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Before the usage of digital imagery, one could finghoto by searching through
structured archives at journalistic companies owsing through stock-photo books.
Stock-photo books are books that present the dlaifzhotos, of which the rights belong
to companies that sell these royalty-free stockghior use in advertising. An example
of a company like this is Tony Stone Images, whmolv only sells photos online via
Gettyimages.com (Figurk1). Each new general volume (Figdré, bottom-right) of
their photo-books contained categories that wendasi to other volumes. These
categories were for example themes like ‘Lifestyt@sgles, couples, celebrations,
entertainment, Christmas, weddings’, ‘ideas’ orsimess, finance’. Next to that, there
was a separate index available with referencasnageés that resemble concepts like
‘freedom’, ‘power’ and ‘other concepts’. These cepts were sub-divided in turn.
‘Safety’, for example, contains ‘protection, contf@afety, security’. An index with
terms that describe the objects or subjects inntlages, like ‘boat’, ‘gorilla’ or

‘Vietnam’ is available in the back of the photo koblot every new volume of photo
book contained the same sections, because somdlisresvere not enough images
available to fill a certain theme or concept. Evemnge in a while, enough images were
collected for a whole volume on one single thenfeylwere brought together in a
Specialist volume (Figurg.1, three books at the top-right), like ‘Sportsereation’.
This particular volume contains sections for kinéisports like ‘water sports’ or ‘motor
sports’ as well as a list of concepts and a sulijeletx.

One problem with the stock photo books was the-guawving amount of volumes. New
images could not be added to older volumes orgkeialist aloums. The only way was
printing a new general volume. The volumes conthare inconsistency regarding the
categorisation structure, since the structure vegeddent on the content of the new
series of images. An other disadvantage to usingptaivolumes for the same category
is that it is virtually impossible to find ‘the k&gnage, since a user should go through all

volumes and look at all possible images. Next &b, threating a new stock photo book



costs a lot of work, time and money. The advantdgtock photo books is the high
browsing factor that provides much space for iredfmn or a change of ideas. The
printed book format is also a tactile medium, dlédor any time or location.

Digital textual documents can be found more edkdy analogue ones, like books in a
library. This is because of the simple fact thabmputer can search and compare faster
than a human. Logically speaking, this should alsthe case for images or photographs.
The difference between analogue structuring andiadligdexing is that digital systems
allow us to create more direct links to an imageexe to achieve this in an analogue
environment, the images would need to be reprisée@ral times. In other words, with
the use of computers in combination with digitahgnes and hyper-linking, more links to
a single photo increases its find-ability. In thmds of people, almost anything is
possible with the use of computers. The re-mediaiigphotography changes people’s
demands of searching through collections of imagasason for this is the shift towards
a digitalised visual culture. Technology providesess to cheaper image making by
using affordable computers and digital photo camératually every new hand-held
device contains a photo camera as well.

Usages of new, automated processes in many ditféedus of work create a great flow
of data. The vast amount of newly created imagesiisof this data flow. Satellite
images, medical scans and seismologic graphs eateck and stored continuously and
some of these need to be able to be retrievedlataviimaginable reasons. Not just
newly created imagery needs to be accessed onputemThe digitalisation of
analogue material, one could think of textual doents as well as artworks like
paintings, find their way into the digital realnr foreservation and find-ability purposes.
In the art world, the re-mediation of old materialgoduces a creating process as well.
Older works of art are accessible for creating meks of art.

There is no single solution to the problem of stgrand retrieving digital images, since
there are many different aspects, which deternfieeshape of each application. One of
the factors in this problem are people. The sefanchn image depends on many factors.
These are for example the use for the image. Orsepean look for a beautiful sunset

image one time, when at another, the same persgibenafter a specific object in a



specific context for informational purposes. Otfastors of influence are cultural or
historical background, education, field of work;.eEvery search task or goal uses its
own language. Personal photos may contain visuasdhat work emotionally, as ads
can use a photo that communicates a different rges&afferent people can interpret the
same image differently as well, because of thegmésgask or background. A forensic
detective can see possible evidence of a crimepimo#o, while a dry cleaner sees stains
that are hard to remove. One single person can diffeeent interpretations of the same
image, depending on individual characteristics (f#i8.2) and her purpose for the
image.

Currently there are two general approaches tottrage and retrieval problems of
digital images. One of these is the use of manwtgred textual image descriptions
(Chapte3). In this approach, descriptive text is addenirtages as metadata in order to
be able to retrieve the images by querying forati@ed textual metadata. This added data
could be technical information like time and daftereation, resolution, focal distance,
etc., or a semantic description about the contetiteoimage, like ‘sky scrapers’, ‘New
York’ and ‘metropolis’. Next to describing tactibdjects or subjects in an image, more
abstract or emotional concepts like ‘colourful’ dmdpressive’ can be used as well. The
use of text to describe the contents of imagelssdone because a computer is better at
comparing text rather than images (More in chapiey). Actually, it means that it is
relatively easy to develop, because knowledge daggutext comparison has already
been developed and text has a structure that casdtkas a handle by the computer. In
addition, manually entered descriptive texts aghHevel features. When a description
of an image is rich enough, the image is very we#isible to turn up from a database
after entering a matching query. The saying tihages can say more than a thousand
words' expresses the need for a great amount ifaeinformation to describe an image
properly. However, manually adding textual metadatall newly created images is a
time consuming and tedious process. It is sendititgpe errors and limited by the
vocabulary of, and affected by the (cultural, histal or educational) background of the
person that enters the data. One person might@ailéthing a dot, as another calls the

same shape a circle. One person sees orange ambilleer calls the same colour yellow.



The second general approach to image storage aielad is indexing images by
computer vision. In this approach, every image sttbthto the system is analysed by the
computer. The computer then selects features framd@ spectrum of optional featutes
like colour, shape or structure, which best swetalitomated description of the image.
These directly visually derivative features areJewel features. They are measurable.
The low-level feature-description, the collectidrnvisual characteristics of an image is
stored in a database. Images are retrievable fnersytstem by looking for the stored
low-level image features later on. This approadtn®wn as Content Based Image
Retrieval (CBIR).

The design of an image storage and retrieval systesald mainly depend on the search
tasks that a user needs or wishes to carry ousti@us regarding whether or not the user
already knows what she is looking for and whatube of the image will be after it is
found need to be asked, before the design andaj@weht of an image storage and
retrieval system can start. It might even sometiberecessary to retrieve images
slightly different than the one sought after, foe@ same reason why stock photo books
can be inspirational. Both manually entered desiggpnetadata and CBIR approaches
are solutions to technical problems rather thagraution design issues.

This dissertation provides an overview on probleegarding the interaction design of a
digital image retrieval system. The theories désctiare useful for designing a concept
that uses a different approach to storage ancvetrof digital images, compared to the
two mentioned. The idea is to use advantages frmtim the manually entered descriptive

metadata and CBIR approaches.

! Smeulders et alGontent-based image retrieval at the end of théyegrars chapter 3IEEE

Transactions on Pattern Analysis and Machine Iggsikce, vol. 22, No 12, december 2000



Figure 1.1 - Tony Stone stock photo books

Figure 1.2 - Tony Stone stock photo book inside - Specisiliedition 'Sports & Recreation
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The initial purpose of making photos was to be ableapture and store a real life image
from a certain setting at a certain time. Over tipteotography went from a solely
documentary medium to an art form and a way to ygedand share information as well.
After the creation of an analogue photo, it becdm@icative, distributable and
accessible.

Digital storage of photos provides ways duplicatd distribute them with more ease.
The duplication of an image does not cost time,afgghoto paper and chemicals, like
before. Images remain in their digital form and @nated only when a hardcopy is
actually needed, which saves time and money. Horw#we expectable advantages in
digitally accessingmages stay behiAdin the context of this thesis, accessibility teta
to theease of accesw find-ability of a single photo in a collection, rather than the

obvious availability of digitally stored imagery.

10/ 3 4. %

To understand ways of searching through collectadnsiages and digital data in
general, it is important to understand the diffeeebhetween browsing or querying for
information. Both are ways of filtering informatidrom a pool of data.

The process of browsing is a time consuming andliaile method for filtering
information. A user has to review and compare eitery from a (sub)set of data objects,
to determine its usability. Usually the items aispthyed in lists, tables or matrixes,
which makes side-by-side comparison somewhat eddieradvantage of looking at
multiple items at once saves time, because theaaseglance at a list to scan for
information that she is looking for. However, thregented information is reduced in
detail because all items need to be scaled dowizéor volume. In result, the user can
easily overlook parts of important information. $igo has to divide her attention

between multiple items, resulting in more chancgltefring out useful information. This

% Santini, SimoneExploratory image databasgs20. Academic Press, 2001



becomes worse when the images that need to be éddéwough are distributed over
several pages. Additionally, browsing takes up time

Computers can compare information faster and mmrarate (not betted) than people
can as long as the data that needs to be commealjse they calculate faster. People
can use this computational power to let the conrdilter data for them. Stored data
needs to be indexed before a computer can compéaetdms, either by hand or
automatically. Next, a computer needs criteriag@ble to compare data. Submitting
selection criteria for filtering is calleglierying A query can for example be ‘show me all
text documents about poisonous frogs’.

