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Part i i 

Overview w 





Chapterr 1 

Introductio n n 

1.11 How does a Computer Recognize a Cow ? 

Iff  computers can be seen as calculators, then the question arises whet her intelligence and 
particularlyy visual intelligence can be produced by mere calculations. Unfortunately, this 
questionn wil l not be answered in this thesis. One thing is certain; wc have definitely laken the 
roadd to visual intelligence in the future. Wc ma\ wonder where this road wil l bring us and 
wheree we are now. Image recognition now becomes available in industrial products. In dail\ 
lif ee we arc. sometimes without being aware, alrcadv confronted with these techniques. It' vou 
aree speeding for instance. I!K ie.\t \n mm license piale ma\ be recognized. 

Recognitionn is dehnitelv a par! of visual intelligence. It relalcs an emotion, experience or 
visuall  input to an earlier event. Image recognition is based on having seen something before. 
Ourr brain is very effective in this. One could say: "Once \ou have seen one cow. \ou have 
seenn them all". I luinaii beings are able to understand what makes a cow a cow and to work 
withh concepts. Computers are far less intelligent. They cannot enjoy the variety of cows. 

Too a certain c\ len! concepts can be expressed in language. Language makes it possible to 
describee these concepts and to explain what wc see Although it is a tedious !::sk, s:imeo;:e 
escortingg a blind person can describe the surroundings to him. I-ven harder it is for the blind 
personn to imagine what has been described. The mapping from image space to language is 
nott one-lo one. after all: "A picture is worth a thousand words". The same problem is en­
counteredd in image recognition In computers. In contcmporai \ multimedia applications, an 
imagee is described In features, like the color or shape of an object. This is a many to one 
mappingg and as a consequence, there is no one-to-one reverse mapping. A eui can be red. 
Butt there are a lot of other objects w ith a red color. 
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II fiiv i iKMN is m a i u k J ' M k v m a l w üh svsiems K i n g a h k i.. re t r ie \c \ ïsuai in lo rmat ion w i lh in 

TIKK dim ia in ot mh,y»h;h<»; ia h>i<>!nn\ (] I ). . V -.ee L \ H I ka rn I rum the human s a i i i i ; - i \ . ( ] i ^ , 

onee w a \ ut do ing it is to describe the contcn; in language, as done ïti ihe i ; i ^ ut kc\ words. 

Hutt th i il a more in ïc ihgcn i w j v ut look ing tui - i nn la i ihcs is required. \ïst<ai information 

ivfncMilivfncMil ( V I K ) s \Mcms process \"i^naI n ' f l k ' i : ! ma v\;i^ human beings dn. 

('oman!('oman! fhi^-ii ima'^ retrieval ( ( . 'HIK) is based ,-.n die tact that images can hu K ! r i i \ a l be­

causee ut ihc i i si [ml an iv iu otiK i images. A database is a b k lu return images ut' uuv, s ;is .. 

icsu l ll -i l the iaci ihiat ilie u.ser has pointed uut , r i-;ms ui dravwi ais example ut' a CI»A. 

(( )IK.- can d is t inguish dirce u r n components ut ltu.se s\ sterns: 

 C unten t ex t rac t ion . 

D C S C H I KK die content in such a \v;t\ l i ial ,1 can bc processed, i'catnrc curaciion is one 

waxx ut t ln in i i this. A n image u i \ idee. i% Jcsc i ihcd accord ing tu se\cral tc.itLires hkc 

co io rr or te \ tu rc . 

 Similarity 
Onccc the content has been descr ibed, the system has tu define huw sim Mar this content 

iss to die content ot uthei images. As a i\.sLdt. one has tu define metrics approx ima l ing 

too w hal cx icnt the dif ' terenl images, represented In their teatuies are similar. 

 In ter faces . 

f o rr the User to communica te v\ ith the s W c m . interfaces should lie aide to displav and 

composee visual i n fo rmat ion . As die content ot' images is subject ive, an intel l igent 

s\\ stem should be able to manage this sah j cc l i v i u . 

'11 his thesis w i j ! Incus on the lust and the last kcn iv 

1.22 K-content 

Ass v\e are I w ing in the age of H IPM matton let Hi.>log\, v\ i ih l IK- amount ol'A -conical giow ing ( l ick A. 1 

L \pn iKK n t i a l k . t lk IK^VI to handle I his in form;:; ion g tows as tast. We ate o\ crw helmed w i th 

i n f o rma t i on : : 

r tt r.p : < / ' v w . s irr.s . beri-'.eley . f j a u / h o w - m u c h - i n t o 

:mdd the ; i hd i i \ m retrieve this inturmat inn IKcomes p r o n o t h o n a l k si iudlei in I I K g row ing 

amountt ot data. In die domain oi \ i^ual inlormation ^v-acm-.. in fo rmat ion can be processed 

forr several purposes: 

http://ltu.se
http://tc.it


Ii-cnnfcnt Ii-cnnfcnt 

 Compression. 

MPP PC -P T. 2 i add standards for describing content in multimedia databases, i v - kk ^ 
muree compression. 

 Retrieval. 
Too browse, que tv and dow nload information from the web dr other information databases 

 Visualization. 
Inn the field of fashion and design for instance, fashion depends on personal appre­
ciation.. Applications should give wav to examine clothirm as it appears (intelligent 
clotliinti)clotliinti)  and search for products bv visual means. 

 Security and authentication. 
Documentt ownership, access and facilitation. Authorizing or blocking content (pornog-
raphy).. fi ltering. 

 Delivery on demand. 

Personall  Content as in television on demand. Extracting personal content from a larger 
andd more general content quantity. Indexing. 

 Manipulation . 

Contentt being processed in a way that new content is created. Pxamples are editing 
musicc and video, archiving, billing, accounting, virtual shops., etc. 

 Qualit y control . 
Visuall  inspection of products like textiles. 

1.2.11 Frustration 

ff  very body experiences the frustration while exploring and searching the internet and hearing 
h i mm ui h e r s e lf sav . 

 You don 't understand mc, that is not what l meun' 

 Don't ask me what I want, I'll  km.nv it when. I w'c it' 

 What 1'nt looking for, is nol. there.' 

 ('mi't vou see. thai's different'/' 

Thee best cure tor this frustration is to act like Picasso. "Don't look for things, jusl tirul I hern". 
iss the best wav to handle the growing amount of information, sec Pi mi re 1.1. 

Contentt management systems including visual information retrieval is the fastest tzrowin̂  
researchh field and finds its wav into manv P-commcrcc solutions, for a \'uw \ears these 

file:///ears
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\ \Mv[ i i ^ -- opera! e .'f !ne 'o,! int ! 'A u!c w co Unnuir i ( ^a rc t ' cngmes hKL (_)BK . A ' tav is ta i as w L il 

. i N ^ \ | K i ' ll ^ } s ; ^ m - n i . hu msUt ikv . niedieui . i i u i ^ng . Pk-ast. lake a lonk ui UK1 \ idco. " h e n C i k K B. 

Wcc re Li aai'; 1( "I loe passingen" ! rom the Dutch M inisirv o! bconomica i A t fairs in wh ich an 

aa pp ii ca lij. M> pi evented in ibis thesis ter C B I R is c\ h ib i l cd . Other pioiuisinLi appl icat ions are: 

 Ar t . 

11 hc use r \\ >:its t i ' hüJ p;:intlriLis or ob-eets - t r the one he' LM she l ikes. 

Photographicc databases. 
AA graphica l designer ma\ desire io U M ail ap p i icatli in cnanhng ill m U . scaic i l KM' sun i iai 

u ik-mal ivv L.S, ba^eei on the image con icm I k then in Likes a choice according. t< > his ,m n 

persona:: laslc. 

V ide oo i i b m r \ . 

bu l ll content scit ich and te l l icv-al of c u m i n a rul putst I Y bmadcas l . A i u i h automatic 

processs enables d a i l \ content capture, udo ima l ion ext ract ion and storage in on-t ine 

archives.. As an example : the Informe'ii ia D ig i ta l Video lubtarv projeci al ( a m e b i c 

M e l o nn l . 'n ivcrs i t \ . 

r : t tp:: / /vA-.rA'. ir, rorrtetiia . cs. cnu.edu. 

(( r im ina l investigation . 

11 he Los Armeies Police started in I Mv.s a p i io t on the tast recogni t ion ut car thieves 

h\\ a composi te d r a w i n g . G o i n g through it database ol ' possible suspects can be made 

moree eff icient if an automated system could assist in recogniz ing a sketch made b\ the 

v i c t i m ,, see f i g u r e 1 .2. 

Searchh engines. 
Wel ll know n examples aie: 

Ü'11 ! VrVov . Z O '."' Q _ P . c fy-

1.33 Outline of the thesis 

ll suaiK a Ph.1.). thesis is w r i t t en as a hook. A subject tike v isual intel l igence asks lor a 

d i f f c r cn ll approach. It has to be visual lx attractive and intel l igent. The interfaces discussed in 

ib iss ihcsis arc r e t k e k d iti the \ w i \ this thesis - p-esented. a nmipurt Ji^r (CD) . 'I'he CI') lets 

M U II c n j o \ the content o f this thesis in scveia! i ' icdcs: it enables the user to navigate through 



OutlineOutline o f f fie thesis 

tbrr doc i i in rn ts according tn bis own needs, [i w i l l In; interactive and displav demos thai can 

hee 11Hind en the internet and dc\ cioped w i t h i n the scope of this thesis. 

Thee textual version consists of four parts. 'They can he read separately. The first part bui lds 

thee static on w h i c h the publ ished papers (o f the th i rd part) pe r fo rm ; how lo brov. se and quer\ 

(v isuall in fo rmat ion) and. the interfaces commun ica t i ng w i th the user. These Chapters are 

wr i t tenn f o r a larger audience. 

Af terr this in t roduc t ion . Chapter 2 describes examples o f content based image retrieval as 

thevv can be found in commerc ia l systems and research prototypes. Chapter 3 elaborates mi 

thee actual content descr iptors (cal led features) used in these s\ stems. Chapter 4 f inal izes part 

II and sketches research topics as a result o f the discussion held in the previous Chapters 

Partt II describes the mathemat ical background needed to understand the use o f fractal image 

compressionn for feature extract ion as wel l as a descr ipt ion of Tracheal , the fractal feature 

extractorr we devc l loped. 

Inn Part I I I , four papers are presented. The first three explore the use oï fractal image com­

pressionpression as a feature extractor on textural aspects and spatial s im i la r i t y w i t h i n images, for the 

purposee o f image recogni t ion in mu l t imed ia databases. 

 H, A . M . Schouten and P.M. tie Zeeuw. Feature Extraction using Fractal ('odes. 

Proc.. o f V I S U A L 99; T h i r d Internat ional Conference on Visual In format ion Systems. 

Ams te rdam.. June 1999. Springer Ver lag, pp. 4X0-492. 

 B . A . M , Schouten and P.M. de /.eeuw. Fractal transforms and Feature hivariancc. 

[ ( 'PRR 2000; Proceedings Internat ional Conference on Pattern Recogn i t ion . Barcelona 

2000.. Vo lume 3. pp. 992 997. 

 B . A . M . Schouten and P.M. tie / e e u w . Image Databases, Scale and fractal 'trans­

forms.forms. [ ( ' IP 2000: Proceedings Internat iona! Conference on Image Processing. Van­

couverr 20(H). 

Thesee above papers resulted in a visual in fo rmat ion retr ieval svstem: 

 B . A . M . Schouten and P.M. de Zeeuw. Tracheal: 

ht tp : / /www.desk ,n ] / f rac rea t / index ,h tml. . 

A nn addi t ional graphical user-interface (Oil,'I) has been bu i ld in cooperat ion w i t h Vadim Botchev 

(( Rostov Slate Univers i ty ) . 

Thee last and four th paper introduces an interlace cal led PARISS for Content Based Image 

Retrievall suppor t ing relevance fvedluu-k methods for improved image search. The interface 

enabless the user to show In a "drag and d r o p " pr inc ip le "wha t he means" bv i d e n t i k i n g 

s imi larr i ma ties. 

http://www.desk,n%5d/fracreat/index,html
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 (J (Aieiiei;. G i ledcrix. A.A.M Ki.i ik. I J P<UH\ J S .md Ij A.M Schouten- Sii>>:\  m<. 
ninttnintt van mean: I'ARiSS; A ( HIK-inn >-lurc i.hut !carn> h\ rxamnU'. Pmt ot \ ISl 'AI 
-ilUi.i ;; h u mh kil er national Contcicncc on Visual Int*  >rniation S\ sU-me 1 ̂  m, W . ^ n ,. 
l\. rr 2iiiio . p|i Ü .^ -JTIN. 

'II  his p;(pt .  is ',\ lii^- n need ier \ i . |h G. ( a. ii..!; IS A l -PM . K.l . Leuven. Belgium, f'.. Pauw els 
andd f". Kuijk . Gcnïer tor Matlv malies and Computer Sciences ((AVI) . G. Ircdcri.x. De pi ui' 
Mall  he i n ;t ti es. k.l... [ ,euvcn. li c I tii urn. A lirsi \ ersion ut t he interlace described in I ins paper 
wass introduced h> Cacneii. Pauwck and. lovücvix and baptized PARISSXl .. The novcllv 
ott PAR INN-XI is the intuitivcK transparent manipulation of the in formation accrued during 
databasee e\pl(nation. In the contribution presented here uc inieiid to lake the interaction 
paradigmm In the next icvel in attempt to further ;mpio\c tile etiicieiic\ ot die interlace. The 
promovenduss wants to gratctulh acknow ledge the emit ruin t ion ot hredcrix and Caericn. In mi 
ww ho 'tis nJea tor this aitcilaee originated, and u b i rephrased the pi oh lean ot de.iture selection 
inn terms nl' a logistic regression ni< >del. 

!!  ina lb. pari IV' is an appendix tor further reading. On the ( 'D the items can he read interactive 
Inn clicking on the words, underlined in the text. 

(.. Ami rig trom creative circles. I wanted to write a Ph.D. thesis that is en jm able tni evet voile. 

.S>>> pIctiM.- cni<i\ 



Figuree 1.1: Pablo Ruiz Picasso, Tête de taureau. Paris. Spring/1942. Bicycle saddle and 
handlebars.. 33.5 x 43.5 x 19 cm. Musée Picasso, Paris. 
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Suspectt ID-' Composite Identifiedd Suspect 

Figuree 1.2: Los Agclcs Sheriff Department identities Suspect with Face ID'M. 



Chapterr 2 

Informationn Retrieval Systems 

AA text document can be well described by keywords. In the extreme case as many keywords as 
wordss in the document arc needed to retrieve the document. Together the keywords constitute 
aa description ol' I he content. Visual content is more like poetry. It can have several layered 
meaningss at the same time and is strongly dependent on the appreciation of the user, lor this 
reasonn it is much more difficul t to describe its content. Historically, document retrieval is 
donee bv keyword search, where no distinction is made to the nature of the document whether 
visuall  or textual. 

Inn the last 10 vears. with advancing information technology, image analysis and pattern recog­
nitionn provided tools to access visual information according to human perception Visual 
contentt descriptors used in contemporary multimedia applications describe the content in low 
levell  terms, like the color distribution of an image. These descriptors can be used to define a 
similarityy between documents, such that they can be searched for in database systems. 

2.11 Relational Database 

yyavv database management systems (DBMS) function. Until then DBMS envisioned a two 
levell  organization: the data as seen by the system [interna! lew!) and the data as seen by the 
useruser (external le\el). The internal level takes eare of the storage of the data. The external level 
consistss of user views that enable the user to communicate with the database and to retrieve 
thee data. A newly created third level, called the eaneeplaal level, represents the entities, 
propertiess and relationships o( the documents stored in the database. In this way relations are 
usedd to retrieve information from the database. The intioduetion of the third level was the 
startt in e point e>\ the relational datahuse. 

II I 
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2.22 First Generation Visual Information Retrieval Systems 

[fii t;rst gLtKr. i t i r . i l \ isual mtormath >n rcl i KA al i \ ' [R ) s w i i - m v in o rde f to quer . a \ isual or tex­

tuall document one is in\ ited to p n w i d c .1 k , , ^ , v d which (supposedly 1 l ahek TJK- document. 

II hls k e y w o r d is "p rocessed" in die database and a perfect match at keyword level is aimed 

i'MM \ n expert on- i i r tc lias suppl ied the key wenC. lor a schematic o \ v r \ icw si. e ï ILMIri. .' 1 

II lic v iews presented al ihe external level C.MI -A ! of search engines addressed b\ t radi t ional 

q i ic r \\ languages N U Sf7/ 

Standardd contemporarA syskm.s <!!<_ able h. u L i c and <issociatc between keywords, in l ius 

wayy these s\ stems hu ik i up! MI die p r inc ip le - af the relational database. sec Section 1 i. Se-

m a n t i c a l bb more complex queries can bc made by Hoolcan expressions. II ' the relat ionship 

bctww k i n the keywords is pro\ ;dcd i n natura! language processing, scman l i ca l k mot e in te l l i ­

gentt queries can he made. I wen more ad\ JUCCL! systems provide the user w i t h the possibi l i ty 

100 browse the database. I o search a large yabct;. At' mu l t imed ia data etf ikaei i tK. b rows ing is 

aa desued lunc t inna ldy : it enables the us.. 1 ; • h.w 1 an o \ e r \ l e w nl ' the data, kor b rows ing . 

\\ isual i/a[ ton ol I he data space plays a cn ic ia j mk- [ 2 1 . 14] (I igurc 1.1). C l ick A 

'I' l ll e l im i ta t ions oi' the lit si generat ion systems aie: 

•• 1 he conceptual level is not created h\ the user but maniial l> by an "exper t " : l l ie de­

scr ip t ionss ol (he content are made b\ an armotaror. The user ma\ Imd these choices 

arbi t ra iA.. cy en inapp iopr ia tc . 

•• Content descriptors are created manually. Au tomat ic or semi -automatic content de­

scr ip t ionn is desirable. 

•• Snme content cm hardt) be descr ibed in any language e.g. textures or a pa int ing h\ 
Picasso. . 

•• I lic relat inns between the ke> words are also described in i lk ' text domain . Concepts 

l ikee s imi lar i ty are hard to express in ihw domain. 

Ass an i l lus t ra t ion o l ' these l im i ta t ions , please h;>vc a f n>k a! (he l o - n l h ' ! ' , ! search ac! ion using 

thee w o i d koc w ithin the popular search eng ate .\!ia\ i^ta. ("l ick B 

2.33 Second (veneration Visual Information Retrieval Sys­
tems s 

M u l t i m e d i aa demands a more sophist icated wa\ o f stor ing and accessing the objects w i th in 

llikk databask. A l ihe mlel nal l e \ e ; one H i " - a icikicncy lo Use tnoic advanced databases able 

\lL-.in;ris:: o ^ n I I m c i 
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SecondSecond ("icncniiion Visual hilormnuon Retrieval .SYsrcms [ 3 

loo store complex data consisting of video, images, sound etc. Tlic inclusion ut' multimedia 
inn a database lias a profound impact 0:1 its design, features ;md functions. I!' a database is 
onl\\ storing multimedia lor de!ivcr\. like in first generation VI R s\ stems, then a multimedia 
capablee tile server coupled with the abilit\ to store pointers, filenames or object identifiers it) 
thee database is sufficiënt. 

Utilizin gg deeper semantic knowledge about the media such as the abilit\ to index, search and 
relatee information, is truly a function which adds value to a database system. It needs to 
providee support for a range of existing and future data-types, and needs to include support lot-
bothh temporal and spatial modeling such that data abstraction is maximized [ 13" ]. The Monet 
databasee at ( 'Wi is an example: 

h t t p : / / d b s . c w i . n l:: 80 8 0/cwwwi/owa/cwwwi . p r i nt p r o j e c ts ?ID=4 1. 

Inn visual information systems, feature extractors yield descriptions oi' the visual content. 
Dataa independence is important to easily update and change the information contained in 
aa database. The MPE(j standards provide an example. Click A.3 

2.3.11 Visual Content 

MciadaiaMciadaia describing the visual content of images can be subdivided into [ I 2|: 

•• Content independent. 

Dataa like author, dale, si/.e. 

•• Content dependent. 

-- Perceptual. Perceptual facts within a video or image. Tvpicallv describing as­
pectss like color, texture, shape etc within an image or video. 

—— Semantic. Abstractions like objects in an image ot a scene in a movie. 

•• Psychological. 
Dalaa describing human values and emotions 

Improvementss in the second generation retrieval systems are made at the perceptual level. 
Accesss to visual information is not merely b\ keywords but also bv usinti objective measure­
mentss of the visual content. Firstly, we attach features to images. Usually a feature is some 
vectorr in K ' and the result of the analysis of pixel distributions and numerical discretiza­
tionn of perceptual properties. Secondly, these features are precompiled for all images in die 
database.. In a broad sense features ma\ include keyword based features as well as visual 
features,, bora schematic o\cr\ icu see Figure 2.3. 

Thee user has several methods to provide input for the system, e.g. In sketching or select- C 'lick A.4 

http://dbs.cwi.nl


SLCIHJSLCIHJ (ic!>i'ui!i<::; \ i-\uïi /r; ƒ onna: / ; m J»k tncka Sv ML JJTS ] -

'r-''r-' !: - r" : : i ; ; "e ^ ; i r '"L-- "Pk Lk^k s^.!: c k w Pk" \_ au :^- ;-e ' : ' k ••;•;•• ' l \ . i - 1 i-v k ' - •••• r 

pnn vess and indicate- un i i . i i s m u i a r i u nk . iM .k •-hm;iu bc u^cd 'I hc M sivm cum p k c s the 

' e . i k i : ^^ i ' ! ail ihc inusv:^v u idi ihc c juc ïk ace . k l i ng In the selected s i m i i a r i k measure and 

le tt l i n k a l ! I IlLle S o f U l lage '^ \ !!>l!l 'il f ! t ' t i k q i l c k ilVILlLZc p i O \ i d c d h \ t t l c ü s c l . 

ii . i m i i a k >tk i 't' nu- -A stem are. 

•• S11hjL'c ti^'it y of th e features , 

-- Mathematical!»» dc tmcd tcnturcs n i k not tl;A C ;I cleat perceptual nicaiimiz i »r in 

k i p r c t a i i n n . . 

-- 1 in.li k a k i k k.î  ^L J i t >L ̂ . i n k one as. ' . i . ; . 

-- I caturcs :iix - dr iven In avai lahibtv ;:nd nut h\ ucccssin 

-- I l igh icvcl aspects ut .in image lit,,' iibjee'ls can nut suthcicnt iv hc described h\ 

( C o m b i n a t i o n ss ut ' ) lo'A leVe l l ea l l i iCs l i k e C u p f u l k V t U I e . i i is i m p o s s i b l e t u 

describee a beaut i fu l pa in t ing ut' 1'icav.o Il l ek !v h\ the Culuis used. 

•• Sub jec t iv i t ) o f th e user . 

Thee content o t 'an image is subject ive ami stronglv dcpcndcnl on cu l lu i v . personal taste 

andd di f ferent op in ions ihe user c;m have at d i f ferent t imes. 

•• Subject iv i t y o f th e image . 

A nn image m;t\ consist ot man \ M'L- IK^ . SU. f iizurc 2.4. 

2.3.22 Kxamples 

T i kk goal is to rceotzni/e images b\ t l ie i f eu i i k i i i . Histor ical ly these imaizcs were nianuallv 

deser ibedd b\ kev words. In c a r p e \amp les uf content based image retrieval l ike IMiolohook 

[23 jj and O B K [22 j . one can select an image i:i die database and ask the s \s tem tu ic l i i cvc 

imagess that look s imi lar accord ing lo some feature like color , texture, graphical design etc. 

II he n set con id indicate how s ! i ong i \ the leatu ie d l i mid be laken i nto acconnl w hen search in i: 

to ii s in i i la t imager. A sketch interface could P u^ed to indicate anil locale d i f ferent oh |eek 

inn an in ia^e. 

Si iTi ikir i txx is def ined on the actual content of l l \ im;iL',c. ( 'onleni is derived using imaize anal-

\\ sis tools. Photobook was one of ihe first s\ r-,kms lor brow sing and retrieval of st i l l imaizes 

Inn iinaLze content. Several subsv slems a ceo id inn to the class ni i maizes emerged. ()ne of the 

mustt we l l known subsystems js Mk one dedicked tu lace-si ini l .n i t \ [2o j . 

http://unii.ii
http://in.li
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Figuree 2.1: Schematic overview of first generation visual information retrieval system. 
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Figuree 2.2: A datacloud showing an overview of the data in the database. 
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II I t 
JSS JSS 

ANNOTATIO NN FEATUR E EHTBHCTID N UIDEO SEGMENTATIO N 
HDNUflLL AUTOMATIC flUTOHRTIC 

Figuree 2.3: Schematic overview of second generation visual information retrieval system. 



IS S 

Figuree 2.4: HRH Prince William of Orange milking a cow. The image shown can be appre­
ciatedd for several reasons: The beautifully made papier-maché cow. The infant. His Royal 
Highnesss Prince William of Orange. 



Chapterr 3 

Featuress and Content Extraction 

Interactionn with visual cnntunl is essential to visual information retrieval. ' lb describe the 
visuall  content in multimedia databases low level aspects of an imaize like color, together with 
highh level concepts like objects are characterized by features. Low level features are directly 
relatedd to perceptual aspects of image content. Several aspects of color, texture or object-
shapee can be modeled. In order to retrieve similar images within VIR. systems these features 
aree compared to the features of the other images present in the database. 

AA feature space consists of all features of all images within a database. If a feature space 
iss endowed with a (similaritv) metric, it wil l be called a query space |2<S], In most systems 
featuress are represented through a numerical vector («-tuple of numerical values). The querv 
spacee is therefore modeled as a suitable «-dimensional feature space. Standard mathematical 
distancess like the f\uclidean distance or the Minkovsky distance are used to measure the 
distancee between two points in this feature space. The similarity measure can be adapted 
b\\ giving weights to the importance of certain features in the i maize (f igure „v I). 

3.11 Examples of Features 

Contentt of multimedia-objects like video, images, sounds are described In several features. 
direelbb related to the conlcnl of the multimedia object. Features of images can be subdivided 
in to: : 

 Perceptual features. 
Directt U obser\ able features like color distribution, text Lira I properties and shape prop­
erties. . 

