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Abstract

This paperdescribesa methodfor bringing two videos(recorded
at different times) into spatiotemporalalignment,thencomparing
andcombiningcorrespondingpixelsfor applicationssuchasback-
groundsubtraction,compositing,and increasingdynamic range.
We align a pair of videosby searchingfor framesthat bestmatch
accordingto a robust image registration process. This process
useslocallyweightedregressionto interpolateandextrapolatehigh-
likelihoodimagecorrespondences,allowing new correspondences
to bediscoveredandre�ned. Imageregionsthatcannotbematched
aredetectedandignored,providing robustnessto changesin scene
contentandlighting, whichallowsavarietyof new applications.

CR Categories: I.4.3 [ImageProcessingandComputerVision]:
Enhancement—Registration; I.4.8 [Image Processingand Com-
puterVision]: SceneAnalysis—Motion

Keywords: videoalignment,robustimagematching,robustimage
registration,highdynamicrangevideo

1 Intro duction

Givenmultiplestill imagesof ascenefrom thesamecameracenter,
one can performa variety of imageanalysisand synthesistasks,
suchasforeground/backgroundsegmentation,copying anobjector
personfrom oneimageto another, building mosaicsof the scene,
andconstructinghighdynamicrangecomposites.

Ourgoalis to extendthesetechniquesto videofootageacquired
with a moving camera. Given two video sequences(recordedat
separatetimes),weseektospatiallyandtemporallyaligntheframes
suchthat subsequentimageprocessingcan be performedon the
aligned images. We assumethat the input videos follow nearly
identicaltrajectoriesthroughspace,but we allow themto have dif-
ferent timing. The outputof our algorithm is a new sequencein
which each“frame” consistsof a pair of registeredimages. The
algorithmprovidesanalternative to theexpensiveandcumbersome
roboticmotioncontrolsystemsthatwould normallybeusedto en-
sureregistrationof multiplevideosequences.

Theprimarydif�culty in this taskis matchingimagesthathave
substantiallydifferentappearances(Figure1). Videosequencesof
thesamescenemaydiffer from oneanotherdueto moving people,
changesin lighting, and/ordifferentexposuresettings.In orderto
obtaingoodalignment,our algorithmmustmake useof asmuch
imageinformationaspossible,without beingmisledby imagere-
gionsthatmatchpoorly.

Traditionalmethodsfor aligning imagesincludefeaturematch-
ing andoptical �o w. Featurematchingalgorithms�nd a pairing
of featurepointsfrom oneimageto another, but they do not give
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a densepixel correspondence.Optical �o w producesa densepixel
correspondence,but is not robust to objectspresentin oneimage
but not theother.

Our methodcombineselementsof featurematchingandoptical
�o w. In a given image,the algorithm identi�es a setof textured
imagepatchesto bematchedwith patchesin theotherimage.Once
a setof initial matcheshasbeenfound, we usethesematchesas
motionevidencefor a regressionmodelthatestimatesdensepixel
correspondencesacrossthe entire image. Theseestimatesallow
further matchesto be discoveredand re�ned using local optical
�o w. Throughouttheprocess,we estimateandutilize probabilistic
weightsfor eachcorrespondence,allowing thealgorithmto detect
anddiscard(or �x) mismatches.

Our primary contribution is a methodfor spatiallyandtempo-
rally aligning videosusing imagecomparisons.Our imagecom-
parisonmethodis alsonovel, insofar asit is explicitly designedto
handlelarge-scaledifferencesbetweentheimages.Themainlimi-
tationof our approachis thatwe requiretheinput videosto follow
spatially similar cameratrajectories. The algorithm cannotalign
imagesfrom substantiallydifferentviewpoints,partially becauseit
doesnotmodelocclusionboundaries.Nonetheless,wedemonstrate
avarietyof applicationsfor whichourmethodis useful.

Figure1: Our matchingalgorithmis robust to differencessuchas
an object that appearsin only oneimage(left pair) or changesin
lighting andexposure(right pair). Thekey ideabehindour match-
ing algorithmis to identify whichpartsof theimagecanbematched
(bluearrows)withoutbeingconfusedby partsof theimagethatare
dif�cult or impossibleto match(yellow arrows).

2 Related Work

Aligning apairof imagesis astandardproblemin computervision.
Optical�o w algorithms[BeaucheminandBarron1995]�nd avec-
tor �eld that mapseachpixel from oneimageto a corresponding
pixel in anotherimage. Stereomethods[Scharsteinand Szeliski
2002] useknown cameraposesto restrict the searchto 1D lines
(for imagesof a static scene). Many of thesealgorithmsare ro-
bust to small-scaleeffects(suchaslocal violationsof smoothness



or re�ectanceassumptions),but they arenot intendedfor matching
imagesthathave largedifferencesin lighting or have largeobjects
that appearin oneimagebut not the other. Some�o w estimation
methods[Black andAnandan1996]handlelargeimageregionsthat
do not matchby robustly �tting globalparametricmodelsto local
�o w estimates.Our method�ts a non-parametricmodelanddoes
not rely entirelyon local �o w estimates.

