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Abstract. Many approachego object recognitionare foundedon probability
theory andcanbebroadlycharacterizedseithergeneratre or discriminatve ac-
cordingto whetheror notthedistribution of theimagefeaturess modelled Gen-
eratve anddiscriminatve methodshave very differentcharacteristicsaswell as
complementargtrengthsandweaknessesn this chaptemwe introducenew gen-
erative and discriminative modelsfor object detectionand classi cation based
on weakly labelledtraining data.We usethesemodelsto illustrate the relative
meritsof the two approachei the contet of a datasetof widely varyingim-

agesof non-rigid objects(animals).Our resultssupportthe assertionthat nei-
therapproachalonewill be sufcient for large scaleobjectrecognition,andwe
discusgtechniquedor combiningthe strengthf generatre anddiscriminatve

approaches.

1 Intr oduction

In recentyearsmary studiespothin machindearningandcomputewision areashave
focussednthe problemof objectrecognition.Thekey challengds to beableto recog-
nizearny membeiof acateyory of objectsin spiteof wide variationsin visualappearance
dueto changeén theform andcolourof theobject,occlusionsgeometricatransforma-
tions (suchasscalingandrotation),changesn illumination, and potentiallynon-rigid
deformationof theobjectitself. Sincedetailedhand-sgmentatiorandlabelling of im-
agesds verylabourintensie, learningobjectcateyoriesfrom “weaklylabelled' datahas
beenstudiedin recentyears.Weakly labelleddatameansthat training imagesare la-
belledonly accordingto the presenceor absencef eachcateyory of object. A major
challengepresentedy this problemis that the foregroundobjectis accompaniedy
widely varying backgrouncclutter, andthe systemmustlearnto distinguishthe fore-
groundfrom the backgroundvithouttheaid of labelleddata.

Marny of the currentapproacheso this problemrely on the useof local features
obtainedfrom small patcheof theimage.Onemotivationfor thisis thatlocal patches
cangive informationaboutan objectevenit is occluded.An othermotivation is that
thevariability of smallpatchess muchlessthanthatof wholeimagesandsothereare



much betterprospectdor generalizationin otherwordsfor recognizingthat a patch
from a testimageis similar to patchesn the training images.However, the patches
mustbesufciently variable,andthereforesufciently large,to beableto discriminate
betweerthedifferentobjectcateyoriesandalsobetweerobjectsandbackgrounctlutter
A goodway to balancethesetwo con icting requirementss to determinethe object
catgyoriespresentin animageby fusing togethermartialambiguousnformationfrom
multiple patchesProbabilitytheoryprovidesa powerful framework for combiningsuch
uncertaininformationin a principledmannerandwill form the basisfor our research.
Wewill alsofocuson the detectionof objectswithin imagesby combininginformation
from alarge numberof patcheof theimage.

Local featuresare obtainedfrom small patcheswhich are extractedfrom the local
neighbourhoodaf interestpointsobtainedn theimage.Someof theinterestpointoper
atorssuchassalieny [8], Differenceof GaussiarfDoG)[11] andHarris-LaplacgHL)
[12] areinvariantto location,scaleand orientation,andsomearealsoaf ne invariant
[12] to someextent. For the purpose®f this chaptemwe shallconsiderthe useof such
genericoperatorsWe will usesomevery commonoperatorgSection2) andfeature
descriptiormethodsandwill compareheir effectin learningperformanceéSection5).

Also, the locationsof the patcheswhich provide strongevidencefor an objectcan
give an indication of the location and spatialextent of that object. The probabilistic
modelof Feilgusetal. [6] performedhelocalizationof theobjectin animageby learn-
ing jointly theappearancesndrelative locationsof a smallsetof partswhosepotential
locationsare determinecby the saliengy detector{8]. Sincetheir algorithmis compu-
tationally comple, the numberof partshasto be keptsmall.In [10] a discriminati ve
framework for the classi cation of imageregionsby incorporating neighborhood
interactions is presented.But for two classclassi cation only. In [5], the spatial
relationshipbetweenpatcheswvas not consideredout informative features(i.e. object
features)wereselectedbasedon informationcriteria suchaslik elihoodratio and mu-
tualinformation.However, in this supervisedpproachhundredf imageswerehand
sgmentedFinally, [19] extendedhe GaussiaMixture Model (GMM) basecdapproach
of [5] to asemi-supervisedasewhereamulti-modalGMM wastrainedto modelfore-
ground and backgroundfeaturetogether In their study someunclutteredimagesof
foregroundwere alsousedfor the purposeof training their model.In this chapterwe
do not attemptto modelthe spatialrelationshipbetweenpatchesut insteadfocuson
the comparisorof generatre with discriminative methodsn the contet of local patch
labelling.

The objectrecognitionproblemis basicallya classi cation problemandthereare
mary differentmodellingapproachesor the solution. Theseapproachesanbe clas-
si ed into two main categoriessuchas generatre and discriminatve. To understand
the distinction betweendiscriminatve and generatre approaches;onsidera scenario
in which animagedescribedoy a vectorX (which might compriseraw pixel intensi-
ties, or somesetof featuresextractedfrom the image)is to be assignedo one of K

characterizationf thesolutionis expressedn termsof the setof posteriomprobabilities
p(kjX). Oncewe know theseprobabilitiesit is straightforvardto assigntheimageX
to aparticularclassto minimizethe expectedoss(for instancejf we wishto minimize



the numberof misclassi cationswe assignX to the classhaving the largestposterior
probability).

In adiscriminative approactweintroduceaparametrienodelfor theposteriomprob-
abilities, p(kjX ), andinfer the valuesof the parameterérom a setof labelledtraining
data.This may be doneby makingpoint estimatef the parametersisingmaximum
likelihood,or by computingdistributionsover the parameteré a Bayesiarsetting(for
exampleby usingvariationalinference).