I ' J J 



/ • v jmp / i ' ss >>! f u j f j r o 

•• Senium ie ffüUirts. 
ff L.i iLiK- k . a k d ;o : I K t \ ' :k i . | ' ' i pacta a d .n die i i i i , i ^ . Suppose a cai has an appearance 

uii an image, seeing i; ;is an object is .1 caaiiiv ot the observer rc ialcd to the concept. 

•• Psu-huloj jk ' i i l tViiturt's . 

l akee emot ions, apprec iat ion (niec and \.L\\ ) and dis l ike. 

AA p e r c e p t u a l te ai UI"c e a u he i l l o d c l e d i l l u i t i n ' K S S i nde pe i l de I l lK o t ' l l l e u^et h u l o t l c l l lósi_s i ts 

m e a n i n gg w i l h o u ! c o n t e x t Se n Ki l l l i c a l i d p s \ ehnit tg i ca i f e a t u r e s d e p e n d tlcav i h OEI l i l e u s e i . 

'!! hese ! eat lires can no! bc :110de led w i t i i eu ! : I I IL k :vw ledge o!' f he context (domain k'.vw 'edecj 

ww herein tile s\ stum Is- used. We eon fine OUFSL o es u > a •-hoi'! descr ipt ion ot the must cumi i i ' >nh 

usLiff features like co lor and texture, [ o r an extensive overv iew we retei the reader lu B imho 

[3 jj or I luaug el ;ii. [ 1 ! [. 

3.1.11 Color 

CC oinr is O I K ot the most power fu l teatutes v describe an linage w i t h . 1'hc presence and 

d i s l i i hu l i onn ot colors induce sensations and cuiucv nieani ims m ihe observer [3[ . In llie 

Batihauss per iod artist and designers l ike Itten dcxc loped color schemes i r o m a perceptual 

pointt ot' v i ew ( f i g u r e 3.2). In his hook Msuui Pcn-vpiion. Turn Comswcc t [ f i | has. made an 

extensivee s | m i \ . 

Aspectss ot co lo i can he modeled h\ several color attributes Csuallv color s t imu l i are rep­

resentedd as points in three-d imens iona l co lor spaces (channels). There are several vvav s of 

expressingg co lo r channels, amongst them RGH Space ( f i g u r e 3.3). f-'.ach co lor in R G B is 

expressedd as the comh ina t ion of the primarv colors: Red, Green and Blue. Th is model is 

usedd in most huulwarc ('I ede v is ions. Computers a nel Screens). 

II o describe l o v \ d c \ e ! co lor propert ies o f an ::nag;e\ coloi histograms ate used. A color his­

togramm denotes the joint p iobab i l i l v ot the intensities of 'the three color channels. A s imi lar it v 

measuree is achieved bv h is togram match ing and ot eoloi nioniei i ls. A n aspect important to Cl ick A ^ 

alll features is tlie robustness to a change in l ight ing condi t ions 01 var iat ions ot" the imatic like 

re la t ingg the canvas or teseahi ig. Gevers \vi\ studied the inva nances of color spaces to canieia 

vv lew po in t , or iental ion and pos i t ion of [he object as wel l as changes in the co lor and intensi i \ 

11 d tlie i l l um ina t i on . 

A ss alt e x a m p l e w e ie te l ' ihe f e a d e l l o die B l o l n v u i l d M s t e i n o j I l u C III e e 1 s s i \ of C a l i f o r n i a . 

B e r k c l e v ; ; 

ht tp : ,'' / el ib. cs . herkeley .ecu/phonos./bIcjbwo:T c . 

Inn ib is examp le , co lo r queries can he proces.M.d hv region. It w i l l be clear that com hi 11 inn 

co lo rr in tor mat ion to the spa 1 ml re lat ionships u it h in an image ( leg ions, objects) w i l l enhance 

the'' resul ls. 
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3.1.22 Texture 

Texturee is almost as effect ive m descr ib ing an image as color, j 2, 5. 13. 16, 19. 20. 25. 22. I 1 |. 

Texturee cull he anakze d f rom both a mathematical ami a psycholog ica l point o f view, '['he 

advantagee ot' a pro found mathemat ical theorv and. human perception jo in together in using 

fractall geomctrv tor feature extract ion. 

Inn most texture one finds a structural c lement w h i c h is repeated in the image bv a p lacemen! 

rule.. From a mathemat ical point of v iew one can d is t inguish statistical and structural texture. 

AA pr im i t i ve (bu i l d ing b lock) is arranged accord ing to a certain placement rule ] 2n . 35 j 

f - R ' . c .. ( 3 . 1) 

RR represents the relat ion or placement rule and e denotes an element. Structural texture is 

character izedd by a precise def in i t ion o f R and e. Stat ist ical texture In a more macroscopic 

v iew,, w i t h R and e exh ib i t i ng variance. 

Tarnn urn amongst others J32j was one o f the first to recognize the importance of mode l i ng in 

aceortlancee w i t h human percept ion. In psychologica l exper iments bv testers, several aspects 

off both structural and statist ical texture were d is t inguished. She proposed: 

contrastcontrast . coarseness . directionality . line-likeness , regularity and roughness 

ass the main aspects to d is t inguish the several aspects o f texture. These pr inc ip les have been 

usedd in e.g. QBIC ' | 2 2 | and FracFeat. a fractal feature extractor we hu ik ied wh ich w i l l be 

discussedd in Sect ion 6 . 1 . 

f rac ta ll image compression is concerned w i th l i nd ing s imi la r i t ies between parts of an image 

aa rul records the spal ial relat ionships between them, see Figure 3,4, These spatial relat ion­

shipss relate to the placement rules o f Tamura in a ver> s imple way. Fractal features are we l l 

equippedd to classifv images into natural scenes and human env i ronment ('e.g. ci t ies} [2s>|. 

{•'raciall features can be made invariant to a wide range oi image var iat ions, l ike contrast 

scal ing,, rotat ion o f the image canvas and even folds. "This makes fractal feature extract ion 

appl icablee w i t h i n the domain of texti les and fashion [30. 3 1 ]. The above aspects are subject 

off three papers f rom Chapter 7. S and 0. In Chapter s we prov ide a mathemat ical background 

onn the use oi' [rat tat' gi o/ru.trv fur feature extract ion. 

Inn the early I 'W' i 's when wavelets were in t roduced, many researchers started to sludv the 

wavelett t ransform tor texture representations. A m o n g the di f ferent t ransforms, the ( iabor [ In) 

t ransformm shows verv good results in mode l ing both mathemat ical and perceptual aspects. 

file://I:/jmplc*


3.22 Questions, Questions, and more Questions. 

Sincee t h d c are no til! ciuonipawim: truths i:i trie perception oi ' usua l aspects, cx t ractmt : 

mean ing]] ul features ;s a cha l icng inu tcsenich '. 'pic. 

•• V ^ e r c - n c t i g h ! 

AA person nun he recognized h o t h\ a scar, la lou tsos desenbes in h i ^ ' ( . jcminh ap­

proachh a \ \ i i \ of l ook ing at the prob lem i>t' f ind ing the most me t i l l feature; 

Ouo.'atifi.Ouo.'atifi. / / ' .K u.'( >.<!!<,>wi!  in ICM tinl\ >>iu  finrtun^i! U\un/\ ^ J i M M / k in', /; ( A ••;,«• 

„/),(•(•; ,, .-,/«<;; ^ii>itU:ht>  lecture he :','sj 

i i ' .Mlii m is que si it Hi i I! miei.il ale i\ Dew questions ai ise l ike. 'A inch ieal inc is' c lumse. w i i \ . 

a lk ll hou '.' 

 Absolutely arbitrar y ! 
Idea l i see u i s u b j c C t i \ i n li l percept ion tikte, does not exist a single best te ptesentat ion 

lorr a g n c n feature; t f k ie are mul t ip le ;\ presentations wh ich characterize the given 

featuree f rom d i f fe ren l aspects. 

"[[ he amount of features to he extracted f rom tile i ma tic is endless. The choice of the 

featuress in the s\s(em depends hcav i h on the domain . Moreover , the same image can 

hee retrieved tor d i f ferenl reasons o \ c i time and the s \s tcm should he able to come up 

w i t hh the right features and s im i la r it \ measures even tune. Because t cat u res are present 

inn the svslem and p ro \ ided In the "owner " of the svstern it is almost impossih lc to 

prov idee the r ight features, features are on 1 \ parliailv relevant. . Anothe i aspect is 

thee invarinnee o f a feature I o perturbations t,\i the image. A n ohject can he seen f rom 

di f ferentt angles, images can he rotated, l ight ing nun varv. 

•• N e v er  rij>h t ! 
Nimi lan lNN is prov ided In mathemat i ca lh def ined nieasuies and features. The meaning 

ott the measure to ihe user are ambiguous. Simi lar i ty is subjective and sttonglv de­

pendentt on cu l tu re , personal taste and again on d i f ferenl meanings the user can have 

aii d i f fete ill t ime s. In I iguie .v."- u e shod an example o\' [he images ic tu tncd h\ the 

Yi ragcc s\ stent | 1 |. as input the hand o\' a human he int: was presented. 

Semee improvements are vvidclv reeogn i /ed : tL i i tu i ts should alwavs 'x. an integral pari od' 

thee database in such a wa \ that the user is ahle to relate to (he svsiem m an tn lu i t ivc and 

Irarisparentt vvav. The user should he in the loop, adding knowledge about the s imi lar i tv 

andd the lealures wanted, and commun ica t i ng wi th the s\ stem using relewiHi'c feeilhai I and 

learn ing .. S imp ie s imi lar i tv metr ics aie not enough j 2i\\. ( ' l i ck 

http://miei.il
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rnn . . . r,j i", . . . t|j Representations 
4 4 , , 
ii  {  ük r * uk Similarity measures 

'vv > ' Representations 

Features s 

Querys s 

Figuree 3.1: Schematic overview [27] of a query process by feature extraction and similarity 
search.. A query image Q is represented by features f\ ƒ,. Each feature ƒ, is "composed" of 
severall  aspects r, i..... r-,j. Weights w,j are used to represent the importance of the different 
aspects.. A similarity measure (dotted line) "compares" the aspects of the query image Q with 
thee aspects of the other images O in the database. Weights w;,j.k can be given to "tunc" the 
similarityy measure. 
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Nt-tilruii  (nliiiir -

1 . . 
Tf f ' 4 4 

II l l ld 
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Neulrall  i'olnup 

Figuree 3.2: Ittens color circle, representing warm and cold colors located in opposite posi­
tions. . 
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Figuree 3.3: RGB space is used to plot color values for each pixel in the image (left). In this 
plot,, the object is clearly seperated from the background (right). 
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Figuree 3.4: A fractal encoder searching for "'similar*' image blocks. The coder keeps (rack o( 
thee spatial relationships between the similar blocks, used to characterize the image with. 
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B B 

I I 

El l 

L i i 
i i 

ii  L i 
Figuree 3.5: Virage system [1] at work, top: User is presented random images (query by 
example).. Weights can be given to the importance of the features, bottom: Retrieved images, 
includingg the image of a pig. 





Chapterr 4 

Latestt Developments and 
Researchh Proposals 

WhereWhere are we in fiflv vcttrs '/ ( l ick A . 13 

4.11 Visual Intelligence 

Relat ionshipss between high level concepts and low level features can be brought into v isual 

in fo rmat ionn systems by knowledge available w i t h i n the system or I n i n ^ r a c i i n n w i ih the 

userr (relevance feedback). A system where all solut ions are equal ly l ikely is not considered 

intel l igent.. It should be biased to guide the system to an answer. 

Inn general there are (wo ways of ach iev ing some visual intelligence tor V I R systems [ 241: off 

luieluie reasoning and online learning or in short the system can ha\ e know ledge and.or iearn, 

bxper tt systems l ike medical databases are genera lh equipped w i th features ta i lored to de­

scribee the content in high level terms. I f domain knowledge is not available like in the Wor ld 

Widee Web or not suff ic ient in the case o f subject iv i ty , knowledge can be gathered b\ rcle-

wtneewtnee jccdhüi k ot the iis^i'. 

4.1.11 Reasoning and Interpretation 

II .ow -level features can be translated into higher level semantics b\ consider ing relat ionships 

betweenn them | 7 | . b \arnp lcs are co lor warmth tor color or chcerUilness fnr sound. In this 

v\ ; i \\ more meaning related to human percept ion can be given to ihe teatures (b igu ie 4.1). 

2l> > 
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recogn i t ionn and intcrp i e lat ion. Recogni t ion o a J i k ^ L ! b\ a set .. • i low - kne l UaU;rcs. inter-

p ie ta i ionn is ;IC!IIL,A ed tn compar ing the lecngta/ed image ur object in s imi lar m i ^ piL.-M.-nt in 

thee s\ su-tn. w hich a u ahvaek interp ie led j v v ! i a | H \ 

I nn tcason the system needs an iini.lvr^tusuliTSii a ;nui l the se\ er al meanings v i^ual signs can 

flaxx v - V an example W L w n u k i l ike !<> ment" "• !hc l-->url.\< •• s\ stem | ! "\ 1 s.j t m m M.I I ( l i^L A 

4.1.22 Pari ss 

Onn UK- \ \ < M kl Wide Web s\ sterns become a\ akude w hich alk AL image ivt i KA al based mi [he 

I nn t l i i s üü Itie user 
'moleell mean ing can be g k c n (o UK- features extracted In i i i i auak sis of the pixel d istr ibut ions 

-Aithi i ii the i n i j i i L . As a iv M I i l . wa>s need 1- \\ L_ \ pk ITV/LI !O express this s u b j e c t i o n In the 

s \ s [ c m .. In ear iter sv. slems like O B K ' the use; is in \ itcd In give weights in the- rckAance nt 

tiiee d i f fe rent features I his presupposes knowledge about the lealures and the influence the 

teulurcss h;ive on the relncx-a! process. I lies., -A stems cannot e f t cc l i xcb model high level 

conceptss and user's percept ion subjcct iv i tx . 

Ruii | 2 " | ct al . propose the weights to be f ixed In examples given in- lhe user. These weights 

L.iiii tlK.n be updated h\ ,i processor n'h'uon < /, nlhui k. 'I he u.se r indicates the relevance of an 

imagee I n mark ing the image f rom l i ighK rekoa i t to h i g h k irrelevant. A standard deviat ion 

basedd we igh t updat ing process is then proposed. A part icular feature showing litt le var iat ion 

torr the images marked "h i gh l v relevant" , is updated and given more importance. 

AA more sophist icated approach is taken in die 1'ari^s interface (4j presented in ( 'haptc i VJ. 

II he archi tecture ot the interface is designed in of fer the user graphical tools to show wh ich 

imagess he considers s imi lar or an image being relevant for the search process. I'ariss is short 

forr I\u;orain;c. Adaptive and Reconfi^urahU- Interface for Similar;!v Search. Th is acro in m 

ic tc rss to the f o l l o w i n g interface-characteristic-.: 

C l ickk A . I 

•• Punor i in i ic : 

inn a displav w indow images are i cp tcsenkd i n [mints. \U c l i ck ing on I hem the actual 

imagess are show u. images arc pos i t iona l accord ing lo user deli tied s imi lar it \ cr i tei ia. 

** Adap t i ve : 

Ree 1L.AU nee feedback is used to t e line a p:eh;.ibil in measure lhat represents the accumu­

la t ionn of m lo rmu t i on dur ing the scaich process. A demo i l lusirales ihesc pr inciples. 

Ucmnf igu rnhk 1 : : 

S im i la r i t i ess between images can be ( k i i lcli 

ww indow. A demo i l lustrates these principles. 

ww rearran^ im: images it; the d ispl ; 

C l i ckk H N 

( l i c kk U..S 
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Interact ionn w i th the s\ stem is al two levck : 

•• 'I he database can bc browsed b\ the user in the displav w indow. 13v rearranging the Cl ick A l 

selectedd thumbnai ls the interlace is requested to define new combinat ions o l features 

thatt arc able to describe the user-defined not ion o l s im i l a r iH . 

•• h i addi t ion co l lect ion boxes are available to have a posit ive or negative judgement ( ' l ick A . 1 

aboutt the relevance of the image w i t h respect to the target image wanted. A sam­

p l ingg procedure spots trends in the feature values o f the images w i t h i n the co l lec t ion 

boxx and produces new results i ikc lv to be more favorable to the user, 

4.22 (Research) Proposals 

' fhee methods w i t h i n OB1R arc based on descr ib ing the actual content of the image by low 

levell aspects of the image. Despite high expectat ions these systems per fo rm inadequately, 

especiallyy in domains l ike the W o r l d Wide Web. Th is poor performance is due to the fact that 

itt is too s imple to hypothesize mode l ing human percept ion in s imple features and a s im i la r i t y 

metr icc wh ich are both always relevant and arc able to describe the variety of the v isual w o r l d 

Ass Santini [2Nj says, the meaning o f an image is an i l l posed p rob lem, since it depends on 

thee "si tuatedness" o f the observer, ' fhe images retr ieved are only an example of what the user 

iss look ing for. wh ich can be semanl ieal ly "less or more " . As a red car is used as an example 

too retrieve s imi lar images, " s im i l a r " can have di f ferent meanings: it might he that the user 

iss interested in a car as an object , on the other hand he might be interested in only s imple 

aspectss l ike being red or having the same shape. The images the database is queried w i t h arc 

onlyy examples of the situatedness of the user. V isual izat ion o f content at d i f ferent levels o f 

abstractionn is wanted for. 

,-\.vv ima^e content ts not well defined, the descriptors will  ulwavs fail. 

Wee wou ld l ike to propose M I me topics for further research related to content of this thesis. 

1.. O t h e r mi'thud s n f relevanc e feedback . 

Inn most systems, bv using relevance feedback the partial relevance ot' the images is 

takenn into considerat ion. Methods o f relevance feedback need not to be restricted to 

thee selection o f output images. In tact they might be appl icable to other procedures. 

Whenn the user is kept in the loop 'Tor ever" and features are not able to express the 

contentt present in image ami appreciated bv the user, there is a need lor adding new 

contentt descriptors into the system. As features are precomputcd in the svstein and it 

cannott be foreseen wh ich feature relates to the percept ion ot" the user, a new way of 

creat ingg content descriptors "on the lly is wanted for. ( 'hek A. I 
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Z.Z. O t h e r \ \a>s o f ' c o n t e n t v i s u a l i z a t i o n . 
('.Hii.r\\ bv una ge example h : i ^ p ; i i \ l i i [•• • iv i nadeun al e. in musi ca-vs this leads h: r11 • ƒ; 

l e i c V a t l tt i esL l i l s . T h e l ! ! ! J & h e i l i g at] e\a!!:.->lc t o l l l l c U s c l . Li >!11a i !!s ( - t he [ j !Ha i : c C o d i c i l ! 

thaii might t v IITCICA ant 01 cv en u tm ante,;. \ i sua i i /a l ions w i th t l v ahiÜlv in contain 

inn fo rmat ion at d iMctcnt iev e l so l absl;ac: icns are tequ i ied. More abstract \ isualt /at iur is 
,, it' ,: i lTi1,_.nt m i n hi (,,_. •.,;!! h_v ,.,] I n niet,-.er ; m - . -. r ie. »i)s I U I , \ k n e ie : . r nsn . - r t s ot' :,r. 

image,, itkc t cxüna i l i i r u ' l i m i ecu kt t v expressed in l it is w ; n 

W i t h i nn the held et < lm phi'. /Vv* . " , ' these mcth<H.k h^vc h l j i : ! i snadicd sv stcmaHcallv 

a ik ii the compos i t i on ui ' t l v se v e i l s can he done In experts, f low cv e i . a niorc desirable 

op t ionn wou ld t v te generale icons f run: the image itself o|- L-\vt i f rom t l v fest in es rep- < "bek A. }K> 

resent ingg them. 'I h o e icons can then ' v added to the quetv space amongst the o l i v i 

.VV Fus ion . 

II lien in t l v same wav as kcvwnn ls prov.de the possfhdnv ot more scmautva l lv en-

haiteedd t_jUc!le's through Boolean cvalnauen or natural lanuu.uv proccssi iv: . w e wou ld 

proposee the use ot visual keywords w\\h the abilitv to v j sua lh r o w > o v several aspects 

cff an image { H a u t e 4.2 ). 

-•.. Con tex tua l i n fo rma t i o n re t r ieva l . 

C.. ' lassi l ieal ion ct' a tnul t i tnedia objeet can i v obtained In comb in ing features f rom text 

andd v isuals | 1()|. ( ' lass i l iea l ion ot' images might t v achieved In thematic label ing ol ' 

ii in aye segments. A " feature bank " consist ing ot' a set o I' feature extractors (e.g. skin) 

iss l x used to extract the appropriate features ( f i gu re 4 A ) . 

5.. Searc h wi thou t inter face . Agents . 

Inn the domain o f c r im ina l investigations. Agents , w h i c h active I \ go out on the Internet 

aa tul search for a specif ic document . These agents should he aide to locate v isual content 

w i t h i nn di f ferent appl icat ions, penetrate the document and report the existence of an 

imagee or object. ( ' l i ck A.Jul 

t\t\ in te l l igen t \ i d e o edi t ing . Locat ing scenes ( in t imet and image components w i t h i n 

v ideoo si reams ( te lev is ion t in order to make the content c f these scenes and com pen cuts 

adaptt ix c to ik v a l . nat ional , indiv idual e; cul tural groups. Adapt ive adv crlisii iL:. 

(( o l l abo ra t i \ c in fo rmat io n ret r iexal . Prof i l ing . 

Reasoningg and interpretat ion are essential tor visual in format ion i c f i e v a l svskanv 

Wi thou tt knowledge ot' tin.- doma in vvheicin I he s\stem is used this nieati int: is haul 

too extract. Methods need to l v exp lo icd o f bu i l d ing semantic profile^ extracted f rom 

interact ionn f i c m I he user w i th prcv ious sessions c i oihet systems. '1 he ink taction oj 

thee user w i th the s \s tem could l v siorci ! ov er the session. 

ss H ie ra rch i ca l search . 

Retr ievall svstems tor verv latgc databases impose strong demands on the s i /c ol ' the 
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featuree uvtors. [his limns the cffecti\eness ot" ihc indexing techniques, and the ef­
ficiencyy dl' ihe >earehing algorithm. One v-ay to approach this problem is to de­
velopp hierarchical indexing and searching strategies: in subsequent steps one per­
formss an increasingly detailed search on a smaller and smaller subset ol' the database. 
B\\ their multiresolution character. wavelets, and more generally, pyramid transform-. 
(fractals)) are tailor made ID be exploited in the construction of hierarchical image 
indexingg and searching schemes. j Click A.21 
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Figuree 4.1: A combination of tcxtural and color intensity maps is used to detect human skin. 
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n+p=H H 
doorr + mouth = ask 

Figuree 4.2: The concept ask as fusion of the concepts door and mouth. 
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Figuree 4.3: Demo, only on CD. In successive steps an image is analysed according to regions 
off  interest. To label the image, labels at "lower levels" are related. 



Bibliography y 

[111 .1. Bach, ('. Puller. A. Gupta. A. Hampapur. B. Horowitz. R. Humphrey. P. Jain, and 
('.. Shu. The virage image search engine: An open frame work lor image management. 
ll 996. 

| 2|| I.. Balmelli and A. Mojsiloy ic. Wavelet domain features tor texture description, classi­
ficationn and replicability analysis. In It'll';  Proceedings I PI: I:  International Conference 
onon twelve Processing, volume ( 'DRUM. Session H28AP5B4. 1999. 

[3]]  A. Del Bimbo. Visual Information Retrieval Morgan Kaufmann Publishers Inc.. San 
Prancisco.. California. 1999. 

[4]]  G. Caencn. G. Predcrix. A.A.M . Kuijk . P.J. Pauwels. aiul [Ï.A.M . Schouten. Show me 
mee what vou mean, pariss: a cbir interface that learns by example. In Visual 2000; 
FourthFourth International Conference on Visual Information Systems. I. von Irauee. 2000. 

[5]]  B.B. Chaudhuri and N. Sarkar. Texture segmentation using fractal dimension, lb.hr, 
transactionstransactions on Pattern Analysis and Machine Intelligence. 1 7( 1 ):72-77. January 1995. 

[6jj  T.N. ( 'ornswect. Visual Perception. Academic Press. Orlando. 1970. 

[7|| A. del Bimbo. Semantics-based retrieval In content. In ICIP; Proceedings IP P.I: Inter­
nationalnational Conference on Image Protesting, page CDROM. 2000. 

[Xjj  ('. hi lout sos. Searching Multimedia liv Content. Kluwer Academic Publishers. 
Boston.. London Dordrecht. 1996. 

[9jj  'P. Gevers. Color Image Invariant Segmentation and Retrieval. PhD thesis, university 
off  Amsterdam. May 1996. 

10|| 'Ph. Gevers, I'. Aldcrshol'1, and A. W. M, Smeulders. Classification of images on internet 
Inn \ isual and textual information. In Internet Imaging. SPIl.. San .lose,January,2000, 

2000. . 

I II  T .Huang and Y. Rui. Inia.ue retrieval: Past, present, and future. In Proc. of Int. Sympo­
siumsium on Muttunctlia Information Processing. Dec /W7 ., 1997. 

II  2J V. kashwip and A. Shcth K. Shah. Multimedia Database Systems: Issues and Research 
DirectionsDirections IW0. pages 297 Aj9 . Springer. 1996. 

P>[[  J.VI. Keller and S. Chen, Texture description and segmentation through fractal geome­
try.. ( 'om/>uter \'ision. Crapines, and Image Pmcessing. 45:1 50 166. [9N9. 

14jj  R. kengeri. C I ) . Seals. II.D . Hurley. H.P. Rcddy. and P.A. Pov Interface and eval­
uation,, usability study of digital libraries; Acm, ieee-es, ncstrl. ndllil . Internaliona! 
JournalJournal on Digital libraries. ( t 999)(2): I 57 169. 1999. 



iiihhniH>tph\iiihhniH>tph\ 4.s 

.. . " J S. Mui ivLi i ' ï i i . P. A. Hi>nc/. aiu! \ 1 . i.. k r s k n . O p t i m i z i n g 1 >atahase A r c h i k c U i k tur 

thee \ : v . He!t!ci"kck: \ k i l i v : r \ A . V L ^ . '//,: \ / DH Journal. ^){ }• \. 2i "Mi. 

