VI SUAL OBJECT APPEARANCE MODELLI NG USI NG | MAGE PROCESSI NG The present
invention relates to nmethods and apparatus for processing i mages. Mire
particularly, but not exclusively, the invention relates to a nmethod for
generati gg A:RFRE froma set of images, the nodel bpipagusoAle t O
determ ne whether an input imge is a nmenber of the set of inmages. Sone of
t he nmet hods descri bed herein also allow an area of input inmage best
satisfying a nodel to be identified. The use of conputers in the field of

i mage recognition is wel f i mge
recognit i O?Y@‘émr QBt’ﬁ%TP‘PBFﬁRg\A@? rmlﬁﬁ% ﬁ&g&ggg#;‘%@mé conputer is
provided with an image and it is required that output data indicating
whet her or not the input inage is a nenber of a class of images is

gener at edrheTheseot agsntion ralaienge stethmgs rop pesEsits fie procsssinglimagesr Matd on of a

parti CU| art?c%&ﬂg[}ﬁﬂtnoy\@cﬁg:vé@ tﬂQ% h&sh %t%ytcﬁg rheRCldshF bé!’lersﬁ{r]gcaess It is

known to carry t he proces’sin escr| above using
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raining images being exa e c s of interes at is,

gi ven t h@o ‘ﬁ%ﬁﬁ“ﬁaﬁﬁ ‘W&@%‘?%E%'é@@@ %@v@ﬁg’e??ﬁdgéwgge ranges of variation,

the plurality of training images will be exanples which span the

permi ssi b&g t%@%??orﬁéuté’r@[)r‘ AL 'r&@ o m@g Je@@gm.hn% agnﬂo%egﬂgggﬂ&uw operly

r epr esent varitat1 on. e use of nodels of
the type a@emr@m@a ffamé%h%floén‘f?d?efﬂec‘?ﬂ*ﬂs ot dpie §5eedes He'e. @s not

wi t hout 'cbi%péﬂe%dyf%m&@e%ﬁh @aamégesadﬁrﬁ&ag@mea thé\aautm de® lﬁ&'&ﬁﬁhgdl fficult to
generate a sufficient é accurate rm 8 n‘% n% ecau errrall number
of the pMiEdeEr Py Yihg PRYIPAR 'isr"ﬁa(B%@ ErTOMESl eﬁ"ﬁ%?“eﬁ?%‘b 7Fy represent
i mages \M&laeiﬂoasrregw tnhy reptdsentpermtsige brla@taoamge peficular doatpboant whilte | ncl usi on

of such | %w&ﬂp&ﬁ{af&%&gl ng process can result in nodels which

wrongly |n nmages are within the permssible range of
vari ation V\,hen in fact, this is not the case. Another disadvantage of the

use of Wﬁd§k§ov&?{zotclaa~yfowme %@ceé%uig @@a;\y&dlasmwa&mg m:daaﬁ Aeyremﬁsag an i nput
|mage|s pr n the perm ssible

e o riaeea of ek Hheh R e S G bRl et he iRt ER o why this
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accor danggeaof fndde. JOfElest Ml 1d QR ot S0RT o6 BOCLREOMes are such

t hat when an area_of_ an |nput whi ch best
sati sfi eseraﬂw&perang%@f Ve qfaw’tffa*ffv of draiNrgn'megen pilk je teﬁ@'”%{?%a best

sati sfyi pgich fh@amﬂﬁlperm“ﬁsnﬁlélabn@r en vanﬁmﬁf bedhefrat Yhes abnesfte@smédee nodel . That
i's, where no, area Vﬂglmently satisfies ,a nodel, it is

of ten us%rf’ﬁ?ﬂytrBPrﬁ?W ﬁgpPrﬁf% r’?aﬁtap 471%f yi ng the area which nevert hel ess
best satisfies the nodel, Existing technl gues often fail to do this. It is

an obj ecly,ef ¢ r;%np%dbﬁmaggs Qf tﬁef@ppro%%&med'4&\56@%9%}093@%5%%@ mitigate
one or nore o ens set out ab

success, i is nct without s disadvantages. One d:sadvantage is that it is often

dglfficuit to generate a sufficiently accurate model, for example because a small

number of ihe plurality of fraining images may erroneously nol properly reprasent

images which are within the permissible range of variation. The inciusion of such

images in the model building process can resull in models which wrongly indicats

that input images are within the permissible range of variation when, in fact, this is

not the case,

Another disadvantage of the use of models of the fype setf out above is that typically
when an input image is provided which the model determines is not within the

permissible range of variation, an operator is provided with no information of why this



According to a first aspect of the present invention, there is provided a
nmet hod of generating a nodel froma set of images. The nethod conpri ses
processing a plurality of data itens, each data itemrepresenting an i nmage
of said | opges, to deternmine variability betwgen, saj ality of
dat a itesn‘g%)z@'hig%%del i s generated based upon said dat af(fsltﬁg%g@%ﬁ% sai d
variability wherein the Influence of each of said data itens upon the
generated nodel is determ ned by a relationship between a respective one of
said data itens and said variability. The invention therefore allows a
model to nggh%@%‘%gsé,@.in\!}ﬂ shintibgioh ik wenesut 0hage pabt ik etdoadandatvah i t em upon
the created nodel is determ ned by relationship between the particular data
item and #Ke&#5ri abi lity between the plurality of data itens, Thus, a data
itemwhich is far outside the normal range of variability has a relatively
| ow i nfluence on the gener : . g@g? | fore

consi deregd‘ﬁtbonﬁlgy’ gorp?)%ﬁ'g?ngﬂ’t%%\g‘fq@g%’let%’gﬁﬂ?a?K’?’gkﬁggt af !(ja(t:dt ggﬁ%géfoo great an
ext ent byamatod 2ntieps inggnyhishtbsplidestisiirs acneasl Pagrenieres & italBveMty used in
i ts creatjong BRCH0fhdch SatRbiHgahk tioddl, @R dréLmButBNID esaberaorA@l | zed data
item Normalization of a data Ltem

C can be CL%{Ki gd ouh I n a@%i qonveni ent
way. A pl meggli Thet & whare nuprea g 40 PUmmapg, SYEenEY 8FPATE 2 S8R 'S ti al dat a
i t em conpsich Q@A bl pbddid iforoktiel Rirtfyiag the neei anichatavertfatrssezsh el enment
may be conpujt ed, bas n_val ue went in each of said plurality
of initi a%g%’aft‘aelsgh&i Tgﬁfg'.él’%g@g}&éé’%%‘%sgﬁeére itt%ﬁévé'ue inthis way has been
found to allow for robust nornalization. Mdire particularly, the use of a
medi an v LARESOYBhe bRBeMSA ot BRRIY & Hiegds v of hat a
medi an vzjit%ganrgﬁer?@tgyﬁﬂduly affec?gd by a small nunber of outlying values. A
medi an ab®eflewt &edeiiens $H CPiIREYE val ue for each el ement may be conput ed
based upon values of that elenment in each of said plurality of initial data

itens. Again, the use, of th D is_.a I : it dS
el at vel BEeputeap 3 BEbaeRt fighe Pk A aRee BotfRs sRled of Py
conpri se gunecéss izngodslcronelzesrd ref IvEges. rlégpeethpd coWaHes| RTEFASHNE I r ef er ence
to a resg&&%ﬁg%dﬁ@ﬁ%,\é%%t@@n NAR ¥ adiddear! iag@ bedaid 2eommBgssTR i zat i on
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factor f e.respective data jtem A respﬁé:tl \z@| nor mal i zed g%ta itemfor
each i ni tdeiamingt ripkilmeliyeep meld Hwale oL FatElEy Brﬂ“ﬁf{éﬁﬁ FLPFSor mal i zati on
factor tosdsbeu@sdaeridy Rerdibid lid daeailifyvéwreiT thesnflvetdeod ceh ofcaival i zation is

advant agepus.given that its ; i.an that it is
rel ati vel‘ij)"?arg Pp?rbt[]}eh%enéefaftéejdz% Og%i ’%}E%ﬁwgaﬁgl\%%eﬁ\%h%ﬁ? b%@%@s& . Generating
t he nodelresrasibve ampohsaaiatadanaaid esvargyiiyonpri se associating a weight with
each of said data itens. The weights may be based upon said variability.
The weights can be arrangaid such hgg influence ﬁ%ﬁ ut | Liir;}g %?ta itens is
m ni mi sedheAnvastightherdereciiews 6rMA%E & B8R PL s WHED "FeMlsisted.  conputi ng
a wei ght dapkular 88 mest ipse tat@aiet amdenis dedaprinesiedydelationshini begveenr el at i onshi p
bet ween the respectjve _dat.a item. : | average data
item may thyepat P 't(?g‘t%‘die{tfée‘ﬁg?l%ﬁggﬁﬁeg}{%&%@gggﬁ@%ﬁ%" P‘ g‘%‘?ias preferred
as this resuldns whitht hdaneitgitr tebrirmg! eoapof daiabiitis s 2@Vt RYt the ef f ect
of outlying dat@ thi §OFrkSa MoBkiMRedeated model is therefore considered to be a

robust model, in that it is not affected to foo great an extent by data items lying

outside the normal range of variability used in its creation,

Each of the plurality of data ftems may-be & normalized date item. Normafization of a

data item can be carried out in any convenient way.

A plurafity of initial data items may be received, each initial data item comprising a
plurality of elements, A median valug for each element may be computed based

upon values of that element in each of said plurality of initial data items. The use of a



The nethod may conprise determning a value indicating a confidence in each
of said data itens. The confidence of a respective data item nmay be based
upon the rel ationship between the respective data itemand the average data
itemand v ability of said data itens. The method her conpri se
generatlﬁgggnﬁ@%gﬁblllty distribution fromsaid valuégg%ﬁﬁﬁgﬁgVﬁb a
confidence in each of said data itens, and determining a probability val ue
for each of said data itens based upon the generated distribution. The

wei ght associated with a particular data itemnmy be a function of the

determ ne BGb 08w TBY rcB: @V iR akatidd Mordvei ght val ue
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in a thirdy&anaea FeNeT abiLods hoeunmebfiathy BpaPshaeneabar #fi alyigg a
di fference relationshi p between each of said data itens and an average data

itemto gé"ﬂ ate a plurality of difference data itens. The average data
itemmy be a weighted nean of said data itens, the weighted nmean being

based upOF rﬁed%n%%%%ﬁ@d%%ﬁ@ﬁh&@%%ﬂug he e%%i@%eﬁ%ﬂ/ B WehQdaksagan is

benefi ci a ditional” robustness. The
det er mi neapqneia@hs sf e %@3@@@?%0&9@‘%%‘@ *%Hloffff@faéﬁété i§a62A93 4k and a

mat ri x i nQCRtidgAb W RARRYABIhdnatiif it esgner rRish td bidying @fenest Wi t h
reference to each other weighted difference data item may be generated. The

mat ri x rra‘jﬂl{ffé a covariance matrix, Cenerating the nodel may further
conpri se establ i shing the eigensystemof the said matrix to generate a
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at | east envectors. hi's way, principal
corrponentWIEl‘na&f@fsﬁC§ fos apéﬁspéfﬁth‘édm@@hé’ﬁ%l?l My MARY Vﬁi“ﬁrﬁ’l PEYTERe & genvectors

and ei QGW&;‘Jnélz%ndr&&xctB%P DR re6RdERNd §ela Eézﬂcﬁfﬁ&!;ﬁ@w@ fodhkied demtieinx, said
further matrix g{ smal | er, size Eﬁl&g} d mat ri X, i %fgﬁgtlcularly,
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and b i gave ance o he no
effect o‘? ouﬂymg data elsment vaiues,

Generating the model based upon said data items may comprise associating a
weight with each of said data items. The waights may be based upon said variability.
The weights can be arranged such that influsnce of outlying data items is minimised.

A weight for each of said data items may be computed.

Computing a weight for a respective data item may comprise determining a
relationship between the respective data item and an average data item. The
average data item may be a median data tem. The use of a median data item is
preferred as this results in the weights being computed in such a way that the effect

of outlying data items is minimised.

