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Abstract

We considerthe registration of sequencesf imageswhee
theobservedcenas entirely non-rigid; for examplea cam-
eraflying overwater a panningshotof a field of sunflowes
in the wind, or footage of a crowd applaudingat a sports
event. In thesecasesit is not possibleto imposethe con-
straint that world pointshavesimilar colour in successive
views, so existing registration techniqued[1, 5, 9, 11] can-
not be applied. Indeedthe relationshipbetweena point’s
colours in successivdramesis essentiallya randompro-
cess.

However, by treatingthe sequenc®f imagesas a setof
sampledroma multidimensionastotastictime-seriesye
canlearn a stodasticmodel(e.g. an AR model [16, 23)])
of therandomprocesswhich geneatedthe sequencef im-
ages. With a static camen, this stochastic modelcan be
usedto extendthe sequencearbitrarily in time: driving the
modelwith randomnoiseresultsin aninfinitely varying se-
guenceofimageswhich alwayslookslike theshortinputse-
guencelIn thisway, wecancreate"videotextures” [21, 24]
which canplay forever withoutrepetition.

With a moving cameas, the image genemtion process
compriseswo components—stodasticcomponengener
atedby the videotexture, and a parametriccomponentiue
to the camerm motion. For example a cameas rotationin-
ducesa relationshipbetweensuccessivémages which is
modelledby a 4-point perspectivetransformation,or ho-
maography Humanobserves can easilysepagte the cam-
era motionfromthe stochasticelement.

The key observationfor an automaticimplementation
is that without image registration, the time-seriesanaly-
sis mustwork harder to model the combinedstodastic
and parametricimage genegtion. Specificallythelearned
modelwill require more componentspr more coeficients,
to achievethe sameexpressivgpowerasfor thestaticscene
With the correct registration the modelwill be more com-
pact. Theefore, by searching for the registration parame-
terswhich resultin themostparsimoniousstocdasticmodel,
we can register sequencesvher there is only stochastic
rigidity. The paper describesan implementationof this
schemeand showsresultson a number of example se-
guences.

1. Intr oduction

A common requirementfor film and broadcastis the
overlaying of computergeneratedmagery on live video
footage.Thisis particularlypopularin sportsbroadcasting:
for examplead\ertisingis superimposedntothepitch; vir-
tual lines arerenderedo assistin rule adjudications. For
this procesgo be practicalwhenthe cameras moving, it is
necessaro registersuccessie framesin orderthatthevir-
tual augmentationsemainfixed with respecto the scene,
unafectedby cameranovement.The pastdecadehasseen
greatsuccessef image registration, and real-time solu-
tionsarenow commerciallyavailable[27]. However, all ex-
istingtechniqueslependntheassumptiornthatthescends
largely static,andcertainlythattheobjectwhichonewishes
to augmenis notdeforming.

This paperconsidergheregistrationof sequencesf im-
ageswherethe obsenedscends entirely non-rigid; for ex-
ample(seefigure 1) a camerdlying over water a panning
shotof a field of sunflaversin the wind, or footageof a
crowd applaudingat a sportsevent. In thesecases,it is
notpossibleto imposethe constrainthatworld pointshave
similar colourin successie views, so existing registration
techniquedl, 5, 9, 11] cannotbe applied. However, hu-
manswho seethe video have little difficulty in decompos-
ing theimagemotioninto its two componentsa paramet-
ric componenintroducedby the cameraandthe stodastic
componentausedby watercurrents,wind or emotion. It
is this parametric/stochastidecompositiorthat we seekto
recover automaticallyfrom videosequences.

Thefirst stepis to definemodelsthatcanrepreseneach
type of motion. For the cameramotion this is straightfor
ward: the large body of literatureon the geometryof mul-
tiple views [6, 10] providesthe corvenientabstractiongnd
modelsof projective geometry In this paper we generally
employ a 2D perspectie mapping(homographypetween
the imageplanes. For the stochasticcomponentwe have
accesso thewide literatureontime seriesanalysiqg16, 23].
Here,we generallyconsiderautorgressve moving average
(ARMA) processewith differencing(ARIMA).

