in the score definition, the AJSD metrics, per· 

forms better in terms of quality of the output. than the JSD metrics and the SKlD 

. .' . W Iso show that its comparative advan· 
metncs for all the Investigated settings. e a 

.' . I . e when the corpus is smaller. In 
lage is greater when the statistics IS ower, 1. . 

.. d t compare the preciseness 01 their 
order to work under controlled conditions an a 

performances, we carryon our study using a synthetic corpus. 
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Feature selection technique using Shepley Val A I . ( , ue na ySls further detailed IS 

margtna contribution 0' each given in section 4.3.3, is applied to determine Ihe . I . 

word toward the disambiguation procedure. 

4.3.2 Tags Disambiguation procedure 

The objective 01 a tag disambiguation procedure can be considered as the pro­

diction of tags(words) that users would like to select lor a rosource In thoir mind 

which will disambiguate andlor add supplementary intormation to provido morc 

informative to the image they are uploading 

Below, the proposed tags disambiguation proccdure(algorithm) is presentcd 

We assume that a user is in the process of tagging a resource(particularly an 

image), and that she/he proposed a lag word (. The system dotects the word as a 

word appearing in different contexts (ambiguous word detection) (e.g. ( ·palm~. 

which can refer to the palm tree or to the hand palm). and proposes a pair 01 

cue words (e.g. (i ,)) = ("tree" ,"hand"» , the user chooses one; al this point the 

resource is annotated either with the pair «(,i) or with the pair (I ,}). 

One would like to present the user with a word pair endowed with a high diS­

criminating power. To this aim we use co-occurrence histograms to characterize 

con texts and operate at two levels: at the level 01 histogram comparison we use, 

the AJSD divergence (see above), wh ile at the preprocessing level Shapley Value 

analysis based feature selection is used. The laller tcchntque helps in dellnlng 

what words are used in the co-occurrence count, Le. it helps elltelcntty dehnlng 

the context. 
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Given a target word t , to be disambiguated, we consider pairs of cue words 

(i . j ). Based on a set F of reference feature words (the features sel ;F (I I. / ... }). 

which represents our reference vocabulary, we build the frequency histogram kIf) 

of the co-occurrence of the pair {t, i}: each sentence containing I and I and a word 

f E F will contribute to the histogram of absolute frequencies with a unit count In 

the channel f; Similarly we derive the histogram h(f ) of the co-occurrence 01 the 

pair (I , j); normalizing we get two empirical probabil ity distributions, 

The Adapted Jensen-Shannon Divergence is a divergence motrics similar 10 

the standard Jensen-Shannon Divergence, but that takes into account tho pres­

ence of statistical fluctuations in empirical probability distributions. Lol us give the 

defini tion of the AJSD in line of our tags disambiguation procedure. 

Let us consider the set T of possible lags and thc set of possible laaturO words 

F. Let us consider the lag words I ,i ,) E T : the lirst is tho target word, the other 

two play the role of cue-words. Given a corpus (consisting in sentences or In 

tag sets used to annotate resources) the pair t, i co-occurs with othcr words 01 

the feature set, the number of co-occurrences with the feature wordl e F is da­

noled by k(f ) ~# (fl' , i); similally Ihe co-occul/ences wilh Ihe pair! I, II delermine 

h(f) ~# (fll , f )- We normalize and gel Ihe arrays 

k, 
x{ =-

" 
_ _ -I- d- I -bul-OnS over P the same set of indexes 

representing two empIrical probabllty IS n I 

f E F , with II = L./EFk(J) and /II = 'f.{EFII(f ) 

The Jensen-Shannon Divergence is defined by 

( 
2x .!1L) - I x In ~+y!ln 

dJs(x ,y) ~ :1 1: I xl+YI xl + YI 
I 
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Let us define ' U) as fo llows 

z,= (X/ ln ~+'11 1n~) 
x/+yt x/+'11 

lies an we approxlmato their Lei us take xI and y! as estimates of true quant't' d 

variances by 
, k, 

G (x,) = , 
" 

then 

G' (,,) = (In~) ' G'(x,) + (In..2L)' G'(y ) ~+Y! ~+Y! I 

now compute the weights IVI = (0'2(Z/ )) I . 

The Adapted Jensen-Shannon Divergence is defined by 

(4 11 

Finally, based on the AJSD divergence of the two empirical probabihty distri­

butions we compute a discriminating power scare,a score used 10 quantify the 

discriminating power of a pair (i ,j ). with i, j E p , in the disambiguation of alar­

get word t, DPScore (see below): all the other factors being equal , the higher the 

AJSD divergence _ and consequently the score - the more dillerent are the twO 

distributions. 

The intuition behind this is that very different distributions imply ditlerenl con· 

texts: a high difference between the distributions suggests thai the cue words, 

and j are representative enough of their respective context to disambiguate the 

target word. 

The procedure is stated as follows 
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1. Select, from a (possibly large) sentence collection (the corpus) S, the subset 

of sentences 5, containing t I 

2. Text preprocessing on S, 

(a) Remove stop words and punctuation 

(b) Get word stems using Porter Sterner the algorithm in ((Portor, 1980)) 

revised and published in (Willett. 2006) . This is Important to avoid 

words redundancy. For instance, the words "run" and "running" will be 

considered as "run" . 

3. Select the whole set V of unique terms (the vocabulary) in 5, 

4. Find a set F c V of IFI representative lerms (il will havo tho role olleaturos, 

e.g. the set of IFI = 100 most frequent words in the corpus (not including 

stop-words)) 

5. (2-dimensional count histogram/array) For each term I' E V and lor each 

feature-word f E F count the number c2(v,f) .o1 sentences in 5, in which I ' 

co-occurs with the word I, this will yield a 2-dimensional lVI x IFI count table 

6. ( I-dimensional count histogram/array) For each of the IVI terms" E V 2 count 

number 01 entries in the I' row C(v) = L.lc(I',f) and use it for normalization: 

the probability associated to f given " will be 

P,(f) = c(f, v)/C(v) 

this will yield a I-dimensional array p~ (01 length Ifll for each term II E V 

, Notice that the set that contains all possible Iofm 01 I. \.e. aU possille morphClkgeallot
m

. 

shoutd be determined. . complement F the most 
2Notice that v "" F U f: and that " may belong either to F Of to Its 

Interesting terms lor disambiguation. might come lrom F 
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7. For each pair of terms v v E V x V let us call i nd , . - va J v computoa 

two-term divergence d(i ,j) (either the SKLD, the JSD or the AJSD) between 

the feature vectors P = I'; and Q = PJ' 

8. Compute the single-term probability prj) of a single term i E V by countIng 

the number of sentences of S, in which it occurs and dividing Irom tho totnl 

number of sentences ISd in S, 

9. Compute the disambiguation score of the pair (I,j ) with rospoctto tho word 

I as 
IJI'Score, (i, j) = P(i)1'(j )g(D,vso( 11.-, ,)) (4 2) 

For example g(d) = {P or = {/ or = (il . while I' (i) - I'(i l' ) and I' () } Il (;, t) 

represent the empirical probability of occurrence 01 the words I and ; In 

sentences containing' .. 

In the last expression d represents one of the above mentioned dissimllanty met­

rics: the SKLD, JSD or AJSD metrics defined in tho previous section, with tho 

following correspondence to the previous notation 

We have compared these three diverg ence metrics and proved that the AJSO 

measure is superior than the others. More discussion have been gIVen In data 

analysis and experimentation chapler. The algorithm is stated as loUows. 

In the following subsection 4.3.3}. describe the feature selccuon a'oOnlhm 

wh ich is based on the Shapley Value. 
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Algorithm 1: Tags Di~ambi~uation Algorithm (Cue-words discovery) 
Data: t-term to be dlsa~blguated, S(Corpus)-sentences collection 
Result : DPScore 01 pairs 01 words with respect to t 

1 Initialize 5, =0 
2 5, = 5, if I E S, s~lect all sentences containing the term I and to S, 
3 Text preprocessing on 51 and assign terms of 5 to S , 

., I d \I I I 
4 V = Sf" ~ I t 'F V, vocabulary 01 unique terms 
5 F lIIosIFreq/lemTerm (V ), Most frequent terms in V, say IFI 100 
6 for 'r/ I' E V, 'r/ J E F do 
7 I c(V,f)=COIIIIIS(5, ),the number of sentences in which v and 1 co-occur In 

S, and C(' )=Lj C(" f) 
8 end 
9 Calculate the probability associated to f given I' as: I)~(f) - c(f, "}IC(") 

10 v (1', 11') E V x v , leI us call i = I' and j = J compute a two-term divergence d{l.J ) 
(either the SKLD, the JSD or the AJSD) between the feature vectors P 11 and 
Q - I'l' 

11 Compute the single-Ierm probability P(i ) of a single lerm i v by 
I~{ ; ) = CUlfl1t ( i , ~'1 )/ IS,I , Vi E V countlhe number 01 sentence which contains. and 
divide by the total number of sentences(IS,1) 

12 Compute the disambiguation score 01 the pair (i , j ) with respcctlo tho word , as 
IJPSc:orc, (i , j) = P(i) J'(j)g(dk(Xi ,Xj)), where k is either SKlD or JSD or AJSD 
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4.3.3 Feature-Words Selection Problem Based on Shapley Value 

In order to characterize a context , we use word co-occurrence counting (see PIO­

vious Section). Different contexts determine different count distributions, however 

not all the channels of the histograms contribute in a determinant way to the dis­

crimination: if a word is irrelevant it will have more or less Ihe same counts In 

all the contexts, furthermore if a word is redundant 10 another their counts WIll 

increase or decrease together when changing contexts. 

This thesis work proposes a technique for feature-words selection to achieve 

high performance in word sense disambiguation and to delermine co-occurrences. 

.. . 5 thus the problem addressed 
These can be seen as a claSSification proces , 
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consists in selecting a number k of features in a s tt' , e Ing with a targo number 

of features, so that the chosen set has the highest cl 'I" " aSSllCatJon pellormance. 

Since each set of k features has a classification performanco that Is not known 

a priori , the problem corresponds to a search problem over the Booloan lattice 

of the k-subsets, of a given base set of size n. Since the cfassilicatlon perfor ' 

mance lunction of real settings in general does nol oller any guaranties 01 nice 

behavior, which could simplify the search (e.g. monotoniclty) tho soarch prob­

lem corresponds to the unconstrained search problem and Is known to be Non­

deterministic Polynomial hard(NP-hard). 

In this work we use an analogy with coalitional Game Theory and see the 

possible feature sets as coalitions: we propose a heuristic based on the Shapley 

Value 01 the n set elements (the Shapley Value captures the average marginal 

contribution of an element to al1lhe possible coalitions). We exploit the intUition 

that there is a strong correlation between having the 10p·k Shapley Valuo and 

the membership 01 the k-subset with top classification performance. We use the 

heuristics consisting in using the top k Shapley value elements 10 seleci the k 

features of the candidate feature coalition. 

We prove by simulation that the heuristics is more elJective than the tradition­

ally used naive approach consisting in selecting the features only on Ihe base 

01 their individual classification performance, measured in isolation. The Shapley 

Value-based approach is more effective because it lakes into account also Ihe 

interaction (e.g. redundancy) among features. 

, h d "t',lt.'" methods whICh seleclthe 
The frame far feature selection met 0 s are I 

subset making na explicit reference to an algorithmltask (e.g. a classIfier). but on 
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the basis of the properties of the features themselves nd , .. , a vvrapper'" methods 

I m us as a black-box to which select the subset with the help of an algor·lh cd 

evaluate the quality of a subset. 

Our algorithms belong to the wrapper category since wc usc a classifier as 

a black-box to evaluate the performance of the feature sots. This tcchnlque IS 

used to evaluate a procedure how good it is at producing qualily or desirable 

answers(ou lpuls) (Nyberg and Milamura. 2002). 

Naive wrapper methods rank the features performance evaluated individually 

and then select the top k performing elements: such nai ve methods would make 

perfect sense in additive settings, which is not Ihe general case. due 10 synerglDs 

and redundancy. 

Greedy wrapper methods are the forward-selection algorithm and backward­

elimination algorithm (on adds one element at a time. in forward selection one 

adds the element best performing with the current coali tion. in backward elimina­

tion one drops the worst element from the current coalilion). Slightly improved 

variants of those greedy methods are bestlirst-search (lesS greedy, it does somo 

revisi ting) and beam search (which restricts the search 10 subsets 01 promising 

candidates). Greedy wrapper methods make perfect sense in monotonic set­

tings. However, in the real word cases the addition of leatures Is not monotonic in 

the classification performance. due to interaction among features. Greedy wrapper 

methods work very fast . bUt find local maxima. 

The rationale behind our approach is that thOSe players, out althe n players. 

that individually interact the worst on average are more likely nol 10 be In tho 
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best-performing coalition of size k, thus choosing the top k Shapley Value ~ay ­

ers we approximate the best coalition 01 k elements. In other words, we exploit 

the correlation between having the top·k Shapley Value and tho membership 01 

the k-subset with top classification performance. This heuristic does not rely on 

any monotonicity or super-modularity hypothesis. The results 01 the simulation 

support the soundness 01 this approach. 