Thebasisof ouralgorithmis matchingsalientimagepoints[Har-
ris and Stephens1988; Brown and Lowe 2003]. Many existing
methodsprunefeaturematchesusingrobust �tting methods(such
asRANSAC [FischlerandBolles1981])with constraintsfrom the
fundamentalmatrix [Hartley and Zisserman2000]. Brown and
Lowe [2003] align imagesby matchingfeaturesthat are invari-
ant to several spatialandillumination transformations.Kanazawa
andKanatani[2002]�nd goodcorrespondencesusingepipolarcon-
straintscombinedwith smoothnessandspatialconsistency criteria.
Smithet al. [1998] re�ne featurematchesby comparingthelength
andangleof eachcorrespondencevectorwith its neighbors.

Noneof theseimagecorrespondencetechniquesaddressesthe
larger problemof video registration. CaspiandIrani [2000] align
video sequencesusing a single image transformationand single
time offset for an entiresequence.This methodis successfulfor
rigidly connectedcamerasthat simultaneouslyrecorda scene,but
doesnot apply to spatiallyor temporallydifferentmotions.Sawh-
ney etal. [2001]provideamethodof aligningtwo videosequences
using stereoand optical �o w, but also aim only at the caseof
rigidly connectedcamerassimultaneouslyrecordinga scene.Rao
et al. [2003] temporallymatchvideosequencesby trackinga fea-
ture thatappearsin eachvideoandaligning the resultingtrajecto-
ries. This requiresa user-speci�ed trackablefeatureanddoesnot
providedensepixel correspondencesbetweenthevideosequences.

Our methodprovides a warping �eld and temporaloffset for
eachframe, allowing the video framesto be registeredfor vari-
oussegmentationandcompositingapplications. Several of these
applicationshave beenaddressedvia different methods. Chuang
etal. [2002]usemosaicingtechniquesto reconstructabackground
imagethatis usedfor foregroundsegmentation.Kangetal. [2003]
registerimagesatdifferentexposuresto obtainhighdynamicrange
video. Theseapplicationsand otherscan be performedwith the
helpof themethodwepresentin thispaper.

3 Overview

Ourgoalis to constructamappingbetweentwo videossothatboth
videoscanbemanipulatedin asharedspatialandtemporaldomain.
Oneof thetwo videosis designatedastheprimaryvideo,theother
asthesecondary. Theprimaryvideoprovidesthespatialandtem-
poralreference;thesecondaryvideois mappedto matchit.

Thecoreof thealgorithmis robust imagealignment,described
in Section4, which providesa warpingfrom oneimageto another
that is robustto signi�cant differencesbetweenthoseimages.This
imagealignmenttechniqueis usedasa sub-functionof the video
alignmentprocess,which is describedin Section5. In Section6,
we presenttwo extensionsto thebasicalgorithm. We describeex-
perimentalevaluationsin Section7 andgivevariousapplicationsin
Section8. Limitations andplannedsolutionsto theselimitations
arediscussedin Section9.

4 Robust Image Alignment

Ourimagealignmentalgorithm�nds correspondencesbetweenpix-
els in a pair of images.Eachcorrespondenceis assigneda weight
accordingto the likelihood that it describesa physical 3D point
undergoing a physical 3D motion. The ability to characterizethe
correctnessof acorrespondenceis essentialto therobustnessof the

algorithm.Wewantto useasmuchinformationfrom theimagesas
possible,but wedonotwantto bemisledby unexpecteddifferences
betweentheimages.

The weight wi assignedto the ithcorrespondenceis the product
of two terms: a pixel matchingprobability Pi (Section4.1) anda
motionconsistency probabilityMi (Section4.2).For simplicity, we
assumeindependencewhencombiningtheprobabilities.

4.1 Pixel Consistency

To computethepixel matchingprobability, Pi , for a particularcor-
respondence,we evaluatehow well the imagesmatchin a square
region aroundthe correspondence.Ratherthan simply compar-
ing pixel values,we usea methodthat allows small spatialvaria-
tionsin thecorrespondingpixel locations.This technique,inspired
by Birch�eld andTomasi[1998], permitssmall changesin scale,
rotation,andskew of an imageregion dueto differencesin cam-
eraviewpoint. This alsoalleviatesseveral samplingissues.(Sim-
ilar methodsare proposedby Kutulakos [2000] and Szeliski and
Scharstein[2002].)