5 % #4. %
The quality of information (or level of satisfaatiat which a user accepts the retrieved
information) returned by the computer depends dth@domain in which a user

searches, (b) the detail level of the index andhe)detail level of the submitted query.

(a) The domain in which a user searches (or of wHicthe information is stored)
It is impossible to find an explanation on hownstall a hard disk in a computer within a
library of biological science text documents. Igidn, it is not logical to look for an

imageof a frog in that same database.

(b) The detail level of the index

In some systems, text documents are indexed biektén their summary. Looking for
words that appear in the entire document, andmtiitd summary, may not result in the
retrieval of the right document, even when the doent is actually stored in the system.
The index is thus incomplete. Because of advamcssfiware design, it is now possible

to have full-text searches.

% Computers can never value better from worse tleaple can, because there is never enough informatio
at hand for it to take into consideration. Nexthtat, all the required information for decision-rimakhas a
variable weight of relevance, which relies heawitysomething that computers lack: emotions. Anrenti

thesis can be written on this subject only.



Image databases that use textual descriptionsjsied further in chapt8r are known to
return irrelevant images, or not to return imadeed should have been returned at all.
Like with the text documents, the description & thnage can be wrong or incomplete.
Actually, an image index can never contain enouggtdptions to fully describe all
visual and semantic clues in an image.

CBIR-based image databases are indexed by lowdesghl features. The retrieval of
images from these databases has issues becahseladtk of high-level features. This is

addressed in chaptér

(c) The detail level of the submitted query

Users need to narrow down the domain and pre-fifteiinformation themselves before
submitting the query to the system. If the quetpsgeneral, the system will return a
great amount of information, which results in dtdiving to browse through information.
When a query is detailed enough, the desired irdbon will be presented by the
system. In the example of the frog-query mentidnefdre, it is better to enter ‘poisonous
frogs’ than entering ‘frogs’ as search query. Usans refine their query when the
amount of returned information items is too largeleave out detail from the query

when the selection of returned information is taorow.

101 ( %
A small survey amongst technology-aware studentienséear that they usually look for
a stored image by browsing. The creator of an intdgeally knows when she took the
photo and browses a collection of images from adabat date, to retrieve the image.
Other than searching by date, the images are stor@étimes in directories or folders
with a small description about the entire imageléet ‘Barcelona 2005’. Indexing by
means of manually adding textual descriptions &rgsgingle photo is too time
consuming to these users.
In his book ‘Exploratory Image Databases’, Santirate how Ornager (1997) and
Markkula and Sormounen (1998) did a study on hawnjalists searched for

photographic material. These findings are appleablthe general photo-search
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behaviour of people. When searching for an imdggetare the several search tasks or
goals that an individual may have. One task isstrgrch for a specific image. In this
case, the individual knows exactly what the imampks like, for example ‘The photo
with me as a child with that silly orange hat iarft of lake Mackenzie at Fraser Island’.
Or, when speaking of a world famous image, Eddiams photo from 1968, in which a
South Viethamese police chief executes a Viet Guspect in the streets. An other
search task is the search for any image aboutemt,eabject or subject, like photos of
the carnival in Brazil or a photo of the Dutch quela that case, the user filters the
selection of retrieved images her self. She widkghe most suitable image for her
application. There is also the task of searchingrege from an entire image-domain. A
user can for example look for photos by satellitesges that are predominantly orange
or images that are usable symbolically, like ‘hapgs’ or ‘luxury’.

There are several motivations for image makingratrieval from stored collections:
Information inquiry: A person wants to know whatrsgthing, someone or some place
looks like, or used to look like;

Entertainment: Typically, users globally look focategory of images after which they
browse the presented selection to be entertained,;

Comparison: A great part of image retrieval isdomparison purposes. For example,
one can think of comparing techniques in photogyagktermining economical valuing
objects in images, comparing scientific images tiledical scans or seismologic graphs
or creating a face composition for law enforcemesas;

Reinforcing memories: Viewing images in order tmferce a memory is closely related
to viewing for entertainment, with a differencesimotional involvement. Looking at
visuals can help to bring back memories togeth#r thie accompanying emotions;
Sharing: Photos are a good medium to share expesensith others. It is a reasonable
representation of how things were at the time wdnahlocation where the photo was
taken;

lllustrating ideas: When there is no room for aubend words, an image can explain a
lot, effectively;

Inspiration: Photos can work as a source of infipima

11



Navigation: drawings, graphs or photos can servaeass for directions;

Mapping and analysis: flow-charts can help withvéw) complex questions;
Showing what human eyes cannot see: Microscopigésianfrared photos, satellite
images of out-of-reach planets and heat maps @am stiormation that is not visible
with the human eye.

106

As said in the previous paragraph, image retrieagglmany uses. In some cases, users
know exactly what they are looking for, while irhet cases, the user would like more
freedom in looking for images. A description ofeavfdifferent cases in which image
retrieval is or can be usable for helping a uséh witask follows. Every case has its

characteristic uses and demands.

When people look for a car online, the systemsliyspeovide several variables, which
are searchable for a suited car. These variabfebeshe brand of a car, its preferred
colour or the body style of a car, like a ‘convelgi or ‘van’. This way, it is hard for a
user to find a car of her liking if she does novwnwhat a ‘coupe’ or a ‘sedan’ is. What

if a user is looking for ‘a cute little car with datiful, shiny wheel caps’? How can a user
find a car she has seen on the streets but of vafieldoes not know the brand or the
model and the year in which it has been manufadfux&sually looking for
characteristics of cars might be a good way to firedright car. One could think of a
system which lets the user construct a car froeparate parts. The selectable parts
could be a type of front/nose (sporty, long, shong type of backside (high, low, more

or less luggage space), the car height (sportvaaj, wheels, the colour, etc.

When an article or ad can or should feature an énagiesigner looks for several
specific aspects in an image. These aspects ceonbent or composition based. When

looking for an image from the content based pointi@w, often a mood, colour or

12



structure is sought after. Designers are likelptik for archetypical or metaphorical
imagery since they are a good way of communicatiitig, because they can rely heavily
on the images’ semantic meaning. The best wayiridirfg an image in this case is by
browsing. The Tony Stone stock photography booksl tis be very well appreciated by
designers. One could take a book, look for a thentebrowse through the book. Next to
providing an image, the books provided inspiratidasigners often end up choosing a
different image than they had in mind initially.

From a compositional point of view, designers aaoklfor other aspects within an
image, which have nothing to do with the actualteots of an image. Sometimes the
layout of an ad has room for an image on whichtitleeof the article should be placed on
top of. The area surrounding the title or text ddaot contain a heavily structured
background or a certain colour. This way the imdges not interfere with the readability
of the text. An article or ad usually has roomtéaxt and images, and the balance
between these is usually chosen during the desapeps. This is possibly because of the
image that goes with the ad, since altering an @radit with a text is harder to do than
the other way around. Manipulating the contentrofmage is time consuming.
Therefore, the static character of an image oftdarchines the layout of the ad, and thus
the placement of the text. Designers would proditrf image searching tools with a
functionality that lets them define special aredsich should (not) contain certain

objects, colours or textures in images, duringaaicde

This user group is obvious, yet important sinamiitains a great amount of digital
photography users. Currently, many people own gocen. They switch from analogue
to digital photography because of the non-existiing and printing costs. The group
consists of many different kinds of users regardiregr experience level with digital
media. Some are very familiar with the use of cotauwhile others are not. It is hard to
define why and how they would like to use imageiegal systems. That is why creating

an application that is suitable for home consunseextremely difficult.
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Characteristically, the regular consumer with atpltamera takes many photos of
friends and family. Parents document the growinggheir children and digital
photography gives them the chance to make moreplatta lower cost. Although digital
photos can be printed, the majority will continxéséng only in their digital form.
Special events like a day out or holidays producadditional amount of images, with
different contents. Because of lower prices ontdigihoto cameras, more people can
afford them. Teenagers, for example, bring smatier@as or mobile phones fitted with
cameras anywhere to take photos of friends whengbeut. In addition, cameras on
mobile phones continuously improve in quality. Ireagnade with mobile phones will
not only be used for mainly viewing them on smalbpe displays any more. In other
words, the images made with these cameras wilbngdr be of a lesser quality than a
regular digital camera and because of this, pisttaken with these phone cameras can
be treated as if they were taken with a regulatalighoto camera. The increasing
amount of high-quality phone cameras adds to tfeady increasing amount of digital
photos.

Programs for consumers typically use keywords deximages. ‘Tagging’ photos with
keywords is time consuming and not every consumghite familiar with the concept
of tagging and keyword searching. A more natural efdooking for images is needed,
since there are many regular consumers with adei lof knowledge about digital
media. Thus, photos are usually stored in direesoor folders by date, or named after the
occasion. This is the easiest way to find bacleseof images. Regular consumers treat
images the way they used to before. The first @nad) photos of a newborn were put in
a album, but as years passed, newer photos endadeupelopes in drawers. It is hard to
expect from people to index the extensively laayapunts of digital photos, when they
did not even bother to sort their analogue photos.