By contrast,in a generatie approachwe modelthe joint distribution p(k; X) of
imagesandlabels.This canbe done,for instancepy learningthe classprior probabil-
ities p(k) andthe class-conditionatiensitie(X jk) separatelyTherequiredposterior
probabilitiesarethenobtainedusingBayes'theorem

pP(XjK)p(k)
i PCXi)p()
wherethe sumin the denominatois takenover all classes.

Eachmodellingapproacthassomeadwantagesaswell asdisadwantagesThereare
mary recentstudiedealingwith the comparisorof thesetwo approachewiith the nal
goal of combiningthe two in the bestway. In [13] it wasconcludedthatalthoughthe
discriminatve learninghaslowerasymptoticerror, ageneratie classi erapproachess
higherasymptoticerrormuchfaster Very similar resultswerealsoobtainedby [4] but
they shaved on a simulateddatathatthis is only true whenthe modelsareappropriate
for thedata,i.e. thegeneratie modelmodelsthe datadistribution correctly Otherwise,
if a mis-matchednodelwas selectedthen generatre and discriminatve modelsbe-
haved similarly, evenwith a small numberof datapoints.In both[4] and[13] it was
obsened thatasthe numberof datapointsis increasedhe discriminatve modelper
formsbetter In [4] and[7] discriminative andgeneratie learningwerecombinedn an
ad-hocmannemusingaweightingparameteandthe valueof this parametede nesthe
extendto which discriminatve learningis effective over generatie learning.In [1] dis-
criminative learningwasperformedon a generatre modelwherebackgroundosterior
probabilitywasmodelledwith a constant.

In thischaptemwewill providetwo differentmodelsonefrom eachapproachyhich
areableto provide labelsfor theindividual patchesaswell asfor theimageasawhole,
sothat eachpatchis identi ed asbelongingto one of the objectcateyoriesor to the
backgroundlass.This providesa roughindicationof thelocationof the objector ob-
jectswithin theimage.Againtheseindividual patchlabelsmustbelearnedonthebasis
only of overallimageclasslabels.Ourtrainingsetis weaklylabelledwhereeachimage
is labelledonly accordingto the presencer absencef eachcateyory of object.Our
goalin this chapteris notto nd optimal objectrecognitionsystem,but to compare
alternatve learningmethodologiesFor this purposewe shallusea x ed dataset.In
particular we considerthe taskof detectinganddistinguishingcows andsheepn nat-
uralimages.This setis choserfor thewide variability of theobjectsin orderto present
anon-trivial classi cationproblem.We do not have ary datasetfor backgroundnly.
Variousfeaturesusedin this studyareexplainedin Section2. Our discriminative and
generatie modelsareintroducedn Sections3 and4 respectiely.

We uset,, to denotetheimagelabelvectorfor imagen with independentompo-
nentstnx 2 f0;1ginwhichk = 1;:::K labelstheclass.n ourcaseK = 3 wherethe

p(kjX) = 1)



classesare cow, sheepandbackgroundEachclasscanbe presentor absentindepen-
dentlyin animage,andwe male no distinction betweenforegroundand background
classesvithin the modelitself. X , denoteghe obsenrationfor imagen andthis com-

of detectednterestpointswill in generalvary from imageto image.

We shallcomparethe two modelsin variousaspectsFirst we will investicatehow
themodelsbehae with weaklylabelleddataandthenwe will testhow stronglylabelled
(i.e. imagesare sggmentedas foreground and background)and weakly labelled data
canbeusedtogetheiin trainingthe models Experimentsandresultsfor thisis givenin
Section5.1. Secondlywe will testthe modelswith varioustypesof featureasinputs
to seehow featuretype effects the models.Experimentsand resultsfor this is given
in Section5.2. Finally, as mary previous studiesdid, we will seehow training data
quantityaffectslearningin the two differentmodeltypes.Experimentsandresultsfor
thisis givenin Section5.3.

2 Feature Extraction

Duetothereasonshatwe have mentionedn theprevioussection,wewill follow several
recentapproacheanduseinterestpoint detectorgo focusattentionon a smallnumber
of local patchesn eachimage.This is followed by invariantfeatureextractionfrom a
neighbourhoodroundeachinterestpoint.

We chooseto work with Harris-Laplace(HL) [12] and Differenceof Gaussian
(DoG) [11] interestpoint operatorshecauseahey areinvariantto orientationandscale
changesln our earlierstudy[17] we have usedDoG interestpoint detectomwith SIFT
(Scalelnvariant FeatureTransform)descriptor SIFT is invariantto illumination and
afne (to somedegree)changesand very suitablefor DoG interestpoint detectors.
However SIFT, beinga 128 dimentionalvector bringsa high computationaload for
modellearning.Thus, in this chapterwe will use15 dimensionalLocal Jet(LJ) de-
scriptorinstead?9, 16].

For the purposeof comparisonwe will train our modelsusing different feature
typesandseehow they areeffectedby thesechoices Thetwo featurepoint operators,
HL andDoG, will be usedwith the samefeaturedescriptor(LJ). In Figurel a cow
imageis shovn togethewith with HL andDoG featurepoint detectorsn orderto give
moreinsight into thesetwo typesof operatorsHere only featurepoints which have
scalegraterthan5 pixels are shavn. As canbe obsered from the images,the DoG
operatorextractsuniform regions(leftmostimagein Figure1l) andHL extractscorners
(middleimagein the gure) wherethe numberof featuresextractedby HL is usually
lessthanDoG.

