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Abstract

We considerthe registration of sequencesof imageswhere
theobservedsceneis entirelynon-rigid; for examplea cam-
era flyingoverwater, a panningshotof a fieldof sunflowers
in the wind, or footage of a crowd applaudingat a sports
event. In thesecases,it is not possibleto imposethe con-
straint that world pointshavesimilar colour in successive
views,soexisting registration techniques[1, 5, 9, 11] can-
not be applied. Indeedthe relationshipbetweena point’s
colours in successiveframesis essentiallya randompro-
cess.

However, by treatingthesequenceof imagesasa setof
samplesfroma multidimensionalstochastictime-series,we
can learn a stochasticmodel(e.g. an AR model [16, 23])
of therandomprocesswhich generatedthesequenceof im-
ages. With a static camera, this stochastic modelcan be
usedto extendthesequencearbitrarily in time: driving the
modelwith randomnoiseresultsin an infinitelyvaryingse-
quenceof imageswhich alwayslooksliketheshortinputse-
quence. In thisway, wecancreate“videotextures” [21, 24]
which canplay foreverwithoutrepetition.

With a moving camera, the image generation process
comprisestwocomponents—astochasticcomponentgener-
atedby the videotexture, anda parametriccomponentdue
to the camera motion. For example, a camera rotation in-
ducesa relationshipbetweensuccessiveimages which is
modelledby a 4-point perspectivetransformation,or ho-
mography. Humanobservers caneasilyseparate thecam-
era motionfromthestochasticelement.

The key observationfor an automatic implementation
is that without image registration, the time-seriesanaly-
sis must work harder to model the combinedstochastic
andparametricimage generation. Specifically, thelearned
modelwill require more components,or more coefficients,
to achievethesameexpressivepowerasfor thestaticscene.
With the correct registration the modelwill be more com-
pact. Therefore, by searching for the registration parame-
terswhich resultin themostparsimoniousstochasticmodel,
we can register sequenceswhere there is only stochastic
rigidity. The paper describesan implementationof this
schemeand showsresults on a number of example se-
quences.

1. Intr oduction

A common requirementfor film and broadcastis the
overlaying of computer-generatedimagery on live video
footage.This is particularlypopularin sportsbroadcasting:
for exampleadvertisingis superimposedontothepitch;vir-
tual lines arerenderedto assistin rule adjudications.For
this processto bepracticalwhenthecamerais moving, it is
necessaryto registersuccessive framesin orderthatthevir-
tual augmentationsremainfixed with respectto the scene,
unaffectedby cameramovement.Thepastdecadehasseen
greatsuccessesin imageregistration,and real-timesolu-
tionsarenow commerciallyavailable[27]. However, all ex-
istingtechniquesdependontheassumptionthatthesceneis
largelystatic,andcertainlythattheobjectwhichonewishes
to augmentis not deforming.

Thispaperconsiderstheregistrationof sequencesof im-
ageswheretheobservedsceneis entirelynon-rigid;for ex-
ample(seefigure1) a cameraflying over water, a panning
shot of a field of sunflowers in the wind, or footageof a
crowd applaudingat a sportsevent. In thesecases,it is
not possibleto imposetheconstraintthatworld pointshave
similar colour in successive views, so existing registration
techniques[1, 5, 9, 11] cannotbe applied. However, hu-
manswho seethe video have little difficulty in decompos-
ing the imagemotion into its two components:a paramet-
ric componentintroducedby thecamera,andthestochastic
componentcausedby watercurrents,wind or emotion. It
is this parametric/stochasticdecompositionthatwe seekto
recoverautomaticallyfrom videosequences.

Thefirst stepis to definemodelsthatcanrepresenteach
type of motion. For the cameramotion this is straightfor-
ward: the largebody of literatureon the geometryof mul-
tiple views [6, 10] providestheconvenientabstractionsand
modelsof projective geometry. In this paper, we generally
employ a 2D perspective mapping(homography)between
the imageplanes. For the stochasticcomponent,we have
accessto thewideliteratureontimeseriesanalysis[16, 23].
Here,wegenerallyconsiderautoregressivemoving average
(ARMA) processeswith differencing(ARIMA).