The regular consumer is rather a browser thanralsea Analogue photos can be taken
out of a drawer and viewed in a social settinggiati up memories. Digital photos are
not suitable for this. One reason is that they oabe viewed in any location. Other than
that, when viewing them, every viewer needs totseesame image, whereas analogue

photos can be passed on, so every viewer can &aka\m time to look at a picture. In
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addition, every viewer can go through a differeries of analogue photos. Viewing
digital photos is comparable to viewing analogugesl. It takes some set-up time and the
interaction moves from interpersonal to interactioth a photo-viewing object.

The question whether general consumers wish tdleet@a search through their digital
photos needs to be asked, since the consumedisanally a browser. Their interaction
with photo material may have to change. Tangil@dmg, such as analogue photos, are
easier to find since they take up space physicalile digital photos only take up virtual
space in a computer's memory. When a drawer isstifi printed photos, new analogue
images need a different place, where computer mgmm@xpandable. The photo prints
are stored with more care and are subsequentlgraasind. One can store an infinite
amount of digital photos. In order to be able tlfdigital images, they need to be stored
with the same care as analogue photos, ratheistbang them in dated or named
directories or folders. Users need to become meezeaof the way they store their

images.

In medical science many images like x-rays, CATascaltrasound images, etc. are
being produced. The amount of images keeps on ggpstrongly, since new medical
visualisation systems are constantly improved fiassible to quickly produce images of
a patient. These images can be stored quickly #sAeeess to medical images by
means of CBIR can decrease the amount of tim&eistéo make a correct diagnosis of a
patient’s condition. Other than that, for cliniciEcision-making, as well as medical
research and medical education, linked image xetirigystems can be of great value.
CBIR systems in general never work without errdtsere are still problems of irrelevant
images being returned by the systems and relenaagas that are not retrieved. In
medical systems, the error rate should of coursesblew as possible. Because of this,

textual indexes are still needed for image retlievanedical applications.

* Miller, Henning et alA Review of Content-Based Image Retrieval SysteMsdlical
Applications chapter 2. Int J Med Inform. 2004 Feb;73(1):1-23
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In medical visualisation, the difficulty with staya and retrieval of images can be even
greater than in other fields, since visualisatiaresoften multi-layered. In the case of
actual 3D visualisations, the comparison or retriéy a different story, since 3D data
consists of mathematical comparable numerical ve@od coordinates.

An other problem occurs when two pictures, of lufaysexample, might be similar in
outline, yet one of them contains an anomalous thi&spossibly indicates a lung
disease. It is this kind of detail which is impoitéo medical image retrieval systems.
These anomalous areas are created by nature ana mioings made by nature are the
same. It is possible to detect anomalous areamsages with a computer. Classifying
them by computer however, is a problem. A systelleddthe ASSERT-system, lets a
physician outline the important areas in high resoh images of the lung. Specialist can
only do this work, since they have the requiredwedge about the subject. This makes
correct indexing of these medical images ratheeegjve.

Digital catalogues are created from old and newak. Paintings are digitalised so they
can be preserved and spread. Photography is thieimmdigiat is used to store three-
dimensional works of art. These works can be smstallations in a museum or even
entire buildings, in other words, architecture. 3devorks all contain characteristic
features, which can be used for retrieving the enaighe artwork. Especially when a
viewer wants to know more about an artwork, bectlus@nly thing they know about the
artist is that particular artwork itself. Lookingrfexplicit features in the artwork would
then be the easiest way to find more informatiooudlithe artwork and its creator.

This is because the search method is brought loattietcorresponding domain. Art is,
except for poetry and other art in textual forrmadium that communicates mainly in
the visual domain. Looking for works of art woultetefore logically be done visually,
instead of searching for a textual description. ldeevr, art makes use of high semantic
meanings, metaphors and symbolism. These conaepleed to communicate without

the use of text, unless understood by the viewarekample, the dog in Jan van Eyck’s
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paintingThe Marriage of Giovanni Arnolfini and Giovana Cemial434, symbolises
faithfulness and loyalty between husband and wife.

The age of digital imagery also provides ways tmimaate, combine and recreate
existing art, as well as to create new art. Contlona of existing art-pieces or derivative
works contain semantic connections with their orads. It could be preferable to retrieve
originals together with derivative works and vicersa in the field of art history for

example.

107 . . 8

Developing image storage and retrieval systemsifages within pre-defined context
can provide usable solutions. An example is PARIg8&e University of Leuven
(Belgium) and CWI Amsterdam. In a short presentgtibe sought after image actually
turned up but the program is developed to proeedsd patterns. It is not developed for
images with irregular patterns, like photos of carfsus, by pre-defining a context for a
new image retrieval system with its stored imafiesstionality is limited.

Interpretation issues do not only exist becauggeople having different interpretations.
The ambiguity of images is the main reason for pbsslifferent interpretations. A
single image can be useful because of its estheatize, because its layout suits the
space it needs to fill in an ad, because it hasplistic value, because it brings up
memories, because it explains a difference, eweddirat once. This is only about the
entire image. There are also separate objectajrsplstructures or shapes that can be
interesting for some reason (Fig@4).

It is also possible to describe an image withowvking what it actually looks like. For
these search tasks, a system based on image bgawsiore suitable. A characteristic
for a browsing system is that it returns images diféer from what the user expects. In
this case, this is a feature rather than an unwaetult. When a user does not know
exactly what she is looking for, she likes to gespiration from the returned images.
Search task or goal needs can even change duriexpdoratory search for images, when
the images that are returned by the system insghieegser to think differently. This

makes the development for image retrieval images éarder.
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Figure 2.1 - The ambiguity of images. This image can betaresting for several reasons.
It can be an example of a certain roof-constructionlt can be printed with an article about religious
prints on clothing. It can be used to release thehtasy of viewers by explaining that the vertical
black bars as eyes, the stairs, and stair handles arms resemble the shape of a creature.
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Manually entered descriptive metadata (MEDM) ihasen term for the process of
describing the contents of an image with texis &iimethod for categorising images. The
descriptive text regularly has the form of sepavateds, which are known as ‘keywords’
or ‘tags’. This way of indexing makes it possildglace images in a context. As a result,
images can be retrieved by looking for the textadrences to, and thus contexts of the
images.

Search-by-keyword systems may suffice in servirguber when a searched image is a
specific picture about a certain subject, evenedailor person. However, as said before,
manually entering descriptive data is not a sotugieople like to use. It is merely useful
for a small selection of images, which the creafdhe image wants to get to other’s
attention. The Flickr website (www.flickr.com, rextly acquired by Yahoo!) for
example, is a very popular site for exposing aratisl images that utilises keywords for
indexing images. The site gives users the oppdyttmiupload imagery and add
keywords that they think are relevant in orderita the images with a keyword search.
Flickr mainly serves the following purposes:

For sharing general photos from events of any lsndh as holidays or parties. Sharing
photos online provides accessibility to photosff@nds and family at any location with
a computer and access to the internet (

Figure3.1);

As storage space for images, often humoristic imageated by thirds, for use in web-
logs;

As storage space for non-photographic images li&plgs or screen-shots for sharing
information (Figure3.2);

As portfolio or exhibition space for artistic phgtaphy and illustrations (Figu®3);

As an online community discussion forum, mainhatetl to photography (FiguBe4);

Theoretically, the more extensive the descriptofnsn image, the higher its find-ability.

On this site however, one usually uploads an ‘exposvorthy’ selection of the entire
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image collection by the author. This way, the am@imuploaded images that need a
manually entered description is kept small at e\stgh of uploads. The images hardly
contain useful descriptions when a user uploadsget amount of images. In that case,
all images from the same batch contain the samedelg like ‘birthday party’ and
‘2005'. This does link the photos to each otheribdbes not provide an option to find a
specific image from the series. In other words, whging keywords for large amounts of
images, details within images are not importanughao describe. This howeves,
needed to be able to make an image uniquely firel-ab

Keyword searches are characteristically searches ‘Bunset’ on a ‘beach’, the ‘Queen
(of the) Netherlands’ or a ‘Callithrix Callithrixdr ‘Pigmy Marmoset’ monkey. Textual
search queries will return one or more images athmugueried subject and a satisfyingly
suiting image is picked from a larger set of image=sented by the system. The user is
interested in the subjects or objects within thegmand works as a filter herself. To
make an image findable by keyword search, one nieetthink about how the target
audience, or the searching user, would look foneage. The general context of the
image library and the jargon used for the keywasd$etermined by the system'’s user
and vice versa. Tagging an image collection isasselvhen the tags are written in a
different language than the user expects or wighase. There are as many ways of
describing images as there are images, searchdagksls.