Let V a lull vocabulary of 11 = IVI terms. Let F e V a subset (it will contain 

selected feature words) of size k = IFI· 

The set V has a performance measure p: (V). Such performance measure 

depends on the formulation of the problem: it could be lor Instance precision, at 

recall or F1-score. For the sake of convenience we usc IA (V ) as a rclerence and 

normalize it to I so that: p: (V) = I. The performance measure 01 F is IJ (F). 

Any set F has also a cost c( F) that we assume monotonically increasing with 

its size, so that c(F) = c(WD = c(k). This cost might reprcscntthc computational 

cost for computing the features. 

Our problem feature selection problem is the lollowing : we would like to select 

a subset F C V with k « 11 , so as to reduce the cost (lor monotonlcity c(k) < c(tI )), 

while at the same time we safeguard or improve the performance. We would 

be sa tisfied even if there is some limited loss of performance, in view of the lact 

th t d h t We w,'sh u(F) > u(V) - 0 Finding the optimal set 
a we re uce t e cos S. r - r • 

corresponds thus is finding F such that 

~ (F) ~ ~ (F') 
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~ (F) 2: ~ (V)- c5 

The key point is that the performance function is non·additive. Should It be addI-

tive (denote the elements of V == (I , 2, ... ,II }) . one coud computc the performanco 

01 the lea lures in isolation (jJ (I ), J,l {2) ... ) then sort thom and scloctlhe lOP k loa-

tures: this would solve the problem. This scenario corresponds 10 a selling whore 

the features do not interact: e.g. in a detector/classifier selection problem. oach 

leature provides an independent classifier because one locuses on dilterenl parts 

of the data space. 

11 the performance p is non-addilive, the problem is more involved and requll es 

combinatorial optimization. 

Obviously, a brute force exhaustive search has typically a very largo computa­

ti onal cost. Let us indicate by q":x the cost ot the exhaustive search. Checking all 

the sets of size k will correspond to 

where -t represents the large /I limit, 
II • .., 

. h , lulion it we can assume that 
Nonetheless, we ean simphfy Ihe seare or a so 

the set has some structure. 

h , I es although not additIVe, Inter­
For instance if we could assume Ihat t e ea ur . 

. ,. '1 the search to the evaJuauon at aU the 
act only in pairs, and so on. Th is would Iml 

Individuals and all the pairs. 
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However, we are not in condition to make a priori assumptions 01 this kind and 

would like to adopt a general-purpose approach. 

One such general-purpose approach uses the evaluation 01 the ~potenti al 01 

collaboration" of which each individual feature is endowed, and thon the selection 

01 the k "top-potential" features. 

We assume that the player has a potential value that he/she can oxpress within 

a collaboration. This is quantified by a power index: we choose as power Index 

the Shapley Value. 

We estimate the Shapley Value of all the features (their importance In improv­

ing the performance metrics, e.g. F-score), then we sort them by their Shaploy 

Value and select the top k. 

Our experimental work consists in verifying that sorting them by Shapley Value 

and taking the top k produces feature sets that have higher performance than 

those that would be obtained by sorting the features by F-score and keeping the 

top k. 

The metrics v(C) which quantifies the value of a set of feature words in our 

case is the objective function of our problem: the capability 01 providing effective 

feature words, measured in terms 01 a chosen metrics-the AJSD. As we have 

proved such metric is defined as the precision 01 a restricted sel 01 20 highest 

score disambiguation pairs3
. 

3 b . the consistence ot the reSU using It othef 
Notice that 20 is selected arbitrary by 0 ~et'VIng ., score stanS deCteaSll"lg 

than numbers below it. When numbers aboVe it are used the pr9CISiOfl 
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A correct disambiguation pair is such that the two words belong to two dlstulCl 

contexts, an incorrect disambiguation pair Is composed, on the contrary, by words 

from the same context. Any candidate set of selected leature-words will be 

evaluated through a function defined as the rate of correct pairs In the top SCOflt'lg 

20 pairs: 

v(C) = ...!..(#COrrBCI top-score pairs when C Is tho loalurosot) (4,3) 
20 

Consider a term I to be disambiguated, we use the following nlgOflfhm. 

1. Select, Irom a (large) sentence collection (the corpus) S, the subsot 01 sen· 

. . 4 
lences 5, containing t 

2. Text preprocessing on S, 

(a) Remove stop words and punctuation 

(b) Get word stems using Porter Sterner the algorithm in ((Porler, 1980)) 

revised and published in (Willett , 2006). 

3. Select the whole set V of unique terms (the vocabulary) in S, 

4. Find the set F e V of IFI representative terms, i.e. 01 selected featur es, 

using the highest Shapley Value features as follows 

f V to zero; i.e. lei I e weight 
(a) Initialize the weights 01 all the features E 

of feature be indicated by 8U): set 8U) ~ 0 for all f E V 
_ --,--_______ --:::;::-: .:w... ~dogiCal 101m . 'bI form 011, I.e. 31 pos_ I1'IOIpr . 

4Notice that the set that contaIns all poSSI e 

should be determined. 
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(b) Compute the Shapley Value sV(.M) 01 a lealur. word. 

Generate a large number of permutations of features and for f!tIery per· 

mutation 1t 

i. initialize an empty set C of candidate features: the f!tIaluation of this 

set is 0 by definition (I.e. ,,(C = 0) = 0)) 

Ii. for every element ! of the permutation 1f 

A. add ! to the current set C of features obtaining CU! and cali the 

evaluation function ,,(Cu i ) on the new set (evaluate tho curront 

performance or importance of a feature) 

B. take the difference between the old and the new value: Il(f) 

,(c u f) - ' (C) 

C. add the value to the balance of the element ! 

(c) normatize Ihe balances /J(f), i.e. compule Ihe sum 01 Ihe /J(f) and 

divide each BU) by this total: the normalized value is the Shapley Value 

of the feature. 

5. Select the 100 feature words with highest Shapley Value as leatures set. 

We have used both synthetic and real world corpora to test our algorithm 

and more precisely the procedure is defined in Algorithm 2. 
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Algorithm 2: Shapley Value Based Feature Selection Algorithm 
Data : I-term to be disambiguated, S(Corpus)-sentences collection 
Result : Set of feature words with corresponding weighted Shapley Values 

1 Initialize 5,=0 
2 51 = 5, if I E 5 , select all sentences containing the term t and 10 S, 
3 Text preprocessing on 5, and assign terms of 5, to 5" 
4 V = 51', if /' ¢. V, Vocabulary of unique terms 
5 Find the set F C V of IFI representative terms, i.e. of selectod leaturos, 

using the highest Shapley Value features as follow 

1. Initialize the weights of all the features f E V to zero: I,e. let tho woighl 01 
lealure be indicated by /J(J): sel /J (J) = 0 for all f E V 

2. Generate a large number of permutations of features 10 Compule the 
Shapley Value 5VI.M) of a feature word. 

3. for every permutation TC do 

• initialize an empty set C of candidate features: the evaluation 01 this 
set is 0 by definition (i.e. , (C = 0) = 0)) 

for fo r every element I of the permutation n do 

• add I to the current set C of features obtaining CuI and call the 
evaluation function v(Cu f) on the new set (evaluate the curren! 
performance or importance 01 a feature) 

• take the difference between the old and the new value: 

6(f ) = ,'(Cu / ) - ,(C) 
• add the value to Ihe balance of Ihe elemenl f: 11(1) = /J(I) + A(I) 

end 

end 

4. normalize the balances 8(/), i.e. compute th~ s~m ~~~hp~e8Y~!I~~d01~~~e 
each B(f) by this total : the normalized value IS t e 

feature : B(f) =B(f )/ 'f. j B(f ) 

6 Select the 100 feature words(for instance) with highest Shapley Value as 

featu res set. 
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4.4 Automatic Image Tags Recommendation 

4.4.1 Introduction 

The aim of this section is proposing an automatic technique to generato tags 

for the image contributed in social tagging system. The proccduro(algonthm) IS 

triggered, if an image is uploaded without initial lag. 

The user may be in a hurry or may not know the contcnt 01 the Imago to pro­

vide tag(s). In this case, similar images Irom Ihe web will be searchod and their 

lags will be assigned as annotation to the new image. To minimize the aforomen­

tioned tags' problems ( scarcity and ambiguity) we exploitod the Importance 01 

tags co-occurrences. Here we have used the AJSO mcasure to lind thO dlvor· 

gence between two tags'/words' histograms and the Shapley Value Calculator to 

measure the average marginal contribution of each lag in the corpora (obtained 

lrom previously tagged images and from Wikipedia text documcnt) toward IlndulQ 

co-occurring tags. 

4.4.2 Tags Generation Procedure 

Let us assume a user provided an image without tag(s). We have developed a 

procedure which can generate possible lag(s) for the untagged Image automall-

cally. The procedure is stated as follows. 

1. Search similar images with at least twO user contritx.iled tags(paJr 01 lags 
. f Ih web( Say Flickr ,mage dalabase) 

has more semantic than a single tag) rom e 
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2. Determine frequent tags set, let us call it T = {tl ,12, .. I,,} (lor example n. 10: 

this will be determined by taking the average number 01 tags per images 01 

similar images) 

3. Select from the sentence collection (the corpus, each image lags consid­

ered as words in a given sentence-lor the corpus obtained trom previously 

tagged images or sentences in text document for the Wikipcdla lexl docu­

ment) S, the subset of sentences S, containing either element of T 

4. Text preprocessing on SI 

(a) Remove stop words and punctuation 

(b) Get word stems using Porter Sterner the algorithm in ((Porler, 1980» 

revised and published in (Willett, 2006) 

5. Select the whole set V of unique terms (the vocabulary) in S, 

6. Find the set F ~ V of IFI representative terms, i.e. 01 selected features, 

using the highest Shapley Value 01 features. 

7. Determine Conditional probability of each tag given the lags set T i.e; 

1)(/r ) = ':![i/, where, n(i, T ) is number of times i co-occur with T and n(T) 

number of elements in T 

8. Determine Co-occurrence Score of I ; and 'i using 

(4.4 ) 
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where,d{t;,l j) is the divergence using the Adapted Jensen-Shannon Diver­

gence stated in the formula 4.1 • which is better than the other known diver· 

gence metrics and same tuning function of subsection 4.3.2 

The aim of the search step in the algorithm is to lind images{with tags) which 

are similar to that in the target (or query) image. Content·based image retrieval 

is a well ·studied paradigm and we wouldn't have interest in improving searching 

techniques to search similar images to the target image. So, we have used tho 

Flickr content-based image retrieval(An application program interface (AP!)) 10 

search similar images. This is to analyze and use the tags of these similar images 

as tags of the images uploaded without tags. The similarity search by Fllckr API 

uses deep neural networks for deep understanding 01 image contents. 

To implement our procedure we have represented the relationships among 

images and tags by a matrix. In the matrix each row corresponds to an image 

and each column corresponds to a tag. We have used the following lunction 

(ImageTag) to determine the corresponding numeric value for each cell in the 

matrix: 

(4.5) 

O,orherwist {

I ,if (l IId 0 11/)' if j" lllge I j (1lIIlOlllltd b), ((Ig I, 

//II{/geTag(i , j ) = 

-;;;:::-;;-;-----;-:-=0== 2361i trodUCII"lg.SlfTlllanty·sea«:h-aHIiCkr. 
ShtlPs:/lyahooresearch.tumblr.com/poStl l56115871 In 

accessed on September 5, 2018 
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Then the matrix is transformed to Tag -Tag matrix-wh,'ch ' t C IS ags a-occurrences 

matrix formed using the following function(TagTag): 

!I ,th e number of images where I(lgs t; (lml lJ 

TagT(lg{ t;, f j) = simu//(meol/s/y CQ - OC(" lIr (1$ (l IIIIO/fll ioIlS 

O, olherlVise 

(4.6) 

From the set of Users, Tags, and Images(Aesources) 01 a Folksonomy. 101 us 

consider the associations between Tags and Images only. LeI us represenllheso 

associations as matrix A = (l ij . where (lij = I, if and only if lag t, is used 10 labet 

image I i and 0 , otherwise as mentioned in equation 4.5. Based on this nollon wo 

can determine the Tag-Tag matrix. Let us denote this matrix by B. as 11 has been 

shown by equation 4.6 and B is given by: 

H= AA' 
(4.7) 

Where A' is the transposed matrix of marix A and elemenl bl
) of 8(Tag-Tag ma­

trix) represents the number of images in which tags I ; and I) appear together as 

annotations. 

From this notation, B is a Tag-Tag similarity matrix since it represents the co­

occurrences of tags. These similarity are from the absolute co_occurrences of 

tags. because it only counts the number 01 times twO tags co-occur as tags 01 

a given image. To determine similarities beyond absolute simila"ties. we have 
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used the proposed similarity measure the Adapted Jensen-Shannon Divergence 

measure as indicated in the algorithm in this section. 