The key to this work is the time seriesmodel, and in
particularthe ideaof videotextures[21, 24]. A video tex-
ture is a time seriesdescriptionof a video sequencewhich
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“Crowd” “Water” “Flowers”

Figure1: Example imagesequences. “Crowd”: staticcamera,complex motion.Wewishto build aconvincingvideotexture.
Seesection2. “Water”: known cameramotion,planarscene.We wish to computea singleparameter;thewaterlevel. See
section3. “Flowers”: panningcamera,flowersblowing in a gustywind. We wish to recover thecamerapanat eachframe,
seesection4.

canbedrivenby randomnoiseto generatearbitrarily long
sequencesof similar images,with dynamicswhich arecon-
sistentwith thosein theoriginal clip.1 Thekey ideaof this
paperis thefollowing:

Videotexturesareharderto learnwhenthecam-
erais moving thanwhenit is stationary

If the camerais panning,for example, the autoregressive
modelmustlearnthenon-stationaryparametricmotion,for
which it is ill-suited. On the otherhand,if the imagesare
registeredto removethecameramotion,theAR modelwill
fit well. We canmeasurethe conceptof “harder to learn”
automaticallyby looking at thenumberof stochasticmodel
parametersrequiredto model the sequence.Therefore,in
orderto recover theregistration,we searchfor theparame-
tersthatgive themostefficient time seriesdescription.The
constantbrightnessassumptionis generalizedto stochastic
rigidity.

After a brief presentationof relevantwork, thepaperde-
velopsa new techniquefor videotextureconstruction,look-
ing justatstaticscenes.Thenthesimplestpossibleexample
of a dynamicsceneis considered,whereonly oneparame-
termustbeestimated.Finally, weconsiderthemoregeneral
caseof a panningcamera,andprovide an algorithmwhich
canrecover thecameramotionat eachframe.We conclude
by sketchingthepotentialfor futurework, includingthesi-
multaneousrecoveryof generalscenestructureandcamera
motionfrom nowhere-rigidscenes.

1.1. Imageregistration
An imageis a 2D arrayof values

���������
	
. We aregiven a

collectionof images
����
�
 �

. Without lossof generality, as-
1Seemovie flowers.mpg on site

http://www.robots.ox.ac.uk/ � awf/iccv01

sumeeachimage
���

is relatedto the first (
� �

) by an (un-
known) geometrictransformationof pixel positions � �����������	������������
� 	

, so that the pixels
� � ��������	

and
���������!���"�#	

are samplesfrom the sameworld point taken at different
times.Thetaskof imageregistrationis to recoverthesetof
transformations�%$ 
�
 �

.
Thetransformationsconsideredin thispaperare2D pro-

jective transformationsof the image. We represent2D
pointsin homogeneouscoordinates

�������&�(')	
andthen � �

is
representedby a *,+-* homographyor collineation:./ � �� �'
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wheretheequalityis up to scale.
Thereareoftenconsideredto betwo approachesto reg-

istration,“direct” and“feature-based”methods.References
[14] and[26] arejusttwo examples.Thispaperis mostsim-
ilar to directmethods,andindeed,if presentedwith a static
scene,thealgorithmin ; 4 reducesto a (moreexpensive)di-
rectcorrelationtechnique.As illustratedin figure2, thetask
of thedirectmethodis to choosetransformationparameters� �

which makethesetof transformedsamplesat eachpixel�����<� � �=�������
	�	�	
assimilar aspossible.This canbeexpressed

as an error function > � � � �(?(?�?<� � � 	
which is minimized to

find the optimumvaluesof the transformationparameters.
Onesucherrorfunctionis thesamplevarianceof eachpixel
over time:

> � � �)�(?�?(?<� � ��	 2A@
BDCFE G<HJI"KML �9NJ� � � � � ��������	�	=O ���P � 	

whereI"KQL ��R��S?�?(?�RT��	 2 ���U � ��R �6V ��WU RT	 $ .
In stochasticrigidity we (at leastconceptually)replace

the I"KML function with one which measuresthe deviation
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(a) Unregistered image stack.  