The msthod may comprise determining a value Indicating a confidence in each of
said data items. The confidence of a respective data item may be based upon the
relationship between the respective data item and the average data item and

variability of said data items,



Each data item may be a vector, and each el enent of each data item may
represent a pixel value. According to a second aspect of the invention,
there is provided, a nethod of generating data indicating how well an input
i mge satisfies a nodel representing a set of inages, The nethod conprises
processi MY dHYPRBH data item representing the input PEAEFRIPEYGENer at e data
i ndi cating how well the inage can be represented by the nodel. The i nput
data itemconprises a plurality of elenents, each el enent representing a
respective i mage el enent of the input inmage. Processing the input data item
to deternipe how wel| [ [ Satd sfeSu ; b ses

determ nimrgge anbne%or?},\ﬁ%ﬁ%@gm%wsgaﬁ‘ggﬂt@%n?wg? &?t%%ﬁr‘%ﬂ?ﬂ?ﬁ 33_?’_29%""{' em shoul d
have uponvaltes ipdicetingt @dccpfidence dncbagerér sid vi§iss dems.darth SigERAINBa? each

el ement OEEDEQ&W PR fof@héh bt M NAS itdhe beelaidshnes gmikie aRgibuiidhe use of an

influence in this way ensures that elepents of the input data jtem which
are anomalBtivaigll ssogaleh Mt e? PR rf%%hétﬁ% MWoh® the B‘i”blﬂﬂit fat i on,

t her eby epgsumiimg prosasiigbusienese aihclidremde pendenafiiso weighevalisowserel ermrent

val ues (e. i xel val.ues).ar n . r.om, i i yence which
an el erren?aq%fﬁ%bﬁbéml ﬁﬁﬂ%nagaftng rlg?%mgg{cﬁ%ﬁgncﬁ%%agSggﬁﬂe@ggﬁé’rg gj% i{fﬁ data may
conpri se gesenatanggwhsnedigymiuaintigating eneebiitydaior tbremeas: of the input data
item Generating said data such that each el ement has the determ ned
influence may conprise determning a relationship between each elenment in a
plural i tyGG‘?‘?f%’fé?ﬁﬁnF%m&ﬁ?id“ﬁt EHPIER F@E‘Bﬁ?’ﬁﬁgd'ﬁﬁ’ﬁﬁg‘%’e&ﬁ“o’f‘ﬁ@ eHeHF i mages and
a respect iake oebBBRS itehs biean Aprdgedatzoitdm ryendratees plectiywe dierenaf sai d

wei ght da ite may_be l.i ed e - kel.ationshi erat e said data
Mt cat | ERBRTarT maS fRIeR SR The R ot RSN ° 02 0

wei ght dawgighteed meanybedranpadedeuret ibe rdawrmged welbdiei ohshisp Begeén an el ement
of the | WBéféht?@xhgari & 8aRRE) ih BRI itaDkirbY with aaa]tlid%'a%ﬁlétn&fs. a plurality of

sanple data’itens. The relationship between an el enment of the input data
itemand the variability of an elenent of a plurality of sanple data itens
may be a 1Rl alidronelivighiehuees abfiedds fshierdfeenchetareiemd hel eherent of the

i nput data.itemand an aver t. I i Lahrlity. Each of
sai d wei dﬂqmé‘ag oY tie ecﬁcﬁﬁ%%#]cg%% e'f(t?%ﬁ\é#%a vﬁﬂﬁger% b%e%%%%%@é%i ng, The

met hod neaeidrted titerenmengata dem geaveheagenaetedit et metdx say g ® aevargehe i nfl uence
of at Iegglsome of said input elenents upon said deternination. The out put

data may conprise graphical output data indicating pixels of the input

i mge which contribute relatively little to the determ nation. In this way,

di agnost igerkeaapme menmbefupheviotpdsd establialsiog thefdigeneysimmplotthasiidg an

appropriate graphi cal Fe -g&;@ LOdi L el | an i nput
i mage Saﬁagﬁaftgs&ger%aaeﬂﬁ%v Ogtgﬁélfé\%gfgést ;e-rgf?i er altu%a%]/gglmp?ﬁe%ﬂ% g|Tfr?]‘\p%‘[lgl%wdat aitem
may be a cnutrivibiateeast mome efasald iplusaity of eigenvectors. in this way, principal

component analysis is performed.

Generating said plurality of eigenvectors and eigenvalues may further comprise
processing a further matrix, said further matrix being of smalier size than said matrix.

More particularly, the eigenvalues may be derived from said further matrix.

The model may be a statistical model. For axample, the model may have a form:
m + Pb

where m is an average data item,

P is a matrix indicating permissible variation; and

b is an example instance of the model.



According to a third aspect of the present invention, there is provided, a
nmet hod of identifying an area of an i mage which best satisfies a nodel. The
met hod conprises processing a first area of said image with reference to

t he nodel, said processing generating displacenment infornmation, A second
area of sHPFI%&Ye&®is processed with reference to thePnotB*4E second
area bei ng sel ected based upon said displacenent information. |In this way,
the third aspect of the invention generates data which can be used to focus
and direct a search intended to |ocate an area of an i mage whi ch best
satisfies the nodel. This can be beneficial in inproving the efficiency
with which the area of an image best satisfying a nodel is |ocated. The

di spl acengath dath demandoie aegptaongraask slemens Phiaco dale IgMspriaEefre Tt

i nformat i %%é:ﬂ@éh%. rotational displacenment information. Processing the
first and/or second area of the image with reference to the nodel may
conpri se carrying out processing as described above in connection wth the
second aspgedrdifd tb he sedn@ndsbedd.of tAe Grovedtiorg thereaisf muviddd, as pedtododf t he

present invention, .there.li rovi de . r.all Jodel data
r epr esent SRS ARSI ‘f’atg’giog's“ée\ﬁoag '?%ﬁ%@g&é %%%ﬂér)r%? %gggc%én%g%gigggpr ocessi ng
a plural i syt @imagesplhe dethed ¢amaneest RFOGRSREOFNANRA Hel2 BTEEPTaRAnend Bach sanpl e
data it ep\rfpﬂferma'gé't@%gﬁér&@ldﬁﬁgﬁﬁgﬁtinb RbQrWaL ihv\ﬁnmaéé‘cérhbeg rapedientel@yf ourt h

i

aspect o vent’ on %ene_r ates a_ nodel i ch i ncl udes gi%‘gl acenent

i nfor mat i §1% WAPRH Te@NRYE dEadiem Coiprsies fe PGB ©f €eapPr B B/ nput

i mage. Th?ep'@ehflﬂ@ HRyspbifve hﬂé%d:ﬁaﬂaéiﬁsa mee@?wiim@aamddamﬁg ﬂhatiapuét em and
generating sa ata itens sed .upan. al it i versi ons
of said i ﬁﬁtﬁt'{g)(ﬁ‘é?%%ﬁeéwe %ﬁg By o@gsigﬁgﬁg’ m%g/ S(L:%Eerf#{)ers itﬁee?'tboe&rg* g?’h‘na%%”pri nci pal
conponent detambiyieg sin influencd Which@asppleawnhrbthe inget dave tpmvadaLiid¥vean be

| mpl enent gg e o CRRES b gRatifgOLai@KREPARN 1RRREK Sichlent Brank nvent i on

provi de not only ut al so sditably configured apparatus. The
i nvent i oningaldatfeitany hag e dgeMintRP IYERSS of suitabl e conputer programs which
may be carried out on appropriate carrier nedia. Such nedia includes both

tangi bl e garrier, nedi.a and intangi bl i i \/\!@. ep e, et hods
descri bed%%\%H?/eeOfa?'é ”?ﬂHﬁrl'cgrf%ﬁ‘?;%(‘fg gsﬁnﬁtgregqﬁ%n%%rp%ﬁgf) ﬁteheviar !t é‘tﬁg“ l|tér;rwwglges and
nodel s nayhible arecrresdnt daveyrelativelviowdniienas Lden the dpleahingtionstheiedy in a

sui tabl e Q&'ﬁﬂ&gﬂe%m&e@%pﬁl& QhtermiFARAANEN S Dbie At valEs aspasies of the

present invention will now be described, by way of exanple only with
r ef er encevalisst #& 3E®8REANYI ng drawings, in which: Figure 1 is a schematic
di agram of an i mage anal ysis system

Determining an influence which an element of the input data item should have upon
the generated data may comprise generating a weight data item for each element of

the input data item.

Generating said data such that each element has the determined influence may
comprise determining a relationship between each element in a plurality of sample
data items representing images of the set of images and a respeciive efement of the
input data item. A respective one of said weight data items may be applied to each

relationship to generate said data indicating how well the input image satisfies the

model.

Generating each weight data item may comprise determining a relationship between
an element of the input data ftem and the variability of an slement of a plurality of
sample data fiems. The relationship between an element of the input data ftem and

the variability of an element of a piurality of sampie data items may be a relationship



Figure 2 is a flowhart showi ng processing carried out in constructing a
robust statistical nodel of a set of sanple vectors representing inages;
Figure 3 is a flowhart showi ng processing for robustly normalizing a set

of sanpl Eigﬁ\)/?&%ﬁ{“? in the process of Figure 2; Figur %C%dﬁor@fe{)b wehar t

showi ng p He processing of Figure 2 arranged t0 generaté wei ghts for
the set of sanple vectors; Figure 5is a flowhart show ng processing to
perform wei ghted principal conponent analysis in the processing of Figure
2; Figure 6 is a flowhart showi ng part of the processing of Figure 5

arranged tQueah g @kSeAtt RHOANSHS ERMA cRthBRtHLL Yata fe@UIrE af dvBragef | Owchart
showi ng processing carried out to test a test vector's fit to the robust

stati sti c&lemepbeeyanesall WieBiyng the processing of Figure 2; Figure 8 is a
schematic illustration show ng di splacenents of a training exanple; Figure

i fl h . showi ] i Lnirk b d
0 15,2 1 SR SO 0N SRR AP NG LS on be used o

create a inthe processing o
10 is an illustration of a set of training inages; Figure 11 is an

i1 ustrat Hﬂ@-n%frhoﬁ%%ﬁﬁﬂ%ericgﬁr%ﬁsé"éﬂn%mib? oDPLt bita emandoms hinkida drhe set of
training inmages; and Figure 12 is an illustration % outgué é)row ded
i ndi cati n@t Basiseree sglp){r@uge!pﬁneatstuggxﬁ spﬁﬁl@é@_rmma‘non. & outout data may

comprise graphical output data indicating pixels of the input image which confribute
relatively fittie to the determination. in this way, diagnostic feedback can be provided

to a user, for example uging an appropriate graphical user interface,

The data indicating how well an input image satisfies a model may be generated

iteratively.
The input data item may be a normalized input data item.

According to a third aspect of the present invention, there is provided, a method of
identifying an area of an image which best satisfies a model. The method comprises
processing a first area of said image with reference to the model, said processing
generating displacement information, A seceond area of said image is processed with
reforence 1o the model, the second area being selected based upon said

displacement information.

In this way, the third aspect of the invention generates data which can be used to
focus and direct a search intended to locate an area of an image which best satisfies
the model. This can be beneficial in improving the efficiency with which the area of an

image best satisfying 2 model is located.

The displacement information may comprise transiational displacement information

and/or rotational displacement information.

Processing the first and/or second area of the image with reference to the mocel may

comprise carrying out processing as described above in connection with the second

aspect of the invention.



Referring now to Figure 1, a nodel builder nodule 1 takes as input a set of
training imges 2. The nodel builder nodule 1 constructs a statistical
nodel 3 based upon the training inages 2 as described below with reference
to Figureg, ydidg.sgodel builder 1 outputs a statisticabrgReRboedsRased upon
the set of 2tral ning i mages. The statistical nodel 3 is a nodel based upon
the range of variation within the set of training i mges 2. The nodel 3 is
passed to an image testing nodule 4 which processes a test inage 5 with
reference to the statistical nodel 3 to generate an output 6 indicating
whet her tR@oct@stioiafegs dpeant be wedeht civertbhythaeds pateky, a epthedeht ed by t he
nodel . The processi described w r ef er t. .9 iS¢ such that
if the se‘ie”S'fa%E'q 5?%‘?1153? r{%%gséeng% g%ég?iecgeaﬁtcga{g |§\e/°é 1@?§§: gggtnﬂeét ar class of
i mges, tdvenpmpekebroGestisg a pielty of e dRpiiAgStih aenepigssidonodehfidds. The i mage
testing I ; i \ e test inmage 5 is a nenber of
t he cl asg&%b‘ S?’F‘r@%gg&r’%@%@?@ﬁ%’@%&%ﬁﬁ%&mﬁﬁg&i n the manner descri bed
above. Referring now to Figure 2, the nodel builder nodule 1 of Figure 1
r eceihves iAtinis R, Ple BubhBRY=et SEi'heXnWmiﬁcdn g.émraﬁstmaosatwmcfh hcladeasi nghi mages
2. The set X contains s unpnornmalize t.or. Ly WM j..J.N the range
lto s whel¥ReaPRAOTSPeY ‘8’%&?” %“ge%eﬂﬂn%gﬁh%% %tdgléééééllegnfié rg‘F{rjﬁ ng i mages 2
of Fi gur emdge.Each vector x represents one of the training images 2 and each
el ement of xi represents a pixel of the respective training inmage. Each
vector xi is therefore of size n where n is the nunber of pixels contained
in a traifengethpsigesy drthet epnssisetReR RSN NP CEHR JteR) 3%$§$$%ﬂh”§t ly
nor mal i zedwhR @y erds BeseMBldored paimyl & diglackd vesmhaidnisaig igput daaespondi ng
normal i zed sanple vector xi' for each sanple vector xi as described in
further #8Fail with reference to Fi gure 3, At step 53 a robust zero-node
nmodel is constructed for the set X and at step 84 a robust fit-function is
construc ' t o : st zero-node nodel is
so call etcﬁgé’%%é%gl '{@ Jcor g%% 8%%5@2@ ﬁg?ﬁ%?ggtﬁ%n@ﬁl@o%ﬂaﬂgﬁ Ei gensystem
anal ysis, and as such the nodel contains no eigenvectors. An eigenvector
gan bede&i»dn ﬁaga &Béi@tﬁ@lﬂ’ﬁatﬂné iRshow bary BE inaiiéroetedfh driyeodan@nt wam whi ch i'é i's
erived. A nodel w thaqut, eigenvectors.is ' zer o- node
model . Af S5 EENRIY %%&%Bﬁ X Wf}’% S i'°3r’ﬁ eenotﬁiw'lﬁ's&gté?%guﬁgt%% ?Lgtra B‘%ach sanpl e
vect or Xibnfigusdngpdaietus: Ginasinvérition fromc beopprdet oul &Y cteais Fte¥fialda. At step S6
a vei ght . for pgﬁg’t&hﬂsm a) @Rt @il outich SMhepikat agridasash. wnen t he