;; I ' - ; [VS Mamunat l i .md M . Y Ma. Ï L \ I U - L ieaiure^ tm h r n u s i i m and r L- t r i u \. a I nt ima^e 

data.. Il .1:1. iran^H1-:-!',!!!-, (,n }\nu >-,; \,;;,•;'. , ; s il7J(J> \ / ^ ( j[iUt f,;lt //(Vv/;r< . ],sf.s i^ ; , " 1 ,\4^_ 

\\]]^\^\ 1- M i n k a . A n ullage database h iowse: t lKil learn-, h u m user interacl inn. iechnieai 

K i .p i tnn 3 h . \ MI" [ ' ML 1 tl ia I .ah Perceptual ('•• >m pul i Mg Scc ' inn . 1 W ; \ 

M MM 1. M i n k a . 1'icard: Inkrac t iv f Icarnim: u^iF• LI a sncietv nl ' mndcls . I W';~. 

|| i l ' j A . Mo j s i i i i t ie. .!. Hn . and K..I. Satuuick PcrceptuaHv Ixived i'n!.'i k M i n v t.-.aijt,.^ :.t>,i 

m c l n c -- tnr miacc ic t i ieva i . In !( il': i'ro,-( <;luii.'s l i l / International ("onierent ,. on 

IntakeIntake l'roee^sine. vnlunie ( ' D R O M . S C W . M I \V Z~V( )l>. N w . 

ii 2<i| A . M o j s i I < i\ ie. .!. I fu. K..I S a l r a n c L ar.J S.K.. Ganapathv. Match ing and u t i k v a l ha-.ed 

nnn the vncabularv. and gram mm t>f en lor patterns. Il I I I'rmi\ai u<n}\ on hnave I'm-

ett s v / ^ . l>( I ):3s 53\ Jaiuiar) 2(HH). 

II — J J 1. \ l un / .nc r . H.V Pa) ïny tui l ia rye direcicd urupl is in 3tt hvperbnl ic space. In l'roceed-

ifii^\ifii^\ ƒ W 7 llA.l. Symposium on hiformation \ ï\iuili:a!iofi_ N l ' . 

j . \ " ll W N ih lack , R. Barber. \V. Pqu i t / , M . vdaMtian. I ) . P e l k m i c . P Yankcr. ('. J-'niouis*^. 

andd ( J. lauh in . I he OHIC project: querv w.n images h\ cni i lenl usinü en Ier. kAture and 

shape.. Storage mid Retrieval for Imaxc and \ideo Database^. ivOsel "3 I N 7 . 1W.V 

[233 f A. Pent land. R.W. Picard. anti S. Ncarnlï . Phnlohonk: ' Inn Is tor cmi tcnkbascd mnn ipu-

lat ini tt n l ima^c dal aliases. In Wash SPI I . . [ i e l l i i i t i ham. cd i tm . Stomme mul Retrieval for 

linagelinage and Video Database\. vn lumc 11( PVs ). paces 34 4 7 , 1 W d . 

JJ 2d | R A \ . Picard. D ig i ta l i ih rancs: Mee l i nu plane tur Inch- level and low - le \e l \ isinn. In 

11 si cut ( on ten-ru e mi ('oitipitler Ms ton. S:^iiap-ore, p j ^e /.'. [ lJlJ.^. 

[[ 2^ ! RAV. Pieard and 1.1' M n i k a . V i^ inn lex iu i f ;ar annnla lmn. \Uthnnedta .S\'W< tn^. .v.'ï • 1 4. 

I ' M r r 

[[ 2f>| A. RnsL-nttdd. V'iMiai k \ l u k anahi. sis: .An t 'v e u iew. I etdinieal repnn . { ' n m p n k r Sei-

e ik ' tt (. e Die l. I n ive i^ i t ) nt Mar\ land, d'eell Repnn 'I R-Hlfe Anct i^ t 1 '^.r 

\2"\\2"\ Y Ru i . ' I ' . l luai iLi . and S. Mehrn i ra . Ruie\'anee leedhaek lechnit jues m interactive 

cuntcnt-hasedd inia^e retr ieval . In I'roe. of IS'} and Sl'lb: Storage and Ketnevu! of Intake 

amiami \ideo Database^ \'l. pa^es 2> fi(\ ]yNS. 

| 2 N || S. Sant in i anil R. .lain. Bcvn i id qucrv h\ example. In I'roeeedtn^^ U \! VS. 1 he ()th 

:\<:\< M International Multimedia Conferenee. panics 3-J5 2iS(}. 1^LA. 



liihlioiir.tph} liihlioiir.tph} 39 9 

[29]]  K A M. Schouten and P.M. de /eeuw. Feature extraction using fractal codes. ]n \huul 
(>(/';; \'istm! Itilnnnuiinn and Inlor/nation Svstnns. Tlurd Inwmational ( 'onf'.-'vnr,-. n i i ^ s 
4S3-492.. Springer. 1990. 

|30|| B.A.M. Schouten and P.M. de /eeuw. fractal transforms and feature invariancc. In 
Prois.Prois. I5th International ('< inference on Pattern Recognition (JCPR 2000), pages 992 
997.. IHJ-I-: Computer Society. 20(10. 

[311 | H.A.M. Schouten and P.M. de /eeuw. Image databases, scale and fractal transforms. In 
KIPKIP 2000: International ( (inference on Ima^e Processing. 2000. 

132]]  H. Tamura. S. Mori , and T. Yamawaki. Texture features corresponding to visual percep­
tion.. In UJiE Transactions on Systems. Man and Cybernetics, volume S(6), 7S. 

[33]]  I). Tsichr i t / isand A. King. The ansi A3 spare dhms framework report of the study group 
onn database management s\ stems. Technical report. University of Toronto, Toronto. 
Canada.. 197N. 

[34]]  T. vim Walsiim, [•'.!!. Post. D. Silver, and I'.J. Post, feature extraction and iconic visu-
ali/ation.. in iPA'A. Transactions on Visualization and Computer Craphies. volume 2. 
pagess 111 119.1996. 

[35]]  S.YV, /uckcr. Towards a model of'texture. Computer (draphics and Inia^c Processing* 
5:1900 202. June 1976. 





Partt  II 

Mathematicall  Background 





Chapterr 5 

Fractall  Geometry for Feature 
Extraction n 

Geronimoo |6] in his lecture notes describes the importance of fractal geometry as follows: 
b-xture,b-xture, color, brightness are among our jirsl observations. It is ividelv believed that some 
locallocal wavelet functions, in particular (iabor Functions, provide appropriate descriptions of 
\isual\isual cortical receptive fields. The brum plavs a far more important role. 
WhenWhen we look at picture, the first thing we do is to identify objects in the picture Identifi­
cationcation of'objects is the process of segmenting the image and comparing these segments with 
similarsimilar objects in our memorx. Wc can ionsuLc tins process as finding similarities in d\>-
timetime dimension. Wc expand our view bv identifying things and places spatially: for exam­
ple,ple, five people, two dogs and three trees. After a while we even see subtle details that we 
didn'tdidn't notice in the first glimpse (multi resolution). Ml these processes can he classified as 
thethe tenij>o-spatial process of searching ƒ'»' similarities. 'This process is exactly the fractal 
mechanismmechanism in human vision. I'eople always communicate new experiences using commonly 
sharedshared past experiences 

Ass ;i result of psychological studies we start to understand the functioning ol lli e brain; sim- ("lick A.S 
ilaritvv is a salient perceptual I e at Lire vv Inch can be used as a leading piincipk- for a ^arche ;̂  
inn their search how to compress and recogni/e visual information within computer vision. 
Mathematicianss like helix Klein (1 S-W-1925). 

h t t pp : //www. t r c a 5 u r e - t r o v es . c o m / b i o s / K l e i r i F el i x . h tml. 

describedd t:eometr\ as the sludv of properties of tigurcs <A hich remain in\ ariant under a uroup. 
Archaeologistss like Dorotln Washburn use the same principles to describe the ceramics of 
ancientt cultures. Click A.9 
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Win-*,, M ('re ice i:\iet a Y. 

SeM-snui iarr fractals an. ;:;\ anant a:uie: ce r:.Y.:\ t ransformat ions .md the!! propert ies can t \ s; 

hee desc; ihed In these l i ans lo rma l imis. hi ./>•<;, M / i f nam- co/tiptv^irrn < n i | \ ei^ht di f ferent I i ^o 

II lie tr ie) s\ mntcir» operat ions <A Itieh l e i \ e the- square unchanged :i!c used, the so cal led square 

s\\ mmct r ies . | he^e •.Relations (modu lo ! ratisuth >us) t om i a subgroup (undet mu l t ip l i ca t ion i 

Dtt the or thogonal group i ' Jf." and can he c tu rac te i i / cd h\ linear algebra: 

It ''  a .U  h (5.1 ) 

lott w h i c h Je/ A • I M I 1. 

'II he ext ract ion of fractal textures of ( leMut.a. i images. is hascd on the concept oi iractal im­

agee c u m p r e ^ i a t i . A l t e r VI a rule Hunt [ ] n | in the ' id 's had t o r m a l i / c d the concept n|' a I'racta I. 

Hantss | ^ \ | Z\ in INS In mk f-ractai\ I. ccr\ ra /(en introduced I lie thcor\ ol ' iterated tain Hon s\ \ 

tentstents ( I I St. A small set ot att ine t ranslonr.at in i is is ahle In generate t \pcs ul ' sc l f -s inn la i 

' l a e l a N .. Baset' ,(|i I I S ' he iM\ . B a r n s k \ has „ pale nl I'm an a lgo i i thm thai emu presses images ( ' l ick B 

Inn M l . 1 lik.- I racial ima^e to imat . 

I nn understand Iractal ima^c ci>nipr>c\s>nn and !ICA I! can he Used tm the le l i i cva l and classih-

ca l innn n i intakes, wc t i ts! create an idea nt' fraet.il geome t r y The word fractal was co ined In 

Mande lb ro tt J 1C11 and stcnis I'm in ihe ! .at in jra\ tas. meaning broken. Mandelbrot wanted to 

descr ibee a class o i 'ob jects , w h i c h ate much mure irregular in the sense o f t radi t ional geomet­

ricc sett ings, baiconer j 4 j doesn't need a def ini t ion o f a fractal. "B io lou i s l s have no def in i t ion 

o ff l i fe , hul s t i l l know w ha! it is". 

5.11 Ways to Create Fractals 

Somee fractals can be created h\ s imple construe! Inn rules, an it era ted function w.stetn ( I I S ) 

iss one .il the simplest u-a\s nl ' generat ing ;i certain t \pe oi f iacta l . ' In henin our s u t \ c \ v \ i 

needd l o con si dei ;i com/dete tnefrie space : X d . 

AA space A is compIele il c\ er\ ( itnehv sei/ttence in A con\ erges to a l imi t point in A' and a 

mapp ingg U' on A' is cal led contractive or a '•••<:!>-actt">! mapping | I e,\ if tlicre e \ i s i s ,, v 1. 

suchh thai for al l \. v • A' holds; 

dd • U \ »i v \ (/- a. v . (5._'l 

Wee \». i l l cal l s the contrat tt\ itv factor o I' U'. Whi le i terating U' an altrat, tor is created as a 

consequencee nt the ( ontraetioti Mapping fi\/ ; / - / W m 1'hcorcin [kJj. 

11 he o r e m I Cont rac t io n M a p p i n g Fixed-Poin t T h e o r e m  ; J.et A he a complete ithtrie 

V" ' 1 ' ! '' 'fut H : A • .\ he a contraction intippim;. I'hcn 

II :,, v , „ „ | , -.••• :(-, ;•-.,.,,-. :•. L.̂ :.-. ••: •;- - S, „; ,.r --.\ m , :e :• ;. e,..le a. ' ^ r, ,-,k • •; \ ..%.,. N-i-u. I :..el.:i IT . . : ^ 
CC . . r v r , . . „ . r l.-ik..^ :,n.i \n-lie.,;-..i." |-, 



\V;i\\V;i\  s (o ('rcaie imcal  ̂ 4^ 

•• there exists tt inthtue point x-x  X sm-h thai limr. -..W '' i' AU for any \  X and 

•• .v.i is invariant, \\'<x-,\ .vu . Ihe point x\i i\ called the attracior <>J \S'. 

5.1.11 Hausdorff Metric 

Wcc now define a space of fractals 'Ji. Let <'X .d bc a complete metric space. Ji' X \ represents 
thee space whose elements are the compact subsets of A'. We provide this space with the 
Hausdorff'metric. Hausdorff'metric. 

Definitio nn 1 I he Hausdorff metric het neen two sets A. If  'Ji [X • is defined as: 

h'.A.Ii)h'.A.Ii) ma.\{ttiA.li).<i>H.A<}.  (5.3) 

where where 

d\A.H)d\A.H) max\d[x.H) :x>_A\ (5.4) 

and and 

d[x.H\d[x.H\ mtn{d\x.y\ : v ••' li\. (5.5) 

Iff  X is a complete metric space. :'/ [X ! is a complete metric space. 

5.1.22 Iterated Function Systems 

Althoughh applicable to manv spaces, we wil l set .'.'/ X " • as our space ol fractals. Let /• : 

Definitio nn 2 An iterated function svstetn (If-'Si on JI' K' .:• is a finite collection of contraction 
mappings: mappings: 

ir.. : .'//"-IR" • • Jf-H' './ 1 ... V. (5.Ó) 

\ \ 

H' I / - ' II  | JU ' ' ' '• ^ - ? l 

Theoremm 2 //' u, : ]R'' • ÏR'' M contractive with eontractivitv factor s. for i I ;; then 

\V\V J u. : 7/.1R- • .•//,;&• . (5.S) 
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speci f iedd in Table 5. i . 

l ah icc . .̂ 1; I I S deset ip t ica I . T S k r p i n s k\ 'l'i ia imlc. 

ii a b; c. d,- e. I'. 

11 0.5 n ii ;i.S n n 

22 0.5 II 0 fi.S |(|(| o 

00 5 n o :i.5 5o 5i | 

AA dr tun ,'\ ii\(iti<ih!< i\ h trii (-.'•< /;,-,•, s, i i 7 i / / ƒ.!•(,•, !u!\ usin^ /IS. ( l ick lt.-l 

5.22 Fractal Dimension 

Thee lopuidLi ical d imension is nut u e l i suited ;.i mcasun. tin.' Tremulant'» and stnicturc c l ' a 

11 rac ia l . Wc in lnu lucc the iniriai dimension anti detme v 

/*','•• v :> : > \ •' >\ (.V 1-2.1 
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ass the ^^(.7; hall o f center i and radius r. '[ hen a sul ,-\ is cal led a neta.hhorhuod of' ;i point 

vv if there is Mime o j v n hall /*',' v centered at f and contained in A. '1 he set ,\ i- tn ta lk 

disconnectedd if the connected components o f each point consists ot just that point. Th is w i l l 

ccr ta in l )) be so it' for j n \ pair o f points A and \ in ,\ we can f ind dis jo int open halis /T'Tv . 

li"'\.li"'\. and A " H">x> /{"••v[. In this wa\ the topological d imension can be defined as a 

recursivee relat ionship. 

Definitio nn 3 The topological dimension of a totally disconnected set is zero. I"he tof>ological 

dimensiondimension of a set /•' is n if every neighborhood of every point within /; has a boundary with 

topologicaltopological dimension n 1. 

Severall def in i t ions o f the fractal d imension can he found in the l i terature | 2. 3. 4. 5. ]()] 

amongstt them the box counting dimension. [4| . Click A. 10 

Def in i t io nn 4 Lett' "_~R11. (:or each t 

nono larger then r necessary to cover ƒ 

tftf this limit exists. 

5.33 Partioned Iterated Function System (PIFS) 

5.3.11 Collage Theorem 

I ff we want to f ind an I I S W wh ich can generate a given fractal /•". we arc faced w i t h a complex 

prob lem.. There is not an unique and simple solut ion tor this prob lem. 

Thee collage theorem however teiis us that lor /• and h\\ to be close, it is suff ic ient lor /•' and 

U ' : / " ii to be close. The col lage theorem provides LIS w i t h an upper bound for the distance 

betweenn the attractor and the or ig ina l set used as input tor the svstein. 

Theoremm 3 Collage 1 heorem. Let A IK a < o/nph n meim space and U : A A In a 

contractioncontraction mapping with coniractivity factor s and let T\\ he the attractor of this mapping. 

Then. Then. 

/n/•" . / •"»» • • lulAVib  (5.13) 
11 \ 

Thee fundamental pr inc ip le oï fractal cod ing consists of the representation at' an image h\ a 

contract ivee t ransform whose f ixed point is close to that image. In general it is not eas\ to f ind 

••• 0 lei \-, i. /•" .:• he the smallest nit tuber of halls of radius-

TheThe box dimension of F is: 

logNlogNii<F\ <F\ 
Mil l l 
cc -it l<)i>i 
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co'np:"cvs|<< in f I i( ) k 'C. ! ! 1^ rea in \ 'A ï'h in e ai*r n iuc t i ' in o i til e pii>-a> >n-:d' ttcnitt <•/ Htnn.ii ir. 

\ V M V W .. U hich i i ar. i.Alcink-d versie;] ui ' U'S. I ;>^aü uf i w n ^ the ent i ie image lor the imi i \ id-

Lii ai maps, each et the i ndn iduai maps operate1- -ai ;i -ai! "-set. cal i cd rauwe hiack. ut the support 

u ii the image, ' lugc iher these range b locks e r n a die ima^c. const i tu t ing a pari ui on. 

S cc era) image part i t ions can he used in H ( A Ins ! choice is lo UP. ale the inlage into lange 

b lockss ut t i xcd s|/L-, A I v tk - r choice is to ma».c use of a quadtree par t i t ion , the u e l b k n n w n 

i t l l .JJ LIC p i o C e ^ s i i l u tes lnac jL le [ i . i se t ! ul'j iACLi Is | \ v --pi 1 i t i i ig ut s e l e c t e d i l l ] age q u a d ran t s , e n a b l i n g 

thee resul t ing pa Mil inn to he presented In a tree str net u re in -A hich each iniernal node has tour 

descendantss f IS.] (J iguiA 5.2). 

A ^^ \ \ c are interested in comprcssi ng gra\ sc;ik images / . w c w o u l d l ike to add t'.vo ncu 

parameterss to the a i f i iK t ransformat ions of cq-L,;i;Mils rv'J and 5. h i : 

""  «; . . \ . ( . </ ü 

\\ M O S: 

/ ' ii V . V 

icc new parameters v and <> can be seen as j contrast scal ing and a luminance adjustment 

thee gra\ \ahiLS w i th in the image. 

5.44 Fractal Image Compression (FIC) 

AA compress ion s\ stem using P U S i n \ u l \ es spl i t t ing the support /•.' o f an image into a set '\', 

o ff V non .over lapping raniir hlork^ i< ; I . . . . V Then for each K ' \ ' , we wou ld like to 

t indd an a!'fine t ransformat ion ic. and another M.II b lock of (he image cal led domain hiuck. The 

proceduree is i l lustrated in a demu. I 'ach transformation u maps a domain block f)t unto a { ' l ick B 

l angch lockk / ( . . act in p. upon the rest net ion ot die l inage / to the domain b lock l H L ; tire 5. A J. 

nn : <V" • e / ' . (, -.'it 255 • . (5. h o 

n oo I' ' v.v : •;, ( / ' ( (> \ t . v ) ) • '-V.v !<•• (5.17) 

gg is ca l led I he artuneinr I ratlin >r»r. )' tile ina-^ir tran\i< >> in o! u ,. 



ItcrmciJ.coin:ItcrmciJ.coin: "Ri/nsJev gi.rs commercial" 

-- ~ U'\ ••'. -t'-'1^ "Pnn 'he i'niit'L' image and is defined av 

WW:: ƒ'Kt' , v;  n-  /'; ' . \ : 

forr each ;.v. vi -."_ R.. 

- \\ 1 ?Si 

5.55 Iterated.com: "Barnsley goes commercial" 

AA frequently used coding scheme originates from Jacquin [7j. a lormer PhD siudem i'rom 
Mm'nslevv The transformations MV, / = 1 N ean he written down as: 

VV /i.V.M 

a,a, b, i)\ / x 
,, </, 0 V 

(tt 0 v, / \ /(.v.v 
.s.iy» » 

Inn the ease by .htcquin ih<. geometru translorm /, rnndtih'» transinrum, 1 ' / j '" : •''"• 

..)) range nf eight different possibilities' 

( ( 

11 it 

(( il 1 

\\ 1 <> MM  -1 n 

.>.2\n .>.2\n 

\ : i i 

Thee mas.\ic transfntm p,. acting on the gray values hy eonii'ast sealing and luminance offset 
iss constant for each domain block D-: 

p : : / : . v . y : ;;  v.  ƒ:'> v -.->.:. / - ] V . >. : ] . ; * : ? i 

Compressionn is obtained hv storing [he parameters 

{a{a;;.h.h;;.i\.d.i\.d{{ .e.e::.j\.j\ i - 1 A'| <'x23i 

ass uell as spatial tnformalion (si/.e. location i regarding the range and domain blocks, in the 
fractall  transform. In bigure v4 the decoding process is illustrated. Detail is created with 
e\eryy iterating step. 

Withh courtesy ol Michael Harnsley a commercial coder "Fnivra! hnaaer" is ready io install 
onn this CDROM: :xp.\ctnlo-i. <nlr  [5| can be found in Appendix A. (.'lickk B. 

Clickk A. 1 
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Figuree 5.1: The Sierpinsky triangle ereated by an iterated function system consisting of three 
transformations.. The figure ean be created starting with any initial input. 
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Figuree 5.2: A quadtree partition is a representation of an image as a tree in which each node 
potentiallyy has four subnodes. Each node of the tree corresponds to a square which is a 
quadrantt of it's parent square. 
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Figuree 5.3: First a domain block is transformed by a geometric transform (sym. 2nd diago­
nal).. Secondly it is the subject of a mas sic transform. 
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Figuree 5.4: A painting by the Florentine Mannerist Angolo Bronzino (1503-1572), decoded 
byy a fractal transform. Detail is created with every decoding step. 
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Chapterr  6 

FracFeatt and other Feature 
Extractors s 

Withinn content based image retrieval (C'BIR). researchers use the fractal transform for fractal 
featurefeature extraction, usually in the domain of tenures. We distinguish: 

•• A l go r i t hms m a k i n g use o f di f ferent parameters drawn f rom the fractal code, 

•• A l go r i t hms whe r i n the fractal cod ing is altered for spcci l ic recogni t ion purposes. 

nn 1 . . . . i. i i . i .. . . . i i' . . . . . . . . . . . . . , . . . . _ . i i k- i i I T i k i - i l T l .... u i — . , . , . ! , . 

I V I U MM I I I U M I D U S I O I l l i l i - l c l l L t . a i . i i l k , L . \ l l i l t - [ H I I I j 1 , i ) , I 1 . I . - , 1 . ' . I •• , l . i ] 11H». u<lSk_u u j n J H U I L 

parameterss f rom the fractal decomposi t ion of images (see Section 5.4 and 5,5): 

•• '•;,: geometric transform. Th is t ransform is used to translate, rotate and. or Hip the 

domainn block o t i lo I he lange Mock. 

•• v..v.: pos i t ion o f the domain b lock. 

•• .Si.o; : mas.sic transform. Contrast scal ing and luminance offset t i l the grav values. 

Mar ie-Jul iee [11] proposes a method where images can be retr ieved con ta in ing a predef ined 

pattern,pattern, f o r both the pattern and the images in the database all maps u•,. are stored as param­

eterr vectors IV,: 

IVV ;•/;..V,. v, . \ , .c; ; I. (h. I ) 

Hachh feature \ eclor or ig ina l ing f rom the IJUCIA pattern is compared w ith the feature vectors 

f romm all imaues in [he dal abase. A s imi ia i i u measure is then calculated based on a I •• distance 



N a c / c a ff ^t 

ii K. ! i'n. k h UK' I ^ I M - I K K i i L L h . ' h . k o l i l l s ü K s s < ••; l.'k d i p ' t h h [I i h ' i ,| [ t a! !' >N s i | M. h i[;t: JOÜs. Ml I i l 

off :he ;magc can\ as is achieved b\ co: i ip icssi ; ig ;hc mkiues ;n di f ferent posi t ions iniuliiv •</!>! 

/>'•(( ^stu/i). A drawback is the hï ui l ei Mil pk- M U '.'i t l i iv method. 

6.0.11 Decompression tbr Feature Kxtraction 

AA nice w a \ iit cxt rac i in t : leaiurcs t rom images L i n p l m s the dc<<>mp<^tii(>n \rhc>nr of the 

fractall encod ing wh ich has been used b\ Ne l ! [ ! 2 | and 'Ian | 15]. A n imaüc f is ceded b\ 

i i i l d i l l gg J H a i l s t o r m I I ' t o i V\ l i k h I I '• /' a p p h O i f i i a l c s /': 

U' ' i<\2' i<\2' 

A c c o r d i n gg tn the Con t rac tn e M a p p i n g I- ixckbPoint Theorem (Sect ion 5.1). the Innige /' is 

restoredd !n i terat ing U stal l 1 nu w i t h , in \ in i t ia i nu a ge. Suppose a dal al ia se contains j numik. i 

•• it images _/ / 1 >! .«[-ui e;i.ch intake is !ep:';sen!ed h\ its fractal t ransform I I " . 11' : (n image 

'' ie presented ae a querv image te the tl;it;th;s^c w ith the purpose fo retrieve s imi lar images, 

thee distance: 

<// H " ƒ' .. /'• . / \....n 

iss m i n i m i / c d ('I' igurc fv ! 1. v\ here 

dd . /' 

\A A t.u t.u tb.o) ) 

andd fj. denotes the p ixe l \ a l uc of image ƒ' at posi t ion \k.l . //,. and I,, are the height and 

ww idth i.if the image. \ n index is bu i ld for /'. '['his index ordeis the images start ing w i t h the 

mostt s im i la r images to t in <jucr\ image / " . O t l k r methods are discussed in Append ix A. ( ' l i ck A . 