3D points move within the image.

(b) Registered image stack

Images are moved so 3D points remain fixed

Figure2: Imageregistration. (a)Theinputvideosequence
viewedasastackof images.Theimagesof 3D pointsmove
within the frame. The task of registrationis to (b) trans-
form eachimage

���
by a transform� �

sothat3D pointsare
aligned.For astaticscenemodel,pixelsin successivelayers
thenhavethesamecolour. Finding � �

sothatthedifference
in colour is minimizedyields the registration. In stochas-
tic rigidity (SR),pixelsin successive layersarerelatedby a
compacttime-seriesmodel.

from a time seriesmodel. Replacingthe IQKQL functionhere
is similarin spirit to thework onspacecarving[4, 15] where
voxel consistency is measuredasdeviation from a lighting
model. It alsohasthe flavour of the earlymutualinforma-
tion work [28] wheretheerrormetricfor imageregistration
is basedon deviation from causalityof the scattergramof
transformedintensities.

1.2. Time seriesanalysis
Computervisionhasrecentlyseenincreaseduseof thetools
of time seriesanalysis[2, 3, 13, 17, 18, 24], which model
the temporalevolution of physicalsystems.A time series
is a sequenceof vector-valuedobservations

N�X � O ���P �
. One

taskof time seriesanalysisis to forecastthevalueof
X ��Y �

,
giventhepreviouslyobservedvalues

X���
�
�
 �
. If

X
is produced

by an autoregressiveprocess, then the forecastis a linear
combinationof somenumber, Z , of previousvalues:X%��Y � 2

A [ X%�%\^](]�]J\
A _ X%�a` _ \cb,��Y �

wheretheA
�

are L + L (
XedgfSh

) matrix constantswhich
characterizethesequence.Theterm

b,��Y �
is drawn from a

noisedistribution, typically taken to be Gaussian.To syn-
thesizefrom an AR model,choosethe first Z valuesarbi-
trarily, and then repeatedlypredict

X ��Y �
asabove, adding

noisedrawn from
b

’s distribution.
Conversely, if we have a sequenceof observed values

which we can believe to be taken from an autoregressive
(AR) processof order Z , we canestimatevaluesof theAR
parametersA [ ?(?�?

A _ andtheparametersof
b

’sdistribution,
for exampleits covariancematrix. Algorithms which can
computetheseparametersfrom a sequenceof sampleddata
includeYule-Walker anda family of maximumlikelihood

estimators[23]. In this work, Yule-Walker estimatorswere
used,althoughwe plan to testMLE shortly. ThechoiceofZ canbemadeby modelselection,e.g.AIC [25].

Recently, the work of Frey et al. [12, 7] hasconsidered
the problemof learningfrom unregisteredsequences,and
thereforesolves a problemsimilar to that discussedhere.
An important differencebetweentheir work and ours is
that they model the parametricmotion asa discretesetof
stochasticmotions, rather than parametricallyas is done
here. This meansthey are limited to simple modelssuch
astranslation,andto smallmotions(or moreaccurately, to
a small numberof discretelysampledmotions). However,
their techniquebenefitsfrom beingamenableto anEM im-
plementation,so it is faster, within its domain,thanthe al-
gorithmin section4.

1.3. Video textures
Schodlet al. [21] describetheconceptof a videotexture: a
meansof generatingarbitrarily longvideosequenceswhich
have the behaviour of a givenexample. Althoughthe goal
of this paperis not just to generatevideotextures,thework
improvesa little ontheirs.Their techniquelimits theoutput
sequenceto be madeof copiesof individual framesfrom
the input sequence,and cannotthereforesynthesizemo-
tionswhichinterpolatethosein theoriginalsequence.Their
modelfor frametransitionis alsodiscrete,meaningthatdy-
namicsneedto be addedpost-hoc.In contrast,the current
methodmodelsthetemporalbehaviour assamplesof anun-
derlying continuousprocess,with longer than 1 frame of
memory. Thereforethecorrectdynamicsemergeautomati-
cally.