A singlepixel in the primary imageis comparedwith a 3-by-
3 neighborhoodof pixels in thesecondaryimage,ratherthanwith
a singlesecondarypixel. To do this ef�ciently , the algorithmap-
plies3-by-3minimumandmaximum�lters to thesecondaryimage,
producingnew imagesImin andImax (Figure2). Theseminimum
andmaximumimagesde�ne boundson thevalueof eachpixel in
the secondaryimage; the correspondingprimary pixel receives a
penaltyif andonly if its valueliesoutsidethis interval.

To evaluatea correspondence,our algorithm sumsthis pixel
matchingscoreacrossa squareregion (with sizespeci�ed in Sec-
tion 7). For animageregionRin theprimaryimageI weobtainthe
following score:

å
(x;y)2R

max(0; I (x;y) � Imax(x+ u;y+ v); Imin(x+ u;y+ v) � I (x;y)) :

(1)

Hereu andv describean offset from a point (x;y) in the primary
imageto the correspondingpoint (x + u;y+ v) in the secondary
image(thesameoffsetis usedacrosstheentireregion). Weaverage
theabovescoreovereachcolorchannelto obtainthepixel intensity
dissimilaritydi for theithcorrespondence.

In thecasethat theprimaryandsecondaryimagescontainsub-
stantialdifferencesin lighting or exposure,weperformlocalbright-
nessandcontrastnormalization[SandandTeller2004],thenusethe
samemin/maximagecomparisonon thenormalizedimages.

In eithercase,we usethepixel intensitydissimilaritydi to com-
putethepixel matchingprobabilityPi :

Pi = N(di ;s 2
pixel): (2)

HereN(x;s 2) is azero-meanGaussianwith variances 2 evaluated
at x. Wespecifys pixel asdescribedin Section7.

Thismethodof comparingimageregionsattainssomeinvariance
to af�ne transformations,but notasmuchasothermethods[Brown
andLowe 2003;Ferrariet al. 2001]. Stronginvarianceis not nec-
essaryfor ouralgorithm,becausewe limit theinput imagesto have
similar viewpoints.

4.2 Motion Regression and Consistency

To evaluatemotionconsistency, we determinehow well theoffset
vector(u;v) of a particularcorrespondenceagreeswith its neigh-
bors.Thisrequiresinitial estimatesof theweightsf wig for theother
correspondences,whichwewill obtainasdescribedin Section4.3.



x coordinate

pi
xe

l v
al

ue

Original Image

x coordinate

pi
xe

l v
al

ueMinimum Image

x coordinate

pi
xe

l v
al

ueMaximum Image

Imin

Imax

Figure2: Eachplot representsa crosssectionof a hypotheticalim-
age.Theimageis (non-linearly)�ltered soeachpixel becomesthe
minimumor maximumof its 3 by 3 neighborhood.

Fromtheseweightsandthecorrespondencesf (xi ;yi ;ui ;vi)g, theal-
gorithm reconstructsa vector�eld u(x;y), v(x;y) that providesan
offsetfor eachpixel of theprimaryimage.

Our algorithm computes u(x;y) and v(x;y) using locally
weightedlinearregression[Atkesonetal. 1997],whichdetermines
thevalueof afunctionataquerypointby �tting aregressionmodel
to nearbypoints,eachweightedby its distanceto thequerypoint.
The smoothnessof locally weightedregressionis determinedby
a kernelwidth parameter, K, describingthe shapeof the distance
weightingfunction(typically a Gaussian).We modify this method
to incorporateour correspondenceprobabilitiesby multiplying the
kernelweightfor eachcorrespondenceby its matchingweightwi .

We make one additional modi�cation to standard locally
weightedregression:we adaptthe kernel width accordingto the
densityof pointsaroundthe querypoint (Figure3). We increase
the kernelwidth K in regionsof low datadensity(to bridgelarge
gaps)anddecreaseK in regionsof highdatadensity(to model�ne
details). To do this, the algorithmsetsK to the averagedistance
from the querypoint to the N nearestneighbors.(N is oneof the
parametervaluesgiven in Section7.) This adaptive kernelwidth
is particularlyusefulfor imagecorrespondences,which mayoccur
denselyin highly textureregions,but verysparselyelsewhere(such
asuntexturedwallsand�oors).

A linearmodelfor uandv in termsof x andy candescribeimage-
spacerotation,scaling,andotheraf�ne transformations.By using
locally weightedregression,weextendthelinearmodelto describe
smoothimagewarps,including lensdistortionandgradualvaria-
tionsdueto depthandperspective. Oneadvantageof �tting a local
modelis thatweexpectto extrapolatebetterthansimplyaveraging
nearbypoints(Figure3).