We have used a Flickr API to collect similar images to the target Image, Thon 

we have built tags co-occurrences matrix to find similar lags. In our context by 

similar we mean tags co-occur as annotation of the same images. l eI i and I arc 

two lags, we say Ii and f j are similar if they are annotations(or lags) of a cerlaln 

image W. 

From the image-tag and tag-lag matrices delined in lormulas 4.5 and 4,6, wo 

can find the co-occurrence of tags Ii and ' k by finding the number of Imagos thai 

both occur simultaneously in many images as tag. In such ways il If Is asso-

ciated with "' j, we can recommend It to II' j. The underlined princlplo of co­

occurrences based methods is similar to that of collaborative fil tering (Adomavi-

cius and Tuzhilin, 2005). 

We have used feature selection algorilhm defined in (subsection 4.3,3 ) to 

select important lags( features) which contribute most (to optimize our results) 

toward fi nding of tag co-occurrences. In the procedure, the correct pair indicates 

the two words co-occur as annotation 01 the same image, Any candidate set 01 

selected feature-tags C will be evaluated through a function defined as tho ralC 

of number of correct pairs in the upper 20 pairs obtained Irom previously lagged 

images, We have used equation 4.3 for the evaluation purpose, 

After features set is determined. the final set 01 tags would be generated Irom 
. ' e which has been up'oaded by 

the upper 20 pairs as annotatIon 01 the new Imag 

the user without lag(s). 
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The procedure has been tested using corpor f a rom lags 01 prevk>usly user pro-

I Ip la.Detalled dISCUSSion vided tags of images and textual documents from Wk' ed' , 

found is in the data analysis and experimentation cha t per. 

4.5 Summary of the Chapter 

In this chapter, we have presented the proposed solution to annotate imagos In 

social tagging systems. In the proposed solution we have two cases: 

I . A user can upload an image with initial lag, or 

2. A user can upload an image without tag 

If a user uploads an image with tag, we have proposed a procedure whICh 

will check the tag to see whether it is ambiguous or nol and il il is lound to be 

ambiguous, list of cue-words which help to disambiguate the original lag will be 

recommended. The user will select one or more words from the recommended 

cue-words list that matches the one in his/her mind which can resolve tho ambigu­

ity and this will be augmented with the original lag(initial lag) as a final annotation 

for the new image. If it is not ambiguOuS, the tag will be taken as it is as annotation 

of the new image 

The second case is when the user uploads image without tag. In thIS case 

we proposed a procedure to recommend tags for the new image from prevtOusly 

annotated similar images automatically. 
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In both cases we have used AJSD measure to determine the distance be· 

tween two probability distributions in finding similarity and dissimilatlly 01 lags 

and features selection technique to select important wordsllags which Improve 

the performances of our procedures. 



Chapter 5 Experimentations 

5.1 Overview 

In this chapter. we describe the experimental selup for analyzing the performanco 

of the proposed approaches, including the data sets used, the testing proceduro. 

and the evaluation metrics. We have used both synthetic and real world dalaSOIS 

to evaluate our proposed approaches. 

5.2 Experiment Goals 

Main goals of experimentations in this thesis are to check the appropriateness 01 

tags relatedness metrics in determining quasi co_occurrence(lrue co_occurrences) 

of tags and select the best one, and to evaluate Shapley Value based feature se­

lection strategy in evaluating the importance 01 each feature(i.e. a tag) toward 

determining of word relatedness. 

Different probabi lity distributions divergence measures used to determine the 

distance (divergence) between probability distribution histograms are compared 

in finding dis (similarities) of tags!Words. Divergence metrics, such as SKLD, JSD 

and AJSD, were experimentally learned to determine tags relatedness in this ex­

periment. The second goal is to demonstrate the validity and performance 01 

FS based on Shapley Value as compared to the state 01 the art wIth Feature 
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Seleclion(FS) based on Most Frequently Occuring W d (FO or s Ws) on the same 

experimental setup. 

Generally, we have showed that the extent to which each 01 the mo(tilications 

in our approach contributes to the overall performance improvements: tho IIrst 

one is in cue-tags/words determination in tag disambiguation procedure lor a typ­

ical semi-automatic image annotation and the second one is in automatic Image 

annotation procedure to determine set of lags based on tags co-occurrences. 

5.3 Comparing the Dis(similarity) Metrics 

5.3.1 The dataset to Compare Dis(similarity Metrics) 

In order to compare the dis (similarity) metrics toward the performance 01 thO 

proposed tag relatedness strategy in the disambiguation process, experiment on 

syn thetic corpus is performed. To carryon our study under controlled conditions. 

we opted to create a synthetic corpus. Using this corpus we have compared the 

three dis (similarity) metrics(SKLO. JSD, and AJSD) defined in seclion 2.3 with the 

procedure in subsection 4.3.2 . 

• We created two distinct vocabularies of 1000 words each. representing the 

vocabulary of two distinct sub-domains, which we caU here domain A and 

domain 8. To domain A vocabulary, we associated conventional kfs from 

1000 to 1999 and to the domain B vocabulary,we associated the id's from 
• 

2000 to 2999. 
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• Then for each domain we generated a large number of 3-word sentences. 

picking the words within each domain (the number of sentences was a pa­

rameter of the experiment) . Each sentence was composed only by words 

of the same domain ,1 using an index-difference based randomization proco­

dure: the latter convention was motivated by the choice of providing somo 

structure to the domain. so that the probability of co-occurrence 01 any word 

with any other word in the domain was not uniform. The random generation 

would proceed as follows: 

1. A domain would be chosen at random between A and B. 

2. The first word of the sentence would be generated uniformly at random 

within the corpus, 

3. The second word would be generated at random according to a normal 

distribution, centered on the index 01 the lirst chosen word. and 

4. The third word would be generated at random according to a normal 

distribution centered on the index of second chosen word. For the 

standard deviation of the Gaussian we chose the value 10. No cross-

domain sentences were allowed. 

. h d ain A say the "word~ ~I I II~ 
After this we chose a fixed word from team , 

and a fixed word from the domain Bt say the ·word· "222r and replaced 

f h Pus with a third word. say 
those two words in all the sentences 0 t e cor 

. I ' I A nor 10 B' this word would 
"3333", in this way belonging neither exc USlve 0 ' 

play the role of the word to disambiguate. 
. nl since our procedure treats a sen:ence 

\ The order of the words in the senlences did nol cou . 
as a bag of words. 
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5.3.2 Experiment in Comparing Dis(similarity) Metrics 

After the generation procedure of words, the corpus consists in a large number 

of sentences, whose domain of origin is always clear. Those sentences are not 

to be used as target sentences for word disambiguation, but rather as rolerence 

sentences to be used as background knowledge. 

AI this point we assume that a hypothetical user is In the process 01 13gglng a 

hypothetical resource with the tag "3333M

: we assume that the lag Is recognized as 

ambiguous, since it is significantly present in both domains, tho task now consist 

in proposing to the user a pair of words so that she can choose one she dooms 

associated to "3333" so as to resolve th is word ambiguity. 

The task is accomplished by assigning a score - computed by the procedure 

illustrated in Section 4.3 and by equation (4.2) - to every pair 01 words possible 

according 10 the vocabulary. The full vocabulary consists 01 11 .:1 2000 words. honce 

Ihe possible pairs are /1 (/1 _ I )/2 ~ 2 x 106. Notice that this Includes both same-

domain. and different-domain pairs. 

Ideally, if the procedure is successful, same-domain pairs should be given a 

low disambiguation score, different-domain pairs a high score. However the sta­

tistical noise interferes with the correctness of the procedure, so that - especially 
. d ' pa"fS alsO In the lop-score regton 

lor smaller corpora _ one can hnd same- amain 

of the grading. 

. t k for each realizallon 01 the 
So as to take into account thiS problem, we 00 

. ). considerallon the top 20 candl-
experiment (different in terms of corpus size InlO 
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date pairs and counted how many belonged to the different-domain category and 

results showed the procedure with AJSD divergence metric perlormed beSI. 

5.4 Shapley Value Based Feature Selection 

5.4.1 The dataset for Feature Selection 

To evaluate our procedure stated in subsection 4.3.3 of section 4.3,which is Shap­

ley Value based feature selection to determine cue-words in lag-sense disam­

biguation procedure, we have used the same dataset and size used In subsec­

tion 5.3.1 but using the Adapted Jensen-Shannon Divergence measure whICh 

has shown superior results than the other two( see section 6.2). 

Besides, to evaluate the proposed procedure using a real world dataset. wo 

have used a relatively large text document from Wikipedia English texts dump, 

We have chosen Wikipedia as source of textual documents, since it oilers a much 

wider vocabulary than other readily available resources, lor instance Word Net. 

From this dump, a 6+ GB document is downloaded and a Plain Text Corpus is 

generated using the technique for Text Extractor
2
, 

2hllPS:lIbIOg.afterthedeadline.c0ml2009l12104/gencratino-a-piain-toxt_corpus·lrom-wikipodlal. 

by rsmudge. 2009 
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5.4.2 Experiment on Feature Selection 

To compare the performance of the procedure(in determining cuc·lagslwords In 

the disambiguation procedure) with two setups:( 1) feature selection by moSI Ire· 

quently occurring words, and (2) feature selection by top Shapley Value words 

both synthetic and real word linguistic datasets are used. Here, AJSD divergence 

measure that showed superior performance than SKLD and JSD in detcrmlning 

lags relatedness is used . 

• For the synthetic dataset, the same setup of the above expcrimonl(section 

5.3.2) is used. 

For the real world dataset, corpus prepared Irorn Wikipedia 19KI documont Is 

used. From these text documents we have selected sample lags manually 

for performance evaluation. We assumed that each tag is provided by Ihe 

user as a tag of an image uploaded by himlher or other in the lolksonomy, 

Sample results obtained on the real world data set is presented in table 5, I . 

Let us assume the user provided a tag MCambridge" for an Image and for 

another one "Sank" , cue-words pairs and unique words recommended by 

the proposed algorithms 1 and 2 are shown on the second and last columns 

of Table 5.1, respectively. The last column presented list 01 unique tags 

recommended to the user. 
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Table 5. 1 Sample aulput for the real world I' .. IngulSllC corpus 

Target Pairs of Words Unique 

Word Words In 
the Pairs 

Cambridge (hotel ,university ),( hotel , tour ),( hotel , city), ( hotel . hOIOI, tour, 
hospital) ,( hotel.' bridge ), ( hotel , travel ), ( tour, uni· unIversity, 
verslty), ( tour, CI,tY ), ( tour: hospital),( tour, bridge), ( City, hospt· 

ta~r, tr~vel ),.( university, Clty),( university, hospital), ( tal. bridge, 
un~vers .lty, bndg.e) . (university. travel), (city, hospital), Iravel 

( clty,brldge),( CI,tY, travel) ,( bridge, travel) -
Bank (coastal , deposit), (coastal, bond), (coastat. snow), coastal , 

( coastal, rate) , ( coastal, balance), ( coastal. store),( deposit. 

deposit, bond), ( deposit. snow), ( deposit, rate), ( bond, 

deposit, balance), ( deposit, store),( bond, snow), ( snow, rale. 

bond, rate), ( bond, balance), ( bond, store), (snow, balance, 

rate), (snow, balance), (snow, store), (rate, balance), slore 

(rate, store) , (balance, store) 

5.4.3 Evaluation Metrics 

To quantify the results of our approach in determining tags relatcdness In the 

disambiguation procedure with feature selections, standard inlormalion retrieval 

measures are used. These are precision, Recall and Ft ·Score(Gaun9 and Gaussio
r
. 

2005 ; Peddi et aI., 2010; Pino, 1999; Powers, 2011; Robertson, 2000). 

In the technique of proposing possible set 01 senses; top n pairs 01 tags are 

determined and the following measures are applied lar n is equal 10 20: 

• Precision: measures the rate of correct pairs in the lOP sconng 20 lags 

pai rs. A correct disambiguation pair is such that the twO words belong 0 

two distinct contexts, an incorrecl disambiguation pair is composed, on Ihe 



~. 5 Automatic Image Tags generation 95 

contrary, by words from the same context Pre " . . CISlon IS computed as 101l0ws: 

PrecisiOIl = :::cr:c:a",g2:;O~P 
TlIg20P 

(5.1) 

• Recall: measures the rate of correct pairs in all the resulting tags pairs, 

Precision is computed as follows: 

Recall 
cTag20P 
T(lgalll' 

(5 2) 

F1 -Score the harmonic mean of precision and recall. Fl -Scoro Is computed 

as follows: 

FI = 2· Recall · I'recision 
Recall + PrecisIon 

(53) 

Where, cTag20 is the number of correct tags pairs in tho upper 20 pairs. 

Tag20P is the upper 20 tags pairs and Tagall? is the number of all tags pairs 

in the resulting output and the results of the evaluation using Ft ·score is about 

920/
0 

in accuracy using Shapley Value based feature selection which showed bet­

ter performance than FS based on most FOWs. 

5.5 Automatic Image Tags generation 

Let us assume a scenario for the target users of the Flickr Web site: as members 

of the community or personal users, want to index (and share) latest ptctures and 

upload them. In these processes, let us assume the user knowS some 01 he 
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images(or photos) they have and do not know others exactly or he/she may have 

not time to annotate. Tags may be assigned for those which have been known 

and others can be uploaded without tags.We want to generate tag(s) of the new 

image automatically for those images which have been uploaded wilhoullags. 