Earlier, SzummerandPicard[24, 17] useda spatiotem-
poral autoregressive (STAR) model to describetextures
suchaswaterandsteam.Their work finds an AR descrip-
tion of how pixels in the sequenceevolve asa function of
a window of pixelsneighbouringin time andspace,andis
fitteddirectly to theraw imagedata.Thismodelis effective
for spatiallycoherenttextures,but breaksdown whenthere
areindependentmotionsin the image. Onecould imagine
fitting a clusterof STAR models,but thatwasnot explored
here. The model in this paperis complementaryto this—
a global descriptionof the sequenceis first extracted,and
thentheAR modelis fitted.

2. Static camera: Learning video tex-
tur es

In orderto addresstheregistrationproblemin thelatersec-
tionsof thepaper, we describehow we generatevideotex-
tures. Several characteristicsof the AR modelmake it an
attractivetechnologyfor thispurpose:it is cheapto fit, easy
to run simulationsfrom, and can model a wide rangeof
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Figure3: Videotextures. (a) An orthogonaldecompositionof the imagesequenceinto principal components.The second
andhighercomponentstendto concentrateon independentlymoving regions. We needabout iFj componentsto geta good
reconstruction.(b) Frames0–50(left of theverticalblue line): thefirst 5 PCA coefficients

�&��
�
 k
for eachframeof theinput

sequence.Frames51–250:An AR(10) synthesisof PCA coefficients.(c) Frame200of thesequencemadeby recomposing
thesyntheticcoefficients.

physicalprocesses.In orderto renderthetechniquecompu-
tationally feasible,the sequencesarefirst subjectedto data
reductionby a principal componentsanalysis(PCA), and
thenexpressedin termsof a numberof PCA coefficients.
Thuseachimage

� �
is representedby, say, 25 coefficients,

storedin the vector
X%�

. Figure3 shows the procedureap-
plied to 50 framesof the“flowers”sequencein which there
is no pan.

2.1. Data reduction
In detail, we are given a set of l images

���
eachof sizem + 5

, which arestoredas m 5 + '
vectors I �

. Compute
themeanimagen

2 ��WU I �
. Assemblethe m 5 +-l matrix

D with columns o � 2
I �pV n . Computethe singularvalue

decompositionD

2
USV q . Thentheprincipalcomponents

arethe columnsof U andthe PCA coefficientsof original
imager aretheelementsof the r th row of

X

2
VS

In thetypeof sequencesconsideredhere,theprincipalcom-
ponentsdonottendto show asharpdropoff atany particular
number. As we usePCA purely asa datareductionproce-
dure, this is not significant,so we simply choosea fixed
numberof coefficients. Typically, 25 will be enoughto re-

constructthesequence,andthematrixX is trimmedto keep
only the first 25 columns. Examiningthe leadingcompo-
nentsof thePCA is interesting.As canbeseenin figure3,
the analysistendsto segmentindependentmotionsin the
scene,choosingoneor two componentsfor eachregionthat
is moving. Of course,a more robust decompositionthan
PCA,perhapsK-PCA [22] or ICA [19], wouldenhancethis
effectandpotentiallyimproveperformance.

2.2. AR model fitting

Presentingthe trimmed matrix of coefficients,X, to Neu-
maierandSchneider’sARfit algorithm[20], we obtainan
estimateof the AR parameterssA ��
�
 _ andthe noisecovari-
ance sC. The modelordermaybechosenautomaticallyus-
ing AIC, or input by theuser. In theexamplein figure3 the
orderwasmanuallysetto 10.

