' () *e3ed4MFFA $JL6LTAMK  METHOD AND APPARATUS FOR DETERM NI NG BASI S
FUNCTI ONS FOR DATA OBJECTS Field of the Invention The prmmmmmmmmml on
relates to determ ning basis functions for data objects for
transform ng data into a nore suitable dorral n, for instance #49s6¢ gnal /| mage
processi ng appl i cations, nultimedia codil ng, d| gi tal watermarki ng
applications, etc. The |nvent|on |s partic )
sui tabl e i mi (L DEIERMIN TRget :
Background Data mani puI ation, whet heroijcangil 0o, Vvideo) |mages or ot her data
and whether 15 for anal ysing, storing, encoding, altering or other actions,
typically involves a transformation of the set of data, fromone or the
ori gi nal dp%ﬁj gqﬁ@#eﬁ&nanot her, usually nore appropriate, donain. This
allows th € nore readl ly or efficiently manipul ated. Such
transfofmati ons are conducted using a transform made up of a nunber of

basis functi OnSTﬁQQréé@ﬁtf |F\Véi'1tu€ﬁtré|ate§~$o aél@hmnb@&iagsffumﬁlthfw dataeolpents mfa t he
nost 2o common and | nportant tools in anal @Len audio,. vi deo. and i mages in

mul ti medi adptebasss rignstpsnimdataiiong S nA8dn3@8%e B deo in an

original dg |ﬂmb§e b%@@slﬁapﬂ@bﬁ’ons mﬁltﬂnfedﬁdﬂ&dﬂ@, digitslodateedarkingt he
t ransf or ned malnh 1s known as " oeffl ients!

|
ver si ons oﬁpﬁhca?*@ﬁsoﬁ?s Thednvansipn !f‘bqaé“c W Uéﬁgﬂh{ﬂr eg{fﬂ@?’?s&@ﬁ?'%%ag‘% glFf)ﬁri er

transfqpm bﬁé‘l&ifdrﬁﬁorg:t-é réﬂb%ﬁt%ﬁ%@wanﬂmagéaa&b@sm are very often used in
audi ol speech signal processing he DCT (discrete cosine transform and the

W (wavel et transforn) are widely used in inmage/video data processing. Wth
audi o- vi sugl,eabgng t he purpose of a transformis to convert the data into a
30 set of storned data that is nore anenable to further manipul ati ons,
such as conpression, noise renoval, etc. The choice of basis function is

I mportant as theygpg 1 AL hla‘ﬂén Q/f/hétﬁ@ d@@ama \ﬁmum@gbmcutm dalearvhetbeer s of
t he coefficients. I‘[—Q is used PI nmensi onal

audi o/ dpeeddr a;ﬂab’ﬁ@QSStPW(‘ﬂneQSO(i'% Jtprig Broﬂﬁ?rr?qt'ﬂ?% t}tﬁ‘?ﬁ"éﬂ%’ﬁ VeP Pequency

bands, whene,eafRatfonssueNsst dpaaed, fismankr the wﬁaammmtcﬂamﬂerof Fouri er
basi s functl ons (sine and cosine functions jn certsl n Cent%delygbp uenﬁl es).

The DCT t r assaltyrmeretapprariaten de@ain Tineglowsithe aiadePeimare fg 'CERTY ng

the vei ght s,0f jixRs dis ﬁéﬁ&?@flrnarueeybl%rco@adcte@osmglIaQra@.@tdrmr ﬁ&dwaofdl fferent
frequenci es e I mage/ vi deo data can

ar
energy-in- fnumiP&éﬂE@aSISTﬁHéCWSt%“Qﬁ?P@P'ﬁ‘EtSOr’?@ Whﬁ?gfngﬁ?t'oaalaée PR Bﬁge most
hi gh- pags ac'aﬂﬁ[‘% Hﬂ:%ftaﬁtrtsélg‘?rnﬁr}(aww&dl@ Vide® armnmage@fn raulbmeqraent 2-to-1
er

sub- sanpl i ng function to used in W gives erties

of the trarséeassipd shstemsaamongrs others. sHifRY %Ok\é‘é%%mt%&f% 38"‘?&'&'?1 8W'§uch
a transf or g «3he» ARk $hd gél‘a‘tp'réh’hcéﬂ% theerapeRirhbd H6MEInas Rndvreas Yuoefficigptsient s
in a transform But the basis function is the dom nant factor to deternine
a transformin the above classical is transfornms. In other words, such a

transformis fixggyl Pal@ Gk 8R4 Higitdl vbﬁﬁorémﬁr@ﬁéfoﬁh§amaﬁaﬁleln5bn esne dhe
determ ned. The coe ents are duced or E_Jg% ed a d| n to.the

audi o- vissudfFddast Fourieriransiorme ang, [PF-Fl(q'soCr%éﬁ trafﬁ BFee %gﬁn such a
transformige H‘?r%b@&/gﬂeedheé@ﬂ Eﬁﬁesén@CTh@bbsr (GReretd Eosiricstrammaortmand the

function or a cou alr of basis functions., For fixed hasis transforns
such as DC‘IWTRW?&V@[qatdrawaormhgreswlﬁlgm t@pg)m igpage/video data processing.

With audio-visual data, the purpose of a transform is to convert the datainto a
10  set of transformed data that is more amenable to further manipulations, such as
compression, noise removal, etc. The choice of basis function is important as the
properties of the basis function decide the characters of the coefficients.

The FET or DFT is used to transform one-dimensional audio/speech signals from
35 the time domain into different frequency bands, where each frequency band usually
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v20 the basis function is their nost inportant advantage. The di sadvant age
is that any basis function is only best fit to certain types of data. A
nore-recently devel oped transformis the independent conponent analysis
(ICA) transform The I CA technique uses a signal processing nethod that
transforns a 25 signal to nutually mdeﬁendent conponents in the conplete
statistical sense, The | transfar ransformt nvert audi o-vi sual
data that FUESBRN st A EOVEEPaTEHoo s BHEATEerme iR Rean

coef fi ci enggntrelffequBB@és)pr ocessi ng, the inmage coefficients obtained fromone
| CA feature (transform are statistically independent fromthose from ot her
| CA features. In other words, each ICA feature (transform, consisting of

an 30 anal ysi s The DET trindforms Yund-divsdrsionl itriges intd qwhcyerambpﬁemm tHey

represents a particular cp n shape,in.the i e and. in

whoh 5 vuegRGiar i aftersiegal Beniar Srebpiadira BT et reaBFissnThe ves
set of feaﬁnarg@ﬁnduotdatéb@ﬂhemte org4iseRian aadadse bf elstgpitafeyuenapng them 35 | CA
originates fromthe criterion of statistical independence anong signal
conponents, i.e. the coefficients, so the dom nant factor in the ICA

transformis thghe WT, tréﬁ&ﬂﬁﬂ@rdﬂ@fmméﬁﬁéridl ebRNAD anrlﬂglaipaeaarﬁd arewapsiso- vi sual
objects. In other words, the onIYEflxed f ctor in th trans rmls t he

property oVequenEy EgE i e aprRss AT SiRsPATt&rPE! sybrsasm ‘89 eﬁ@@te Upgtion

i ndepenglenggedan Wng@mhetﬁheldqmpmésxaﬂhe Grafsfoerst d4takbad W@brﬁmmgever y
suppl i ed audi 0-vi éqaﬁ‘ gbjogct accori;h ngly. The | CA basis functions al so have
sone speci 5FePginecalghlly otsHch alansfity| i sation, orientation, and frequency
bandpass. Al though the I CA transform p| cks out many ki nds of different |ICA

f eat f h, i ndi vid that that th
Foat uros ar o Spa8e BRTyTaBeTe el BROBERAT IR L LR ARER B P ABBLA™, AL ho

spati al anmeftfagrau@m%n @m&ldaﬁqmdrmfa&br% H@tferMIhé(éStrarisftﬁm intiee sV chegral and
bars with certain angle wi dt hs and hese are actual | a¥e%aS|s

essent ial BARSIIASs hapth@r yﬁrc#ﬁ élé‘%ha gﬁ%ﬂ%n isriv%'f ahe GaY. if igsaRAsePr

char act er i gihtfchs@re BeefRPRAE The 'cBeﬁH@nt%'a&'ﬂéﬂodﬁb&i & dhafg§éed &(cdﬁi‘@lﬁ@td the
properties of features in the |CA transform nost |CA | nat%ia‘r res,
r

obt ai ned b§udiexisya qal‘%??s“f"@i?'?fﬁ‘erféﬁ?t@é‘é?@pﬁl'ﬁg dO8EIP eSS O | s
that ar et t H\%nf@féd @ﬁﬁéé %'afﬁlgﬂmé td|) s ?ﬁ@tﬂ@ﬁs f@@f&ﬁ@*?@édd’e&p@ﬂﬁ{ i cant
conmponent s, ur es an are illustrati cer r rtie

an | CA i maB %‘3'3 upEtignss 1o Bxred basiiransferans sygh fﬂ%ﬁr ?:lg dd&isthgé' IC@GPé

i 'l ust p@t efedraRR flinonds ﬂ\éﬁ”ﬁif&s@ﬁﬁﬂd(’(ah@éd@ntaglél e digBROSNtage & thagaye 1 B
illustrates the Fourier transform of In both cases anplitude val ues are

20 repr eseh@%ﬁjfuélg'@'é?ng’c%séf't\@lcﬁ@%m tYPr?SIf’IfSﬁﬁae 1A hi gh anplitudes are
| ight, whereas in Figure 1 B high anplitudes are dark. DCTs and WI's use
only a single set of basis functions for all kinds of audiovi Iso\ual dat a

repr esent at i onsA MRIE- r?‘FWYQPée ered trapsiere) istheindepsndanteAmrenenhanalysiss o5

adaptive bﬁ@A?tréhﬁ?@ﬁﬂ OTe ICA BeRRHEE B5bsf DEiglN PFdceRainG infath {hat Eamsoreared
audi o-vi sual object, so that the coefficjents have the re ui redﬁ_bg? endent

di stri But i sanali@ WW@“M&Q%GPWFP@ROW%%@ %§°'ﬂ"ﬁ@t%%t?t’¥?t'|°€ es for

each obj eCEransTmﬁ%vwfswrﬁﬁotcbﬁvért mdl@wisoa%aa@ﬁ@@isatsaéllwmhbh E?SEHéI@t@d tOV of
one basis function for g since the 1 CA has an indiyjdual basis

functi on fétlat'ﬁk‘/’éuwmﬁﬁ%ﬁj@e"l iGients, IR AR PIRsesEing. (bR IMASCoeliceds each

i ndi vi dual oﬁtﬁFnlefro?rP&ﬁé)rOA fedftre @taén%fdm Qfet ﬁatfs(ﬂballytlﬁddb%hﬂemlﬂo’hﬁ those from
representation. On the other hand, th CA features are troubl esone to

| earn and Pther @%ﬁé%@%c'ﬁ@éﬁr V}fﬁr%le@ﬁ’é 'C%Lraﬁurssﬁr?nﬁ%mb)t CARFENG 84?0 r enent s,
since hEA BRANNIE Mterlkhn aSdyAlRER ftbr, @amuélyfana@cb@aw Rprédshlsya patieqar and
ti me- consum ng conputation. For each sef of data, eratio f basis
functions RAYMER shape irthe imagriYenswellyand j8iawa WaiRh isn"e&gg'l ":tub 'E"th%l'at a.
The 35 bas 're%tJrHQCThueuﬁ\d(‘oﬁraﬁéféﬁn gnegatw geBatufeshgitt ﬂhanédattrépﬁ@ls@ﬂatﬁ)hor ed

w t h audi o-visual objects for subsequent processing.
redundancy among them.

35 ICA originates from the criterion of statistical independence among signal
components, i.e. the coefficients, so the dominant factor in the ICA transform is the



4 Summary According to one aspect of the invention, there is provided a
nmet hod of determ ning basis functions for data objects in a set of data
obj ects. The nmethod conprises: generating a plurality of sets of conmobn
basis functions for said objects and anal ysing and groupi ng the objects.
The objects are grouped anong the sets of common basis functions, with a
plurality of objects %rouped to individyal ones of the sets of comon basis

f unct i ons. indeperident eaefisipnts pligined frogeandionyiswa) obiestss In qHer werds, theenly

anal ysi ng fd fa6teripithe |¢A1&a@érbm¢tsahérpwpbﬂ¥ bﬁae@;se?@ehéb BetWeb‘ﬁ abéftidiemt,
iterations, According to another aspect o he i nvention, there is pr ovi ded

a met hod ofn orgerda the IRGeRBIRDEE FHET, fWﬁ'ﬂH@CtﬂQF “ieﬁﬁ&ege Fhangsdiferage

dat abase. rma@éﬁred ageraws@esbjeﬁla@a@ufmglw grhteheAl HER@FEndtidhS alsBBEfe d6PEPS,
ether to at |east one o an i ma oup and nerge two

determnin

or norei n%@fé 3 PepsHies %Ja?rhrﬂsnL?C?'&?F‘%d’”§€§§°'bfa”€6rr?ﬂﬁgn%’g%ﬂ"§9?%ct| ons,
determining if the process is converging, and repeating these steps |f t he
process is determned to be convergr ng or stg{)&isé% ot herw se. 20

i mages are cl as8itiqued the{GA frapgiermypPigkputaaanyds dvﬂetrWtdIW\if%ﬁtWﬁﬁ f@@ls of

comon basggcH iHAGHLANa @nhe;t hil R&vedn cbnmﬁfn tBA1aHE the Fddusreb brd $pa@afiyo or nore
smal | er i mage oups ng two or nore | mge. groups nerges themrnto a

r
| ar ger i nagEenNd Si!r;Pa"r'rF@SF%ﬂ‘n%'QdO%?%d bath ithashatizlend frpgmqy&qgwamse Near ned
based 9§ t bPefwbideNthey afSIME8d@ds ArtBEERS with ckii@e an r@@umaths%'fnd/r@rfgmsﬂl ng to a
third aspeﬁgt of the I&ﬁ?@tl on,  there re provi de g‘?ﬁas S functr ons generated
accor di ng {Beserfe IR resgehtiabplemen Sf?rrséﬁ“'ft%t 8% 52D JpRgRsding to a
fourth aspect of the invention, there is provided a plurality of basis 3o
functions for transform' n%"siﬁipﬁs s of an ipage database. The ?l urality of

basi s functi onsA&Yifprhasaeteri q PRPPRTENS Ky e yisualdielibFosaly matsh et i ons.