The featuredescriptormay be concatenatedvith colour information. The colour
informationis extractedfrom eachpatchbasen[2]. Averagesndstandardieviations
of (R;G;B), (L; a;b) and(r = R=(R+ G+ B),g= G=(R + G + B)) constitute
the colour part of the featurevector Lab is a device-independentcolour spacethat
attempts to uniformly representcolour aswe perceive it. L is the lightnessvalue,
a is the red/greenopponencyand blue/yellow is representedon the b axis. As a



result,if colouris alsousedasa featuredescriptothenwe will have a 31 dimensional
featurevector
Justfor comparisorpurposeswe will alsousesquargandompatchessinterestre-

gionswhichareselecteditrandomsizesandrandompositionsall overtheimage.Since
thesizeof apatchcanvary betweerl pixel to thefull sizeof theimage thepatchewill
be scaledto 16 by 16 size.If eachpixel's colourinformationis useddirectly to form a
featurevector this makesafeaturevectorof size768(16*16*3) andit is impossibleto
usethis directly in our models(especiallyin the generatie model). Thus,we compute
rst 15 Principle ComponentAnalysis(PCA) coefcients for the gray scalepatchand
we obtainthe colour featureasdescribedn the previous paragraphAgain this makes
a 31 dimensionalfeaturevector The numberof randompatcheds selectedo be ap-
proximatelythe sameasthe numberof patchefoundby otherinterestpoint operators,
whichis around100for eachimage.In therightmostimagein Figurel thecow image
with someof therandompatchess alsoshavn. We only shav 10 randompatchedere.
In Section5.2,comparisorof thetwo modelswhenusedwith differentfeatureswill be
givenin termsof patchlabelling andimagelabelling. We will compareHL andDoG
operatorswith LJ and colour feature,and randompatcheswith PCA coefcients and
colourfeature.

Fig. 1. Differentinterestpoint operators Featurepoint locationsare the centersof the squares
andthesizeof asquareshavs thescaleof thatfeaturepoint. Thethreeimagesshaw (left to right)
DoG interestpoints,HL interestpointsandrandompatches.

3 The Discriminati ve Model with Patch Labelling

In adiscriminatie setting,the purposds to learnthe posteriorprobabilities.Sinceour

goalis to determingheclassmembershipf individual patchesalso,we associatsvith

eachpatchj in animagen abinarylabel nx 2 f0O;1g denotingthe classk of the

patch.For the modelsdevgopedin this chapterwe shall considertheselabelsto be

mutuallyexclusive,sothat _, nj« = 1,in otherwordseachpatchis assumedo be

eithercow, sheepor backgroundNote that this assumptions not essentialandother
formulationscouldalsobe consideredThesecomponentsanbegroupedogethelinto

vectors ;. If the valuesof theselabelswere available during training (correspond-
ing to strongly labelledimages)then the developmentof recognitionmodelswould

be greatlysimpli ed. For weakly labelleddata,however, thef ; g labelsarehidden
(latent)variableswhich of coursemalkesthetrainingproblemmuchharder



We now introducea discriminatve model,which correspondso the directedgraph
shavnin Figure2.
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Fig. 2. Graphicalrepresentationf the discriminatve modelfor objectrecognition.

Considerfor a momenta particularimagen (andomit the index n to keepthe nota-
tion uncluttered)We build a parametrianodelyy (x; ; w) for the probabilitythatpatch
Xj belongsto classk. For examplewe might usea simplelinearsoftmaxmodelwith
outputs

expiw X))

L exp(wx;)

Yk (Xj;w) = )
which satisfy0 6 yx 6 1and |y« = 1. More generallywe canusea multi-layer
neuralnetwork, a relevancevectormachine,or ary otherparametricnodelthatgives
probabilisticoutputsand which canbe optimizedusing gradient-basedhethods.The
probability of a patchlabel ; is thengivenby

¥
p( jix;) = yk(Xjiw) % 3)
k=1
wherethe binary exponent ;. simply pulls out the requiredterm (sinceyE = land
Yi = Yi)-
Next we assumehatif one,or more,of the patchesarriesthelabelfor a particular
classthenthewholeimagewill. Forinstancejf thereis atleastonelocal patchin the



imagewhichis labelled cow' thenthewholeimagewill carrya cow' label(recallthat
animagecancarrymorethanoneclasdabelatatime). Thustheconditionaldistribution
of theimagelabel,giventhe patchlabels,is givenby

2 3¢, 2 31 ¢,

k

Xy ¥
p(tj )= 41 1 ® 4 1 P : (4)
k=1 j=1 j=1

In orderto obtainthe conditionaldistribution p(tjX ) we have to maiginalize over
thelatentpatchlabels.Althoughthereareexponentiallymary termsin this sumiit can
be performedanalyticallyfor our modeldueto the factorizationimplied by the graph
in Figure?2 to give

8 9
p(tjx) = Pty ) opCjixg).
i=1 ’
3y, 2 31 1,
¥ ¥ ¥
= 4 1 y(x;w)ID 4 1 y(xw)e (5)
k=1 j=1 j=1

This canbeviewedasa probabilisticversionof the 'noisy OR' function [15].

Given a training setof N images,which areassumedo be independentye can
constructthe likelihood function from the productof suchdistributions,onefor each
datapoint. Takingthe negative logarithmthengivesthe following errorfunction

X
E (W) = ftnk In [1 an] + (1 tnk ) In an g (6)
n=1 k=1
wherewe have de ned
Vo
Znk = 1w (an ywW)l: (7)

j=1

Theparametevectorw canbedeterminedy minimizingthiserror(whichcorresponds
to maximizingthelik elihoodfunction)usinga standardptimizationalgorithmsuchas
scaledconjugategradientq3]. More generallythelik elihoodfunctioncouldbeusedas
thebasisof a Bayesiartreatmentalthoughwe do not considetthis here.

