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Abstract

This paperdescribesa methodfor bringing two videos(recorded
at differenttimes)into spatiotemporahlignment,thencomparing
andcombiningcorrespondingixelsfor applicationssuchasback-
ground subtraction,compositing,and increasingdynamic range.
We align a pair of videoshy searchingor framesthat bestmatch
accordingto a robust image registration process. This process
usedocally weightedregressiorto interpolateandextrapolatehigh-
likelihoodimagecorrespondences]lowing nen correspondences
to bediscoreredandre ned. Imageregionsthatcannotbematched
aredetectecandignored,providing robustnesgo changesn scene
contentandlighting, which allows a variety of new applications.

CR Categories: 1.4.3 [Image Processingand ComputerVision):
Enhancement—Rystration; 1.4.8 [Image Processingand Com-
puterVision]: SceneAnalysis—Motion

Keywords: videoalignmentrobustimagematching robustimage
registration,high dynamicrangevideo

1 Intro duction

Givenmultiple still imagesof a scendrom the samecameracenter
one can performa variety of image analysisand synthesistasks,
suchasforeground/backgroundegmentationcopying anobjector
personfrom oneimageto anothey building mosaicsof the scene,
andconstructinchigh dynamicrangecomposites.

Ourgoalis to extendthesetechniquego videofootageacquired
with a moving camera. Given two video sequencegrecordedat
separatéimes),we seekio spatiallyandtemporallyaligntheframes
suchthat subsequenimage processingcan be performedon the
alignedimages. We assumethat the input videosfollow nearly
identicaltrajectorieghroughspaceput we allow themto have dif-
ferenttiming. The outputof our algorithmis a new sequencen
which each“frame” consistsof a pair of registeredimages. The
algorithmprovidesanalternatve to the expensve andcumbersome
robotic motion control systemghatwould normally be usedto en-
sureregistrationof multiple videosequences.

The primary dif culty in this taskis matchingimagesthathave
substantiallydifferentappearance@-igure1). Video sequencesf
thesamescenemaydiffer from oneanotherdueto moving people,
changesn lighting, and/ordifferentexposuresettings.In orderto
obtain good alignment,our algorithm must make useof as much
imageinformationaspossible without beingmisled by imagere-
gionsthatmatchpoorly.

Traditionalmethodsfor aligningimagesincludefeaturematch-
ing andoptical ow. Featurematchingalgorithms nd a pairing
of featurepointsfrom oneimageto anothey but they do not give

e-mail: f sand,telleg@csail.mit.edu

adensepixel correspondenceOptical o w produces densepixel
correspondencedut is not robustto objectspresentin oneimage
but notthe other

Our methodcombineselementf featurematchingandoptical

ow. In agivenimage,the algorithmidenti es a setof textured
imagepatchego be matchedvith patchesn theotherimage.Once
a setof initial matcheshasbeenfound, we usethesematchesas
motion evidencefor a regressionrmodelthat estimatesiensepixel

correspondenceacrossthe entireimage. Theseestimatesallow

further matchesto be discorered and re ned using local optical

o w. Throughouthe processyve estimateandutilize probabilistic
weightsfor eachcorrespondencellowing the algorithmto detect
anddiscard(or x) mismatches.

Our primary contritution is a methodfor spatially and tempo-
rally aligning videosusingimage comparisons.Our imagecom-
parisonmethodis alsonovel, insofar asit is explicitly designedo
handlelarge-scaldifferencedbetweerntheimages.The mainlimi-
tation of our approachs thatwe requiretheinput videosto follow
spatially similar cameratrajectories. The algorithm cannotalign
imagesfrom substantiallydifferentviewpoints,partially becauset
doesnotmodelocclusionboundariesNonethelessye demonstrate
avarietyof applicationgor which our methodis useful.
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Figurel1: Our matchingalgorithmis robustto differencessuchas
an objectthat appearsn only oneimage(left pair) or changesn
lighting andexposure(right pair). Thekey ideabehindour match-
ing algorithmis to identify which partsof theimagecanbematched
(bluearrows) without beingconfusedy partsof theimagethatare
dif cult orimpossibleto match(yellow arrons).