2.3. Removal of non-stationarity

As notedearly andprominentlyin every textbook on time
seriesanalysis,autoregressivemodelscanonly beestimated
for stationarytime series,wherethe meanandvarianceof
thenoiseprocessdoesnot changeover time. Beforefitting
the model, this generallymeansexamining the sequence
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Figure4: Nonstationarity . The first 5 coefficientsof the
“flowers” sequence,asa function of framenumberr . The
first component(blue)shows nonperiodicbehaviour, andis
removedfrom theAR fit in orderto generatethevideotex-
ture.

andremoving any nonperiodic“trends”,for exampleby dif-
ferencingor polynomialfitting. In thePCA decomposition,
suchnon-stationarityis evident asnonperiodiccoefficients
of the first components.For example,in figure4 the coef-
ficient of the first componentof the “flowers” sequenceis
seento increasemonotonicallythroughthe sequence.Ex-
aminingthe first component,it is similar to the

� C spatial
derivative of the sequence.This is found to correspondto
a very small amountof pan(amountingto a few pixels in
theimage)in thecamerawhentakingthesequence.Simply
removing the coefficientsfrom the time seriesX is enough
to givea goodfit.

2.4. Videotexture synthesis

Finally, we candrive the AR processto generatethe video
texture. With

X �=
�
 k [ the rows of X, we generatethe first
syntheticframe

X k��
as

X k�� 2
sA [ X k [ \t]�](]J\ sA � [ X%u [ \vb

where
b

is a iFjw+ '
noisevectordrawn from a multivariate

Gaussianof covariancesC. Repeatingthisprocessgenerated
the sequenceof coefficientsin figure 3b, andthe example
movie flowers.mpg. In this movie, the first 50 frames
are reconstructionsof framesfrom the original sequence,
andthenext 200aresynthetic.Thesyntheticframesareen-
tirely believable,andincludethesameindependentmotions
of differentpartsof thescene,but in differentcombinations.

function error = epsilon SR(H x E 
�
�
 E H y )
for each image za{

Compute registered image z7|{ P,}�~ h _ BD� { E z { H
end

Compute PCA coefficients X from warped images z=|{ .
Discard nonstationary columns of X.
Estimate AR parameters, and noise covariance �C.

return
`�� ���
���a� B �C H YW� h7� _

Figure6: StochasticRigidity . Givenasetof putativeregis-
teringhomographies,theAR modelis estimatedwhichbest
modelsthe warpedimages.The SR metric is the informa-
tion contentof theAR model.

3. Estimation fr om non-rigid scenes

The previoussectiondealtwith a staticscene,andshowed
how to learnan autoregressive modelof the imagegener-
ation process.In this sectionwe cometo the heartof the
paper, theuseof this modelto solve registrationproblems.
To that endwe have chosena simple,but real, problemin
which only oneparameteris to be estimated.The “water”
sequencein figure1 is a testshotfor a movie specialeffect.
Thecameramanis walking alonga bridge,looking into the
water, and the goal is to generatea compositedsequence
in which a computer-generatedobject appearsto float on
thewater. The3D pathof thecamerarelative to thebridge
canbe computedby trackingpoints on the bridge, so the
3D camerapositionsareavailablefor eachframe.Thus,all
thatis requiredto completethetaskis anestimateof

5
, the

distanceof thewaterbelow thebridge.

Assumingthewatersurfaceto be planar, its motionun-
der arbitrarycameramovementwill be describedby a 2D
projective transformation,or homography. Registeringthe
imagesof the water surfaceentailsrecovering the homo-
graphiesthat relateeachsuccessive pair of images.Given
thecamerapath,thesehomographiesareall specifiedby the
singleunknown parameter

5
. In orderto find

5
we require

an error metric > � 5 	
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 the fit. Basedon the prin-
ciple that video texturesareharderto learn from unregis-
teredtraining sequences,the correctlyregisteredsequence
will have a moreefficient AR representation.Thevalueof5

that yields the mostcompactAR model is then what is
sought.