Oncethe optimal value wy_ is found, the correspondingunctionsyy (X; wWm )

vectorx. Thusthemodelhaslearnedo labelthe patchesventhoughthetrainingdata
containedonly imagelabels.Note, however, thatasa consequencef the "noisy OR'
assumptionthe modelonly needsto label oneforegroundpatchcorrectlyin orderto
predictthe imagelabel. It will thereforelearnto pick out a small numberof highly
discriminatve foregroundpatchesandwill classifytheremainingforegroundpatches,
aswell asthosefalling onthebackgroundas backgroundmeaningnon-discriminatre
for theforegroundclass.Thiswill beillustratedin Section5.1.



3.1 Soft Discriminati ve Model

In our discriminatve modelwith probabilisticnoisy OR assumptionif only onepatch
is labelledas belongingto a class,thenthe whole imageis labelledas belongingto
thatclass.We cansoftenthis assumptiorby modellingthe posteriorprobability of the
imagelabelusingthelogistic sigmoidfunction

p(tk = 1jX) = 1ve 2 (8)
whereZy is thesumover all patches
X
Zx = Yk (Xj;w) 9)
j=1
where
(W) = Wl (10)

sothatwe areaddingthelog odds.It follows thatthe conditionaldistribution of target
labelsis givenby

1 th k 1 1 tg
p(tkjX) = 1+ e Zr 1 1+ e Zr : (11)
Thedistribution for the vectorof targetvariabless thengivenby
. Y .
p(tjX)=  p(tjX): (12)

k=1

However outputsof this modelcannot be directly gsedaspatchlabel probabilities
becaus¢hey arenotnormalizedandthey don't satisfy | yx = 1. Thisdoesnotcause
a problemin nding the most probablepatchlabel. We can directly usethe model
outputsandchoosehebiggestoneaspatchlabel. However, whenwe needpatchlabel
probabilitiesthenwe needto normalizethe modeloutputsover all possiblepatchesand
labels.

The error function for this soft discriminatve modelis given by the negative log
likelihood,andtakestheform

XX
E(w) = Zoe bk 1) In 1+e %% (13)
n=1 k=1

With this soft version,an improvementin both patchlabelling andimagelabellingis
obtained.Comparatie resultsfor the two discriminative models(probabilisticnoisy
OR andsoft) aregivenin Section5.1.
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Fig. 3. Graphicalrepresentationf the generatre modelfor objectrecognition.

4 The Generative Model with Patch Labelling

Next weturnto adescriptiorof our generatre model,whosegraphicakepresentatiois
showvn in Figure3. Thestructureof thismodelmirrorscloselythatof thediscriminatve
model.In particular the sameclass-labeVariables ; areassociateavith the patches
in eachimage,andagain theseareunobseredandmustbe mamginalizedoutin orderto
obtainmaximumlik elihoodsolutions.

In the discriminatve modelwe representethe conditionaldistribution p(tjX) di-
rectly asa parametrianodel.By contrasin the generatre approactwe modelp(t; X),
which we decomposénto p(t; X) = p(Xjt)p(t) andthenmodelthe two factorssep-
arately This decompositiorwould allow us, for instanceto employ large numbersof
“backgroundimages(thosecontainingno instance®f the objectclassesyuringtrain-
ing to determineg(X jt) withoutconcludingthatthe prior probabilitiesp(t) of objects
is small.

Again, we beggin by consideringa singleimagen. The prior p(t) is speci ed in
termsof K parameters  where06 ¢ 6 landk = 1;:::;K, sothat

¥
p(t) = @ )t (14)
k=1

In generalwe do not needto learnthesefrom the training datasincethe prior occur
rencesof differentclasseds morea propertyof the way the datawas collectedthan
of therealworld frequencies(Similarly in the discriminative modelwe will typically
wish to correctfor differentpriors betweenthe training setandtestdatausingBayes'
theorem.)



The remainderof the modelis speci ed in termsof the conditionalprobabilities
p( jt) andp(Xj ). The probability of generatinga patchfrom a particularclassis
governedby a setof parameters y, onefor eachclass,suchthat ¢ > 0, constrained
by the subsebf classesctuallypresenin theimage.Thus

|
. % . 1Y .
p( jjt) = t (tk «) '*: (15)
=1 k=1

Note that thereis an overall undeterminedscaleto theseparameterswhich may be
remosedby xing oneofthem,e.g. 1 = 1

For eachclassk, the distribution of the patchfeaturevectorx is governedby a
separatenixture of Gaussiansvhichwe denoteby (X; k), sothat

¥
p(Xjj j) = k(Xji k) (16)
k=1
where  denoteghe setof parametergmeanscovariancesand mixing coefcients)
associateavith this mixture model,andagain the binaryexponent ;. simply picksout
therequiredclass.
If we assumeN independenimages,andfor imagen we have J,, patchesdravn
independentlythenthejoint distribution of all randomvariabless

Yo
D(tn)_ [P(Xnj J nj JPC nj jtn)l: 17)

n=1 j=1

Sincewewishto maximizelikelihoodin thepresencef latentvariablesnamelythe
f nj 0, we usethe EM algorithm. The expectedcomplete-datdog likelihoodis given

by ( D)
XX b X _ X
hojki Ntk kK(Xnj)]  In t 1 (18)
n=lj=1 k=1 1=1
In the E-stepthe expectedvaluesof ; arecomputedusing
. X . t Xni
honj ki = nj kPC nj [Xnj stn) = M: (19)
fong ta 1 1 (Xnj )

=1

Noticethatthe rst factorontheright handsideof (15) hascancelledn the evaluation
of h nj Ki.