I ndi vi dual proﬁeges opfeatdaes in"R& eCAl b RdTame n%é@ I@/S ﬁﬁ@geafeﬁﬂ.lré! élﬁlarh@dbrv]lldﬁla' ones
of the sets of basi s functions, es wi.th each one

of thelset garb?‘”&?rf%‘??sﬁ'&tsth% eflgerris grgar-lrke dﬁt@&%rh&f %"@ tf‘%”é? P$eRtidspect of

t he i nvent paentshRirRadds: perRepaany @@w&e\d c&ﬁbéﬁmlg%ggl\l aFROmB gt a
transforned using one or nore transforns based on basis functiagns accordrng

to the thi flusteations gt eestaisprepertienetdn thhinads: localisation é%d&ef‘taé'f’"ﬂﬁ@“

i nvention, bér’ﬂﬁ‘;ﬁ@ss‘% FiQute dadiIatidtdsod part 60aRahSTorfrOWefoP& Ydndgenory
means and programred to ogperate accordi ng to the met hod of ert er of t he

first two @H@cl%'"uﬂ&‘f%? Hﬁerﬁjmtr'ﬁr transiQranetht: 48 patrcases eRWITUAG ¥ALR®A™ t here i s
provi degl Crippaeftedlsd %eiis&aé Qallies. Retiguirei 1 Hﬂ?h BRpiittdédi Bt light wHefdasdat a

obj ects of _a set_of ects. The conputer software conprises conputer code
means for EEHW@h'QB@rW'&Heﬁ@"% HKurality of sets of common basis functions
for said objects; analysing said objects; and grouping the objects anpng

the sets of co asi s_functions j ect rouped to
(e sets of COMRhag gyt UICLIONS Al L1 2 oRLULALLLY, 81 PRhSche fouee
aspects, t higuddaibrebrszehiafoss, Maythes atClasyamdsirhple ad nmnq)urdt@tmducrtl on to
the Drawi ngs 20 The invention wl Iqﬂbtsfe)éfurther un erst

acconpéhyi @%‘é@@??'ﬁﬁ@ﬁoﬁﬁ Is ggRerat EY&r¥ PRSISHAT )égons;é)e(rﬁd F“é‘i"@ @Héb to the

acconpanyi pgjest so\Hagthe doffitfeined havei tBé! FeRfirdd ﬁqdébéind]eanFSfrfbutrd)ﬁ Hi5d thathagrs of
certain known properties of | CA bhasis functrons g_Brrg 2 is a schematic

illustrati B&ﬁ‘cﬂﬂ” RIESPaY thefiatailpd deA feqtures|forgach {fcb ljpgvercomes the

limitations associated with DCT and WT of one basis function for all images, since the
ICA has an individual basis function for every image, that is adaptive basis functions for

30 each individual set of audio-visual data objects for its particular representation. On the
other hand, the ICA features are troublesome to learn and there are practical problems,
such as huge storage requirements, since ICA requires the storage of basis functions
for every object, and time-consuming computation. For each set of data, the generation
of basis functions has to be carried out before using them in analysing the data. The

35  basis functions can also be a burden to be transmitted or stored with audio-visual
objects for subsequent processing.



25 and their corresponding sets of common basis functions produced
according to an enbodinent; Figures 3Ato 3D illustrate the iterative
process enployed in an enbodi nent of the invention; Figures 4A and 4B are
illustrations of signal dependence neas%renents by 30 mutual information
(M) between two signals; Figure 5 is a schematic illustration of various
M values of a single image to different comon basis functions in a

dat abase; Figure 6 is an illustration of how confidence val ues can vary
bet ween i ngg@fmappparently bel onging to the same inmage group; 35 Figures 7A
to 7Cillustrate various situations where a splitting process may be
required, 6 Figure 8 is a flowhart of an exenplary process for |earning

| CA features; FAgidréing td Sneaaspectoith@imvEhting therd isqgirovdedex evgthaay of appr oach to

eneratin set. of coO n | asi s.functions, far a.particul i, age

gat abas®; gﬁ‘?afﬁhnl"@'gg P@ﬂs?‘g‘oci'e@cg’rr Ba%@ﬁﬂl#sa'f‘f ?%@g%aioﬁjeg%d;@ﬂ'ﬁ% od g gur e 11
are the fi é‘tﬁhprfs%b:sgéﬁerét?é acmgrrasmy dpastsof Emmmohmaﬁisffmdibhefdr saigesbjdcts dndyu ][ es
10A to 10C, once grouped: and Fiqure 12 .is a schematic representati on of a
computer soRARGENT ABHRINg F1E Chiedtsr Fhbiesls AR aRHPEd aRRE e TRA i ¢ h
reference &smmbgbasis functions With Eplliatitgiof ebje s esupedito mdiMiduati esey oflikel sets
enbodi nents. of the present invention are described with reference to | CA
basi s funcP OREMORRRNEUFONS ef erred as | CA provides what is currently 15

the nogs useful approach to encoding data into nutually statistically

i ndependent conponents. wever . other basis.functions may_ b fyl, Wi th
t he Bresent i nveRg YIpuss psio\rfgfegﬂghn%ﬁ?%% UBgﬁlongoﬂ%%ﬂrﬁ{)(S"ﬁgﬁ@gﬁ@&@é%)
factor anabpjgéts nidyde repestee i a plurglity sfuierational ysi s (PPA), etc. 20 A
preferred enbodi nent of the present invention provides a sem -|1CA basis
function techni que, which generates a fixed set of | CA conmon basis
functions with Acedraihy t6ahothendspect aithelinkentioe, thateib psevidezt gmetirodiofage

of Dot B ¢ hASEHEBB OS] SYCLPEIRLS T mPase Al (1ASSRSREE b 36T BTt { on'of
t he DCT angoMfrisedbelassifying the images into image groups, determining whether to at least
one of: split an image group and merge two or more image groups, learning revised sets
of common basis functions, determining if the process is converging, and repeating
these steps if the process is determined to be converging or stopping, otherwise. The
20 images are classified into image groups associated with different sets of common basis
functions. Splitting an image group splits it into.two or more smaller image groups.
Merging two or more image groups merges them into a larger image group. The revised
sets of common basis functions are learned based on the current groupings of images
in image groups. |
25 |
According to a third aspect of the invention, there are provided basis functions
generated according to the method of either the first two aspects. |

According to a fourth aspect of the invention, there is provided a plurality of basis
30 functions for transforming images of an image database. The plurality of basis functions
comprise a plurality of sets of common basis functions. Individual images of the image
database are associated with individual ones of the sets of common basis functions, a
plurality of images with each one of the sets of common basis functions.



~An exenpl ary enbodi nent of the invention uses an evolutionary technique to
generate one or nore sets of common i mage basis functions by having a

nmut ual i nformation (M) based image classification and an | CA | earning
process. This technique can be used for Lﬁgenerati ng one or nore sets of
common basis functions, 30 especially suitable for a parti cuI ar inmage

dat abase, e.g. a novie, or one or nore sets of eneral - &8 n basi s

functions for |Aa¢yédlﬂ9(lﬁ adthespecbAEthe diveption. éherf 'Wﬁé'd?: 4 The work
domai n of E&h% |Wg§‘b%t§ﬁéhs¢&n%%i®|dr%&ﬁ nﬁ&e%ﬁéf@rrﬂﬁb&edﬁﬁhﬁaslsare t wo
basi ¢ conpone his technique in the descrlbed exenpl ary 35

enmbodi nent funpt[or)s am@@gctpaa%wrp@m%w aspest. | cA | earning, both of which
occur in nost or all of a series of iterations. Inmage classification is

used to cluster the images in a dat base t o sever, [ou These
groups are i denfreqrdiagny ashdn §$%°F%sf{‘eéﬂ¥ﬁ8m e{?aqrﬁ\é'g%ﬁrg 5‘#1‘8 i mage' s

| CA coeffi EbrﬁPltls‘?n érﬁm§s&ra%dtrﬁ@'h©49hé‘dn%~°a$lufpr@giamﬁwd tO@pémtmacnmrdmmgr oups
with siml %a5| S properties: orientation, bandpass frequency, etc. An
| CA | ear ni the meied iof either of nediistWo 28B8G!St he set of I CA basis functions for
each i mage group. Thus, a common |ICA basis is learnt for each common group,
using an | CA | earning progranme. The cl assification t?nvol ves

new techni ques Aﬁ@orﬁb‘SrtBé‘(ﬁ?égnthWﬁ@?%&gg\er{%"qn&’%ﬁ%{?ﬁ? RYVIdEH CREPHIS e 1 cA

learning, uYsisredy o’ﬁattérﬁgmh@ﬁbélg AR SonsIBNE4ta lobfatsOdf acsym@b,basu Thé unct i ons
i nvol ves a system of |earning common 1o basis funct]

re g | nmage
cl assi fi calCPORUERECTHAIE SOMPEFSA SRINRHEE ode fesansif %”iaﬁh\? r‘v’g?é1 n§ nor e

sel ect eg c ror £&E bPeonten BUSERlActibRsi ok e4ib rdab}wts aﬁaltmsg?éalo bb@ntsemd grtoupmgr y
approach: ¢

ustering imges info se
criterion, thaehiegtnamong th%%ﬁj%"f %0"8'1” g??'?ﬁﬂ‘ ??ﬁsowﬂ H@F’g 8tsl CA basi s
functions ‘Eﬁ’éh%@% ﬁt‘é!ﬁ/"ﬁuai Brds dFand bétdlopEorhiiBe ®akib flﬁdworﬁESt Way anmong al |
groups. Thi's y involve 15 relating the simlarity of a group's | CA basis
functidhAs to a fixed basis function; evolving i mage groups by '
conpeti ng-spl i tﬁﬁ%%@'a@?eét@@ﬁ@bwemncmaﬁ@} b&CA Bésis umtionghasi s
functions of inage groups next-step evolution (that is the next
iteration); and gradually re-organising and fine-tuning the imge groups
until the qhm%ﬁém@thgmmﬁgg ged. The I CA basis functions produced at the
final stage are EXpect e o comon basis functions. Figure 2
schematically illustrates the rel ationship between an i mage dat abase 20,

i ndi vi dyjal i mager@riightion Williss fFther &%eaétdod:@mme Besvimpahying tdeseriptidd of | n
classification, the neasurenent used for 41%&0'% how to.cl ustehe mages is

25 ref er r echondimitaties exagaplesvitt refesenaerde & PXINg diRyings. MK is a

dependence | evel; é‘gA'a% wabiiiatrandrs @ebaiin®edoln propartibataf IOhjbasis, such
as an audi o-vi sual data object, by a particular set of |ICA basis functions.
A smal | er Nunetighsie neans that the particular set of |1CA basis functions is

mat ched with t h%gmgtlelsta%cﬂér?ﬁh@ﬁuét%oﬁ@ﬁfaﬁ Irﬁég@”@éaﬁés@t |t§lélestﬁﬂrﬁ§groups
i ndependent. The

est M val ue anongst .all "Ic\éléﬂ (g éleS bet ween an
i mage aitd tang theif cerrespondipensels %&gm@OF‘LH?étslfBrr‘Q'of‘ﬁBf FBSAEGRE H%&?’@% to
whi ch the i Ir{‘.]g,l,tongs to the relevant basis function (its bel ongl ngness) .
Based on M ues, a confidence paraneter is con‘g}aiqed to dembg 8¥VFI ose
and how i rrportarﬁlgwlﬂﬁé 3Aia @l illustiage thedteratiye prcess emriaved gt 3N pMPPAMEDt Rer
groups. Thet hveh r confidence vaI ue an i nage has, the nore inportant and
closer that Image 1S to the group's common basis. The conf i dencegpbaramst er

i s adopt ed here Bgurgsddrana4Barei Stfa@%%fé'QWQ%WSFC%WPPWW@PB
pr OCesss. b iﬂg)%gﬁ&h (NIIS bRSVebRTNB dighhigan cal |y as the image groups may
or

be spli nerged under various circunstances so that .t ewﬁ%/stem S not

trapped at | ocal Fighiei Jris.a sahamstie illystralionaf Ngrious Meyalds i@ SPe'e HB29U9 set or
a sub-set O&ffél{/é\ﬁg@qinﬁwan%Q&Qfﬁrﬁ’ilgﬁsdmgic%ébas-éhe confi dence paraneter is also

used to judge images are to be used for |earning, Bﬁt hat onI%

closely rel ated Blgutaﬁﬁrarumstraﬁa@@fsh% eoridsaem valgecal Vank PR ESAMARES
confi denceTg%@%ﬁ&q{] (ﬁ{gﬁ g@ﬁétrﬁége geugmeters in the lo exenplary
S

approach e confidence paraneter, used in s | i ttbl ng
Figures 7A to 7C lllustrate various situations where a’splitting proces may

required;



processing and | earning processing, play key roles in determning the final

out cones of inmage clustering and basis functions. Evol ving 15 Evol vi ng
refers to the whole dynamic evolution froman initial state to an end
state. The initial state can be a given set of classified images or a given
set of common basis functions or any set® of basis functions/i mages. The end
state may be flnaIIy classified i mges and common basis sets. Evol ution

occurs via a nubigdie & 3 fquychartghan QESe'T‘%‘ﬁB’a‘?rp?ﬁfstfﬁ'é'e%rrnﬁlgégéefga@fesr mage

conpeting, groupggil g fstdneAnsl MBWEHIMGS a@r&eh@ﬁarﬁ apBhEN Rendhting ayebCcesses
at each evol vi ng step (iiteration) %/rpc ange the nunmber of classified

groups andtIEMeRI LSS iuﬁét'cij}scfﬁrp%P ﬁ‘d@@@“aﬂﬁé’?t%% bet ween groups or 25

that are split pi@uf@mmdotmcaen@teh@mp@mmgaéﬁ\&ea@bg@r ed as changed i mages.
The nunber of these change araneter to neasure the

stabilily of inBgdregtoRg t'&? ﬂ’éﬁ'éﬂsrfﬁ '9'?\ CP’Pi‘ oprhagisdurctions fasthe,imnageiins

par anet er F@{]rebq()y\&@(ilogsoﬁcé:@@bpédj@ﬁﬂI on for nmeasuri ng the convergence of
the entire evolution, The evolution is, considered as stable, or ?onverged

when this par anP0ee 125'5@& ﬁF‘ét'%%PE%ﬁeﬁtag'ﬁP@ R GPRIPUtEr BYRter suifeRleip 30

i Il ustr at epdriemirgethatd chRigRes 88sdbed with Péferdnceto Figard’di ng 19cheme, in whi ch
conmon baS|s functions are learnt for all the images in parallel. Figure 3A
represents the initial groupings at the beginning of the process. Figure 3B
represents the groupings after one iteration. Figure 3C represents the
groupings at one iteration before the final stage. Figure 3D represents the
final grouBetalled Describtian\y t hi n each evol utionary iteration, the approach as
exenplified contains three basic processes: 1 ) conpeting: image
classification udged bé usi ng t he deﬁendence nmeasur e ual
information (M esgyibgd embpflimenizrighe gresen| nyerdigneary ?Sﬁgbg&'\ffﬁ%s to renove

sone | n'ﬁgeﬁefér@néé)ﬂbﬂcma@s%@éﬂéﬁs aMAOSY arBRF &ferrédTBE fFSA QfovﬁﬁBMhagrstdJﬁ%ntIWt 0
one to reduce the nupber of

roups .and enl ar di ver wi thin that
o oup: Thindihymesl 4pPibIgPPPaEiY A BASTI PRIAND WAL SIS FsRER Gt oup. 10 1.