The key to this work is the time seriesmodel, and in
particularthe ideaof videotextures[21, 24]. A videotex-
tureis atime seriesdescriptionof a video sequencevhich
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Figurel: Exampleimagesequences‘Crowd”: staticcameracomplex motion. We wishto build acorvincingvideotexture.
Seesection2. “Water”: known cameramotion, planarscene.We wish to computea single parameterthe waterlevel. See
section3. “Flowers”: panningcameraflowersblowing in a gustywind. We wish to recover the camergpanat eachframe,

seesectiond.

canbe driven by randomnoiseto generatearbitrarily long
sequencesf similarimageswith dynamicswvhich arecon-
sistentwith thosein the original clip.! Thekey ideaof this
paperis thefollowing:

Videotexturesareharderto learnwhenthe cam-
erais moving thanwhenit is stationary

If the camerais panning,for example,the autorgressie
modelmustlearnthe non-stationaryparametrianotion, for
which it is ill-suited. On the otherhand,if theimagesare
registeredto remove the cameramotion,the AR modelwill
fit well. We canmeasurghe conceptof “harderto learn”
automaticallyby looking atthe numberof stochastianodel
parametersequiredto modelthe sequence.Therefore,in
orderto recover theregistration,we searchfor the parame-
tersthatgive the mostefficienttime seriesdescription.The
constanbrightnessassumptions generalizedo stodastic
rigidity.

After abrief presentatiomf relevantwork, the paperde-
velopsa new techniquefor videotexture construction|ook-
ing justatstaticscenesThenthesimplestpossibleexample
of adynamicscenes consideredwhereonly oneparame-
termustbeestimatedFinally, we considethemoregeneral
caseof a panningcameraand provide an algorithmwhich
canrecoverthe cameramotionat eachframe.We conclude
by sketchingthe potentialfor futurework, includingthe si-
multaneousecovery of generakcenestructureandcamera
motionfrom nowhere-rigidscenes.

1.1 Imageregistration

An imageis a 2D arrayof valuesI(z,y). We aregivena
collectionof imagesI; . ,,. Without loss of generality as-

1seemovief | ower s. npg onsite
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sumeeachimage I; is relatedto the first (I;) by an (un-
known) geometrictransformationof pixel positionsT; :
(z,y) — (2',y"), sothatthepixels I; (z,y) andI;(z', y")
are samplesfrom the sameworld point taken at different
times. Thetaskof imageregistrationis to recover the setof
transformationds_ .

Thetransformationgonsideredn this paperare2D pro-
jective transformationsof the image. We represent2D
pointsin homogeneousoordinategz, y, 1) andthenT; is
representeddy a3 x 3 homographyor collineation:

x' hii hiz his z
y' | = har hoe hos Y
1 hsi  hsa hss 1

wherethe equalityis up to scale.

Thereareoften consideredo be two approache$o reg-
istration,“direct” and“feature-basedimethods References
[14] and[26] arejusttwo examples.This papelis mostsim-
ilar to directmethodsandindeed,f presentedavith a static
scenethealgorithmin §4 reducego a (moreexpensve)di-
rectcorrelationtechnique As illustratedin figure2, thetask
of thedirectmethodis to choosdransformatiorparameters
T; which make the setof transformedsamplesat eachpixel
(I (Ty(x,y))) assimilaraspossible.This canbe expressed
asan error function (71, . .., T,) which is minimized to
find the optimumvaluesof the transformatiorparameters.
Onesucherrorfunctionis thesamplevarianceof eachpixel
overtime:

(T, Tn) = Y var({L(Ti(z,9) }ey)

(z,y)

wherevar(iy . ..in) = 3, (s — £ >74)%
In stochastiaigidity we (at leastconceptually)replace
the var function with one which measureghe deviation



(a) Unregistered image stack.