It is also difficult to tag images for other peopdefind. If someone would want an image
of a cat, that person could choose the plural ieats’ in a search query, since she is
looking for images of cats in general, not ‘an imagth a cat’. However, an image with
a cat is very likely to be tagged with the wordt*cAdding the tag ‘cats’ to the image,
means that the author of the image classifiesrttage, next to tagging it according to the
visual clues in the image. After that, people wiaki for a ‘cat’, as well as people who
look for ‘cats’ can find the image. Someone whak®with the keyword ‘feline’

however cannot. The only way to make an imageME®M system as findable as
possible is to add as many relevant tags as pes3ibé description of an image should
depend on the way the indexer thinks the findelrseiarch.
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Manually entering descriptive metadata is a wedlls indexing method for
organisations like stock photography agencies asd@etty Images, formerly known as
Tony Stone. Their clients still use the same seagcimethod as they did when they used
stock photo books (Chaptgy. To the agencies, investing time in extensiwsgcribing
images is necessary. If they would not do thigtasis of the archives would not be able
to find the images that suit their expectationsaAssult, the images would not be sold,

which is the core business of stock photographyeigs in the first place.

60/
A photo itself does not have a meaning. It is meaalectangular shape with coloured
amorphous blotches of various sizes. When lookiramamage, we interpret and
compare the blotches to objects or situationswieghave seen and identified before. The
cumulative of all visual clues in a photo giveshus ability to constitute context and
meaning. These interpretations can be differeptitth individual because of language,
cultural background, or psychological state. Thisle addressed later on in this
chapter.
Adding semantics to a photo by adding keywordsgswerful way to make images
retrievable from a stored collection. Semantiabésstudy of meaning of symbols. In
linguistics, the symbols like words and word conattions like sentences, derive
meaning from conventions, interpretation and cantex
It is possible to form a picture in mind, before weuld start a database search, without
describing it in text. Visually, like a short movigther than in textual form, it is possible
to remember that a flame is hot and that it buaisrayly when touched. Memories like
these are not part of semantics, but of semidBemiotics is the study of signs, like the
yellow and black lines on a wasp’s back to indicidager, or the odour of spoiled food,
which tells us not to eat it. After the first toucha flame, a different flame will still be
recognised as a flame since it transfuses the samns (colour, temperature, movement,
emission of light). The following part of this pgraph will lead along semiotics to

semantics.
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When memories like the burning of a flame needet@daimmunicated, especially when
the actual subject about which is communicatedtsahhand, some kind of language is
needed. Communicating about the flame and its¢seabe done with the use of a photo
or drawing combined with sign language. To preerdther person from burning herself
on a real flame, one could do a performance of wiwatld happen if she would touch the
flame, assuming she knows the concept of photagjlzetwo-dimensional representation
of the real world. Conventions in a language liegf@rmance are quite natural. (The
term convention may not even be appropriate farkinid of language). Animals can
communicate by using sound and body language aod) @an even communicate with a
cat to a certain extent.

Fortunately, spoken language helps us to communinate effectively. Sounds we
produce to communicate with can have meaning defneem a natural sound. Pointing
at (a picture of) the flame and saying ‘ouch’ sagsugh and the sound or word in
English is not very different from other languag@ther, more complicated words have
meaning because of conventions. Certain words sawadtain way and have one or
several certain meanings because at some pointepageed to this. Still, for
communicating, one does not need to know how ttewin classical Greece and Rome,
literacy was often only a privilege for the uppkass. It was not until the major
upcoming of printing press in the late 18th centéoilowed by the introduction of
compulsory schooling in the 19th century, thatdityy became available to the masses.
With the use ofvritten language, we usymbolgo describe something, without having
to resort to drawing or otherwise producing litarahges, gestures or sound. This is
semantics: the use of symbols for a meaning. Gtkamples of symbols that describe
meaning, and consequently have (their own) sensmasiavell, are Chinese calligraphy
and Egyptian hieroglyphics.

Written language can be used to communicate ahogd that are not tangible as well,
which is a great advantage of its use. Words kkepty’, ‘love’, ‘tasty’ or ‘size’ are hard
to depict in images. Images can give clues abbotyslifferences between, or represent
things related to words like these, but they cagoatmunicate the exact meaning of

these words.
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The main advantage of using text to index imagesetimeval systems:

Written language is useful when a message nedals $ent across a distance, or
transmitted over time. In the case of image daedyam image is stored at one single
place, to be able to access it any time. Sinceisaxdeful for communicating across time
and distance, it is a logical choice to use itfescribing stored images.

Other than that, developing software for searckimgugh text is easier and requires less
computational power in comparison to applicatiarscbmparison of shapes, colours and
textures in an image.

Text can also describe the type of an image, bkeck and white photo’, ‘aquarelle

painting’ or ‘flowchart’.

601
MEDM is quite usable for image databases wheraltimain of the image collection is
narrow and people, who have the time and experifndais, do the filtering of the
images. For describing medical images, one reqdifeesent knowledge and experience
than comparing company logos for copyright-relagsdses, which requires special
training as well. With a narrow domain comes artedi language space, or jargon. Users
of systems within a domain know of conventions edual terms, which relate to the
system’s context.
When the image retrieval system needs to storexiadd retrieve images from a broad
range of subjects, issues arise. These issues foothhdrom interpretations that are

influenced by personal, cultural, educational asgcpological experience.

A mood or state of mind can influence the way ahwvidual interprets text or images.
According to Ervin Goffman a person plays different roles in different lémas and in
different social circles. With this way of behaviogmes a mental state. At home, one
uses a different jargon than in a professionalrenvinent. A single individual can choose

® E. Goffman Presentation of Self in Everyday Linopf Publishing Group, 1972
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different words to store or search for the samgestibdepending on where she is. The
search task or goal can even change during anraxpity search for images, when the
images that are returned by the system inspireggeto think differently.

Every other individual has her own interpretatiod@se person may use the word ‘circle’,
as the other might choose for ‘ball’ and yet anotbe‘sphere’. When photos are tagged
for personal use, this is not so much of an is§here is a high chance that a user
chooses the same word as index tag for a photeeawsuld for retrieving that photo
from the system. In this case, she might evena¢iead tag directly to that photo only -

not to other images with a ‘circle’ in it.

#.

What someone thinks is important, relies highlyttos cultural background of that
person. The environments in which people live dffeeir thoughts, norms, values,
aesthetic valuation, and consequently interpratatamnd name conventions. According to
the Sapir-Whorf hypothesis, the Inuit have ovenrtytperceptions, and thus words, for
types of snow. Peter Gordon researched the langefabe Piraha tribe in Brazil, which
allegedly only has three counting words; one, twd many. Both theories are criticized,
but not for the fact that surroundings determireertbed or lack of need for words to be
able to express oneself. This can also be intepres a level of education. The Inuit are
highly educated or experienced in the ‘sciencenofrs and its uses and the Piraha tribe

has not learned to count because they have nofoegd

Language is also an issue with MEDM-based imagebdaes. Before the development
or first use of a tagged-based image databassyftem’s main user language needs to
be determined. This way, every user is expecteéothe same language, which is less a
problem when the system used in a single country.

Tag-based image databases are very useful fonthmnet. This is mainly because

searching in and selecting from textual databas&sst and compatible with web-based
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databases. Online image databases are availatmarty countries since internet is
intrinsically accessible from all over the world.

English is the main used language online. Stilréhare many countries of which the
residents’ level of English (spelling) skills istrfagh. This makes English based systems
hard to use to non-English native speakers. AkFEliwon-English native speakers
regularly tag images in two or more languages. piied keywords for indexing photos

(because of a type-error or lack of language gk#isult in erroneous image retrieval.

Recapitulating, differences between people reguld$fferences in interpretation and
needs. One way of closing down the gap betweenl@sapterpretations is getting as
much information from as many different people asgible. This way, a general ‘truth’
or interpretation can be formed. In addition, useitshave to agree to this system and
set their minds to think more general, insteadsrfigi their personal interpretation. It
becomes impossible to let users interact withinsérme system when the difference

between people’s interpretations becomes too great.

Image retrieval in general, could possibly be domare efficiently when possible
errors, because of lexical differences, are avoidéterefore, one single,

universal language like Morse code should be intiosi.

606 + ;
When a user does not precisely know what she lgrigdor, when layout of an image is
important, or when the sought after result actuetignges during the search, keyword
searchable systems are less suitable. In that ttesemage as an entire graphical entity
becomes more important. The emphasis shifts terlties image, rather than the
depictions of objects and subjects within the imd8dee user is looking for a certain
layout, colour or texture.
MEDM-based image retrieval systems rely on the oobestructure of text, because

images lack the intrinsic structural coherencenafuistics. This lack of coherence comes
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from the ambiguity and subjectivity of images (Figf.1f. Language and text lean on
general conventions, which makes sure that wordsrttee same to (virtually) everyone.
The context of a text in which words are used waitds the correct interpretation of
words. The structure in text helps the computeyetba grip on indexing images and to
form a link between people’s and the computer'srjprietation. It is exactly because of
the lack of structure in images why MEDM-based imeagfrieval systems still do not
suffice in finding images, since adding text to ges is more of a bug fix to the problem
rather than an actual solution. It is like wrappeghoto in a piece of paper and writing a
description of the photo on the paper. Text andygsado not mix well, since they come
from a different domain.