In order to computethe motion consistency probability Mi for
a correspondence,thealgorithmcomparesthepreviously assigned
vector(ui ;vi) with thevector(ûi ; v̂i) predictedby adaptive locally
weightedregression.The motion consistency probability is based
on thedifferencebetweenthesetwo vectors:

Mi = N(
q

(ui � ûi)2 + (vi � v̂i)2;s 2
motion): (3)

We experimentedwith a fundamentalmatrix model but found
that it wasredundantwith the motion regression;in our testsets,
the correspondencesthat satisfythe fundamentalmatrix alsohave
highmotionconsistency probability.

4.3 Finding Good Correspondences

Now that we have a way of evaluatingthe quality of a correspon-
dence,we canattemptto �nd a numberof goodcorrespondences

Locally Weighted Regression (Small Kernel)

Locally Weighted Regression (Large Kernel)

Adaptive Locally Weighted Regression

Kernel Reconstruction (Weighted Averaging)

y

x

y

x

y

x

y

x

Figure 3: Each plot representsa genericregressionproblem in
which we seekto �t a functiony(x). Weightedaveragingdoesnot
extrapolatethe function beyond the given data. Locally weighted
linear regressiondoesextrapolate,but leavesan issueof selecting
the bestkernelsize. Whenthe datadensityis highly variable,we
preferto adjustthe kernelsizeaccordingto the local density. We
useadaptive locally weightedregressionto interpolateandextrap-
olatecorrespondences,resultingin adensecorrespondence�eld.

betweenapairof images.To computethemotionconsistency prob-
abilities, we mustbootstrapthe algorithmwith somegood initial
guesses.

Thealgorithmbeginsby selectingfeaturepointsusinga Harris
cornerdetector[Harris and Stephens1988] (with a modi�cation
from page45 of Noble's thesis[1989]). Eachfeaturepoint in the
primaryimageis comparedwith thefeaturepointsin thesecondary
imageto �nd goodmatchesaccordingto nearbypixel values.These
initial matchesareusedto �nd preliminaryregressionpredictions.

For eachfeaturepoint in theprimary image,we thensearchfor
themostlikely matchin thesecondaryimageaccordingto thecor-
respondenceweightingfunction(includingbothpixel matchingand
motionconsistency). Thealgorithmchecksfor matchesin thesec-
ondaryimageat the locationpredictedby the regressionfunction
andat variousnearbyfeaturepointsfound by the cornerdetector.
For eachcandidatelocation,thealgorithmperformsa local motion
optimizationusingtheKLT method[LucasandKanade1981;Shi
andTomasi1994]. Becausethe KLT optimizer is initialized with
regressionpredictions,it can�nd goodcorrespondencesevenwhen
thefeaturedetectorfails to �nd thesamepointsin eachimage.The
localmotionoptimizationallowssub-pixel correspondences,which
wewouldnotobtainsimplyby matchingfeature-detectormaxima.

After trying to improve eachcorrespondence,the algorithmre-
computestheregressionpredictionsandrepeatsthepointwisecor-
respondenceoptimization(in a mannersimilar to EM [Dempster
etal. 1977]).Terminationoccurswhenaniterationcompleteswith-
outmakingfurtherimprovement.

An advantageof this EM-like methodover an alternative such
asRANSAC [FischlerandBolles 1981] is that our algorithmcan
alter the correspondences(throughthe useof regressionandlocal
motionoptimization)to obtainbettercorrespondencesafteranini-
tial pairing. In an imagematchingcontext (asopposedto 3D re-
construction),Kanazawa andKanatani[2002] demonstratethatan
iterative feedbackalgorithmperformsbetterthanRANSAC.

After �nding a setof high likelihoodcorrespondences,we use
thelocally weightedregressionmethoddescribedin Section4.2 to
interpolateandextrapolatetheoffsetvectors,obtainingadensecor-
respondence�eld.
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Figure4: The imagematchingalgorithmtypically convergesin a
few iterations. The blue andyellow arrows denotehigh and low
probabilitycorrespondences,respectively. Thealgorithmsuccess-
fully recognizesthat the teapotpixels cannotbematchedwith the
background.Thereconstructeddensecorrespondencesarequiteac-
curate,asillustratedby the differencebetweenthe primary frame
and the warpedsecondaryframe. The black regions in the dif-
ferenceimageindicatethat thebackgroundpixelsaresuccessfully
matched(with apixel differencenearzero).