6.11 F ra c Feat 

Inn ( 'hapte rs 7. N and M te a Hn es based on (racial f i l ia te decomposi t ion are int induced and iheir 

in \\ ariance under certain image t ransfo imat ions discussed. I he above led lo Hie const ruct ion 

o!'' a compute r code: f'nirf-\-ai It includes t "oN to r adding images and the in tcg ia lcd com­

pu la t ionn o I features logethci w i t h fac i l i t ies tor LJLICIA mg. I racbeat is a imed at the domain of' 

text i less and fashion. Databases used in this domain usualb cnutain mu l t ip le text i les d i f fe r ing ( ' l i ck H. 

mi lss in or ien ta t ion , scale and ll ie area cntou i . Soniet i incs text i les are depicted in di f ferent 

levelss of / u o m . A demo oi 1'racfcat is avai lable a:: 

n t t p:: vAvw; .desk . ni /FracFea „/FracFeat.. htx. 



Twoo muin principles led In the use of I K ' as a feature extractor: 

•• There is a content-de pen de ut relationship hel ween the choice of the coder tor a specific ( 'lick H.5 
ranuc-doo main block com hi nat ion. Range blocks from a certain region arc approximated 
b\\ domain blocks from the same region or a region with similar image content. 1 his 
observationn can be used to relate parameters of the fractal transform to perceptual prop­
ertiess like direction and scale of a texture. 

•• Although fractal geometn can be for feature extraction of texture, generally there is a 
majorr drawback in usinti fractal transforms. A small perturbation of the region to he 
encoded,, usually results in a major change of'the transform (f igure 6.2). However 
thee features defined in f racfeat do not suffer from this ill condition. By using features 
basedd tin statistics kept during the actual decomposition we derive features from fractal 
transformss which arc invariant to perturbations like rotation, translation, folding or 
contrastt scaling and even a zoom-in at a homogeneous textural image. 

6.1.11 KracFeat Features 

Tainn Ufa | 14| textural aspects were used to model our features: C lick A. 6 

contrastcontrast.. coarseness . directionality . linc-likcncss . regularity and roughness 

•• FracFeat: Directionalit y 

Inn fractal image codinti. similarity search is applied between blocks within an image. In 
orderr to compare the gray values of the range block with the grav values of the domain 
block,block, the domain block is the subject of eight possible geometric transforms v,-, / 
1....88 ,'Section 5 A. 5.5). To detect the number of textural directions, we evaluated the 
usedd geometric transform y,, modulo translation. 

figuree 6.3 shows two images, a natural scene and a building structure. In the his­
tograms,, horizontally we depict the eight possible values for y;-, i i S\ At the 
verticall  axis \vc depict the fraction of the total number eiï range blocks in the image. 
Itt is clearlv seen that lor the image showing a natural scene, the geometric transforms 
aree equalK div ided tor ; I N. Regarding the building image, the distribution is 
biasedd towards i 1 and / 3. relating to the identity transformation and a rotation of 
,T.. These facts are in correspondence with the nature of the images: buildings having a 
moree vertical orientation, while natural scenes show different textural directions. 

•• FracFeat: Coarseness 

Similarityy search is applied to parts of an image, according to a quadtree partition of 
thee image (Section 5.3). An image block is potcntialU suhdK ided into four sub blocks. 
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AA is the \,i[[[\ number of range b lock - wi th in the image. i „ ; is cahcd the M i a i s s - M i i 

o!! thu tracial encod ing at quad tree depih >n. In f i gu re fi.4 two examples arc shown. 

(( Inmh.tiOOf/ and Metal.OOvj _ \ I n s t a a n depicts the m citHiultitrJ success^ate v., 

versuss the quad tree depth m lor /» i N. '['he " C l o u d s " image i lk is t iates a h i g h k 

cumula t ivee success Fate, wh i l e the "Me ta l " image consists m a i n b ot '•tati^iit al it Man . 

Resultingg in a histogram s h o w i m : tew O H ^ . blocks matched. 

I-- r i icleal : Spatia l dimensio n 

Insp i redd h\ the fractal d imens ion we calculated: 

II his expression can be seen as a measure for the homogeneitv ol ' the range b locks at a 

certainn level of the quadtree. Th is tea Hire is modi f ied in b r a d ' c a l in io a local feature, 

eva luat ingg </., over a l im i te i i h l ocks i / e wi th in the image. We show one example ol ' this 

soo cal led spatial dimension feature, which can be used to delect the edges, in ! ami re f o . 

Thee value of </. explo i ts l he fractal dinKai- i , m ol ' parts of the image at a cei ta in quadl iee 

depth.. h p i c a l l v l ines and borders \ icki (/. -c. j and areas w i t h lots o f inner structure 

\\ ield (/. •' • 2. We obsen e how il is rough! \ s im i la r to the i ;cometr\ and topolo^v of the 

o r ig ina ll images and indeed borders and inner areas can he ident i f ied b\ di f ferent values 

lablcc o. 1 . h i \ a nances lor different fractal feature extractors. 

Rotat ionn ' Inmslat ion Scale f o l d / o o m 

binn \ es mulucom press ion ves no no 

Maa tie-.hi he mu l l (compression mul i icompression \es no no 

II iae'1 cat v es \ es \ es \ es \ cs 



irjci-'cit! irjci-'cit! -^ ^ 

Att the end ut this Chapter, we compare di f ferent fractal feature extractors as discussed in 

thiss C'hapLeL inc lud ing l ï aeTca t . We evaluated (Table '•>. 1 ) die robustness ot the features in 

relat ionn to a rotat ion, t ranslat ion, rescaiing and fo ld ing ol the image canvas, as we l l as a a 

changee in l igh t ing condi t ions. ' l i t i s subject is elaborated in ( 'hapler S. 

Becausee fractals are sel f -s imi lar , in a wa\ the} can be considered as /uom- inva r ian t . A l ­

thoughh fractal compressed images are not real fractals, the features we der ived can be made 

invariantt to zooming in or out in homogenous image areas. In Chapter { ) we show how. 

AA simple wav of mak ing features invariant to a perturbat ion A o f an image /' is muUicumprc*-

sian.sian. W i th in this method both features <^i / and .-V; / i are extracted and stored in the database. 
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Figuree 6.1: left column: Two database images ƒ and g. middle: Distortion as a result of 
transformingg the image by the fractal transform of a query image, right: The query image h. 
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Figuree 6.2: A small shift of the region to he encoded with respect to the image canvas, results 
inn a modified quad tree structure, making it hard to '"compare*' shifted images 
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l l l l l l l l l 

I ll  fil l 
inn iff ̂  ~"'""" 

I?!! I.l.lli l 
Figuree 6.3: Two images "Leaves.0006" and 'Buildings.0009" showing different direction­
alityality histograms. 
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Figuree 6.4: Two images "Metal.OOOl" and "Clouds.OOOO" showing different coarseness 
histograms. . 
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Figuree 6.5: Spatial dimension (xlO); "DogCageCity.0002" image. 
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Featuree Extraction using Fractal 
Codes s 

Benn A.M. Schouten and Paul M. tic Z a nw ' 

( 'entree tor Mathemat ics and Compute r Sciences ( ( ' W l ) 

P.O.. Box 94079. 1090 d B Amste rdam. The Nether lands 

{{ B .A .M.Schou ten . Maul.de./eeuw \(o cw i .n l 

FastFast and successful st-archim; for an object in a multimedia database is a highly desirable 

functionality.functionality. Several approaches to eotitcnt based retrieval for multimedia databases can be 

foundfound in the literature (7, H. 10, 12, I4f. The approach we consider is feature extraction. A 

featurefeature can be seen ;n a mev to present slmp>le information like die texture, calm- and spatial 

informationinformation of an image, or the pilch, frequency of a sound etc. 

InIn this paper no present a mi'thotl for feature extraction on texture and spatial similarity, us-

i>it'i>it' fractal cod inn tcchnuiues. < >ur method is based upon the observation that the coefficients 

describingdescribing the fractal code of an image, contain w r v useful in/onnutton about tin si rue rural 

contentcontent of die image. We apply simple statistics on information produced bv fractal image 

coding.coding. Hie statistics reveal features and require a small amount of storage. Several invari-

anccsanccs area consecjuenee <>l tin: used methods: \i~t\ global contrast, orientation. 

lii S iiuick;ii\ .Kk'-ov. IL'IILX-. V.IPIHIT: >u \ U l ) , I hi.- V IKT ' i .uk i -

h9 9 
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7.11 Introduction 

A u t o m a t i cc inde xmg and I C ! M C \ al ui ' i inaucs i^sv <i un c n i c n ; i- ;• eha Menging research t lJ^ L i . 

W h a ll K ca l led content > asuaiK s i ih jec lbe arui of ten depends un the context , doma in , etc 

l ï i i ss is the reason w h \ content based access is st i l l largek unsolved. H i g l v t e \ c ! conte-nl 

'i'i :.[sL-d [ i .u icv ui requires (tie rise ot domain 1- r;.^ ledge and is \ he; et ure l i m i k d lu <i spec i lic 

r ion iam.. 1 .uw-leve! retried al tcchniejucs are \v..>.\\ generic bril theA ean ch ai acte r i/c onK low-

''-"•e!! ü ü o r m n l i u n such as co io t . I L - M U I e. si u i ie. mu i ion ete. 

Wee are interested in low - ] L \ el ic l i ic\ al lectiniunes tor grc\ scale images, based on tcx iurc aint 

spntiaii id is )s j i ï i : !aNt \ . Wc w ish u> |ne, ik a set cd' images ie ia led lo a g k c n image i "Oucrs 

b\\ examp le " ) . I-'racial cod ing is effect i\ e hm images ha\ ing a degree ui ' sc l f - s im i la r - t v ! ie: e 

s innta ii means that a g K c n region in an imaijc m; i \ he filtert to anulhei ' region using some 

a l f incc t ransformat ion. Th is nutii.nl of' s jm ihu in is | iar i icu!ar i \ useful for textured regions. 

Wee 'A i l l make a d is t inc t ion between three mam aspects oi ' teAture- s\ mmc t i v . eonlrast and 

coarsenesss j I 3! I he spatial s i m i l a i i l ) features v. i l l be based on spatial Ic la l iunships, like the 

distancee and ihe angle between the s im i la r regmns. 

11 tie- power ot the method lies in die m u l l i k s o l u l i o n nature: retr ieval o f t i igh-resolut ion 

databasee images w i t h low- reso lu t ion or ig ina l inexact queries is possible. Retrieval s \s tems 

torr \ er\ large databases impose st rong demands on the <i/c oi the feature vectors, the effec­

t ss e ness ot the index ing tech i lk] Lies, and the c f t i c i eno oi the searching a lgor i thm. "I here lure 

filee features should lie s imple to compute and be d isc r im ina t ing . It is neccssar\ lo develop 

h ierarch ica ll index ing and searching strategies, that is. in subsequent steps one per forms an 

ine rens ingkk deluded search on a smal ler ami smaller subset oi the dalabase. B\ their mu l -

t ire-solutionn character f ractal cod ing techmuues arc apl to the construct ion of hierarchical 

imagee index ing and searching schemes. 

Thiss paper is a tiist survc \ on how effect ive iealurc extract ion based un fractal codes can lie. 

Thee need for (Valines w ith d iser im i i ia t ing poieniial and the possibihl ie s u If e red b\ h ie iare ln-

catt schemes in I his respect ga\ e reason to w r in l i i is paper. 

7.22 Background 

7.2.11 Fractal Iniiiye Coding 

II racial cod ing is a relat ively new tcchniejue vdiich emerged t rom f iactal geunie l r \ . Il has 

beenn studied thu roug f i k b\ s o c ia l authors, sec e.g. p . 1 I [. f rac ta l cod ing is based on the 

sc l f - snn i l a i i t vv in a p icture. Th is means that smalt pieces oi the picture can be app iox i ina lcd 

b\\ Iran s to rmed versions o f some- other ( l a r i v n pieces of the pic! ate Th is plu n< mie non is 

exp lo i tedd to eA tract fealures that relate to this sel l -s i rn i lar i tv 
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Wee give a brief introduction to fractal image coding, cf. [1, 5, 2]. Without loss of generality, 
wee suppose that the image / measures 2N x 2,v pixels. We wil l denote this image area with 
£.. We consider grey scale images and define G = {().....255}. So: 

I-.E-+G,I-.E-+G, l£GE, (7.1) 

// \R is the restriction of the image to the region R and IR :— / |#. 

Inn fractal coding the image / is partitioned into non-overlapping sub blocks of fixed size, 
calledd range blocks. See Figure 7.1 (courtesy of Dugelay et al. [2]). The fractal encoder 
searchess for every range block R, another block in the image (domain block D) that looks 
similarr under an affine transformation. The range blocks are identified by the coordinates of 
thee lower left corner of the block 

'Jl'Jl - ( ( 2 'V 2dn) \Q<m,n< 2N~d l.m.ncZ}. 

Difference e 

Figuree 7.1: Fractal coding in steps 

Thee goal of the expression scheme is to approximate, within a certain tolerance e, the range 
blockk R by a certain domain block D of double size: 2( /^' x 2'l+i . The chosen domain block 
iss extracted from a domain pool 'D. There are several kinds of domain pools; for our survey 
wee use the half overlapping domain pool 

 { ( 2 ^ , ' | . 2 ' / I 1 ^ | ü < m ^ < 2 'v - ' / ! . « , / ,€ Z } . 

Thee approximation of the range block by the domain block is done in several steps: 



liitckxnnnhiliitckxnnnhi 2 

i l .. ! il»- if. ' i h a i i i I T H . r, is ! -\\ 'He hi i d i i ' Onsi i n ' ; ; , \ a i : - U l l [!K-![ ^ i ' p e l a h '! ''.','. 

b.. '! he g ;c \ \aku-s of the domain b h v k ;n \ :isr:-L-J h\ an npcraMr U „ . 

OO ƒ,- Ci l l ' iS ls t^ , t it t l O iUi'asi "Ik. til l i i g I ( dW. u la Hi I [ial'lLL i 'ft SS t j t. 

L'.. The s i / c of the domain Hock IN induced v, ilh " 5 ' •• (a\ ci ag ing, ü f ^ n sampl ing) . 

'!! he LSNcnti.il operator in the scheme is H',:, - . w i t h i n U',, is chosen in such a vor^ (hat H,y is a 

en]] i nac t i on m.1 j">pinL:. I he othei opeaalois aic ased to maks- nioie i l ls pnss ihk . 'd,,. is an .i l i i ik-

inappsnt.'' n! » n \ values 

WWf{f{:<;:<; • ? , ( T 2 ) 

(( io en a lange hi nek R the coder searches inr a conn im hi nek /J/..- A ami an at ime mapping 

lt.,vv s lK ;h i l i . i t a i ^ e r d i n g io iliL / mUi 'K mi (,'. 

Inn I he seh erne the aboxe procedure is repeated for al l ranee hi neks R ' :\ ' . Then . I he or ig inal 

imagee / is I n approx imat ion a f i xed point for the map U': 

U'' \J U>, (-.4) 

A'-- ' \ 

R\\ the f i x e d Point Theorem the image ean he restored b\ i terat ing H' in the decoding phase. 

s ta r l ingg w i t h a m piet ure. Th is impl ies that storage o I'the parameters of the map H' is suff icient 

torr the (near) reconstruct ion ^\ the image. 

7.2.22 Quadtrees and Multircsolution 

Mostt f ractal ending sehemes use a quad-tree as a further subdiv is ion o\ the i ma Lie. in the first 

•-lagee ot the cod ing , the image is par t i t ioned into range b locks ot f ixed s i /e . Acco rd ing to the 

to lerancee t ( T 3 ) there w i l l or w i l l not he a match between a lange Hoek and a domain hloek. 

T h i ss nu. ans. thet'L are: 

i .. \ m ï t ' w o i.e. rnn^e hloeks tot wh ich an approx imat ion h\ a domain Hoek has been 

foundd and. 

2.. [a i ht re-* i.e. range b locks tor w hieh no approximat ion eon Id he found. 

Thi.. procedure in fractal cod ing is (n suhdn iiie (he fai lures into lour Mih blocks ol ' 1 -1 si /e. 

Thee search for successes w i l l then start again: now o n h w i lh range blocks of I 4 s i /e . 
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i - i i 

ttt t 

E E 

Figuree 7.2: Subdivision by a quad-tree; failures at level / are illustrated at level / + 1. 

Thiss "multircsolution" scheme is illustrated in Figure 7.2. The first level of the quad-tree, 
// = 0, contains range blocks of a fixed size, partitioning the image. The failures at a certain 
levell  i are divided into four sub blocks and illustrated at the next level i-\- 1. The number of 
failuress per level / is an important feature, we denote it by ƒ/. For convenience we also define 
sisi as the number of successes at level /. 

7.33 Feature Extraction 

Todayy there exists several implementations in multimedia database systems such as the QBIC 
systemm by IBM [8], Photo-book developed by the MIT Media Lab [10], and the Virage system 
developedd by Virage Inc. In these, as well as many other approaches, one defines feature 
vectorss of image properties. It is essential that such feature vectors are much smaller in size 
thann the original images, but represent the image content as accurately as possible. Images are 
consideredd to be similar if the distance between their corresponding feature vectors, which are 
supposedd to be elements of a given metric space, is small. For this reason, the discriminating 
powerr of the features has to be strong. 
Featuress often used are color and texture [8, 10]. Furthermore, several authors have suggested 
too use shape properties [10], or relative position of objects within an image [6, 4], called 
spatiall  similarity. 
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7.3.11 Texlurul am\ Spatiul Similarity 

iee \ U i k iü images has been i ccogn t /ed as at: important aspect <• >I human v is ion. hracial im;iL\' 

co i l i ngg h.'is UO-H! results in cod ing t e x t u u r vviln the except ion ut statist ical t c x i i i i i wh ich is 

taii l i t 'm II.1L-al | v j . 1 lowev e i . we l ike to stress ,n important issue: compressing an innige umi 

tcaba:: :::g :;;; image arc MUI te elj i k ie ui p ! , iK i ik r e is im a pi H. u i reason vv hv a trails) um i i.i^i.1 

torr i ndex ing mu l t imed ia databases has to salis|\ the same propert ies as one tor ei impress UIL: 

images.. It eau l v armled ihal l!le disabi lüv .a \::,c\:][ codmg to handle statistical IcXküc is ail 

advv antaue. 

II Is • e we aie deal ing w i t h l o w d c v c i feature cVrnct ion. w i thou t anv scenic l l labon. \ \ t üke 

too show that traetal cod ing ean model spatial a i fo w i thout segmentat ion and eieate several 

icatUress lof spatial s i m i l a r i t y In these tcaluies ••.'. e like In express w het hel suni la i i lv between 

regionss is bounded to a certain pan oi ' the im;;go () i whether there is a domina t ing di rect ion 

betweenn the" bioeks that atv Min i la i . ' I l k Ok i ï .n iu i in fo rmat ion is modeled in a wa \ thai is 

independentt oi the s i / ^ o\ the image: a vetv desirable i tem. Smaller thumb-nai ls Can then be 

usedd to' retr ieve h i t h e r images. 

7.44 Feature Extraction using P ractal Codes 

Inn our exper iments the end ing scheme was pmgrammed to use tivc cjuad-ircc levels. At the 

l irs!! step everv image is d iv ided into lb rang;, b locks, regardless (he M / C n!' the imanc. At 

cvcr \\ level of the quad-tree several features wi l l be extracted and vv ith this more in format ion 

aboutt the image is added at cv crv level ot the quad-tree. 

7.4.11 Texture 

Wee l ike to d is t inguish three Tea Hues tor tex iuro s\ mmetrv . contrast and coarseness 

Thee s \ m m r t n teat ure is modeled bv the epei;:!or \)< , s L t I ' iguic T 1. \).: lelates ; | KHILIC 

b lockk to one ot' the N sv mmetrv o p e r a t o r liiist are used to br ing a <lomain block into posi t ion 

too match this range b lock at a certain level ,' hi our exper iments we w i l l make histograms o I 

sevv era! Icatuies. In the sv tnt i iet iv h isk ig ia i ie hot i /nntal lv the N sv mmet iv operators are de­

noted.. I he v e r 11 cal axis show s the Intel ion bv w hich I he v ar ious s \ mmetrv operations occur 

att that level ot the Cjuad-Uee. see I ignrcs 7.4aml "•'.>. 

II lomogene i tv of' te Mura l co n trus t is mode led hv the mean and variance ot' the grcv value 

sca l ingg i t . It' a domain b lock , at a cc i ta in eve! / is matched w i th a range b lock, o is the 

scabb nu used on the gieo V a i Lies ot the domain- 'dock. ALiain all lealurcs aie related to /. 
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'II hu coarsenes s ut' texture is modeled b\ ihu number of successes s. Lit a certain L A ui ot' 

ihuu quad-tree. So Uu coLinl the number of ranges for v, hiuh ;t propur domain block has heen 

foundd at a uvriain lu \u l of thu quad-tree. 'I'hu depth appears to be vurv important in this re­

spect.. I f a lot of large domain b locks can hu mapped onto range blocks, thu sealu ol thu 

s imi lar i tyy w i l l l i kek be coarse. 

7.4.22 Spatial Similarity. 

borr the spatial (d is )s imi la r i t \ present in an image, three features are der ived f rom the fractal 

codee depending on the quad-tree level: un i f o rm i t y , d i rect ion and d imens ion. 

Un i fo rmi t yy  an d Di rect ion . 

Thee first two spatial features are modeled by one vector <•,-. depending on the level / o f the 

quad-true.. c,. is expressed in terms o f its magni tude /, and angle <;J,: 

r,, (/,.(i)( i 

/,, measures the distance between a matched range and domain b lock. The percept ion is. 

thatt 1, is bounded i f an image consists of di f ferent textures d i v id ing the image into several 

regions.. In our histograms this feature w i l l he d iv ided into N classes; length w i l l be calculated 

ass f ract ion of the distance f rom lower left corner to upper right corner of the image. In this 

wavv the feature is made size invariant. 

i'hee spai iai d irect io n luaiuiu (.»^u ! iguru 7,3} measures the angle between the hor izontal d: 

reell ion and the direct ion f rom upper left corner o f the domain b lock to upper left corner o f the 

rangee b lock at a certain level /. We choose to represent these features numcr ica l iv b\ vectors 

•:: !R . and graphical lv b\ histograms w i th eight bars, see f i gu res 7.4 and 7.s. 

Thee spatial dimensio n feature relates to the Hoy Counting Dimension \?>\. 'I'he image / is 

d iv idedd into I (v sub blocks, f o r each sub block we define: 

( ( 
</,, • l o g ' 

''  f: 
wheree /'• is the number o f fai lures at level /. b iguru 7.6 serves as an example. Th is feature 

dist inguishess between images that ha\ u edges scattered all over the image, arid images w i th 

aa few clear-cut lines. 
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Rarmee Block 

o o 

Domainn Block 

Figuree 7.3: Spatial uniformity and direction. 

7.55 Results 

Inn this section we investigate the discriminating power of some features. Here we selected 
threee features: textura! symmetry, textural coarseness and spatial uniformity. The example 
imagess stem from the Vis-TeX Database of MIT. Figures 7.4 and 7.5 show 15 pictures and 
thee corresponding histograms with respect to the selected features. 

Thee first column shows the picture itself; the second column shows histograms related to 
texturall  symmetry; the eight values at the horizontal axis correspond to the eight symmetry 
operatorss that can be distinguished for mapping domains onto ranges. The first four values 
denotee rotation of a square part over 0 (identity), 90, 180 and 270 degrees respectively. The 
secondd quartet denotes the same, but with an additional flip of the plane in which the image 
lies.. The vertical axis shows the fraction by which the various symmetry operations occur 
att that level of the quad-tree. Although all features can be extracted at all levels, we present 
onlyy the histogram which relates to the level which numbers the most successes, see Section 
2.2. . 

Wee observe clearly a preference for the 0 and 180 degrees classes in the "'Building" images. 
Otherr images have a much more even spread over the symmetry operations. Apparently there 
iss a dominating direction in the picture, as could be expected. The feature appears to distin­
guishh between images of man-made and natural environment. 

Thee third column shows histograms with respect to textural coarseness. The horizontal axis 
off  this histogram corresponds to the depth of refinement in the quad-tree of the encoding 
procedure.. The vertical axis shows the accumulated success rate of the encoding. It is the 
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Figuree 7.4: Pictures from M.I.T. Database and some features. 
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Figuree 7.5: Pictures from M.I.T. Database and some features. 
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fractionn et'alt pixels in the original image (hat arc successfulK mapped from domain blocks 

unit)) Kin tie blocks. 

Wee observe how the "Metal" image is poorly matched e\en at large depths, due to the statis­
ticall  texture present in the i ma tie. 'I'he "Clouds" image mainly seems to consist ot similarity 
att lartie scale, "Kiss" which has clouds as a background almost shows the same histogram. 
"Buildings.OOOS"" and "Buildings.OÜOT' consist of building structure at a larger scale which 
iss reflected by this feature. 

Thee fourth column shows the histogram with respect to spatial uniformity. 'I he iiori/ontai 
axess shows S classes for the distance between matching domains and ranges. 

"Kiss""  is a nice example of an image that has texture centered in the image, which is reflected 
inn a biased distribution with a preference for short distances, lor "DogC'ageCity". "Grass-
Land""  and "Vallc\ Water" the histogram shows two superposed distributions, corresponding 
too the two main textures. 
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biguree 7.6: Spatial dimension 1x10): "BrickPainl.OOOr and "DogC ageC'in.onOj." images. 

T\picnll\\ lines and borders \ ield d, :r 1 and areas with lots of inner structure yield </, "-' 1. 
Wee observe how it is roughk similar to the geometry and topolog\ of the original images and 
indeedd borders and inner areas can be identified h\ different values ol </,. 
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7.66 Conclusions and Further Research 

II IK. icatures wc s iudied appear tn have d i scrim i n;i!LFIu p o u i r thai relates tn human v isinn 

N e \ tt quest ion is. v. [K i l le r this d iscr iminat ing pov\ei can he u s u i te, success] t i | ] \ let r icvc ai: 

in iayee t rom a hir^c datahasc. We plan lo address this quest ion, The method Can he used lor a 

i l i c ia rc inca ii se ai e h am! il comh incs several uco ra Mc upturns. I he first in ment inn is" K a imc 

extractt inn and o impress ion. The second is thai this method has proved to he invariant in s i /e . 