Computationof informationcontentof an AR modelis
a commonrequirementin statistics,and several measures
havebeenproposed[20, 23]. All amountto summingterms
whichcountthenumberof parametersin themodelandthe
entropy of thenoiseprocess.Thus,if thenumberof princi-
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Error function for water height, AR(6), PCA(5:10)
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Figure5: Estimation of water height. The groundtruth water level is �
2 V 'F? j��^� ? '

units—thebridgeplatform is at�
2

� . The error function is sampledat 0.1 unit intervals, andthe valueof the error plotted. (SSD)The SSDminimum
occursfarfrom thegroundtruth. (SR)TheSRminimumoccursatthegroundtruthposition.At thispoint,theregisteredwater
surfaceimagesarewell modelledby anAR(6) processappliedto 5 principalcomponents.Thegraphis largely insensitive to
thechoiceof theseparametersof modelorderandnumberof components.

pal componentsretainedis L , theSRcriterionis givenby

>��Q�
2��

Z L $ V��D�M�p�
�<� sC
where

�
is the numberof bits requiredto representan ele-

mentof thematricesA. In orderto avoid thedelicateissue
of specifying

�
, themodelsin thiswork haveapresetorder.

Thereforethe numberof parametersdoesnot vary during
thesearchfor theoptimalregistration,andsotheonly term
of interestis the entropy of the noiseprocess. Thus, we
cancomparetwo registrationsby looking at the estimated
covariancematrix sC of the AR noiseprocess.The compu-
tationis summarisedin figure6.

Armedwith this metric,we maynow statethealgorithm
for estimationof waterheightin our exampleshot.The3D
coordinatesystemis arrangedsothat the �

2
� planecor-

respondsto theplatform. Thus,assumingthewatersurface
is parallelto theplatform,thewateris in theplane �

2 5
,

where
5

is theunknown height.
For concreteness,the sequencewill beregisteredto im-

age0, in whicharectangularregionof interestof sizeabout' i�� $ pixels is defined. The rectanglecontainsonly water,
sotheimagesequenceis indeed“nowhere-static”.In partic-
ularit containsastandingwavecausedby flow pastabridge
pylon, which givesriseto periodicintensityvariation.

Becausewe have only oneparameterto find, anexhaus-
tive searchfor

5
is possible. For eachvalue in a range,

the set of homographiesmappingeachimageto frame 0
is computedfrom the known camerapositions,andthe SR
criterion is evaluated.The resultsaregraphedin figure 5,
in which it is seenthat the SR minimum doesindeedfall

at the ground-truthvalue. For comparison,the traditional
SSD metric is also shown, which hasa unique,but erro-
neousminimum. The SSDis easilycomputedwithin this
scheme,asit resultsfrom “fitting” a zero-order(Z

2
� ) AR

modelto thesequence.ThustheSRcriterionsubsumesthe
staticsceneassumption.

3.1. Computational cost
The computationalcost of SR estimationis greaterthan
SSD,becauseof the needto computea PCA for eachpa-
rameterestimate. The two major componentsof the cost
arethe imagewarping(which is commonto SSD)andthe
principalcomponentsanalysis.The imagewarpingtime is
linear in the size of the imagesand the length of the se-
quence,for this exampleit averaged15 seconds.ThePCA,
on the otherhand,takestime which is linear in the image
size, but quadraticin the length of the sequence.In this
example,the PCA executedin 6 secondson average,but
thiswould increaserapidly for longersequences.A number
of strategiespresentfor ameliorationof this situation,such
aswindowing the PCA, or performingdatareductionto a
wavelet or Fourier basis. Currentlytheseremainareasfor
futurework.