(b) Registered image stack

3D points move within the image. Images are moved so 3D points remain fixed

Figure2: Imageregistration. (a) Theinputvideosequence
viewedasa stackof images.Theimagesof 3D pointsmove
within the frame. The taskof registrationis to (b) trans-
form eachimagel; by atransformT; sothat3D pointsare
aligned.For astaticscenanodel,pixelsin successielayers
thenhave thesamecolour. FindingT; sothatthedifference
in colouris minimizedyields the registration. In stodas-
tic rigidity (SR),pixelsin successie layersarerelatedby a
compactime-seriesnodel.

from atime seriesmodel. Replacingthe var functionhere
is similarin spiritto thework onspacecarving[4, 15] where
voxel consistenyg is measure@sdeviation from a lighting
model. It alsohasthe flavour of the early mutualinforma-
tion work [28] wherethe errormetricfor imageregistration
is basedon deviation from causalityof the scattegram of
transformedntensities.

1.2 Time seriesanalysis

Computewisionhasrecentlyseenncreasediseof thetools
of time seriesanalysis[2, 3, 13, 17, 18, 24], which model
the temporalevolution of physicalsystems.A time series
is a sequencef vectorvaluedobsenations{x;},. One
taskof time seriesanalysisis to forecastthe valueof x4 1,

giventhepreviously obseredvaluesx; . ;. If x is produced
by an autoregressiveprocess thenthe forecastis a linear
combinationof somenumber p, of previousvalues:

Xep1 = Aoxe + -+ ApXe—p + Wig

wherethe A, arer x r (x € R") matrix constantswvhich
characterizeéhe sequenceThetermw,; is dravn from a
noisedistribution, typically takento be Gaussian.To syn-
thesizefrom an AR model, choosethe first p valuesarbi-
trarily, andthenrepeatedlypredictx;,; asabove, adding
noisedrawvn from w’s distribution.

Corversely if we have a sequenceof obsenred values
which we canbelieve to be taken from an autorgressie
(AR) procesf order p, we canestimatevaluesof the AR
parameterdy . .. A, andtheparametersf w’sdistribution,
for exampleits covariancematrix. Algorithms which can
computetheseparameterfrom a sequencef sampleddata
include Yule-Walker and a family of maximumlikelihood

estimator423]. In this work, Yule-Walker estimatoravere
used althoughwe planto testMLE shortly. The choiceof
p canbemadeby modelselectiong.g.AlC [25].

Recently thework of Frey etal. [12, 7] hasconsidered
the problemof learningfrom unregisteredsequencesand
thereforesolves a problemsimilar to that discussechere.
An important differencebetweentheir work and ours is
thatthey modelthe parametricmotion as a discreteset of
stochasticmotions, rather than parametricallyas is done
here. This meansthey arelimited to simple modelssuch
astranslation,andto smallmotions(or moreaccuratelyto
a small numberof discretelysampledmotions). However,
their techniquebenefitsfrom beingamenabléo anEM im-
plementationsoit is faster within its domain,thanthe al-
gorithmin section4.

1.3 Videotextures

Schodletal. [21] describetheconceptof avideotexture: a
meanf generatingarbitrarily longvideosequencewhich
have the behaiour of a givenexample. Althoughthe goal
of this paperis notjustto generatevideotextures,the work
improvesalittle ontheirs. Theirtechniqudimits theoutput
sequenceao be madeof copiesof individual framesfrom
the input sequenceand cannotthereforesynthesizemo-
tionswhichinterpolatehosein theoriginal sequenceTheir
modelfor frametransitionis alsodiscrete meaninghatdy-
namicsneedto be addedpost-hoc.In contrastthe current
methodmodelsthetemporabehaiour assample®f anun-
derlying continuousprocesswith longerthan 1 frame of
memory Thereforethe correctdynamicsemepge automati-
cally.