To address this problem we followed the procedure slated in seclion 4.4 .2. At· 

ler collecting similar images to the target image, candidale lags for Ihe untaggcd 

image have been selected from the tags of visually similar images. We use lags 

that occur multiple times as tags of many images and lags relationships 10 other 

lags (using tags relatedness measure to exploit tags co·occurrence information) 

in this set of tags from similar images. In the divergence measure it pair of lags' di· 

vergence measure score is relatively less than those 01 other pairs, the probabihty 

01 the co-occurrence of these tags as annotation of the same image is high. 

5.5.1 The dataset and experiment for Generation 01 Tags Au­

tomatically 

we conduct experiments on a dataset collected from a real-world system, namely 

Flickr, lor online photo sharing site. The dataset is collected using sample images 
. . s have been uploaded without 

as user provided inputs, by assumIng these Image 

lags. 

We have collected 100 sample images and for each of them. similar images. 
hed using the content of the Input 

with at least two user provided tags, are searc 

image. A corpus is prepared from these images. 
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The sample images are distributed among 10 human annotators' who have 

been trained toward the purpose of our procedure. Based on the training 2 an· 

notators seated together and did the annotation. Their annotation results are 

checked and discussed to avoid subjectivity and approved for the test. 

Additionally, we have used text corpus prepared in section 5.4.2 to test tho 

performance of the procedure with respect to the semantic knowledgo repository. 

Wikipedia. To make our text corpus relatively exhaustive, we have includod somo 

text documents searched from Wikipedia using keywords obtained tram prevl. 

ously tagged images(step 2 in the procedure under section 4.4 .2) . 

The sample results are demonstrated in the table 5.2. In this table tags are 

separated by commas and sorted alphabetically. 

Table 5.2 sample Tags Results obtained from Human annotators and Our proce· 

dure 

Sample 
Images 

Tagging 

i 
big, cat, 
jaguar 

big, cat, 
jaguar,wild 

Ethiopia, 
King, 
Lalibela 

church 
,9iorg ious, 
hewn, 
lalibela, 

church 
king city 
ethiopia 

sun, tree 

is!and,set, 
sun 
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5.5.2 Evaluation Metrics of Generation of Tags Automatically 

To quantify the performance of our procedure, which have been implicitly lested 

in the tag sense disambiguation under semi-automatic image tags recommen­

dation procedure, we have used Precision, Recall and Fl -Scare ellecllveness 

measures. 

These performance measures are defined as follows: 

Let HumanTag be the set 01 aU tags provided by human annotators and Proco­

dureTag be the set of aU tags recommended by our procedure trom lags oblalnod 

from previously tagged images. Then 

. . I flllm(ltrTagn Prac~{/ l4 r(!T(lg l 
PreCISIOII = IProadllreTag l 

(5.41 

IH III/WlI Tag n Proced I4r~ fllg I 
Recall = IHllmcmTclgl 

(5.5) 

2 .. Rec{J //.I'rtlcisiOIl (~ .6) 
,.. 1 == .. 

Recl/If + PreCISIOn 

. . about 92% in accuracy. 
The results of the evaluation uSing F1 -scOre IS 
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5.6 Summary of the Chapter 

In this chapter we presented experimentations to evaluate the periormanco 01 

our proposed approaches using both synthetic(controlled vocabulary} dataset 

and real world datasets from Wikipedia text document dump and Fllckr Images 

database. 

The corpus from synthetic dataset is used to evaluate the preciseness 01 tho 

metrics used in our procedures. Based on the r~sults obtained from the synthctic 

dataset. we have extended our experiments on real world datasets. 

To implement our algorithms, all the programming was done In Python . PythOn 

libraries, packages, codes for different functions and modules arc used from 

freely available source on the web. 



Chapter 6 Discussion of Results 

6.1 Overview 

A Hybrid Image Annotation mechanism in Folksonomies is proposed using tagsIWords 

Co-occurrences (chapter 4). The proposed approach is believed 10 improve col· 

laborative tagging whereby people attach tags to images, in order to rondor thorn 

retrievable in the future. 

Improving the quality of tags in a typical semi-automatic image annotation envi­

ronment is investigated and the possibility of automatically Identifying the soman­

tically related tag pairs and making explicit their relationship, even in the absence 

of user provided initial tags is studied based on the research questions raised, 

Hence, the purpose of this chapter is describing results obtained trom exper­

imentations, in order to show the extent to which the research questions are ad­

dressed. Besides, important findings from this study are presented. 

Resul ts on cue-words discovery in the disambiguation algorithm to compare 

different divergence measures( measures to determine the distance between twO 

probability distribution histograms), on the comparison 01 cue-words discovery 

algorithm with feature selection based on frequent occurring words versUS leature 

selection based on Shapley Value and on results obtained by best results of these 

techniques recommending tags of images automatically are discussed. 
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6.2 Techniques of cue-words discovery for tag -sense dO bO 
0 _ 15am 'guatlon ,0' 

Results obtained are compared and demonstrated 0 dO USing lagrams and stan· 

dard evaluation metrics. 

6.2 Techniques of cue-words discovery for tag-sense 

disambiguation 

6.201 Comparing Dis(similarity Metrics) 

The various divergence measures to measure the distance between two prob­

ability distribution histograms and weighting techniques have been employed to 

increase the accuracy of tags, in a typical semi-automatic image annotation loch· 

nique, based on co-occurrences for the algorithm we proposed 10 lind cue-words 

in the disambiguation process is depicted in figure 6.1. 

First, we want to discuss the comparison of the performance of the cue-wordltag 

discovery process in tags disambiguation procedure proposed in this study by ap· 

plying different divergence metrics using sentences from synthetic corpus.Tho 

comparison is explained based on the same tag representation. This represe
n

· 

tation is based on a target word and its senses{or context). Secondly, we WIll 

compare the results after applying feature selection techniques in the next sub· 

section 5.4.1 under this section. 

The results referring to the corpus sizes of IcY , to-' , 10" , l OS and to twO dlllerenl 

choices of the stretching function gO in equation (4.2) are shown in Figure 6.1. In 

o KL JSD and AJSD are accounted lor 
each graph, the three divergence melncs S • 
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One can observe(see figure caption for details) that on average the number 01 

correct pairs discovered by the AJSD metrics is always higher than the other two 

metrics, which turn out to be more or less equivalent; furthermore the advantage 

of AJSD is more apparent at low statistics, ie. with small corpora. We notice also, 

incidentally, that the function g(d ) = d ~ has a better performance than g(d ) d 

From figure 6.1, labels on the x axis represent the logarithm in base 1001 tho 

size of the corpus. The y axis represent the average number of correct disam­

biguation pai rs discovered out of the 20 top-score pairs, using the score 01 equa­

' ion (4.2) with, a) in the upper figure g(d) = Ii and b) in the lower ligur. g(d) dl. 

One can observe that in average the number of correct pairs discovered by the 

AJSD metrics is always higher than the other two metrics, which turn oul to be 

more or less equivalent. Furthermore, the advantage of AJSD is more apparent 

at low statistics, i.e. with small corpora, which mimic the typical real word situation 

in which the linguistic data are relatively scarce. 

6.2.2 Shapley Value Based Feature Selection 

In th is section we want to discuss the comparison of our approach, Shapley Value 

based feature selection, with feature selection using most frequently feature which 
. . most related works to ourS, dLs­
IS the practice of most related work. For Instance, 

. . ed ' (5' urb'IOrnssOn and Van Zwel , 
cussed in the related works chapter, IOdlcat 10 Ig 

2008 : Weinberger et aI. , 2008) used FS based on most FOWS. By USIng AJSD, 

. ults than SKLD and JSD WIth 
the divergence metric which showed supenor res 

1 • t' ted the effect 01 feature se~' 
the stretching function g(d) ::= dl ,we have lOves Iga 

'ed h Shapley Value techniqueS 
tion in the disambiguation procedure; we apph t e 
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Fig. 6.1 Synlhesis of Ihe pertormance comparison for Ihe Ihree dIvergence me • 

lies SKL. JSD and AJSD. 
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on both dataset(synthetic and real world corpora) to identify Ihe moSI important 

lags. 

The performance of the procedure toward finding cue-words to disambiguato 

a given tag is compared with FS based on frequently occurring words used by 

most of the works in literature and results are presented in figure 6.2 and ta­

ble 6.1. From the table we can see the cue-word discovery procedure In lags 

disambiguation process using FS based on Shapley Value showed a belter por­

formance with Fl -score about 93%. According to Shapley Value, the imporlance 

of a tag is determined according to its average marginal contribution score which 

is independent from the frequency. 

Table 6 .1 Fl Scores-compares the proposed procedure for tags disambiguation 

with and without feature selection 

The Procedure Scores 

With FS based on most FOWs 
0.7504 

With FS based on Sh value of words 
0.9274 

. h . b • 1001 
From figure 6.2, the labels on the x axis represent the loga(ll m 10 as 

. t Ihe average number 01 correct 
the size of the corpus and on the y aXIS represen 
. 0 I ore pairs using the scoro of 

disambiguation pairs discovered out of the 2 op-sc ' 
, Ih t on average the number of 

equation (4.2) with, g(d) == dl. One can observe a 
. I V luer based feature selection 

correct pairs discovered by applying the Shap ey a 

technique is always higher than the other case. 
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COMMON LOGARITHM OF THE CO RP U IZE 

~ ig . 6.2 Synthesis of the performance comparison lor the two cases disambigua­
lion procedure with feature selection based on the Shapley Value(With FS based 
on Sh value of words) and with feature selection based on the most frequently 

occurring words(With FS based on most FOWs). 
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6.3 Automatic Image Tags generation 

The results of the evaluation using Fl-score is summarized in lable 6.2. 

Table 6 .~ Fl Score Results to evaluate the performance 01 the procod I 
Automatic Tags Recommendation ure or 

Corpus Used Scores I 

Tags from Previously Tagged Similar Images 0.9205 1 

Wikipedia Text Document 0.9168 

The performance of the procedure has been evaluated in sections 5.3 and 54 

with the results obtained in subsections 6.2.1 and 6.2.2 using both synthetic and 

real world datasets and communicated to the scientific community through two 

articles. Here, the difference is that, we have assumed tags set lor a given image 

as words of a sentence (i.e. image tags are wordS in one sentence) bUt other 

things are the same. The accuracy of the performance of the proposed aJgo
nthm 

to generate tags for the new image uploaded without lags is about 92%. From 

table 6.2 , we can see the results obtained using text documents as a corpus to 

determine co-occurring tags is also promising. 

The work presented in (Sarai and Cardenas, 2010). which is more related 

to work in regarding to recommending tags of new image automatically, used 

techniques of linding frequently occurring tags which is up to step 2 01 our pro-­

cedure using previously annotated images and obtained 69% aCCUracy Tags 

relatedness to determine co_occurrence of tags and seleclln9 Important tags set 
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in the determining of tags co-occurrence are not pert ed D ' , orm . elermlmng lags 

co-occurrences is important to minimize tag ambiguities. 

6.4 Summary of findings 

From the above experimental resulls, the following findings are obtained: 

1. In order to determine tags relatedness to determine cue-words 01 ambigu­

ous tag, a tag-sense disambiguation procedure is proposed. Since, this pro­

cedure depends on effective word to context relatedness measures, AJSO 

is showed as best metric which takes into account statistical fluclUations and 

at low statistics, i.e. with small corpora. 

2. Using the selected divergence measure (Le. AJSO) together with the Shap­

ley Value feature selection technique about 93% accuracy 01 correct pairs 

of tags in the process of tag disambiguation is obtained. The Shapley Value 

based method to select important feature, is a way of doing feature selection 

in a form that turns out to be more effective than considering the FS based 

on FOWs method, Le. choosing the features based on their performance in 

isolation. We demonstrated experimentally, the importance of constructing 

tags probability distributions based on their co-occurrences with the leatures 

of the highest Shapley Value scores. 

3. Technique of using sentences of texts from semantically rich documents (i.e: 

Wikipedia) showed in determining tags relatedness. 
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4. Findings obtained from 1 to 3 are used to recommend lags 01 an image 

automatically using tags of previously tagged images. 



Chapter 7 Conclusion and Future 

Works 

In this chapter conclusion and future works are presented. First, we summarized 

main issues of th is thesis and then future works and direction resulted from this 

study are presented. 

7.1 Thesis Summary 

This thesis investigated the role of lagslwords relatedness in tags recommen­

dation lor image annotation in folksonomies toward assigning tags to a newly 

uploaded image: semi-automatically and automatically. 

In a typical semi-automatic image tagging, we developed a technique to rec· 

ommend additional tags to the initial tag supplied by the user who is uploading an 

image to enrich the semantics of the original tag. These additional tags are rec· 

ommended to disambiguate and add information in order to minimize tag context 

scarcity. 

