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Abstract. The diffusion of new Internet and web technolodias increased the
distribution of different digital content, such test, sounds, images and videos.
In this paper we focus on images and their roldhé@analysis of diversity. We
consider diversity as a concept that takes intowatc the wide variety of
information sources, and their differences in pectipe and viewpoint. We
describe a number of different dimensions of ditgre particular, we analyze
the dimensions related to image searches and doaralysis, emotions
conveyed by images and opinion mining, and biayyaisa

1 Introduction

With the advent of digital media, the number of gea in the Web has rapidly
increased and consequently the role of images encttimmunication process has
gained importance. It is well known that an image capture the attention of a
viewer more than a long sentence. Perhaps the poegrful and meaningful way to
inform, educate and persuade an individual is tinoilne combination of memorable
visual messages with text [1]. A single image mat always convey precise
information or detailed data on a given subject,druimage can often transmit, in a
more effective and immediate way, a message omn@tien. The use of visual data
joined to textual data powerfully enriches the camination process that the writer
is performing. In other instances, photography is@ans for the faithful and true
reproduction of real events and photographic imagesused for documenting facts.
In this scenario, it is worth mentioning two asgean one hand, photographers by
taking pictures choose their own way of reportingeaent (as the writers do). On the
other hand, pictures may be manipulated before &g, thus conveying different
information with respect to their original intetherefore, the value of photography as
a record of events must be established carefully.

To summarize, images can have three main rolesnvithcommunication process.
Pictures can be used to: i) attract the attentfombservers: a picture can be included
in a document for attracting attention and makimg document more appealing; ii)
convey opinions and emotional messages: an imagebeaused for conveying an
emotional message with a positive or negative icapibn; iii) convey information for
documenting a given claim: images can be usedpideice and document a claim.



Diversity plays an important role on the Internetian all scenarios characterized by
a large amount of information input from differesgurces. The information derived
from multimedia content is the result of a cleavedsity in cultural backgrounds,
religious beliefs, political beliefs, ideologies datemporal contexts, and has an
evident effect on opinions and bias of every perasimg such content. We will
consider different dimensions of diversity, and thiect of image diversity on
opinions and bias.

From the previous considerations it is clear theg of the dimensions of diversity on
images is related to the intent or role of imagethiw a communication process.
Considering the impact of this type of diversity bias, the use of images for
conveying a message or for illustrating a textuaksage has a strong potential for
bias due to the subtle message that can be conveyed

In the following, we introduce the concept of disiey and present its image-related
dimensions. We show how the results of image searalmd context analysis might
be analyzed for diversity (Section 2.1). Then, wevitle an overview of the research
activity in the area of opinion mining and sentimanalysis (Section 2.2). Finally,
we describe bias analysis methods that allow thectien of bias in images (Section
2.3).

2 Diverdity analysis

Let us definediversity as the co-existence of contradictory opinions @nslifatements
(typically with some being non-factual or referrit@opposing beliefs/opinions) [2].
There are several forms and aspects of diversitetoonsidered:

— the existence of opinions with different polatigbout the same entity, e.g., at
different times;

— diversity of themes, speakers, arguments, opinidasns and ideas /frames;

— diversity of norms, values, behavior patterns, anashtalities;

— diversity in terms of geographical (local, regigrmational, international, global
focus of information), social (between individuatetween and within groups),
and systemic (organizational and societal) aspeatgedia content;

— static (at one point in time) and dynamic (longvigdiversity;

— internal diversity (within one source) and exterdiakrsity (between sources).
Regarding dimensions of diversity that can be wligtished in images, we can list a
set of dimensions, which are also applicable tg that are: diversity of sources (e.g.,
suppliers in commercial search); diversity of resea (e.g., images, text); diversity
of topic; diversity of viewpoint; diversity of gear(e.g., blogs, news, comments);
diversity of language; geographical diversity; aethporal diversity. In addition,
other dimensions specifically for images include:
author/holder (person or professional agency wbé the picture);
time (date and time the picture was taken);
location (where it was taken);
source (where it was published, e.g., web siteg,dlirum, PDF document);

1 The polarity of an opinion is the degree to whicktatement is positive, negative or neutral.



— source producing the picture (if the picture is poiter generated or natural, if it
comes from a digital camera or a scanner);
— intent (it is used to attract the attention of alees, to convey emotional
messages, to give information for documenting amgielaim);
— sentiment/opinion (positive, negative or neutral);
— context (characteristics of the text surrounding flicture, e.g., background of
author, considered aspect, theme of the text);
- subject (words that describe what the picture shamgsthat can be linked to the
same-similar terms contained in the surrounding)tex
- time (date and time the picture was taken, night/dammer/winter);
— style (words describing the style of the photog,, @hotorealistic, pictorial);
— pure visual diversity (how visually similar or disélar images are).
Some values for these dimensions can be directlyacted from the EXIF
information in the picture, which may have beerented automatically (by the digital
camera) or manually (by the photographer). If EXH#gs are unavailable, some
features can be derived using image retrieval tecies [3], forensic techniques [4],
and algorithms for automatically annotating imagé high-level semantic concepts
[5]. An example for extracted values along theseatisions can be seen in Fig. 2.
This is a clear example of temporal diversity. hpitures have been extracted from
a PDF document entitled ‘Global Warming's IncreghsirVisible Impacts’. For these
pictures no EXIF information is available and se thatures reported below are the
ones that could be derived using the algorithm®dhtced above. Another example is
shown in Fig. 3 where the subject of global warmmgsed in a very different way
from the Italian design company DIESEL during itbvertising campaign of 2007:
the picture is a composition of computer generatath and photography, with the
intent of attracting attention (a common intent adlvertisement images) and
incorporating a glamourous style.