e.p

probabi | Ity esti I. The weights coppute are, based upon a

) E dinthis wa
| evel of megiaf neletre Lol @ae gt B ShimaT g WF@@?’&C%E%*%" r?’??éa'mrff'e“lth%f confi dence
i ndi cat i pgmMelbRFbeBIY 8etiBplerichte Sisiag wabinguretrbesrica imdyessed of training
i mages giv the vari ati ithin =Se f .k raln I he
pr ocessi Hﬁg%fs r%%%% r%e%eg{%gg@yi Q’gﬁgggﬁﬁ%e%at?rw c{??]'% krlgg?g%érfgi ?a/\nb}%h ref erence
t o Fi gur medoniintietiogpwiey, if the sanple set X includes at |east sone
vectors which are not properly representative of the class of inages which
the nodel is to represent, the nethods desc_ibe% herein are configured such
t hat vecEBPadimaRts©f ¥RYs #FRITS ?fdf‘?lip??@eiﬁrf‘é‘t?é’é%m TRWar%ed%76H0%Sr Bher Iy
represe%é}&f\é&a:ﬂﬁlebﬂ@, attasferaceitoRg @ckavenging efealrigeshwhicow i npact on t he
created nodel, That is, where inaccuracies exist wthin the sanple set X
those inaccuracies have a relatively I ow overall inpact on the nodel. This
resul ts Figukhes ese@matindiefram ofedéhagehdrglysiesygiaind to be robust. At step 37
wei ghted princi pal conmponent analysis is carried out on the normalized
sanple set X as described in further detail wth reference to Figure 5.
The procEgwect i LN SheWag iPFRSEES Rt 2 FRHAYE s EPNSUE I Al tiiflat e a
nor mal i zeghFANM o8It s& of kSmpPiR\Wesles ceprbamitindinfaded;her detail, with reference
to Figure 3 which shows processing carried out at step S2 of Figure 2.
Referring to Figure 3, at step 310 a centre point vector mis cal cul ated
for the m@ire afis sampbleay gehargspricesthe foenbysty poimaliziveetser ofissmalevect or  of
size n where eac . m m, is the nmedian value of each pixel x1
cal cul atvgatcésc'?oseggr%eggggﬁ%ﬁé‘%et X. By using the nedian val ue the effect of
outlier pixels in the input vectors is reduced or even elimnated. Mre
specifically, while sone known statistical nodels are based upon a centre
poi nt vector based upon a nmean val ue of each pixel, such nmethods are
undesirably affected by outlier prxels. This problemis overcone by the use
of medi an values in the manner descri bed above. At step S11 a spread vector
ais calculated. The spread vector is a vector of size n



where each elenent of Cc , ai is the nedian absolute deviation (MAD) of
each pi xel across the sanple set X. A MAD value ai is cal cul ated according
to equation (1): al= nedian xi; -mlj) Again, the use of the MAD as a

measur e Bpggtﬁ{)/ﬁ%qssi s effective in ensuring that Ou“yﬂ.fdi%ﬂ?:iu&%l}ﬁséjo not

unduly a € created nodel. While this is a beneficial "property of the
use of the MAD val ue as descri bed above, such benefits are not achieved
where a neasure such as standard deviation is used to indicate spread. At
step S12 the vector norm 1[41 is calculated for each sanple vector xj in X

The vect OEghRy Mif QF sidwdhBR LPbwikg I pariCal Gl BbeRsRE ARG 2 ar@geattbon (2)
0-1XX; 811)1(2) The function Mn, is

shown below. il X 11= Elm_ Wonn(X

a Cauchy ﬂﬁ*??éi‘tF&ﬁ@@?ﬂfBUf‘%\F%&f%Eﬁ“%&to equation (3) shown bel ow. 1
Moan(x Mc Cri ) 1+ fi G The paraneter /I
determnes th enal t ' | ave found a
val ue of gu'ggre?% afn@\ﬁcéargglfogxﬁgﬁ%/@%s%é% ? %ﬁ@&‘}e g‘ﬁ%’“&g%ﬁé&@éﬁ%@ t hat ot her
val ues of apelysisin be niseegsitmoidiase 2on (3), and i ndeed that wei ght functions
ot her than that of equation (3) can suitably be used.

Figure 6 is a flowchart showing part of the processing of Figure 5 arranged fo

caiculate an eigensystem of a matrix;

Figure 7 is a flowchart showing processing carried out to test & test vector's fit to the

robust statistical mode! generated using the processing of Figure 2;
Figure 8 is a schematic illustration showing displacements of a training example;

Figure § is a flowchart showing how displaced iraining sxamples can be used to

create a sampie set suitable for use in the processing of Figure 2;

Figure 10 is an ilustration of a set of training images;

Figure 11 is an illustration of an input image which is not in accordance with the set

of training images,; and

Figure 12 is an illustration of output provided indicating defective pixels in a test

image.

Referring now to Figure 1, a mode! builder module 1 takes as input 2 set of training
images 2. The model builder module 1 constructs a statistical model 3 based upon
the training images 2 as described below with reference to Figure 2. The model
builder 1 outputs a statistical model 3 based upon the set of iraining images. The
statistical model 3 is a model based upon the range of variation within the set of
training images 2. The modsl 3 is passed to an image testing module 4 which
processes a test image 5 with reference fo the statistical model 3 to generate an

output 8 indicating whether the test image 5 can be sufficiently acgurate!y

represented by the modsl.



At step S13 a nornalized sanple set X of normalized vectors xi' is
cal cul ated by applying the vector norm 11x111 cal cul ated at step 512 to
each sanpl e vector xi according to-equation (4) shown below. xi'=kl1l x, (4)

From the precedi ng discussion it will be appreciated Cﬁ' nor zing the
I nput ve8983@0@§V§b the median and MAD val ues across 2ﬁ¥ gﬁ&%et X
reduces the effect of outlier pixels or bad pixels. The nornallzatlon
process descri bed above ensures the nodel is resilient when bad exanpl es
are included in the sanple set. Good discrimnation is still possible when

the sanpl glloi:éslng%!eggﬁé Wﬁﬂe‘?éré?cre@m}"?gi@@ﬁ 'I@&cﬁ%ﬁ%@éé@b%n‘nﬂ?ges whi ch

are not p op presen ative cl ass of inages represented by the
sanpl e setmagﬁé ipreresssiagfe efad eelatarfiess @é@‘awsofhe\/\@i’%@ﬁ & MeTer e each wi

corres pon%rés@ntﬁﬁgﬁﬁét@és‘szﬁﬂna%%gpf@ :h‘@g& @éstmg nhRiuRONEAEmBsH dleehihar f urt her
detail with reference to g!ga rocessi ng d out at

steps S3 WB°BY '6F '$H JUPE 5F t° ﬁbe ?%SSFP RS TR gtF ‘Z%g' Ié%S a centre

poi Nt vechQfbellHin e redrner descibedabouel at ed fromthe set of nornalized sanple
vectors X', each element of the centre point vector mis the nmedian val ue
of that el ement across the set of normalised sanpl e vectors x'. At step S16
a spread Refetriog naw'o Bigursi %z themdads! Rulferunesilegt pigioura reselveset step! spread

vector 5 <0QRR k6 R SyiflchMblhy/RL 46t tf;foa;rﬁl@é? findiex &, Thé Bet bontdes appr eci at ed
that the centre point vector g}ﬂ %r? dve 5&3 are alc%.llated in the
sane way '&%’ma'fzegtséﬁg'egfﬁoﬁﬁd’“ in %’F’ r 8 S'C:»“"’ha‘eﬁ%le XFEUEFRBEH Ot evi ousl y,
but are nmmb@s&dmwraf trélﬁn@ﬁiagé’szmaﬂgere 1. rmhwheorgetepvesem ot eh 817 a set
R of resi vect ors L aeta%ﬁl %Weﬂ{ Sfjﬁ rﬁg,%ge%ggtﬁ O{: mesre&{ecmeze n, with

one resid 8% &g BPIES I2cunld or . eac er- of the normalized training
set X . Baaifing esdaduBichvesstopy; is fheredore &I se At \wiipra #do eI WEPE st i on (5)

shown Dbel oWz, ;nl a‘tramn?ﬁ Bhadd Stae HBue %@h«pﬁ GHctd?éJa:] tateyrcmhstfy t functl on
values je] 1s calculate

ere each corre pon
or ot | £ APTIRIEBAI 170 SBEL 3 POMSEE FESALF | 19 BF PTEndt FOTRROI | o
cal cul at eshragizes dbmpgletveciefxiabi eath(sBinpshewtor xehsoodesclibed.in fi@her detall

with reference to Figure 3.

At step S3 a robust zero-mode model s constructed for the set X' and at step 54 a
robust fit-function is constructed using the robust zero-mode model, The rebust zero-
mode model is so called because iis creation does not depend upon an Eigen-
system analysis, and as such the mode! contains no eigenvectors. An eigenvector
can be said to represent a ‘mode of variation’ of the data from which it is derived. A
modal without eigenvectors is thus referred fo as a ‘zero-mode’ model, At step S5 a
probability estimate p; is calcufated for each sample vecior ¥/, using the robust fit-
function calculated at step S4. At step S6 a weight w; for each sample vector x5 is
calculated basad upon the probability estimate p. The weights computed in this way
are based upon & level of confidence associated with each vector x, the level of
confidence indicating whether each vector X7 is a valid member of the set of training
images given the variation within the set of training images. The processing of steps
33 to 88 is described in further detail with reference to Figure 4.

in this way, i the sample set X includes at ieast some vectors which are not properly
representative of the class of images which the model is fo represent, the methods
described herein are configured such that vectors associated with training images

which are not properly represeniative of the class of image have a relatively low



-Z=1-s 1., | (6) where r); is the ih elenment of the residual vector ri

associated with the sanple vector x1', and o-i ' is the imelenent of the
spread vector a' calculated at step S16. The value fi is an indication of

how i kelyyobhlaos-dshat a vector xi' represents a vali 4, 6%amRl&,0ks t he class
of images represented by the training i mges, given the range of variation
within the set of training imges. A smaller value of fi indicates that a
vector xi' is nore likely to be a valid exanple, with a value of fi =0
occurring when At step S19 the nedian, nF of the set Fis calculated and
at step 520ndchgh MBBreal odf, Theis Seferdinhscueadigud:al QathinAte Siniie 21 a val ue k
is cal cul ated accordi ng to ecHatl QVQSQI for eaFe %f fu lih‘%r cal cul ations: k
= 2(nFl/a |§) @(053 inaccuracie® have a reiatively fow aberall impact on the modeal. This resulis

in the creation of a mode! which is said to be robust.

At step S7 weighted principal component analysis is carried out ¢n the normalized
sample set X' as described in further detail with reference to Figure 5.

The process of robustly normalizing the sample set X to calculate a normalized
sample sef X' is now described in further detail, with reference to Figure 3 which

shows processing carried out at step S2 of Figure 2.

Referring to Figure 3, at step 510 a centre point vecter m is calculated for the set of
sample vectors X. The centre point vector is a vector of size n where each element of
m, my, is the median value of each pixel x; calculated across the sample set X. By
using the median value the effect of outlier pixels in the input vectors is reduced or
even eliminated. More specifically, while some known statistical models are based
upon a centre point vector based upon a mean value of each pixel, such methods are
undesirably affected by outlier pixels. This problem is overcome by the use of median

vaiues in the manner described above.