If a user doesn't provide initial tag to the image shelhe is uploading, this 

proposed automatic tags recommendation technique. In this technique, tags 01 

similar images to the target image are analyzed based on lags relatedness mlof* 

malion and required tags for the new image are Suggested. 
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In both cases we analyzed word-to-context and word -to-ward relatednesscs 

to exploit natural (quasi) co-occurrences of wards(words which dan', co-occur 

accidentally). We have used external resource from the web( i.e.; Wlklpedl8 

text document) to analyze words co-occurrences. These should rely on elloc­

tive ward-to-context and word-to-ward relatednesses metrics. Among the masl 

effective relatedness metrics are those defined on the basis of a Icaturc voctOr 

representation of the words. 

We used metric derived from a Maximum Likelihood estimator 01 the Jensen· 

Shannon Divergence among feature-count histograms-AJSO and wO showed that 

the performance of such a metric in terms of Quality of the output Is bOiler Ihan 

both the Jensen-Shannon and the Symmetrized Kullback-l eibler divergence be· 

tween histograms. 

In this thesis, a new algorithm, with corresponding experimental results. lor 

selecting feature words, in fact list of words (resulted from pairs of cue-words) 

that might help a user to disambiguate a freely chosen tag and 10 lind similar tags 

(or tags of same(similar) image), used to annotate user provided content(tmag
o
) 

in a web-based social tagging system such as Flickr, is presented. The novelty 

of the presented algorithm is applying a feature selection approach based on 

the Shapley Value, a metric initially proposed in the domain 01 Coalitional Game 
• I ponent within a coalition. ThiS 

Theory, which measures the ~importance 0 a com 

thesis addresses an interesting open issue in the literature proposing a novel 
. . dsltags relatedness lor lag­
Idea in the field of social tagging to determme wor 

I 1 I'on Experimen 5 have been 
word disambiguation and tags co_occurrence ca cu a I . 
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performed on both synthetic and real corpus, which show a belter accuracy 01 the 

results when the Shapley Value metric is used in finding wordsltags relatedness. 

An experiment, using the synthetic corpus, is conducted by comparing throo 

probability distributions dis(similarity) measures (KLD, JSD and AJSD) to estab· 

lish the relatedness of one word/tag to another. With respect to the procedure 

suggested to disambiguate a target tag/word, AJSD always showed bellor por· 

formance. We have used a controlled artificial corpus. in order to make a moro 

precise assessment of the accuracy of the metrics. 

The second experiment used a Shapley Value Analysis to calculate the rela· 

tive weights of tags/words, to select important features sel. that was applied to 

the same corpus for the first experiment to further improve the accuracy 01 lags 

disambiguation procedure, while the third experiment appfied Wikipcdla textual 

document to implement the procedure on the real·world dataset and results ob· 

tained are promising. 

The fourth experiment, conducted to evaluate automatic tags generation Irom 

previously tagged images on social image sharing web site. Flickr. used the same 

metrics as that of the second experiment. Wikipedia textual documents are also 

used to improve the semantics of the results and compared. 

h 
" 

$ raised as followS: 
Generally. we have answered the researe ques Ion 

, ' I . I semi·automatic tagging tech, 
To answer the first research question, In a yplca 

, , end additional tags for usef pro-
",que, a procedure is developed which recomm 

I 
'b tes an image with tag(S), the 

vided tag . In this procedure when a user con n u 

II 
'" ',$ lound to be ambiguOUS. then cue·

words 

lag(s) are checked for ambiguity. 
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will be recommended( based on the score obtained from the selecled divergence 

metric) to the user for choice of sense in their mind, automalically. Then the ongi­

nal user provided tag and the new tag will be augmenled and assigned as a hnal 

annotation of the uploaded image. 

To answer the second research question, we have developed a procedure 

which is able to generate tags automatically when the user uploads an Image 

without tags. For unlabeled image, the procedure searches visually similar im· 

ages from the social media with user contributed tags. The annotations (or tags) 

are analyzed and ranked based on their relevancies to the given image. Thon 

most relevant set of tags are selected and assigned to the new image. 

To answer the third research question, a feature selection atgorithm is pro­

posed using Shapley Value Analysis,a well-known concept in the lield 01 gamo 

Iheory (Hualong and Jing, 2011; Jeffery el al., 2006; Shapley, (953),used 10 oval· 

uate the importance of individual feature with respecllo the intendod task at hand 

by taking in to considerations the relationships among fealures. In Ihis procedure 

a feature is a word and this word will belong to the futures set, il it has highest 

Shapley Value in the marginal contributions toward the improvement of the accu-

racy of the procedure. 

To answer the fourth research question, which will improve the quality 01 lags, 

an external textual resources from Wikipedia is used. From English lext document 
. . h t hn'que for Text Extractor' 

dump In Wikipedia a Corpus is extracted uSing I e ec I 

. d Co-occurrence statistics. 
and used to find words relationship based on war s 

. nlain_ lcxt-(:()fpus.lrom-~· 
1 hnps :llblog. afterthedeadline.com/2009/12104/generalJoo·a.1'" 

by rsmudge, 2009 
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7.2 Future Works and directions 

This research work tried to establish the approaches required to increase lags 

accuracy in images. However, the work by no means can be one-time solution 

and should be extended. 

A future work can apply word relatedness metrics and the procedure to selocl 

feature words using Shapley Value analysis suggested in this thesis on Wlklpod1a. 

textual documents (or articles) to locus on sentences which provide relevant and 

important in formation about words relationship without dOing linguistic annotation 

process to build folksonomy of words disambiguation. not only a single word but 

also pair of two words or triple of three words and so on. The tcchnique will col­

lect ambiguous words (possibly as exhaustive as possible) and build folksonomy 

of these words with their possible senses so that a research work can use this 

constructed folksonomy in the process 01 resource organization and retrieval. Be­

sides one can extend this technique for building tag clouds. say TagNet. lor words 

co-occurrences to navigate across resources linked to a search engine. 

In social tagging systems (or Folksonomies), we have Ihree important ele­

ments: Resources, users, and lags. In this thesiS. we have locused on rela­

tionships of Tags (particularly tags of images) and partially Images-Tags rela­

l ions. In the future, this work can be extended to study relationship between 

Users-Resources, Users-Tags. and Resources-Tags by applying imponance 01 

CO-occurrences. This will be further extended to recommendation systems by lO-

t 
source correlation resource-

corporating user-la-user correlation, resource- o-re ' 
. t t . es to improve resource orga-

to-user correlation types of recommendation s ra eg
l 
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nization and retrieval using one of pattern recognition models, tor instance Hidden 

Markov Model. 

By analyzing words relatedness information, one can extend this work 10 ex­

tract meta-data on a given domain from fOlksonomies(Fuslon ot multiple tolk­

sonomies). 

Even if the proposed approach is fully statistical, in the tuture, wo would IIko 

to explore the effectiveness of our approach for other languages,Dllferonl lan­

guages have their own syntactic and semantic S1ructure. This work can be ox­

tended to words disambiguation technique other than English like 'Amharic word 

disambiguation. 

Furthermore we would also like to test our method on various domains spa-
• 

cific application, for instance, health care recommender systems. 



~-----
I 

References 

Abbasi. R., Chernav, 5. , Nejdl , W., Paiu, R., and 5laab, 5. (2009). E,plaillng 

!l ickr tags and groups for finding landmark photos. In European ConI rOnco on 

Information Retrieval, pages 654-661 . Springer. 

Abbasi. R. and Staab, S. (2008). Introducing triple play lor Improved rOsourCO ro­

!rjeval in collaborative tagging systems. In Proceedings of rho cCIR WorkshOp 

on Exploiting Semantic Annotations in Information Retrieval (ESAIR'08) March 

30, 2008. Barcelona. Citeseer. 

Abel , F., Henze, N., Kawase, R. , Krause, D., and 5ichndel , P. (2010). Tagmol: 

Enhancing social tagging with spatial context. In International ConforoncO on 

Web Information Systems and Technologies, pages 114- 128. Spnnger. 

Adomaviciu5, G. and Tuzhilin, A. (2005). Toward the next generauo
n 

01 rec­

ommender systems: A survey of the state-ol·the-art and POSSIble extonstOnS 

IEEE Iransactions on knowledge and data engineering, 17(6):73
4
-7

4
9 

AIghah, F., Razi , A , and Najarian, K. (2015). A shapley value solul>Ofl 10 

game theoretic-based feature reduction in false alarm detection. arXIV prepnnt 

arXIV:1512.0 1680. 



References 

Alelyani, S. , Tang, J ., and Uu, H. (2013). Feature seloction lor dustenng 

Data Clustering: Algorithms and Applications, 29: It 0-121 

116 

Balbi . S. (2010). Beyond the curse of multidimensionality: high d'mGrwonaJ Clus 

tering in text mining. Stat. Appl. J. Appl. Stat. 

Banerjee, M. and Pal, N. R. (2015). Unsupervlsod fealure sefocllon with con· 

Irolled redundancy (u fescor). IEEE TransactIons on Knowlodgo and Dora Engl 

neering, 27( 12):3390- 3403 . 

Barai. S. and Cardenas, A. F. (2010). Imago annotation syslem using visual and 

texlual features. In OMS, volume 10, pages 289-296. 

Barclay, l. (2009). Tagging: People-powered mefadala lor tho social wOO (smith , 

g.; 2008)[book review). IEEE Transactions on Profass/onnl CommunlCDtlon, 

52(3):321 - 322. 

Barrios. J. M., Diaz-Espinoza, D .. and Bustos, S. (2009). TOI(I·basod and cont nt­

based image retrieval on flickr. In Similarity Search and AppllC8t/ons. 2009 

SISAP'09. Second Inlernalional Workshop on, pagos 156-157, IEEE. 

Scgelman. G. , Keller, P., Smadja, F. , et al. (2006). Automated lag clustenng Im­

proving search and exploration in the lag spaco. In CollaboratlVO Woo TaWing 

Workshop at WWW2006, Edinburgh, Scotland, pages 15-33 

Belanche. L. A. and Gonzalez. F. F. (20 11 ). Review and cvaluauon 0110alur8 

selection algorithms in synthetic problems. arXIV prepnnt arXtv:I 10'2320, 

Benz, D .. Grobelnik, M., Ho1ho, A .. Jaschke, R .. Mladenoc, D, SeMId>o, V D , 

Sizov. S., and Szomszor. M. (2008). Analyzing tag semanucs acroSS coRabora­

tive lagging systems. In Dagstuhl Semmar 08391-WofkIrJg Group Summary 



I 
References 

11 7 

Bernardi, A. . Cakici, A. , Ellioll , D., EIdem. A .. Erdem, E. . lkizlor Cmbtl. • Keller, 

F. . Muscat, A" and Plank, B. (2016). Automatic doscnpl)On gooorohon Irom 

images: A survey 01 models, datasots, and evalualion moasures J AIM Int " 

Res.(JAIRJ, 55 :409-442 . 

Bichler, M. (2006). Design science in Information svsloms rosoarch. 

Wirtscha ftsinformatik. , 48(2) :133- 135. 

Bischoll , K .. Firan, C. S., Nejdl , W .. and Palu, R, (2008), Con 011 logs bo usod 

lor search? In Proceedings of the ,7th ACM conforonco on InlOrmatlon snd 

know/edge management, pages 193- 202. ACM. 

Blei , D. M. and Jordan, M. I. (2003). Modeling annOlalod dOlo In ProctHldmgs 01 

tlJe 26th annual international ACM SIGIR conforonco on Rosoarch and davol· 

opmenl in informaion retrieval, pages 127- 134. ACM. 

Bolon-Canedo, V., Sanchez-Marono, N .• and Alonsa-BClanzas. A (20 13). A ro­

view of feature selection methods on syn thetic data. Knowlodgo and mforms-

tion sys/ems, 34(3):483-519. 

Brin, S. and Page, l. (2012). Reprint of: The anatomy 01 a largo-scalo hyportox ­

tual web search engine. Computer nerworks. 56(18):3825-3833. 

Budanitsky. A. and Hirst, G. (2006). Evaluating wordnet-basod moasures 01 5oXI­

cal semantic relatedness. Computational LingUIstICS. 32:13-47 

Bulo, S. R. , Rabbi, M., and Petillo, M. (2011 ). Conlenl-based .mago retno.al 

with relevance feedback using random walks. Pattern Recognition, 44(9)2109-

2 122. 



References 118 

Cantador, I. , Konstas, I., and Jose, J. M. (2011 ). Calogonslng sooaJ tags 10 im· 

prove folksonomy·based recommendations. Wob somantlcs. SClOnce, SOMCOS 

and agents on the World Wide Web, 9(1):1- 15, 

CallUla, C., Benz. 0., HOlho, A., and Stumme. G. (2008). SemantIC grounding 

of tag relatedness in social bookmarking systems, Tho Somantlc Wob·ISWC 

2008, pages 615- 631 . 

Cattuta, C. , Loreto, V., and Piotronero, L. (2006). CollaborOllve lagging and soml· 

otic dynamics. arXiv preprint c5/06050 IS, 

Chandrashekar, G. and Sahin, F. (2014). A survey on feature soloctlOn mothods 

Computers & Electrical Engineering, 40(1): 16-28. 

