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Abstract

We presentinextensionto theJojicandFrey (2001)layeredspritemodel
whichallowsfor layersto undegoaf ne transformationsThis extension
allows for af ne objectposeto be inferredwhilst simultaneouslyearn-
ing the objectshapeandappearancd.earningis carriedout by applying
an augmentedvariationalinferencealgorithm which includesa global
searchover a discretisedransformspacefollowed by a local optimisa-
tion. To aid correctconvergence we usebottom-upcuesto restrictthe
spaceof possibleaf ne transformationsWe presentesultsonanumber
of videosequenceandshav how the modelcanbe extendedo trackan
objectwhoseappearancehangeshroughouthe sequence.

1 Intr oduction

Generatre modelsprovide a powerful and intuitive way to analyseimagesor video se-
guences.Becausesuchmodelsdirectly representhe processof imagegenerationjt is

straightforvardto incorporateprior knowledgeabouttheimagingprocessandto interpret
results. Sincethe entiredatasetis modelled,generatre modelscangive improved accu-
racy andreliability overfeature-basedpproacheandthey alsoallow for selectiorbetween
modelsusingBayesiarmodelcomparisonFinally, it is possibleto samplefrom generatie

models for example,for the purpose®f imageor videoediting.

One populartype of generatre model representsmagesas a compositionof layers[1]
whereeachlayer correspondso the appearancandshapeof anindividual objector the
background.f the generatie modelis expressegrobabilistically Bayesianearningand
inferencetechniquesanthenbeappliedto reversetheimagingprocessandinfer theshape
andappearancef individual objectsin anunsupervisedashion[2].

Thedif culty with generatie modelsis how to apply Bayesiarninferenceefciently. In a
layeredmodel, inferenceinvolveslocalisingthe poseof the layersin eachimage,which
is hardbecausef the large spaceof possibleobjecttransformationghat needsto be ex-
plored. Previously, this hasbeendealtwith by imposingrestrictionson the spaceof object
transformationssuchasallowing only similarity transformation$3]. Alternatively, if the
imagesare known to belongto a video sequencetracking constraintscan be usedto fo-
custhe searcton a smallareaof transformatiorspaceconsistentvith a dynamicmodelof
objectmotion[4]. However, evenin avideo sequencethis techniquerelieson the object



remainingin frameandmoving relatively slowly.

In this paperwe extendthework of [3] andpresentinapproacho objectlocalisationwhich
allowsobjectsto undegoplanaraf ne transformationandworkswell bothin theframesof
avideosequencandin unorderedetsof images.A two-layergeneratre modelis de ned
andinferenceperformedusinga factorisedvariationalapproximation jncluding a global
searclover adiscretisedransformspaceollowedby alocal optimisationusingconjucate
gradients. Additionally, we exploit bottom-upcuesto constrainthe spaceof transforms
beingexplored. Finally, we extendour generatre modelto allow the objectappearanca
oneimageto dependon its appearanceén the previous one. Trackingappearance this
way givesimproved performancdor objectswhoseappearancehangeslonly overtime
(e.g.objectsundegoing non-planarotation).

If the imagesare not framesof a video, or the objectis out-of-frameor occludedin the
previous image,thenthe systemautomaticallyrevertsto using a learnedforegroundap-
pearancenodel.

2 The generatveimagemodel

This sectiondescribeghe generatie image model, which is illustratedin the Bayesian
network of Figure 1. This modelconsistsof two layers,a foregroundlayer containinga
singleobjectandabackgroundayer.

ithimage.Thebackgroundayeris assumedo bestationaryandsoits appearanceectorb
is setto bethesamesizeastheimage.A maskm; hasbinaryelementghatindicatewhich

Figure 1: The Bayesiannetwork for the generative image model. The roundedrectangleis a
plate indicatingthatthereare N copiesof eachcontainednode (one for eachimage). Common
to all imagesarethe backgroundb, foregroundobjectappearancé and maskprior . An afne
transformT givesthe positionandposeof the objectin eachimage. The binary maskm de nes
the areaof supportof the foregroundobjectandhasa prior givenby atransformed . Theobsened
imagex is generatedy addingnoise separatelyo thetransformedoregroundappearancandthe
backgroundand composingthemtogetherusingthe mask. For illustration, the imagesunderneath
eachnodeof the graphrepresentheinferredvalue of thatnodegiven a datasetof handimages.A
priori, theappearancandmaskof the objectarenot known.



pixelsof theith imageareforeground.The maskis setto beslightly largerthantheimage
to allow theforegroundobjectto overlapthe edgeof theimage.