For the M-stepwe rst setthe derivative with respecto oneof the parameters
equalto zero(no Lagrangemultiplier is requiredsincethereis no summatiorconstraint
onthef g) andthenre-arrangeo give thefollowing re-estimatiorequations

2 !
X X X KXo
k=4 Jntn to | S R i (20)
n=1 =1 n=1j=1



Sincetheserepresentoupledequationswve perform several (fast) iterationsof these
equationshefore proceedingwith the next EM cycle (note that for this purposethe
sumsoverj canbepre-computedincethey do notdepenconthef ¢q).

Now considerthe optimizationwith respectto the parameters  governing the
distribution (x; «). The dependencef the expectedcomplete-datdog likelihood
on | takestheform

X Xn
h nj ki In k(an ; k) + const (21)
n=1j=1

This is easily maximizedfor eachclassk separatelyusingthe EM algorithm (in an

innerloop), since(21) simply represents log likelihoodfunctionfor a weighteddata

setin whichpatch(n; j ) is weightedwith h ; «i. Speci cally, we useamodelin which
k(X; ) is givenby a Gaussiammixture distribution of theform

hd
k(X; k) = kmN(X] «m: km): (22)
m=1
The E-stepis givenby
nj km = ) kmN (an J kms km) (23)

mo kmoN (anj kmo:  kmo)

while the M-stepequationsareweightedby the coefcients h y; ki to give

P P

new !ﬁ th njkI nj kanj

km

b B i Nnj k- njkm

o1 ) new . new\T
new _ _n_ | hinj ki i kg (X km ) (Xn km
km no Nkl njkm

PP
EEW: o ip njkI nj km
m t 1 - :
n jhnjk|

If oneEM cycle is performedfor eachmixture model (x; ) thisis equialent
to aglobal EM algorithmfor the whole model.However, it is alsopossibleto perform
several EM cycle for eachmixture model (x; k) within the outer EM algorithm.
Suchvariantsyield valid EM algorithmsin which thelik elihoodnever decreases.

Theincomplete-datdog likelihood canbe evaluatedafter eachiterationto ensure
thatit is correctlyincreasinglt is givenby

X Xn( x | X )

In tok k k(Xnj) In to
n=1j=1 k=1 1=1

Notethat,for adatasetin whichall t,x = 1, themodelsimplyreducedo tting a
at mixtureto all obsenrations,andthe standardeEM is recoreredasa specialcaseof
theabove equations.



This model can be viewed as a generalizatiorof that presentedn [19] in which
aparameteis learnedfor eachmixture componentepresentinghe probability of that
componenbeingforeground.This parameteis thenusedto selecthemostinformative
N componentsn a similar approachto [5] and[18] wherethe numberN is chosen
heuristically In our case however, the probability of eachfeaturebelongingto oneof
theK classess learneddirectly.

Inferencein the generatre modelis more complicatedthanin the discriminatve
model.Given all patchesX = fx;g from animage,the posteriorprobability of the
label j for patchj canbefoundby mawginalizingoutall otherhiddenvariables

_ X X
p(iX)= p( i X:t)
t =
" #
X 1 ¥ Y X
= PO p5——7F (b cOG) kte k(Xi)  (24)
t Lot ke i6] k=1
where = f ;g denoteshe setof all patchlabels,and = ; denoteshis setwith

j omitted. Note that the summationover all possiblet values,which mustbe done
explicitly, is computationallyexpensve.
For theinferenceof imagelabelwe requirethe posteriormprobability of imagelabel
t, which canbe computedusing

p(tjX)/ p(Xjt)p(t) (25)

in p(t) is computedrom thecoefcients f g for eachsettingof t in turn,andp (X jt)
is foundby summingout patchlabels

P
p(Xjt) = p(X; jjt) = P 05), (26)
j=1 j=1 =1 U1

5 Experimentsand Results

In thischapterwe have usedatestbedof weaklylabelledimageseachcontainingeither
cows or sheepjn which theanimalsvary widely in termsof numbey pose size,colour
andtexture. Thereare 167 imagesin eachclass,and 10-fold cross-alidationis used
to measureerformanceFor the discriminatve modelwe useda two-layernonlinear
network having 10 hiddenunitswith “tanh' actvationfunctions.The network had 31
inputs, correspondingo the LJ or PCA coefcient with colourfeatureasdiscussedn

Section2 and 3 outputs(cow, sheeppackground)For the generatre modelwe used
a separategGaussiammixture for cow, sheepand backgroundeachof which has10
componentsvith diagonalcovariancematricesIn our earlierstudy[17] we usedinput
vectorof size144which consistsof SIFT andcolourfeaturesUsing a smallerfeature
vectorthistime bringscomputationabene t suchasspeedandcomputablecovariance
matrixes.



In the testphaseof both discriminatve andgeneratre models,we input the patch
featuresto the modelsand obtainthe posteriorprobabilitiesof the patchlabelsasthe
outputsusing(2) for probabilisticnoisy OR discriminative modelor (10) with normal-
ization for soft discriminatve modeland(24) for the generatre model. The posterior
probability of theimagelabelis computedasin (5) for probabilisticnoisy OR modelor
(12) for thesoftdiscriminatve modeland(25) for thegeneratie case We cantherefore
investigatetheability of themodelsbothto predictthe classlabelsof wholeimagesand
of their constituenpatchesThelatteris importantfor objectlocalization.