Chang, S.·K. and Hsu, A. (1992). Image information systoms: whoro do wo go 

from here? IEEE transactions on Knowledgo and Data Enginoormg. 4(5) :431-

442. 

Chap/ot, D. S. , Bhattacharyya, P .. and Paranjape, A. (20 15), UnsupervIsed word 

sense disambiguation using markov random field and dependoncy parsor. In 

AAAI, pages 2217-2223. 

Chen, J. , Zhu, Y.-H., Wang, H.-F .. Jin, W., and Yu, Y_ (20 12), EliectrVe and 01-

ficient multi.facet web image annotation. Journal of Computor ScIence and 

Technology, 27(3):541-553. 

Chen, K. (2005). Linear discriminant analysis (Ida). 

Chen, X., Hu , X., Zhou, Z .. Lu, C .. Rosen, G .. He, T" and Park, E, (20 10). A proba­

bilistic topic.connection model far automatic image annolalton In ProceedIngs 



References 

of the 191h ACM Intornational conforonco on InlormotlOtllltd If 

agement, pages 899-908, ACM, 

"8 

Cohen, S" Ruppin, E" and Dror, G (2005), ronMo 10C1.., based on IhI 

shapley value. In other words, 1 :98Eqr 

Cover, T, M, and Thomas, J, A, (20 12), Elomonts of Intor""'I"'" /hoory John 

Wiley & Sons. 

Curlis, B, A" Nickolas, S, E" and Vicknair, W, E. (20 12), R IOVllnl1 rm O,UlIChon 

and classification far wiki cont nl. US Pot nl 8.1 .03 

Dalla, R" Li , J" and Wang, J, Z, (2005), Coni nl bo.ed Imog ,I"OV I P 

praaches and trends of tho now ago. In ProcoodlnQs 01 lfUJ 7th ACM 510 M 

mlernational workshop on Multimedia JnfornllJtion rotrlDVsl. pag • 253-262. 

ACM. 

Dallolo, A" Ferrara, F" and Tasso, C, (2010), Tho ,010 01 lag. lOr ,ocommond Iron 

a survey. In Human System Intoracllons (HSf). 20 10 3rd Con ronco on. pegos 

548- 555, IEEE, 

Dellschalt , K. and Slaab, S, (2008), An opiSlomlc dynamic model lOr lagg'ng 

systems. In Proceedings of the nineteonth ACM conferonce on Hypertext , nd 

hypermedia, pages 71-80. ACM. 

Deshmane, p, and Wankhade, N, (20 14), A survey on coIIabora laggong 

Dharani. T. and Aroquiaraj. I. L. (20 13). A survey on contont baNd wnaoe r. 
trieval. In Pattern RecognillOn. fnlormatfCS and .JobMI E~ (PR VEl. 

2013 International Conference on. pagos 485-490. IEEE 



References 120 

Dobrescu, M., Stoian. M., and leovcanu, C. (20 10). Mul1l.modaJ ct)Ir algofllhm 

based on latent semantic indexing. In Intornot and ~ b AppliClIttOns and Ser· 

vices (lCIW). 2010 Fiflh Imornational Conloronce on. pagos 37 2. IEEE. 

Doerlel . S .. Zoller. 0 .. Singer. P. Nleblor. T .. HOlho. A .. and Sllohmalor. M (2016). 

What users actually do in a social tagging sysl m: a study 01 usor bohavlor In 

bibsonomy. ACM Transactlofls on the Web (TWEB). 10(2) :" 

Duda. R. 0 .. Harl . P. E .• and Siork. D. G. (20 12). Pattorn claSSlllC8tlon. John 

Wiley & Sons. 

Duygulu. P .. Barnard. K .. de Freilas. J. F .. atld FOlsylh. D. A (2002). Objocl l0c0g 

nilion as machine translation: learning a loxlcon lor a hxod ~mago vocabulary 

In European conference on computor vision. pagos 97- 11 2. Spring r 

Dy, J. G. and Brodley, C. E. (2004). Feature selection lor unsuporvlsod looming 

Journal of machine learning research, 5(Aug) :845-889. 

Fan. J .. Shen. Y . Zhou. N .• and Gao. Y. (20 10). Harvosting largo·scalo woal<ly· 

tagged image databases from the web. 

Feng, S., Manmatha, R., and lavrenko. V. (2004). Mufliplo bernoulli relevanco 

models for image and video annotation. In Compu/or Vision and Pattorn Rocog­

nition. 2004. CVPR 2004. Proceedings 01 the 2004 IEEE Computer Soctoty 

Conference on, volume 2, pages II-II. IEEE. 

Feng, Y. and lapata, M. (2008). Automatic image annotauon uSing aux"lary oxt 

mformation. In ACL, volume 8, pages 272-280. 



References 121 

Fonl, F., Serra , J .. and Serra. X. (2013). Folksonomyba. od 180 rocommondah"" 

for collaborative tagging systoms. IntarnDtlonal JOCJ(naI on SOmDntc WOb .nd 

Inlormation Systems (IJSWIS). 9(2):1 -30. 

Freund, Y .. Iyer, R. , Schapire. R. E .. and Singer. y, (2003). An oU""onl boo.long 

algorithm for combining proforonc s. Journal 01 machln IG rnlng (OSO'tCh, 

4(Nov):933- 969. 

Fu. W. -T .. Kannampall il . T" Kang. R .. and H • J. (20 10). S manliC Imllalien In 

social lagging. ACM TransDctlons on Compul r-Uumltn IntD(ootlon (TOCHI), 

17(3): 12. 

Gemmell. J ., Ramezani, M., Schimotor, T., Christianson, L., nd Mobas r, B 

(2009). The impact of ambiguiry and redundancy on lag rocommond Iton In 

folksonomies. In Proceedings of tho third ACM conforonco on Rocommondor 

systems. RecSys '09. pages 45-52. New York. NY. USA ACM 

Gemmell , J., Shepitsen, A., Mobasher, B .. and Burko, R. (2008a). Personaliza­

tion in folksonomies based on tag clustering. IntolllQont tOChmqu s /or "'''00 

personalization & recommender systems, 12. 

Gemmell . J., Shepitsen. A., Mobashor, B., and Burko, R (2OO8b). Personaliza­

tion in folksonomies based on lag clustorlng. Intolllgont rochfJlquos lot woo 

personalization & recommender systems, 12. 

Gemmell , J., Shepitsen, A .. Mobasher, B .• and Burke. R. (2OO8c) . PersonalIZing 

navigation in folksonomies using hierarchICal lag d uSICMg In IntsmatlOl1lJl 

Conference on Data Warehousing and Knowfedgo DrSCOVCf)', pages 196-205 

Springer. 



Relerences 122 

Gemmell, J .. Shepitsen. A., Mobasher, B .. and Burko. R (2008d) Porsonallzlng 

navigalion in lolksonomies using hierarchical tag clustorlng. In PrOCHdl()gs 01 

the 10th international conferenco on Data Warohous/ng and Knowlodgo D,S' 

covery, OaWaK '08, pages 196-205, Berlin, Hoidolbcrg . Spring r 

Ghodsi, A. (2006). Dimensionality (eduction a shari tutorial. DoptJrtmonr 01 S tlJtlS' 

tics and Actuarial Science, Univ. of Waterloo, Ontario. Canoda. 37 :38 

Ghosh, S. and Bandyopadhyay, S. K. (20 13). A IUlorlal rovlow 01 sul0molle Imego 

tagging technique using text mining. In Intornatlonal Journal Of Rosoarch In 

Engineering And Technology ISSN, pages 2319- 1163. 

Giyanani. R. (2013). A survey on word sense disambiguation. IOSR Journal of 

Computer Engineering (IOSR·JCE), 14 :30-33. 

GOlub. G. H. and Van Loan, C. F. (20 12). Mamx computations, volume 3 JHU 

Press. 

Gong, T. , U, S., and Tan, C. L. (20tO). A semantic similanty language model to 

improve automatic image annotation. In Tools with Artifictallntofllgonco (ICTAl). 

20 10 22nd IEEE International Conference on, volume 1, pages 197-203. IEEE. 

Goutte, C. and Gaussier. E. (2005). A probabilistic intorprotation 01 prOCISlon. 

recall and I-score, with implication lor evaluation. In ECfR, volume 5, pagos 

345-359. Springer. 

Gupta, M., Li . R., Yin, Z .. and Han. J.(2010). Survey on SOCIallagg.ng 10CnOlQucs 

ACM Sigkdd Explorations Newsletter, 12(1 ):58-72 

Guyon, I. and El isseeff, A. (2003). An introduction to vanable and leature selec· 

tion. Journal of machine learmng research. 3(Mat): 1157-1182. 



References 123 

Hardoon, D. R. , Saunders, C., Szcdmak, S .. and Shaw. -roylor, J (2006). A cor 

relation approach for automatic image annotation. In IntornaClonsl Con/oronet) 

on Advanced Data Mining and Applications, pages 68 t 92 Sprlngor 

Hardoon, D. A. , Szedmak, 5., and Shawe-Taylor, J. (2004). Canonk:al conolohon 

analysis: An overview with application to loarnlng methods. Noural compuro 

tion, 16(12):2639- 2664. 

He, X. , Cai, D., and Niyogi, P. (2006) . Laplacian score tor loaturo seloclion In 

Advances in neural information processing systoms. pages 507-514 

Hevner, A. and Chatterjee, S. (20 10) . Design sclonce resoarch In Informotlon 

systems. In Design research in information systoms, pag s 9-22, Springor. 

Holland, S. M. (2008) . Principal components analysis (pea). Department 0/ Go­

ology, University of Georgia, Athens, GA, pages 30602- 250 1, 

Horiuchi , S., Moriguchi, H., Honiden, 5., and Shengbo. X. (20 13). AutomatIc 

image description by using word-level lea lures. In Procood/ngs of tho FIfth 

International Conference on Internet Multimedia Computing and SeMCo, pages 

309- 314. ACM. 

Hotho, A. , Jaschke, R. , SchmilZ, C .. and Stumme, G. (20060). Folkr,nk: A rank­

ing algorithm for falksonomies. tn LWA, volume 1. pages 111 - 114. 

Hotho, A. , Jaschke, A. . Schmitz. C., and Stumme, G. (2006b). Informallon re­

trieval in folksonomies: Search and ranking. In E5WC, volume 4011 , pages 

411-426. Springer. 

Hualong, B. and Jing, X. (2011 ). Hybrid feature selection mechamsm based htgh 

dimensional datesets reduction. Energy P,ocedllJ. (11 ):4973-4978 



j 

References ' 24 

livari, J. (2007). A paradigmatic analysis 01 Inlormatlon systems os 0 d Itgn 

science. Scandinavian journal 01 information sys/oms. 19(2).5, 

Ivanov. I. . Vajda. P .. Goldmann. L. . Lee, J.·S .. and Ebrahlml, T 120'0). Obtoc, 

based lag propagation lor scml·aulomallc annol81100 01 Imog s In Procood 

ings of the international conference on MultImedia In/ormotlon rOff/oval, pag s 

497- 506. ACM. 

Jaschke. A. , Marinho. L., HOlho, A .. Schmid" Thieme, L.. nd SlUmme, G (2007). 

Tag recommendations in lolksonomics. Knowloc1go Discovery In Databasos 

PKDD 2007. pages 506- 5'4. 

Jayaswal, O. and Shrivaslava, V. (20 15). A literaturo review on salollli Imag 

re trieval techniques. Intornational Journal of Computor Sclonco Tronds ond 

Technology (IJeST)-Volume, 3. 

Jeffery, I. B., Higgins, D. G., and Culhane. A. C. 12006). Comparison and ""alua· 

l ion of methods lor generating differentially expressed gono hsts from micronr· 

ray data. BMC bioinformarics. 7:359-359. 

Jean. J., Lavrenka, V , and Manmatha, R. (2003). Automatic Imago annotatIOn 

and retrieval using cross-media relevance models. In Procoodlngs of tho 26th 

annual international ACM SIGIR conference on Research and developmont In 

informaion retrieval, pages t 19-126. ACM. 

Jean. J. and Manmalha, R. (2004). Using maximum entropy lor aUlomatJC Image 

annotation. In International Conference on Image and V'tdoo Retnoval. pagos 

24-32. Springer. 



References '2' 
Jesus, R. , Abrames, A, J" and Correia, N, (20. ' )' Melhod. 10< ",'oma and 

assisted image annotation. Mull/modIS Tools and App/fcIJII()fIS. 55(1 ) 7 26 

J iang, J, J. and Conra.h, D, W, (1997), 5 m nhe ,'mllll"'Y based on """'" 

statistics and lexical taxonomy. 8rXnl proprmr cmp'1{JI9709008 

Jin, R.o Chai, J. Y. and 51, l. (2004). EllocIIV (lutomallc Imog onnOl011Ol'l Yla 

a coherent language modol and aelivo loornlng In ProcoodingS Ol'M '2m 

annual ACM international conI ronco on Multlmodlo. p g • 892-agg ACM 

Kamo;, Y" Furukawa, Y" 5a.o, T" Klwada, Y" and Takagi. T (2007). Au.om •• c 1m 

age annotation based on visual cognitIVO thoary. In Fuu y InfOrmatIOn ProcoSJ ' 

ing Society, 2007. NAFtPS'07. Annuot Mocrmg at tho North Amoncon, pag , 

239- 244. IEEE. 