5 Video Matching

Therobust imagealignmentmethoddescribedin theprevioussec-
tion is the primary componentof our video matchingalgorithm.
Giventhe imagealignmentmethod,thevideomatchingprocessis
relatively simple. We searchfor possiblepairingsbetweenframes
in theprimaryandsecondaryvideosusingtheimagealignmental-
gorithmto evaluatecandidateframematches.

For eachprimary frame,oncea matchingsecondaryframehas
beenfound,thesecondaryframeis warpedinto alignmentwith the
primaryframe.Theoutputof thealgorithmis a new versionof the
secondaryvideothatis spatiallyandtemporallyregisteredwith the
primaryvideo.

5.1 Frame Matching Measure

To evaluatethe quality of a matchbetweena pair of frames,we
usethe robust imagealignmentmethod(Section4) to �nd a cor-

respondence�eld u(x;y), v(x;y) betweentheframes,thenuseit to
estimatehow well theprimaryandsecondaryframesmatch.

Our framematchingobjective function hastwo parts: a paral-
lax measureandthe correspondencevectormagnitude.We mini-
mizeparallaxbecausedepthdiscontinuitieswill causeerrorsin the
reconstructedcorrespondence�eld. Correspondencemagnitudeis
lessimportant,but we nonethelessminimize it to obtainmaximal
overlapbetweentheframes.To evaluatethematchbetweenframes
i and j, we take a weightedcombinationof the parallaxquantity
pi; j andthemeancorrespondencevectormagnitudemi; j :

Di; j = l � p2
i; j + m2

i; j : (4)

Our parallax measurepi; j quanti�es the amount of depth-
inducedrelativemotionbetweenthecorrespondences.Givenapair
of correspondences,we computethe distancebetweenthe points
in the primary imageand the distancebetweenthe points in the
secondaryimage. We de�ne pi; j to be thechangein this pairwise
distancebetweentheprimaryandsecondaryimages,averagedover
all pairsof correspondences.This measureis invariant to image-
planerotationandtranslation,but not invariantto loomingmotions
anddeptheffects(thequantitieswewish to detect).

We squareeachtermsothattheobjective functionis essentially
quadraticfor linearmotions(to easeoptimization). We setl to 5
to capturetherelative importanceof parallaxovermagnitude.

5.2 Adaptive Search for Matching Frames

Using the objective function describedin Section5.1, we wish to
searchthesecondaryvideo for a goodmatchto a particularframe
in theprimaryvideo.For computationalef�ciency, wedonotwant
to evaluatetheobjective functionfor every frameof thesecondary
video,but insteadselectasmallsubsetof framesto consider.

Givensomeinitial guessof whereto look in thesecondaryvideo,
our algorithmevaluatesseveral nearbyframesand�ts a quadratic
regressionmodelto theobjective functionvaluesof thesepairings
(Figure5). Thesepreliminaryevaluationsoccurat theinitial guess,
1 frameforward,1 framebackward,5 framesforward,and5 frames
backward. The algorithm thenchecksframesnearthe minimum
of the quadraticmodelandre-estimatesthe modelafter eachnew
observation of the objective function. Onceall secondaryframes
nearthequadraticminimumhavebeenchecked,thealgorithmpicks
theonewith thelowestobjective functionvalue.

In order to computean initial guessfor the next framesearch,
thealgorithmcomputesaweightedaverageof thechangesbetween
the frameindicesof the prior matches.The weightsdecayby 1=2
for eachframe and are truncatedafter 5 frames. This weighted
averageis addedto the previous frame index to obtaina starting
point for thesearchfor thenext frame.Thedecayingweightsallow
thealgorithmto respondto changesin therelative cameravelocity
betweenthevideos,but with somedampingto avoid over-reacting
to thesechanges.

For the�rst frameof theprimaryvideo,wehavenopreviousev-
idencefor whereto look in thesecondaryvideo.Wedonotneedto
know theparticularframethatwill matchbest,but we needa good
enoughguessto initiate thequadraticsearch.This initial guesscan
beprovidedby theuseror foundautomaticallyby alinearsearchof
thesecondaryvideo.

This searchmethodallows substantial�e xibility in the tempo-
ral mappingfrom onevideo to the other. Onevideo canbe much
fasterthantheotherorproceedin theoppositedirection.Thevideos
canchangespeedandrelative direction,solong asthechangesare
smooth.A videograph(Section6) canbeusedto handlediscontin-
uoustemporalmappings.
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Figure5: Givenaninitial guess(whitecircle)of whichframeto use
in thesecondaryvideo,we checkseveralnearbyframes(left). We
�t a quadraticregressionmodelto the framematchingscores(red
dashedcurve), thencheckframesnearthe minimum of the curve
(greenarrows). Next we re�t the quadraticmodelandrepeatthe
processuntil all near-minimal frameshave beenchecked. Finally,
wepick theframewith thelowestscore(greencircle).