At step S11 a spread vector o is calculated. The spread vector is a vector of size n

where sach element of o, o, is the median absoluie deviation (MAD) of each pixel

X across the sample set X. A MAD value o, is calculated according to equation (1):

o, =median0xﬁ —mi}»j =1...s) (1)

Again, the use of the MAD as a measure of spread Is effective in ensuring that
outlying pixels do not unduly affect the created model. While this is a beneficial
property of the use of the MAD value as described above, such benefits are not
achieved where a measure such as standard deviation is used fo indicate spread.

At step $12 the vector norm |[xd] Is calculated for each sample vector x in X. The

vector norm for a vector x is calculated according o eguation (2) shown below,

10



At step 522 a set P of probabilities Ris calculated where each probability
p, based upon the fit function values fi of the set F. The nethod assunes
that the fit function values f, forma x2 distribution Usi ng t he

assunpti di stribution and the median and ues .jr,
in the 53? glﬂ@gﬁﬁes pi are calculated using a standarg éigorl%%i m gi ven by
equation (9) below pi(n2/k) x2 (kiitiirnF, j = .S(9) At step.523, for
each probability pi in the set Pa weight wi is calculated according to
equation (10) given below wi = mn(1l, up)(10) where a = 10 and the
function mn returns the smallest value of its argunents. It can be seen
that the wei ght mﬁ takes t he value 1 for any probability value R greater

t han t he thresh bﬁro‘pbl &gva s of p, less th@ﬂ 0.1 have a

di m ni shi ng co |on ﬁ? gortio o"their scaled probability.

Ref erring back to Flgure , the process of calculating weights wi at step
56 has been described. At step 57 of Figure 2 the weights wl are processed
toget her whd finkiRe WOr NRLiZRehVREEDRSaklizied b@csiging Weequatti @hskav-covari ance
matri x C and an ei géfisystem anal ysis is perforned upon this weighted
covari anceeimatri x C. The process of perform ng an eigensystem analysis of a
wei ght ed sanpl e covariance matrix generated fromthe set of sanple vectors
X is now described in further detail with reference to Figure 5 which
shows processipg g@rr e P“ at Lep 57 of Figure 2, Refgrring to Figure
5, at step 625 ffe 'wei { fed{or[glnﬁyjh or mvis calculated according to

1+
equation (11) given bel ow 5o,

The parameter # dstermines the penalty associaled with bad data. The inventors
have found a value of 3.5 for 7 is effective. It will however be appreciated that other

values of B can be used in squation (3}, and indeed that weight functions other than

that of equation (3) can suitably be used.

At step $13 a normalized sample set X' of normalized vectors ¥ is calculated by
applying the vector norm |jx]] calculated at step “S12 to each sampie veclor X

according to equation {4) shown below.
Xj' = ”X;“” Xj . i=1...8 (4)

From the preceding discussion it will be appreciated that normaiizing the input
vectors using the median and MAD vaiuges across the sample set X reduces the
effect of outlier pixals or bad pixels. The normalization process described above
ensures the model is resilient when bad examples are included in the sample sel.
Good discrimination is sill possible when the sample set X includes vectors
representing some training images which are not properly representative of the class

of images represented by the sample set.

The process of calculating a set W of weights-w; where each w; corresponds to a

normalized sample vector x' is now described in further detail with reference to

Figure 4 which shows processing carried out at steps 83 to S6 of Figure 2.

11



where the value w, is the weight associated with the sanple vector xf and
calculated at step S6 of Figure 2 with reference to Figure 4, At step 626 a
di fference vector fixi is caI cul ated for each sanple vector xi according to

equati on = Xi' .S(12) It is desired t ermne_a
covari anc‘g% %’ & based upon the difference vectorsgﬁﬂgé 0%]‘%&uation
(12). The covariance matrix is defined by equation (13): ¢ = The matrix C

C= DDT where Dis an D - ss Ew I EWM5x, \j=1)fr-1

Refarring to Figure 4, at step $15 a centre point vector m’” of size n is calculated from
the set of normalized sample vectors X', each element of the centre point vector m' is
the median value of that element across the set of normalised sample vectors x'. At
step S16 a spread vector o ° of size n Is calculated for the set X', The spread vector
o " comprises a MAD value for each pixel. 1t will be appreciated that the centre point
vector m' and spread vector ¢ are calculated in the same way as at steps 510 and
S11 of Figure 3 and as described previously, but are now based upon the set X'

rather than the set X,

At step S17 a set R of residual vectors ny is calculated, each vector 1; is of size n, with
one residual vecior calculated for each member of the normalized iraining set X
Each residual vector ; is calculated according to equation (5) shown below.

p=% —-m, j=1.8 (8)

At step S18 a set F of gquality of it function values fj is calculated, where each j}

corresponds to a member of the normalized training set x". Each quality of fit function

value is calculated according to equation {8) shown helow:

2
ﬂmz(ﬂ;) Ci=tus ©)

=13 T

where ry is the i element of the residual vector 1 associated with the sample vector

x', and o' is the i element of the spread vector ¢ calculated at step 5186,

The value 7, is an indication of how likely it is that a vector X represents a valid

example of the class of images represented by the training images, given the range

of variation within the set of training images. A smalier value of /| indicates that 2
vector X" is more likely to be a valid example, with a value of fJ = 0 oceurring when

Xj' =,

12



can be created (n x s) weighted Il using equation (14): data matrix defined
by equation (15): , j=1,...,s (13) (14) (15 VI

WO 2618/020758 PCT/GB2009/001985

At step S19 the median, m® of the set F is calculated and at step S20 the MAD, o © of
the set F is calculated. At step 821 a value k is calcuiated according to equation (8)

for ease of further calculations:
k=2(m7of)? (8)

At step 522 a set P of probabifities p; Is calculated where each probability p; based

upon the fit function values f; of the set F. The method assumes that the fit function
values f; form a y? distribution. Using the assumption of a ¥° distribution and the
median and MAD of the vaiues fjin the set F, values p; are calculated using a

standard algorithm given by equation {8) below.
B= (R L AT K) L j=Ts (©)

At step S23, for sach probability py in the set P a weight w, is calculated according teo

equation (10} given below:

wy = min{1, ap;) (10)
where o = 10 and the function min reiurns the smallest value of its arguments. it can
be seen that the weight w; takes the value 1 for any probabllity valug p; greater than
the threshold 0.1. Probabifity values of p; less than 0.1 have a diminishing
sontribution proportional to their scaled probability.

Referring back to Figure 2, the process of calculating weights w; at step S6 has been
descriped. At step S7 of Figure 2 the weights w; are processed together with the
normalized vectors x;", to derive a weighted covariance matrix C and an eigensysiem

analysis is performed upon this weighted covariance matrix C.
The process of performing an eigensystem analysis of a weighted sample covariance

matrix generated from the set of sample vectors X' is now described in further detail

with reference to Figure 5 which shows processing carried out at step 87 of Figure 2.

13



Wl where j is a colum of D. At step 327, the matrix D is constructed
according to equation (15), and at step 328 the ei gensystem of the
covariance matrix C defined by equation (14) is calcul ated. The created

ei gensyst J cated at step S29 to give a matri is an (n X
t) natrifggkgﬁpaﬁgpthe nunber of eigenvectors retainéﬁﬁwﬁgﬁﬁ%ﬁﬁgée t he

val ue n of the nunber of elenents in each sanple vector is |ess than or
equal to the value s of sanple vectors, the matrix C = DDT is explicitly
constructed and its eigensystem determ ned at step 828. Any known net hod
for cal cukaidig 6 H6HYEST AT e Y5 Ohe QNG BrgRYvlRr UFed. chiomayer, it is
often the casethat™the value s indicating the nunber of sanple vectors is
smal | er t ReASTAingdo gaaien h! Y BYFERR Mg the nunber of pixels in each sanple
vector. Wiere this is the case the calculation at step 828 nay be perforned
according to the conputationally |ess expensive processing described bel ow
with reference_to gbgu 5%;%” whi ch the ei gensyst em of Cxﬁ)DDT i's
establ i shed vi% € el pegsyStem of the smaller matrix DTB. Referring to
Figure 6, At step 831 the ei genval ues Al and orthonormal eigenvectors qi of
the (s x s) matrix DID are cal cul ated. Any known nmet hod for cal cul ating

ei genvect g Se adaRL AL RViAL WRhI Yo DRMORA the sample vector X and caicuiated
at step S6 of Figure 2 with reference to Figurs 4.

At step S26 a differance vector 8x; is calculated for each sample vector ¥ according

to equation (12):
G, =x -m", j=1.s (12)

It is desired to determine a covarance matrix C based upon the difference veciors
given by equation (12). The covariance matrix is defined by equation (13):

-1
C = (Zw}-) ij(éxféxf) (13)

s 9
=1 ) =t
The matrix C can be created using equation (14):
C=DDT (14)

where D Is an (h X 5) waighted data matrix defined by equation (15):

W,
g

'\V;ﬂw"J

D - B | I8 (15)

where | is a column of D,
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It can be shown that the eigenvalues A, of the matrix DTD are al so the
ei genval ues of the matrix DDT as set out below By definition: (DTD); =
Aiqi (16) Multiplying both sides of equation (16) by D gives: (DDT )Dcli)
X (DcL)(wamlizé@gisﬁquatlons (16) and (17) it can be seggh Lhat fos are

ei genvectors o e matrix DDT and the eigenvalues A are common to both
the matrices DDT and DID. In order to maintain the orthonormality of the
ei genvectors of DDT, k, the Dg, vectors are scaled as follows at step S33:

At step 527, the matrix D is constructed according to equation (15}, and at step S28
the eigensystem of the covarlance malrix C defined by equation (14) is calculated,
The created sigensysiem is truncated at step 828 to give a matrix P where P is an {n

x {} matrix and t is the number of eigenvectors refained in P.

Where the value n of the number of elements in each sample vector is less than or
equal to the value s of sample vectors, the matrix C = DD is explicitly constructed
and #ts eigensystem determined at step S28. Any known method for calcuiating
eigenvectors and eigenvalues may be used. However, it is ofien the case that the
value s indicating the number of sample vectors is smailer than the value n indicating
the number of pixels in each sample vactor, Where this is the case the calculation at
step 828 may be performed according to the computationally less expensive
protessing described betow with reference to Figure 8 in which the eigensystem of C

= DD’ is established via the eigensystem of the smaller matrix D'D,

Referring to Figure 8, At step 531 the sigenvalues A; and orthonormal eigenvectors
o, of the {8 x s) matrix DD are calculated. Any known method for calouiating

eigenvectars and eigenvalues may be used.

It can be shown that the eigenvalues A, of the matrix D'D are also the eigenvalues of

the matrix DD' as set out below.
By definition:

(DTD}?; = Mg {16}
Muttiplving both sides of equation (16) by D gives:

(DDT XDUH) =M (an) (17)

From equations (18) and (17) it can be seen that Dg, are eigenvectors of the matrix

DD and the eigenvalues A, are common to both the matrices DDT and D'D. In

15



Othonormality of the eigenvectors p, is ensured as follows: It can
therefore be seen that the eigensystemof the smaller (s x s) matrix DID
(where s < n) is used at step S33 to establish the eigensystemof the (n x
n) matrix,diemnbisscan be conputationally |ess expensp¥fchesahsd! ate the

ei gensystem of the matrix DID in the case where s is smaller than n and
significantly so in the case where s is much smaller than n. Each

ei genvalue of Cis indicative of the variance of the training exanples from
t he wei ghted nmean associated with the correspondi ng ei genvector. The

ei genval uesdand meotaie pontbngmeltg ehthectiganseatos of (LHET, @ theDglessieadsi ng

magni t ude o i described with reference to Figure 5, at
step S29 th e&%$%é%é%§9¥% #§§ ?ﬁicated to give the (n x t) matrix P where n
is the nunber of el enents in each input vector and t is the nunber of

ei genvectors retained. The nunber of eigenvectors retained is determ ned
by choosi ng t h&; ergePdect ors corresponding to the | argest{1&i genval ues which
sumto a predeter ed proportion of the total variance, the total variance
being the sumof all the eigenvalues For exanple gi ven 10 ei genvectors

wi th correspondi n enval ues 0.05, 0.02, 0.01, 0.006,

0. 005, 0. ?mﬁmégﬁ? tﬁagﬁpﬁﬁﬁ? ﬁ@ﬁ@ﬂeﬁFﬁﬁwPW?on of variance chosen to be
0.95, the first 4 eigenvectors are retained, since the first 4 eigenval ues,
vcorresponding to the retaiped eigenvectors, sumto 0.95 and the total
variance is 1.0s Th nq§r| R for part of the statistical nodel 3 of
Figure 1 and |§fBas ﬁﬂ” tiAE e testing nodule 4 for testing of further
i nput inmges 5. An ut {§* s represented by a candi date vector vy.
The i mage testing nndplggéqj rranged to determ ne whether it is possible
to find a vector % m§ a point in the space defined by the
truncat ed ei gensyst uch that equation (20) is satisfied: y m' Pb(20)
where mnwis the meig@ted origin vector of the nodel, Pis the truncated
eigenmatrix and b 4 hkppmn vector which represents a point in the
space defined by th sﬁruncated ei gensystem It will be appreciated that it
wll often not be possible to find a vector b such that equation (20) is
exactly satisfiedw.tﬂus! zls necess m ne whet her an error

gi ven by equation ( g;& ffICIent|€%%§% ?Qﬁgﬁ?hat it can be considered
that the candi date vector y representing the input image 5 is an exanple of

the cl ass of |nages[ﬂég1ne Qpﬁj;he nodel .
\ A =0 Qj 1(| (19)
|

it can therefore be seen that the eigensystem of the smaller (s x 8} matrix DD
{where s < n) is used at step $33 to establish the sigensystem of the {n x n) matrix
DD". It can be computationaily less expensive to caicuiate the eigensysteﬁn of the
matrix D'D in the case where s is smaller than n and significantly so in the case

where s is much smallar thah n.