Ke, X" Li , S" and Cao. D. (20'2). A two·.evel modo' lor ou.omoliC Imago anna •• 

l ion. Multimedia Tools and Applications. 61 (1):195-2 12. 

Kiln , H., Howland, P .• and Park, H, (2005). Dlmonsion rOdUClion In I xt c1asslfl· 

cation with support vector machines, Journal of Mochmo Loarnlng Rosa8fCh. 

6(Jan):37-53, 

Kim, H.-L. , Decker, S" and Breslin, J. G, (20' 0) . ReplOsenhng and sho"ng I 

sonomies with semantics. Journal of Information SClenco. 36(1 ).57- 72 

Kulkarni , A., Gunturu, H., and Dalla. S. (2008). AsSOcuulOrt-basod mage r8l1M1\1SJ 

In Automation Congress, 2008. WAC 2008. World, pag ••• -6 IEEE, 

Kullback, S, and Leibler, R. A. (1951). On inlorma"on and suthaency ThIJ-../$ 

of Mathematicol Sialistics, 22(1 ):79-66 



References 
126 

Kumari, B. (2012). Feature subset selection In large dimenslonahty using corrola­

tion based ga-svm. International Journal of Computer Applications, 4S(6):~ 

Laaksonen, J., Koskela, M. Laakso S and OJ', E (2000) Pic ' . ., ,. . som-contonl· 

based image retrieval with sell·organizing maps. Pallern rocognltlon lorrors, 

21 (13):1199- 1207. 

Lavrenko. V , Manmatha. R. , and Jeon. J. (2003). A model lor I ar nlng thO so­

mantics of pictures. In NIPS, volume ' . 

Lee, K. , Kim, H., Shin, H .. and Kim. H.·J. (2009). Tag sense disambigua tion 

for clarifying the vocabulary of social lags. In ComputatIonal ScJonco and Engl· 

neering, 2009. CSE'09. International Conference on, volume 4, pagos 729- 734 

IEEE. 

Lee. 5., De Neve. W., and Ro. Y. M. (20 10). Tag relinement in an Imago lolk50n· 

omy using visual similarity and tag co-occurrence statistics. StgnBI Procosslng 

Image Communication, 25( 10):761-773. 

Leong , C. W., Mihalcea, R., and Hassan, S. (20 10). Texl mining lor automatic 

image tagging. In Proceedings of the 23rd International Conference on Com· 

putational Linguistics: Posters, pages 647-655. Assooalion lor Compulaltonal 

Linguistics. 

Leung. Y., Chang, C., Hung, Y., and Fung. P. (2006). Gene selection for bram 

cancer classif ication. In Engineering in Medicme and BIOlogy SoCIety. 2006 

EMBS'06. 28th Annual International Conference of the IEEE. pages 5846-

5849. IEEE. 



References 127 

li. J., Cheng, K. , Wang , S .. Morstatter, F. . Trevino. R. P., Tang, J., and Llu. H 

(20 16). Feature selection: A data perspective. arXiv prepflnr arXIV: ' 6O 1.07996 

Li , X., Chen, L., Zhang, L., Lin, E, and Ma. W.-Y. (2006). Imago annOlailOn by 

large-scale content-based image retrieval. In ProcooolOgs of tho 14 th ACM 

international conference on Multimedia. pages 607- 610. ACM. 

Li , Y , Geng, B. , Zhou, C., and Xu, C. (2011). Learning 10 combine ad·hoc ranking 

functions for image retrieval. In Data Mining Workshops (ICDMW). 20 II IEEE 

11 th International Conference on. pages 817-822. IEEE. 

lin , D. (1998). Automatic retrieval and clustering of similar words. In Procood­

ings of the 17th international conference on Computarionallmgu1stlcs,Vo/unw 

2, pages 768-774. Association for ComputationallinguisUcs. 

Lin, J .. Yuan, J., Duan, L.-Y .. Luo, S .. and Gao, W. (2012a). Social imago lagging 

by mining sparse tag patterns from auxiliary data. In Multimedia and E~po 

(ICME), 2012 IEEE Inlernational Conlerenee on. pages 7- 12. IEEE. 

Lin, Z .. Ding. G .. Hu. M., Wang, J .. and Sun, J. (2012b). Automatic image annota­

tion using tag -related random search over visual neighbors. In Proceedmgs of 

the 21st ACM international conference on Information and know/edge manage-

ment, pages 1784- 1788. ACM. 

Lindstaedt, S., Morzinger. R .. Sorschag, R. . Pammer, V .. and Thalhngcr. G 

(2009). Automatic image annotation using visual conlent and lolksonomlcs 

Multimedia Tools and Applications, 42(t ):97- 113. 



References 
128 

Lipczak, M. and Milios, E. (2010). The impact of resource Ulla on lags in collabora. 

tive tagging systems. In Proceedings of the 21st ACM conforonce on Hypo" 

and hypermedia, pages 179- 188. ACM. 

liu , D. , Wang, M., Yang, L .. Hua, X.-S., and Zhang, H. J. (2009), rag quahlY 

improvement for socia l images. In Multimedia and Expo, 2009. ICME 2009. 

IEEE International Conference on, pages 350- 353. IEEE. 

Liu, H. and Motoda, H. (2007). Computational mothods ol loaturo soloctlOn, CRe 

Press. 

liu , J. , Wang, B. , li, M .. li, Z .. Ma, W .. Lu, H .. and Ma, S_ (2007a), Dual cross 

media relevance model for image annotation. In Proceedings 01 tho 15th ACM 

international conference on Multimedia. pages 605-614. ACM. 

liu, Y., Zhang, D. , Lu , G., and Ma, W.-Y. (2oo7b). A survoy 01 con. n'-basod 

image retrieval with high-level semantics. Pattern recognition, 40(1) :262- 282. 

Ljubesic, N., 80ras, D .. Bakaric, N .. and Njavro, J. (2008). Comparing measuros 

of semantic similarity. tn 30th International Conference on Information Techno/· 

ogy Interfaces, Cavtal. 

Llorente. A., Overell , S., Liu, H., Hu, A., Aae, A., Zhu, J., Song, D., and ROger, 

S. (2008). Exploiting term co-occurrence lor enhancing automated image an­

notation. In Workshop of the Cross·Language Evalua(lon Forum for European 

Languages, pages 632-639. Springer. 

Lloren.e, A., Overell, S .. Liu , H .. Hu, R .. Rae, A .. Zhu, J .. Song, D .. and ROger, S 

(2009). Exploiting term co -occurrence for enhancing aUlomated image annota· 

lion. Lecture Notes in Computer Science. 5706:632-639 



References 129 

Llorente, A. and ROger, S. (2008). Can a probabilistic image annotation system 

be improved using a co-occurrence approach. In Workshop on Cross-Modis 

Information Analysis, Extraction and Management at the 3rd International Con­

ference on Semantic and Digital Media Technologies. 

Lowe, O. G. (2013). Distinctive image features from scale-Invariant koypolnls 5 

de january de 2004. Cited on, page 7. 

Luo, X. and Zincir-Heywood, A. (2004). Combining word based and word co­

occurrence based sequence analysis for text categorization. In Machino Loam­

ing and CybernetiCS, 2004. Proceedings of 2004 International Confaronco on, 

volume 3, pages 1580- 1585. IEEE. 

Lux, M. , Pitman, A., and Marques, O. (20 10). Callisto: Tag recommondatlons by 

image conlent WISMA 2010, page 87. 

Manning , C. and SchOlze, H. (1999). Foundations of statistical narurallBnguago 

processing. MIT press. 

Manle, R. , Kshirsagar. M., and Chatur, D. P. (20t4). A reviewal literature on word 

sense disambiguation. Inf. J. Compuf. Sci. Inl. Technol.(IJCSIT), 5121:1475-

1477. 

March, S. 1. and Smith, G. F. (1995). Design and natural science research on 

information technology. Decision support systems. t 5(4}:251 - 266. 

MarUn Wanton, 1. and Berlanga Llavori, R. (2012). A clustering-based approach 

for unsupervised word sense disambiguation. 

Mathes, A. (2004a). Folksonomies-cooperative classihcation and communication 

through shared metadata. 



, 

References 130 

Mathes. A. (2004b). Folksonomies-coopcrative classllication and commUnM:atJOn 

through shared metadata. Computer Modiatod CommunJcDllOn. d7(10) . 

MeParlane, P. J., Moshfeghl, Y., and Jose, J. M. (2014). Collecl lons lor aUlomo"" 

image annotation and photo lag recommendation, In Jmornatfonal ConI ronco 

on Multimedia Modeling, pages 133- 145. Sprlngor. 

Metzler, D. and Manmalha. R. (2004). An [n lorone network approach to Imago 

relrieval. In CIVR, volume 311 5, pages 42- 50, Sprlnger. 

Mika, P. (2005). Onlologies are us: A unil iod modol 01 social nOI rks and 10 

mantics. In International semantic web conferonce. pag s 522- 536 Sprlngor 

Milicevic. A. K., Nanopoulos. A., and Ivanovic. M. (2010). Social taggn10 In roc­

om mender systems: a survey of tho state-ol-the-art and possibfo OlCtonsions 

Artificial Intelligence Review, 33(3): 187- 209. 

Min, H.-s., Choi, J., De Neve, W .• Ro. Y. M., and Plataniotis. K N (2009). So­

mantic annotation of personal video content usIng an imago lolksonomy In 

Image Processing (IC/P), 2009 16th IEEE Intornational Conference on. pagos 

257-260. IEEE. 

Mori , Y., Takahashi, H., and Oka, R. (1999). Image-Io-word transformation based 

on dividing and veclor quantizing images with words. In FirstlnternatlOflBJ Work­

shop on Multimedia Intelligent Storage and Retrieval Management. pages 1-9 

Cileseer. 

Mousselly-Sergieh, H., Egyed-Zsigmond, E .. Gianim. G .. DOller. M., Kosch, H .• 

and Pinon, J.-M. (2013). Tag similarity in folksonomies. In Proceedlf'lgs 01 tho 

XXXIINFORSID congress, pages 319-334 



, 

References 131 

Mousselly-8ergieh, H .. Egyed·Zsigmond, E. . Gianlnl. G . OOllor, M., Pinon, J 

M., and Kosch, H. (2014). Tag relatedness in imago folksonomlos Documont 

num.rique. 17(2):33-54. 

Navig li. A. (2009). Word sense disambiguation: A surv~y. ACM computing sur· 

veys (CSUR). 4 1 (2): 1 O. 

Niwattanakul, S., Singthongchai, J., Naonudorn, E" and Wanapu. 5 (2013). Us 

ing of jaccard coefficient for keywords similarity. In Procoodlngs 01 rho Imorna 

tional Mu/tiConference of Engineers and Computor Sclontists. volumo 1. 

Noll . M. G. and Meinel. C. (2008). Exploring social annolallons lor wob docu­

ment classification . In Proceedings of tho 2008 ACM sympoSium on AppMd 

computing. pages 2315-2320. ACM. 

Nyberg, E. and Mitamura, T. (2002). Evaluating qa systems on mull1plo dim n· 

sions. In Proceedings of LREG 2002 Workshop on OA Strategy and Rosourcos. 

pages 1-8. 

Pal , A. R. and Saha. D. (2015) . Word sense disambiguation: A survoy arX,'I 

preprint ar Xiv: 1508. 0 1346. 

Pal. M. S. et al. (2013). Image retrieval : A literature review. InternatIOnal Jour­

nal 01 Advanced Research in Computer Engineering & Technology (fJARCET). 

1 (2):2077-2080. 

Pantel , P. and Lin, D. (2002). Discovering word senses tram IeX'I In ProceedIngs 

of the eighth ACM SIGKDD international conference on Knowledge dlSCO'lCl)' 

and data mining, pages 613-619. ACM. 



References 132 

Papadopoulos, S., Kompatsiaris, Y., and Vakali, A. (2010). A graph-basad dustor­

ing scheme for identifying related lags in folksonomies. In Proceodmgs of tho 

12th international conference on Data warehousing and knowledgo dlscovory. 

DaWaK'10, pages 65-76, Berlin, Heidelberg. Springer-Verlag. 

Parveen. A. N. , Inbarani , H. H., and Kumar. E. S. (2012). Perlormanco analysis 

of unsupervised feature selection methods. In Computing, Communication and 

Applications (ICCCA), 20f21nternational Conference on. pages 1- 7. IEEE, 

Pasquinelli, M. (2009). Google 's pagerank algorithm: A diagram 01 CognltlVO cap­

italism and Ihe rentier ollhe common intellect. Deep search, 3:152- 162, 

Peddi, B., Xiong, H., EISherbiny, N., et al. (20 tO). Evaluation in information rO­

trieval. 