Conpeting EQARSHENRI HSwdVaP diéraRsR fivctiohs Alaytbaisers with Hedpresértaivention,mage
bel ongs to i s deternined. ‘Thi s i nvol ves_fi ndi ng out whi ch set of commpn

basi s funcfor 5\%3"8? PHRCIPAEgEPRASN}aRBIYSIELP Cma?t@b?’@éﬁ'ﬁ &) (ﬁfOteﬂ'\?%p‘HFWEess
uses a NMeagyiie ﬂip Aased on ICA 15 criteria for determning image
bel ongi ngness. e paraneter used in this enbodinent is the signal
dependence neasure, mutual information (M), which is the ultinmate goal of

achi evifg st ati Atgréired BHHRBEIRNNEEthE Prdseht m{/éht@ﬂ eévides 4 BemMCABRSSIr es the
dependence (in the conplete statistical sense& 20 bet ween S|cglnal s.with the

sane di rne*nfsf:iné‘i'ﬁ:!1 tePW'ﬂ%g‘é“@*&ﬁﬂ?F%ﬁ 8 e eslohiGA RomMeB besisifundliens Wik aas a
neasure of shal?sé’t%ﬁ'%?f&% Iér’@ért&téﬂalse '(@g' %nﬂ‘e@%fdca'téba%étéuch%s f&fa |?3holi?ie9lr ality

of nxnlmag hatc hes from an i mage for exa
yC

coefficien ztechpigue eepLINe ogtpe é‘?ﬁilti/gf Bagh fr}?eaqagg\é’éb?%? f?ﬁ@-ées R 8tb‘hr ough

| CA wei ght ghdiftetdirApie ba¥iks flifdibniofthedSCtand W, The rel ation between the M
and the signal dependence is illustrated in Figures 4A and 4B. Figure 4A

and 4B2&5how an exanpl e of observation data having two conponents, as

respective ti meaR@kb@planf&BHb&nAt @fhﬁe\!\@vbﬁ\ﬁbnsjs@s|aarev6@ﬂ&@é?9|t§<ﬁ1nlq&@ tdri gur e
4B shows two dissim |l ar conponents. \Were the twg signals are | ar,

in Figure ggeratganenr g se sd%ﬁ@’r’i‘ﬂ@ﬁ‘t'magﬁ bagis fupctiers by baving 2 H‘ t he tvvo

signal s ar ﬁmf&h@ﬁbmm%as&ﬁrﬁd@e%léﬁémea% arfd"@‘b’l(ﬁ\rl@am’fg%rb@é&pﬂw%ent so the
M is lower. Images with small M values form an |rra e roug) and a uni que

| CA basis leshRiue camhe vhed @rsaaerra&ng PRE QITRABSEH @ basis functions,

30 especially suitable for a particular image database, e.g. a movie, or one or more sets of
general-used common basis functions for image representations for certain image
categories. The work domain of this technique can be generalised to audio data.

There are two basic components in this technique in the described exemplary
35  embodiment: (1) image classification, (2) ICA learning, both of which occur in most or all
of a series of iterations. Image classification is used to cluster the images in a database



.10 Tg determ ne the M neasurenent of n2 | CA coefficients of nxn inage
pat ches, this enbodi nent uses an approach devel oped by Al ex Kraskov et al.
[ References 1-3] based on the k-nearest nei ghbour distance measure to
est| mate the nutual information. Software avai | abl e at

“www. f z-j uel i ch. de/ ni ¢/ cs/ sof tware”, on724 Novenber 2004 and 5 earlier,
referred to therein as Mitual Informatl on Least - dependent Conponent

Anal ysi s, N9 SAYPEBAGIONPE.of heRa PHPSRIeddeniiEed By Hpastpaliont drpesdengearalue
Speci f i cal dfong fhe ma@@elm BbeffiSiBsts! hﬁage%tdrérméPéb)J aéssﬁf?éd\’a.tov&aﬁgrﬁ déﬁ{nhdfﬁt on

is described in Reference 1, in particular in section C, on pages

of Ref er end'QURS Witthgimilat |Gy basis pr_opeztlgs \IriepiaseR. RaREPgss frasenay, @it cAn lﬁﬁj | n

Ref erence [damniriy a\gdrithraud ased 10 |éeﬁﬁtm@§btlaf ICbBADRMclorRTEr SachBdhale ghid t O
i nstead. These %Bg]roaches are ere |ncor porated by reference. &her ways

of det er ni hiYFg? I9ARFSISCS {RaERt for-Rach COMBAN GPEP. USKIg FRICAIP2INHTKor nat i on
anong obj a(ﬂnﬁ'et'hlfre iaalanma @@sgﬁéﬁtwmm@l@elnewttéc U3 dnidBep Y, and
Z, M(X e&bg &;\ gb that is rJ'gh(;';d{e M betV\?ear?N?LSS t hree
obj ect's mere%@ei ée%falﬂélcaf‘c?et%’ée Eiﬁr\eafmmshesm existingtachiaded Y pl us the
M between Z and the conbi ned object XY. Thus, the M can be deconposed
into hierarchical levels. By iteration, one can deconpose M1 (X1, X2) . .
. Xn*[n-1 ], Keneratis ofgopmen basjs ipetions invelkes g-sveiem etpagingicanNBos et  of

M (X1, 10X2, basis functi¥n’ [bS}Tépdatm%ﬂﬁégé aéélslﬂclaﬁo%nd)%é@%@rr@r‘ng?ﬁﬁmlferé!"lst hin one
cluster and the M between clusters. Kraskov's Hﬁéﬁfroac provi des the

M (X, Y), vEREVeIfnemef opeqiingie 5§l?&¥e§r°”§ﬁf iay dbesxempl ?§hn'%ldﬁ isthased efer r ed

enmbodi nentammtbha@ abe%amoeuétbmgg imdg@s frflo ?Rﬁu@é %b@ecM)r( &tlassificatiofn2) by
F 8 i, mge ches he opti mal nei ghbour

recurS|ver usin g . For
par amet er ¢ritenaR, g@'\ef atrimage is §|a§%ft'3ddf‘t°1 e gfHP %ﬁt'?ﬁé’aﬁlﬁlfﬁ@tpﬁ'@ﬁ@n oned

in Refere t [ at 1
010, the aner 0 aﬁa"ﬂ”gﬁﬂﬁg‘@%@%ﬁéﬁ' ORI B0 FliftR 2L
9

consuning elting gis-imilariy oupAr&A tr?é@efuwloeﬁ&amdmbwmﬁw grel¥ngr t han
0.15 are sf{a8elRslipk®y d@%@ﬂﬁ@@ﬁﬁﬁngm EMﬁ&sabénéDrahrﬁHaﬁﬁ-\scdrﬁmén gasigbase

and currently O sets of commpn basis % ¥enct|ons For an image p, Q sets
of 1CA coefflf“?t@r‘éﬁf iN3ger kSN BeX{1SERP SVOBIiCR KiBat igdpnext #afadinel @Ry usi ng

their Com@}QdM§Ir§-ofgdhﬁ?§dgoé}'§} fnﬁaﬁahmgﬁtﬁe %ag@?&uﬂscurﬁlﬂﬁw% GflerfMe its M

val ue cal cul ated. The relevant set coefficients iS called M pq,
which is tiRaverRgedaiThe Hedbasis funstions preducesiaattie final staggane thera@este8m i nage p

by usifng tdenhie badis RMEHEHs. FEgire Zf%Hth@ébﬂy ||ﬂst¢£lesthje re%tlonshlp bédveer 2R

degree to whlchlrraeadeonsma 35 Q. comon basis groups, that is
the bel ongMaga&atabase 2RHREVidualdmage orgups AFivienshd? and geramoprkasisifyncliensr i ned
by the snmegq est value anong all Mpqg (g =1, 2, ..., Q. 11 The smal | est

M value for image p is referred to herein as Mpq,, and t he second
snal l est M value as Mpg2, where g~ and g2 are the correspondi ng comon

basi s functionsp da%%iﬂ@&ﬂdnvﬂieMneédmrérﬁér& Lﬁbﬂﬂir%d@iﬁgﬁ‘ﬁ% tPEutERigfges s al ways
find the nmost suitable sef of commn basjs functions as the g~ anong all

the avai | Jsfesreddphpreinasihe mutiakintorgation (1) valde whigh is ardapendercedevel abl e set

of basis féiﬁ&ﬁg @lﬁco’éﬁﬂneﬁhé’éﬁtﬁfn@d frlofh @dgtra%ﬁect @uGHégaﬁ a%@féei@}a‘l gatal ¥
illustrates an inmag on an_i nmage dat abase 2 anongst

i ndi vi dual ORieRbRY @P%%awtéﬁ@%mwnﬁ%&qs‘s Arﬂﬁe'{qraﬁyabw m%@?ﬁiﬁ?tﬁbel ines

drawn bet vegficldieet HRGA Bast Fnétions 64 ﬁnfaehe@wtﬁ@rﬁamglaaéIpsoduéecrerns 24, the
| ength of these |lines represent the val ue é\ﬁ)l to each respective comon
'@

basi s 24. ¢a¢fficiants thakargipere "?q?é’ef‘ﬁﬂﬁe The seales] luermeastiall HetM! t he
smal | et Maifbs JERASSH &h ReBGR| arldahé different common basis functions indicates the

degree to which the image belongs to the relevant basis function (its belongingness).

Based on MI values, a confidence parameter is computed to define how close
and how important the image is to its classified basis group from other groups. The
35  bigger confidence value an image has, the more important and closer that image is to
the group’s common basis. The confidence parameter is adopted here as a condition to



s ndicated by a solid Iine. The second smallest Mpg2 is indicated by |2
with a dashed 1s line) the third smallest Mpg3 is indicated by 13, also
with a dashed line and so on. Another paraneter, confidence d, is conputed
as the normalised distance between the small est and second snallest M
values M pq, and Mpg2: d= (Mpg2- Mpqg,) | Mpqg,. 20 Paraneter d defines

how wel | the imge can be suitably represented by the c n basis set q,
ngai net ot 055 105adRBF T Rerds iBesar: bR 2P RRrD S REToRES VR B S Bong
bel ongi ngnwesmage groRgs naytse dplicotiasiged sAterdarioandraunsstaricks bt giengness to
ot her basis E%t]s. A smali confli dence val ue d shows a weak bel ongi ngness of
i mage p t oSYSHRM B fapreqatlocal MM | ppge p may, for instance, be at the
boundary between the group q, and q2 or others, or it may bel ong to anot her
new basis set. iS paraneter d_is also,.i rtant for def.ining how well the
ont red mage. 1 LSt aAMine b perthinst Gbihe Tilr pha s Rl GUmBogR SR8  obust
t he bel ongiorgaegmoupf Tas confidinct pamntstenivalsbased td judgdehfchtimagesarplto bat i on
will be, thr%tfghl a _conver, ncF r‘reafyur{e nt.i on dtl.ater. SOhFieq‘ure 6is a
schematic 149 EP%’E’H‘%S%*?"SPUV%??G B PR RS HEC BT £  er ent

i mge-basi s cl oseness rel ationships on the confidence value. As is

i ndi cated by theg_bpundar f, conmmon basis 1. all. three. i ) dc
bel ong to o fr Lt ERAER BB v der fis vodmerralPiindar B,
la,, |, ewindlary approache Thd traeshttdsoofdigconfidehceapdametraseddoaplittingoasi s 44,
the images _a, b.and have their.second snall.est. M.values. as. la? b2 and
|25 I agePRerR ANl aroHepinG: BRY Koy Fies i detgin e ie e gty 2 ©

| b~). 1?nabei clustermgaridhaisisifomgiens. i s cl oser to the first common basis 42
than inmage b is. However, assuming that inage c's M difference (I~2 - 1~,)
is the sane as a's (la2 - la,), then the normalised M differences provide
further inEeswnayi on. The normalised M difference for ¢ is: 5 (lcz - |1~ )
~to, ., _The normalised M difference for ais: (la2 - lal ) ~ lal Conparing
the nottalised M differences for a and c (lc2 - 1cl) ~ict ~ (laz - lal) I
| at 1o since | aRvolging nefeiseto thidhahole eyndrhicevolabomfromedn inididl Statedo Bhendnce

shows image a i.s t.he closest one.to the.firs ommon _basi s 42 e
Chree | magieta. Ths i S EAn B et SucintsiladiNERRE pedBivin S AR e
groups ar epaeid futions arang est dftbasisiasctives/inesyese Jbb endlstatantayfb®i finaly bases as
measur enent s het ween diféerent %roupstl%a . not con*%?rablﬁ iog.tFiaqure 2.
The scal e 8PS MPERRANY EMHIONREPE R Sy roTBLON SO P V& BRYMRE A IS E PR
conmmon2pas iepebtintcthie pRscestexafdimage oompeatire, didupespiitting ahd nesging.apypdrastshat  al |

i mges hav% spall M values to one certain group but |arge values to

anot her gr §88"%o Figure 6 further contains a threshold I'ine 46 which i's
explained later in the portion on |earning. The overall confidence neasure,

e.g. the avera confidence val ue -t t i e al |
Troges in tne JEPESTirbOStes ab Buatfetivitd e D tlon BRY ARG P b
conver gencelagdifisdgroayoind thermagéeinghe hroupsn Inagesiiratanos ibktweeh gamupsoged -
when t he ayer age nfi den val He or m ni num,confidence val ue iﬁ.h bove a
threshot d_ 41t 4% SRt O1RETSR0 &e ARRINEAPHRAR TSRS 35 SRNERE Mad8s, TS 1 o
anot her chan@ber ofithdderchangyd inyBlid a parameter to measure the stability of image group

clustering in the previous iteration. This parameter can be used as a cost function for

- measuring the convergence of the entire evolution. The evolution is considered as
stable or converged when this parameter is below a certain threshold. Figures 3A to 3D
30 illustrate the iterative process in a parallel learning scheme, in which common basis
functions are learnt for all the images in parallel. Figure 3A represents the initial
groupings at the beginning of the process. Figure 3B represents the groupings after
one iteration. Figure 3C represents the groupings at one iteration before the final stage.
Figure 3D represents the final groupings.
35



range. 30 2. Splitting and Merging Splitting is where a single inmage group
is split into two or nore smaller imge groups. Splitting is perfornmed when
the nunber of image groups is too fewto represent the inage clustering in
t he dat abase well. There are a nunber of possible situations 35 where
splitting may be useful or necessary. Séveral exanpl es of such situations
are shown in Figures 7A,. 7B and 7C. 13 Figure 7A - onge nor e i nage
groups 52 is summmleawwyo'yt@aagIteret'%ﬁ'ﬁ%@wr%@rb%?xeé%'ﬂ@%%@"smr?% t he

i mages 54 ? EI% &si mage group 52 such that the sub-groups 56a, S56b, 56¢
woul d be of generally equal conpetence; the set of |earnt commn basi s
functions 58 i s1t hencampelfast tAGecC!asshiratian JUggrRosy sing Pcﬂ?ﬁ@" %Gure 7B -

one or nore iMage gr pRSBheh nﬁﬂuél';rﬁb@rﬁﬁtbﬁ <m>g as to cont ain several
sub-groups, with the 1mages 64 in the bi

ig g:t; 62 such thai {0
sub- gr oups 66a, 266b WRfiEliNg/mergg: Q@HéP@PI'VgﬁH&%@ﬁ % MecHRe IMmages Ltoryy

| earnt conmon basis kfyrd H%bk@ﬁé/o@ﬁlefg? Hﬁﬁbéléiﬁﬁalbgrohb@mlf@b@é toeludy thep.
Fi gure 7C - one or nore I nMage groups

has very vers e.or W
di stributed i mages 7numpﬁreofdm|ag%g{omﬁgage@l,a '%fs'%w'r%'i‘ tr&é@f?”@n%@é;h to
represent i magess! UStaphingt 18drAwadis FLERSTE daak frméd grddp. Most of the
i mges 54, 60, 66 in the Targe i mage groups 52, 58, 64 in Figures 7Ato 7C
have small confidence values as they are far fromthe set of |earnt basis
functigps 38) 6@ompRtingher eas i mages with high confidence values are always
close to t iS. S0, a sinple criterion to choose the images to split
fromthe current group is the 20 confidence value. Those inmages with a

confi dence val u%oﬂwp’eﬂﬁ\%fs th8Broc@sé B\ﬁ@/ﬁi&ﬁ'tﬁe basis @Joﬁfiﬂiﬁtlah MGy belbfigd teds spl i t

could be into nore 3rou ps, the |ma(gfes W he sanme 1Eﬁcond cl osest

group g2 ||de§ri’9\m3ﬂt Thﬁﬁ@é’"{jﬁs WH'WB&UWB'CHéW SREMerRRSIGIUaGIPNs B 8NiTPa%Riency

wi th whichy @gﬁ%gm %beafaquaﬁ ?His'ptrc%]de@g usédla hféa@dﬂeﬁ@n@dasemmtl e for
ou y

spllttlngs eal e set when the evo utlonlsloc stapl e
(1) evéry crtefiaforidetaraininghinage kelonginghess. + Thigparemptaiiasd ¢ aﬁ%‘?@“

| mage- gr oupy tjﬂg s@’ﬁgl d%'é‘ﬁééndeﬁn&%de ﬁﬂ@thbl,mﬁfmétﬁ% (MIEWhidhas eealiaateqaf sfdence
val ue change m st to step IS Ve%p . 30 Merging: refers to

reduci ng tﬁéhlﬁwﬁﬁ)éwtlﬁicaﬂn@l@@%’ﬁeﬁe‘* By l6fps durl ng evol ution. It can happen
inplicitly or explicitly. There are several situations where the mer gi ng
process tends to happen: Dur i n&\ t he conpeting process,

e

inplicitly happdmgeneial, BﬂelMl fﬁﬁ@%§9$ a@e@%‘é&?cf"&ﬂltg@ ﬁ?’Bp'Sf%ﬂﬁt'%'ﬁ@ %Ps@ever al
groups gf t %@nml gigﬁg ‘?&bu .%hagng higiifhadd fediurd 3 ptesentston! tre Mnigsed

groups ‘vani' s ri ng e | earning pro ess) all im e? &% ?roup
have confi defioed s msw@mf\thedw@adﬁmmammga%h@ IGA %Q?ffﬁ"e@@ﬁmﬁg Rf BRYAIY ear nt

for this grgHgn eesxffo?ﬁ an 'irﬂaél;{:(ﬁvsl'\'éﬁé;fo (OERBId, A% &) %ﬁk%ﬁ@d mages

will be mer er groups ens en several inage groups
have simi| are thesresulf cnfranalyems the Bhagerpaichesy gethrqmbécddwﬂiﬁé@d@'ﬁﬁe Wrtbab can
be nerged expl icitly with other