Fig. 2: Diversity dimensionssource: PDF documentgontext: climate changeppic/theme:
mountain, lake, rocks, etc.

2 Environmental Defense Fund:
http://www.edf.org/documents/4891_GlobalWarminglietsgpdf



Fig. 3: Diversity dimensionsauthor: Terry Richardsonsource: web site source producing the
picture: digital camera + computer generated dattiment: positive, content: buildings,
water, woman, man, etc.

In the following subsections we will focus on sodigersity dimensions, analyzing
the state-of-the-art and possible research dinestio

2.1 Diversity in image search and context analysis

Images can play several roles in the analysis wérdity. They might be used along
with text to try to distribute documents along aedsity axis where the documents are
primarily text based and the images play secondales both in the context of the
document and in the analysis of their diversityowdver, in some searches, image
retrieval may be the main goal and in this sectienshow how the results of image
searches might be analyzed for diversity.

Diversity in image search is usually considere@ @soblem of result diversification.
Image search engines on the web, since they aredbam exploiting textual
information associated with an image, often do care about the diversification of
final visual results. Instead, a user's informatieed is often better satisfied when
the result set for a particular query shows mafffgmtint aspects of that query; this is
especially important when the query is poorly sfiedior ambiguous [6, 7].

The diversification of search in image search eegjirs a relatively new area of
research. In terms of image search, one partiouégr of increasing diversity is to
ensure duplicate, or near-duplicate images in étgeved set are hidden from the
user [8].

We have been considering how to make use of secamth technologies to help
increase diversity of search results. Using theo6aBOSS (Build your Own Search
Service) API, we have developed a tool that is bbgaf providing image search with
different axes of diversity. The tool requires @ input a query in the form of a
subject (i.e., “David Beckham”), context ([optiohadle. “football”), and axis of
diversity (i.e., “football clubs”). Currently thex@ must be specified as a DBpedia
resource URI (i.e., “http://dbpedia.org/ontologwus”), however that constraint will
be relaxed in future versions. The search engin&ksvby using DBpedia to infer a
list of topics along the diversity axis that artated to the subject. These topics (both
the English name of the topic, and synonyms arsidered) are then combined with
the subject and context to generate a (potentiitye) number of queries that can be
fed to BOSS and structured into results. The resate presented as columns
corresponding to the particular topics discovenednd the semantic inference.



Context analysis is also considered for the stufigliversity [9, 10]. It involves
investigating the relevant information behind tloatent in order to better understand
the context in which it was created. In fact, frandiversity point of view, we may
wish, for example, to identify the location of eteneferred to in documents and if it
is not explicit, related documents or contextuédimation may give the information
necessary to find the location. Considering anotixample, we may wish to classify
the documents in terms of the location of the writes views may vary
geographically, and although the writer's geogregdhibcation may not be explicit in
the article, secondary searches or contextualrmition analysis (such as a semantic
web search) may provide this information. The saimetrue for many other
dimensions of diversity, such as time and geneshligal affiliation. This could be a
way not only of deriving opinions and sorting byvaelisity, but also a way of
determining possible bias in documents.

2.2 Diversity on opinions and emotions conveyed by images

As described previously, an important role of inggethe communication process is
to convey opinions and emotional messages. Witlgtbeing availability of images
and opinion-rich resources, such as online revie@s sand web blogs, the area of
opinion mining and sentiment analysis has recestipyed a huge burst of research
activity [11]. The activity in this area deals withe computational treatment of
opinion, sentiment, and subjectivity in text andagas. In particular, research on
opinion mining that refers to opinions and sentiteeaxpressed in images is still at
the primary stage. The key problem is to selectrmimggul features that have a close
relationship with human emotions and to converitlieto numerical features. Some
features (e.g., color, hue, luminance, saturatimn) dave been proposed but their
effectiveness has not yet been evaluated. Emotsmmahntic image retrieval is a new
and promising research direction in this field. Hamoal semantics refer to the
highest level of abstract semantics, i.e., the s¢icgthat describe intensity and type
of feelings, moods, emotions evoked in humans wheg are viewing images [12].
One of the first emotional image retrieval systamas designed by Colombo et al.
[13]. They proposed an innovative method to ob#ahiigh-level representation of art
images, which allowed the derivation of emotionamantics such as action,
relaxation, joy and uneasiness. Since then, otsgarch approaches and emotion-
based retrieval systems have been proposed. Ina[bdlel scheme to automatically
annotate the image emotional semantics and reatimtional image retrieval using
semantic words is described. In [15] the authoesgnt an emotion categorization
system, trained by ground truth from psychologstatiies and applied to a collection
of masterpieces. In [16] only one of the aspectsae$thetic appeal is instead
analyzed. The authors consider harmony, i.e., taaspig or congruent arrangement
of parts producing internal calm or tranquility. ébh conducted a series of
experiments to identify what low level features Idopredict harmony in an image.
However, emotional semantic image retrieval redeascstill at its primary stage
because emotion is a subjective characteristig,iti.is strongly linked to the concept
of human personality, and because it is difficalfind relations between the features
and emotions.