Each eigenvalue of C is indicative of the variance of the training exampies from the
weighted mean associated with the corresponding eigenvsctor. The sigenvalues and
cerresponding eigenvectors are ordered in decreasing magnitude of the sigenvalues.
As described with reference to Figure 5, at step 529 the eigenmatrix is truncated to
give the (n x t) matrix P where n is the number of elements in each input vector and t

is the number of eigenvectors retained.
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The reconstruction error yr for a given candidate vector y is given by
equation (21): yr =y - (re + Pb)(21) The problemto be solved with respect
to b is given by equation (22): Mn(yr TWyr)(22) where Wis a (n x n)

di agonal trix posi tive wei ghts where the wei ght flect the
confldenc‘rrg %ﬂggﬁﬁ‘elenent of y. That is, wthout apd*?%ﬂgmpﬁ@gﬁ?agonal
matrix of positive weights Wto the elenents of the vector yr each el enent
is given an equal rating such that a single anonmal ous el ement can have a

di sproportionate effect upon the processing. Equation (22) can be witten

as equatiop, E%&% d?‘%':dé@VécT&% %%tbmed M E'ét&rmmm%osmg'\ﬂ'xé‘(e( Yatars (mwv + RIOT

ciwey_(- ncorraspondmg;cmhg Ee;rgesi etgenvalues whlch sumio a predve\t/ermsned [l ;:mR X%? 3)
the total variance, the total variance being the sum of all the sigenvalues. For
example, giveh 10 eigenvectors with corresponding eigenvalues (0.4, 0.3, 0.2, 0.05,
0.02, 0.01, 0.008, 0.008, 0.005, 0.004) and predetermined proportion of variance
chosen o be 0.95, the first 4 eigenvectors are retained, since the first 4 eigenvalues,

corresponding to the retained eigenvectors, sum to 0.85 and the total variance is 1.0,

The matrix P forms part of the statistical model 3 of Figure 1 and is passed fo the
image testing module 4 for testing of further input images 5. An input image 5 is
represented by a candidate vector y. The image tesling module 4 is arranged to
determine whether ¥ is possible to find 2 vector b representing a point in the space
defined by the truncated eigensystem such that equation (20) is satisfied:

y=m" +Pb (20)

where m" is the weighted origin vector of the model, P is the fruncated sigenmatrix
and b is the unknown vector which represents a point in the space defined by the

truncated eigensystem,

it will be appreciated that it wili often not be possible to find 2 vector b such that
equation (20) is exactly satisfied, thus, # is necessary to determine whether an error
given by equation (21) is sufficiently small so that it can be considered that the
candidate vector y representing the input image 5 is an example of the class of

images defined by the model.

The reconstruction error yr for a given candidate vector y is given by equation (21):
yr=y-(m" +Pb) (21)
The problem o be solved with respect to b is given by equation (22):

Min(yr TW yr) (22)
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Using the well known result given by equation (24): Mn a -Bzll2with
respect to z has the solution (1318)z = BTa(24) the solution to equation
(23) is therefore given by equation (25): (AWT PW)) = (ANPNWyY - m

w( 25) nggﬁm,&e sinplified to give equation (26)  PCT/GB2009/001985

where W is a (h x n) diagonal matrix of positive weights where the weights reflect the
confidence in each element of y. That is, without applying the diagonal matrix of
nositive weights W to the elements of the vector yr each element is given an equal
rating such that a single anomalous element can have & disproportionaie effect upon
the processing. Equation (22) can be written as eguation (23):

M;‘n{erW yr) = Mirf(YfT\/\_f\? «/VV— yr)
= Mm(( (y {(m" +Pb))T( (y ~(m* F‘b)})

= Min|Wly —(m" + Pb}]2

- Min[{\/w ((y -m" )—- Pb}%a (23)

Using the well known resulf given by equation (24):

Minl]a - Bz][2 with respect to z has the solution (BTB)Z =BTa (24)

the solution to eguation (23) is therefore given by equation (25):

(R (P = (/P Y - . m*) (25)
which can be simpiified to give equation (26):

prwep =P Wly-m") (28)

While the solufion of eguation (26) is mathemalically straightforward, the
straightforward solution Is computationally expensive. Equation (26) is therefore
solved as follows in the image testing module 4, to determine the value b providing

the minimum value of yr in a computationally less expensive way. This will now be

described with reference to Figure 7.

Referring to Figure 7, at step S40 a test vector y, normalized according to the

nrocessing of Figuire 3 and corresponding to the input image 5 of Figure 1 is input to
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(IDT wp)D _vv(st m ( 26)
Whi | et hesol ut i onof equat i on(26)i smat hemati cal | ystrai ghtforward, the

straightforward solution is conputationally expensive, Equation (26) is

t her ef or gyga)ypd-sgs follows in the inmge testing nmdylgchaedMedgt er m ne the
value b providing the m ninumvalue of yr in a conputationally |ess

expensi ve way. This will now be described with reference to Figure 7.
Referring to Figure 7, at step S40 a test vector y, nornalized according to
the processing of Figure 3 and corresponding to the input inage 5 of Figure
1 i's inputhetimags teetiigmagile €6t figige nothe tesidveofor Firguiesents. thd mputigete vect or y

representg E%Eenasqmj%aﬂwé@gg a2 %Bﬁj ol ﬁﬁﬁnggﬂﬂ?ge%"’lz@f ﬁgdgapgngfea[:lhe training

i mages 2 of I"enent y correspo to a pixel of each
trai ni ng Baagel OfAtCG%QSQBDQMQE@‘X?'éE?Wh %a"fdfig K388 t is initialised to have all
el enents equal to O, At step 342 a counter variable c is initialised to 1.
The counter vari abl e ur.r ent F? eration of the l%)rocesm ng

icates .the
defined bf' geRpe! QX%C{?‘"J" ?gi‘.ze ! tfaél%qutgéwayﬁgl? CEMENS 9Ep B P O-¥EDr yr of
si ze n i ssealactduatee dadnplepoininitisise vubt Tiec tounrgert Vagialgle emedicsteofthd he wei ght ed

origin ve;:};,pen:E ihon GRE M ALETFerfl LR 82 Qis  GIST R <hep 84 éJﬂ% Linif) (27)

correspon St vect or
bel ow: ynertcry/ecto( g"]pf size n is calculaied by pom’t-mse subtractmg the e ements of the

weighted origin vector m®, calculated at step 825 of Figure 5, from the corresponding
elements of the test vector y as shown by eguation (27} below;

yril =y -mY i=tln (27)

At step 844 the spread vector o' of size n is caiculated by equation (28} beiow:

o =\e, Li=t.n (28)

where ¢; is the i" diagonal element of the covariance matrix C. The value c; is the
total weighted variance asscciated with the i"" pixel over the training set. At step 845
the (n x n) diagonal matrix of weights WP is caiculated. The matrix W° has values on

the diagonal defined by equation (20} below:

-
{H[,ﬁm‘} }

and all other values of W° equal to 0. Each value W;; indicates a confidence in the i

WE = Cauciylyr’,,")= (29)

pixel of y. The parameter £ determines ihe penalty associated with bad data. The
inventors have found a valug of 5.5 for /7 is effeclive in equation (29). It will however
be appreciated that other values of 4 can be used, and indeed that other weighting

functions can be used.
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At step 344 the spread vector a" of size n is calculated by equation (28)
below. ar ico=(28) where c is the el diagonal elenent of the covariance
matrix C. The value ch is the total weighted variance associated with the |
pi xel ov ining set. At step S45 the (n x n) ,;&..;tgg | rix of

wei ght s \E}\?{i)g{h?g%ﬂ?:%l ated. The matrix Whas val ues on the |g{§g}gia5?§ defi ned by
equation (29) bel ow and all other values of Wequal to a Each value W
i ndicates a confidence in the it pixel of y. The paraneter ft determ nes
the penalty associated with bad data. The inventors have found a val ue of
5.5 for [/ 5oi peglifrecsd viethe Rroegisinl dedcor{i28) beldve, sstdp bupvey @ectbe cappr eci at ed
that other values of fi can.be.used, and indeed that other weighting
functi Onsreggﬁnegigcacgglag © " P HE%0ur poses of the processing described bel ow,
at step 546 the vector a" is redefined according to equation (30): f =D P;,
i 1...n(30) where pO i+ elenment of the matrix P calculated at step

. {
529 of Figure 5. .. [Cﬁ_ZEIpEJ i=1..n (30)
=

where p, is the ] element of the matrix P caicufated at step S2¢ of Figure 5.

At stap 547 the ¢" iteration of the vecior b, b®is calculated according to equation (31)

below:
bC:: bc—'! + PTWC.T}H'M (31)

where PT is the transpose of the matrix P calculated at step 5289 of Figure 5. At step
S48 the current approximation of the vector vy, y° is calculsted according to equation

(32} below:
yi=m" + Pb° (32)

At step S48 the ¢® iteration of the error vector is calculated according 1o equation

{33) below:

yre=y -y (33}

At step §50 the c” iteration of the matrix W is calcufated according to equation (34)

beiow:
W = Cauchy(yr®, o) Ji=ln (34)
where the function Cauchy is as defined by eguation {29).

At step 851 a check is carried out to determine whether further iterations of the
processing of steps 547 to S50 should be carried out. In one embodiment a smalf
predetermined number of iterations is carried out, for example a number in the range

1 to 10, such as 2 or 3. If further iterations are {0 be carried out, processing passes
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At step 847 the eh iteration of the vector b, b" is calculated according to
equation (31) below be= bc"1l+ PTW-lyre'l(31) where PT is the transpose of
the matrix P calculated at step 829 of Figure 5. At step 848 the current
appr oxi mabd ofg@de7dshe vector y, yc is cal cul ated accompgirrké@sedsati on (32)
bel ow. Pio' (32) At step 549 the cth iteration of the error vector is

cal cul ated according to equation (33) below yr =y - sic(33) At step S50
the cth iteration of the matrix V1/4/ is calculated according to equation
(34) below. Veij = Cauchy(yr,e, al")(34) where the function Cauchy is as
defined bfjoregtemt $Dhio( 26) S52 where the value of ¢ indicating the current iteration is

incremented, before processing retumns to step S47. If the predetermined number of
iterations has been carried out, processing passes from step 551 to step SE3 where
the quality of fit of the vector b° is determined. The guality of fit is calculated

according to either equation (35) or (38) below:

Zi:f Wi v

Y
noyrs
f=M, + Z%’“ (36)

ol "‘—”‘w[ ,,1 J):’,W; yrf} (35)

(%Y

1
where W = 1ZWr‘ , W= Wy, yr=yr®, V= (o; )2, the veclor o is as defined at
F=i

step 548 of Figure 7 and M, is the Mahalancbis distance. The Mahalanobis distance
is 2 normalized distance metric measuring the distance from the origin of the mods!
{i.e. the centre point vector) in the dimensions spanned by the model. M; is calculated

by equation (37).
I bz
M, =3 L (37)

where t is the number of eigenveciors and sigenvaiues retained from the
eigensystem analysis, A Is the i" eigenvalue and by is the I™ element of the vector &°
The lower the value of either of the fit functions 7, f' the better the fit of the test

vector y to the model, with a value of 0 occurring when y = m™.

it can be seen that when the wsights are each unity, 7' can be expressed according

to eguation {38) below:
2
n r

n n v, o0
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At step 851 a check is carded out to determ ne whether further iterations
of the processing of steps S47 to 550 should be carried out. In one

enbodi ment a small predeterm ned nunber of iterations is carried out, for
exanpl e FAiheL-skn the range 1 to 10, such as 2 or 3$cv)dp2ddditlogy
iterations are to be carried out processing passes fromstep 651 to step
852 where the value of c indicating the current iteration is increnented,
before processing returns to step 847. |If the predeterm ned nunber of
iterations has been carried out, processing passes fromstep S51 to step
S53 wher eThdvangisalft tgigafs defdetiaf pikdie ave temforbalid s oetersdtnedixeSle qual ity of

fit is calcul ated according to,either uati o 35) .or. (3 W, 2 f
=M Yr j 131e alh @63SSESW‘S¢%°%Ipﬁxeéisvﬁe'g%iﬁ%cﬁdm:&?(rthce %:e@(tg(m( g%i?&%q%e vector a"
i s as deffonesakhatixel of the candidate vecior v by the process described with reference to

Figure 7.