6 Optional Variations

Fast frame matching. In order to speedup the video matching
process,we quickly estimatethe quality of the matchbetweena
pair of frames. To do this, we run the imagematchingalgorithm
(Section4.3),but skip theKLT motionoptimization(thepartof the
processthat takesthemosttime). This resultsin lessaccuratecor-
respondences,but doesnot substantiallyaffect thecorrespondence
propertiesthat areusedto selectmatchingframesasdescribedin
Section5.1. Oncewe have found a goodframematch,we re-run
thefull algorithmto obtainaccuratepixel correspondences.

Video graph matching. For someapplications,the secondary
videomayincludemany passesover a singlebackgroundenviron-
ment. In this case,ratherthansearchingfor framematcheswithin
a temporalwindow of thesecondvideo,we would like to consider
possiblematchesscatteredthroughoutthe video. To do this, we
build a video graph,in which eachframeis a nodeandedgesare
createdbetweenframesthathave a similar pose,asdeterminedby
theimagealignmentalgorithm.(A videographis like a videotex-
ture[Schödl et al. 2000],but designedto handlevariationsin cam-
erapose.)To performvideomatching,the algorithmsearchesthe
graphfor good matches,startingat the bestmatchfound for the
previousframe.Thusthesearchconsidersa rangeof nearbyview-
points, regardlessof their original temporalordering. Additional
detailsareavailablein thetechnicalreport[SandandTeller2004].

7 Experimental Evaluation

To characterizethe quality of a video match,we warp eachsec-
ondaryframeinto the correspondingprimary frameandcompare
pixel values.To avoid samplingartifacts,weusethemin/maxpixel
comparisonmethoddescribedin Section4.1. We take the mean
over thepixelsin eachframe(not includingthepixelsfor whichthe
primary andsecondaryframesdo not overlap),averagedover all
theframesin theprimaryvideosequence.

This producesa singlenumberthatrepresentsthequality of the
video match. Using this measure,we canexplore variousdesign
changes(suchasverifying that fundamentalmatrix constraintsdo
not improvetheresults).Wecanalsosetthealgorithm'sparameters
by determiningwhichvaluesgive thebestscoresona trainingset.

For our experiments,we set the algorithm's parametersusing
a training set consistingof a variety of differentsequences(with
differentkinds of motion anddifferentkinds of scenes).Because
thereis little dangerof over�tting, weexpectthesesameparameters
to performwell on othersequences.For thefeaturedetector(Sec-
tion 4.3),weuseaGaussianwindow with astandarddeviationof 5
pixelsandadetectorthresholdof 1.0.Thefeaturedetectorenforces
a minimumspacingof 12 pixelsbetweenfeaturepoints.Thealgo-
rithm computesthe pixel dissimilarity for a correspondenceusing
a 24 by 24 pixel region. Thesearchfor initial matchesis restricted
to be within 100 pixels of eachprimary framefeaturepoint. We

usetheaveragedistanceto thenearest80 pointsto settheadaptive
kernelwidth for locally weightedregression.Wesets pixel = 2 and
smotion = 10.

On a setof 200imagepairsfrom four differentkindsof scenes,
thealgorithmhadanaveragerunningtimeof 1.31secondsfor each
imagepair (onasingle-processordesktopPC).Themajorityof this
time is spenton the KLT optimizationdescribedin Section4.3.
Performingthecompletevideomatchingalgorithm(with multiple
imagecomparisonsperframe)takesseveralminutespersecondof
primary video. The fastmatchingmethoddescribedin Section6
improvestheoverall runningtimeby abouta factorof seven.

8 Applications

Theability to registervideosequenceshasavarietyof applications.
As illustratedby Agarwala et al. [2004], a set of registeredim-
agesprovidesnumerousopportunitiesfor imagemanipulation.The
videomatchingalgorithmdescribedin thispaperallowstheseoper-
ationsto beperformedon framesequencesfrom moving cameras.
We demonstrateseveralof theseapplicationsin thevideoavailable
onthe2004SIGGRAPHDVD. Thesedemosaredescribedin more
detail in thetechnicalreport[SandandTeller2004].

The output of the video matchingalgorithm is a new version
of the secondaryvideo in which eachframeis registeredwith the
correspondingframe of the primary video. Given this aligned
secondaryvideo, pixels can be copiedover, comparedwith, and
blendedwith pixels from the primary video using standardcom-
mercialcompositingsoftware.