Earlier, SzummerandPicard[24, 17] useda spatiotem-
poral autorgressie (STAR) model to describetextures
suchaswaterandsteam.Their work findsan AR descrip-
tion of how pixelsin the sequencevolve asa function of
awindow of pixels neighbouringn time andspace andis
fitted directly to theraw imagedata. This modelis effective
for spatiallycoherentextures,but breaksdown whenthere
areindependeninotionsin theimage. Onecouldimagine
fitting a clusterof STAR models,but thatwasnot explored
here. The modelin this paperis complementaryo this—
a global descriptionof the sequencas first extracted,and
thenthe AR modelis fitted.

2. Static camera: Learning video tex-
tures

In orderto addressheregistrationproblemin thelatersec-
tions of the paper we describehow we generatesideo tex-
tures. Several characteristic®f the AR modelmake it an
attractvetechnologyfor this purposeit is cheapo fit, easy
to run simulationsfrom, and can model a wide rangeof
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Figure3: Videotextures (a) An orthogonaldecompositiorof the imagesequencénto principal componentsThe second
andhighercomponentgendto concentraten independentlynoving regions. We needabout25 components$o geta good
reconstruction(b) Framed-50(left of the verticalblueline): thefirst 5 PCA coeficientsz, . 5 for eachframeof theinput
sequenceFramess1-250:An AR(10) synthesiof PCA coeficients. (¢c) Frame200 of the sequencenadeby recomposing

the syntheticcoeficients.

physicalprocessedn orderto renderthetechniquecompu-
tationally feasible the sequencearefirst subjectedo data
reductionby a principal componentsanalysis(PCA), and
thenexpressedn termsof a numberof PCA coeficients.
Thuseachimagel; is representedby, say 25 coeficients,
storedin the vectorx;. Figure 3 shavs the procedureap-
pliedto 50 framesof the“flowers” sequencén whichthere
isnopan.

2.1 Datareduction

In detall, we are given a setof n imagesI; eachof size

w X h, which arestoredaswh x 1 vectorsv;. Compute
themeanimagey = % > vy Assemblehewh x n matrix

D with columnsd; = v; — p. Computethe singularvalue

decompositiorD = USVT. Thenthe principalcomponents
arethe columnsof U andthe PCA coeficientsof original

imaget arethe elementf thet™ row of

X=VS

In thetypeof sequencesonsideredhere theprincipalcom-
ponentsionottendto shov asharpdropof atary particular
number As we usePCA purely asa datareductionproce-
dure, this is not significant,so we simply choosea fixed
numberof coeficients. Typically, 25 will be enoughto re-

constructhesequenceandthe matrix X is trimmedto keep
only the first 25 columns. Examiningthe leadingcompo-
nentsof the PCA is interesting.As canbe seenin figure 3,
the analysistendsto sggmentindependentmotionsin the
scenechoosingoneor two componentsor eachregionthat
is moving. Of course,a more robust decompositiorthan
PCA, perhapK-PCA [22] or ICA [19], would enhancehis
effectandpotentiallyimprove performance.

2.2 AR modelfitting

Presentinghe trimmed matrix of coeficients, X, to Neu-
maierandSchneides ARf i t algorithm[20], we obtainan
estimateof the AR parameters\; , andthe noisecovari-
anceC. The modelordermay be choserautomaticallyus-
ing AIC, orinputby theuser In theexamplein figure 3 the
orderwasmanuallysetto 10.