Modality of words is less an issue within (linguedymmunication in comparison to the
ambiguity of images. The translation or re-intetatien is done automatically by people.
A message still comes across perfectly when orepaurefers using the word ‘circle’
but another uses the word ‘sphere’. Both termsraegpreted the same. To a computer

however, these two words are completely differdmonrse.

Using Manually Entered Descriptive Metadata forémehg images is
communicating within the textual domain, aboutehérely different, visual
domain. It is like describing a scene to a blindspa (textual domain) with sign
language (visual domain), with a deaf person aspeson who describes the
image (ambiguity, personal interpretation of sonewaio’s experience lies

within the visual domain rather than the linguaindain).

In order to find textual documents one can useadtars and words. In order to find
images one needs to use visual language - cokhapges, placement, orientation, special
organisation, etc.

Content-Based Image Retrieval is an approach tgemnatrieval in the visual domain.
This, considering what has been said, looks liketser, more promising approach.

®Dr. B.A.M. Schouten.Giving Eyes to ICT! Or: How Does a Computer Recsgai Cow? University of
Amsterdam, 2001, p 14
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Figure 3.1 - Flickr is used for sharing general photograpk
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Figure 3.2 - Flickr is used for storing third party graphics
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Figure 3.3 - Flickr used for artistic photography

Figure 3.4 - Flickr used as online community
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Content-based image retrieval, a sub-domain of egemnvision, is a system in which a
computer analyses an image to extract visual featdrhese features are known as low-
level features. This means that the features areally detectable, without assigning any
semantic meaning to them. With CBIR, images cambexed relatively quickly and
easily. The user uploads an image and the sysiexes it automatically. However, the
many image feature extractions in CBIR are hardeteelop in comparison to MEDM-
based systems. The features are also hard to tenaldfer end users. In addition, lack of
semantics gives bad results after querying fonzage from a CBIR system. This lack of

semantics in CBIR-based systems is known as a sengap (chapte4.4).

70/ <
People are able to do something else that comped@rsot, which is a great issue in the
context of CBIR. They are able to see one depidaiuh recognise transformed versions
of that same object (Figu#el). This is the Invariance-property of the Gegtadory. In
addition, they can imagine what an object looks bk the side that is not within view.
Next to that, they can translate certain charasttesi from one object to another, enabling
them to categorise the object the very first timeytsee it. When a person sees an Old
English Sheepdog (Figu#e?), it is recognised as a dog. When the samepaees a
photo Chihuahua (Figu#e3), she identifies it as dog as well, regardtdske fact that it
has a different colour, shape and absolute size ofilentation and pose of both animals
do not even need to be the similar to be abledntity both as dogs. A cat however,
features similarities in comparison to a dog (Féguid). It also has four legs, a tail and

two ears, yet people recognise it as a cat, noga d
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The best-known examples of extractable image featare colour, shape and texture. In
case of colour, we can think of the overall colofian image, or the colour of separate
shapes within the image. Features are extracted érery new image that is introduced
to the system, by means of mathematical algoritiins.extracted image features are
then stored in a database for each image. Stosimgaay as possible relevant features
increases the chance of an image to be found. Acasethen retrieve images from the
system by looking for image features. The usemasfivisual criteria for the retrieval of
images she is looking for: she queries (chaptk). Querying in CBIR can be done in
several ways of interacting with an image retriesyatem, as described chaptes. The
combination of all indexed features of a singlegmahould create a unique description
of that image. This single image should be retddwethe system when a user defines an
exactly matching feature-combination as a query.
Literally, an endless amount of optional low-lefedtures could be extracted from
images. When indexing a new image by means of CBR¢computer has to decide
which features are most useful and which are lelsyant for indexing and later
retrieving an image. Some features are more impbtiin others are. Features that seem
important because of size, amount of extractalitenmation and redundancy are marked
as such. Features extracted from smaller parts image, which contain less
information are treated accordingly.
As said earlier, all features from one image togeetbrm a link to that single image.
Photos contain coherence between features. Forpeaaiter a deduction of dimensions
the following clues can all tell us we are lookeugsky’:
it generally sits in the upper half of an image;
it can have a variable size or shape;
it often has a blue colour, sometimes purple, pinérange;
if blue, a yellow or orange circle could be seethimithat blue shape;
the circle itself (if it actually is the sun, noball) would never be in the lower half if the
blue shape were in the upper half;

the circle’s position within the blue shape is ahte;
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The computer cannot detect this coherence betwkeariable features, since
recognition is based on semantics. Even if we weeddh the computer these variables,
would it be able to understand the concept of ‘sidyen it is reflected in water (Figure
4.5)? What happens when the sky is the largeripar image, but a small silhouette in
the lower-left bottom is relevant to the user? AsB2A.M. Schouten states, it is
impossible to select the most important featureraatically, since the most important
feature is never the sam@&his is not just the case at the indexing stdgmages, but
also at the time of retrieval. The importance ¢¢aure depends on the user’s task or

goal and her personal interpretation (chaft2j.

The user will have to tell the system what is irtgody what is similar and what is
different to her, to make it possible for the cotapto retrieve what a user is

looking for. Interaction is the key to satisfyimgage retrieval results.

706
People can miss-interpret colours from an imageeithe computer-measured colour of
a wall is grey, a person interprets the wall asteviitdward H. Adelson elaborates this
observable fact with his Checker Shadow lllu8idn the left-hand-side image in Figure
4.6, the shades of square A and B seem to havéeeedit shade of grey. The image on
the right-hand side shows that the actual cololootth squares is equal.
Comparison by people is done differently than comspa by a computer. Like with a
personal vocabulary (chaptg?), the amount of detail a user can detect dependhe
personal experience with a sub-domain of imagesamiliguarian for example, can see
whether an old looking piece of furniture is aclpahtique, just old furniture or a new
piece of furniture that is forged to look like ante (Figured.7). Another good example
is the value of a Lomo photo camera. To someoneig/hot a photography enthusiast, a

Lomo LC-A camera (Figurd.8) is an old camera which still holds ‘old fagied’ 35mm

"Dr. B.A.M. Schouten.Giving Eyes to ICT! Or: How Does a Computer Recsgai Cow? University of
Amsterdam, 2001, p 22.
8 E.H. Adelson. Checker Shadow lllusién1995. Figuret.6
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film and produces bad photos with wrong colours amdmage-masking vignette around
the edges (Figuré.9). In the Russian Republic, these cameras arg &round in
people’s cupboards. To Lomo photography enthushasigever, this is a highly
appreciated piece of creative mechanics, lovedusecaf the saturated colours and the
beautiful vignette. These cameras are sold forashmnas US$200.

One image in either JPEG format or GIF file-forroatks the same to people, but very
different to a computer, since they are two diffeérde-types. To show this, an image is
printed in both file compression formats in Figdr&0 and Figurd.11. They are
exaggeratedly compressed, in order to be ablectdiflerence between both. The
content of both the images is the same, howeveanihges are actually quite different
(mainly in colour). People need to program appiocet in such a way that the computer
sees the images in Figutel0 and Figurd.11 as equal. In the field of CBIR, these
problems could be solved. What if the same imagre lidack-and-white? At one time the

colour is important, another time the image is.

707 +
Chaptergt.2 and4.3 show the difference in interpretation betweeogte and computers.
These differences cause the existence of the sengam. The semantic gap exists at
occasions where a denotation of a subject or odes not match the semantic concept
of the same subject or object in the mind of a@eri other words, in CBIR, the
problem is that low-level features that are exeddtom an image by the computer are
stored as such. No meaning other than visual fesitare stored with the index. To the
computer, the shape of an airplane can be sinoiltre shape of a whale. Both can be
grey blotches, surrounded by a blue coloured dre@eople, the blue backgrounds mean
a lot. Together with the shape and other featuréseoobject and the blue area, users

determine whether they are looking at an airplantaé sky or a whale in the ocean.
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Natural language processing (NLP) is part of aiafiintelligence science, combined
with linguistics. One approach to address the séimgap problem in CBIR, discussed
in chapter 4 is through this science. The idea is to getmaers to interpret language
the way people do. In practise, people could tdiytdascribe an image. The computer
would then try to interpret this text though NLPthe text says something about the
image, it probably says the same or something airalbout an image that looks similar.
The difficulty with NLP is that a single word caave different meanings. Other than
that, the same thing can be said with different&iof sentences. Small differences in
pieces of text can mean large differences in megfihese are some problems that make
it hard for a computer to correctly interpret hunle@mguage, especially when language is
used in a metaphorical way. Other than that, NLéhilg useful to CBIR when the
images within the system are described extensiV@yt-to-speech technologies can be
of great help here.
An other way of adding semantics to CBIR is by cormy it with MEDM. Next to low-

level features, high-level descriptions are addeithé¢ images.