Background subtraction. Given an imagecontainingobjects
andan emptybackgroundimagewithout the objects,the objects
can be localized by comparingcorrespondingpixels (Figure 4).
Tracking a moving object enablestaskssuchas gesturerecogni-
tion, surveillance,and markerlessmotion capture[Davison et al.
2001]. If theobjectis visually differentfrom thebackground,ac-
curateobjectboundariescanbefound,providing mattesfor various
of �lmmaking applications.Thesemattescanbe improved using
moresophisticatedmethods[Chuangetal. 2002].

Compositing. Aligning two videosequencesallowspixelsto be
copiedfrom oneto the other(Figure9). An emptystreetwith an
actionsequencecanbe compositedonto a streetfull of traf�c. A
bluesky canbecompositedontoa shotthathada graysky. People
andobjectscanbeaddedto or repeatedin a scene.In many cases,
a roughmatteis suf�cient for thiskind of compositing,becausethe
backgroundis assumedto bethesamein bothsequences.In some
of ourdemos,weusethedifferenceimagesto guidethemotionof a
roughmatte.In othercases(suchascausingaglassof orangejuice
to becomeempty),we key-framethemotionof theroughmatte.If
a precisematteis needed,it canbe obtainedby backgroundsub-
traction,color segmentation,or semi-automaticrotoscoping.

Automatic wir e removal. Oneparticularkind of compositing
thatoccursfrequentlyin specialeffectswork is wire removal. Af-
ter �lming an emptybackgroundsequence,we canautomatically
remove wires using a maskattainedvia backgroundsubtraction.
Throughimage�ltering, our algorithmdetectswhich partsof the
maskoccurin thin linesandcopiesbackgroundpixelsat theselo-
cations(Figure6). Cranes,platforms,andotherrigging canbere-
moved in a similar fashion,thoughapproximatemattesmay need
to bemanuallyspeci�edfor morecomplex objects.

Replacementof stand-ins.A couplerecent�lms have usedac-
tors to standin for CG charactersin order to provide a reference
for otheractorsand/orcomputeranimators.Thesestand-inactors
mustbereplacedwith thescenebackgroundwhentheCG charac-
ter is compositedinto theshot(unlesstheCG characterhappensto
overlapthestand-inin everypixel of every frame).Videomatching
canreplacesomeof theextensive manuallabor thathasbeenused
to paintabackgroundoverstand-insfor CGcharacters.



Figure 6: The top imageshave beenregisteredusing the robust
matchingalgorithm. Fromtheseimageswe canusesimpleimage
processingmethods(backgroundsubtractionandcolor thresholds)
to createa maskfor the wire (in red). Inside the mask,we copy
pixelsfrom thebackground.Thisallowsawire to beautomatically
removedin eachframeof a longsequencefrom amoving camera.

Wide �eld-of-view video. By matchinganoverlappingpartof
two video sequences,our methodcanmerge theminto onevideo
sequencewith a larger �eld of view. This differs from prior mo-
saicingmethods[Brown andLowe 2003] insofar aswe producea
separatemosaicfor eachframe.Multiple secondaryvideoscanex-
pandtheper-framemosaics,solongaseachsequenceoverlapswith
another. Onelimitation of thisapproachis thatmoving objectscan-
not move from onesequenceto another, unlessthe sequencesare
recordedat thesametime (by placingmultiplecamerasona rig).

High dynamic range video. Attaining properexposureis one
of themostcommonanddif�cult problemsin �lmmaking. A par-
ticularly usefulkind of compositingis thecreationof highdynamic
rangevideofrom severallow dynamicrangevideosrecordedatdif-
ferentexposures(Figure7) [DebevecandMalik 1997].To perform
video matchingacrossdifferentexposures,we �rst normalizethe
local contrastand brightness(Section4.1). In this case,we set
s pixel = 5 andsmotion = 5. Oncethesequenceshave beenaligned,
standardtechniquescanbeusedto combinetheimagesandremap
theresultfor display[DebevecandMalik 1997;Kanget al. 2003].
This approachcanbe performedon scenesthat involve a moving
subject,which must be properly exposedin one sequencewhile
othersequences(without themoving subject)properlyexposevar-
iouspartsof thebackground.

9 Limitations and Future Work

The main limitation of our approachis that the primary andsec-
ondaryvideo sequencesmusthave spatiallysimilar motions. Our
methodallowsgeneralcameramotion(hand-held,tripod-mounted,
vehicle-mounted,etc.),but requiresthat eachvideo sequencefol-
low nearlythesametrajectorythroughspace(thoughperhapswith
substantiallydifferent timing). This limitation arisespartially be-
causeour algorithm doesnot model discontinuitiesin the corre-
spondence�eld. We do representvariationin pixel motiondueto
depth,but weassumethatthisvariationoccurssmoothlyacrossthe
image.Anotherlimitation is thealgorithm'sdependenceon2D im-
agetexturefor matching.