25 c=wX

The relation between the Ml and the signal dependence is illustrated in Figures
4A and 4B. Figure 4A and 4B show an example of observation data having two
components, as respective time series. Figure 4A shows two similar components.

30  Figure 4B shows two dissimilar components. Where the two signals are similar, as in
Figure 4A, they are more dependent, so the Ml is higher. Where the two signals are
| dissimilar, as in Figure 4B, they are more independent, so the Ml is lower. Images with
small Ml values form an image group, and a unique ICA basis learnt from the group is
its common basis.
35



groups when the current group has too few inages, e.g. only 1 or 2 inmages.
3. Learning 1o The common basis of an image group is |learnt by passing a
subset or full set of inages in this group into an I CA | earning programe.
The subset is preferably selected by a threshol d of confidence value, f,,
as sone images with small confidence val Wes may not be key images for
common basi s Ie?rgi%? The threshold line 46 in Figure 6 indicates that the
image a is | ocal 84elfIMiReihe M magsuremenef n°daAmorticientsoofinradmage patchase 15
edge of t hihfs ghBeimancldeld @nidpREch deeIBﬂ%’d BﬁAleQWa?skBCet B RALRHP §

excl uded féomthe subset for |earning. An exenpla roce@are o?e ada tive
| CA featur ﬁegé’r”ﬁhﬁg -negrest F‘ﬁ'QPP‘&{ré*d:Fti'ﬂ?etWSPrQ)wamatQﬁ\eImlgualenfermaﬂwer e the

left side Séftvt/ahr@ aﬁ/blﬁalble‘i‘atQ‘hMﬁ»sztjb&mHrc@ﬂﬁ@és/s’?&fﬁ@?e"aaﬁ 23?‘°%hﬁ‘§gpé®égé§‘dt ge -

right sjde OL ure illustrate typical resuft
| mage Paf cf¥ efp?ﬁ‘g &“rog@éaef?mgaa MU@?Hﬁfmaflmﬁasﬁg@per@aamqmmgena_lm, is
used to gereuRilfe ﬂﬁlfd@f&ﬁunl@?me%le%tﬂl%)ea%%en %‘e§ﬁeﬁﬂ:taﬁ)h?ﬁe ﬁr‘hﬁo@@%np' xel

arrays randomtéesel ected fromthe |naq% ve such patche

shown in FY Sst'"Pﬁ}P”i HX P aehose geriyaiign ds ﬁ}mrlaed arRefergnpe 1nibmarticutasfrer abl y

a large nugdma Csue % BAY IR FRBfHENR KX SRPRHaY ect ed
fromthe |qn%ggn%d1'lg bag?sc hes 102 are nseI ec-'?neéd rané‘g}% )?)bﬁvvhacgj%ggﬁ%h(é:ﬂ/ser al |

ki nds of enence fenipaeigelar frovechien Bnespagastd and Sx®ydiezusedeach
group fms iastéad. Sﬂ?hesefaﬂoé?&m% R&EbpinbeR6EHE Sy refltetd. EORRE Iy %gs {:10
generating thelE) hes randomy is to obtain the patches regular
bl ock- by- bejemyinia &' I 3y algq B%t-’??fbaﬁla@@[@@”?tﬁ turn adjacently from I eft to
right and top to bottom one by one wi thout overlap. This alternative way
is to avoid Ie% the bl ocky effect caused by JPEG MPEG conpression in
the | earnt basi sorf baliifagmatips’amgng ahjecty B thegnaintembagimentnige phisstsss i s
then carrlm ot Q)‘(hﬁ%dp@m &, 2. !

Piiages) X e o t»e H2MIK 0o MR YERARCRe m%%aﬁ ey

t hr eshol d, out fromt oW hg st eps

not hale etHEﬁ?ng%Xrﬁs‘%”dt%'srﬁoé@btﬁtthQ’ s ef the. Mlsbetweeraa%@ngéf DlhethelME are

each vect cgdtwésh 7 Bh@ theeSRhed 8bj6& RXY. 1TIHR! HEMVEH Y Secoft o§é<§3<91tc$204 and
the vectors are used as respective colums in a data nat |p t he

matri x X iRegrehigableusles Byiitgratiandoneseandesampese Wi (X3} ¥aent, §<fi*h\ -tlh¥n?) darer al
direction fHuab 1 snd BPafvpRfiomhg mhé'g@tsofmgm T@USI I{Fﬁue )fnt%(émﬁlll A s

nunber of colums equal to the nunber of
of the mati§t%est elp@episyvtisene C'H%t%@’@bthSM@eth Q'ﬂ%tt‘-‘@ubtractl on from each
of thegel enents of each row of the respective nean of that row, to forma

modi fied matrix; (ii) then subtraction fromeach of the elenments of each
col urm of the MY@PHAVSARPERIGPraYides e MIGH¥diheee Xwnd Yoean beiscatar arvactohi s

resul ts i rel@néams rsth@fpréférredJéMdeﬁféﬂﬁéﬁi th|§%80r|@6<5 uld 18 &Hbf‘a&b @ﬂ% of
the rows or c Iurms has a zero nean. 3. -Wi teni

pr e- whi t eni- »r?éi" by recFsiveyusing M'%Y)st@ﬁ 38@08896 wtmxmqunagth X X of
20 "pre- pr&?&ﬁé@ﬂg& |H‘i’%r9ﬁéé:hﬁ§ sefa°t1@rﬁ1e"24?1'dﬁl%'ﬁglsg3r( ﬁ{cﬁn%rd% %fe‘?‘erp ‘PC' pal

conponent ana r'enove an pecCitically,
t he cdVar |"aﬂt,ee'n't%ﬁ"ﬂﬁf)tat(99\ﬁﬁﬂtl®<n XM, pagRide is 98 abl64Q.aHe numbexof data phintsiseed, and

fromthis atth@O(ﬁghé’h%ﬁQrVﬂ'\?% Bﬁﬁaht‘i?ﬁ%tz:gﬁstﬁﬁ gf/‘ L-?@Sﬁem wb {]ﬁplagegﬁé\?\ghe%t ors

forma whitening matrix e el rs-as re

statisti céN'thmaﬁ'amQ)@r%?”@nc%W aee Weﬂ@emeaeurzme@br r eI ation. The data
rratrlx Xis processed u5| ng Vito forma new matrix X given by X =V x X
3.3. "ICAlearning” 30 "ICA |earning" is carried out, at step S210, e.g. by
the al gorithm A¥sHEg thefsareR inpoeaipa dtekaserand quirentlyTRi sety afcompaembasis Uses

the daja Tfﬁﬁdubﬁsb Xorish |%@£adj§éﬂ 5 e B rc!éhts Sy beT%\ﬁweertE@ ﬁ%mﬂa rﬂﬁ%é)sys Com

matri x Yglven y are as |n epen dent as 0SSI
i s conver gatahes Phashatheixcemmps basis fgbens. Eachaet of eaeffidientaican kaverits-Mt der

uncorr el atgfle calculated. The relevant MI of a set of coefficients is called Mlpg, which is the
mutual information of ICA coefficients generated from image p by using the set of
common basis functions, q (g =1, 2, ..., Q). The degree to which image p belongs in all
35 Q common basis groups, that is the belongingness of image p to all Q common basis
functions, is determined by the smallest value among all Mipg (g =1, 2, ..., Q).



3s 3.4. "ICA feature form ng" 16 "I CA feature formng" is carried out) at
step S212, to produce a matrix W(the "I CA transform') and a matrix A (the
"inverse transform'). Matrix Wis given by W= dWx V. The rows of the
matri x Wrepresent 64 | CA weight functions of the inmage 100. The inverse
matrix Ais given by A= W' {or equi valllantly A=V'' x dWI). The col ums of
the matrix A represent the corresponding 64 | CA basis functions. Each of
the matrices A and Wis a 64x64 matrix. 10 Figure 9 is a flowhart

il lustrating thehesmblast 8N QblbifeTRaYe PR FAEELY toi HRedinids Mipd.hend tHeaRcond
above-nmenti on?d mcesse . conpeting, sc;)Iitthi nq%i mergi ng and | earning. A
det er mi nat $BAlEsE Mhyglue agMigga Wherod andrdz g the;REESRANGING CAIYRAN PAY%H of t he
i mge dat ah@storisSreshpB&ivEROIlE thidsimiple SuhemREaN Miae ChnseMEBYSifidthe Atbsset s of
conmon basi S‘a§5 feznfﬁtzl ons avail abl.e, and not havi ng@t her_ntgalthou h the
choi ce touPtaRiersel oheAUMMARLERE SLGCHPTF 3D gk ABIoNG Gl $hg avaipble SRAMPRASISs

functi ons) funbEsHENTE iBESLWR theSsafe SitableiseboftRist fOACtiRAEIRNcIDSETeY i nct i ons
avai l abl e, a conpeting process is pertorned, at step S304, to conpute and
conmpare th8O¥P- val ues 20 for each image, and classify inmages into groups
according to their mnimal M values. During the conpeting step (S304),

confidence valuegs for the images are al so conputed. A determnation is mde
of whether the @EE%#TF‘F"?W%’EQ‘I '@%@éﬁﬂ@'”@geé’t%ﬂt%‘?” W?&eraaéaWEgﬂer t he

group ¢4 asambh@indiidRRImiAggrelp22 BRABERMOR BBYE AlihclONS 24 UNs3(nihd fiadt | ons

(e.g. the nunber of groups is kept the sane - although _the finition my
Chanoe be duuBhstren bo Racs Bapd M digan armmor bess Bmejersad tie Boehidr,
stable, t hihﬁg@_lni\éé ﬂea&sbntrtaémrvglugn\m@at% ehéh rlé_@%édﬁﬁléfedmlnﬁin tﬁatslsmﬁﬁ%ist 0
rearrange the imge, groups accordjn o confidence values. In i y
e 00 ulpatonre (e Aeh A baongs odhe Bruswingee sraiss (pe Bersiaeaid X he | ca
| ear ni ng pinaraRE dysa 8fidlineMde saéondosnsdiiRBt MpLDis iRdicatBeB§ /i i@ dasHadps t hat
have different |m_518e contents fromthe | as |\&iﬁ‘r,\%t|on to compute a new

conmon lbasling, & third smaliest Mipgars gidisated B .y Aashed N6 andfORM i ci ent)
exi sting sets-of comon basis functions available at set S302) sone inage
roups are initiated, at step S312) containi a part 35.0of or all the
Pagoe (i the qhneBateamRIa o datoeah & e as I ety dEpdce one
option is pawden icdérhaliedt hdbeddhaemangs MIdalREMIpgfaHd pagp! e by deci ding
on a nunber of 17 groups and all o?atl p{&)sorre of the imges, one inmage to
each group, with no i mage appeaf FilIRda- Mp®) t M9 0ne group. The initi al
nunber ,@f groups is usually selected within the range of from1110 to 115
of the nunber of ima(%es in the dat abgse. The se|] ectjon of the@igg{yt hal _
nunber of gr oupE2EARE 4 defines fewareldpmimage » ran PragiEably wrresen B the

]Ic CA It ear ni aﬁnﬁ\bﬁmsis s_éfﬁttﬁﬁf?aﬁ%la?wet ngg@t?n Al I_érigte?ahfiwics vgl‘u_eQﬂmlmate'baSi s
unctions. Likew se, i . system is deternned as n ei.ng | oca

Stabl o (ot SEPSRRASEIgREss BArTEBR AP PRSESEdH b emal hedronessipolbio on
those i magpags setes Atsmedll dmm@erdiefvfaaregmndwmmmommmgiagrie{]semftri;{@d p&ithe A
iteration, tqQ conpute a new co n.basis set, for to, each suc roup. ter
he Tedt ni ReHsOdbed e NAGR BFTRVNEY INSTICR. Breclng PouRRarh B g (g GRbR e o
conver ged, aid gooredthérs 1dr-it (e Beloag B andther riy skld $etd This papdmeres dieaise One

approach is to set a threshold on the nunber of_ inages that cgan e group in
a single i inapoxiantter defining how well the entire image classificatior'in this image database has

gone and how robust the belongingness of an image to a common basis in the future
application will be, through a convergence measure mentioned later.
30
Figure 6 is a schematic illustration helpful in understanding the effect of different
image-basis closeness relationships on the confidence value. As is indicated by the
boundary of common basis 1, all three images a, b and ¢ belong to a first common basis
42, and have their smallest Ml values as /1, k1, and ;. For the adjacent group, with a
35 second common basis 44, the images a, b and ¢ have their second smallest Ml values,
as ho, by and I,. Image a has a larger Ml difference (/a2 - /a1) than image b’s (hz - ).