5.1 Combining Strongly Labelled and Weakly Labelled Data for Training

Initial resultswith the generatie modelshaved thatwith randominitialization of the
mixture model parameterdt is incapableof learninga satishictory solution[17]. We
conjecturedhatthis is dueto the problemof multiple local maximain the likelihood
function (a similar effect wasfound by [19]). To testthis, we usedsomesegmented
imagedor initialization purposegbut notfor optimization)in our earlierstudy[17]. 30
cow and30 sheepgmagesverehand-sgmentedanda patchwhich hasary foreground
pixel was labelledas foregroundand a patchwhich hasno foregroundpixel wasla-
belledasbackgroundFeature®btainedrom the patchedelongingto eachclasswere
clusteredusingthe K-meansalgorithmandthe componententersof a classmixture
modelwere assignedo the clustercentersof the respectre class.The mixing coef-
cientsweresetto the numberof pointsin the correspondinglusterdivided by thetotal
numberof pointsin thatclass.Similarly, covariancematriceswerecomputedusingthe
datapointsassignedo therespectie center

In this chapter we usethesesggmentedimagesalsofor training optimizationin
orderto give both modelsthe samechanceln the generatre case,including the seg-
menteddatainto learningrequiresonly a slight changen the expectedcomplete-data
log likelihoodwhich becomegpartially expectedn this case:

|
X X ( X X )
hpjkiInTtoe Kk k(Xpj )] In th
n2usj=1 k=1 1=1 ')
X X X '
+ ik N[tk k k(Xnj)] N to (27)
n2sj=1 k=1 1=1

whereS andUS denotesggmentedandunsg@mentedmagesetsrespectiely. For sey-
mentedimagesn 2 S, n; valuesarealreadyknown. Including the ssgmenteddata
to the generatie modelis very easywherewe only needto assignknown patchlabels
insteadof their expectedabelsin the outerE step(19) mentionedn Section4.

For the probabilisticnoisy OR discriminatve model,the errorfunctionbecomes

X X
E (W) = ftnk In [1 an] + (1 tnk) In an g
n2US k=1
X X X
nj k IN(Yk (Xnj s W)) (28)
n2Sj=1 k=1



wherethe rst termon theright handsideof the error functionincludesunsgmented
imagesand is the imagelabelling error, while the secondterm includessegmented
imagesandis the patchlabellingerror.

Similarly, for the soft discriminative model,the error function (29) consistsof two
parts:onewith unlabelleddataandthe otherwith labelleddata. Thesetwo partsneed
to betreateddifferentlyduringall optimizationsteps.

X X
E(w)= Zok (tk 1) In 1+ e 2n
n2Us k=1
X X X
(Y (Xnj ;W) nj k) (29)
n2sj=1 k=1

To testthe effect of labelleddataon the generatie model,we train the samegen-
eratve modelwith and without labelled dataand comparedthe results.When only
unlabelleddatais used(i.e. noinitialization is performed)overall correctrate (ocr) for
imagelabellingis obtainedto be 46:50% which is worsethanrandomlabelling. When
segmenteddatais usedfor initialization only thenthereis a signi cant increasen the
performancevhereocrbecome$9:37% Whenthe sggmentediatais usedfor training
aswell the performances not effectedmuchwhereocr staysat 59:37% In Figure4
examplesfor generatre modelpatchlabelling aregivenfor differentsituationswhere
mostprobablelabel is assignedor eachpatch.Patch centersare shovn by coloured
dotswherecolour denoteghe class(red, white, greenfor cow, sheepandbackground
respectiely). As canbe obseredfrom theimage withoutinitialization patchlabelling
is asrandom(top imageof the gure). Imagelabelling resultfor this particularsheep
imageist = [1 0 1] for this samplerun which meangthatthis is a cov image.With
initialization, mostof the patchesare labelledcorrectly (middle imagein the gure).
Imagelabelfor thesamesheepst = [1 1 1] thistime which meangherearebothcow
andsheep(aswell asbackgroundpresenin theimage.Whensggmenteddatais also
usedfor training(bottomimage)patchlabellingperformancdecomedbetterandsheep
imageis labelledcorrectlyast = [011].

Using sgmenteddatafor the probabilisticnoisy OR discriminative modelbrings
someproblems.When labelleddatais also usedfor training, althoughthe patchla-
belling performanceéncreasesigni cantly imagelabelling performancelegradesFor
example,in Figure5 patchlabelling resultsduring a samplerun are given wherethe
mostprobablelabelis assignedo eachpatch.Top imageis an examplewhich is ob-
tainedwhen segmenteddatais not usedin training and ocr for this caseis 62:50%
Imagelabelling resultis correctfor this particularcow with t = [0:99 0:50 1] which
become¢ = [101]when0:5is usedasathresholdor imagelabelprobability Middle
imageis obtainedwhensggmenteddatais usedfor trainingthe modelandocr for this
caseis very low, 30% In this casepatchlabellingis betterbut imagelabelfor this par
ticularcow imageist = [10:831] whichmeanghatthereis ahigh probabilityof sheep
also.This is causedby a white (sheep)patchin the cow image.The bottomimageis



Fig. 4. Patchlabellingresultsfor the generatie modelwherethe mostprobableabelis assigned
to eachpatch (red, white, greenfor cow, sheepand backgroundrespectiely). Patch labelling
resultin the top imageis obtainedwhenthe generatre modelis trainedwithout initialization.
Themiddleimageis whenlabelleddatais usedonly for initializing themodel. Thebottomimage
is whenthe sggmentedmagesareusedfor bothinitializing andtrainingthe model.

whenthe soft discriminative modelis trainedwith sggmenteddatawhereocr becomes
78.1%. Patchlabelling is as good asthe previous casebut this time imagelabelling

is alsocorrectt = [1 0 1] for this particularcow imagealthoughtherearetwo white

(sheep)patchesThis shawvs thatwhenwe usesggmenteddataandforcethe probabilis-

tic noisy OR discriminatve modelto learnthosepatchesasthey arelabelledthenthe

discriminative power decreasebecausehosepatchesnay not be that discriminative.

However thisis notthe casefor soft discriminatve model.



As we mentionedn Section3.1 outputsarelinearfor our softdiscriminatve model
andthis meanghatoutputscantake ary realvalue.Thus,normalizationis requiredfor
this modelwhenwe needpatchlabel probabilities.