Peffers, K .. Tuunanen, T. , Gengler, C. E., Rossi, M., Hui, W., Virtanen, V" and 

Bragge, J. (2006). The design science research process: a modol lor produc· 

ing and presenting information systems research. In Proceedings of tho first 

international conference on design science research in informa /Jon systems 

and technology (DESRIST 2006), pages 83- 106. sn. 

Peters , I. and Stock, W. G. (2007). Folksonomy and information retrieval. Pro· 

ceedings of the American Society for Information Science and Technology, 

44(1 ): 1-28. 

Pin 0, J. A. (1999). Modern information retrieval. ricardo baeza·yates Y berthlsr 

ribeiro-neto addison wesley harlow, england, 1999. 

Porter. M. F. (1980). An algorithm lor sulli, stripping. Program. 14(3):13(H37 



I 

I 

References 133 

Powers, D. M. (2011 ). Evaluation: from precision, recall and '·measuro 10 roc, 

inlormedness, markedness and correlation. 

Purandare, A. and Pedersen, T. (2004). Word sense discrimination by cluslcdng 

contexts in vector and similarity spaces. In CaNLL, volumo 4, pagos 41 8. 

Cian, M. and Zhai , C. (20 13). Robust unsupervised fealuro selection. In IJCAI, 

pages 1621 - 1627. 

Dian. X., Hua, X.-S., Tang, Y. Y. , and Mei, T. (20 14). Social image lagging wl1h 

diverse semantics. IEEE transactions on cybernetics, 44( 12):2493- 2508, 

Ouin larelli , E. (2005). Folksonomies: power to the poople. 

Raheja, K. and Gupta, D. (201 1). To study the ways to annotate imagos manual. 

semi -automatic and fully automatic in m2s and calr. International Journal of 

Computer Science and fnformation Technologies (IJCSIT), 2:1725-1728. 

Rahuma, A. (2013). Semantically-enhanced image lagging system. 

Rajam, F. and Valli , S. (2013). A survey on contenl based image relrieval. Ufe 

Science Journal, 10(2):2475- 2487 . 

Robertson, S. (2000). Evaluation in information retrieval. In Lectures on mforma­

tion retrieval, pages 8 1-92. Springer. 

Raffo, G. (20 16). Feature selection library (mallab toolboX). 8rX,v proprml 

arXiv:1607.0 1327. 

Ruiz, F. E., Perez, P. S., and Bonev. B. I. (2009). Informal/on theory In Cf)(TIput8r 

vision and pattern recognitiOn. Springer Science & Business Media. 



References ~~~~~ ___________________________________________ '34 

Saeys, Y. , Inza, I., and Larranaga, P. (2007). A review of leature selection tech­

niques in bioinformatics. bioinformatics, 23(19) :2507-2517. 

Sawant, N., Li , J ., and Wang, J. Z. (201 1). Automalic image semantic Interpro­

tation using social action and tagging data. Multimedia Tools and Appllcarions, 

51(1):2 13-246. 

Seneviratne, L. and Izquierdo, E. (20 11). A mathematical approach towards som/· 

automatic image annotation. /n Signal Processing Conforence, 201 1 19th Eu­

ropean, pages 559-563. IEEE. 

Serrano, R. (2007). Cooperative games: Core and shapley value. encyclopo(tia 

of complexity and systems science. 

Sevil, S. G., Kucuktunc, 0 ., Ouygulu, P. , and Can. F. (20 tO). Automatic tag expan· 

sion using visuat similarity for photo sharing websites. Multimedia Toofs and 

Applications, 49(1 ):81 -99. 

Shapley, L. S. (1953). A value for n-person games. Contributions to the Theory 

of Games, 2(28):307-317. 

Sigurbj6rnsson, 8. and Van lwol, R. (2008). Flickr tag recommendation based 

on collective knowledge. In Proceedings of the' 7th international conference 

on World Wide Web, pages 327-336. ACM. 

Simpson, E. (2008). Clustering Tags in Enterprise and Web Folksonomles. HP 

Labs Techincal Reports. 

Singhai, N. and Shandilya, S. K. (2010). A survey on: content based image 

. t J I I Computer Applications. 4(2):22- 26 
retrieval systems. Internatlona ourna 0 



References :..=:.c..:c.c-'-'--'---________ ______ ..!'35 

Smeulders, A. W. , Warring, M., Santini , S., Gupta, A., and Jain, R. (2000). 

Content-based image retrieval at the end of the early yea rs. IEEE TransactIOns 

on pattern analysis and machine intelligence, 22(12) :1349-1380. 

Smi th. G. (2004). Folksonomy: social classification. 810g articlo, August. 

Specia, L. and Motta, E. (2007). Integrating folksonomles with the semantic 

web. In Proceedings of the 4th European conference on The Semantic Wob: 

Research and Applications, ESWC '07, pages 624-639, Berlin, Heidelberg. 

Springer-Verlag. 

Spyrou, E. and Mylonas, P. (20 16). A survey on llickr multimedia research chal­

lenges. Engineering Applications of Artificial Intelligence, 51 :7 1- 91 . 

Su, J.-H., Huang, w'-J., Philip, S. Y., and Tseng, V. S. (20 11 ), Ellicienllclevanco 

feedback for content-based image retrieval by mining user navigation pattorns. 

IEEE transactions on knowledge and data engineering. 23(3) :360-372. 

Subramanya. S. 8. and liu. H. (2008). Socialtagger-collaborative tagging lor 

blogs in the long tail. In Proceedings of the 2008 ACM workshop on Search In 

social media, pages 19-26. ACM. 

Sumathi , T. , Devasena, C. l., and Hemalatha, M. (201 1). An overvle-. ... 01 auto­

mated image annotation approaches. International Journal of Research and 

Reviews in Information Sciences. 1(1):1- 5. 

Tang, J ., Alelyani . S., and liu, H. (2014). Feature selection for classlflcahon: A 

review. Data Classification: Algorithms and Applications. page 37. 



References 
136 

Thangam. P. S. K. and Angel. R. R. (2013). Semi automatic anna semi auto­

matic annotation exploitation similarity of lalion exploitation similarity 01 pies in 

personal photo albums n personal photo albums n personal photo albums. 

Thangavel, K. and Pethalakshmi, A. (2009). Dimensionality reduction based on 

rough set theory: A review. Applied Soft Computing. 9(1):t- 12. 

Thie len, P. I. (2010) . Social tagging systems-shall we use the collaborativo and 

co llec-tive approach to gather competency related information? In Tho 3 Rd 

European Academic Workshop on Electronic Human Resource Managomont. 

pages 186- 205. 

Tiwari, P. and Kamde, P. (201 5). Automatic image annotation and retrievat using 

contextual information. 

Trant, J. (2009). Studying social tagging and folksonomy: A review and framework. 

Journal of Digilal lnformalion, 10(1). 

Van Der Maaten, L. , Postma, E , and Van den Herik. J. (2009). Dimensionality 

reduction: a comparative. J Mach Learn Res, 10:66-71. 

Vander Wal , T. (2007). Folksonomy. 

Velmurugan, K. (2014). A survey of content· based image retrieval systems using 

scale-invariant feature transform (silt). International Journal of Advanced Re· 

search in Computer Science and Software Engineering, 4. 

V· n d Din (2005) Systematic evaluation 01 machine translation Irga , r . an uygu U, r . . 

methods for image and video annotation. In International Conference on Image 

and Video Retrieval, pages 174-183. Springer. 



-
References 

137 

Von Alan , R. H., March, S. T., Park, J., and Ram, S. (2004). Design science In 

in formation systems research. MIS quarterly, 28(1) :75-105 . 

Wang, H .. Chen, B., and Li, w,.J. (2013). Collaborative topic regression with 

social regularization for tag recommendation. In IJCAI. 

Wang, M., Ni, B., Hua, X.-S., and Chua, T. -S. (2012). Assislive lagging: A survey 

of multimedia lagging with human-computer joint exploration. ACM Computmg 

Surveys (CSURj, 44(4) :25. 

Wang, S., Tang, J., and Liu, H. (2017). Fealure seleclion. 

Weinberger, D. (2005). Taxonomies to tags: From trees to piles of leaves. EDven· 

ture Holdings. 

Weinberger, K. Q., Slaney, M., and Van Zwol, R. (2008). Resolving lag amblgully. 

In Proceedings 01 the 16th ACM international conference on Multimedia. MM 

'08. pages 111-120, New York, NY, USA. ACM. 

Wenyin, l. , Dumais, S. T., Sun, Y , Zhang, H" Czerwinski , M., and Field. B. A. 

(2001). Semi-automatic image annotation. In fnteract, volume I , pages 326-

333. 

Welzker, R., Zimmermann, C., Bauckhage, C., and Albayrak, S. (2010). I lag, 

you tag: translating tags for advanced user models. In Proceedings of the third 

ACM international conference on Web search and data mining, pages 71-80. 

ACM. 

Willett, P. (2006). The porter stemming algorithm: then and now. Program, 

40(3):219-223. 



= 

, 

• 

References 138 

Wu , J.-c., Chang, C.-P., and Tsuei , G,-C. (2010). Comparison of feature extraction 

methods in dimensionality reduction. Canadian Journal of Remote Sensing, 

36(6):645-649. 

Wu, L. , Li , M., Li, Z. , Ma, w.-y., and Yu, N. (2007). Visuallanguage modeling lor 

image classification. In Proceedings of the international workshop on Workshop 

on multimedia information retrieval, pages 115- 124. ACM. 

Wu, L. , Yang, L., Yu, N., and Hua, X.-S. (2009) . Learning 10 lag. In Proceedings 

of the 18th international conference on World wide web, pages 361 -370. ACM. 

Wu, X .• Zhang, L. , and Yu, Y. (2006). Exploring social annotations for the semantic 

web. In Proceedings of the 15th international conference on World Wide WOb. 

pages 417-426. ACM. 

Xu, H., Zhou, X. , Wang, M., Xiang, Y. , and Shi, B. (2009). Exploring llickr's 

related tags for semantic annotation of web images. In Proceedings of tho 

ACM International Conference on Image and Video Retrieval, page 46. ACM. 

Yadav, A. K., Roy, R. , Kumar, A. P., el al. (2014). Survey on conlent based image 

retrieval and texture analysis with applications. International Journal of Signal 

Processing, Image Processing and Pattern Recognition, 7(6):41 -50. 

Yan, J" Zhang, B., Liu, N., Yan. S., Cheng, Q ., Fan, W" Yang, Q ., Xi, W., and 

Chen, Z. (2006). Effective and efficient dimensionality reduction lor large-scale 

and streaming data preprocessing. IEEE transactions on Knowledge and Data 

Engineering, 18(3):320-333. 

Van, R. , Natsev, A., and Campbell . M. (2007). An efficienl manual image anno-

. . db ' g In Workshop on mu/umec/ta 
lallon approach based on tagging an rowSIO . 



'I • 

, 

References 
139 

information retrieval on The many faces at multimedia semantics, pages 13- 20. 

ACM. 

Yang, H.-C., Lee, C.-H., and Chuang, C. -H. (2009). Automatic image annotation 

using ghsom. In Innovative Computing, Information and Control (ICICIC), 2009 

Fourth International Conference on, pages 1ISS- 119t . IEEE. 

Yavlinsky, A" Schofield, E., and ROger, S. (2005). Au tomated image annolalion 

using global features and robust nonparametric density estimation. In Interna­

tional Conference on Image and Video Retrieval, pages 507- 517. Springer. 

Yin. D., Xue, Z. , Hong, L., and Davison, B. D. (2010). A probabilistic model lor 

personalized tag prediction. In Proceedings of the 16th ACM SIGKDD inter­

national conference on Knowledge discovery and data mining, pages 959-968. 

ACM. 

Yu, L. and Liu, H. (2003). Feature selection for high-dimensional data: A last 

correlation-based filter solution. In Proceedings of the 20th international con­

ference on machine learning (ICML-03), pages 856-863. 

Zhang , D. , Islam, M. M., and Lu, G. (2012). A review on automatic image annota· 

tion techniques. Pattern Recognition, 45(1 ):346-362. 

Zhang, X. , Li, Z. , Wang, S., Yang, Y., and Lv, X. (20 15). Localion prediction 

of social images via generative model. In Proceedings of the 5th ACM on 

International Conference on Multimedia Retrieval, pages 275-282. ACM. 

Zhao, Z. and Liu, H. (2007). Spectral feature selection for supervised and un­

supervised learning. In Proceedings of the 24th international conference on 

Machine learning, pages 1151-1157. ACM. 



" 

" I 

References 
140 

Zhou, N., Cheung , W. K., Oiu, G., and Xue, X. (2011 ). A hybrid probabilistic model 

for unified collaborative and content-based image lagging. IEEE TransactIOns 

on Pattern Analysis and Machine Inle/ligence, 33(7) :1281- 1294. 

Zhou, N. , Cheung, w.. K., Xue, X., and Oiu, G. (2008). Collaborative and content. 

based image labeling. In Pattern Recognition, 2008. {CPR 2008. 19th Interna­

tional Conference on, pages 1-4. IEEE. 