15 the nunber of noves in a single iteration is equal to or bel ow that
threshold, e.g. 0 or 1, the evolution is considered converged. Another
possibility is to use the confidence nmeasure nentioned earlier in the
section on conpeting. If the systemis ggnsi dered to be converged, the
process stops; otherw se, the process goés back to the conpeting process
(step S304) for the next evolytiona jteration. An 0o the Qcess
conti nues %B‘Smﬁqnﬁ t'ﬂ%é’“@%?%?ieré%ﬁéfﬁgr@a"?w % Pd@ﬁgﬁpg’ﬂﬁ't hi s

enmbodi lrr:s_nt HoWEﬁbr} Hs® thapinfiaRjeas 'se%wldiffb&nae@/czt-_,lm)hiam sdr?g geu‘s (LD~ ), .

controlling the i nage c t.ering. .| es.with ac i dence ue <

ts, need tHepdneBHEIES Wf’@%r%}%ﬁﬂq\’w&% qr"\?qﬁﬂ%aé@”w ﬁnarre%ﬁﬁ\!%nce val ue

d >t,, aregiffdrendeforcibasis 25 learning. The larger the splitting threshold

value, ts, that is set, the nore im esévs/i/th smal | confidence val ues can be
Y

split ffomthe current group; thus, r #ﬁge groups will be created. The
| ar ger theTheasmdliged W apfecdridefaialie; t,, that is set, the fewer inmages in
the group can be used for basis learping., ,This results in the difference

bet ween basi s sets being wi der, and Y4 1/ 'ge groups are less likely to be
mer ged. SoCohpagey thehoamelista M), differgneeasiat 4 andicnor e di fferent inage groups

and comon basis sets, and the g} assyli c?a{/i on iﬁ.aédi verged. On the other

hand, smaller is and t, nmay cau 2 driissi T Rafedi to converge and to have

ltﬁss ﬂiulﬁ L eEiB0E /| igwmal Ilgrtthapsfm ?Elmhs;ibmméjiatedri] M sliffese Idnctlefshb*t)ve irs@géglis:thg -
reshold is i ar ger an the learnin esho ere W e a

gap bet vveeﬁrzﬁgﬁé’ﬁﬁ t?ﬁe f{ﬁfqt“r?mm%??ﬁlﬁ g%ﬂ,@op%z:tgr Map&s & P ARG K ng they will

be msclassified into requiring both splitting and | earning processes. This

woul d be a 18 contradj gt or ituation..given that imges_for splitting

are meant to bell SE'@S(tyhétgaﬁdﬁo{"egig?%a'ﬁldg@ tﬁeﬁy“P?@{ﬁB Py gs Cgﬁlutfef st

i mages f or |ihéxevesh edich rdRaakht pair ddabéoaemehsdresienenghyedredifierent groaps

threshold is is | er than the

particul ar group. If e splittl snal ]
| earni g tA ee%‘ﬁ&PH‘p?fafblpet 'H?‘j%"ﬂf@?eﬁ?‘malﬁé) mﬁagﬁgrgp@néguﬁﬁ%regﬁgpypss@ itting
t hreshol d gfelpdBacduRe Any@hGRN babisRgetignoatEaeh gealp drbeliffeasrge Iticgar ni ng

my ot be heepsiaat aidmages be Al GG wiotadon i b e SaRBE bence

val ues |yi agothetyreep. is and t,. If the two thresholds are set at the sane
value or the splitting threshold is is a bit smaller than the |earning
threshold t,, this will provide a rather stable splitting/learning

processgs and aFiqupe!s furtier comams el thrsshold ding 46whiokt is elelained laiér inlthe

techni que, a final set of I CA common basis functions for this inage

dat abase i #OBOPLNGRANNBor any inmges in this database or any inages in the
category this database represents, the conpeting process can be used to

find the 15 correspondin sis set that |[s npbst suitable for representing
thi's | tage i n arhE @Y FONHRRGS FiRaSUen P LA R Eparctn RN g o T RS

i mage det aichffidepts alas of a5 Hyades iy theaiamgbaes ik @nothenparamietdrite be chddked for
classification in tgﬁttechnuﬁge ased st. The

n M _ neasurenent is very robust.
conpet i2hg [SPBYEEgRNCE A the exply ﬁ\?velHﬁ?'?eg%tﬁed??f&'c%éecgﬁgqvgrgseé’t‘%qerngtﬁ?commn
basi s set s zQu@He \4BETicAbe vaRE@r minimurodunfiyemsadialiesd abovala stresticidivalde, an
exanpl e, inmages can be correﬁl cl assi fit.ed i ntﬁhth% sanme hasi Sy set qphen
they are cdMpREsesiceidanseyalie forgeaeitelRIBR QRN FNRESS WEMY Q019 ¥92 ess
than 50 caugmge.l arge distortion in image quality). 25 For an image with a
hi gh confi dence val ue, a single corresponding basis set is good enough.
However, a | ow confidence value indicates that the image can be represented
usi ng rggre A han gyiging v Merging The confidence value fornula can be extended
to conmput e The closeness between the second and the third mniml M
val ues, the third and the fourth, and so on: d~ _ (Mpg2- Mpqg~) |I. Mpqg-~,
d2 = (Mpg3 30 "ééinﬂi%b id where@singl8 imiadd\gidad is dIipm® two dirmerd, sredlier imkge
thresholds is and t~ can be used to d]udge C%}f,l dence val ues . to determpe
whi ch ot herdrexpsi Spitting ixegriamed Wienithe AFBReTR Iage ioHRS §5iPo fR¥ato represen

represent attﬁé’l?n%;‘érqlégtérfr@iﬁ Rie 4SR5 wel) THERERIcy ﬁlﬁmbé\%f%b@ﬁ@l&%_it@éti@@oupi ng
is now di scussed wmth reference to 35 Figures 10A to 10 nd, Fl,gure 11.

Fi gur es$510Avhese spitingogay he Hseiibay Neressary-i nefsdl eXampiesighsyen siHaljpazae 19

The i mages dhgyhiiergataabas epaR ARt inportant to the process, but in this
exanpl e the 1 nmages~are:




dmge 1 - a nosaic of stars and regul ar polygons on the inside of a dome; 5
imge 2 - a wall nosaic of ancient Arabic characters wth draw ng of
patterns in lines, squares, crosses, circles, et al.; imge 3 - a painting
of an Indian court scene; inmage 4 - a close up nosaic of patterns in spire,
squares, trapezoids, circles and other |?regular spaces with Arabic
characters inside; 10 inage 5 - a painting of a flying avatar carrying

| ot us bl ossons; inmage 6 - view of an Anmerican football ground and gane from

one corner, at gdré Fh %’i\g'o‘?nﬁﬁglrﬁﬁﬁ‘@rﬁuﬁﬁz i@rsufficl@ﬂy?b@astwcemawseaeral
Anerican foot bal I ground and gane fr&rg one cornefr? i‘;‘fﬁ? 6 3600 d ang ﬁ g\
first nagnlsﬂb@éﬂqpénw'“lg‘ell!’f’égés B4 in the b9 iF1295/9T %P7 RSB RPR-9KHBE R and
game from agg SQIWSd bébfgeﬁé?alryﬂeqmgdz@n ehdei, frietseliBaiint cahimon;basisage 9 -
vi ew of an Anerican football  ground Itﬁame fromone corner, at a fourth

angl e afd ffufﬂ%lpn%@ﬁltf‘?'&atcpmﬁ”om'ﬁﬁﬂ@ml % HR-YPUR%h Anerican foot bal |
ground and game fromone corner, at a 20 second angle and second

magni fication; image 11 - a sil houette of me un eaks:
vi ew al ong the digsedB '&f@rﬂﬁ\m%ﬁﬁ?@dgrﬁﬂ%gglsrﬁuﬁo Ibﬁ%) torfé’gﬂn ?‘%ef%

di stance; i t kN Rlges 88 @ mag@cgrm mswﬂhstthasubrgmsma-
vi ew al ong a snagbﬁodvg-%c%v{/ered m%qgnt ain r:,? h\hﬁ t;avxg clinbers i

f or e- gr ouncBEbiWrafEba of Qer\ﬁ"%‘\)(/ué‘l%%c%{“g Bl g leB M CaPAON; E with

peaks if t hgndioht 88%EdcHifalcodDythé Mapirsubgrddpe mi ddl e di stance; inage 16 -
view over a cal msea towards shore; 30 inmage 17 - view over a cal msea over

a reef; image 18 - view over a lake with a single bird swwnmng in the
m ddl e di stance;rijiRRIe J&eor\rh@:wm gmupamaeaemersaauer@eﬁudelamtriume 20

- view over a lake with a grou g?rd Hm 8 {1 m ddl e di st ance.
35 | nitial lgtaggsgm the current imag group 74 is not good enotgh to represent image
clustering around the common basis 78.
15
Most of the images 54, 60, 66 in the large image groups 52, 58, 64 in Figures 7A
to 7C have small confidence values as they are far from the set of learnt basis functions
58, 68, 78, whereas images with high confidence values are always close to the basis.
So, a simple criterion to choose the images to split from the current group is the
20 confidence value. Those images with a confidence value d lower than a threshold, &
are split away. As the split could be into more than two groups, the images with the

same second closest group g, in a split image group form a new same image group.

The frequency with which to execute such group splitting can be adjusted. The

25  time for splitting should ideally be set when the evolution is locally stable, e.g. (1) every
a few iterations after a splitting, (2) when the change of image-group belongingness is

very small, or (3) when the average confidence value change from step to step is very

small.

30 Merging: refers to reducing the number of clustering groups during evolution. It
can happen implicitly or explicitly. There are several situations where the merging
process tends to happen:

(1) During the competing process, it may implicitly happen that all images in .
a group fall into other one or several groups after calculating and comparing their Mi

35  values, so the unused groups vanish.



21 5,.,(0.15), 3 (D.15), 17 (0.08), 2 (0.03), 19 (0.01) Locally stable: the
nunber of i1 mages changi ng bel ongi ngness is 8, and the nunber of groups is
kept at 4 for 1 iteration. It is not locally stable. Learning: New sets of
| CA common basis functions are |earnt accordingly. 5 Convergence: the
nunber of inages changing belongingnesslﬁs 8. It is not converged 3~d
Iteration: ting.. The new im rousare to Goup 1: imge 11
(0.16), 6 (O. 14? ) 5 PG"'T@}“G ’f@f"(’wg Ff@? S37 { §1ag8$ in 3 grqup. f@i? Coﬁf@e{‘eeoz) 9
(0.02) GOU@IU@S bélﬁﬁgﬂeém(r@; tﬁ@shol@ §c9a %Brhmoh%aéﬁ I@é})\tf@%’é) rBup fot20
(0.10)) 06?1 l(gg 22), 13 (0.19), % 16) 15 (0 16),
14 (o 15) E'St 3n the '19?& CO’I’?e@ E"PC?SSLB'@QF ifyagasawill be fﬁ%@e%@%@hewovmges
changi ng b%@ﬂ@pagﬁbe@ﬁeﬁ §e\@ralé?¢’ﬁdgéP@uﬁgmslﬁflar%&%nﬁ&ng?pt at 4 for 2
iterations. [ cal | Learni ng: New sets of | CA commobn '
basi s ftincti ons ér réé "’Iﬁgeﬁéﬂﬁ‘i@t O’&WQHgg%E%mqrﬂ@ PRigdy wih offeiges
changi ng befdupgiwheRanes cirferf grd ha%tﬂ@fev@uﬂw CISACE 18r 2 irhagdsat i on:
Compet i ng: gTdk?eﬁ new i mage grgupdsp are: Groupagl |§raqggy 16 (0. 2% 11 (0.24), 5
(0.20), 8 (0.15), 9 (0.15), 25 6 (0.10), 7 (0.10), 10 (0.08), 20 (0.07), 18
(0.06) Gogp 2: [eamgry 1 (0.13), 4 (0.10) Goup 3: Goup 4: imge 14 (0.11
), 13 (0.10), 17 (0.09), 19 (0.09), 2 (0.08), 15 (0.06), 12 (0.04), 3
(0.03) 30 Locally stable: the nunber of images changi ng bel ongi ngness is 3,

the nunper of gmagREMON REBICEENtiMage ghdupiis|camit bwﬁaémga%ha&&t%rfdues@wﬂ ng:
New sets of | CA common basis functions are | earnt accor Conver gence:

t he nunber "B?gqsr’rﬁéhé%gré’HHr'f&PﬁQ 'Gél'?ﬁﬁ@’ﬂﬁ@FR%%the Jhesubpet "FIB'Eef%’BHVéPGEQ? 35

?B 8'4; erat bgla thresR&d Gﬂeeﬂﬂﬁbn@a valtie t,ﬂ@é/\fsérﬁaﬁﬁe S QUPSsnadiEconfigibe v]a]uéée,gage2 (1)6

59
(0.26), ”Pd @%)B’e key 9}?8) & @%\g@ombgqlw@&m (Bzel‘éyesh%'d('@ef@)'" Figyre 6 02) 5
G oup 3: ' mté&héﬂhéﬁagéé is{1Bektéd wﬂﬁin(tﬁb ddbset for (dardidg)the ﬂrﬁadéb @bthe 15

(0.07), Local |y stable: the nunber of inages chan g
bel ongllngnégse pgt s grpl&gnq ngmgge cin the Tar area of this grolip are excluded rom the

subset for learning.

An exemplary procedure of adaptive |CA feature learning is illustrated in the
flowchart of Figure 8, where the left side of the figure gives the process steps and
20 elements on the right side of the figure illustrate typical results of those steps.

3.1. Image Palches Pre-processing

in step 21, An image, such as image 100, is used to generate patches 102, at

25 step S202. These patches are 8x8 pixel arrays randomly selected from the image 100. -
Twelve such patches 102 are shown in Figure 8, but in practice, there would tend to be
more, preferably a large number, such as thousands of 8 x 8 image patches randomly
selected from the image. The patches 102 are selected randomly in order to cover all
kinds of image shapes in the image. For patches with an 8x8 size, each group has a

30  set of 64 common basis functions. An alternative to generating the patches randomly is
to obtain the patches regularly block-by-block, e.g. by selecting blocks in turn adjacently
from left to right and top to bottom, one by one without overlap. This alternative way is
to avoid learning the blocky effect caused by JPEG/MPEG compression in the learnt
basis functions.

35



«It is considered locally stable. The splitting process is activated.
Splitting: images with confidence values less than is are split, is =
| mages to split fromthe same group forma new group and inages split
different groups formdifferent new grougs Thus there is a total of 5
groups in the new cI assification. Goup! 15 Group 2: Goup 3: Goup 4:

G oup 5: Learni I mge 16 (O. 84?] 0.59), 10 (0.57), 7 (0.52), 9
(0.41 )) 18 (0. g@; reséo“(tbe?ﬂ“m%f%sw)t emqar('@d ogt)on thegepatehes 182ge 4
(0.16), 1 P@tcﬁ&)wﬂtﬁf&ﬂ%n@ Ie(s@ tHJr)atleésHoQi Jeg) oﬁda@bieaéept 8ut(bethe>f8ndmgge 19
(0.02)|mae123 10% (907, 17 (0.03) get$ of ICA conmon basi s
functions 3PES @848 %Eﬁtrrlﬁ RGNQL QQBO'Ttﬁﬁb@rFﬁ@?Rf‘éfeaBéééuse of splitting, it

is not converged. 6 " Iteration: Conpeting: The )new [ nageB%roupSSarlg G oup
1: e 7 (0. 0.48 0. 46 9 (0.32
(0. 30)95 20 EO %Qg’@l R%&%) 825are@gg|3y§2tqr (’(V‘t%?SP@P bx 1 veclaps,28) a 1

E 8 ég G oatmtéib Szmmd e clets ardduddd élﬂ)espéc’ﬁvé Qol?r%}\s ﬁ?HQtfjn tbgggerh%g

Local |y st “%ajf”’% X &%%m"&%gmwaa%ﬂﬁh@LﬁQO fipigraenys ﬁgﬁh@é@terai dmectnpne
nunber of @aupthe ﬁu*ﬁ@@ﬁ offatéhes 021 Thi€tRE hftix X had 8 nUthbe,' %Idrﬂnsséﬁgt =y

Lear ni ng: New set | CA common basis functions are |earnt accordi .
Convergenct8 he ﬂ@"ﬁ%ﬁﬂ;é’@tc@fesl mages changi ng bel ongi ngness is 4. It is not
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15 "pre-processed image patches" in which each of the rows or columns has a zero mean.