Both discontinuitiesanda lack of 2D textureareissuesthatare
handledby many existing optical �o w algorithms.However, these

Primary Frame

Normalized Secondary Frame

Initial Matches Refined Matches (Step 1)

Refined Matches (Step 2) High Dynamic Range Composite

Secondary Frame

Normalized Primary Frame

Figure7: Theseframeswereselectedby thevideomatchingalgo-
rithm from apairof videosrecordedatdifferentexposures.Theal-
gorithm�rst performslocalbrightness/contrastnormalization,then
�nds high-likelihoodcorrespondences.Oncethe secondaryframe
hasbeenmappedto the�rst, theexposuresarecombinedto create
ahighdynamicrangecomposite.

algorithmscannotcopewith large-scaledifferencesbetweenthe
images(suchas an object that appearsin one imagebut not the
other).Whenlargeimageregionsareunmatchable,wehavebarely
enoughinformationto �nd a smoothwarpingbetweentheimages;
�nding correctdiscontinuitiescanbedif�cult if not impossible.

Nonetheless,in the future we plan to extend our algorithm to
make betteruseof the information in the images. We intend to
decomposethe optical motion into depthparametersand camera
motionparameters.To dothis,thealgorithmdescribedin thispaper
will beusedto �nd correspondencesfor theestimationof epipolar
geometry. Theepipolarconstraintscanthenbeusedto incorporate
informationfrom 1D edgefeatures(not just 2D features),resulting
in abettercorrespondence�eld.

Wealsoplanto combinebothinter-sequenceandintra-sequence
matchingto improve temporalcoherenceand frame searchef�-
ciency. Basedontheinter-sequencecorrespondencesfor oneframe
pair, we will selectpartsof eachframein which to computeintra-
sequencecorrespondences.Theseintra-sequencecorrespondences
will thenbe usedto selecta secondaryframethat will matchthe
subsequentprimaryframe.



10 Conclusion

Thispaperpresentsanew methodfor registeringmultiplevideose-
quencesby selectingvideoframesandapplyingimagewarps.We
provide a methodfor robust imagealignmentthat combinesele-
mentsof feature-pointcorrespondencematchingandlocal motion
estimation(i.e. optical �o w). Unlike existing methods,the algo-
rithm is explicitly designedto handlelarge-scaledifferencesbe-
tweenimages.Our methodmakeseffective useof the information
availablein theimagewithoutbeingdistractedbypartsof theimage
thatarenotmatchable.

Weusethis imageregistrationmethodasasub-routinein avideo
alignmentalgorithmthatsearchesfor a goodmatchfor eachvideo
frame. This algorithmprovidesa partial solution to the problem
of aligningvideosequencesthatwererecordedwith generalcam-
eramotions. This is a valuableproblemto solve andonethat has
attractedrelatively little attentionin thepast.

As discussedin Section9, the main limitations of this method
arethatthevideosmustfollow spatiallysimilarcameratrajectories
andthat the videosmustcontainsuf�cient texture. Both of these
limitations canbe partially overcomeby incorporating1D image
constraints.

Despitetheselimitations,thealgorithmis usefulfor a varietyof
applications,suchasforegroundsegmentation,compositing,wire
removal, replacingstand-ins,per-frame mosaicing,and high dy-
namicrangeimaging. In the past,many of theseapplicationsre-
quiredregisteredimagesfromastaticor roboticallycontrolledcam-
era.Thesetechniquescannow beappliedin a wider rangeof situ-
ationsusingthemethodspresentedin thispaper.
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Figure8: (a) Primaryvideoframesfrom ahand-heldsequence(frames0, 60,120,180,240). (b) Matchingsecondaryvideoframesfoundby
ouralgorithm(frames14,89,138,147,147). (c) Re�ned correspondencesfoundby thealgorithm.(d) Reconstructedcorrespondence�elds.
(e)Differencebetweenprimaryframeandprojectedsecondaryframe.

(a)

(b)

(c)

Figure9: This �gure shows primary frames(a), secondaryframes(b), andvariouscomposites(c). Fromleft to right: (1) a transparentfan
createdby blendingthetwo frames,(2) color manipulatedaccordingto a differencematte,(3) cloninga personby compositingtheleft half
of oneimagewith right half of another, (4) changingtheamountof orangejuice usinga horizontalcompositingline, and(5) a dismembered
handwith akey-framedcompositingline. Noneof thecompositesrequireper-framemanualrotoscoping.