A vector w, of size n is output where wy is calculated according to equation (39)

healow:

W,-'i:Wi‘i . i=1..n (39)

The processing described above is concerned with determining how well the image
representad by the normalized test vector y satlsfies the created model. In many
practical applications, the test vector y represents part of a larger input image. it
cannot be known in advance exactly where within the larger input image the object of

interest iies.

it is desired to determine an area within the larger input image which best satisfies
the created modei. It can subseqguently be determined whether the determinad area
satisfies the model sufficiently well for it fo be concluded that the determined area is
indeed an instance of the class of images represented by the model. The quality of fit
function defined by eguation {35) can be used fo differentiate between alternative
areas of a large image to determine an area which best satisfies the model, whiie the
quality of fit function defined by equation (38) can be used to evaluate the area best
satisfying the mode! discovered during such an image search to determine whether
the area best satisfying the model satisfies the mode! sufficiently well for the area to

be considered {o represent the class of images represented by the model.

in order o locate the area of the input image which best satisfies the created model,
the processing describad with reference to Figure 7 is carried out repeatediy for
different areas of ihe input image, each area being represented by a respective iast
vector which is input to the processing of Figure 7. For each iest vector a value of the
fit funciion f' defined by equation {35) can be caloulaied, The area of the image
providing the best (i.e. minimum) value of the fit function 7' can be determined to be
the area of the input image which is most likely to represent an instance of the model

sufficiently well.
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F? step 646 of Figure 7 and M is the Mahal anobi s di stance. The Mahal anobi s
distance is a normalized distance metric measuring the distance fromthe

origin of the nodel (i.e. the centre point vector) in the dinensions
spanned byobhigoaegdel . Mls calculated by equation (37): (.1 2i
where t is the nunber of eigenvectors and eigenval ues]!)re(?‘gwér\éz,9 19% omthe

ei gensystem analysis, A is the it eigenva/ue and b, is the ith el enent of
the vector b'. The lower the value of either of the fit functions f, Pthe

better the fit of the test vector y to the nodel, with a value of 0
occurring when y = It can be seen that when t he wei ghts are each unity, ft
L%]be ow I\/t )2f F?fl 1= ttn

can be ex reessed accordfbn(g éve C%u%t carre A
The funct!® prPces\ﬁE’Pé]ﬁ?%r defetti< I'Xe H%ﬁ’ \A@ $on- def ecti ve
pi xel s t oadhe sezrh @cdlwhle{sszsss@dﬁmﬁé}mbequaieed iby tb@pgﬁswcﬁhadb@nrabwhg to the

ht I th
br ocess 3@3@%‘.@?&%%‘ Ly R Bl L o A o) 1T

out put what Bieviparch arid A% 188 CePEN efgnpaf taythet Prepess 3 Figse Jndo
generate a vaiue of the fit function f'. Each test vector represents an arsa of the
input image defined by a particular position on the search grid and an erientation.
While this nrocessing can be effective in determining an area of the input image
(defined by position and orientation) which best represents an instance of the modsl,
it will be appreciated that it is computationally expensive, given that the processing of
Figure 7, and compuiation of g value of the fit function /' must be repeaied for sach

arez of the input image defined by the search grid.

In order to reduce the computational cost of the search process, an initial search of
the input image may be carried out using a more coarsely defined grid. This initial
search can thereby provide an esiimate of the area of the image which represents
the best instance of the model in the input image. When an area of the image has
been identified in this way, the determined area can be refined by performing further
searches of the identified area af a higher-resolution {{.e. using a more finely defined
grid). A typical search method based upon such a technigus may start a search using
data sub-sampled by a factor of 84 and identify an area of the image based upon this
sub-sampled daia. Subsequent search processing then reduces the sub-sampling
(by a facior of 4 at each stage) and continues unti] the search has been carried out ai
the highest possible resclution. It will be appreciated that a technique of this type
using varying resolutions (sometimes referred to as a “pyramid search”) can
considerably reduce computational complexiy, given that while an entire input image
is processed at a coarse resolution, the finest resolution is used only to search a
relatively small part of the input image. Each stage of a pyramid search technique is
carried cut using a model having the appropriate resolution. That is, a search based
upon the relatively coarse grid is carried out using a relatively low resolution model,
while 2 search based upon s finer grid is carried out using a higher resolution model.
However, even when such a pyramid search fechnigue is used, the methods
gescribed herein still take considerable time io exscute given their inherent

computational complexity,
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wi = Wij ,1=1.,.n(39) The processing described above is concerned with
determ ning how well the inage represented by the normalized test vector y
satisfies the created nodel. In many practical applications the t est
vector y &BRhRRSPLS part of a larger input image. éﬁ?ﬁ%} v§ own in
advance exactly where within the |arger input |nage the o ject i nt erest
lies. It is desired to determne an area within the |arger |nput i mage

whi ch best satisfies the created nodel. It can subsequently be determ ned
whet her the determ ned area satisfies the nodel sufficiently well for it to

be concl uggdiibhay, &tib&od@hﬁhé@dl@l@dﬁ] a6t llrﬁtal@éﬁﬁd e’ mmb@a@a%neg bﬁthe gl gss of
i mges repr nt e e it ction define y
equat i on ge)agé%ﬁeanc i %‘}Dggc?s?’fﬁejpe}#i’% E‘Qﬁ%ﬂ;ﬁé@ﬂ’“%#ﬁaﬁﬁgﬁiﬁ;@ dreas of a
large i rra@emt tbxedefttérimag@ Laing dntermolaliing renbelbt  Heghsr sesadiot hiataroglebe whil e t he
quality Ofseérbﬁedfawé‘stomenﬁeff i &8rhiye, SAURS o3RI ﬁ?acﬁam O Yardhibg eval uate
the area best sati sf |scovered[ urin suc an 1 mage search
to deternﬁﬁ@cmtﬁeﬁuq ﬁ‘éeiaf%saiuib‘e’stca%a‘%ffeé}f'\ﬁ?s’ndsac Wé“’ﬁédé‘lﬁ ygity dpsabs t he nodel

suf fi ci enbpmiviioh ta‘caﬁrq&ése mwaq %o dia@n@@aasgsé%reﬂ deRrhBRY 85 BRLedie Class of
i mges re esente order to locate the area of the input

i mage whi rg\ggnts %’3@%@9‘15&’ ‘“’fehfg fL(‘ﬂCEé £ d PRSP HePSSHOR BRSSP M Bs cr i bed wi t h
r ef er encefuhcichi\guee pivide £ aingle ednioatwithepatsedtop ﬁr@é (uél b @s@mnistief eas of the

i nput i na n b [ es ive test .vector which
is input @1& h%afﬁq}”gc?:g@sv?ﬁw%fer ﬁ?ard?a%g) E}ﬁﬂiﬁo%/eag%% SERE Hes’lp }u}f Val ue of the
fit functpiendgs iﬂm\ieﬁe*éslldtf éq'ufébﬁe GAPTEgBieddhat E@hcwammnat@tdcerﬁmes area of the
i mage proygkRg of enResibndlicoRpietiyni MUN) value of the fit function f1 can be
determ ned to be the area of ?he i nput inmage which is nost likely to
represent an instance of the nodel sufficiently well. The processing
descri bedrrabowe eaoeding dacrpied odutaby teongjuder it rvg!s bbeapppidted tiage as a
search gr i efd.ne h xels within the
Tt et e 3R GARNER kb BB RS P bR IR Sr2 01 "t e

i nput i neRYe Nt imegk whichh degle adtistipsg i @odelndheam'ncasem iy ewtoesirably i nput ‘to

t he proceﬁ,ﬁ,pg{ag,ﬁagy&enge,go generate a value of the fit function P. Each
test vector represents an area of the input inage defined by a particular
position on the search grid and an orientation. Wiile this processing can
be effectTovzeze'rmmdebeelpn:iuininmgotaiinealaeaiaofthd recesspigt whichageovdekstiived by position
and ori en %%&Ieg\{gu {ch best represents an instance of the nodel, it will be
appr eci at ed is conputationally expensive, given that the processing
of Figure 7, and conputation of a value of the fit function f' nust be

repeat ed ngi}l‘e @%ﬁé\m@l’a&@c@f’sgléhﬁ wmuhdlbm%n%hﬁ%duééﬂ th fgeneeertﬁe grid. In
order to redug [h l tatlonalf g? 51 8'}5—{,?? tﬁarch rocess, an initial
search of"FRe"PHS a?‘hﬁr@?é“%g?"%%g% HME] "BUERSTR G Feé’re@%fﬁgel y defined
grid. Thbsg thenietizadle Sadispiawarbyt h displbgenpmd vk da racta@é i Preddicatds thée area of
the | MBISMIE Rl ERNESCRI Ind REDBR! 18 RALARCE 0f o LG ADARY 4 dhe T nput

i mage en ‘an e 1 mg e as be dTh thi's way, the
det er m n8inilafes eannge 'h’effldﬁéﬁs BYe geamRle rRpTREeTier bhdhe setancleetl of the

i denti fi gghadeanatk @smé@aerm roeegl WhileOR rbdtaRyle U ﬂgmaemeeeiamé y defined

d). At | h tart
Jear th JSPIISTIR! 5 S0b- SR AL BFPRFLEY O TBRoger e (b 1) S arca of the

i mage bas@eedigah i e sedanpiEnpipestedat aby Subsedgareid 1searnithaps agessi ng t hen
reduces ééb?ac%%ﬁﬁﬁ@% E@gm(béé a factor of 4 at each stage) and continues

until the SEar ¢ een carfried out at the highest possible resolution.

It will be appreciated that a technique of this type using varying

resol ut 'W&uﬁ%g@hbﬂ&sbs{s@cﬁ %zr@rm, Lragpd exe%bemaét SRENLEHN NisGakqgconsi derably
reduce conput ati onal gga given that while an entire Input inmage is
process&@ SRS QT e YRt e W'ﬁﬁsd?i’re%eﬁ@dfqyﬁt&'fec?aé%'@? 41i18n'$ d4ueéd only to

search @résebéaitg Yedcyibserabbvepadrt bedbpfliibe t¢ BREE! VothYand ERed tStigge sof a pyram d

search technpi i e ut using a nodel having the appropriate
resol ut i® SBFCR ﬂ)lé%ss 2? Qécgé%c?% "hased upon the relatively coarse grid is

carried out using a relatively |l ow resolution nodel, while a search based
upon a finer grid is carried out using a higher resolution nodel , However,
even when such a pyram d search technique is used, the methods described
herein still take considerable tiszye to execute given their inherent
conput ati onal conpl exity, Additionally, it is sonetines desired to not
limt a search to a pixel-based grid, but instead to search at sub-pi xe
resolution. That is higher resolution data is generated fromthe input

i mage using interpolation, and the higher resolution data can be searched
at resolutions of, for exanple, +/- 0.5 pixels in each of x and y



By building a nodel based not only upon input exanples but al so upon
di spl aced versions of each input exanple (as represented by the rectangles
11, 12, 13, 14), the processing described above can be applied to a test

vect or argh uS@ehots@ direct a search process, as descripbe@sb@boyess Figure 9
is a flow chart show ng processing carried out to create displaced versions

of each input vector representing a training inage. At step 660 an i nput
vector is received. The processing of steps S61 to 666 (described below) is
then repeated seven tinmes so as to create seven sanple vectors for

i ncl usi orFrgmretgheaﬁfamhm sktwing piBaedsingrgoried\nst toeredte ditiplpediediotn a

plural 1o ofﬂ%@ﬂ%%%&@?&}[{@%?m% ReGhbdgal Iy +/-0x, +/-6y, and +1.59. 6x,
a

ay, and 6 can ke any sul e varues - In one enbodi ment Ox and 5y take
values of +/- 0.5 plxels whil e 58 takes values of +/- 0.5. Each pass of

steps 361a4t Qe&%@o%ﬁ%&sv&t&aﬁp&e@env&ctme ﬁ@&@ﬁsr@l bfh@tépyrsam tansaen- di spl aced
Ver si on of the%:fr ced, versi ons of

nput v
Uhe T ppulcetsioest s i 61 atamt e BAHES Frdt I Tt ar e ARBRSRr e A o ep 361
a di spl agenmpiusibro irbtheag@pipicedett X Eimd inpputeciveds displaseddat 2 pirgigdoT At step 362

3 check | Sedflii el < E@csﬂghﬁ%rﬂxnﬁf‘@y@ﬁ@w{ié B8, B iROg shoul d be

r e- sanp red url ess ste term nes that no
di spl acersuitabld valyesqi ane@mbpfinest Bl Pihigks §a‘i=1%~°q@f| *r’er5 PirEscHYd8idly passes to

step 363 ?Mz@r\%tu%@c§am5°ngabr$p§@réflé%b50861, tobgé@ﬁzl%afé&(éc%ié‘gecﬁ&ntl nues at
step 364. If no re-sanpl CQ |s require ug Iglbupasses tglrectlyfrom
Step 562 EEELTIBE WA APRRATS KA PRSP BUarmPrBacH step 661
i S encodegplatédwansidrizes ﬁfeéaﬁu&decﬁmqahieumeg:brwof tM)méxcgtaai tiisgadeardnts. t he pi xel
val ues maki ng up the sanple vect or are augnented by three el enents

respectively representing 5x, and 58. The sagl e vector to which the
di spl acerener B4 alyiselnceRib & h%aam@woaa%@auft\f@cton@ wipned fépteR at step 565.