0.1.
fro

3.2. “PCA Pre-Whitening”

“PCA pre-whitening” is carried out, at step S208, in which the data matrix X of
20  "pre-processed image patches" is pre-whitened by performing a principal component
analysis (PCA) to remove any row-wise correlation. Specifically, the covariance matrix
Cov=X x X', which is a 64x64 matrix, is obtained, and from this the 64 eigenvectors of
the covariance matrix. The eigenvectors form a whitening matrix V with the
eigenvectors as respective rows. In statistics this process is called 2nd-order de- -
25 correlation. The data matrix X is processed using V to form a new matrix X’ given by
X’=VxX

3.3. “ICA learning”

30 ~ “ICA learning” is carried out, at step S210, e.g. by the élgorithm called fastiCA by
Aapo Hyvarinen [4]. This ICA learning uses the data matrix X’ to form a demixing
matrix, dW. The rows of an output matrix Y given by Y= dW x X’ are as independent as
possible when the system is convergent. The matrix dW is orthogonal because the
input is 2nd-order uncorrelated.

35

3.4. _ “ICA feature forming”
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conput
process is performed, at step S308, to rearrange the image groups according to

confidence values. In this way image groups are determined.

After the image groups are determined the ICA learning process is performed, at
30 step S310, on those image groups that have different image contents from the last
iteration to compute a new common basis set for each such group.

If there were no (or insufficient) existing sets of common basis functions
available at set S302, some image groups are initiated, at step S312, containing a part
35 of or all the images in the database. Initialisation can occur in various ways. One option
is to generate initial groupings randomly, for example by deciding on a number of
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advant ageoug,and J4s6f dfliitting. All images with a confidence value d > ¢, are used for basis

25 learning. The larger the splitting threshold value, {;, that is set, the more images with
small confidence values can be split from the current group; thus, more image groups
will be created. The larger the learning threshold value, t, that is set, the fewer images
in the group can be used for basis learning. This results in the difference between basis
sets being wider, and thus image groups are less likely to be merged. So, larger ts and

30  t may result in more different image groups and common basis sets, and the
classification is diverged. On the other hand, smaller t; and t, may cause classifications

to converge and to have less different image groups and common basis sets.

If the splitting threshold ¢, is larger than the learning threshold #, there will be a
35  gap between t; and f, within which some images may fall, meaning they will be mis-
classified into requiring both splitting and learning processes. This would be a



reffects. These exenplary effects include: (1) generating a fixed set of

| CA commopn basis function sets froma particul ar i mage dat abase for

anal ysing and synt hesi sing i mages in the database; (2) generating a flxed

nunber of | CA common basis functions for inmage 15 analysis and synthesis in

al nost any i mage appllcatlon (3) cIaSS|?y|ng an i mage dat abase into inmage

groups based .on.depe nce neasure ano | CA coefficients; (4) changing the
FER e that petes dotsw

one- t o- one “Pdrag CRegiNeR hat thages liting ees meantdo beikasy thell dernasn

bet ween babelsngittda pamigeaf grotlbl\ﬁhusemagb%rtléémm@%?éﬁnegﬁt oDk, tﬁ@%’(ﬁbﬂg thef
nunber o

df he f
comon. | AR Y &rGR i PR slifie ireedehhds muse smalkdeen bebe
]E r a{lﬁf err etéaﬂﬂngsmfﬂ%dlddﬂﬂ? ﬂefemﬁmytb@n&tad@aﬂhe %ﬁﬁll%htﬁﬁd tr@éhr@{mﬂfé%% for
rther_i e analysis an I's rovj an evol uti onar

agpr oach t & QX&' @Ff?gelgﬁ%{ﬁ%? téfﬁgh? @Eﬂ%'?%'@ ”Ig%ﬁreﬁﬁglﬂs‘/%%d?ldb’ﬁgeinh a d
par ia| |t el ngroopingi §ua?]dyhﬂmﬁ?\@gércm@aﬁ§atbﬁrm@ doalbseobdm%ttﬂa{eamiﬁﬁ;auyﬁé the
evol utiona r oach, has .fewer e evol ving process
and spi 1 ﬁﬁgﬁ@ %jﬁ”ﬁ%&@%ﬁgg ﬁﬁg'ee%lnq"h@vv@s%mdﬁg "8@&\@%5@%@ wPes
|mage5|nse thepsanie/valge o tHkhRRE!, FRASIUSRalf mat i on

gl rocesses hel?)er gﬁwléadr?:dlﬁghrl nk the

(M); (10) tti in

i mge gr oug‘ge ZVﬁath#rﬂ%Wﬂ%m\('gﬂafatgﬁrf %ﬁtﬁﬁép'é{t'%'ﬁﬂméc?ﬁé%ﬁ@? arrobust neasur e
t he cl osenewgelntdseifieatidnne 35 i mage and the basis set, to be used in
splitting and | earni ng processes for inmage selection; 27 (12) providing
two thresholds for splitting and | earning processes, which can easily

control the conA%gend@fmlyt@bma@@ &fnal é@t@@l@\ 86rhimbh ®Akis A ciBAs RAMIS

| ear ni ng; (dlﬁi}basr oviding aE e cl aSSéfl catl on based on M

measur erren R/hiE ?'9 g. Ws’i" B‘ag%ﬁﬁé‘t IggRiabgse poARY greges Yhibesane
basi s set caie‘gdnyzttﬂsdﬂebﬁe&dpw%htsaﬂheloﬁm@@tu@ﬁﬁ@bm HeYuskdb&in tHe qual ity
50. Th IS t he desc e invention can be used to generate

sets of” coffiiHP ?’é& g@ﬁ'%gqg'ﬁ%tt'? Biest ?‘6‘@?'85%“ reRIesgNtingdhisdpage bran I way.

images in an imge to database. Each set of common basis functions is used
to cover a subset of images in the database. The basis function sets are

di stingui shed fY8H ERIAT PeRsSINgMetheds gy ehangeshe imagendatails, suesas Ipswyat i on,

orientati qmag@@oﬁipﬁewmwnag’éhwtem nm@rcléﬁ‘snfubatwrﬁnftw&t:hmaué B&s%d d & gpntrol | ed
by sone paraneters,, .such oa] go?fl dence, limt at a smal reasonabl e

val ue. A grEesyrepetds ey r be C@Bﬁ?\tﬁw nr@szessﬁnémﬁ Lhﬂ:%ﬁ%@réﬁsé’oﬁ@ﬁ@ 15
versatid e tbdm:rsem rramamhoms@éet%veh @hetvah inady ¥ sAGRIySREAiIAEd SadétSrted.
functions | CA basis functions much Tess conputation and
storage t té%arbﬁ)l‘aén%lﬁdmap% C?Qﬁ\e S%‘?@'yﬁ’[ﬁﬁg#% K¥o the semechasissets wage they
appl i cati care coMbréseed! be JPESI with qubligrdzeesrest andh00 (Hrialit) e tham 50 @x@sdaeen
descri bed QF

large stortlon in image quality).

25 For an image with a high confidence value, a single corresponding basis set is
good enough. However, a low confidence value indicates that the image can be
represented using more than one basis set. The confidence value formula can be
extended to compute the closeness between the second and the third minimal Ml
values, the third and the fourth, and so on: d; = (Mipg.- Mipg,) / Mlpqy, d; = (Mipgs -

30 Mipg,) / Mipg,, ds = (Mlpq4— Mlpgs) / Mlpgs, etc. The thresholds t; and ¢, can be used to
judge confidence values to determine which other basis sets can also be treated as |
suitable for ICA representation for different images.

An example of the process of grouping is now discussed with reference to
35  Figures 10A to 10C and Figure 11. Figures 10A to 10C together show twenty images in
an image database.



+20 above, it will be understood that various new constrained parity-check
codes fitting to different data storage systens can be desi gned by those
skilled in the art based on the techni ques described herein. Wiile the

i nvention has been particularly shown and described with reference to 25
the preferred enbodinents, it will be uhter st ood by those skilled in the
art that various changes and nodifications in formand detail may be nade
therein without departing fromthe scope of the invention. References 30

(1] A Kraskov, Th infBiges atherdatatizde Bre M5tamBHRAH &S the JroddsTBb it MYtHR L MRple
information", Phys. Rev. E 2003. [2] A Kraskov) H. Stogbauer, R G

Andr zej ak, "EHT2¥ES ¥Passber ger, "H erarchical clustering based on nutual

i nformation", Bieigaf1oramossis of &ARartbrefdibr PolydUnd dhade indideBradme’ . R G
Andr zej ak) and P. G assberger, "Hi erarchical clustering using nutual

i nfornetion", PHpge 2Ré/‘fvall|_8\°§?'9 ohgpgient Aratjc charagters yyiihdraming of prietns dmd
Robust Fi xip@spsjuatesAbidesed, leeieé @t al. ndependent Conponent Anal ysis", | EEE
Transacti ons on_Neural NetWOr?V]{s, 1%%3):@%6- 634, May 1999. 29 CLAIMS 1. A
met hod of det er A9 Rg HRINNG Q[ A% INIAR CPYE SRR obj ects in a set of data

obj ects, conpriifiage4 Sa edsaen fioshicief patteths! nadpirkYsdifarsse traip&oids) BRaEs HRsi S

functions fpor .,said objects; Q) .anal ysi.ng said objects; and c) grouping the
obj ects an@ﬁ@"frﬁ%‘ﬂgﬁ CcBY WHB%%?\C %&%P%te PY¥®ons, with a pl urality of -
obj ect g gr oupedrriageisndi yaistiry of@%?éva‘té?%a_ﬁ?ih? |Afis 5188/ basi s functi ons.

10 2. A method accordi n%Yrtﬁg claim wherein the objects conprise inmages in

an i mage dat abd8®9e3$ - vViewat amaAmereayt iethg!l grpund anhaamsr fram onp epesten at a
gener at i ngrirst 4Hglg ad h¥g®ficgiiehs of common basis functions conprises |earning
basis functions for _a previously forped 15 group of oelé#' ects. 4. A nethod

accordi ng to cl'8iA8f3 - ity phant ATEHERN orihgl EPBdENd gastedfm ane camey. aha
plurality sfcohd BRge antl Fifst hizgn@ica®nat i on of common basis functions in step
a) of the individual itera%; ons deéje]pd%g& on t he %roupi ng of objects in
step c)® of the 'BIREBEGIRY 961 ABPHEFLIeORSY SEUNG andGRAY TRNE SPBICAGEE: Gt 8l ai m 4,
wher ei n gethied ahgleang irsteiaghfisationf unctions in iterations of step a)

conpri ses revisi ng he . co n basi s ffuncti ons for those groups that have
di fferent i magdMeERPe ey Pt FhiNRECH) 00ibali grasind gnd wame from qpe kewead@t ar di ng

to any onefogith biifle BRE IRY hiagniitations, wherein anal ysing said objects in step
b) conprises determ ning dependence neasurenents for individual objects

relative to a pMaealPryiey oftancAmgticandpoipalaionne asd gamerdom ene corger. at aa
met hodyoac cicBhd 8nd|® afill 8668rfd midHaficatibn,gr oupi ng the objects in step c) is
Pased on e dqpege%S IR aiete ol 2ams meuniain pagks; " L€ analysing step.
image 12 - view along the side of a snow-covered mountain ridge, with peaks in
the distance;
image 13 - view of snow covered mountain peaks;
25 image 14 - view along a snow-covered mountain ridge with two climbers in the
fore-ground; |
| image 15 - view along a snow-covered mountain ridge, with peaks in the
distance and two climbers in the middle distance;
image 16 - view over a calm sea towards shore;
30 image 17 - view over a calm sea over a reef;
image 18 - view over a lake with a single bird swimming in the middle distance;
image 19 - view over a calm sea over a reef; and
image 20 - view over a lake with a group of birds swimming in the middle
distance.
35
Initial stage:



8. A.nmethod according to claim7, wherein an object is grouped with the set
of common basis functions which produces the dependence neasurenent

i ndi cative of 35 | east dependence. 30 9. A nethod according to claimS8,
wherein an object is grouped with the set of common basis functions which
produces the | owest dependence nmeasureméht for that object. 5 10. A nethod
according to any one of clains 6 to 9, wherein the dependence, neasurenent
conpri ses a nut ﬁ‘éﬂ'dﬁﬂ'eﬁhﬁ?qrcﬂﬁoﬁlEﬁé.'”'tiai'.se%bh’énﬁeﬂ“ya?ﬁlﬁﬁt'ag REEIMBAIEP one of
the precedi ng céadgoupherei n anal ysing said objects in step b) further
conprises determ ni ng a confidence value for individual 10 objects,
representing how wel Preurel:odf"@8e 6i s suitably represented by the set of
-common basi s functioggouy 4:h ifapeRsit is grouped. 12. A nethod according to
claim1l, wherein determ ning a confidence value for an object conprises
conparifg a first dePEPeticd™?88d8r enent, being the dependence 15
measurement for the gphgrd: MinkhetiBe set of common basis functions with

whi ch t he obj ect is_grouged)_ gnd a second dé[r)en ence asuregtsgt, gei ng the
dependence neashf¥RiNG: €4 bapisdungticas aredpamt I9r RRSHARUB P3R§S et HPNE 6 ON
basi s functi onstHeGolitt$Setcomrhdn BhdistuntidhsahitrcihitibSstaged(@pedor e42h Houph

met hod accor di ng to clai md\lfé wher ei.n _det erm.ni ng %CQ@%i Eence val ue for an
obj ect further CBRYPI9EREeINQYGRNKY I as Li&9ravRing 5 9548 US98 £ i r st and
second glependence neasurenents with the first dependence neasurenent. 14. A
nmet hod accg&ﬁji ng to any one of clains 11 to 13, wherein a higher confidence
25 value r pté s greater confidence that the object is suitably
represented by ChmpeingdFocsuohumabedosr detioftiCADefficiehtsre complteds ugnguped.