4. Registration under camerarotation
Moving from a single-parameterestimationproblemto the
moregeneralcaseof amoving camerais relatively straight-
forward.TheSRerrorfunctionof theprevioussectionis de-
finedin termsof thesetof homographies,andsois equally
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Figure 7: Registration of pan sequence. The first and
last framesof the pansequence,registeredinto a common
frame.

applicablein thegeneralcase.In general,then,a nonlinear
minimization of >=�Q� over all homographies,with a good
initial estimate,will find theoptimalregistration.Of course,
the hopeis that the initial estimatedoesnot have to be so
closethat it 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 moreparameters,we
consideragainthe “flowers” scene.We have a 101 frame
panningshotfrom which it is desiredto computethe pan.
Treatedasa generalregistrationproblem,thereare800pa-
rametersto estimate,8 for eachinter-frame homography.
Knowing, however, that the sequenceis a single-axispan,
the relationshipbetweenany view and the referenceview
maybewritten � � 2

K ��� {T  ¡T¢�£ K ` �
where the matrix K holds the intrinsic cameraparame-
ters [10], the unit vector ¤ is the panaxis—unknown, but
constantthroughthe sequence—and¥ �

representsthe pan
angleat frame r . Thus,if thereare ¦ cameraintrinsics,andl views,thenthetotalnumberof parametersto beestimated
is ¦ \ i �

for ¤ 	�\§� l V 'J	
.

In figure7, only thefocal lengthis unknown,sothenum-
ber of parametersis 103. An initial estimatewasobtained
by manuallyselectingfour points in the first and last im-
agesand fitting a homographybetweenthe two. Apply-
ing selfcalibration[10] yieldsanestimateof thecalibration
K, and the rotation axis ¤ as well as the total pan angle.

Linearly interpolatingtheanglesgivesaninitial homograpy
estimatefor eachframe. Althoughthe registeredsequence
(seemoviepanxx.mpg) showssignificantmisregistration,
this is a goodinitial estimate.Thenit is a simplematterto
begin anonlinearminimization.In thisexample,amodified
Levenberg Marquardtalgorithm [8] was used,with finite
differencederivatives.A typical 6 iterationsrequiresabout
600functionevaluations.Theminimizing parameterswere
usedto createa stabilizedsequence(in panxx2.mpg),
which shows greatly improved registrationover the initial
estimate.

5. Discussion

Thepaperhasaddressedtheproblemof computinggeomet-
ric quantitiessuchascameramotion from imagesof natu-
ral scenes—whereno part of the sceneis rigid, but there
is neverthelessa clear decompositioninto parametricand
stochasticmotions.Theprimaryareaof application,in post
production,meansthat algorithmsare neededwhich can
achieve humanlevels of competenceat thesetasks. The
papercontributesthenovel conceptof “stochasticrigidity”
to allow suchproblemsto begin to beaddressed.

This modelis sufficiently powerful to allow the estima-
tion of an100-parameterimageregistrationproblem,while
being of sufficiently wide scopeto model processessuch
aswater, andflowersblowing in the wind. It canbe seen
asa generalizationof thebrightnessconstancy assumption,
andsimilar generalizationshave recentlyemergedin other
contexts.

Of course,aswith rigid-scenereconstruction,thereis the
potentialfor ambiguity in SR-guidedreconstructions.For
example,in section3 thewateris moving from right to left
acrossthe scene. An unconstrainedhomographyregistra-
tion wouldfollow thewatersurface,whichmightnotbede-
sirable.In thecaseaddressedhere,theconstraintsprovided
by the known cameramotion eliminatethe ambiguity. In
othercases,externalconstraintswill needto beimposedto
regularizetheproblem.

ThedatareductionbeforeAR fitting is theweakestpart
of the system.On the crowd scene,it fails to usefully de-
composethemotion,sothegeneratedvideotexturesacquire
undesirableringing artefacts. We are confidentthat these
will beeliminatedby usinga moresophisticateddecompo-
sition. Althoughthespecificdatareductionstrategy chosen
is limited, it appearsthattheprincipleof first acquiringaset
of globaldescriptorsis a significantbenefitof our method.

Otherareasfor furtherwork include:automaticidentifi-
cationandremoval of nonstationarityin theprincipalcom-
ponents;andcomparisonof STAR andPCA-AR fitting in
theSRcriterion.

In conclusion,thepaperhasshown thatstochasticmod-
elling of video sequencescanbe usedfor estimationprob-
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lems,andsignificantlyextendsthescopeof scenesthatcan
beanalyzedin computervision.
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