Theforegroundlayeris representethy an appearancenagevectorf anda prior over its

mask , both of which areto beinferredfrom theimageset. The elementof arereal
numbersin the range[0; 1] which indicate the probability that the correspondingnask
pixelsareon, assuggestedh [5]. The objectappearancandmaskprior arede nedin a
canonicalnormalisedpose;the actualpositionandposeof the objectin theith imageis

givenby anaf ne transformatiorr ;. With ourimagesin vectorform, we canconsidera
transformationl to be a sparsematrix wherethe j th row de nesthelinearinterpolation
of pixelsthatgivesthej th pixel in thetransformedmage.For example,atranslationof an
integernumberof pixelsis representedsamatrix whoseentriesTj arelif thetranslation
of locationk in the sourceimageis locationj in the destinationmage,andO otherwise.
Hence the transformedoregroundappearancé givenby Tf andthe transformedmask
prior by T . Giventhe transformedmaskprior, the conditionaldistribution for the kth

maskpixel is

P(me=1j ;T)=(T ) @

Theobseredimagex is generatethy acompositiorof thetransformedoregroundappear
anceandthe backgroundblus somenoise. The conditionaldistribution for the kth image
pixel is givenby

POWIDIimiTs )= NOWi(THG ¢ H™NOGwibe , D ™

where = ( ¢; p) arethenoiseprecisiondor the foregroundlayerandthe background
layerrespectiely. The elementof bothb andf aregivenbroadGaussiarpriorsandthe
prior on each is a broadGammadistribution. The prior on eachelementof is a Beta
distribution.

3 Factorisedvariational inference

a posteriordistribution over all othervariablesincluding the backgroundthe foreground
appearancand maskprior, the transformationand maskfor eachimage andthe noise
precisionsDirect applicationof Bayess theoremis intractablebecausehis would require
integrating over all unobsered variables. Instead,we turn to the approximateinference
techniqueof variational inference[6].

Variationalinferenceinvolvesde ning a factorisedvariationaldistribution Q andthenop-
timising to minimise the Kullback-LeiblerdivemgencebetweenQ and the true posterior
distribution. The motivation behindthis methodologyis thatwe expectthe posteriorto be
unimodalandtightly pealedandsoit canbewell approximatedby a separablelistribution.
In this paperwe chooseour variationaldistribution to befactorisedwvith respecto eachel-
ementof b, f, m and andalsowith respecto ; and . Thefactorof Q corresponding
to eachof thesevariableshasthe sameform asthe prior over thatvariable. For example,
thefactorfor thekth elemenof isaBetadistributionQ( ) = ( «ja% ). Thechoice
of approximatiorto the posteriorover the af ne transformQ(T) is a morecomple one,
andwill bediscussedbelow.

Theoptimisationof theQ distributionis achievedby rstly initialising the parametersf all
factorsandtheniteratively updatingeachfactorin turn soasto minimisetheKL divergence
whilst keepingall otherfactors x ed. If we de ne H to bethe setof all hiddenvariables,
thenthefactorfor theith membeH; is updatedising

logQ(H;i) = HogP (fxy;:::;xn 0 H)i Q(m,) T const 3)
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Figure 2: The messagepassedvhen VMP is applied to the generative model. The message®
orfromT arenotshavn (seetext). Whereamessagés shavn asleaving theN plate,thedestination
nodereceves a setof N messagespne from eachcopy of the nodeswithin the plate. Wherea
messagés shavn enteringtheN plate,the messagés sentto all copiesof thedestinatiomode.All
expectationarewith respecto thevariationaldistribution Q.

wherehi QH) meansthe expectationunderthe distribution given by the productof all
factorsof Q exceptQ(H;).