15. A method accordi ng.to any one qQf _the precedin | ai wher ej.n
generating a pl H}‘?afPWﬁ%t%‘Pf @@°%gaﬂ%ﬂﬁ?ﬁﬁ’\o%agh%" 'ﬁﬁﬁ%‘%ﬁ"ﬁr@s ‘llal'l‘e§taé${h§f‘ is
based upon a subgfputedl. THEMFHMEMWIA/ElUeYdedérmidsethie fmadeds bélonghdretsatieor di ng

to claim15 when dependent on at |east claiml erati

I _,e& % wherei n ge 38 a
plural ilfy of set@agsroreupmeR rBxciassified:EROBH e Hderrd Foeyrdgip el Ontidehsar i ng
the determ ned GQoéd H£gwen wapatesthvédsh a first threshold and basing | earning
basis 35 functions on the objects for whjch the confidence v is a first
side of the first thfEYplqd.imagssp (§:76).4 @Eﬂﬁ'&&a@o{%?%@i‘%t?ﬁabﬁm 16,
wherein the first sidgo@f 2 htalgergt(0120y, esooioyl 15509 attoe. tehan(d he, § i 1 st
threshol d. 18. A nethod accg@Mg\b@o%ﬁlfi@é% or 5 or according to any one
of clains 6 to 17 when depe ), -t 3 claim4, further conprising
det er mpfii ng an Overadro@@mfiid@@eaa\(almt 20q0.00h)® (@) of obj ects and stoppi ng

repeating steps a) to c) if the overall conf.idenc lue is. a first side of
a gecondgt hr eghol 31 IQBOQLFQ‘.": A’T}?@Fﬂadogé 6?”&8‘@%@ (§-|0§§#1(Q-,03?mer ein the

first side of tpecaifreradid: Menlabel of mgyesahatrchahgetiehrdeipgngdesdiseshol d.
20. A nmethod according to clajm 18 or 11<9 \/\per?( (ﬁ[l)endegt (%n at Iﬁast claim
11 and the system has just begun to keep track of the number of groups. ltisnot -
locally stable.
25 Learning: t;is set at 0.1. New sets of ICA common basis functions are learnt by
| using images with confidence value greater than t,.
Convergence: the number of images that change their belongingness is 16. Itis

not converged

30 2" |teration:
Competing: The ICA coefficients, Ml values and confidence values are
computed for each image. The new image groups are re-classified as:
Group 1: image 16 (0.70), 6 (0.04), 10 (0.07)
Group 2: image 1(0.19), 4 (0.17)
35 Group 3: image 8 (0.12), 18 (0.07), 9 (0.07), 20 (0.05), 7 (0.01)
Group 4: image 13 (0.64), 12 (0.54), 15 (0.31), 14 (0.25), 11 (0.23),



.wherein the overall confidence value for the set of objects conprises an
average of the 15 confidence values of a plurality of objects for the
current groupings. 21. A nethod according to claim 20, wherein the overal
confidence value for the set of objects conprises an average of the
confidence val ues of all of the objects2bf the plurality of objects. 20 22.
A nethod according to claim18 or 19 when dependent on |.east claim1l1,

n
wherein the overal |l confiderfc® 1@ 3019 1€ %g@e@?%m)o?)? Z‘i%) conpri ses the
| owest  det er mi nege GRAELARAGR MANLE of Phaded@hBhging Bbloagingmissds s, 4t (8. A
met hod according to“any one of the precedi n& ?I,al 5 fur%ga?r conpri sing
det er mi ni ng wheDwaber of@reursUp kerfat 4fer Sitelpliah. tig notiocall 9%, ccor ding to any

one of the preCEQéﬂ?ﬁnq-.'N’émetsfowrdmeémm@méisisifm&tism hrietleargt esvohdingly.one or
nmore existing first groups into a

plurality of second groups, and
regroupbng the @opyewnpe'et\hpdwmwrsfrlamssacaﬁfw& 0'19%3(%19?5 %DQZ“ inggt gr oups
with the plural icBﬁ(ve?é $Fecond groups. 25. A nmethod according to claim24
when dependent on at ?east claim1l, wherein splitting occurs based on the
confidence val ues of the objects of the one or nore 35 existing first
gr oups. 32 %@ati .met hod according to claim24 or 25 when dependent on at
| east cl ai mﬂ , erein splitting occurs when the groupings are determ ned

to be stable. 2Tompefind ae@@wdmsﬁgrqwéﬁ%i_ one of the preceding clains,

furt herlpcorrprl sing 5 dmpghNTinaR O (0®) S @4615 (W13 (0. W)pTPEo#Nto a

single Tourth group and regroup|8% t he ob)*g&qt)z previ ously grouped with the
{h82)s 1616982 P8 group. 28. A nethod

two or more third groups withe

according to claim 27Gr\6/06 . d ¥.38M m,zi)gqa@$o,gd))ai m 11, wherein to
mer gi ng occurs based on the contidence val u&@ of the objects of the two or
more existing third ¢eups: oot HBP e rding to claim27 or 28 when

dependent on at | eastggl,aum FRageMIL((22), TRIYI)D @:16)] 55 W), 19D, eB)pupi ngs
are determned to be cgtagl e. 1§ 30.(rA27 h((r)d g(;f determ ni ng conmon basi s

et
functiads for image objects PBROdA) 1% dBd THat abase, conprising a process of:

a) classifying {ha,| 1 tAb AuinBBOET IB1agEPEhaA-IRIH ebdisth, bhatrent sets
of common basi s I'fml?rai‘!:l??ﬁe 20 B) determgni nga:?ﬂﬁtﬁher@gngt | east one of:
i

split an image druoeriohgroupsis ket alet for 2igrat get bralyaAd nerge two or

mor e i mage gfouﬁ_seairnﬁ\g,: gemr GE5f |CABRDPrErbEsis hctidh@lané R@mtectodihghet s of
common basi s function aseg on the current grou mgs of Ht&g)eﬁﬁl r§lot|-rnatge

groups: d) det erGonvengendge: thenymberf dnageschaleing PRlyNINEResss

ret urni to ste@%r bfj the process is determned to be converging; or e)
(ii) stopping, o SrW se. 31. A method accor di ng to any one of the
precedi ng clains, wherein the basis functions are transforns for encoding
t he obj ect s4:i RbAtBHE ual Iy i ndependent

Competing: The new image groups are:
Group 1: image 16 (0.28), 11 (0.24), 5 (0.20), 8 (0.15), 9 (0.15),
25 6 (0.10), 7 (0.10), 10 (0.08), 20 (0.07), 18 (0.06)
Group 2: image 1 (0.13), 4 (0.10)
Group 3: _
Group 4: image 14 (0.11), 13 (0.10), 17 (0.09), 19 (0.09), 2 (0.08),
15 (0.06), 12 (0.04), 3 (0.03)
30 Locally stable: the number of images changing belongingness is 3, the number
of groups is reduced to 3. It is not locally stable.
Learning: New sets of ICA common basis functions are learnt accordingly.
Convergence: the number of images changing belongingness is 3. It is not
converged.

35
5" |teration:



+30 conmponents. 32. A nethod according to claim31, wherein the basis
functions conprise |ICA basis functions. 35 33. Basis functions generated
according to the nmethod of any one of the preceding clains. 33 34. A
plurality of basis functions for transformng images of an image database,
conprising a plurality of sets of comoR? basi s functions; wherein

i ndi vidual images of the_imge:database are associated with individual ones
of the sets of EompgHngatheney fmaea 9reHRS a8 plurality of inages with each

one of the sets of cgrRM: baﬁlbgefle"(@B#PBS(O 58P 1040, Bﬂwqb.lsbﬁ 90(6.4%8' S
t he net

functions according to claim enerated accordin od of any

one of claims 1 to 32. 10 3638 (ﬁ@@gcﬁe@ Pt OA®rils0r®)i 7y dat a

transfornmed using ongrdip ;_m)r,eagéa@@ﬁgy ﬁqohace@ (0lb2basi s functions according
to any one of clains 33 to processor and

menory freans and pr o§FREd '@"69%6%1(@52) a&&%%ﬁ ﬁggﬂg) ?H81ﬁtt1ﬁd9 08} any one
of clainms 1 to 32. 15 38. Cqmgtoeg 1s'0(bt0@are for determ ning basis functions

for a set of a &]’urallt%heof Org)n@;e r|S| n’%;) nput er code neans for

generating a plbecalvispa rgf) HB%”% 9%%’?9"&9@3%?1 Jegsdhdbpect s;
20 conputer COdlﬂr’|sr%8ﬁefé@irlo@dﬂ9|syaﬁﬂlé1g‘hé%bﬁitnﬁ@br%@é& is dBgferput er code neans
for grouping thgewggects anon sets of common basis functions, with a

plurality of ob ggmﬂﬁlﬁéd"“?‘c?of‘ nPe Yales (s dhasy ts arpeshiibts= Bf1. WB78RSn basi s
functi gns. 25 3%t ﬁ:‘@ﬂﬁnﬁé Qémé QFduprben aqewg}bmah@m%g@g SpGror® Bfferddk ©

according to the method of any one of 40. A nethod of
det er m ni ng basQ@UP%f%mld(W%e'?td}eWaQrQB?S ﬁhuatwwa fota) obp grmiPE M the new
substantial l'y agagmcgt,@before descri bed vvlth reference to and as
illustrated in 30 acgonpanying FI% ures

. A3U. AS. . AU. AS. . Af . . Aourd: alimage AG0.34), ﬁ@ 5&) AMO A7)4\7A@§2)\9A(0 4A) A89 A{%

E7. AyAl . ASA9. A. Af . % Ay @1 _95(jjg (]o@b]da 033 20 (0. 26 11 (o 20) 5 (0.18)
4z5} xsni d_ZU] ca] ca] ca] ca] ca] ca ca] ca caj ca] cal ca] ca]ca]ca]clLa]c

a] ca] c# cal ca] ca] caPtuPc ajiwagg AR Ra 6%) >6&{ z&EU+- 5
?1ul $$$$%g%& ' | wr mhe@Mdupad c%ag& qgk@ahcah@@ma]a(z@hgplzqamg] ca] ca] cha] ca] ca]

ca] ca] ca] ca] caJca]c %sca cal ca] ca caj ca] ---
j/11-0S00000B1122| wr BEHIP4: c]"@a]i% ] c~a] ca] ca] ca] ca] cal ca] ca] cal ca] ca] c
a] ca] ca] ca] ca] ca] ca]l gad ca,hggg qg]@‘]@)] qg]@g])ca] Q@])g)al 230434966q7r 79; Z;

<>U>T???F@aBABBCCDDDD] FF. JXJA
?/] c”a] ca] ca] ca] 'c%]"ﬂ!i]ﬁ:&]%]%%? '&]%%ﬂ%x%ﬁ %%}%9& "g‘g?] %%"%‘Z%‘E%FE@]Q%)] cal ca] ca]l

ca] ca] ga! "J° JJIgoKvErge Sof splitting, it is not converged.
Ok On OOOOOOOOOOR( R R1 RU| wgl gb] XSl g] ca?ca] ca] ca] ca] caU] ca] cal] ca] ca] cal] ca]
cal] ca] caU] ca] caU] ca] ca] ca
6" Iteration:
Competing: The new image groups are:
Group 1. image 7 (0.51), 10 (0.48), 6 (0.46), 9 (0.32), 18 (0.31),
25 16 (0.30), 20 (0.29), 8 (0.26), 5 (0.08), 11 (0.06)
Group 2: image 4 (0.28), 1 (0.17)
Group 3; image 2 (0.24), 3 (0.09), 15 (0.03)
Group 4: image 19 (0.32), 17 (0.18)
Group 5: image 12 (0.11), 13 (0.11), 14 (0.04) _
30 . Locally stable: the number of images changing belongingness is 4, the number
of groups is kept at 5 for 1 iteration. It is not locally stable.
Learning: New sets of ICA common basis functions are learnt accordingly.
Convergence: the number of images changing belongingness is 4. It is not
converged.
35
7" Iteration



+V] c*a] c™a] ca] caV] ca] caV] ca] ca\/] cal ca] ca] ca

UUUWAKY<ZZ<[[[\\ =] "5 6 " -aj aga| aaaaa{ d~dd{ upkf a\ Wa] ca] ca] ca] ca] ca] caV]
ca] caV] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] caV] ca] ca] ca] ca] ca] ca] ca] ca] ¢
a]calca! dXezef fKfFMTfffffffffggggggggggg. h5h: hl hNh} xr mhb] W upkf a\ WaU] ca] caU
] ca] ca] calU] ca] cal] ca] cal] ca] cal] ca] caV] €a] ca] cal] ca] cal] ca] ca] ca] ca] cal] ca]
cal] ca] cal calc U'b al.caNhThhHi jjj kI 111" mHnKnnoppogr ggss(uuv8vvvvvvztoje [U
V] ca] ca] ca] ca] c&? B@i'ﬂﬁ] %%TE‘&?Q%Q"@HRSC%tia] ca] ca] ca] ca] ca] ca] ca
Vi chal chal cal cal cal caloupl walinabe8lesbyab Yukuy wa sy @921@(6228]{{{{{ | $5;
>$} xsnhc] XSj e] ca] cal] ca] caU] ca caLca] ca c%]dcgéca] ca

V] c’\a] c”a] ca] ca] ca] ca] cal] cg]O ]25 1@6(0‘?}3& P ]ca] caV] ca] ca] ca
?X\ ) I TW vyt oi d” YShe@retiped)] ¢abgalfcalcaibos] cal ca

V] c*a] c”ral] ca] cal] cal calU] ca] ca ca&lcaU] ca] cal] ca] caU] ca] ca] cal] ca] ca
V] c*a] ¢a] cal] ca] ca03RGFP Ao [ XSj eU] Ul ca] cal] ca] caU] ca] cal] ca] cal] ¢
al caul ca] call cal caulcripab] arigat wizaisw 20

V] c"a] ca] caUl ca] cal ¢

Z4A>MWP[ i d~ysni dMYj %due]fb] aa%q%] 8Qal tBHDal 2 140V 2033 $4(®&3)ka] ca] caV
] ca] ca] ca] caV] ca] ca] ca] ca\/] bcga,] @(b(m])ca] ca] caJ ca] ca

dn@ . xCl! $|wgl fa %L& cal] caV] ca] caV] ca] caV] ca] caV] ca] caV] ca] ca] ca] ca]
ca] caV] ca] ca] ca']"g,‘?#vy ghle] hgnuber PLiRages shanaidalpnrgingness is 4, the number
rus URig Veok) xserigutl keterboed radramireali el o )]§t%bﬁea] ca] ca] ca] ca] ca] ca] ¢

aJ ca] ca] ca] ca ca 4k=HK" p=J{v eZT xsni d
_{J] c!a] c!aU] I:a] 1: g@c&ﬁ@aﬂ?ﬁ%@b&\d Eﬂ%%%%fue t‘lﬂ'@ re logr ’Hfﬂgﬁ%@] g ca] ca] ca
J cal ca) cal] cal comlargbeainshanbiresi iy danginy plion H@hegsuyhcnlscﬁ&] ca] ca] ca
Ul ca] ca] ca] ca] ca ca 8a] caj ca] ca] ca] cal) ca] ca] ca] cal] ca] cal] ca] cal] ca] ca] ca
U] cay] ca] cal ca
OYEU! . u" Ze/ 2(v' zzupkf a\ Whi d_UU] ] ca] ca] ca] ca] ca] ca] ca] ca] ca] caU] ca] caU] ca] ca
U] ca] CWI ca\f ca)gcaU] ca] cal] ca] cal] ca] ca] ca] ca] ca] ca] cal] ca] ca
z{v6_e 0148 1 {® I9'7}xsn| d_ZUU) ] c]ca] ca]ca] ca] ca]ca] ca] ca] ca] ca]ca]ca]ca]ca]c
a] ca] ca] ca] ca] 0@&,9 bEiRd:CRICRavE MRl gradssAdreal ca] cal ca] cal 4j p\ TMESVF,
[, 7: }xsnhcA"XUU] | V] éca calc”™al calcalcalca ca%ca] caj ca&tca ca]c ca] ca] ca]ca
] ca] ca] ca] ca] ca] ca] ¢ '_]0(5‘8]1ca]"8%9% @a‘}@a%éoa DERENA B 2037 39\9@!@%] »ca] ca] ca] c
a] ca] ca] ca] ca] ca] ca] ca] ca] ca](g@bca]aqg]zqa]ac(@hqa] ca] ca] c”a] ca] ca] ca] ca] caV] ca
] ca] caV] ca] ca] ca!