2.3 Removal of non-stationarity

As notedearly and prominentlyin every textbook on time
seriesanalysisautorgressive modelscanonly beestimated
for stationarytime series wherethe meanandvarianceof
the noiseprocesgdoesnot changeover time. Beforefitting
the model, this generallymeansexamining the sequence
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Figure4: Nonstationarity. Thefirst 5 coeficientsof the
“flowers” sequenceasa function of framenumbert. The
first componentblue) shavs nonperiodidbehaiour, andis
removedfrom the AR fit in orderto generateghe videotex-
ture.

andremoving ary nonperiodictrends”, for exampleby dif-
ferencingor polynomialfitting. In the PCA decomposition,
suchnon-stationarityis evidentasnonperiodiccoeficients
of the first componentsFor example,in figure 4 the coef-
ficient of the first componenbf the “flowers” sequencés
seento increasemonotonicallythroughthe sequence Ex-
aminingthe first componentjt is similar to the I, spatial
derivative of the sequenceThis is foundto correspondo
a very small amountof pan(amountingto a few pixelsin
theimage)in thecameravhentakingthesequenceSimply
removing the coeficientsfrom the time seriesX is enough
to give a goodfit.

2.4. Videotexture synthesis

Finally, we candrive the AR procesgo generatehe video
texture. With x;_50 the rows of X, we generatethe first
syntheticframexs; as

x51 = Poxs0 + -+ - + Aroxao + W

wherew is a25 x 1 noisevectordravn from a multivariate
Gaussiarmf covarianceC. Repeatinghis procesgjenerated
the sequenc®f coeficientsin figure 3b, andthe example
movie f | ower s. npg. In this movie, the first 50 frames
arereconstruction®f framesfrom the original sequence,
andthenext 200aresynthetic.The syntheticframesareen-
tirely believable,andincludethesamendependentnotions
of differentpartsof thescenehutin differentcombinations.

function error = epsilonSR(Hi,...,H,)
for each inmage I
Conpute registered i mage I; = warp(Hz, It)
end

Conpute PCA coefficients X fromwarped i mages I;.

Di scard nonstationary colums of X

Estimte AR parameters, and noise covariance C
return —logdet(C) 4+ Ar?p

Figure6: StochasticRigidity . Givenasetof putative regis-
teringhomographiegshe AR modelis estimatedvhich best
modelsthe warpedimages. The SR metricis the informa-
tion contentof the AR model.

3. Estimation from non-rigid scenes

The previous sectiondealtwith a staticsceneandshowved
how to learnan autorggressve modelof the imagegener
ation process.In this sectionwe cometo the heartof the
paper the useof this modelto solve registrationproblems.
To thatendwe have chosena simple, but real, problemin
which only one parameteis to be estimated.The “water”
sequencén figure 1 is atestshotfor amovie specialeffect.
The cameramaiis walking alonga bridge,looking into the
water andthe goal is to generatea compositedsequence
in which a computefgeneratedbject appeargo float on
thewater The 3D pathof the camerarelative to the bridge
canbe computedby tracking points on the bridge, so the
3D camergpositionsareavailablefor eachframe. Thus,all
thatis requiredto completethe taskis anestimateof A, the
distanceof thewaterbelow thebridge.

Assumingthe watersurfaceto be planar its motionun-
der arbitrary cameramovementwill be describedoy a 2D
projectie transformationpr homography Registeringthe
imagesof the water surface entailsrecovering the homo-
graphiesthatrelateeachsuccessie pair of images. Given
thecameragath,thesehomographieareall specifiedby the
singleunknown parametefh. In orderto find h we require
an error metric e(h) which is minimizedwhenthe images
arecorrectlyregistered.

For a time-varying scene,suchan error metric can be
computedby fitting an AR modelto the registeredimages
andevaluatingthe efficiency of thefit. Basedon the prin-
ciple that video texturesare harderto learnfrom unregis-
teredtraining sequenceshe correctlyregisteredsequence
will have a moreefficient AR representationThe valueof
h thatyields the mostcompactAR modelis thenwhatis
sought.