Whenthe modelis a Bayesiannetwork, this optimisationprocedurecan be carried out
in amodularfashionby applyingVariationalMessagdéPassing(VMP) [7, 8]. UsingVMP
makesit very muchsimplerandquickerto extend,modify, combineor compareprobabilis-
tic models;it givesthesameresultsasapplyingfactorisedrariationalinferenceby handand
placesno additionalconstraintson the form of the model. In VMP, messagesonsisting
of vectorsof realnumbersaresentto eachnodefrom its parentandchildrenin the graph.
In our model,the messageto andfrom all nodes(exceptT) areshavn in Figure2. By
expressingeachvariationalfactorasanexponentialfamily distribution, the "naturalparam-
etervector' [8] of thatdistribution canbeoptimisedusing(3) by addingmessagereceved
atthecorrespondingiode.For example,if theprioroverb isN (bj ; 1), theparameter
vectorof thefactorQ(b) = N(bj % ©1)is updatedrom the messagesecevedatb

using
natural ram : yector ior receiv ed messages
i A = g
0 00 - + h bi(l mi) Xi_l . (4)
3 - the@ mp)i -
The form of the naturalparametewectorvariesfor differentexponentialfamily distribu-
tions (GaussianGamma,Beta, discrete...) but the updateequationremainsthe same.
Following this update the messagéeingsentfrom b is recomputedo re ect the new pa-
rametersof Q(b). For detailsof the derivationthis updateequationandhow to determine
VMP messagefor agivenmodel,see[8].

1
2

Wherea setof similar messagesire sentcorrespondingo the pixels of animage, it is
convenientto think insteadof a singlemessagaevhereeachelements itself animage. It
is ef cient to structurethe implementatiorin this way becausenessageomputationand
parameteupdatesanthenbe carriedout usingblock operationn entireimages.



4 Learning the object transformation

Following [3], we decomposéhe layer transformatiorinto a productof transformations
andde ne avariationaldistribution thatis separablever each.To allow for af ne trans-
formationswe chooseto decomposd into threetransformationsippliedsequentially

T = TxyTrsTa: (5)

In thisexpression[ ,, is atwo-dimensionatranslatiorbelongingto a nite setof transla-
tions Ty, . Similarly, T, is arotationanduniform scalingandso the spaceof transforms
is alsotwo-dimensionaéndis discretisedo form a nite setT,s. Thethird transformation
T 4 is afreeform(non-discretisedaf ne transform. The variationaldistribution over the

combinedransformT is givenby

Q(T) = QTxy)Q(Trs)Q(T a): (6)

Becausel , andT ;s arediscretisedQ(T xy ) andQ(T ;s) arede ned to be discretedis-
tributions. We canapply (3) to determinghe updateequationgor thesedistributions,

logQ(Txy) = MMi:(Ty T sTalog i)+ h mi:(Ty T sTalogl )i)
+ phmic X Ty M sTafi 1Ty TisTaf?2 +29 )

logQ(Trs) = Txylm (TishTqlog i)+ Txyl(l m) :(T,shT,log(1 )i)
+of Thm x) (TishTafi) &5 Ty'm Tos Taf? +275(8)

wherez? andz's areconstantsvhich canbefoundby normalisation.

As describedn [3], the evaluationof (7) and(8) for all Tyy 2 Ty andall T;s 2 Tys
canbecarriedoutef ciently usingFastFourier Transformsn eitherCartesiaror log-polar
co-ordinatesystemsTheuseof FFTsallows usto make bothT,, andT,s large: wesetT,y
to containall translationof a whole numberof pixelsandT; s to contain360 rotations(at
1 intenals)and50 scalings(whereeachscalingrepresenta  1:5% increasdn length
scale).FFTscanbeusedwithin the VMP framewvork asboth (7) and(8) involve quantities
thatarecontainedn message® T (seeFigure2).