Processi Rg-Raps&Ss Eérﬁéﬂ &Itapdéi@%mﬁé)wﬁtwzrﬁﬁtﬁanw:rn@agasﬁm;ke jes carried out to

det er mi ne whet her acenen ut. ve |n to be processed.
I this PavpRG s b oaes wpsp asholt rhBiTLPE pebin FiRenehsar

QG her wi seaqupécmfe@sarngmgrm:kaqatedsprepes{s&@ passBlado ptep&€8 shevg relescri bed above
provi des ARaRRlALARE SAMDlR &%Eegsﬁngab%ugé& £ S8 o OsIfGigROCESST NG

descri be renc i xel val Ues of the sanpl e
vectors tﬁquﬁ%pi‘m@‘iﬁ“w@é%%ﬂ%fe’éffyéf%?‘ﬁ&ﬁﬁ%@oﬁ‘?ms@ e manner described above
with reference to Fi gure 3. Addl t| onally, the additional elenents of the

vectors indic di s als armal i.zed..such th t t he vari ance

associ at eteaR %%fl th%&@ﬁiag‘? ge t&%‘ Farthe 6?6? e“?;?eg”éfﬁ‘a“ gﬁ’) *Similar to the
vari ancesasmmmcmre‘dafwpahiceamhthefpzxeh@hps relkggep tfner@m@:\ts@tor afthis is achi eved
by mul ti Q ;g%ﬁtegg%me Etn%@'r@&e@ﬁtxﬁ@ﬁﬁ%@r%rﬂeaﬁ% Skhhd ng factor. At

step 16 read vector a' "Is cal cul ated over the set

of nor naveioéiéép W"N%ﬁ e ﬁ@p‘@é%fﬂ%"rté‘as FeeE igrhesT aqdee &6 52 TRIE ¢l gi ven by: am
= medi anfiGigp d55=1. . . n(40)

Processing passes from step S65 o step 866 where a check is carried out to
determine whether displacements of the input vector remain to be processed. If this

is the case, processing passes from step 586 to step S61. Otherwise, processing

ends at step S67.

The processing described above provides an enlarged sampie set X which can be
input to the processing described above with reference to Figure 2. The pixel values
of the sample vectors of the input vectors are normalized in the manner described
above with reference to Figure 3. Additionally, the additional elements of the vectors

indicating displacement are also normalized such that the variance associated with
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The scale factors to be applied to the non-pixel elenents are then given
by: =cr mlax; a =a" /ay; and(4l1) a, =17ML39 Having created a sanple set
in the manner descri bed above, a nodel can be created using the processing
of Fi gur y2io1didrerseodel will now encode not only vi suabrappgasamnge, but al so
di spl acenent. More specifically, when a test vector is processed to produce
a point in nodel space b representing the test vector, the nodel's
reconstruction of the test vector, (re + Pb), will include el enents
i ndi cating displacenment. The displ acenent elenents are extracted fromthe
vect or andaghhésplseakeidaiap opy.iaad 8b)isisiniehte thevasiese: afsotilted sidfal e factors
defined b¥ac%q:g%é s Jéét%ﬁ' Thi3 ié‘é’éhﬁ*%&%ﬁnﬂﬂ@ﬁ%%@kﬁ&i@@&%%e%{ ements, 1.e.
and al the v encode

by (a, 71,, , In order to convert ) ues e on the vector
back i nt o¥3iis el AasRpRPaRte §PRiBD ReateMsier R & Igurt dhe prelcemervesi¥l ues have
been ext r gchLghiculdiRYovedie BE ol s&thatiseddidied vdches. TahlianMpigsspeci fical |y
the next position within an input inmage for which a test vector is created
i s det er &S BHFVEHRY di spl acenent information extracted fromthe vector (re
+ Pb), thus allowi ng the search to be nore effectively focussed, and thus

reduci ng overal |, conput ati{ onal conplexity. It will be appreciated that the
processi ng des‘Efri:b’(ﬁ?gyfi‘ﬁ’@r 'ref'éterfée to Fi gures 8 and 9 i ¥Pinted to
directing the search by the size of the displacenents used in creation of

the sanple set X. Therefore,. in sone enbodi nents, a ram d search
mp 7 d tor{lhe n then gﬁ/g

t echni qu e’?‘t}waie factors 1o be appiie on-pixel elements are n by:
a, =oM/ox;
2, wa”/ay; and (41)
Qg = ¥ /o6

Having created a sample set in the manner described above, a mode! can be created
using the processing of Figure 2. The model will now encode not only visual
appearance, but also displacement. More specifically, when a iest vectoris
processed to produce a point in model space b representing the test vector, the
modef's reconstruction of the test vector, (m“" + F’b_), will include slements indicating
displacement. The displacement elements are extracted from the vector and then
scaled appropriately by the inverse of the scale factors defined by equation (41) used
to normalise the displacement elements, i.e. by (a;1 \ a;’, and a;), In orderio
convert the values encoded on the vectar back into pixelfangular displacemenis,
Once the displacement values have been extracied, they can be used to direct the
search. More specifically the next position within an input image for which a test
vector is created is determined by the displacement information extracted from the

vector (‘m‘” -+ Pb), thus aliowing the search to be more effectively focussed, and thus

reducing overall computational complexity.

it wilt be appreciated that the processing described with referance fo Figures 8 and §
is limited to directing the search by the size of the displacemenis used in creation of
the sample set X. Thersfore, in some embodiments, a pyramid search technigue may
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be used in which an approximate area is determ ned using a coarse
resol ution search. Finer resolution searches can then use the directed
search techni que descri bed above with reference to Figures 8 and 9. The

resol uti @y ahoMhisgh the directed search techni que capcpic@¥i@Boysef ul
information is determ ned by the magni tude of the displacenents used in
creation of the sanple set X It wll be appreciated that the magnitudes of
t he di splacenents used can be determ ned by the application to which the
technique is to be applied. Additionally, in some enbodi ments, each input

i mge maybdbessiub] ebichtan appdimakidrge of ddiesphac empats codrse hesosdioe directi on

but di TTerepl, MU LUGGHN ééarﬂ@? cl%ﬁet'ﬂeqez%%rﬂ'}%egir%% Feérmtt?crhﬁa@@t ed

application of the processin ure test vectors
can all omﬂ%ﬁﬁrl%ﬁdeabcryﬁ vy aeﬁ%%nce.iﬁa"g@r%ﬁcﬁ?db%si“h%éﬁspwrwt whighde® to be

det er m neglyecitt fodr@f %’cﬁﬂ&aﬁa [22) tp?@id\éahwuiolﬁfoﬁ'ﬂﬂétufnl fs Béi@r@r‘inbé@inW the Havi ng
determ ned a tgst vect or rov%f g %est fvt | ue oLI’e ﬁ( '{]t nfunctl on f', a
val ue of TRAYHIE of e FFRRCYHET 55 d”b‘ife A 87 SEBBY §% MV Best vect or
i's conputfghrecihed thestid tiaggivdad af¢heafisflaceanentshead bm lendatentred bHymteo a _
probabi It ‘é%oﬁ‘gtot ichOl r\'eo‘fﬂcﬂ&ﬁl?eo%oﬁac% Aéb%r i n'&R:Sl@' ;S"’ Has, been built

as descriBEd WL h'°r ef er'ence ttrhg process with
r ef er encesntlpdirignts. @agh lhBUfa‘p?ﬂ@lré@:Vh&ﬁ%mrﬂ)ﬁlﬁ@ﬁlﬁy%@ﬂ@iﬁ%ﬁmﬁnﬁ@f@&tor X), j =

1...s. The conkesPondbingesolaghudectors bi, j = 1...s so produced are
eval uated using equation (36) to produce a set of quallty of fit function

values, F =-{fj,j= 1.4 corresponding to the set of normalised training
vectors. ifThe bdmCHeambemabm@ndatM@;&ate(aiFappMaﬁbhe;f tetpréceasiey cofipureed and

(oo el MRkl A5 RER b PRoR b Polth Yk ke b s Uoct Dfietact | o0 1 2

parti cul ap unction
convert eandel tv be oblgbiihed, with geistenae 4o dedwatee a1 terfit thenelien VerHawngequat i on

(42) bel e MHEE & tef vactbr Brbiding e bkLY VKRse dfiethudtuan A(ARBRY of #2(43)

fit function f defined by equation (36) for that test vector is computed. The resulting
value of f can then be converted into a probability using the following approach:

After the modet 3 has been built as described with reference o Figure 1, the model
fitting process with reference o Figure 7 is applied to each normalised training vector

X;,j=1..8. The corresponding set of vectors by, j=1.8 so produced are

evaluated using equation (36) to produce a set of guality of fit funciion values,

F o= {fj f= 1,..3}, corresponding to the set of normalised training vectars. The

median, m", and MAD, of, of the set F are computed and recorded. Using the
assumption of a * distribution for the function £, any particutar value of the function f
defined by equafion {38) can then be converted to a probability using a standard
algorithm giveh by equation {42) below.

p = (MK} of (k" k) (42)
where:

k= 2(m7o Y (43)
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27 The resulting probability value can then be conpared with a threshold
to determ ne whether the area of the input inage best satisfying the nodel
satisfies the nodel sufficiently for it to be concluded that the determ ned
area of thg210pibssi mage represents an instance of thecgl@ssiRhikimges
represented by the nodel. Referring now to Figure 10, a training set of

i mges 20 is shown, corresponding to the training imges 2 of Figure 1.

Each of the white squares 21 is a training inage. The inage portion to be
identified is a circle 22. Although the inmages are all simlar, they are
not i dentTreakswudiingd pueapiliyvaidetan then bocommaap Méh Bhikrestilcienlessmioé the |ine

def | 0119 eicChe 43d RRuAEERTRS Sboh iBARS moTliSatarel ibaset of | mges 20

can be sal 0 repre tion I's acceptable. Wthin
each i nag?efﬁ@ﬁﬁwfér it fodierfiongludastthab thej delgjenined@res pidhe wgitomageor r esponding to

t he conpopgatedadiasihilenidd @ds of inRgedrebldsehRb by mesBbgt ed as shown by a
l'ight grey box 23 in Figure 10. The identified area of the training set of

imges 20 is converted to a set of training vectors. The set of training
vect or s irefqass asl toFiyve 100 detainigi detliohgnaved Woas thoin, Ebgeupem‘kn@md a nodel 3

t 1 sh
12 SO e DR PR S50 o Y BRAVELNS iR P 8
upon t he Thedetgegeaiéandedg idanbindine crelgi2di Athagh tof !magage@ @@im'fﬁhe area 25 of

the test tfltermag@ngt‘ideﬁ%! BRd S£EM cfefét!qtd(rfeﬁémf)rqué Midkngds ok e iihé @éf?ﬂlngg set of
I mages. | S therefore desired that the ge testi ngﬁrg%ﬁul e identifies

the test ﬂi'err‘éi{fée Yafies SOINSE ik EAgeSbINg ‘5%’%‘6% Sﬁb nimages ¢p Fe 20. When

t he processédeg: desgs vbedaidave id Rcappbleed to a test vector generated from
the test inage 24, the resulting value of the fit function f generates a
probability val ue bel ow the predeterm ned threshold, such that it is

det er m n&dthinheach timege efdbe irpinige seif doageswdt thardoiphaotresiohging i thefy t he

model . 'ane\eo%eﬁ%belbaumﬁédﬁga 4 BRIDIOEESSISs Shoulr 914 Rynl gRGBEK 25es a vector

of weights_wy, one weight being associated with each el enéent of a processed
test vect o9yt . one wei ght being associated with each pixel of a test
i mage). Pixels having a | ow associ ated wei ghts are those which deviate nost

fromt hevﬁvggkﬁf.ea%a 2% tﬁ%%’&n“é%&?& ia'n%égsr 534 a %&m feea ¥ 9%4;9‘%35 oan

oper at or cat onsi b
failure vzﬁcfcmeﬁt@e%ﬁf of rieaging: eolnat issP3psetdo rﬁmé“rode# *Pliﬂgtﬁﬁ @@Efesh@@vs out put

provi dedgibGredNarRRLMBEATS ik awsﬁa&tédﬁgasteaatpamaéeéﬁ o?@atﬁﬁ@ué&cﬁ@'ﬁz fiid ed as being

th whi d te f di t f
the i nvert SHERAGR TBRA4B08IIREd° ABGUENT £ 'VF P Spebap FRISFeat t hat var | ous
nodi fi cagdoanise adel gensrage fbm thdigaivieg seti df agastodT irents 2wtthetest depar ti ng
fromt hem%pé 'éhtcaﬂ@g 5%89 ﬁ.)[?dlﬁ% ﬁJP@aIEE@&%QFwdr@V%}tJf %Sg%§ Egﬁftla&g%reby béhe

appended ticu escription is inten
i |1 ustr adssiped a!aﬁﬂ tﬁ@timaegttﬁﬁtmu Pedyle L rearitasethe tast AppEe 24 as not

acceptable based upon the training set 20.