From our point of view, it is crucial to develogsgstem that allows the categorization
of pictures in terms of distinct emotions, takingtoi account the subjective



characteristics of emotions (the same image cah tieaifferent emotions based on
the cultural background of the viewer) and theead#hces in the levels of intensities
of emotions (e.g., happiness, joyfulness). It sbamportant to find out what are the
features to be extracted from an emotional pergmettat best represent emotional
semantics.

2.3 Biason images

Let us define bias as a correlation between tharjpplof an opinion and the context
of the opinion holder. Focusing on images, we belihat in order to understand how
the use of a given image within a given context bawe influence on bias, it is
crucial to know the history of the image itself. particular, important historical
aspects include the type of device used for produttie digital content, and, whether
and what kind of tampering the image or its sulspauffered. For instance,
discovering the semantic information within an iradgrived from a photomontage
may highlight how the exploitation of a particularage in a communication process
aims to polarize opinions, and may provide evidetitg a biased view is being
projected.

Recently, image forensics has been largely propased valid technological means
for ensuring the credibility of digital images, bgth extracting knowledge about the
origin of the content and detecting the applicattbra wide variety of manipulations
[4]. Image forensics is based on the idea thatrénfteraces (like digital fingerprints)
are left behind in a digital media during both tteeation phase and any other
successive processes [17]. By resorting only tolyaed data, digital forensic
techniques can be seen as ‘forensic blocks’ taksgput an image and providing as
output intrinsic information carried out by the ilid) asset, which permits better
evaluation, understanding and validation of picduresed in the communication
process.

Regarding the information on the content origire #im of a forensic block is to
identify the source that produced the picture, ¢hg.forensic block can determine
whether the picture is computer generated or niafi®a 19], or whether the picture
comes from a digital camera or a scanner [20]. &toitation of such information
can be used to validate a picture as an accuratetrastworthy representation of
reality. An example of this is the case of compgenerated images.

Regarding the detection of a wide variety of maldipons, different forensic blocks
are able to distinguish different processing openat for example:

- re-sampling operation: when geometric transfornmatiare applied (e.g. rotation,
scaling) a re-sampling of the origin image to a reampling grid is comprised
[21, 22];

— double JPEG compression: when creating a digitaefy, it is often necessary
to resave the modified image, so often the tampienaede suffers a double JPEG
compression [23];

- copy-move forgery: a part of the image is copied pasted on another part of
the same image [24].

Such forensic blocks can also be applied block-vils@rder to spatially localize

specific characteristics that could be differemnirone block to another. If we are
studying some features that should be coherenhénaotverall image (e.g. source,
JPEG compression, etc.), inconsistency of suctufeatinfers that some processing



has been locally applied to the content. The mostroon example of this is the
creation of photomontages that are usually consilas a cut-and-paste composite of
fragments coming from different images. This fuoctlity could be very useful for
understanding what semantic information has beteneal.

A new way of exploiting image forensic technologiemuld be through their
application to groups of images instead of singhades, with the aim to discover
dependencies between different images, used iardift places, representing similar
or equal contents, thus constructing a graph thatribes picture relationships. By
focusing on two images, the idea is to understéodé image comes from the other
and the processing which possibly produced sudaresformation. Knowing how a
set of images are related to each other could ahevelustering of images sharing the
same root image. In this way, we could discovet #wveral images regarding an
event have been actually produced from a limitetl afe source images, thus
permitting isolation of the original informationn lother situations, knowing how a
few source images have evolved into a large sdeafred pictures could allow us to
reconstruct how the usage of the information cowiin the original images has
evolved in time and space. For instance, this cpeldnit us to identify how these
images have been used by groups of people witardift opinions about the original
event.

3 Conclusions

This paper gives an overview of the role of imagethe analysis of diversity. We
have considered how the results of image searchgst ine analyzed for diversity,
and how context analysis can be used to betterrsiaael the context in which some
information is created. Opinion mining that haserdty attracted interest from
different research communities has also been inted. Finally, some methods to
investigate the impact of diversity on bias haverbpresented.
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