Computationof informationcontentof an AR modelis
a commonrequirementn statistics,and several measures
have beenproposed20, 23]. All amountto summingterms
which countthenumberof parameterin the modelandthe
entropy of thenoiseprocessThus,if the numberof princi-
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Figure5: Estimation of water height. The groundtruth waterlevel is Z = —1.5 &+ 0.1 units—thebridge platformis at

Z = 0. Theerrorfunctionis sampledat 0.1 unit intervals, andthe value of the error plotted. (SSD) The SSD minimum
occursfarfrom thegroundtruth. (SR) TheSRminimumoccursatthegroundtruth position. At this point, theregisteredvater
surfaceimagesarewell modelledby anAR(6) processappliedto 5 principalcomponentsThegraphis largely insensitve to
thechoiceof theseparametersf modelorderandnumberof components.

pal componentsetaineds r, the SR criterionis givenby
€SR = /\pr2 — log det Cc

where is the numberof bits requiredto represenain ele-
mentof the matricesA. In orderto avoid the delicateissue
of specifying), themodelsin thiswork have apresebrder
Thereforethe numberof parametersloesnot vary during
the searchor the optimalregistration,andsothe only term
of interestis the entrofy of the noiseprocess. Thus, we
cancomparetwo registrationsby looking at the estimated
covariancematrix C of the AR noiseprocess.The compu-
tationis summarisedn figure6.

Armedwith this metric,we maynow statethealgorithm
for estimationof waterheightin our exampleshot. The 3D
coordinatesystemis arrangedsothatthe Z = 0 planecor-
respondgo the platform. Thus,assuminghewatersurface
is parallelto the platform, thewateris in the planeZ = h,
whereh is theunknawvn height.

For concretenesshe sequencevill beregisteredto im-
age0, in which arectangularegion of interestof sizeabout
1282 pixelsis defined. The rectanglecontainsonly water,
sotheimagesequencés indeed'nowhere-static” In partic-
ularit containsastandingvave causedy flow pastabridge
pylon, which givesriseto periodicintensityvariation.

Becauseave have only oneparameteto find, anexhaus-
tive searchfor h is possible. For eachvaluein a range,
the set of homographiesnappingeachimageto frame 0
is computedrom the known camergpositions,andthe SR
criterionis evaluated. The resultsare graphedn figure 5,
in which it is seenthat the SR minimum doesindeedfall

at the ground-truthvalue. For comparisonthe traditional
SSD metric is also shovn, which hasa unique, but erro-
neousminimum. The SSDis easily computedwithin this
schemeasit resultsfrom “fitting” azero-ordelp = 0) AR
modelto the sequenceThusthe SR criterionsubsumeshe
staticsceneassumption.

3.1 Computational cost

The computationalcost of SR estimationis greaterthan
SSD,becausef the needto computea PCA for eachpa-
rameterestimate. The two major componentf the cost
aretheimagewarping(which is commonto SSD)andthe
principal componentsnalysis.Theimagewarpingtime is

linear in the size of the imagesand the length of the se-
guencefor this exampleit averagedl5 secondsThe PCA,

on the otherhand,takestime which is linearin the image
size, but quadraticin the length of the sequence.In this
example,the PCA executedin 6 secondson average,but

thiswould increaseaapidly for longersequencesA number
of stratgjiespresenfor ameliorationof this situation,such
aswindowing the PCA, or performingdatareductionto a
wavelet or Fourier basis. Currentlytheseremainareasfor

futurework.

4. Registration under camerarotation

Moving from a single-parametegstimationproblemto the
moregenerakaseof amoving camerds relatively straight-
forward. TheSRerrorfunctionof theprevioussectionis de-
finedin termsof the setof homographiesandsois equally



Figure 7: Registration of pan sequence The first and
lastframesof the pansequencesegisteredinto a common
frame.

applicablein the generakase.ln generalthen,anonlinear
minimization of esg over all homographieswith a good
initial estimatewill find theoptimalregistration.Of course,
the hopeis thatthe initial estimatedoesnot have to be so
closethatit is impossibleto obtain. In this, figure 5 is en-
couraging:for that problem,the basinof attractionof the
trueminimumrunsfrom 50%to 200%of thetruevalue.