When the processing described above is applied {o a test vector gensrated from the
test image 24, the resutting value of the fit function fgenerates a pmbabm’r.y value
below the predetermined threshold, such that it is determined that the test image 24
does not satisfactorily satisfy the modei. It was explained that the processing of
Figure 7 generates a vector of weighis w,, one weight being associated with sach
element of a processed {est vector {i.e. one weight being associated with each pixel
of a test image). Pixels having a low associaled weights ars those which deviate
most from the model, and as such useful information ¢an be provided to an operator
indicating which area of the test image is responsible for the failure of the test image

to satisfy the model.
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LP 1. A conputer-inplenented nethod of generating a nodel froma set of
i mges, the nmethod conpri sing: processing a plurality of data
itens, each data itemrepresenting an i mage of said set of inmges, to

det er m neveyandsedobdsi ty between said plurality of dat aPrctremsges/os198s

generating nodel data representing said nodel based upon said data itens
and said variability, wherein the influence of each of said data itens upon
t he generated nodel is determ ned by a relationship between a respective
one of said data itens and said variability. 2. A method according to
claim1l1, wherein each of said data itens conprises a plurality of elenents,

wherein S@;g& &V 5RB)d Iowupgrmrdw% arf pre%?&hm%éﬁdgcthhﬁfplx@ﬂsewQifre of said
plurality el enents, a value indicative C%gread of the particular

el ement |W9‘%‘§h@d|§ﬁl§?‘8$ ;Wﬁw dgvgty mgsgirom e'ﬁ\o thod according to claim 2,

wherein sald val ue indicative of a spread |s a nedi an absol ute devi ation of

t he partlc ar,_ el in_.sai lLura ' . _ t hod

accor di ng™§ughy's @geembﬁaszptg O?tﬁ% ']i%n Bérjr%%eﬁws#ér%%d ab%veé‘ o er mi ni ng a

di f f er enciee datpeedidiemthar varach d?aﬂ&ﬁcattpem G%‘adh? dinddeertenbe desabsd em bei ng

based Upoan@o%éﬁtgwm%ﬁd%HW%nﬁhéé Pestd é.’d%pQ%F fRe iptRENARLNAGh Average data
el n

item e InflTuence of each data . itemis based upon a

rel at i onstfifipech &y e APRENTES SEERS VB RITTGUET e iSeCRpgTIRION t'e aRiEdsiai bf

vari abi | i fistrative and not restrictive in character.



5. A nethod according to any preceding claim wherein each of said
plurality of data itens is a normalized data item 6. A nmethod according

to claimb5, further conprising: receiving a plurality of initial
data itens,, each initial data itemconprising a plurality of glenents;
determ ni M@ di an val ue for each el enent based upon val uedCotipnat

el enment in each of said plurality of initial data itens. MCSLLP 7. A
met hod according to claim®6, further cqnprisi ning a
éga de‘??kg

ng: det i

medi an absol ut & GRVPYET BT HPMEA IR RaCcoRERToRAEA TRt MO e oM

el erreg_t [ rt?@&tzilﬂqquccgmr?mt Er ality of initial data itens. 8. A mﬁt hIOd o
according to claim ur onpri sing: . _processing each elenent o
2 respective | MIPFPEA AU PRI SPEn £8ta Lok PRIERTY 78 THERF 5h v ue
aRd medi arﬁaabm!oumsgéley%aidt@minea}aniabni@ uéemmmma?wmaﬁzmm@n factor for
the respective initial data item and. : ratjing a respective

nor mal i ged dat a‘?%”FalH‘%;}“%ﬁP@'itanfgh”sezi?%‘r}?o?%|"‘?‘g‘§? 58%94 ‘é‘%’[no?a“?ggﬁhi $ms
respect i veandnsdid alaridaitity, ivtherain t8e imiueatdiad aecboofdbaig data deynspupeediang
aseoc! at 5 B AR BReeue i RUeCR T PRl Sotit e P Daced

upon sai d dasy iteabs bhind yaid variability.

2. A method according to claim 1, wherein each of said data items comprises a
plurality of elements, wherein said variability comprises, for each particular element
of said plurality of elements, a vailue indicative of a spread of the particular element in

said plurality of data items.

3. A method according {o claim 2, wherein said value indicative of a spread is a

median absolute deviation of the particular element in said plurality of data items.

4. A method according to any preceding claim, further comprising:

detarmining a difference data item for each data item, each difference data
item being based upon a difference between a respective data item and an average
data item;

wherein the influence of each data item is based upon a relationship between

a respective difference data item and said variability.

5. A method according to any preceding claim, wherein each of said plurality of

data items is a normalized data item.

8. A method according to claim 5, further comprising:
receiving a piurality of initial data items, each initial data item comprising a

phurality of elements;
determining a median value for each element based upon values of that

element in each of said plurality of initial data items.
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10. A method according to claim9, further conprising conputing a weight
for each of said data itenms. 11. A nethod according to claim 10, wherein
conmputing a weight for a respective data item conprises defegmiming a

rel ati onshfl p bg_\t ween . a@gorﬁﬁggggfaﬁg @ﬁﬁ@r dotﬂﬁm Iﬁ.@d an average data item

12. A method accordin rein'sald average data itemis a
medi an data i teimermmag Anmegtanoabsalctroteliatign for edchiarment beged heen wdwasr i si ng

det er m ni Q’gﬁt g@[n gt fnrggtcg%ré%%?ﬁ]ﬁ]{%fgygg ﬂ%‘l%%té erﬁé‘Ch of said data itens.

14. A net hod accor wherein the confidence of a respective
data itemis based upon the relationship between the respective data item

and the average ,q%]gh%g ggp?ﬁﬁaq?y}%w, E?bf'uhhérycom rRflgd data items. 15. A nethod

according to clai urt her I’ISI% generating a probability
di stribution fmporaessing eagh @Wﬁﬁﬁ@fédﬁﬁ@@fi\é@ wéie datenitas V\f*ithéaf?h"«rt‘iﬁ !4 d data

i tems, and,detffMdh gaggogﬁ@ thédidn va%wgtef %vﬁa&m Viues % detahihd hems

based upon the generate i stribution. hod according to cl aim 15,
wher ei n' t mermelizgtian f%@éfﬁé"é%@%ﬁ“ﬁeé{?'ff?éﬂ@ﬁadiﬂ”arandat aitemis a function of

the determi ned ,prgbaki hlrgypéeabélﬁorma%zed é\ataﬁtéw@y%ggrr@m herntdiidhiBn16,

wherein said fSnCtIOI’l provides a first weight value when said probability
i's withinfaeterite $1e regpeféive diiépl SaiedieMunct i on returns a weight value in a
second range when said probability is in a second range. 18. A nethod

according to any one of clainms 9 to 17 wherein generating said nodel
conprises® A metefeapisinggtoaantyi RrEeidi eate \aWst@ﬁq@f Bgvidehmedeh of

sai d dat abbégd@p&nga.@ma@é/ﬁérﬂg%o%ﬁ@eg 1 QBLHONGaNRSightewith BhdH & ddiy gk

difference data itens;
items, said weighis being based upon said variability.

10. A method according to claim 9, further comprising computing a weight for

each of said data items.

11. A method according to claim 10, wherein computing a weight for a respective
data item comprises determining a relationship between the respective data item and

an average data item.

12. A method according to claim 11, wherein said average data item is a median

data item.

13. A method according to claim 12, further comprising determining a value

indicating a confidence in each of said data items.

14. A method according to claim 13, wherein the confidence of a respective data
item is based upon the relationship between the respective data item and the

average data item and variability of said data items.

15. A method according to claim 13 or 14, further comprising generating a

probability distribution from said values indicating a confidence in each of said data
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appl ying said weights to said difference data itens; and ymesgeperating
a matri x indicating how each wei ghted difference data itemvaries with
reference to each other weighted difference data item 19. A nmethod

accordlng o cl e [ es:
per o m ng Qe eeinrtiied GlsPabERTams eabR ) TR il Lot BELCRIRLLSTY o1
e|genvectq&mgu&mﬂd&hbaﬁmng a matrix containing at |east sone of sald
plurality of eigenvectors. 20. A nethod according to claim 19, wherein
generating said plurality of eigenvectors further conprises generating a
plurality B ei4genstabdescoidtirar & relami th pwoeralin tthe ofeightgesapalalask with ea

generated Dy eaRSIdd i LMEENEG G ineRbbddlib Rludrat f | x bei ng of

smal l er si'ze mat r according to any preceding
claim wherein said rmdel is a statistical nodel. 22. A method according to

claim 21, mherej meﬁgjgdad&% 2aGaif g@%réﬂ §aﬁbfunMoﬁrbv1&e§DaW(n%ig‘F\\' S an

aver age data Ite IS a matrix 1 ndicating permssible variration;” and b is
an exanpl evalugswharceaidprataglifyoigeyithin a first range, and said function returns a we;ght

value in a second range when said probability is in a second range.

18. A method according to any one of claims 9 to 17 wherein generating said

model comprises:

determining a difference relationship between each of said data items and an
average data item to generate a plurality of difference data items;

applying said weights to said difference data items; and

generating a matrix indicating how each weighted difference data item varies

with reference o each other weighted difference data item.

19. A method according to claim 18, wherein generating said model further

comprises:
performing eigensystem analysis on said matrix to generate a plurality of

eigenvectors; and
creating a matrix containing at least some of said plurality of eigenvectors.

20. A method according to claim 19, wherein generating said plurality of
eigenvectors further comprises generating a plurality of eigenvalues, wherein said
plurality of eigenvalues are generated by processing a further matrix, said further

matrix being of smaller size than said matrix.

21. A method according to any preceding claim, wherein said mode! is a

statistical model.

22. A method according to claim 21, wherein said model has a form;
m+ Pb
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23. A nmethod according to any preceding claim wherein each d%@ itemis a
vector. 24. A nethod according to any preceding claim wherei® dch
el enent of each data itemrepresents a pixel value 25. A conputer program

conpri sing corrpuher r eadabl e i nsdt ugti_ons configured to cause a conputer to
carry out a nmet Ho¥alddAli*GPs ﬁ{ﬁ) Plteceding cilaim 26. A conputer
readabl e nedi um car r jiisg maatrboinpioitery Erogsida en@tivaliargt to claim 25, 27. A
conput er readabl e nmedi um storin t resenting a nodel created using

t he net hod of any on Sot" %)faﬁpr%%%f%[%gﬁﬂﬁg .Ei‘A conput er apparatus for
generating a nodel froma set of inages, the conputer apparatus conprising:

a nenory storin S ada I Luctli.ons, processor
arranged t%gr ea% rﬁ%tggch%gén[d@%i %s%éyﬁgiﬁggﬁiéas%%%é}'ﬁeﬁgga?aé hndear%%r't%n %h%r ein
sai d processtr. readabl e instructions conprise instructions arranged to
control the conputer to carry out a nethod according to any one of clains 1

to 24.
24. A method according to any preceding claim, wherein each element of each

data item represents a pixel value.

25. A computer program comprising computer readable insiructions configured to

cause a computer to carry out a method according to any preceding claim.

26. A computer readable medium carrying a computer program according to

claim 25.

27. A computer readable medium storing data representing a model created

using the method of any one of claims 1 to 24.

28. A computer apparatus for generating a model from a set of images, the
computer apparatus comprising:

a memory stering processor readable instructions; and

a processor arranged to read and execute instructions stored in said memory;
wherein said processor readable instructions comprise instructions arranged to

control the computer {o carry out a method according to any one of claims 1 to 24.
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