+ F. %

The ambiguity of language interpretation and pesswacabulary is not an issue within
CBIR. However, image ambiguity is still a problednless we create computers with
character, that can think like humans, and are tablemderstand what people actually
mean when they communicate, we need to leave thgpmetation of visual matter to

people.

Computers are good at calculating, which that isaiiney should be used for.
People can in turn do what they are good at theweselinterpreting, decision-

making and determining relevance,.

Since interpretation by people is ambiguous as,welneed to get them to speak the

same language in the visual domain. One way taesgelthis is to go back to basics of

33



visual communication and lose all information thety cause misinterpretation. By using
geometrical shapes, without naming them, thingsnearer be interpreted. A child from
China understands geometrical shapes in the same as a child from the Netherlands.
It is one of the basic elements in the growing-bpge in a human'’s life. Children can

recognise shapes before they can even name thgoréBil2).

The advantage of CBIR is that it does communic#atemthe visual domain. Its
disadvantage is that it works with ambiguously gthplotches, instead of

identified objects.

An application like Blobworld works with colouretiapes that are extracted from
images. This, however still makes a shape ‘a blafith a certain colour’, unless the
blotch is described textually, which brings badkla¢ issues of MEDM. One way to
decrease the ambiguity of coloured blotches in esdyy flattening dimensions. To get
rid of different interpretations in images, theiantof ‘sky’ should become something
like ‘a blue area in the upper part of an imagermaccompanied by a yellow circle and

white blotches’ instead of something that can haaeay colours and shapes.

70> 3(
As said, when someone is looking for a concept‘tkenfort’, a semantic-lacking CBIR-
based approach fails without help of language er uderaction. There are several
different approaches to retrieving images from CByRtems. Much information on
optional interaction models and their usabilitpigilable from published CBIR survéys
19 Several well-known and remarkable models wilbbdressed here.
CBIR systems are always queried by features. Témagraph emphasises on the query by
selecting features by the user. The most basictavateract with a CBIR system is by

directly selecting features which the user thirnkbe relevant in comparison to the image

°B. Johanssor\ Survey on: Contents Based Search in Image Dagsbiiskoping University, 2000
1OR.C. Veltkamp, M. TanaseCbntent-Based Image Retrieval Systems: A Stundnecht University,
2002.
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she is looking for. A photo with a red car in tlegground could theoretically be
retrieved by selecting red as a dominant-coloutdiesfor querying. Naturally, images of
red fish, red brick walls and photos taken in @aliseque with red lighting, are possible
to be retrieved as well (assuming they are actisatiyed in the database).

A problem with querying by feature is whether arusalises or knows which features
she can query for. If the system is based on caloumrinance only, she can impossibly
look for a black and white photo (colourless) ar bark of a tree (structure). On the other
hand, when an endless amount of features are aispsal, she might not understand
which features could return the image she is loglkan. To prevent the user from having
to work with features directly, several interfatese been developed for querying. Two

of the most used will be discussed below.

5 % %% ?

CBIR systems are often fitted with Query By Exam({@BE) interfaces. These interfaces
let the user provide an example image that carskd tor comparison by the system.
This can be done by means of selecting an imagestlafready present in the database or
by uploading a new image. The system can thenflmoknages with similar features that
will be presented to the user. Preferably, the aaergive relevance feedback to the
system by interacting with the retrieved selecti®he can point out which images are
relevant to her and which are not. Next, she remstsithe query, refining her search and
narrowing down the diversity of the retrieved imagdection.

Other than just providing information about whettrex entire image is relevant or not,
users are helped by being able to point out arghgwimages that are usable for
guerying. More detail in the query can be providede user is able to supply

information about the amount of relevance (weigithese features.

5 %$% ;
Some systems let the user query for an image liglskg a drawing. Although this
sounds like a good interface, it is hard to usg&ople who cannot even get a real life

looking object down with a pen on paper, let albgeising a mouse. It is also
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understandable that query-by-sketching is harcdséowhen the images in the database
contain details that are hard to reproduce by hfamé&zxample X-Ray images, which
contain many gradients.

In the CBIR survey conducted by Utrecht UniverSitgtudents stated that the sketching
interface can be useful but is often used errorigolie give an example, drawing filled
polygonal shapes would be less suitable for a datlvith images of tropical fish. Users
would be more helped with a system that lets tlee jp=int’ coloured patterns,
regardless of the shape of the fish. In additianfish will ever turn up from the system,
when the painting would be applied as a querysgséem that contains architectural
images, no matter how well and detailed the colbpattern is drawn. Ideally, the sketch
interface should enable the user to draw what skds) but disable her what she does

not need.

The quality of the created query image should et on the drawing skills of the

user as.

?
QBIC IBM
QBIC features two modules for image retrieval: colsearch and layout search. The
strengths of the colour search models is thatawal the user to choose colours to query
for. Next, the colours’ weight can be adjusted bgraying the box-size of the selected
colour. To a certain extent, this module works wiellloes however, turn up irrelevant
images as well.
The layout search module is about creating squaré<ircles in a single colour.
Paintings in the database are hardly ever conamgtrically shaped areas with a single
bright colour. It is hard to use this engine fdrieval by layout. This engine would be
better useful for looking for paintings in a Moraain collection. A demo of QBIC is
available at rhe site of the Hermitage museum:Miipw.hermitagemuseum.org/fcgi-

bin/db2www/gbicSearch.mac/gbic?selLang=English
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Blobworld

Blobworld uses feature extractions that are dedeasea singularly coloured blotch
within an image. A user can select the shape,aly fstbm an indexed image to look for
images that contain similar blobs. The strengtBlobworld is that it features weight
ajustment of the selected blob and the weight@ttifickground. The weakness is that it
is only possible to select one single blob at itmet To increase find-ability, the images
are stored in pre-defined sub-categories (AninRg®ple, Flowers, Ocean Scenes,
Outdoor Scenes, Manmade Objects). This seems Veeiedsystem that wants to prove

image find-ability by visual features.

PARISS

PARISS learns from the user by her interaction withsystem. In an iterative process, a
user can create clusters of images. The user sepdine relevant images from the
irrelevant images by clustering images. The systads the clustering in comparison to
low-level features and tries to cluster the otheaiges within the system according to the
clusters defined by the user. In the screenshgu(e#.13), every dot represents an
image, which can be displayed and moved to a clo$ienages by dragging and

dropping. Every image can be ‘closed’ again, tugntnnto a red dot.
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Figure 4.1 - Gestalt laws - Invariance.
Objects in C and D can be recognised as deformedrg@mns of the object in A.

Objects in B contain similar features, yet are diférent objects.

Figure 4.2 — Old English

Sheepdog. Figure 4.3 — Chihuahua - Figure 4.4 — Looking quite

Looking quite different from a similar to the Sheepdog yet it is

Sheepdog, yet itis also a dog. not a dog
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Figure 4.5 - Not an image of sky

Figure 4.6 — Checker Shadow lllusion, courtesy of E.H. Adson
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Figure 4.7 — Antique? Replica?

Figure 4.8 - An original Russian Lomo LC-A Figure 4.9 - A photo made with a Lomo LC-A

camera. Junk to some, a valuable item to others camera. Highly saturated colours and a vignette.

Figure 4.10 — An image in (heavily compressed) Figure 4.11 - The same image as in Figue10,

JPG format compressed (heavily) in GIF format
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Figure 4.12 — Children learn to recognise shapes before méng them.

Figure 4.13 - Screenshot of the PARISS user interface
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The Photoindex project is the practical part of dhissertation. The theory in this
document forms the foundation for the Photoindejqmt. The project is an attempt to
combine advantages of, and avoid disadvantagesidodmMEDM and CBIR, into a

new approach. Photoindex is not the answer toralbe-retrieval problems; nevertheless,
it can be a stepping-stone for new approachesagémetrieval systems, with higher

levels of usability and user-friendliness. It preisemy approach on closing the semantic

gap.

=0/
Like every image retrieval system, the goal of Bimatex is to retrieve images in
collections of digital images. This is done by masing the find-ability of archived
photos, in a way that lies closer to the humang#ron, than computer vision (CBIR).
The computer is merely used for calculating diffexes between a limited set of data,
which consists of predefined, well comparable \@ea.
The main target-audience for Photoindex consistsefs with a high level of awareness
regarding image layout, colour and compositionsTavel of awareness is the common
language they use, so that indexes by other paoplmterpreted correctly. Typically,
these are for example graphic designers and ptagibgrs. Photoindex is useful for

personal photo indexing by general users as watiest relies on indexes that are
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defined by the user herself. The idea is that wihaser is confronted with the way an
image is indexed, like being aware of putting aal@ague photo in a certain drawer.

This process of letting the user decide which feestishe can remember the image by, is
done by using a mixture of low-level features &t contain high-level, semantic
information. This information is designed in suclay that it is hard to misinterpret,
since it resides in the visual domain, rather tiiendomain of linguistics.