•••• Tic i l l a t i on , con ; rast sca im^s and künüiance • 'It.sets. '1 I K let! He <. mi n icthnd ma\ inipiov e nn 

prevv inus approaches [ ~\ 12. 14j. 
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Chapterr 8 

Fractall  Transforms and Feature 
Invariances s 

Benn A . M . Schouten and Paul VI. de Zeeuw ' 

Centree for Mathemat ics and Computer Sciences ( ( ' W l ) 

P.O.. Box <MI)74. ] ( ) ' « K ï H Ams te rdam. The Nether lands 

|| B .A .M.Schou ten . Paul.de.Zeeuw \(<i cw i . n l 

//;; this paper, fractal transforms arc employed with the aim of image recognition. l\ is known 

tint!tint! such transforms are highlx .scn.sdi\'c to distortions like a small shift of an image. How­

ever,ever, h\ using features based on statistics kept during the actual decomposition we can derive 

featuresfeatures from [metal transforms winch, are invariant !•> perturbations like- rotation, translu 

lion,lion, folding or contrast scaling. Further, we introduce a feature invarianee measure which 

revealsreveals the decree of' invarianee of a feature with respect to a database, lite features and 

thethe wax their invarianee is measured, appear well-suited for t'ne application to unaa.es of 

iCMt<n-\. iCMt<n-\. 

8.11 Introduction 

Practalss can he generated by Iterated I unct ion S\sterns { l l -S ) | 2] . In most cases, the funct ion 

s \ s l em.. to generate the f racta l , consists ot' a l imi ted numher ot" funct ions R " • X'. The 

•• U S. s.'.r;ik-ti.;l!\ .KMIUV. k-.l.ui- - i . | i | \ *n rn S W i i . I 'v.-,- \ r : i i e i L n J -

SS % 



IntroductionIntroduction 34 

domainn for the functions in the system is some fixed part of K" . Simple variations like rota­
tionss of the fractal, lead to simple variations in the parameters of the function system. Chang 
[3]]  pays attention to the relationship of the fractal parameters (of the IFS) and some more 
complicatedd variations, like resize and relocation of the fractal. This is only done for binary 
deterministicc fractals. The fractal transform of a natural image consists of a Partial Iterated 

Tablee 8.1: Difference between PIFS and IFS 

IFS S 

PIFS S 

Domain n 

Wholee Image 

Partt of Image 

Rangee # Functions 

Partt of Image Limited 

Partt of Image Numerous 

FunctionFunction System (PIFS). At the encoding, the image is subdivided into ranges, which form an 
non-overlappingg cover o( the image, see Figures 8.1, 8.2 and 8.3. For each range-block the 
encoderr searches a different domain and a different function (affine transformation) to create 
thee PIFS. The essential difference between IFS and PIFS, is the number of transformations 
inn the system and the choice of the domain-blocks, see Table 8.1. Each function out of the 
systemm acts, by contrast scaling and luminance offset on the gray values of a local area of the 
image. . 

Figuree 8.1: Fabric and fabric with a fold. 

Thiss paper is concerned with the use of fractal transformations as feature extractors [1.6. 7. 
8,, 11. 12]. One of the reasons we want to investigate this problem is that many databases 
sufferr from duplications. Often, similar images can be found in the database, mostly under 
somee slightly different variations, like rotations, zooms, small translations etc. In the field of 
textile,, for example, cloth may be presented in different folds but one still wants to recognize 
thee texture. 
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Figuree 8.2: Quad-tree structure. 

Thee assumption in this paper is that though perturbations like rotation and folding may pro­
ducee quite different fractal transforms, the impact on well-chosen statistics of the transform 
remainss limited. 

Wee present a (computable) measure for the invariance of a feature with respect to a perturba­
tion.. Because two images can generally be expected to be neither identical nor completely 
dissimilar,, invariance is often up to a degree. 

Thee organization of the paper is as follows: in Section 8.2 the basics of fractal coding schemes 
andd fractal feature extraction are presented, followed by a description of four statistical fea­
turess in Section 8.3. In Section 8.4 we subject images from a database to different types 
off  perturbations and we demonstrate our new method which identifies the perturbed images 
withh their originals in the database. We introduce feature invariance measures. In Section 8.5 
conclusionss are summarized. 

8.22 Fractal Feature Extraction 

8.2.11 Fractal Image Coding 

Forr completeness we give a brief description of fractal image compression (FIC) [4, 5]. Most 
off  the feature extraction methods arc based on the parameters used in FIC. 
AA given image is partitioned into non-overlapping range blocks, see Figures 8.2 and 8.3. The 
fractall  encoder searches for parts called domain-blocks (which can be larger and overlapping) 
inn the same image that look similar under some fixed number of affine transformations. Such 



/ racf ; : // /-ca'ure / \ir.ictior, 

! l !!  ^ i i l l l l I I ; ] [ i s j < >[ [ ] | .. j ; i i \ w i l i l t ii ; r 

.11 A .\ 

::  l ' • 

Indexx / indicates the ran^c -b locks w i t h i n the i ma LIC. ƒ • i . v denotes die <jja\ \ aluc at posi t ion 

ii >. ••/. is the e< "mast seal in*.' am! o is die ! i'-mna tuv ut* set '[ he << n u l o an- used n > male h 

thee grav values of the domain w ith the LLI:S> \ alucs o!' the range-block, w i thin the l imi ts oj ' an 

imposedd accurac*. y In practice s d i f ferent degrees of freedom are used tor \. composed ot 

••'' rotat ions over H. ; . ; i . ' , ' . in comb ina t ion w th a possible Hip ol the domain -block a lo i i i ! the 

secondd i l l agonal. In ilic code o i l k the parameters ot i l l e Llallslol ma! ions atc stored. L 'sua lk . 

aa doma in -b lock has tw ice I he si/e i~>\' d la t ig i -block. 

11 he contract ive nature of the t ransformat ions t. makes the fractal encoder work , ' f i le trans­

fo rma t i onn / ' J . -.1, (where A is the lota I number of range b locks in the image) has a f ixed 

pointt w h i c h approximates the or ig ina l image. It ean be restored b\ i terat ing 7 in the decoding 

phasee star t ing w i th an arbitrarx g iven image. The code is produc ing detail at cvcr \ i teration 

step p 

8.2.22 Kcuturt's and lnvar iances 

Mostt i^~ the fractal feature extractors use the parameters, discussed in the p r o ions sect ion, 

too describe die intake ot object [ i . 7. (Jj. k o u Ami ct a!. | o | uses ouK the e, . /, paramcic is . 

Haldonii el al . [ i | and Vissac el al . | 1 2\ use s impl i f ied or altered fractal schemes, o n k inspired 

i nn the or ig ina l compression scheme. ( ) lhc r researcher-, use the beha*, lor under dcc< impression 

ass a feature |N. 1 ! |. 

'['heree is a maio i drawback in using fractal t ransformat ions lor feature extract ion. 'I he same 

imagee (at ln tc tor ) can be the result ot two tolalK di f ferent fractal t ransformat ions, mak ing it 

SKII E cl to compare two images. Th is occurs to; instance w hen an intake is s l i t j j i l h ti an si, t ied. 

In \\ at lance to smal l t ranslat ions can be achieved i n input ima^c shi f t ing j 1 i ]. I he features 

cann also he made invariant to scale and rotation |S. I I j . Mar ic- . lu l ic [7 | uses mul t i - reso lu t ion 

oii mu l t i - compress ion schemes in w h i c h scxctal doma in part i t ions are Used tor one imaüc 

Moww ex ct. all I he above methods ate computat ional I \ expensix e. We proposed statistical anul-

\\ sis ot' the fractal parameters \i)\. assuming that w e l I-chosen statistics of the di f ferent tract a i 

t ransformss K main in \ ana iu . We M I j \ e foi in*, ariaiicc w i th lespeet to folds and L:IOSS as wel l 

( inn the context of' text i le i. In the l i terature no such in \ a nances aie found. 
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8.33 The Features 

8.3.11 Introduction 

Ass stated in the introduction we are interested in how several statistical aspects of the match­
ingg process within the fractal coding, alter by certain perturbations of the image. Here we 
givee an outline of the features we employ, see also [9]. 

Mostt of the existing fractal coding schemes use a quad-tree structure as a subdivision of 
thee image, see Figure 8.2. For a given accuracy e (see Section 8.2.1), the algorithm finds a 

'lit t T'fP'I'l'B'ii 1 iil ::  Jil H 

rWtTffffl l 

Figuree 8.3: Detail of Figure 8.2, four depths i of the quad-tree are shown. 

matchingg domain-block for the range-block in question. This is called a success. If there is 
noo satisfactory match, the range-block splits into four equal parts. In this way several depths 
ii  of the quad-tree are created, containing range-blocks of the same size, see Figure 8.3. 

Wee now introduce several feature histograms. Let L be the integer signifying the maximum 
depthh imposed in the (fractal) decomposition with quad-tree refinement, likewise / signifies 
thee minimum depth. A domain Q/./.;*  is defined as: 

QQLUkLUk = {(i , j) e N2 | / < i < L, 1 < ; < k\ (8.2) 

wheree i is associated with the depth in the quad-tree structure and k is the chosen number of 
feature-bins,feature-bins, see Section 8.3.2. A histogram h on Q/x;*  is defined as a function 

/// : Q,x-k -  R. with h > 0. (8.3) 

Iff  (i.j) G Qu.-k then h,j — h(i,j) is called the value of h at (/'.ƒ). A histogram h on Q/./,;* 
iss called a (weighted) quad-tree feature histogram if it satisfies the following additional re­
quirements: : 

hijhij  = WjVij, (8.4) ) 
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Requi rementt (N/ \ ) can be interpreted as lha! ;t each depth / we f law /; hiits v ol wh ich the 

enti lee tit v add Lip In I . k c q u i t c m c n l ( ^ ) t';m he interpreted as wc i t ih i r i i i ihe contents ot' the 

binss depend ing on depth ;. l o r an interpretatie]; ot ' the bins see Section s.3.2 (next). 

8.3.22 Description of the Feature-bins 

Wee use tour di f ferent fraetai imaLlc- teatures [<i r ccomi i / c a tc \Une. ' Ihe Inst feature is deter­

minedd In the success rate (see Sect ion N..v ] ) cf the fractal decomposi t ion at each depth in the 

cjuad-free.. I he three di f ferent fractal fcatuics that fo l low relate !o t \ p i ca i perceptual aspects 

o ll texture. The i r de f in i t ion involves the first feature. 

11 . C !. ' ( fr^c/ ic» f-'ciift/n-

Att each l i u l / in the cjiiad tree ^\c record the f ract ion u . of' the i in; iL:o area that 

iss matched i n the f taclal decomposi t ion (success). 'I hese l iac t ious arc the weights 

inn oS.-l). In case that an l inage has K u i l u l U n solved In fractal decomposi t ion then 

thee • in both ( > 0 ) and i . V ) tu in into ecuai-simis. I he a together (/ / • / I constitute 

aa Ljtiad-trn. I eat ure hi Mi imam w ith k 1 bins. 

.:.. I nittinnuv /•cditirr. 

W h e nn a rant ic-block is approx imated h\ a domain-b lock the spatial distance between 

thee t ippci ic l t corners can be calculated and d i \ ided In the m a x i m u m distance in f In-

ii ma tie. B\ sp l i t t ing the interval 0. I into s equal intervals the above fract ious ate 

d i s i n h u t n ll over k N di t ie rent bins. Intu i tu L U , the feature is able to detect i . \ l icthc: 

onee o; n io ic d i f ferent t cx lu ics are pres ; rt in the imanc. 
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3.. Sviumclrv Feature. 

Thee oiL:ht degrees ol ' f reedom in the al'tinc trai i-Monnatioi is. see Sect ion S 2 i _ \ i c i d 

A:: >i di f ferent feature-bins, const i tuted ol ' rotat ions over 0. ' ' . . T . •,;"' w i th a possible 

Hipp along ihc second d iagonal . I n tu i l i v cK . this feature is ;ihIc to determine whether a 

texturee has one ni more dom ina t i ng di rect ions. 

4.. Conirasi feature. 

' l bb rnalch the g ra \ values o f the range-blocks I n the g ru \ values of the domain -b locks , 

aa scal ing factor it, is used, see Section X.2.): 

/,, . f'.X.y : It,  / ' l - V . > ' ; — <>;.  <> "" ».• '" 1-

Thee range of this scal ing factor is d iv ided into S intervals, w h i c h leads to k 8 feature-

binss for this feature. In tu i t i ve ly , the feature relates to the homogenei ty of the grav 

valuess w i t h i n the image. 

Figuree 8.4 gives examples of typ ica l quad-tree feature histograms. 

8.44 Experiments and Results 

8.4.11 Introduction 

Fractall feature extractors have been shown before to be effect ive for index ing mu l t imed ia 

databasee consist ing o f texture images [7 . (J]. 

Heree we demonstrate that the features as described above keep images d is t inguishable after 

thevv have been altered bv either ro tat ion, t ranslat ion, brightness contrast adjustment or fo ld ­

ing.. Below; we describe the detai ls o f the numerical exper iment : the method o f compar ison, 

thee test-case and the presentation o f results. 

8.4.22 Method 

bachh pert ii d ied iinagL ( lolai o f 4.Y) >v p ic^cnicd I o die database lor a match. YVc introduce an 

invariancee measure for features w.r.t. a database />. I et a database /> count .V images if. 

(f,(f, • D.i 1 V. 

Lell p " be a perturbat ion: an operator thai perturbs an image t/ into an imaüc p " <<f\. The 

col lect ionn ot all perturbat ions ot the images, is denoted b\ / ' : 

p"p"  I'./i 1 \I. 
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II i u distance N' he!\ \c i .n ïwn cjuad-rree k a t u i l histograms is def ined as the J-norm ei ' :hcn 

dis iancee in jr: . l o f east. iit notat ion u e :dent;:'. the i m a j e v,i th lts h is togram. Se (/ a .t/ 

denotess the Lli^UtriCL I t ü w u i i the teat m es i luste-Li ams) ut' intake •/.. JTK! </.. 

Wcc now. dctnic me !<;-iturr mwirnnicr nwa^ii'-r ( I I M i w i j h respect te the Jatahasc ƒ> anü 
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( ) t nn i o u ^ ! \ u • l! !\\ de f in i t ion et J. 'I v pica] 1\ u o n ij a feature is m\anan t te. a perturbat ion 

e'»-- U i t Ui nis iu ; l that // "••: I. then apparent! \ :i:.' in variance is o K e r \ cd (this is the \a luc that 

cann t v expected al r andom" ) . I hc iarLlcr//_ :!:;. less inxariant is ihe feature Ier the specif ied 

pertsirh.ninnn /> \n important advantage - i ' i k t ' M is its u \pcc ted) mscnsib i l i t \ u i;h rcspccl 

tee ibe >{inh-!i^inn e(' the database / ) Th is is cv peet cd because I .S.XI is cqu i \ alcnt Ie: 

. . 

.. / 1 \ . 

IIII / > . / . ) 

(N.cki) ) 

i .VJbi i 

w i le te / / . -- is MR- ;S\ c ra t v et ;/ m c M 

S.4.33 Test-case 

ïnn eur e \ [ie run cuts >AC h; ui the i'oliow ine cent '\n ai a l ien . 

11 • M - l . thai is -4 pe i tu rba l iens . na n i c b aatat ien. !T,I nskituHi, brightness cent tas! adjust­

mentt (b.c a.). I'ekis. 

J".. V >J". ihat is \ ^ ha\e .^J" textures m ]\\ database. 

'II tic computa t ion e l u requites the c\ aluat ien et A distances ,/ tor each perl n that ion. I he 

actuall images wL used ate extracted t i o m the Yis'l 'cx database ( M I T ) , supplemented w i th 

imagess ( rem the B n u i a l / c e l l e d ien. 11 contains >^ni\ -scale images et fabrics ( o n m rials), ['or 

ann i l l us t ra t ion , see 1'ij.utcs S. 1. s, s l U K l w v Tjk- images consist et' 5 I 2 • .̂  ! .7 p ixels and j \v> 

i:ra\\ l e w i s . h n i ; quad- t icc levels wen.: taking in to account. \ , I I \ I I I I ; in s i /c f rom Z - 2 lo 

MM • f i4. l e i our ex pen incuts u c used the original I racial o n l i n e a lgo r i thm et' lusher j 1]. 
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8.4.44 Results 

Inn Tabic N.2 wc present the results fur the feature invariance measure (N.N) with respect to 
thee example database ui' Section is.4.3. We use the four features explained (anil labeled 

Tablee S .2: feature invariance measure 

beat. . 

1 1 

"> > 

3 3 

4 4 

Rotat t 

"" 2.4, 

"" 6.2,-

9,7, , 

"""" 2 .8, 

3 3 

2 2 

"> > 

2 2 

Trans s 

-- L - r . 

1-4, , 

l-S: : 
1.2, , 

~> ~> 

1 1 

1 1 

1 1 

M.c.a. . 

2.4, , 

3.0, , 

2.N, , 

2.N, , 

[ ( ( 

—— - r 

9.6, , 

1.4, , 

•• 7.3! 

11 4) in Section S.3.2. The set / ' ut perturbatiuns consists oï rotation (sH) ), translation, 
brightnesss contrast adjustment ami folding. We observe an excellent invariance if images 
aree perturbed bv either rotation, folding or translation and a moderate invariance if images 
aree perturbed bv brightness contrast adjustment. Tabic N.3 shows how well a particular fea­
turee matches a perturbed image with its original in the database. We observe how some of 

'fablee N.3: Percentage of successful queries 

cat. . 

1 1 

4 4 

3 3 

4 4 

Rotal. . 

100.0 0 

100.0 0 
l>6.2 2 

100.0 0 

Transl. . 

S4.6 6 

92.3 3 

44.2 2 

VSS 1 

B.C.. a. 

4N.1 1 

n i .y y 

c>3.s s 

oo 7.3 

bold d 

9N.1 1 

100.0 0 

94.2 2 

100.0 0 

thee features score an optimal performance of 100'> lor some of the perturbations. However, 
thee results oi 'lable N.3 are expected to depend on the dimension of the database in contrast 
\sithh the results of Table N.2. 

8.55 Discussion and Future Research 

Wee introduced features based on statistics stemming from fractal decompositions of images. 
furtherr we inlroduccd a feature invariance measure which reveals the degree of invariance 
o\'o\' a feature wilt i respect to a database and to a perturbation, for an example database the 
result̂ ^ for this measure show that features are hitihlv invariant to perturbations b\ rotation. 
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diee "( .-nuas! Feature appears tu i k 'he :iii ' v pi• -m 's mg {see i able s A j . A - w j s conjectured 

I kk hu e. t i k statut ics ui lik- I ra v la! u u i ts torm ha:'di\ change under a perturbat ion ui ' l i k iniags. 

II hls tact iv i tok-wur thv Kcmcmhcr th;it although tik- M I I I \ - I I I K I ^ can result m two to ta lb 

d i t l c rc i i tt (racial i r a i i s i o im : the statistics o; both transforms is shuu.ii tu ic-main about t i k 

Itt tlic features puin! images numerical!1 , • n r .:- close, then the ! maizes are \ i sua ih close. As 

a i ll e x a m p l e see Fi tZUIc S .5 . . i l ! I c a i u l c s of ;he l e f t UlluiZe p u i l l l u u i tha t l i k r i u l i t iiiiaMk. i» 

uu i th in a close range ut s j n n l a n n . w Inch In the op in ion o l til e authors is in accordance w ilh 

vv isual pe rcept ion. 

II lic f eat in es d idn ' t show an\ con t rad ic to i r re suits, w ik n an unperturbed (or ig ina l ) iniutzc was 

p iescntcdd as a q u c i \ tor ihe database, aii IOLU icalu ies iecoizni /ed tiie image w i thou t tauh. 

Ass expected, tile di f ferent features also express di f ferent aspects ut' tik- texture present in the 

i m . i i i cc lake a iook al iugu ic > fi tot instance. 1 or lik- e>c ot tlie ik-holder she Ictt and middle 

imagee are similar when tik- d i rect ion o j ' t he Icxlurc is u k e n into account The left anif the 

r 'gh !! image arc s imi lar w hen a scale aspect •»! the image is taken into account '1'hc features 

seenii to ha\ c tins p o u e r o t d iscernment. 

Per turb ingg an image by a smal l shil't docs h;r- c a huge impact on the tracial t ransform of 

thee image lit t | i icst ion. For an example let us consider Figure S.5. The content id' these 

imagess change s ign i l i can t l \ w i t h a smal l shift. In mau\ fractal feature-appl icat ions imaizes 

are-- scanned several tunes over w i t h smal l shifts to reinetK this, 'i he results ot' our method 

showw that iFTCspeedi\ e ot' the shift i.A' the image, s t i l l the correct image is recognized. 

1'hcc inf luence of f o ld ing the image to the statistics of the fractal ha i l s to rm appears smal l . 

M O K O \\ er. it a teat ure relates a fo lded image 10 the w rong o r ig ina l , then these two image arc 

confus ing lyy s imi lar , as can lie observed f rom the results. Hi ther to , f o l d ing of the fabric has 

beee n d ig i ta l A si undated, we plan to per form tests on real fo lded texture. 

Wee also plan to per f o rm tests on images pernirbed In ical ist ic gloss, hi our c \pc t iments ue 

m c i e l \\ used brightness contrast adjustment id' die i m o \ a lues instead. I c! 

.,'' : c'i • I) Ass .-i 

ree present tlie g ia \ w alues of ihe l inage. A contrast scaling on die gra\ \ .dues lesutts in gra\ -

\\ a: tics / c /' • A . v '. w here ( is constant o\ er the entire- i maize As this sea I mi', is sjlobal. 

onee w o u l d not expect the search ot range-blocks and matching domain-b locks to be disturbed. 

II low ever, saturat ion nia\ occur at c i ther the Inwcr or the highci end o f t tie scale of gra\ \ a lues. 

'ii his eft eel n ia\ d is turb the s im i la r it \ search, depending on the i maize. As an example we plot 

thee h is togram of g m values o f an image and the histogram of the same image, but perturbed 

ass a consequence ot a contrast seal ing, see- (-mure ,s.A it ma\ wel l he liiat real ist ic L'loss 

provess less t roublesome, a topic tor further uncstitzation 
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8.5.11 Future Research 

Prcsuntl\\ wc investigate whether, it' an image has heen altered b\ zooming in or oul, the 
featuree stil! recognizes the resulting image as simi lar prov ided that we allow die histograms 
too translate along the axis of lik ' quad-tree depth before comparison | 1()|. 
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Figuree 8.4: Two-dimensional quad-tree feature histograms (contrast feature) of a texture im­
agee from the database (top) and of an image of the same texture but folded (below). 
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Figuree 8.5: Confusingly similar images 

A ' / < - ' • ' ^ - -- '<-• *>> 

Figuree 8.6: Different features express different aspects of similarity 



DiscussionDiscussion and Future Research 

ITTT^^I I 

Channell Black ry ry 3 3 

Mean.. 91.22 

StdDev:: 39 57 

Median.. 89 

Pixels.. 262144 

Level.. 169 

Count:: 242 

Percentile:: 93 94 

Cactiee Level 1 

l l l ' " ll !' 1 

Channel:: Black '' CI? 

2U U 

3 3 

Mean:: 72 74 

Stdd Dev: 52 88 

Mediann 69 

Pixels:: 262144 

Level.. 218 

Count:: 285 

Percentilee 96 40 

Cachee Level: 1 

Figuree 8.7: Gray-value histograms of a texture image from the datahase (top) and of the same 
imagee hut with scaled contrast (hottom). 
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Chapterr 9 

Imagee Databases, Scale and 
Fractall  Transforms 

henn A VI. Schouten and Kml Vl Uc A.\:IA * ' 
Centree lor Mathematics and Computer Sciences ((.'Wis 
P.00 Box l>4l)7y. l(»'J(KiU Amsterdam. The Ncihcilands 

{{  H.'\ VI. Schouten. Maul.de Aeuw }  '<"' cv I ni 

InIn .;)tiU :'Hi>nrar\  una^e ilanihu.se:. <>nc funis rrunix tmaxei vittii  ///>_• .aim-- truant- lorueni f mi 
j)t'iturhi'iij)t'iturhi'ii  hx zooming. scaling, rotation etc. For the purpose of ima<ee recognition in sucii 
databasesdatabases we employ features based em stattstii s stemming fmm f nu tal transforms of ^niy 
scalescale imaxt-s. We show !u>w die features detived from these siatistiral a.speets can he made 
invariantinvariant to -nomine or re si aliuv,. \ feature invana>b =J meaooe o defined and de s< >ihvd 
TheThe meihoii is i-spet. iaih suitahh.- /-.-• iuuwe*- of'r/--\t>i>-/'\  Uf. prouw < nuwetit a1 r"\>de- -vhc f~: 

^  ̂alula!* the approd' h. 

9.11 Introductio n 

Forr the purpose nl' image recognition we ai"e alter feature uivai'iance when images are either 
zoomedd in or zoomed nut. The operation ol' /ooming-in can he seen as cropping followed hv 
up-scalingg i see e.g. Figure T 1 i. The operation of /oomtng -out involves the addition of new 

'' IV s L'rak'i'ullv LRIIIOM . |L \IL:L V support b\ N\V() , '["he Wi l ie r Ltn J v 

lW W 
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Figuree 9.1: Zooming in at Teeny Image. 

information,, followed by down-scaling. Therefore, feature invariance appears not feasible at 
alll  for zooming-out. However, in the special case of texture-images the additional information 
iss similar to the information already present (see e.g Figure 9.4). In this paper we consider 
featuree invariance for zoomed textile images. 