As an exampleof a problemwith more parameterswe
consideragainthe “flowers” scene.We have a 101 frame
panningshotfrom which it is desiredto computethe pan.
Treatedasa generalegistrationproblem,thereare800pa-
rametersto estimate,8 for eachinter-frame homography
Knowing, however, thatthe sequences a single-axispan,
the relationshipbetweenary view andthe referenceview
maybewritten

H,; = KePt g1

where the matrix K holds the intrinsic cameraparame-
ters[10], the unit vectorr is the panaxis—unknavn, but

constantthroughthe sequence—ané, representshe pan

angleatframet. Thus,if therearek cameraintrinsics,and

n views,thenthetotalnumberof parameterto beestimated
isk+2(forr) + (n —1).

In figure7, only thefocallengthis unknavn, sothenum-
ber of parameterss 103. An initial estimatewasobtained
by manuallyselectingfour pointsin the first andlastim-
agesandfitting a homographybetweenthe two. Apply-
ing self calibration[10] yieldsanestimateof thecalibration
K, andthe rotation axis r aswell asthe total pan angle.

Linearlyinterpolatingtheangleggivesaninitial homogragy
estimatefor eachframe. Althoughthe registeredsequence
(seemovie panxx. npg) shavssignificantmisregistration,
thisis a goodinitial estimate.Thenit is a simplematterto
begin anonlineaminimization.In this example amodified
Levenbeg Marquardtalgorithm [8] was used,with finite
differencederivatives. A typical 6 iterationsrequiresabout
600functionevaluations.The minimizing parametersvere
usedto createa stabilizedsequencgin panxx2. npg),
which shawvs greatly improved registrationover the initial
estimate.

5. Discussion

Thepapethasaddressetheproblemof computinggeomet-
ric quantitiessuchascameramotion from imagesof natu-
ral scenes—wherao part of the sceneis rigid, but there
is neverthelessa clear decompositiorinto parametricand
stochastienotions.The primaryareaof application,in post
production, meansthat algorithmsare neededwhich can
achieze humanlevels of competenceat thesetasks. The
papercontributesthe novel conceptof “stochasticrigidity”
to allow suchproblemsto begin to be addressed.

This modelis sufiiciently powerful to allow the estima-
tion of an100-parameteimageregistrationproblem,while
being of sufiiciently wide scopeto model processesuch
aswater andflowersblowing in the wind. It canbe seen
asageneralizatiorof the brightnesconstang assumption,
andsimilar generalizationdiave recentlyemegedin other
contexts.

Of courseaswith rigid-scenaeconstructionthereis the
potentialfor ambiguityin SR-guidedreconstructionsFor
example,in section3 the wateris moving from right to left
acrossthe scene. An unconstrainediomographyregistra-
tion would follow thewatersurface whichmight notbede-
sirable.In the caseaddressetiere the constraintgprovided
by the known cameramotion eliminatethe ambiguity In
othercasesgexternalconstraintswill needto beimposedto
regularizethe problem.

The datareductionbeforeAR fitting is the wealestpart
of the system.On the crowd scenejt fails to usefully de-
composahemotion,sothegeneratedideoteturesacquire
undesirableinging artefacts. We are confidentthat these
will beeliminatedby usinga moresophisticatediecompo-
sition. Althoughthe specificdatareductionstratgyy chosen
is limited, it appearshattheprincipleof firstacquiringaset
of globaldescriptorss a significantbenefitof our method.

Otherareador furtherwork include: automatiddentifi-
cationandremoval of nonstationarityin the principal com-
ponents;and comparisorof STAR and PCA-AR fitting in
the SRcriterion.

In conclusionthe paperhasshavn thatstochastianod-
elling of video sequencesanbe usedfor estimationprob-



lems,andsignificantlyextendsthe scopeof sceneghatcan
beanalyzedn computewision.
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