Finally, we de ne thevariationaldistribution over T 5 to beadeltafunction,

QTa)= (Ta TI): 9
Unlike all the othervariationalfactors.this cannotbe optimisedanalytically To minimise
theKL divergencewe needto nd thevalueof T 7 thatmaximises

Fa = T, {T'm (TiHog i)+ T, T, m) (TZHog(l )i)

+ ¢ T T m x) (TaH) 3¢ T, JT,'m TZ 2 (10)
Thislocalmaximisatioris achievedef ciently by usingatrust-region Newtonmethod.The
assumptioris thatthesearctthroughTy, andT,s haslocatedthecorrectposteriormodein
transformspaceandthatit is only necessaryo usegradientmethodgo nd thepeakof that
mode. This assumptiorappearedalid for theimagesequencessedin our experiments,
even when the transformationof the foregroundlayer was not well approximatecby a
similarity transformalone.

Inferencein this modelis madeharderdueto aninherentnon-identi ability problem.The
poseof thelearnedappearancandmaskprior is unde nedandsoapplyingatransformto f
and andtheinverseof thetransformto eachT ; resultsin anunchangegbint distribution.
Whenapplyinga variationaltechnique suchnon-identi ability leadsto mary morelocal
minimain theKL divergence.We partially resole this issueby addinga constrainto this
modelthatthe expectedmaskh i is centred sothatits centreof gravity is in the middle
of thelatentimage. This constraintis appliedby shifting the parametersf Q( ) directly
following eachupdate(andalsoshifting Q(f) andeachQ(T ) appropriately).
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Figure 3: Tracking a hand undergoing extremeaf ne transformation. The rst columnshows
the learnedbackgroundand masled objectappearanceThe secondandthird columnscontaintwo
framesfrom the sequencalongwith the foregroundsegmentatiorfor each.The nal columnshows
eachframetransformedy theinverseof theinferredobjecttransform.In eachimagetheredoutline
surroundgheareawherethetransformednaskprior is greaterthan0:5.

4.1 Usingbottom-up information to improve inference

Giventhat is centredwe cansigni cantly improve cornvergenceby usingbottom-upin-
formationaboutthe translationof the object. For example,the inferredmaskm; for each
frameis very informative aboutthe locationof the objectin thatframe. Using sufcient
data,we couldlearnaconditionalmodelP (T xy j hm;i) andboundT ., by only consider
ing translationsvith non-ne@ligible posteriormassunderthis conditionalmodel. Instead,
we usea conserative, hand-constructedoundon T ,, basedon theassumptiorthat,dur-
ing inferencethemostprobablemaskunderQ(m;) consistof a (noisy)subsebf thetrue
maskpixels. Supposehe true maskcontainsM non-zeropixels with secondnomentof
areal yy andthe currentmostprobablemaskcontainsV non-zeropixels(V M) with
secondnomentof arealy . A boundon c, the positionof the centreof theinferredmask
relative to the centreof true maskis givenby

diagicc™) (M V)diag(ly =V ly=M): (11)

We cangain a conserative estimateof M andly, by usingthe maximumvaluesof V
andly acrossall frames,multiplied by a constant 1:2. The boundis deliberately
constructedo beconserative, its purposes to discardsettingsof T , thathave negligible
probabilityunderthemodelandsoavoid local minimain the variationaloptimisation.The
boundis updatedat eachiterationandappliedby settingQ(T ) = 0 for valuesof Ty
outsidethebound.Q(T 4y ) is thenre-normalised.

Theuseof thisboundonT ,y isintendedasavery simpleexampleof incorporatingoottom-
up informationto improve inferencewithin a generatre model. In future work, we intend
to investigate usingmoreinformative bottom-upcues,suchasoptical o w or tracked in-
terestpoints,to proposeprobabletransformationswvithin this model. Incorporatingsuch
proposalor boundsinto a variationalinferenceframeavork both speedsonvergenceand
helpsavoid local minima.

5 Experimental results

We presentresultson two video sequencesThe rst is of a handrotating both parallel
to the imageplaneandaroundits own axis, whilst alsotranslatingin threedimensions.
The sequenceonsistsof 59 greyscaleframes,eachof size160 120 pixels (excluding
the border). Our Matlabimplementatiortook abouta minute perframeto analysethe se-
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Figure4: Af ne tracking of a semi-transparent object.