Thee fractal transform of an image consists of a Partial Iterated Function System (PIFS). In 
aa PIFS. the domain for every function in the system varies and is a part of the image itself. 
Thee number of functions in the system is large, typically hundreds. In this paper we examine 
thee relationship of the statistical properties of the fractal functions in the system before and 
afterr zooming. Such a relationship can be used to create fractal features, invariant under 
scaling.. The paper is concerned with the use of fractal transformations as feature extractors 
11,4.. 5.6. 10. 11]. 

Afterr this introduction. Section 9.2 briefly presents the basics of fractal feature extraction, 
includingg fractal coding schemes. The choice of our features is explained in Section 9.3. In 
Sectionn 9.4 we introduce a method to make the features less invariant to zooming and present 
resultss accordingly. 

9.22 Fractal Features 

Forr completeness we give a brief description of fractal image compression (FIC) [3]. Most 
off  the feature extraction methods are based on the parameters used in FIC. 

AA given image is partitioned into non-overlapping range blocks, see Figure 9.1. The fractal 
encoderr searches for parts called domain-blocks (which can be larger and overlapping) in the 
samee imasie that look similar under some fixed number of aftine transformations. Such an 
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att fine transformation can be wriltui i as: 

-ID--ID-  -(;)
Indexx / indicates the range-blocks within the image, /' i.c.v: denotes the gra> -value at position 
IA'.V'I .. «/ is ihe contrast scaling and <>,  is the luminance offset. The it: and a: are used to 
matchh the grav-values of the domain with the grav-values of the range-block, within the 
limit ss of an imposed accuracy t. Usually, a domain-block has twice the size ol' a range-
block.. The contractive nature of the transformations /,- makes the fractal encoder work. The 
transformationn 7' U„  ] !< (where .V is the total number of range blocks in the image) has a 
fixedd point which approximates the original image. It can be restored bv iterating 7 in the 
decodingg phase starting with an arbitrary given image. 

9.2.11 Features and Invariances 

Mostt oi the known fractal feature extractors use the parameters, discussed in the previous 
section,, to describe the image or object 11. 4. 5. 6, 10, I I. 7]. 

Theree is a major drawback in using fractal transformations for feature extraction. The same 
imagee (attractor) can be the result of two totally different fractal transformations, making it 
hardd to compare two images. We proposed statistical anahs is of the fractal parameters [7], 
assumingg (hat well-chosen statistics of the different fractal transforms remain invariant. We 
strivee for invariance with respect to a range of perturbations that occur in contemporary multi­
mediaa databases, like rotations, shifts, brightness adjustments |SJ. hi this paper, in the context 
off  textile, zooming is eons i tie red. In the literature no such invariance is found. 

9.33 Ihe Features 

9.3.11 Introduction 

11 lere we give an outline of the features we emplov. see also [7. S|. MOST of ihe existing fractal 
codingg schemes use a quad-tree structure as a subdivision of the image, see figure ().2. for 
aa given accuracy J (sec Section {).2). the algorithm finds a matching domain-block for the 
range-hh lock in question. This is called a sttccr.w. If there is nu satisfactory match, the range -
bloekk splits into four equal parts. In this way se\eral tlrplh.s i of ihe quad-tree are created. 

(V.la) ) 

(9.1b) ) 
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Figuree 9.2: Detail of Figure 9.1. four depths i of the quad-tree are shown. 

containingg range-blocks of the same size, see Figure 9.2. We now introduce several feature 
histograms.. Let L be the integer signifying the maximum depth imposed in the (fractal) 
decompositionn with quad-tree refinement, likewise / signifies the minimum depth. A domain 
£2/.L;AA is defined as: 

£2/./.;**  = {(/,;)) eN21 l<i<L,\< j<k\ (9.2) ) 

wheree / is associated with the depth in the quad-tree structure and k is the chosen number of 
feature-bins,feature-bins, sec Section 9.3.2. A histogram h on Q/./.;*  is defined as a function 

hh : Q /./.;<. . LL with h > 0. (9.3) ) 

Iff  (i,j) e Q/,/.;A then hij — h(i.j) is called the value of h at (/.;'). A histogram h on Q/./.;A-
iss called a (weighted) quad-tree feature histogram if it satisfies the following additional re­
quirements: : 

hi!hi! = WjVij, (9.4) ) 

where e 

I, I, yy wt < 1; wi > 0 (9.5) ) 

and d 

>> 0; V vij = 1, V/ 6 N with l<i<L. (9.6) ) 
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Requirementt (v\n.) can be interpreted in the wa> that at each depth / we have A" bins ',-.•. ut 

whichh the con tent add up Hi !. Requirement (V. 1) <L.\.\) can be interpreted as weighing the 

contentss ol' the bins depending on depth /. Lor an interpretation of the bins see Section M.3.2 

(next). . 

9.3.22 Description of the Feature-bins 

Wee describe two different fractal image features to recognize a texture: coarseness and con-
trustt (we can think of more, see [S]). The definition of the second involves the first. 

1.. ('oarsetu'ss Feature. At each level / in the quad-tree we record the fraction iv,- of the 
imagess area that is matched bv the fractal decomposition (success). These fractions 
aree the weights in (9.4). In case that an image has been fully resolved by fractal de­
compositionn then the "-•'." in (9.5) turns into an " "' sign. The vv, together (/ •"• / • / ) 
constitutee a quad-tree feature histogram with k 1 bins. 

2.. Contrast Feature. To match the gra\ -values of the range-blocks by the gray-values of 
thee domain-blocks, a scaling factor /;, is used, see (T I): 

i//f.v;; :s u,  / i .v.y; • of . 0 • - u, I. 

Thee range of this scaling factor is divided into 8 intervals, which leads to k S feature-
binss for this feature. Intuitively, the feature relates to the homogeneity of' the gra\ -
valuess within the image. 

i'iuuree v.3 üives an example oi a i\ pica! quad-ticc icaiuic lnsioguuii. 

9.44 Experiments, Results and Discussion 

fractall  feature extractors have been shown before io be effective for indexing multimedia 
databasee consisting o\' texture images [5, 7, S. 9j. In [S] we demonstrated the invariance oi 
thee features, including those from Section v,3.2 for rotation, translation, folding and bright­
nesss adjustments. Here we show that if an image is alieiecl In zooming, tile Icatuiv still 
distinguishess between images, especially if we allow the histogram to shift along the axis of 
thee quad-tree depth before comparison. 

9.4.11 Method 

bachh perturbed image is compared to all members o\ the database. Below we empkn an 

imarianecc measure for features with respect to a database />. Let a database /> counl V 
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Quadtree-treee Depth i 

Figuree 9.3: Two-dimensional quad-tree feature histogram (eontrast feature). 

imagess q: 

qi€D,iqi€D,i = 1,...,JV. 

Lett /?'"•' be a perturbation: an operator that perturbs an image q into an image p'"'(q). The 
collectionn of all perturbations of the images, is denoted by P: 

pp(a)(a) €P,n= l,....Af. 

AA quad-tree feature histogram can be interpreted as a point in R' with n = k(L — I + 1). The 
distancee d between two quad-tree feature histograms is defined as the 2-norm of their distance 
inn M. . So d(h(qi).h(qj)) denotes the distance between the feature histograms of images q, 
andd qj. We denote 

Wee introduce a measure for feature invariance as follows. Firstly, for an entry qj from the 
databasee D we compute dij, i — 1. • • • .N for a given perturbation p C P. Secondly, we list d,j 
inn order of decreasing size. Thirdly, let r, r(qj.D) be the ranking number of djj in the list. 
Thatt is, rj  — 0 is the best possible result and r; = N — 1 the worst possible. We now define the 
absoluteabsolute feature invariance measure (AFIM) with respect to the database D and perturbation 
p(p( P: 

v(D.p)-v(D.p)- 1 
f:VV 1 );V 

100. . (9.7) ) 
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It'' v 100 this impl ies thilt all queries (perturbed images) are recognized w i thout fault hv the 

I'ealLne. . 

9.4.22 Results 

Ass for perturbat ion of an image we conf ine ourselves to z o o m i n g procedures. In Table 9.1 w e 

presentt the results for the feature invarianec measure w i th respect to the database (.V 52). 

Co lumnss 2 <S: 4 ( N o Shi f t ) correspond to the s t ra ight forward computa t ion according to (9,7). 

"fablee 9 .1 : Absolute feature invarianec measure. 

contrast t 
feature e 

Noo Shift Shift -- I 

97.4"" 97.6 

93.bb 9S.1 

Co lumnss 3 SL 5 (Shi f t •'•' ' ) correspond to the case that the distance between two histograms 

dihitf'dihitf' 'i.hiifi i is not computed as is but as 

m i i u / i h \ ( (( i. 7'i /i i c/11 i 
77 "  7 

instead,, where 7 represents an operator that shifts a histogram a long the axis o f the quad-tree 

depth.. Wc a l low a h is to^ar r ; to shift over a m a \ i m u m distance of ! '2 hi hnth the posit ive 

andd negative d i rect ion (this defines 'T). This corresponds to ;i zoom ing factor 2 " (in and 

out)) of an image. We observe f rom fable 9.1 that the feature in\ aria nee benefits f rom tak ing 

thee above shifts into account. The contrast feature appears to be verv robust, even so wi thout 

II he shi f t ing technique. 

9.4.33 Discussion 

Inn this paper, fractal t ransforms are e m p i o \ c d w i th I lie a im of image [eeou.ni I ion in mu i l [media-

databases.. We use features based on statistics s temming f rom fractal decomposi t ion o f im­

ages.. We demonstrate that feature invarianec w i th respect to zoom ing benefits f rom sh i f t ing 

thee feature h is togram. The thought behind our method is that the scales of texture in an intake 

matchh w i t h quad-tree depths in the fractal decompos i t ion , ami determine the outcome of the 

decomposi t ionn at each depth accordingly. That's w i n statistical aspects f rom an image move 

f romm one (quad-tree) depth to another when an image is zoomed, see f i g u r e 9.5. Th is effect 

iss compensated for by sh i f t ing the histogram into the opposite d i rec t ion . 

|| coarseness 
/;; feature 

zoomm No Shift Shift : ', 
outt " Js'9.0 "93.7 
inn S2.3 93.0 
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Figuree 9.4: Examples from the database (excerpts from VISTEX and Brodatz Collection) and 
thee zoomed versions. 
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Figuree 9.5: Quad-tree histograms of original image (left) and zoomed-in image (right), / — 1, 
L=5. L=5. 

Figuree 9.6: An image (left) is presented to the database. Without compensating for zooming a 
confusinglyy similar image (middle) is retrieved. After compensating the correct image (right) 
iss retrieved. 
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10.11 Introductio n and Motivation 

II IK- L \ p i i ! s i \ L- grou ;h ut d ie i la i m u it i-media iep» >situries has a i ; i l a l chalk-ntbnt: nc^ prob­

lemss regard ing index ing, access and rcH'icx :•.'. >••:' in format n m. I hese chal lenges ure part icu-

ia r i \\ acute tor image-databases as there IS I K canonical lurmat lu i ' encod ing the in format ion 

c.ü..apsulaicdd in ai) image, i l is • ilc eXpi Ka'; gu.:i u i ' ( utitetl! -linked Inurjc Ketrtex ai ((. B I K l 

inn design aigoiaihms and inter laces thai w i l : assist the iis^r in this task j 2. .̂  j . 

II I K a i m o f thi s pape r is lo "Ut l i iK ' the u r e k u e n n e o! au interface that a l lows die use; !,• 

interact ive!; ,, guide the search h\ man uu! I \ Ka rmng i i i i : or s lassd \ int: i n i ü ü o . .A litst \ crsiuu 

ut'' thjv interlace was mi roduccd in | ' | . and l u p W c d l'V.S'ss. short |ur Panorama: . W S . ' K Ö •, 

andand AV< unfi^urahlc Interface fur Similar a\ \>, aren. 'I hie Ie nut In ucron\ m re lei'1- tu the 

to l loww mg mtcr lacc-charactcns i ics : 

•• Panoramic; 'I IR- t c l a t i w luc.i l iun ut I Ü ^ V s ^ E 1. h lespeet tu the iest ui die dal abase can 

bcc d isp laced: 

•• Ailapti\ e: Rclc\ a nee feedback ( in the Kr ai ut' examples and cnunlc i -examples ' ) is used 

tuu incremcntatK refine ihe probabi l i ty H I U M I I C lhat represents the acc i inu i la l iun ut' 

i n fo rma l ionn du r ing the search process; 

•• fieeunjiuurahle: S im i la r i t i es can be defined interacl ivcK through direct manipulat ion 

ntt images. 

'II he idea o f using a man ipu la t ion inu l tu define s imi la r i t ies interact i \ e h was lust introduced 

b\\ Sant in i [f>]. However , his appruach is based mi m n d i f v i n g the I 'uc l idcau metr ic into a 

generall K iemannian one to absorb ihe discrepancies between the user-detined s imi lar i t ies 

andd the di si a I K Y between the actual f eu l u i eu eelurs. The mc lhudu log \ proposed in ibis paper 

d i f ferss in that it concentrates on t ia i i s to rm ing I IK leal I I res t h u i i s e k es rather than ihe metric. 

l o r m a ll  s t i l temin t o f t h f p rob le m We assume thai c \ c r \ one of the .V images is repre­

sentedd b\ a A'-d in ie i is ionai fcalurc-vcc' lor. in ; lui l •M.'IIH'. lite database is represented Iw a 

AA • K mat i i x 'Ahere each ruw represents t lu numerical features u! the cor iespond iug image. 

Inn abstract lernis the ( l i l K-prob lem c m he n m k u i upon as an u p i i m i / a t i u n p r u h k n i !ui a 

func t i onn <\> lhat maps each image (oi Us lca;aie-e cctur \ i to iis user-del ined numerical / rA 

ca/iee.ca/iee. ' I 'his relevance i e Heels the extent to which an image cur res ponds the usei 's goal, and 

forr case o f argument we w i l l assume that il can be assigned a numerical score ranging h u m 

lirjjifvlirjjifv relevant (1 ) to nut re!e\ani at all ( I i: 

' !>:: v ffik •vk-.nnce • H< 
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Whenn CL induct ing :i ïi»>>!i>>'i!v search <]> w i l l l x inversely propor t ional to the di sta dec bef yy een 

thee query image and the rcM of the database; when hnn\ sina. a catalogue lock ing for some­

thingg intcrest i im or beaut i fu l . (1> w i l l s i tnpK reflect Uic image's appeal, Clear ly, this funct ion 

iss user-dependent, and each funct ion-evaluat ion involves visual inspection of the image i n 

thee user, 

Somcyehall confus ingly perhaps, we w i l l refer to images as relevant for short, i f thev are either 

highlyhighly relevant (<l> ^ 1, i.e. excellent examples o f what we mean) or hii>hlv irrelevant ((I> --

1.. i.e. good counter-examples) . For instance, i f we are l ook ing for images that are br ight ly 

red.. then images that are predominant ly red Lire highly relevant examples. However, images 

thatt are st r ik ingly blue are also relevant in that thev furnish the user w i t h excellent counter­

examples,, f i n a l l y , an innige exh ib i t i ng red patches cou ld be said to be partially relevant Lts 

somee o f its aspects are in format ive to our query. The problem of ext ract ing in format ion f rom 

part ial ivv relevant images w i l l be taken up in section 10.4 . 

D i f feren tt  Searc h Strategie s The role of the interface is to use the available in format ion 

(i.e.. funct ion evaluat ions based on visual inspect ion) and suggest to the user potent ia l lv 

interest ingg images for further evaluat ion. In mathemat ical parlance this amounts to a stepwise 

opt imisa t ionn o f <l> — a problem o f considerable d i f f i cu l ty as our knowledge o f the funct ion 

iss restricted to the tew points at wh ich it is evaluated (bv visual inspect ion). To address such 

aa prob lem, there Lire basical ly two strategies, both implemented in the current version o f the 

interfacee ( for more details we refer the reader to sections 10.2.2 and 10.2.3). 

1.. Probabi l ist i c search : In this approach, the search space is sampled at di f ferent loca­

t ionss and the funct ion evaluat ions are used to bias the next sample in an attempt to 

increasee the probabi l i ty o f ;i h igh T>-\ ield. More speci f ica l ly , the next batch ol points 

thatt are selected for evaluat ion w i l l be made to cluster rough I v about the point that 

y ie ldedd the best devalue. 

Too enable this sort o f probabi l is t ic search in Ï]-\R1SS. we have implemented a collec ­

t io nn bo x - - for want of a belter wo rd — in w h i c h the user can col lect relevant images. 

Th iss co l lec t ion o f relevant images is cont inuous ly analysed by a module eai ied the in ­

ferenc ee engin e (see be low) in an attempt to spot trends in the featurcs-yalucs that can 

directt the sum pi int; procedure to more p romis ing regions o f the search space. 

2.. d r a d i e n t ascent : In gradient methods one determines how the funct ion is changing 

nearr the current locat ion and this gradient is then used to move to higher <]>-values. To 

assistt the user in f ind ing perceptually meaningfu l gradients we have designed a manip ­

ulat io nn w indo w that a l lows him to manually rearrange images accord ing to his nv\ n ap­

preciat ionn of their relative s imi lar i ty . Once this is done, the project io n engin e searches 

lorr a pro ject ion of the dataset that best reproduces this requested conf igurat ion. Th is 

fo rmm o f manipu la t ion allow s the user to impose certain gradients I n enforc ing how the 

visuall qual i t ies change vy hen m o v i n g f rom image (o image. 
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10.22 The Interface's Architecture 

10.2.11 Introduction 

f vv v n med ium M / ^ ; ma tic d.it.il^.is.^ ^ eoul . i in ai least several 1 hou sand una ties. 'I hc complex it\ 

u[[ ihc r c t r k \ a! pruhk ' in is further c u m p u ü i k L i i l u the facl thai, in order iu capture the wsuai 

content ,, oi ic needs to extract quite a kuuc number ('A.') ut' teatures. Vulnes t'ur K tan-cine. 

: v ! ww ee it 50 and 200 arc U pi ca l . rattier than except ional. In the t e rm inu |n^ \ introduced earlie i 

t inss means til at \\ c arc faced w i t h the c h a l k i\ïie ol" na\ i r a t i ne titiuUL'h a lame c loud of da la 

pu in iss ,n the h i d i - d imcns iona l space /A""'. 

II :-cse ast ronomica l s i /cs conl iast s ta rk i \ w i th the small nunibei ot' images (20 to 50) that can 

s m u i l l a n c o u s hh he d isphn ed on s o ecu The 1 Taction o I' the database that one is exp lo r ing .it 

an \\ t i i xcn t ime is therefore t inx. and this mvupic \ icw entails that it is vcrv casx to lose one's 

hear ingss \\ hi le exp lo r ing tile database. The proposed interface was designed to al leviate these 

p rob lemss and in what f o l l o w s . v\ e w i l l therefore out l ine its architecture w h i c h , tor the sake 

i l ll c tan tx , is dixnded in display s and computat io n engines . The former arc used to display 

;; ma tics tor d i f l c i c n l tor ins of relevance teed hack, wh i le the lat let are i m o k e d to translate the 

useii "s input into new search di rect ions. 

10.2.22 Display Windows 

Att al l tunes, the mtetfaee shows three d ispLo -w mdows . between wh ich the user can moxe 

seaa m less! \ ( to i ,i schemat ic o\ U A I C W WC refer tile' leader to f i t l . 10.1 ). 

II S i impl e displa y 

'II his screen displax s the b\ now standard matr ix ot' images that are ( i n i t i a l ! \ random I\ i 

samp ledd I'tom tile database and presented to the user tor inspect ion. The user can se­

lectt imaties i l l at arc deemed rvlex ant w Ik ic upon ihex are transferred to I he ( <>iLcuo>i 

hn\hn\ (see below), f ach l ime a •[cl 'rcsr. h u i l o n " is piessed. the s; impl int: ai t ior i t l i rn is 

act ixatedd and a nexx sample is generated tor inspeel ion. The sampl ing a lgo r i thm that 

iss used lo generate the new sample can he biased In the infcn'iirc engine (e f i . sec­

t ionn I f i.2 3) to accommodate the pre feu n\\ s ot' I he user. 

22 ( of lecl in n bo x fo r re lc \nn t image s 
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'II hi' second scrLX'n is used as a simple collection ho.\ in wh ich there arc two bins: one 

torr UK- examples (i.e. s imi lar or partial is s imi lar images), and one tor the counter 

{•xuniplcs{•xuniplcs (d iss imi lar images). Whenever the user comes across an image he considers 

relevantt in that respect, it is transferred to the co l lec t ion ho.v This box can he inspected 

att all t imes, and images that no longer seem relevant can be removed. 

Thee col lect ion box should be thought of as ref lect ing the user's cumulat ive (qual i ta­

t ive)) knowledge about the database. Th is in format ion w i l l be turned into more quant i ­

tativee measures by the inference engine (MJC section 10.2.3}. 

Man ipu l a t i o nn windo w 

Th iss screen is used to manual ly redefine s imi lar i t ies between selected images, it there­

foree shows an xv-p lot in wh ich selected images (e.g. the ones that have been transferred 

too the collection box) are presented as thumbnai ls located at appropriate 2-d imcnsional 

.re-coordinates.. The precise choice of these coordinates is altogether not very impor­

tantt as they w i l l be changed dur ing the search process, but to fix ideas we suggest to 

usee the first two principal component coordinates ( l J C-coord) ' as an ini t ia l choice. 

Thee rcal lv interest ing feature of this w i n d o w is that it can be man ipu la ted . Vlore 

speci f ical ly ,, when inspecting the d isplayed pro jec t ion, the relative pos i t ion ing of the 

imagess might str ike the user as unsatisfactory. Kor instance, it might be the case that 

a l thoughh image A is located near image B and quite far f r om image C', it 's the user's 

understandingg that this should be the other way round. He can then drag the thumbnai l 

HH to a locat ion near ('. 

A f te rr rearranging the images, he can then instruct She imrr f ; i<v to f ind a t rans fo rma ­

t io nn that w i l l project the or ig inal feature-space onto the screen in such a way that the 

resul t ingg conf igura t ion belter resembles the one that was manual ly defined (the com­

putat ionall detai ls are expla ined in Section 10,2,3). The under ly ing rationale is that the 

manual!»» def ined arrangement of the images w i l l reflect the preferences and tenden­

ciess that imp l i c i t l y exists in the user's m ind . Hence, construct ing (new) features that 

aree able to reproduce this conf igurat ion w i l l probably reorganise the database along 

thee same l ines, and suggest d i rect ions (gradients i f u u i w i l l } in w h i c h to search next 

f o rr instance, i f images w ith a f ine-grained texture :nv dragged to the left part o f the 

screen,, wh i l e coarse-grained images are col lected in the right part, one expects to f ind 

med ium-gra inedd images when exp lo r ing the midd le part iA' the sereen. 

Too enable this t \pe of exp lora t ion , the manipu la t ion w indow is also cl ickable : \ o u 

cann c l ick at unv position in the display (i.e. not just on an already displaced image} 

ILLL AV, :\w K K-^ILTLS h.i'.L ' :HXI! LJclLTT'iiiKx! i i " ::IL- \ i'ii:is:cs :n lhi- l i . i r i knL . uric c m omipuX' llic A.' • K 
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10.2.33 Computation Kngines 

II .cl '.[-- now take .i pi_^k under the bonnet .LIKI -L\pi;nit in seme mote detail ihc computat ional 

Mi ; i lL i : i i .^^ thai, ci iabic this [\ pc i il interact iv uv 

:.. Project io n Knyint.' : ( n a t i n ^ New I t ; i tu r t ' ( miibinntion s 

11 he pro ject ion engine operates on the nnitufniltitinn n tndo>\ and is ael i \ a led ti> gener­

alee ;i t ransformat ion ('. \ say ) that \ ie kis tcaUncs belter conform hu.: to the user's appre-

ii lat ion i i l the s imi lar i t ies. To keep th;:ics as simple as possible. wc w i l l assiinie thai 

thee t ransformat ion is !;n<-tir. mapping ' I v b i l l tcatutc snacc IR" onto a 2 d imensional 

displayy (IK): 

AA : !R*  IR: 

AA gradient descent method is used to determine the actual form ot' the linear transfor­

ma t ionn ,-\ and we w i l l present i \ expla in in more detail how we no about this. The' reader 

w h oo is not interesled in the mathematics can proceed direct 1\ to the descr ipt ion of the 

(a)) Start hv select ing a number in s;i\ ) ot relevant or representative images in the 

databasee (e.g. images thai ha \e been amassed as examples or counter-examples 

inn the co l lec t ion box dur ing an earlier explorat ion staize). These images are rep-

reseiUedd bv the i r / i fcatuie-v cctois \ • IR , 

(h )) Project the cor responding data-points onto a 2-dimcnsionul suhspace (selected 

manuall l\ o i automat ical ly ) and snow tile result to the uset I see also 1 ig. HI. I }. As 

expla inedd above, this resul t ing 2-dimensional project ion is d i sp la \cd in the ma 

tupain!tontupain!ton window, in w Inch the images are show n as thumbnai ls , each posi t ioned 

att a local ion thai corresponds to then projected (2D) coordinates t\, • i I n •. 

i e ll Next, a Mow the user to rearrange die thumbnai ls so thai I l icit new ("'target") con­

f igurat ionn t reflects mote accnraleb the perceptual organizat ion as perceived ' ^ 

thee user. Once this is done, tin pmircfioti manic is activated wh ich al templs to 

f indd a linear mapping. 

AA IRk • IR ' 

leal le i ll proiri-iion for short) -A tile f u l l teaturc space IRk onto a 2-dimerisional 

sjiacee tha i , w hen appl ied to the selected points v . best matches the user-defined 

conf igura t ionn iA the points t 
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Thee opi i^aN! 1 - is expressed w i th respect to Summon \ mane x / / r ^ w hich is dc-

fuu u 

Su-.A Su-.A 1 1 
dd t . t d:A\,.Ax 

l l l l . l ) ) 

wheree d is thi ' standard h'.nclitlcan metr ic on IR . 

Thiss Samnion-cr i te r ion can be m in im i zed usmg. gradient descent. Indeed, straight­

fo rwardd hut tedious algebra shows that 

'i.Su'i.Su _ ^ / . d:A\,.A\;:\ <~id\Ax;.Ax. 

'Hiki 'Hiki 
22 2 </( t , . t , ; ; 

d-.Axj.Ax, d-.Axj.Ax, 

</<t,. t , ! ! 