Fig. 5. Patchlabelling resultsfor discriminatve modelswherethe most probablelabel is as-
signedto eachpatch(red, white, greenfor cow, sheepandbackgroundespectiely). Top image
is obtainedwhensegmentediatais not usedin training of probabilisticnoisy OR discriminative
model.Middle row is whensggmenteddatais usedfor trainingthe samemodel. The bottomrow
is whenthe soft discriminatve modelis trainedwith sggmentediata.



5.2 Comparisonwith Differ ent Feature Types

In this sectionwe will provide comparatie resultsbetweenour generatie (G) and
soft discriminatize (D) modelwhenthey areusedwith differenttypesof featuressuch
as HL operatorwith LJ and colour feature (HL-LJ+C), DoG operatorwith LJ and
colour (DoG-LJ+C)andrandompatcheswith PCA coefcients andcolourfeature(R-
PCA+C).Usually DoG featurepoint operator nds morepointsthanHL operatordoes
whenappliedonthe samemage.In therandomselectioncasewe de ne thenumberof
featurepointsandtheir local extension.In orderto eliminatethe effect of dataquantity
in thecomparisonye arrangedhefeaturepoint extractionalgorithmssothatthey pro-
duceroughly the sameamountof featurepoints (around100) for eachimage.Means
and standarddeviations of overall correctrate resultsover 10 fold runsare givenin
Tablel. Columnsarefor differentfeaturetypesandrows arefor differentmodels.

Table 1. Means(M) andstandardieviations(SD) of overall correctimagelabelratefor different
featuretypes: HL with LJ and colour (HL-LJ+C), DoG with LJ and colour (DoG-LJ+C)and
randompatchesvith PCA coefcients andcolour (R-PCA+C).

HL-LJ+C|DoG-LI+JR-PCA+Q
D (M)(%)| 80.63 | 89.38 | 78.13
D (SD)(%) 7.13 474 3.83
G(M)(%) | 56.25 | 56.25 | 75.62
G (SD)(%)| 6.25 9.88 2.61

As canbeobsenredfrom thetable,ocrfor discriminatve modelis noteffectedmuch
whendifferentfeaturetypesareused.The bestoverall correctratefor the discrimina-
tive modelis obtainedby DoG-LJ+Cfeatureand R-PCA+Cfeaturecauseghe worst
performanceThegeneratie modelproducedighly differentoverall correctrateswith
differentfeaturetypes.The bestperformancedor the generatie modelis obtainedby
therandompatchesWith DoG-LJ+CandHL-LJ+C the performances worsethanthe
randompatches.

It is alsointerestingto investicate the extentto which the discriminative andgen-
eratve modelscorrectlylabeltheindividual patchesIn orderto make a comparisorin
termsof patchlabelling we use12 handsegmentedtestimagesfor eachclass.These
segmentedmagesare differentfrom thosewe have usedfor initializing andtraining
themodels.Patchlabelsareobtainedby (24) for the generatie modelandby (10) for
the soft discriminative model. Normalizationis requiredfor the discriminatve model
in orderto obtain patchlabel probabilities.Variousthresholdsare usedon patchla-
bel probabilitiesin orderto produceROC curvesfor the generatie modelandthe soft
discriminatve model,asshavn in Figure6.

As canbeobsenedfrom theplotsthegeneratire modelpatchlabellingis betterthan
thediscriminative modelpatchlabellingfor all typesof featuresandpatchlabellingwith
DoG operatomwith LJ andcolourfeatureis betterthanotherfeaturetypes.
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Fig. 6. ROC curvesof patchlabelling. Each gure containstwo curves.Onefor the generatie
modelandtheotheronefor thediscriminatve model.Left gure isfor R-PCA+CpatchesMiddle
oneis for DoG-LJ+C.Therightmostoneis for HL-LJ+C.



Someexamplesof patchlabellingfor testimagesaregivenin Figure7 for random
patchesjn Figure8 for DoG patchesandin Figure9 for HL patchesln these gures
eachpatchis assignedo the most probableclassand patch centersare given with
coloureddotswherecolourdenoteghe patchlabel.

Fig. 7. Patchlabelling examplesfor randompatchesResultsfor discriminatve model(top row)
andgeneratie model(bottomrow) for cow (left column)andsheep(right column)image.Red
white, greendots denotecow, sheepandbackgroundpatchesespectiely and patchlabelsare
obtainedby assigningeachpatchto the mostprobableclass.

5.3 Comparisonfor Training Data Quantity

We trainedour modelswith variousnumberof trainingdata.We used50to 150images
with 25intenalsfrom eachclassfor trainingandplot overall correctrateversusnumber
of imagesusedin trainingfor bothmodelsin Figure10. Theleft gure corresponds$o

theuseof randompatcheswhile theright gure correspondso theuseof DoG patches.
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Fig. 8. Patch labelling examplesfor DoG patchesResultsfor discriminatve model (top row)
andgeneratre model(bottomrow) for cow (left column)andsheep(right column)image.Red,
white, greendots denotecow, sheepandbackgroundpatchesespectiely and patchlabelsare
obtainedby assigningeachpatchto the mostprobableclass.

Similarresultsas[13] and[4] areobtainedn this chapteralso.Sincethegeneratie
modelperformsthebestwith randompatchegSection5.2) we wereexpectingthatwith
lessdatathe generatre modelperformanceshouldbe betterthandiscriminatve model.
As canbe obsenred from theleft plotsin Figure 10 the generatre modelperformance
is muchbetterthanthe discriminatve onefor lessdataand asthe quantity of datais
increasedliscriminative modelperformancencreasesnuchfasterthanthe generatie
model's performanceWhenDoG-LJ+Cfeaturesare used,sincethe generatie model
doesnot performwell with this featuretype, we were not expectingsametype of be-
haviour. As canbe seenin the right handplotsin Figure 10, the generatre andthe
discriminatve modelshehae nearlythe sameaswe increasethe dataquantitybut the
discriminatve modelperformsbetterthanthe generatre modelall thetime.