Appearance & mask First frame Foreground Last frame Foreground

O

Figure 5: Tracking an object with changing appearance. A personis tracked throughouta se-
quenceadespitetheir appearancehangingdramaticallyfrom betweenrst andlastframes.Theblue
outlineshavs theinferredmaskm which differsslightly from  dueto the objectchangingshape.

guencepver half of which wasspenton the conjugategradientoptimisationstep.Figure3

shaws the expectedvaluesof the backgroundandforegroundlayersunderthe optimised
variationaldistribution, alongwith foregroundsegmentatiorresultsfor two framesof the
sequenceThe right handcolumngivesanotherindicationof the accurag of theinferred
transformation®y applyingtheinversetransformatiorio theentireframeandshaving that
thehandthenhasa consistennhormalisedhositionandsize. In avideoof thehandshawving

thetrackedoutline! the outlineappearso move smoothlyandfollow the handwith a high

degreeof accurag, despitethe systemnot usingary temporalconstraints.

Resultsor asecondsequencshaving a cyclist aregivenin Figure4. Althoughthecyclist
andhershadaev aretracked correctly the learnedappearances slightly inaccurateasthe
systemis unableto capturethe perspectie foreshorteningof the bicycle. This could be
correctedby allowing T 5 to includeprojective transformations.

6 Tracking objectswith changingappearance

The modeldescribedso far makesthe assumptiorthat the appearancef the objectdoes
not changesigni cantly from frameto frame.If the setof imagesareactuallyframesfrom

avideo, we canmodelobjectswhoseappearancehangesslowly by allowing the model
to usethe objectappearancén the previous frame asthe basisfor its appearancén the
currentframe. However, we may not know if theimagesarevideoframesand,evenif we

do, the objectmay be occludedor out-of-framein the previousimage. We cancopewith

thisuncertaintyby inferring automaticallywhetherto usethe previousframeor thelearned
appearancé. Switchingbetweerntwo methodsn thisway is similarto [9].

Themodelis extendedby introducinga binaryvariables; for eachframeandde ne anew
appearanceariableg; = sif + (1  s;)T; 11xi 1. Henceg; eitherequalstheforeground
appearancé (if s; = 1) or thetransform-normaliseg@revious frame(if s; = 0). For the
rst frame,we x s; = 1. Wethenreplacef with g; in (2) andthenapply VMP within the
resultingBayesiametwork.

The extendedmodelis ableto track an objecteven whenits appearancehangessigni -
cantly throughoutthe imagesequencégseeFigure5). The binary variables; is foundto
have anexpectedvalue 0 for all frames(exceptthe rst). Usingthetrackedappearance

Videosof resultsareavailablefrom http://johnwinn.org/Research/affine



allows the foregroundsegmentatiorof eachframeto be accurateeventhoughthe objectis
poorly modelledby theinferredappearancemage. If we introducean abruptchangeinto
thesequencefpr exampleby reversingthe secondhalf of the sequencdss;i is foundto be

1 for theframefollowing thechangeIn otherwords,the systemhasdetectedchot to use
the previousframeatthis point, but to revert to usingthe latentappearancenagef .

7 Discussion

We have proposeda methodfor localising an objectundegoing af ne transformwhilst

simultaneoushfearningits shapeand appearance.This power of this methodhasbeen
demonstratedby trackingmoving objectsin several real videos,including wherethe ap-
pearancef the objectchangessigni cantly from startto end. The systemmakesno as-
sumptionsaboutthe speedof motion of the object,requiresno specialinitialisationandis

robustto the objectbeingtemporarilyoccludedor moving out of frame.

A naturalextensionto this work is to allow multiple layers,with eachlayerhaving its own
latentshapeandappearancandsetof af ne transformationsUnfortunately asthe num-
ber of latentvariablesincreasesthe inferenceproblembecomesorrespondinglyharder
and an exhaustve searchbecomedesspractical. Instead,we are investigating perform-
ing inferencein a simplermodelwherea subsebf the variableshave beenapproximately
mauginalisedout. Theresultsof usingthis simplermodelcanthenbe usedto guideinfer-
encein thefull model. A furtherinterestingadditionto the modelwould beto allow layers
to begroupednto rigid or articulatedthree-dimensionadbjects.
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