" =c5%2Zp} xsni d_zUU] | PP¥R1% ajBa9& h{&3])c 4@ 3Pk a] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca
] ca] cajocal ca] ca] ca] og]oc,p]aca]rﬁgdg:g]@qa& ca] ca] ca! p6. =Q Pp} xsni d_ZUU] ] c] ca} ca} c
a] ca] ca] ca] ca]ca] ca calJca a] cal ca)] ca]ca]ca] calca]ca]calc
a] ca] ca] ca] ca] ca]@1 ]% ?1#16%}61%4 ﬁl ?%) ?%fébl’fé ] ]I S]:LO‘V}rr& ]() L ]:LO%}rr& ()-g
10%m& () -F! 10%m& ()GARpHE (magd 790) 12 (0.48), 3041) 15 (0.34), 5 (0.23)
z#10%m&' ! ($10%mm& () - L$! 10%& ié&q)ZQ O%'rs& § (s$ %Bt& é 10%7& ()-

, 1098 ()-() wWXMB7y z# 10m?
10%m&: () - ! 7$10°/éaa&n N@vé’défsl@ﬁ@A&o(ﬁmérv?@aél@m&n@)aré lda¥i Qi¥eordingly: 9l K]

dBMB7y z# 10m S #10‘V YlO%& -1 1109
 109& 2(5) | @ 0% ?ljvqrggg)%g %je Tumber of ages ¢ anglglg b%longmgness is0.ltis
converged.

The final sets of ICA common basis functions for these twenty images of Figures
10A to 10C, once grouped using an embodiment of the invention, are shown in Figure
30 11,

If an image database is large enough for certain image categories, the set of
semi-ICA common basis functions may be good enough for general use in applications
for such an image category, or its use may even be widened to more general usage, for

35 instance to any image application.
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7 IOSITEAONE (30 e 008 S TS
109%& ()-f~ &rchﬁ@&’éﬁ&éte&f&%eﬁhrré@?r’oé brb aco%b%bﬁé’rﬂ’@%réﬁar@%o‘y&' () 3

S10%& S@oY& ()-Im 109& 0% 109& ()-u!"h# %[ <nb
10Y - @ftware Qodules even |f(t21e hardware is j tthat ofaco venltjlonal c%%%ﬂjte(zr [syster%y

5 - A module, and in particular the module's functionality, can be implemented in
either hardware or software. In the software sense, a module is a process, program, or
portion thereof, that usually performs a particular function or related functions. In the
hardware sense, a module is a functional hardware unit designed for use with other
components or modules. For example, a module may be implemented using discrete

10  electronic components, or it can form a portion of an entire electronic circuit such as an
Application Specific Integrated Circuit (ASIC). Numerous other possibilities exist.

Figure 12 is a schematic representation of a computer system 400 suitable for
performing the techniques described with reference to Figures 1 to 11. A computer 402
15 s loaded with suitable software in a memory, which software can be used to perform
steps in a process that implement the techniques described herein. Simulation
programs can be executed, and simulation results obtained using such a computer
system 400. This computer software executes under a suitable operating System
installed on the computer system 400.
20
The computer software involves a set of programmed logic instructions that are
able to be interpreted by a processor, such as a CPU, for instructing the computer
system 400 to perform predetermined functions specified by those instructions. The
computer software can be an expression recorded in any language, code or notation,
25 comprising a set of instructions intended to cause a compatible information processing
system to perform particular functions, either directly or after conversion to another

language, code or notation.

The computer software is programmed by a computer program comprising
30 statements in an appropriate computer language. The computer program is processed
using a compiler into computer software that has a binary format suitable for execution
by the operating system. The computer software is programmed in a manner that
involves various software components, or code means, that perform particular steps in
the process of the described techniques.
35
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1096109 ()- !6° y90$L0%& () -g! y90$L10%&! ()-gL- 109%& ()-'' (J)***wx9g\ =y z#
109 ()- 109%& ()-!# #109&' ()-!#10%h& ()-! 109& ()-! 109&' ()-
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9310%& () - 1210%42 )eympmm&( tbycemm%g%ﬁ%“ﬂx indlude: ﬁﬁ%%@gﬁf‘%w‘gﬁ 0

éot(y“)& 8 J }5 }gg@‘gg%mzi%feg ;&9@%9%@%&@ 404 WiRio(3e do6lardléVexternal memory
device 408 (e.g. one or more of a floppy disc drive, a CD drive, a DVD drive and a USB
flash -memory drive) and a display 410, as well as network connexions for connecting to
5 the Internet 412. The computer 402 includes: a processor 422, a first memory such as a
ROM 424, a second memory such as a RAM 426, a network interface 428 for
connecting to external networks, an input/output (1/0) interface 430 for connecting to the
input and output devices, a video interface 432 for connecting to the display, a storage
device such as a hard disc 434, and a bus 436.
10
The processor 422 executes the operating system and the computer software
executing under the operating system. The random access memory (RAM) 426, the
read-only memory (ROM) 424 and the hard disc 434 are used under direction of the
processor 422. '
15
The video interface 432 is connected to the display 410 and provides video
signals for display on the display 410. User input, to operate the computer 402 is
provided from the keyboard 404 and the mouse 406.

20 The internal storage device is exemplified here by a hard disc 434 but can
include any other suitable non-volatile storage medium.

Each of the components of the computer 402 is connected to the bus 436 that
includes data, address, and control buses, to allow these components to communicate
25  with each other.

The computer system 400 can be connected to one or more other similar

computers via the Internet, LANs or other networks.

30 The computer software program may be provided as a computer program
product. During normal use, the program may be stored on the hard disc 434.
However, the computer software program may be provided recorded on a portable
storage medium, e.g. a CD-ROM read by the external memory device 408.
Alternatively, the computer software can be accessed directly from the network 412,

35
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S10% & () - BOKERPOL 2 %{,ﬁg@ag{%s&b QI et BAVE ey #10%€ 0!
2 ?)10:%1 Sﬁlé?’?efﬁ:' ﬂahﬁﬂﬁ?%rg/%peﬁm%;;tejr\sistgws can be equallylv(geoll used to lmrglement the
ot Lorone: ecrbERsves TR DHENG b 3o o ainr St g () a0
(()/ a)&'- '( ;f#_lo‘%EE&rﬁ;)utér' sy&thvélitabtezfor PABIEN@AtRg(the dédctiBed dchnidRNOOOPZ[ 9~_@! 1L- #10
s*: 109 ()-*109% ()-!'IyL!'#109%& ()-!yL!'#109%& ()-! 6y#10%&' ()- PRCR+R, R-R R1R~-R
~_@! 1o &10% U&TKe preterbikientivn caf bd Qsddidldrhieve mdhlQidkahthgéd®s shb0ssRT|) -
~Rest Uuu%gf\e%?ﬁ@r%és% ’eﬁ%r%g?ary effects include:
(1 generating a fixed set of ICA common basis function sets from a
particular image database for analysing and synthesising images in the database,
(2) generating a fixed number of ICA common basis functions for image
15  analysis and synthesis in almost any image application;
(3) classifying an image database into image groups based on dependence
measure among ICA coefficients;
(4) changing the one-to-one relation in the pure ICA transform to a one-to-
many relation between basis and image in this semi-ICA transform;
20 (5) reducing the storage space and computational expense required for the
fixed number of common ICA basis sets; _
(6) allowing the common ICA basis sets need to be transferred or shared
once between two sides of communication channels for further image analysis and
synthesis;
25 (7) providing an evolutionary approach to classi.fying images and learning
ICA basis functions in a parallel manner is a dynamic process for a large image
database;
(8) the ev'olutionary approach has fewer local minima by using the evolving
process and splitting/merging process;
30 (9) the competing process classifies images into groups by using the
dependence measure — mutual information (Ml);
(10)  the splitting and merging processes help to grow and shrink the image
groups dynamically,
(11)  defining a confidence parameter to measure the closeness between the
35  image and the basis set, to be used in splitting and learning processes for image

selection;



U U&.()-S3 10% U&' () - Y10% U&' () - @a#10% & () -! (A@@#10%USUE () -!;

@@ 10%HUHUE () - VWAKMYY<Zz X9~_ @ 3- 10%

U& ()-!6L" $10UCC&' () -! @' $10%vMVE () -!3$!10% U U&' () - z#10%

U& () -!#, #109%0W0U&' () - S<ZZ<[ 2\\\\\\ } si _QlO%&' ()-10 10 10 4#10% & ()-!;

4#109%1H&' () -! D1$10°/QJQJ& ()-fs010% . ; 1 109 o
NANN 0, " 0 ! - ! - !

Lé%ot(yq)& })] S‘Q%iaa '%SIW? tl§r6§ /%{o)ri@g&%(%c{:l?earlmnlgop{g(ce(s)ses which can()

Z109%& () - 'éﬁ"dy EOURI ¢I)ec$1n'vé@%&cé/hwé eh/8f ifnag é@%‘éélﬂcﬂi@h ‘aft b&¥s learning;

9310%&' ()-S1109& ()-!6SWB10%&' () -f! 68"/&510%&' ()-f

S$10%& () - 0%&' ()-deffffffgrS4yl 109%&' ()- 109%& () | &10%& ()- 10 10

10! 1f 4$10%&’ () - (16§ 4$ﬁ:69/ﬁ|nb)arg@‘@ e lRiEabii¢atiohuSed on MI measurement which is
"109& () - y) s109%& %& it %& ( gr SI 8109%N/& () - S _ _
109%/6VE () YEAIFRY fﬁ)o *%ﬁr‘?ﬁ%ﬁ hesane Gogis 69 e gssociatedviithogp () - y! (f
"109%&' () - ylhhaggbﬁﬁﬁ&re(s)sedibyUPEwmﬁde Y 80/ &6#109& () - 4109 ()- y13
109 ()-.S10%& ()-!6f9" $10% ()-!6f9 $10%& () - nEnFNnGhHNKnnovpuV4y! #10%yy&' (
)-2!10% & ()- | ,t10% & ()-410% & ()- 10
Thus the described embodiment of the invention can be used to generate sets of

common ICA basis functions for analysing and representing all images in an image

10 database. Each set of common basis functions is used to cover a subset of images in
the database. The basis function sets are distinguished from each other in the
properties of ICA features' location, orientation and frequency. The number of basis
function sets is controlled by some parameters, such as confidence, to limit at a small
and reasonable value. A group of several sets of common ICA basis functions are more

15 versatile than classical DCT or Wavelet with only one set of basis functions. Common
ICA basis functions require much less computation and storage than pure adaptive ICA
basis functions in practical image applications.

While the preferred embodiments of the invention have been described in detail
20  above, it will be understood that various new constrained parity-check codes fitting to
different data storage systems can be designed by those skilled in the art based on the
téchniques described herein.

While the invention has been particularly shown and described with reference to
25  the preferred embodiments, it will be understood by those skilled in the art that various
changes and modifications in form and detail may be made therein without departing

from the scope of the invention.
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f& ()-S10%& () - s)aatprping the objects among tHe sets of common is funttions, with a
plurality of objects grouped to individual ones of the sets of common basis functions.

10 2 A method according to claim 1, wherein the objects comprise images in an

image database.

3. A method according to claim 1 or 2, wherein generating a plurality of sets of
common basis functions comprises learning basis functions for a previously formed

15 group of objects.

4, A method according to claim 3, further comprising repeating steps a) to c)a
plurality of times, with the generation of common basis functions in step a) of the
individual iterations dependent on the grouping of objects in step c) of the preceding

20 iteration.

5. A method according to claim 4, wherein generating common basis functions in
iterations of step a) comprises revising the common basis functions for those groups
that have different image contents from the previous step a).

25
6. A method according to any one of the preceding claims, wherein analysing said
objects in step b) comprises determining dependence measurements for individual
objects relative to a plurality of the sets of common basis functions.

30 7. A method according to claim 6, wherein grouping the objects in step c) is based

on the dependence measurements determined in the analysing step.

8. A method according to claim 7, wherein an object is grouped with the set of
common basis functions which produces the dependence measurement indicative of

35 least dependence.
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11. A method according to any one of the preceding claims, wherein analysing said
objects in step b) further comprises determining a confidence value for individual
10  objects, representing how well the object is suitably represented by the set of common

basis functions with which it is grouped.

12. A method according to claim 11, wherein determining a confidence value for an
object comprises comparing a first dependence measurement, being the dependence

15 measurement for the object with the set of common basis functions with which the
object is grouped, and a second dependence measurement, being the dependence
measurement for the object with a neighbouring set of common basis functions to the
set with which the object is grouped.

20 13. A method according to claim 12, wherein determining a confidence value for an
object further comprises dividing the difference between the first and second '
dependence measurements with the first dependence measurement.

14. A method according to any one of claims 11 to 13, wherein a higher confidence
25  value represents greater confidence that the object is suitably represented by the set of
common basis functions with which it is grouped. '

15. A method according to any one of the preceding claims, wherein generating a
plurality of sets of common basis functions in step a) is based upon a subset of the

30  plurality of objects.

16. A method according to claim 15 when dependent on at least claim 11, wherein
generating a plurality of sets of common basis functions in step a) comprises comparing
the determined confidence values with a first threshold and basing learning basis

35  functions on the objects for which the confidence value is a first side of the first
threshold.
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when dependent on at least claim 4, further comprising determining an overall
confidence value for the set of objects and stopping repeating steps a) to ¢) if the overall

confidence value is a first side of a second threshold.

10 19. A method according to claim 18, wherein the first side of the second threshold is
greater than the second threshold.

20. A method according to claim 18 or 19 when dependent on at least claim 11,
wherein the overall confidence value for the set of objects comprises an average of the
15  confidence values of a plurality of objects for the current groupings.

21. A method according to claim 20, wherein the overall confidence value for the set
of objects comprises an average of the confidence values of all of the objects of the
plurality of objects.

20
22. A method according to claim 18 or 19 when dependent on at least claim 11,
wherein the overall confidence value for the set of objects comprises the lowest
determined confidence value for the current groupings.

25 23. A method according to any one of the preceding claims, further comprising
determining whether the groupings are stable.

24, A method according to any one of the preceding claims, further comprising
splitting each of one or more existing first groups into a plurality of second groups and
30 regrouping the objects previously grouped with the one or more first groups with the
 plurality of second groups.

25. A method according to claim 24 when dependent on at least claim 11, wherein
splitting occurs based on the confidence values of the objects of the one or more
35  existing first groups.
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28. A method according to claim 27 when dependent on at least claim 11, wherein '
10  merging occurs based on the confidence values of the objects of the two or more
- existing third groups. '

29. A method according to claim 27 or 28 when dependent on at least claim 23,

wherein merging occurs when the groupings are determined to be stable.

15
30. A method of determining common basis functions for image objects in an image
database, comprising a process of:
a) classifying the images into image groups associated with different sets of
common basis functions;
20 b) determining whether to at least one of: split an image group into two or more
smaller image groups and merge two or more image groups into a larger image group;
c) learning revised sets of common basis functions based on the current
groupings of images in image groups;
d) determining if the process is converging; and
25 e) (i) returning to step a) if the process is determined to be converging; or

e) (ii) stopping, otherwise.

31. A method according to any one of the preceding claims, wherein the basis
functions are transforms for encoding the objects into mutually independent
30 components.

32. A method according to claim 31, wherein the basis functions comprise ICA basis

functions.

35 33 Basis functions generated according to the method of any one of the preceding

claims.
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37.  Apparatus comprising a processor and memory means and programmed to
operate according to the method of any one of claims 1 to 32.

15
38. Computer software for determining basis functions for a set of a plurality of
objects, comprising:
computer code means for generating a plurality of sets of common basis
functions for said objects;
20 computer code means for analysing said objects; and
computer code means for grouping the objects among the sets of common basis
functions, with a plurality of objects grouped to individual ones of the sets of common

basis functions.

25 39. Computer software according to claim 38, operable according to the method of

any one of claims 1 to 32.

40. A method of determining basis functions for a set of a plurality of objects,
substantially as hereinbefore described with reference to and as illustrated in

30 accompanying Figures 2to 7, 9 and 11.