6 Discussion

In our earlierstudy[17], we introducednovel discriminatize (probabilisticnoisy OR)
andgeneratre models.We usedSIFT featuresonly andshoved that the probabilistic
noisyOR discriminatve modelandthegeneratie modelhave complementargtrengths
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Fig. 9. Patchlabelling examplesfor HL patchesResultsfor discriminatve model(top row) nd
generatre model(bottomrow) for cow (left column)andsheegright column)image Red,white,
greendotsdenotecow, sheepandbackgroundhatchegespectiely andpatchlabelsareobtained
by assigningeachpatchto themostprobableclass.

andlimitations. The discriminatve modelis ableto focuson highly informative fea-

tures,while the generatre modelgiveshigh classi cationaccurayg, andalsohassome
ability to localizethe objectswithin theimage.However, thegeneratre modelrequired
carefulinitialization in orderto achieve goodresults.Also, inferencein sucha genera-
tive modelcanbevery complex. A discriminative model,ontheotherhand,is typically

very fastoncetrained.

In this chapterwe have introduceda softversionof our previousprobabilisticnoisy
OR discriminative model [17]. The soft discriminatve model introducedhere hasa
betterpatchlabelling capabilitythanprobabilisticnoisy OR one.

We have comparedur soft discriminative andgeneratre modelsin termsof using
strongly labelledand weakly labelleddatatogetherin training. Combiningthesetwo
datatypesis very easyin the generatre modeltraining but needdots of variationsin
thediscriminative caseThegeneratre model,unlikethediscriminative onescouldalso
bene t from theuseof completelyunlabelledmages althoughwe have not conducted
ary experimentonthis sofar.

We have usedseveral differentfeaturepoint operatorsandfeatureextractors,and
experimentedwith the effect of differentfeaturetypeson the learningcapacityof the
models.First, we have comparedhe modelsin termsof imagelabelling performance.
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Fig. 10. Overall correctrateversusdatanumberplotsto shov how themodelsbehae asthe data
quantityis increasedLeft gure is whenrandompatchesareusedandtheright gure is when
DoG featuresareused.

We have obsered that the discriminatve modelis not effectedvery muchwhendif-

ferentfeaturetypesare usedandthe modelperformsthe bestwith DoG-LJ+C(DoG
operatowith localjet andcolourfeatures)Randonpatchewith PCA coefcients and
colour featurescausedhe worst performancédor the discriminatve model,while the
oppositeresultsare obsered for the generatie model. The performanceof the gen-
eratve model dependssigni cantly on the choiceof featuretypes,andthe bestper

formanceis obtainedwith randomfeatures\We alsocomparedhe modelsin termsof
patchlabelling.In all caseghe generatie modeloutperformghediscriminatve model
in patchlabelling.But thebestpatchlabellingperformancés obtainedwith DoG-LJ+C
featurefor bothmodels.Thisis avery reasonableesultbecaus@®oG operatorextracts
uniformregionsaspatchesandin mostcasesa patchis eitherfully backgroundr fully

foreground.However in othercasesmostof thetime, a patchmay containsomefore-
groundpixels aswell asbackgroundoixels. In randomlyselectecpatcheghis is more
serious.

We have alsocomparedhe two modelswhendifferentnumberof imagesareused
for training. When this comparatie experimentis performedusing randompatches
as features,we have obsenred that with small numberof datathe generatie model
performsbetterthan the discriminatie model and as the dataquantity increaseghe
performancedor both modelsincreasebut this increaseis more marked for the dis-
criminatve model,so that the performanceof the two approachess similar for large
datasets.Whenthis comparatre experimentis performedusing DoG-LJ+Cfeatures,
bothmodelshehaednearlythesameor all dataquantitiesbut thediscriminatve model
performsbetterall thetime aswe increasehe dataquantity

Ourinvestigationssuggesthatthe mostfruitful approachewill involve somecom-
bination of generatre and discriminative models.Indeed,this is alreadyfound to be
thecasein speectrecognitionwheregeneratie hiddenMarkov modelsareusedto ex-
pressinvarianceto non-lineartime warping,and are thentraineddiscriminatvely by
maximizingmutualinformationin orderto achiese high predictive performance.



Onepromisingavenuefor investigationis to usea fastdiscriminative modelto lo-
cateregionsof high probabilityin the parametespaceof ageneratre model,whichcan
subsequentlye ne theinferencesindeed suchcoupledgeneratie anddiscriminative
modelscan mutually train eachother as hasalreadybeendemonstratedn a simple
contet in [14].

Oneof the limitations of the techniquediscussedereis the useof interestpoint
detectorghat are not tunedto the problembeing solved (sincethey are hand-crafted
ratherthanlearned)and which arethereforeunlikely in generalto focuson the most
discriminatve regionsof theimage.Similarly, the invariantfeaturesusedin our study
were hand-selectedVe expectthat robust recognitionof a large classof objectcate-
gorieswill requirethatlocalfeatureselearnedirom data.

Classifyingindividual patchesis very hard becauseatchesfr om differ ent classes
may seemsimilar due to the effectsof illumination, pose,noiseor similarity . This
ambiguity can be solved by modeling the interactions betweenpatches.The con-
textual information can be usedin the form of spatial dependenciesn the images.
Mark ov RandomField modelsaretraditional interaction modelsusedin vision be-
causethey canincorporate spatial relationship constraintsin a principled manner.
For the purposesof this study we have ignored spatial information regarding the
relative locationsof feature patchesin the image.However, mostof our conclusions
remainvalid if a spatial modelis combinedwith the local information provided by
the patch features.
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