^(X,-- X / ' A x. x.. 

^^ „ / f / . : t , . t ; ! </:,-\x,-.Ax, 

""  A V f / ( t ; . t , i ( / i . ' \ x , . / \ x , ] 
/ \ ii  X; - X , M X ; X , 

Hence,, the gradient can be expressed exp l ic i t l y us 

2**  I  t / i t , . t , k / i . \ x , . A x ,, I 
IX;;  X , .'! X, X r (10.2) ) 

wi thh corresponding gradient descent dynamics: <>A :ot i 'Vi-S'i/. 

(d)) Once the opt imal t ransformat ion A has been found it is appl ied to all the elements 

inn the database, i.e. not just to the or ig ina l sample of size /; on wh ich the c o m ­

putat ionn is based, i his a i iows die user u> ha\ L .L i'ivsli look a*, the dal abase \>. hich 

noww belter reflects the user-defined (d is )s imi la r i tv s lruclure. 

F.xtcnsion ss to quadrat i c (n r highe r o rder ) t ransformat ion s The use o f a l inear 

t ransformat ionn immediate ly suggests the extension to quadrat ic and higher order trans­

format ions.. I l o w c \ c r . such extensions are less s t ra ight forward as ihe\ mav appeal at 

firstt sight, as the number o f parameter ineicases dramat ica lK (exponent ia l ] ) ) \\ lien the 

orderr of the t ransformat ion is augmented. 

Wee there lore propose to restrict the use o f the hit ihcr order t ransformat ions to instances 

wheree further t ine- tun ing o f the ^ -d imens iona l displav is cal led lor. I lenee, the map­

p ingg .-1 : !Rk • IR maps the fu l l feature space onto a 2-1) display space, whereupon a 

quadrat icc t ransformat ion (J : IR • IR is invoked to model I lie non- l inear aspects in 

thee approx imat ion . Th is quadrat ic t ransformat ion is {^\' the form (J i y ; q - SI where 

t]] ' i ] j . t| • i satisfies: 

M:: > ' Q i > ' [>'> • <'-
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I;; - püip'.'Hain \:t notice mai Ü W cijuath >ns ;ÜV !im.\i>- in U K ank now n p.; u rne ! cis and 

opt imisa i iur ;; w v used Kit the or ig inal project ion engine can therefore easüv K ad^pt -d 

intt ihi- . more compl ica ted case. 

Interene*.'' Knyinc: liiitsing the Sample 

Ass expla ined above, the cnlifctinn h.-,\ is used to col lect both examples atul c o u n K i -

exampless oi U K suft ut images Uie user deerns K. Icvant. The reason tor co l lec t ing them 

iss in he tound in the fact that this b;1. i'ni. ;<j: >,, - ; i n (K • •^ • j i;-, !-.ia^ ; ] l L l h J N i S i l i n j i j L 

l a v o r a b bb so thai the f ract ion oi interesting retrieved images increases over l in ie. Ie 

l l i iss end wc have implemented an interna- cnaiin- thai uses U K se data lt< generate an 

es imia lee ot w heie in te re si ing images eau bc iou ik i . 

' i oo cast this in •( more l'ormal sett ing, we denote In p the probabi l i ty lhal an imatie is 

relevant,, i ie nee. p •- I w o u l d mean that i: is high!v s imi lar , w he teas p •-••_. 0 indicates thai 

itt is h i g h b d iss imi lar . Str ic t ! ) speaking, the probabi l i ty measure /; depends on the fu l l 

teatt Li re vector \ . ,\ • .A • Vf, : ami the images gathered in the co l lec t ion box \ ieki 

i n fo rmat ionn on locat ions where the probabil i ty is markedK high or low. However, it is 

clearr that rc l iab l ) mode l l i ng the fu l l probabil i tv dciisitv (>• x m n such scant in format ion 

w i l ll in general prove to be an intractable p rob lem, so we do the next best th ing and 

modell p as a In net ion of each teat Lire i separate I v. 

Pred ic t in gg s im i l u r i H usinj j logisti c regressio n In mathemat ical terms the problem 

boi lss d o w n to this: the co l lec t ion box contains a number of examples and counter­

exampless and for each single feature x- (denoted » for short | we want to model tile 

dependencee ol p on v through a lunchen /> \ .. The simplest case wou ld be the one in 

w h i c hh one can Imd a threshold \ aluc i.i sav .1 that sepaialcs examples l i a m countei • 

examples.. Such in fo rmat ion cou ld then be ted back lo the sampl ing procedure. How-

eve;,, in most cases I he s i luar ion w i l l I K ritme com pl icated and I [ends w i l l be less clear-

cut.. I I K best one can hope for is thai one can conc la ic the probahi l i tv /) w i th the 

t -vak iess so that trends become visible LMHS can be harnessed to improve the cft iciei icv 

ot'' the search. 

11 he standard w a \ U) handle sueh a situation is to invoke a In^i^ti* / v t ' i v ^ i ' i / i nunici 

(secc [4 ] ) 

P'P' v 
l o gg / < ( j u >) 
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w h n vv the lo<.'it-ratio of P in the left-hand side" is expressed as an appropriate func­

t ionn di ' the featurc-\ alue \. I'm the appl icat ion we have in m ind , we have opted fur a 

quadraticquadratic logist ic regression model : 

/ J I . V . . 
logg • ( a - • JU • ••: (10.4) 

11 p ' X . 

'Idlee parameters u . |i and 7 are determined bv using maximum likelihood estimation, i.e. 

ihevv opt imize the p r o b a b i ü u of the actual conf igurat ion occur r ing . More c x n l i e i t e h . 

i ff we look up the v v a l u c for each of the images in the co l lec t ion box and then use 

cq.(10.4)) to compute the p r o b a b i ü u p that they are in fact an example {p :•• 1 2) or 

counter-examplee (/> ••' 1 2 ) . then the parameters m.[\.y) are chosen to o p t i m i / e this 

predic t ionn accuracy. 

Thee reason for the choice o f a quadratic funct ion might need some c lar i f ica t ion. I f 

relevancee is {d i rectK or inversely) propor t ional to the feature value, then a l inear model 

yvilll suffice { i .e. we can put u - 0 ) ; however there obv ious ly are s i tuat ions where for 

instance,, on lv med ium feature-values are acceptable, wh i le extreme values (both larger 

andd smal ler) are unacceptable (have a look at b ig. 1(1.3). The quadrat ic model is the 

s imples!! model that can handle this sort of qual i tat ive d is t inct ion. 

Usin gg regressio n diagnostic s The use of regression has the addi t ional advantage 

thatt we can invoke standard regression diagnost ics to judge the lit and pred ic t ive power 

o ff the model . Th is helps us to gauge the success o f the feature in p red ic t ing rele­

vancee and can therefore be used to narrow down the feature-set. Mo re precisely, i f 

forr a part icular feature v,. the pred ic t ion o f the l i t ted model ( I d . 4 } tai is to square up 

w i t hh the relevance feedback f rom the user, this indicates that that part icular feature x, 

doess not feature p rominent ly in the perceptual appreciat ion o( the user. Hence, a un i ­

f o rmm sampl ing regime for that feature is advisable, as there is no reason to narrow its 

sampi ing-range. . 

Conversely,, i f logist ic regression y ie lds a we l l - f i t t i ng model for a d i f ferent feature 

x,.x,. v\e can conclude that the feature plavs an important role in the user's appreciat ion 

o ff the image and we are we l l advised to bias (he sampl ing-procedure as to favour 

feature-values.1.,, that have high / r v a l u e . 1 hat wav. the t ract ion ot relevant leatuies in 

eachh new sample (as d isplayed on the samph' ilis/>lav) yvill gradually increase. 

[[ he jut:it r:^io !ns: j> 1 p ;. ijilroii.iLi.-a :o ir.in-.Nini', ' h ' / ' -VSII IL ' . \\ he l : h ei>n->n:iiiieV '.o the inter'.::: i l . t , 

|i:;imm ':\ lh;i! r.irisn.--- i». er /t' .'lui ^ ! here tore e.Mer :o link [o :J line.-r or [ iu|\ nt >m i i; l ï ^ t - v n i i node l . 
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Display y matrix x Manipulationn window 

Sampler)̂ ) 
Inference e 

engine e 

Select t 
interesting g 

images s 

\ \ 

© © 
Examples s 

O O 
Counter­­
examples s 

Collectionn box 

Projection n 
engine e 

F i g u ree 1 0 . 1: Images arc sampled from the database and presented for inspection on the sample display (top 

left).. The ones relevant for the search (examples or counter-examples) are transferred both to the collection box 

(bottom)) and the manipulation window (top right). Here their locations reflect their similarity Moreover, the user 

cann rearrange them to better match his similarity-perception and instruct the projection engine to compute features 

thatt match this ordering. Statistics of the images in the collection box are used by the inference engine and used to 

biass the next sampling procedure. 
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10.33 Using the Interface: An Interaction Scenario 

Al te rr the detai led descr ipt ion of the di f ferent components thai const i tute the interface in the 

precedingg paragraphs, we' w i l l now wrap up this section b\ concisely ou t l i n i ng what an inter­

activee b rows ing session might look l ike. 

Thee query-scenar io \vc have in mind is one in w h i c h the user has a (more or less cr isplv 

def ined)) mental picture of' a target intake b\ wh ich he can judge the relevance o f the images 

encounteredd dur ing the database exp lora t ion , l o r ease of argument we w i l l assume that in 

aa first exploratory stage, the user has been shown random (or representative) samples drawn 

f romm the database and that he has selected a number o f images that in some respect are 

consideredd relevant for his search. 

Thee database search now proceeds bv m i x i n g and i terat ing the fo l low ing basic operat ions ( for 

ann animated version of this s l ight ly compl ica ted process, we refer to our websi te) : 

1.. linmse the database by either inspect ing the sampl ing display or by c l i c k i ng in promis­

ingg regions o f the manipu la t ion w i n d o w ; 

2.. Add interest ing images to the collection box and remove the ones that are no longer 

relevant; ; 

3.. (icnerate " h o m e - m a d e " features bv rearranging selected thumbnai ls and request ing the 

interfacee to come up w i t h new combinations of features that are able to reproduce the 

user-definedd order ing. 

4.. Bias the sampl ing procedure bv f i t t ing regression models to the under l y ing probabi l i ty 

d is t r ibu t ion. . 

10.44 Addressing the Problem of Partial Relevance 

Thee learning done by the interface is reflected in a gradual l ine- tun ing o f the probabi l i ty den­

sityy f i i 'x (cfr.( 1(1.4)) that models the relevance of images. At the start of the explorat ion, 

^ l i i ip ' i -ss arc drawn uniformly f rom the whole database, since the un i fo rm d is t r ibut ion is the 

appropriatee probabi l i ty density to model the or ig ina l " u n - i n f o r m e d " state of the user. How­

ever.. b\ t ransferr ing relevant images to the co l lect ion box and using these co l lec t ion box 

statisticss to bias the sampl ing procedure (as explained in subsection Hi.2.3) there is a gradual 

shiftt f rom the or ig ina l " u n i f o r m " (i.e. non- in fo rmat ive) pr ior probabi l i ty to an " i n f o r m e d " 

densityy peaking around the target itna^c. 

II lowcy cr. this f ine- tun ing is compounded bv the fact thai most of images selected for inc lu­

sionn in the co l lect ion box w i l l oidv be partially re ley ant. For instance, i f one is l ook ing for 

imagess i)i ra! circles, then all images show ing arch's are relevant, as are all images that are 
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featurefeature y A 

targettarget image 

yyo o 

llo o featurex featurex 

F i g u ree 10.2: Collecting partially relevant images 1 through 6 allows one to estimate the location of the target 

imagee at (.vo.yo). See main text lor more details. 
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densityy A 

11 D-feature X 

Figuree 10.3: Decomposing the density generated by (partially relevant) examples (©) and 
counter-exampless ( ,) generates a mixture distribution; the peaked distribution (population 1) 
collectss all the examples that arc relevant for the x-feature that is plotted along the axis. The 
diffusee background distribution (population 2) collects the counter-examples as well as the 
exampless that are relevant with respect to another feature. 



. l u ' J f i 'w 'nL '' f ,';c l'n.'hiL-m o/ / V i / a / R o m a n c e \H 

pree d. :I:J :;;.;;; ; I ' , .'\ ./. k.; ; I K ïar^e i nïïage I K i< -üjs u> UK- miei section ; u me se ÏW; •• c:asscs. j lu 

p ü ' i ' k mm we na\c f*1 address is h^w !o co ir-, e;, v U K s\Me;n that this partial info] mal iou is 

(i:L-a::'ii to be a ' n p k m e n t a i A . 

I n te rac t i o nn mode s to dea l wi t h par t ia l relevanc e As tai as VM can ^ L . there ;UK- ; S M n-

lia!-_\\ T vv... i _̂ J >ncei\ able si rak-Li lus ;o LAi r i i t l U S ^ ' Ü ; in t ia i iK i i iu i i t m i n p a i h a i h rc ie\ant images; 

1.. h i ther \ on can indicate tor each Parti.db : e k \ a i i ! i m j g i , what >peciftc feature is u k -

•-.. a lit ti a' the se ai eh (e.g. the shape foi image L and the co lour tor image 2). I his is t he. 

approachh championed b> mos[ i ntei faces. I low ever. the rcejui icmcnt that teat ui es muM 

bcc ident i f ied c \ p l i c i i l \ is a \ e r \ rcs t r i c l iw one and in most cases not tc i iabk . ( \ f n o 

a l l .. how wou ld \i>u i n t o i m Uie i i i lcrface that M U I are look ing tor an image' thai is <u^t 

<;vv i-ohmrinl t:> :ht\ <>m; hit! u'.s elhiulle ;ó t/iat <mc ') 

2.2. 1 he approach we propose is designed !o c i rcumvent this d i f f i cu l tw theie is no need U-

ident i tyy features, just point out addit ional images thai are partial I \ relevant. Over t ime. 

Ihee statistics w i l l au tomat ica l ! ) hone ir. on the relevant teatuies. U c w i l l elaborate this 

proposall prcsentlv. 

I n teg ra t i n gg in fo rmat io n f'rn m par t ia l ! ) relevan t image s l w c l a r i n we w i l l discuss U K 

fo l loww ing caricature o f the- p rob lem (see l i g i0 .2 j : Assume that e \er \ image is characterized 

us ingg two numerical k a i u r c s ( i and \ sa\ i: this means that c\ er\ image can be represented 

ass a s ingle point .v. v • IR . Fur thermore, assume that we are after the target intake located 

att CM. Vu :. W hile exp lo r ing the database wc come across image 1 (w i t h teatuies .u and Vj . 

secc 1'ig 1(1.2). ClearU this image is purtiallv relevant to our search as it resembles the target 

imagee LIS tai as the \ - feature is concerned (v- '•- \y,). because oi this part ial relevance it is 

addedd to the stack. I ,ater on m the explorat ion, the user comes across image 2. w h i c h again 

iss par t ia lK relevant, this t ime because o f its .oteatuic ('v.- •-- An), and is therefore added to 

thee stack. In the same vein images .V 4. s a^d ' i are added, so that we- end up w ith a slack 

con ta i n i ngg b images, all ot w hich are partial'v. hut none o f wh ich is ( otnplclclv s imi lar lo the 

la igctt image. 

III wc now pjoject the six selected images on each ol the two feature axes and construct 

litee c o n e s p o i i d m g 1 -d imens iona l densit ies. «:• \>,ould l io l icc how in both eases the I e su i t ing 

d c i i s i kk is in fact a mix ture of two populat ions (see also f i g . H H ) . ' lo fix ideas look al the 

pro jec t ionn on the- i - fea lurc : The first populat ion compr ises the images that arc relevant w ith 

K'spcctt to A' and therefore const i tute a peaked dci isi t \ centered about the appropriate .v-valuc. 

II he second populat ion harbours the images that are relevant w i l h respect to the v-featurc. 

I ' l icirr (.'-value Uierelorc does no\ adhere to a narrow dist r ibut ion and lhc\ ale more or less uni ­

fo rmee I \ d is t r ibuted in the " b a c k g r o u n d " . Be ing able to lease a purl these- two d is t r ibut ions is 

kc>> lo ef f ic ient ly locat ing the interest ing region in the seaich space. ( )b \ i o i i s k . the quadrat ic 
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!k-tii>!; cc rcurcssior: mode! (:;s ^pecitied In en f 111.41) is one important tooi in this process. 
Usingg counter-examples is another, as v. ilj he explained next. 

Thff  impor t unci.'  of'  being negative Since counter-examples - - b\ their vcr\ definition 
indicatee \\ hal wui arc nol looking tor. none of their projections on the feature axes wil l occur 
nearr the target values. Tut different! v. the projections o f counter-ex a nip les wil l show up in the 
"background""  densiu. rather than in the peaked "foreground" density (see l i t : . 10,3). As a 
consequence,, the peaked foreground contains examples on I v. w he re as the diffuse back mound 
iss a mixture of both examples and counter-examples. 

Inn order to model this mixture-population in the background, the i-D logistic regression 
modell  wil l further reduce its probability over the background regions but concentrate it near 
thee peak-region, thus creating an even more pronounced delineation of the region nf interest 
aroundd the target-points .v(i and v(j. 

Conclusionn In this paper we outlined the architecture of a ( BfR-interface that offers the 
userr a graphical tool to create new features bv showing (as opposed to [t'llini>\)  the interface 
whatt he means. It allows him to interactively classify images b\ dragging and dropping them 
intoo different piles and instructing the interface to come up with features that can mimic this 
classification.. F;or more details and an earlv proto-tvpe, we invite the reader to visit our 
website: : 
h t t p:: //www.cwi . n l / - -pauwel s / p ar i ss . hunl 
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Appendixx A 

Clicks s 

A.ll  E-content 

E-contentE-content is characterized bv its d ig i t ised f o rm . Once a document has been created it can 

bee ( re)d is t r ibutcd many t imes. b-content is typ ica l l y available in large amounts everywhere 

andd alwavs. W i th the in t roduct ion of the Wor ld Wide Web and (he boost of' Information and 

CommunicationCommunication Technology (I(.'T). in fo rmat ion is abundant, '["his fact has brought in fo rma­

t ionn closer to the user. From his home or of f ice, and even on the road, specif ied in fo rmat ion 

cann be browsed, searched, retr ieved, co l lected and pr inted more easily than ever. 

Ass a consequence, K-content w i l l gain its added value t rom enr ich ing the in fo rmat ion in such 

aa wav that it can be used better. A s w i t h other raw mater ia ls, added value is created bv 

processingg the raw mater ial . A coffee bean is better eujoved as a cup o f coffee. In it 's turn 

aa cup o f coffee is belter en joved when it is served in a cafe, A m a x i m u m of added value is 

achievedd as ihis cup ol cot lee is Consumed in a cat e m Saint-1 rope / , a l though some o i us vv i l l 

nott agree. Value is added to b-content bv processing it in such a wav that it can be managed 

andd deploved. A chain ot added value can be created according lo the services added to the 

in fo rmat ion ,, see f i gu re A . 1. 

(•.-marketingg is an example o f this. Product in fo rmat ion can be del ivered scalable and adap­

tivee to the consumer w i th the in t roduct ion of' e lectronic services and devices, l o r the user 

addetll value is created bv personal iz ing the in fo rmat ion to his needs (user prof i le) . Another 

adaptationn is bv scal ing the in fo rmat ion to the capabi l i t ies y)i' the device (mobi le phone, fax. 

pc).. l o r the distr ibutor, value is created bv analv/ . ing and ant ic ipat ing consumer demands, 

therebvv op t im iz ing his success in pre. sale and after sale contacts. This is done for instance bv 

intel l igentt management svstems that show buv ing behavior and other statistical relat ionships. 

12'J J 
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A.22 Knowledge Map 

Onee o l the Winners ot t i k :.mi(J Nat ional V b i k n n i u m Contest is " D a t n c l o u d " o! A r c h i V d 

II Xi tacioud !\ .in i n k n k ï cm in MI men! combi n.nj ;i kno-^ IcdLk map. ;i ïu//\ sea iJ i cikt ine and 

aa d iscussion p la t fo rm. I: Ie merits in the el oud are created (or edi ted} documents submit ted In 

d iee use i s i hi,- use l - i l l l e N ace c i t e r s f tic p o s M i i i l i [ \ I n t ja l t l ms iL 'h t i n t o the d o e u n i i . rlTs \\ t lh 

thenn complex st!netures and l inks. Documents can he browsed and ejiieried. Subject of' the 

d - a :: men is is die repar t i t ion int: ot the poidet: " f)e HoiAsche Waa id " . 'I he team of developers 

a l ee t r o m I '2 /jr^iiniZHIlf/il. •}.'-< hi Urn' a n d />< -./.. 

A.33 Standards 

(> rgnm/a t ionss l ike \V_i( ' and ISO are c rca t im ' standards for stor i n l a n d processing mul t imed ia 

i n h u m a t i o n ,, in a w o r l d where in to rmnt ion tecnnologv. consumer electronics and te lecommu­

nicat ionn products incorporate increasingly sophisticated technologies ami the iK\\\ tor t i i neh 

avai lablee standards is as strung as ever, M P I T i provides a proven mechanism to feed research 

resultss into industry. M P b C establ ished in P'S*. produced M P l ( i - 1 . the standard on wh ich 

suchh products as V ideo ( ' [ ) and M P,; are based M P I . C - 2 the standard on wh ich such prod­

uctss as D ig i ta l Telex is ion set lop boxes and D V D aic based and MPhC i - k ihc sLmdnrd for 

mu l t imed iaa on ihe web. The current thuis; is M P [ ( i - 7 " M u l t i m e d i a Content Descr ipt ion 

In ter face" .. M P l ( i - ~ \ fo rmal I \ named " M u l t i m e d i a Conic m Descr ip t ion In ter lace" , a ims to 

createe a slandard tor descr ib ing the mult imedia content data that w i l l support some demee 

off in terpretat ion o f the in lor mat ion's meaning, w h i c h can be passed onto , or accessed b \ . a 

de\\ ice or a computer code 

A.44 Input for Content Based Image Retrieval (CBIR) Sys­
tems s 

Inn C B I K s\ stems the user has several me I hods lo provide input to the s \s tem [ I |. I x a m p l e s 

aree ske tch ing and quciA hv example. Oucrv b\ example consists of select ing an image horn a 

randomm sample or prev uuts results. OuctA ing In sketch is c o m n i o n b used to relr icve images 

con ta in ingg objects w ith shapes s imi lar to the sketch. Sketches represent a template of either 

thee comple te oh|cc! sdhouet lc or part o! it. I tie1, can lie manualK authored 01 traced h o m an 

muitte,, see I i i iure A . 2 . 
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A.55 Histogram Matching 

Swainn and Bal lard propose histogram matching lor color match ing and index ing. In this 

thesiss a s imi lar measure is used for texture match in Ü- sec Chapters 7 . S. 'J and [ 1 2. 1 3. 1-i j . 

II l is togram match ing is def ined as: 

y"y":: }mi/nlhf0- /J.//• '/ƒ>. hi 

1 ' ;; > H •'!>•.h 

Wheree ii  .In I denotes the histogram ol ' the database images and ihlo '• denotes the histograms 

off the query image. / is the index of the bin in the histogram ( f i g u r e A3). 

A.66 Textures 

lamuraa et al. | 16| exper imented for the purpose of const ruct ing psychometr ics w i t h proto­

typess of texture. In the psycholog ica l exper iments o f lamura on basic textural propert ies, it 

wass shown that there exists six speci f icat ions c o m m o n to all v isual textures, wh ich relate to 

thee perception o f m a i n human beings: 

contrast.contrast. coarseness . directionality , litw-likctiess , re^nlarttv and roughness. 

Wee show some examples: 

•• Coarseness 
Whenn two patterns o n k di f fer in scale, the magni f ied one is coarser, l o r patterns, the 

biggerr its element si/.e and.'or the less its elements are repealed, the coarser it is felt . 

seee Figure A .4 . 

•• Contrast 
Dif ferencee between p ixel in tens i l \ var iat ions w i t h i n a texture define the not ion of con­

trast,, [ f p ixel intensit ies v a n h ighly , the texture is said to have liiu.h contract, see 

11 iiiLiie A .s . 

•• Direct ional i t y 

Thee direction of the texture. Here the or ientat ion oi ' the pattern doesn't matter, see 

b'iguree A.ó . 

lamuraa derived corresponding computat iona l tneasuies der ived f rom the pswhojoL i ica l ex­

periments.. As an exam [lie a O B K ' feature used in I he Q B K ' s\ stein |N |. 
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A.6.!!  Kxamplt ot'a QBIC Feature 

' Inn c o m p u k 'hurnü'ti J i r ee t : o t i j l : t \ \s\. a ;j.rauie:it ;s calculated Mr v \ i i \ p>i\i l m the nnanc. 

II iic ü i . i i i ic i i t V I1- expres-^d in i^-rm^ of i l - magnitude \ and an^lc n \ . As d i l u ted In 

II atnura. •.Mie take- ills, gradient l i ' i c\ CÏA p; W\ and ignores all pixels lor w inch the Ltadn.au 

m i l l T l i t l l t k -- V - k s s l l K . n M i m , - l I l T V v t ^ a . l , . i 1 ^ . ; ; . ! \ , r . I ; , . - » 1 ; ; i n ; ! i J p i ' , J , . , , , n , u . j l o .1 

histogramm " I counts \ e is us tt \ 

A.77 Similarity Matching and Human Perception 

II h t iii'jjii'J'LSÏIL'^ n! usp ic is i i i l e \ i u ! c i k p i i k k i i iL-, iui\ on thi c i i c i ims ianccs ami the rela­

t ionsh ipp 'A i l l i other fcatutcs. Several aspects of t cx t i i i i become kss 01 mon_' important in 

oo aula nab on \\ it it o thc i i a i t i i K v e n . c o l o r M O I M I O V K ' [ " | c! al . dc\ i l o p i d a k c h n i i j u c lot 

si-archh ; I I id manipu la t ion ot co lor [ml terns. The1, toe as tin the integrat ion ot eolo i and texture 

features.. I he lead int: p r inc ip le is that human heines n n l \ have a funct iona l not ion ot' s imi lar­

l yy w i t h i n a part icular doma in , ' i o per fo rm similarity match ing in a human manner m i l lias 

to: : 

•• ( 'hoose a speci f ic app l ica t ion doma in . 