The approach to indexing the photos in the sysietaiting the user trace the photo with
a predefined set of vector-based shapes and synitb@se shapes which will be
addressed by the term Indexing-symbols from herd ba interpretation of the
Indexing-symbols remains the task of the user. Wowe circular shape in the upper half
of the photo is nothing but a shape with an id acdlour variable to the computer. In
the mind of the user this can be interpreted astine however this will never be named
as such within the system. There is a very higimcadhat the same Indexing-symbol fur
‘sun’ will be used by other users as well, becafdbe limitated amount of available
Indexing-symbols. Further workings of PhotoindeX e explained in the following
chapters.

=01 +
The idea behind Photoindex is that every persaracting with the system uses the
same language; the basic visual language with shegpanguage elements. These
elements are even understandable to a personaabicread. Like Morse code, this
general, unified language should ideally not sufffem differences in local (lingual)
language, cultural background, educational levdl@grsonal interpretation (Chapter
3.2). The makeup and elements of the languageatedcribed in the following

paragraphs.

< $
The program is based on the concept of query bigkskBhotoindex gives the user the
opportunity to look for two-dimensional shapes mimage, only not before that shape

has been defined by the user before. These twordimeal shapes can only be a square,
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circle or triangle. After being dragged on a phthbese shapes (Indexing-symbols) can
be transformed to a certain extent. Users can aghagges in position, scale (in x or y
axis or both) and rotation to modify the Indexingrbols (Figures.1). This way, the

user does not require any sketching-skills for kg and more importantly, for
guerying.

The advantage of using vector shapes over sketehihgt the shape, which is defined as
Indexing-symbol, is always the same as the shagperdby the user. There is no need to
sketch a perfect circle to retrieve a circular shayghether the system had indexed a
circle (Chapte#n.2), or the user recognises it as such (Ch&@p®r Neither the computer,
nor the user is ‘right’. They have in a way, unanassly agreed upon the ‘right’ shape.
Actually, theuseragrees with the decision she made for the usque<htahe time of

indexing the image; the system has no idea oflthpess semantic relation to the photo.

%
In order to infuse the system with a certain l@feligh-level features (semantics), users
have a set of archetypical shapes at their dispdkalnarrower the available set of
symbols, the less chance of misinterpreting inddeatures. In other words, instead of
providing the user with a symbol for ‘sea’, a syrhioo ‘faucet water’ and a symbol for
‘rain’, the user can only use a symbol for ‘watéh Indexing-symbol behaves exactly
the same way as the geometrical objects discusdedeb The appearance of the symbol
is chosen in such a way that it is as abstracosasilple (Chapte3.1) and recognisable to
virtually any user. The user can mark water in atplby dragging the ‘water’ Indexing-
symbol on top of the photo, and scaling it untdawers the water-area in the photo.

Following, an overview of available Indexing-symbail Photoindex:
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For the project's demo version, these are all efdptional symbols. They should suffice
for basic image indexing however; usability testinight prove a need for sub-
categories. For this version, there has delibgréteén chosen not to provide more
Indexing-symbols, since the fewer choices a usgrtha less ambiguity in photo-indexes
can occur. Less choice also keeps the interfa@m clehich increases the usability of the
program.

The last two Indexing-symbols (‘water’ and ‘sky’puld be of better use as shape-fill
tools. This would give the user more freedom o&ting circular-shaped water as a pond
for example, when used in combination with the gewim symbols. This has not been
implemented in this version of the Photoindex beeanf technical limitations. However,
this should not be a problem for the proof of cqtad indexing photos with Photoindex,
since the userandefine water, there is only less detail.

Of each Indexing-symbol that has been placed opltlo¢o, a user can also choose a
‘density’ value. This is to be used when a larg@ant of shapes, like a group of people,
need to be dragged on the photo. By clicking therf+-* button (Figure5.1), the user
can increase or decrease the Indexing-symbol'sitgefis way, the user does not need
to drag a large amount of ‘people’-Indexing-symhmisthe photo. When clicking the ‘+’
button next to a ‘person’-Indexing-symbol, the amioof shapes shown within that
single object will increase. The object will remaisingle object however, with a higher

‘density-value’.

#

The Indexing-symbols can be coloured after beiragged on the photo. Users can only
apply a small amount of different colours to thddring-symbols, for the same reason
why there is a limited amount of Indexing-symbddsver colours give less chance of
interpretation differences. As a result, there lisglner probability of matching a queried
object with an indexed feature. As visible in tigaife, the user can choose two shades of
blue — light and dark. In combination with the ‘skydexing-symbol, the following

semantic combinations can be constructed:
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rectangle + sky + light blue = day
rectangle + sky + dark blue = night
rectangle + sky + orange = sunset

circle + water + green = dirty pond

(The technical limitation of not being able to ikometrical Indexing-symbols in the
developed Photoindex version has been neglectediar to be able to give a detailed

example)

=06 ?
As said, indexing photos is done by tracing a plhgtoneans of dragging two-
dimensional, vector-based Indexing-symbols on fap® photo. Photos in the system
can only be retrieved after they have been indekedtart indexing, the user chooses
‘INDEX’ in the image-browsing module of PhotoindeMter that, all images that have
been uploaded, but have not been indexed yetrasemted to the user. The user can
now select the image she wishes to index (Figute
Clicking on one of the un-indexed photo will actevéhe indexing interface of
Photoindex, with the photo that has just been t&ddoy the user. Next, from the bar in
the top of the indexing module, a user can dragdaod Indexing-symbols on top of the
photo (Figures.5). A maximum of ten objects can be dragged emptioto, for
usability’s sake. The idea is to quickly index arage, not to draw a new one. Other than
that, limiting the amount of possible Indexing-syhbn the image stimulates the user to
choose an Indexing-symbobensity rather than cluttering up the photo’s index with
many of the same Indexing-symbols.
The interface does not contain a ‘save’ buttorntelad of letting the user store indexed
photos, every Indexing-symbol on the photo, togethth its properties (scale, rotation,
position and colour) is stored in the database ebenthe user de-selects that particular
Indexing-symbol.
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This interface, when programmed on a differentfptat, could be expanded with some
interesting features for expanding functionalitytled indexing module. One is a real-
time check for similar indexes. This way, duplicat@ges can be pointed out to the user.
An other, more interesting feature would be thetamtof automatic feature recognition,
like in Blobworld. The system could then learn whiahoices the user makes in indexing
photos and relate the user’s choices to shapesdhdie extracted from the image
automatically. That way the system can place shapéke photo, right before a user
starts indexing a new photo. The longer a userabpethe system, the more accurate the
pre-placed objects are. A disadvantage of suchxpansion would be the lower
awareness of features in a photo, since the uss miat intentionally define shapes any

more.

=07 5. %
For the sake of usability and consistency, theyjogrinterface looks the same as the
indexing interface. The only difference is thatréhis no image on the background and
that the interface features an extra button fonstiing the query. After submitting the
guery, thumbnails of the retrieved images will besented in the photo-browsing
window (Figureb.4). To prevent the user from having to browseugh a large amount
of retrieved images, the system will only presdwdtps that have the highest similarity in

comparison to the query-drawing.

( %

The presentation order (rank) of retrieved imagetetermined by a rating system. The
more similar a photo in the system is in comparisothe query-drawing, the higher it
will be placed in the array of retrieved images.

The rank of a photo’s match is determined in sesteps. The comparison happens in a
sequence of steps, from comparing Indexing-symimen to matching details like the
rotation of the Indexing-symbols. After each conman-step, only the high-scoring

images will ‘proceed’ to the next step. This wébult in a higher score for images that
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are the most similar to the query-drawing. The gual be compared to the photo-
indexes in the database in the following orderteps:

Similarity of selected Indexing-symbols. If a ‘pens and an ‘animal’ have been drawn
in the query, all images containing ‘persons’ Wil retrieved in the background and
awarded with points for their match-rating. Photath a ‘person’andan ‘animal’ will
receive a higher rating. Photos within a certaorisg-range will be tested for the next
guery-match.

Occurrence of matched Indexing-symbols. After commggthe kind of Indexing-symbols
in the photo, the system checks whether the anafuntiexing-symbols in a photo-
index matches the amount in the query-drawing.mMbee exact the match, the higher the
extra points for the photo’s rating.

Colour of matched Indexing-symbols. The colourthefindexing-symbols in the query
drawing are compared to those of the indexed tlo¢ogithat are within a certain scoring
range, after the previous comparison-step.

The density of Indexing-symbols. All Indexing-syntdm the query-drawing are
compared to the density of the Indexing-symbols @éne placed on the photos.

The position comparison of Indexing-symbols;

The scale comparison of Indexing-symbols;

The rotation comparison of Indexing-symbols.

The more query-steps an indexed photo passesigherhts accumulative match rating

will be, the higher in (match) rank it will be pezged to the user.

=0=
The editing interface looks the same as the indgaird querying interface. When the
system would be used by several people, all imagexes can be modified or refined by
every user. Possible missing features or mising¢mgions in photo-indexes could be
altered by others. This way, a more general opiragdarmed about the way a photo

should be indexed, creating a ‘community-basedht{ghapter 3).
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=0> +
At first, the idea was to develop the system far as a handheld computer with touch-
screen operation, because these are likely tdtled fivith high-resolution cameras in the
future, or digital cameras could be fitted withglar touch-screen displays. The thought
was to simulate the indexing-process at the momieatphoto’s creation, by means of
touch-screen. This plan was discouraged by the Hi€dtors because it would be too
difficult to develop for this platform. The additial value of usability testing of this
approach was questionable as well.
Therefore, the choice for the PC with MacromedigeBlor as development platform has
been made, for creating the user interface. Thragtoof photo indexes and the
comparison of query-drawings with the indexed phasadeveloped in PhP with MySQL
as a database system. Both director and PhP/MyS£pé familiar platforms, which
made development less difficult than it would hbeen if other platforms were chosen.

=0@ A+ %
A Strength, Weaknesses, Opportunities and Threalysis of Photoindex is listed

below.

Photoindex communicates within the visual domalmer&fore, it does not suffer from
possible misinterpretations of indexes like comroation within the textual domain and
mistranslations between textual descriptions asdaliclues.

The program uses basic shapes and symbols thaasitg understandable.

There is no difference between the querying-languagl the indexing-language of the
system. This makes things easier for both the gystaser and developer.

Photoindex features a different approach to cloiegsemantic gap, providing possible
interesting insights on developing image retriesystems in the future.
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A -
It is not yet possible to combine a texture andlawr with an Indexing-symbol.
Therefore, it would not be possible to draw a tigerexample (‘animal’ + orange +
stripes).

Because of a narrow selection of Indexing-symhblsecomes hard to create better-
distinguishable objects. There is one Indexing-synabailable for ‘transportation’. The

means of transportation (by air, by sea, etc) cabeaalefined with this symbol.

)

Adding sub-sets of Indexing-symbols could give sseore possibilities in creating
higher-detailed indexes. An example could be ‘fpanation’, with optional sub-
Indexing-symbols for ‘plane/by air’, ‘ship/by se&ar/by road’, etc.

By replacing the Indexing-symbols with Indexing-dyats from a sub-category, the
system can become usable for specialised appliinsatige indexing photo-collections

with only cars for car-sales purposes.

+

Strong development in text-to-speech combined MEBDM based systems makes it
easier to enter textual descriptions, taking awas/ af the major disadvantages of
MEDM based systems.

Automatically indexing by MEDM would become availalivhen in the future all text-
based systems would be linked. An example could th@utomatic registration of the
GPS location where a photo has been created, ibication with a date, could retrieve a
lot of information on the location and possibles@afor taking that photo, by matching
it with activity-agendas online.
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Figure 5.1 - The 'people' Indexing-object with

rotate, scale, colour-selection, density and deleteols

Figure 5.2 - Increasing an Idexing-symbol's density

Figure 5.3 - Available colours
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Figure 5.4 — The user can select a photo she wishes toard

Figure 5.5 - Indexing a photo
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With current and new technology, applied to appites for both professional as well as
private use, the amount of produced images is grg¥ast. However, technologically
speaking, the manner in which images are storecefaeval stays behind. The more
images produced, the harder it becomes to retaespeecific image from the ever-
growing collection.

Retrieval of images can be done either by browsimgy querying. For browsing, in
general, images are scaled down and presentedlipimmumbers at once to the user.
This way it is possible to compare several imageseaonce to save time. In addition, it
makes side-by-side comparison possible. The usssawmidetails as result of scaling
down the images in size. She also needs to dividataon between all the presented
materials, with the risk of overlooking images. Maty is the process of browsing
inaccurate, it is time consuming as well.

The computer could do the comparison of imagepdople much faster, on the
condition that the image index (a description ofraage’s characteristics that is readable
by a computer) is detailed enough. A user canunsthe computer to retrieve an image
from a collection by entering search-conditiond fh@ssibly match a certain image’s
index. Entering these search conditions and instrgi¢he computer to look for images
by filtering according to these conditions, is edlquerying. A highly detailed image
index should provide the possibility for a detailethge search.

There are many problems regarding indexing imagesone, it is difficult to decide
which part of an image should be described, simages are ambiguous. For example, a
photo of children at a sunset beach can be integelsecause of the depicted children or
because of the colours in the sunset sky. Pointg@efest like these vary per photo, per
image domain, per user and per search task. A walnd for this problem is to narrow
the down the domain of stored images to a collaatithin a pre-determined context.
This way, all images in the collection are potditimteresting and the details in images
can be described rather than figuring out whetheirmage is interesting in the first

place.
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Next, assuming the points of interest are deterdmell, descriptions of these points of
interest create difficulties as well, because fgildle differences in interpretation. One
person calls the sun yellow; another might fee white. Other than that, the
descriptions need to be readable and comparaldecbynputer.

To achieve computer readability, two main methddaaexing images are used. One is
by manually describing images in a textual forride other is utilisation of computer
vision, where a computer indexes images by degdtiatures like colours, shapes and
textures in an image.

Describing an image with text needs to be donevery single image by a person by
hand. If a photo contains enough manually enteesdrniptive metadata keywords, it has
a high chance of being able to be retrieved. Howet/eakes much time to enter a
sufficient amount of suitable keywords. It is vatly impossible to find this sufficient
amount of suitable keywords, since “An image sagsenthan a thousand words”. The
suitability of the keywords depends totally on tiser that looks for an image. While less
ambiguous than the semantic content of imagegjaéinage descriptions suffer from
ambiguity as well. Image searchers all speak diffefanguages and use different words
for the same visual clues. One person might chteesevord ‘circle’ as another might
choose ‘sphere’ to describe the same visual element image. The language a searcher
‘speaks’ depends on her local language, her clilbagkground, her vocabulary and her
search task. When an image’s index does not costdiitient keywords, one can only
retrieve an image if one knows how it is storecoight after image would not be
retrieved by the system when the ‘wrong’ keywordswssed for a search. This could be
an advantage, since finding just a few suitablenkegs would not take up too much
time to enter. But then again, which words wouldsbiable and not miss-interpretable at
the same time?

Using keyword descriptions for describing imagessasright when images need to be
retrieved efficiently, without having to browseeaafjuerying. This is because text lies
within an entirely different domain in comparisanitages. The act seeing(not
interpreting) a photo cannot be performed erronlgdassuming the person is not sight

impaired or (colour) blind). Without naming a shap& photo, everybody sees the exact
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same shapes, structures and colours in an imaggcuracy can only happen with the
interpretationof (visual features within) images. The languag#iw the visual domain

it self does not suffer from ambiguity. Therefarelexing images could be done better
by indexing visual features instead of using textigscriptionsimage retrieval should
take place by communicating within the visual doamai

Content-Based Image Retrieval, a sub-domain o$tience of computer vision, utilises
the non-ambiguity of sight. By extracting and gigrvisual features from images, known
as low-level features, users of CBIR-based systamsable to find images by looking for
these features. However, computers and peopleKsffeasame language, but in a
different dialect, regardless of the fact thatldreguage of the (correct) visual domain is
used. To people, both a perfectly round shape desisgperfectly round shape can be
interpreted as (or translated to) a circle. Computewever, see either one shape or
another. It is up to the user to tell the computieether she thinks the shape is a circle or
not. The computer’s task should be nothing mora thaking for similarity in indexes

that have been previously constructed by usemddlition, a problem is still, like with
textually describing images, to determimleich elements in an image are important to the
user at which occasion. The only way to find thisis to ‘ask’ the useiflhe key to

higher accuracy in image retrieval lies in the iratetion of the user with the system.
Users point out important elements and determinat wWiese elements look like. This
way, the computer only needs to compare indexete Wie user is actually aware of

how the photo is indexed. This is similar to remeng in which drawer an analogue
photo is stored.

After pointing out interesting elements in imagégy need to be described. In the
Photoindex project, this is done by assigning pstaa an archetypical symbol (like a
symbol for ‘human’ or ‘animal’) to an element iretphoto. By providing the user with a
small set of optional elements and symbols for dieisg elements, miss-interpretation is
less possible. In other words, the few optionapsisaand symbols force the user to make
a choice in describing the photo. Less choice auisibn making means a flattening of

dimensions, which results in less interpretaticués during the retrieval of images.
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To index a photo in Photoindex, the shapes and signdan be placed on top of a photo.
They can also be rotated, scaled and colouredshapes and symbols on a photo
together can form a context. The position relato/each other provides clues about the
indexed photo. A circle placed on the photo cowdadibe a ball or a hole for example.
When it is coloured yellow, it can no longer beadeh but it could still be a ball or the
sun. When the yellow circle is placed in the ugpedf of the image, on a blue rectangle
with the symbol for ‘sky’, the yellow circle in see has a high chance of becoming
interpreted as being the sun.

Photoindex is a way to show that and decision ntpllvout interesting parts in images
and leaving interpretation of images should be dpnpeople. One advantage of this is
that people actually remember how images are irdiéMere importantly, users index
photos by creating pictures in their minds witheat$ that have no meaning themselves,
preventing misinterpretation of the objects thems&l These objects are at the same time
readable and comparable by the computer.
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