•• L'tide [stand hn i \ users judge s imi lar i lv A i th in lhat domain . 

•• Bu i l d a system lhat w i l l repl icate human per formance. 

A.88 Object Centered Neglect 

Nei i ro -phvs io io i i i ca ll studies | 4 | showed lhat patients w i th a delect cal led f / h n c l ( c / i l r i v i / 

S'oL'/tt e; arc o n k a!'>tc lo icproduce one had n[ a (s\ n in ic t r ic ) form presented to them. It 

thesee patients are presented w i t h an image in 'he \ isiial f ie ld . thc> leml to i^.ni>rc its left side, 

ff inure A '•" siiow s two pictures f I i l l co lumn ) ;aiJ I w o copies ot ihosi- picture's (r ight co lumn ) 

prodncei ll I n a patient. When the (wo flower's of mode l H aic copied, the patient cop ied o n k 

thee i mhl hall o f each flower. W hen the sam, [\\i > HOA it's are jo ined In a c o m m o n si em, the 

patientt cop ied (he plant. \ i w the plant as one ohjccl . and left out cvcr \ " l e f t " deta i l , inc lud inn 

aill ot' l he k i t most Mowci. As objects are defined \ \ ith respect to the object s ( t i l led) mid l ine, 

itt can he speculated lhat She brain uses ss inn w i n to store and retrieve in formal inn e f t i c ien t l v 
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A.99 Washburn 

D o r o t l uu Washburn, archaeologist and anthropologist at the Ma ry l and Institute in Bal t imore 

examinedd ttlc f igurat ive language of the Pueblo Indians in the South West of the 1'nited States 

off Amer i ca . In her book "Symmet r ies in Cul ture Theory and Practice o f Plane Pattern A n a h -

s is"" [ 19] she proc la ims it is the way structures are bui l t , that is essential in classify ing di f ferent 

textures,, see Figure A.N. 

A.. 10 Fractal Dimension [3] 

Thee fractal d imens ion can be thought of as a scal ing re lat ionship. A s an example we show 

inn Figure A . 9 sets and the scal ing relat ionship for each ( i .e. the yvav the number of boxes it 

takess to cover the set. scales w i t h the size of the box) . We describe the scal ing relat ionships: 

•• A curve of length / can be covered b\ / t boxes o f size t and 2 / • i boxes of size t 2. 

•• A region o f area A can tie covered bv A r~ boxes o f size f and 2" A r boxes of size 

r / 2 . . 

•• A set yvith vo lume V' can be covered by V.- r1 boxes of size t and 2 1 V / r boxes of size 

tt / 2 . 

•• I f the Sierp insky tr iangle is covered yvith V boxes o f size i. then it takes 3.X boxes o f 

sixx r 2 to cover it. This is shown f o r ; equal to half the yvidfh o f the set in the f igure. 

f o rr the lust three examples, ha lv ing the box size corresponds to increasing the number o f 

boxess required to cover the set by a factor of 2 . 2 " and 2 / at least in the l imi t yvhen i is 

vervv smal l . For the Sierpinskv tr i a uti le, however, the number of boxes increases by 2'1. where 

dd ion's loii2. and so we cal l this the fractal d imension of' the set. It is intui t ively r ight since 

thee set has no area but is more meaty ihau a curve. 

A.. 11 Pseudo-Code 

•• Div ide the image into a set of non over lapp ing ranges R,. Mark all ranges uncovered. 

•• Wh i l e there are uncovered ranges R, do { 

-- C 'house domain !),. and \v. m i n i m i z i n g • r (/,•„,, i »',• •' /"•. /' •. 

:: I IK- !I;U hii i.nuisiariH :•• -Jin-.fr; l>. m:n !• r I/L l:w o >l !,-•:<.- L Ï I . - I . I h> U I « I p : . . \ u l ^ .ir: jp|K 'Uk i ik ! ; \ - ! ' .U 'L ' : I 11K 

l ! : ; - . i , ' i ^ ; K - : : ! : : - ; T i / i ( / . „ ,, » . i t : ' , .\ ; . - i : ; i : !:K- >:,.•>! nu-uii ••,;nl;>;-, rn„; ^ S . . : ^ ^ ! M > Ü A. ! I I 
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•• mark A' as co\ L ivd and \\ ï ik .'Ui t ik ' raMsiormai iui i .1 .; 

-- ei se 

•• Panirn.ui A' :nlo s m a l k r ra : :^ - - " i h a l a u Hkukcd as i); ico\ Lied. Rc:no\i_/<! : 

t nn mi the list of unci i w i v d n imvs 

A.ll  1.1 Koot Mean Square Error 

II he d i f l c rc i t cc hctu een PAO m i i ^ s ' and g ~_.li; I IL expressed in se\ C K I ! :A a\ s. ,-\ commi T; set 

off e iTor-measures is bas^d •. ifi the /. . no rm. /. is .ui absolute e: ro: . / • is calk-i l die mol nu ar, 

^i/uure^i/uure error. 

 ( .w .vX 'X y "  r-'"' ) 

A.122 Fractal Feature Extractors 

Wcc describe, b r ie fh some methods IYOTII the literature. 

Thee first method f rom Sloan et al. j ! 5 j ean he used lor indexing large image databases. 

Imagess are ca tegor i /cd in clusters on the basis o f their s i m i l a r i n to an iconic image, l o r 

eachh icon, a jo in t tracial cod ing procedure approximates ranges o\ the icon I n domains f rom 

thee icon i lsc l l as w c i i as f i o m c \ c r \ database imaue. A iale R is calculates! expressing how 

f i ce |ucn lkk a part icular b lock in the database image is chosen as domain block tot the' iconic 

image.. Th is rate R is then used as a mcasare to r the s im i l a r i l \ between the iconic and the 

databasee images. 

D i f fe ren tt f r o m the approach where feature \cc lors are derived and s im i la r i t \ is calcidated 

acco rd ingg t i i a il;stance f u n d ion between these k a l m e \ eel* >rs. ihis method is d n v c l k rein ted 

II o l he' ""amount" ot s imi lar image content ( l i ^ m c A. 10). 

AA nice' example comes t rom Yissac et ah [ bsj T h c \ use a method o n ! \ inspired In fractal 

nnagee compression to (juer\ ;i database <A In idemarks. \ o quadtree structure is used and 

noo niassie t ransform (Sect ion e.22). B \ do in^ so. real s im i l a r i n between b locks is searched 
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forr .ïiicl not similarity between structures and smaller details. Another simplifying aspect is 
thee reduction of the dimension '>! the domain pool. The similarity search in tractal encoding 
cann be quite "chaotic". To maintain a global coherence it is a good idea to relate neighboring 
domainn blocks with neighboring ramie blocks. In this way a spatial continuity is created in 
thee similaritv calculations. The use of a dynamic programming technique (Vilerbi algorithm) 
ensuress continuity and coherence of the localized block matching results. At the same time 
thee domain pool is dramatical!) reduced. 

A.133 Intelligence 

Intelligencee and in this case visual intelligence can be defined as a Turing machine, being 
ablee to give relevant answers to relevant questions, Possible questions could be: 

•• Sound svstem play me Beethoven's fifth symphony, by whistling the first five bars. 

•• Visual svstem show me the images depicting a sun set. 

Inn order to do so. there is need for more levels of interaction to computer systems: 

•• Interfaces that can speak, listen, understand and show. 

•• Processing units able to understand and reason. 

•• Memory algorithms able to recognize, remember, store and compare. 

A.144 FourEyes 

bourb.yess [5. nj is an interactive, power-assisted tool for segmenting and annotating images. 
Clickk on some regions, give them a label, and FourlAes extrapolates the label to other regions 
onn the image and in the database. This could be implemented by choosing a single image 
featuree like color or texture and forming, say, a Gaussian model of the label in that feature 
space.. I l oweve i, dial r ia i \e lv a s s u m es that one m o d ei wil i be su i tab le tor all k inds of labe ls 

inn all kinds of imagery. Instead, l ;ourK\es has a "society of models" among which it selects 
andd combines models to produce a labeling. This selection process is guided solely- by the 
exampless given bv the user. 

h t tpp : / /www-wh i t e. media .Ti.it. edu/vismod /ceTos/photobook / 
foureyos/ fac iaa Idatabase 
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A.155 Relevance Feedback: Rui 

Ruii [ H )| et a; p ioposc w ̂  j LLhl-- lo K- i i \ c d m ccampics u i \ en h\ the u v r 1 hese W eights can 

Hunn I v updated In .1 :>hVcss ut ?•(•/(-» (/>,'(•(• .Vf. (.'.'><(• f .(. 'I lic USLT indicalcs the reicvancc e!' an 

imagee h\ mark ing [he image f rom h i g h h r ck \an t to h i g h i \ irrelevant. A standard deviat ion 

M M . UU v \ k l i ; l i i U J J U a L l l l U j l l l ' l . 1 ^ IS i l l L I I | M i spl : > L Ü . 

11 e! \f bc the number l i l ' objects marked v. ah h i g h b i d e n t i t i oi [ c l c \au l c lassi f icat ion. A 

MM • k matr ix is created w lie te K is ihe nümlv r i a features to character i/e the images \ u i h 

1!! ::!! relevant i n j ec t s h ^ e ^.imi!a? values b-r fhe A !h fcatu:\. component >-,,. /: f i \ ed and 

itt i U. it means i h a n his feature is a g< " >J i tul tea dar fo i the !c lc\ ance id the image. 

'II he w eight for this fcatuic is then updated aeY'üding I o the standard dc\ lahnn of tile sequence 

r ; .. it  , 1 / 

A.. 16 Browsing within Pariss 

Inn iH I r interface Paiiss. b rows ing is enabled In present ing a ! \M> d imensional view displav 

t\uiu('t\'t\uiu('t\' o l the / / -d imensional data space representing the ohjects. A n adaptive wa \ of' up­

dat ingg lite t l isp ia \ w i n d o w s is created. The user is invi ted to posi t ion the image on an in i t ia l 

displaxx w idow accord ing to his o\\ n subjective appreciat ion. The pruk'flinti engine performs 

aa tra (is lot i l la t ion \ on f I K features space in abundance to the usei def ined pos i t ion ing /. o I I he 

imagess ( f i g u r e A. 1 1 ). We project tire high dimensional feature space Lis ing a transform a I ion 

A.A. w hen app l ied In I he selected points y . best matches the use i -def ined con f igurat ion o\ (he 

pointss t 

\ : ^ kk 'R'. (A .3) 

I'hee op t ima l t l \ is expressed w ith respect to Sinrf/mn 's metric w v w wh ich is defined as; 

„„ •(/ t .-t (i:A\ .Ax -

ww lie i e (/' is MIL. si an da id f.uci idean me trie o i ; ilv . 1 his Naninion-cr iter ion can he n n n i m i / e d 

usingg i-riuln'fit t /cv cm. 

AA d isad\ ant age of the method is the co-dimension [(J] of the dispht\ w indow k 2. In this 

vvavv f iik. w i n d o w s do no! icpi'k sen I tlie linage, s m a u ; i \ thai is op i ima i to the user. 
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A.177 Relevante Feedback in Pariss 

AA probabi l i ty p is modeled tor the relevance ut' an image, p •'-- 1 \^OLI1C1 mean that this image 

iss highly simi lar, whereas p --.. K indicates thai it is highly dissimilar. Str ic t ! \ speaking, the 

probabi l i tyy measure p depends on the fu l l feature vector x i'.v- ..v- t \ i. however in our 

easee we model p as a func t ion o f each feature independently. 

AA logistic regression model is used to model the relevance p. We opted tor a quadratic logistic 
regressionn model: 

p p 
logg - (tl" • |i.v -  (A.5) 

~~ 1 P 

'I'hee parameters u . [> and y are determined by using maximum likelihood estimation, i.e. they 

op t im izee the probabi l i ty o f the actual cont igu rat ion occurr ing. More exp l ic i t ! v. i f we lonk up 

thee t-value for each of the images in the co l lec t ion b o \ and then use eq.(A.S) to compute the 

probabi l i tyy p that they are in fact an example (p :.••• 1 2) or counter-example (p • 1 2). then 

thee parameters •:».(!.y.i are chosen to op t imize this predict ion accuracy. 

A.188 Other Methods of Content Extraction 

Iff available features are not able to express the simi lar i ty w i th an example image e. a jo int 

fractall cod ing procedure (see Section A .12) cou ld act as an "e igenf i l te r " on the database. 

Imagess are categorized in clusters on the basis o f their s imi lar i ty to the example image. Then 

thee joint f root it 1 c d i n g n rocedure an r >roxin!atcs ranges o f the c bv domains, f rom r i tself 

ass wel l as f rom every database image. A rale lit is calculated expressing how frequently a 

part icularr b lock in the database image is chosen as domain block for the example image e. 

II his rate R,, is then used as a measure for the s im i la r i t \ between the example image e and the 

databasee images. 

Di f ferentt f rom the approach where feature vectors are derived and s imi la r i ty is calculated 

accord ingg to a distance func t ion between these feature vectors, this method is d i rec th related 

too the "amoun t " of s imi lar image content. 

A.199 Icons 

[•'orr retrieval oi' image data a hierarchical approach can be implemented based on (non- l inear) 

mul t ii resolut ion decomposi t ion of images (pyramids , wavelets, fractals). Wavelet or fractal 

coeff ic ientss of an image can be used to calculate a feature vector for index ing and retr ieval. 

A nn inte ies l ing property oi this approach is that even feature vectors conta in ing a very small 
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\tU;\tU; ie p 'e 'sente i i i n i hese e 'oc f t k ' l i . Tl Is 

inn LLi.nt.Tal i! is nol possible' te, dcr iw- an aspect .-•) an image h\ selecting w ; i \ c k l dn, 11icK-ni--

l iu ï .. based on hv . i l a i i aks i s !cchnie|ues lhL. \ ; ! resolut ion image eau he a n a k / c d to locak 

character ist icc and homogeneous areas. Tln.: i ; i ; i i n t L- 11 i ti ̂  n t reduct ion o l ' i he i ma tic that is. 

icon i f i ca t ionn • i.'art bc pcMoni icU. 

Inn Hiz ii re A . i 2 we i l lustrate the \ i sua l i /a t io ' of an ie; MI I n a f iactai feature as discussed in 

(( 'h apt er "'. l . ' l t ima lck mie w a nis these icons t<> he interact i\ e suc!l thai pos i t ion , or ientat ion, 

perspectivee tec. ca;i l x changed. These iL i ' .n^ .k t l v ; ; used w i t h i n the eHk ; \ process and ir, 

relevancee feedback procedures. 

A.200 Finding known Objects 

AA s imple appioach lo locate images containing known objects ( lagu ic A .13) is based on 

eoio ii h istograms. [ .ucai eo lo i h istograms j 2. l~. 1 i j ale used lo locate a know n object in 

tilee image. 1 l i s tokram intersect ions are evaluated between the histogram k11 the object and all 

imagee b locks ot a f i \ c d s i /e in an \ posi t ion nf the image. Drawback is the complcx i tv ol ' the 

methodss used. Othc i methods are hased on shape in fo rmat ion . A method tor usmt: texture as 

ann as[vet lo i c l i lev c known oh]ccts or image"- is required. 

A.211 Hierarchical Indexing and Searching 

Tl iee teat ure vector .v in a hierarchical indexing scheme consists ot f i n i l eb m; i i i \ , sa\ A', sub-

vectors:: i x\.x- i \ /-.'• • /•.' /• \ . where .v.. • /:: contains less data than x. ,. 
ii a 11 her more, there should exists a metr ic i/ m I lie sp;ice /.' w hich \ ields | he s imi lar i n be­

tweenn images at level i. Search ing a l i i c r auT i ca l k featured database- is done in A' steps: in 

thee til's| step we discard all target images 'I v hose V ' t i i feature \ cctor x,/ I • salisi ies 

s t e pp ! : (/•., w • O ••• \ \ I i \ 

ii leie Q is the' i p i c i \ ul lage and : ., a g i \ c n threshold. In die second slep we discaid al l large! 

imagess I remain ing alter s k p 1 > tor w hich 

s tepp 2: ( / \ 'A \ • Q .\\ - / • i \ 

Wee repeat this procedure unt i l we have reached level I. The fact that t contains (much) 

lesss da I a than A : nnpi ics thai sk p ; lequnio» i n iuei i ) kss computa t ion time per i matte than 

stepp ; 1. l o t huge databases, such a search M;a1eg\ i s l i k e h !o he eftcctiv c. 
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Figuree A.l : An example of value added to E-content. 
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Figuree A.2: Example of a query by sketch. 



Figuree A 3 Histogram intersection between two histograms A and B. 
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Figuree A.4: Two textures, one is coarser. 
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Figuree A..5: Two textures, one having high contrast. 
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Figuree A.6: Two textures, one having a clear direction. 
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Mode! ! Patientss copy 

Figuree A.7: A test for object-centered neglect. When asked to copy the two drawings on the 
left,, a patient made the two copies on the right. Detail is omitted from the left half of the 
drawingg as a whole. From Marshall and Haiiigan [4]. 
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Figuree A.8: top: A (2-dimensional) pattern is symmetric if there exists at least one of four 
basicc plane symmetries: rotation, translation, reflection, glide reflection, middle: Seven pos­
sibilitiess to create a one-dimensional regular symmetric pattern. Number 2 is used by the 
Navajoo Indians; number 4 used by the Hopi Indians, bottom: Examples of one-dimensional 
patternss of the Pueblo Indians, with rotational symmetry. 
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Figuree A.9: Four examples of sets and the number of E boxes required to cover them. Cour­
tesyy of Yuval Fisher [3 J. 
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Figuree A.10: A joint fractal coding technique is searching for blocks in one image to be 
approximatedd by blocks in another image. 
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Figuree A. 11: left: Original configuration. The user "moves'" image B towards C. right: New 
projectionn in accordance with the action of the user. 



150 0 

Figuree A. 12: Visualization of the success rate feature in an icon (fracFeat). A fractal coder 
dividess an image into blocks called range blocks. Within a quadtree subdivision procedure, 
thesee blocks arc approximated by domain blocks. In this case, three quadtree depths were 
used,, left: Original image and initial partition, middle: Subdivided range blocks at ihe next 
guadtreee depth are depicted, right: More detail is created. 
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Figuree A.13: Finding "Waldo" [ 17]-courtcsy V.V. Vinod and H. Murasc. 





Appendixx B 

Demos s 

TheseThese demos will  otilv available on lite ('Drom 

B.ll  Zoom Invariance 

fractall encoded images are not real fractals. Nevertheless fractal features derived frnni fractal 
encodedd images, can be in tide invariant to zooming in at a homogenous icxtural images, see 
CC liapler i). Demo that illustrates the method. 

B.22 VisTEX, Database of Homogeneous Textures. 

B.33 Koe 

Demoo that shov\s the documents retrieved if the user uses a kc\ word in this case koc to 
searchh the internet b\ the v\cll-known search engine: www.alktvista.com. 
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B.44 DemoIFS 

! '>C!!]oo Lli. ri^T;itil?iJ. t r l l L - t : ! K h \ itfftilrj _!l<!l<-:i<.->: \ W < 7«. ( O ' J H o V R;ij K i l . L !1 i\ Ctsl i V >>l I V ' i l l -

-oo l \ Lirii;t. 

B.55 Demo FIC 

In teract ivee Java demo Minst rat ing the principles ;>f l iacla i 1111,1a o >mpie-*Mi>ij. C. 'OUÏILVS Jean-

ii uc l ) u ^ c k i \ . l i M i t u i i-.u'vcom 1 rance. 

H.66 Een Wereld aan ICT Toepassingen 

\\ idco produced h\ Ministei> ut' l-'ouiiiiiiic;; : Asking ( IV ) ot i tic \ c t k riands. Scvcrai fuuirc 

1.1.. applications are ^licwii . 

Ii.77 Fractal Imager 

Nnt'k 'uu a rv to fractal encode color images. ( 'oartcs) of Michael Bains le \ . Iterated. (. '0111. 

B.88 Pariss 

II >cnio ot the Pariss interface 
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Samenvatting/Dutchh Summary 

Inn ons dim'tale t i jdperk URIC it de hoeveelheid beschikbare in format ie expnnenl icc l . [ ) i t schept 

dee behoefte deze informat ie beter te beheersen, ben op loss ing voor di t probieem is het 

beschr i jvenn van de inhoud met kevwords. Bekende zoekmachines op het Wor ld Wide Web 

zoalss gooi*lc.com en altavistn.com werken op deze manier, l ichter, eenieder kent de frustratie 

t i jdenss het zoeken naar in format ie op het internet en hoort z ichze l f verzuchten: " D i t is niet 

watt ik bedoel , begr i jp je niet dat dit essentieel anders is dan wat ik zoek" . 

Voorr (v isuele) in format ie is liet wense l i j k op een meer inhoude l i j ke manier te kunnen zoeken. 

ContentContent basal image retrieval (C'BIR) is erop gebaseerd afbeeld ingen in een database te 

kunnenn zoeken op basis van de ge l i jken is niet andere afbeeld ingen. Een interface voor een 

visuelee zoekmachine moet in staat z i jn plaatjes van koeien te tonen op basis van gel i jkenis met 

verschi l lendee voorbeelden die de gebruiker heeft geselecteerd o\' getekend. Dit proefschr i f t 

beschr i j f tt methoden van visuele informat ie ve rwerk ing . 

Voorbeeldenn van toepassingsgebieden z i jn : 

1.. D ig i ta le televisie. Hel zoeken op inhoud van een televisie u i tzend ing. 

2.. E commerce. Product databases zoals tex t ie l , waarb i j de gebru iker op z i jn eigen smaak 

enn voorkeur , producten kan ui tzoeken. 

Dee inhoud van een v ideo of fo to wordt aan de hand van een aantal karakter ist ieke kenmerken 

{features){features) zoals de kleur, vo rm en textuur van een object o f a fbeeld ing beschreven, ben 

voorbeeldd is de n ieuwe v ideo standaard M P b G 7'.. hiermede is het b i jvoorbeeld moge l i j k 

dee f ragmenten met doelpunten uit een voetba lwedst r i jd te selecteren. Ook aspecten als de 

herkenningg van een scenc-overgang in een v ideo of de aanwezigheid van een object b innen 

eenn afbeeld ing (b i j voorbee ld een uczicht) kunnen real iaIvseerd worden. 

Tcx l ie ll is een voorbeeld van een produot da' nauwel i j ks beschreven kan worde:"; doo; kev 

woniswonis maar visueel goed geanalvsecrd kan worden op basis van de patronen die z ich herhalen. 

Probeertt u de stof van uw k led ing eens te beschri jven ! 

Ditt proefschr i f t beslaat uit delen. Hel eerste deel schetst het pod ium waarop vier gepub l i ­

ceerdee wetenschappel i jke art ikelen f igureren. Deze hoofdstukken z i jn geschreven voor een 

algemeenn publ iek. I loo fds luk 2 beschri j f t zoekmachines voor v ideo en beeldmater iaal , zoals 

dezee o n t w i k k e l d worden in commerc ië le svstemen en wetenschappel i jke pro toKpes. I en 

anderr aspect dat aan de orde komt . z i jn de interfaces die nodm zi jn om visuele informat ie te 

tonen,, te zoeken en door te bladeren, / i j \ crschi l lcn essentieel van tie t radi t ionele interfaces. 



.Samenn jf;.' 'nu l.-vs 

! ! • "" ddMuk i bcschrntt li. IL- ilc v kue l c inhoud Kschrcv en 'AyiKi: aan ik hand van verse ruilende 

eigenschappenn / o a k kleur en textuur [h\iiun-s\. I X aanleid ing \ I ) I Ü Uil deel \ , in IK-; onde i -

/'.. v k i1- het ^ucccs \ an t ractak bcc ldcom pressie, b raciale hceldcom pressie is ei up gebaseerd 

dee redundante 11-\ e Mol l igc ) in fo rmat ie , o.a. v e roor/aakt door de herhal ingen hinnen het pu­

t toon ,, te e l im ineren. I X / e methode kan a k /udan ig gebruikt v\ orden <>m de textuur eigen­

schappenn v an een afbeeld ing te at iak si. ren 

Inn het tvv e e de deel wordt de v. ïskundigc achtergrond heschiev en die ten u r m u k k m lint aan de 

gepubl iceerdee ur l ikeien. Hier komt ook I rael ent ter sprake, een computer programma dat op 

de/ee pr inc ipes is gebaseerd. 

l ie tt derde deel wordt gevormd door v ie l gepubliceerde v.acusc! iuppcl ! ]ke ar t ike len. De 

eerstee drie art ikelen onderzoeken het uebruik e m f raciale meetkunde om patronen te kun­

nenn herkennen en beschr i jven. De robuustheid van de gebruikte methode ten op / i ch ïe van 

al ler leii v ariant ies van de afbeeld ing / o a k verschuiv ingen. rotaties, verander ing van bc l icht -

ingsomsland ighcdcnn komen hier aan de orde. i let laatste en vierde art ikel be-schouvv t Pariss, 

eee n ( B I K i/ilerjaee. l. ' i tgangsp'an! ;s een gebru ikersvr iendel i jke inierïnce die in staat is m-

tLiaCtiett liet zoekproces te ver f i jnen door terugkoppel ing te geven over de relevantie van hel 

resultaat.. De kenmerken {_(ctiturv\ ) v\ aarop de ge l i jken is v an de beelden gebaseerd z i j n . kun­

nenn door de gebruiker in een ivintlow aangepast worden. Wc beschr i jven een archi tectuur, die 

dee gebru iker de moge l i j khe id geeft w/™g atul drop) interact ief afbeeldingen te classi f iceren. 

II )e interlace / a l een combinat ie van kenmerken gebru iken om de gehele (iatuhase Ie on lenen 

aann de hand van de/e classif icat ies. 

(( pe/ien m i jn voorgeschiedenis als beeldend kunstenaar \\ i Uk- ik een pioct schrif t schr i jven dat 

iniressantt is voor meerdere eliscplines. 

!k!k hoop dat a er vt.ui kam ^cmch'/i ' 
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