2 Related Work

Aligning apair of imagess astandargroblemin computeision.
Optical o w algorithms[BeauchemirandBarron1995] nd avec-
tor eld thatmapseachpixel from oneimageto a corresponding
pixel in anotherimage. Stereomethods[Scharsteinand Szeliski
2002] useknown cameraposesto restrictthe searchto 1D lines
(for imagesof a static scene). Many of thesealgorithmsare ro-
bustto small-scaleeffects (suchaslocal violations of smoothness



or re ectanceassumptionsiut they arenotintendedfor matching
imagesthathave large differencesn lighting or have large objects
thatappeaiin oneimagebut not the other Some o w estimation
methodgBlack andAnandanl996]handlelargeimageregionsthat
do not matchby robustly tting global parametrianodelsto local
o w estimates.Our method ts a non-parametrienodelanddoes
notrely entirelyonlocal o w estimates.

Thebasisof ouralgorithmis matchingsalientimagepoints[Har-
ris and Stephensl988; Brown and Lowe 2003]. Mary existing
methodsprunefeaturematchesusingrobust tting methods(such
asRANSAC [FischlerandBolles 1981]) with constraintfrom the
fundamentalmatrix [Hartley and Zisserman2000]. Brown and
Lowe [2003] align imagesby matchingfeaturesthat are invari-
antto several spatialandillumination transformations Kanazava
andKanatan{2002] nd goodcorrespondencessingepipolarcon-
straintscombinedwith smoothnesandspatialconsisteng criteria.
Smithetal. [1998]re ne featurematchesy comparingthe length
andangleof eachcorrespondenceectorwith its neighbors.

None of theseimagecorrespondenceechniquesaddresseshe
larger problemof video registration. CaspiandIrani [2000] align
video sequencesising a single image transformationand single
time offset for an entire sequence.This methodis successfufor
rigidly connecteccameraghat simultaneouslyecorda scene put
doesnot applyto spatiallyor temporallydifferentmotions. Sawh-
ney etal. [2001] provide a methodof aligningtwo videosequences
using stereoand optical ow, but also aim only at the caseof
rigidly connecteccamerassimultaneouslyecordinga scene.Rao
et al. [2003] temporallymatchvideo sequenceby trackinga fea-
turethatappearsn eachvideo andaligning the resultingtrajecto-
ries. This requiresa userspeci ed trackablefeatureand doesnot
provide densepixel correspondencdsetweerthevideosequences.

Our methodprovides a warping eld and temporaloffset for
eachframe, allowing the video framesto be registeredfor vari-
ous segmentationand compositingapplications. Several of these
applicationshave beenaddressedia differentmethods. Chuang
etal. [2002] usemosaicingechniquedo reconstruct background
imagethatis usedfor foregroundsegmentationKangetal. [2003]
registerimagesat differentexposurego obtainhigh dynamicrange
video. Theseapplicationsand otherscan be performedwith the
help of themethodwe presentin this paper

3 Overview

Ourgoalis to constructamappingbetweertwo videossothatboth
videoscanbemanipulatedn asharedspatialandtemporaldomain.
Oneof thetwo videosis designatedsthe primaryvideo,the other
asthe secondaryThe primaryvideo providesthe spatialandtem-
poralreferencethe secondaryideois mappedo matchit.

The coreof the algorithmis robustimagealignment,described
in Section4, which providesa warpingfrom oneimageto another
thatis robustto signi cant differencedetweerthoseimages.This
imagealignmenttechniqueis usedasa sub-functionof the video
alignmentprocesswhich is describedn Section5. In Section6,
we presentwo extensiongo the basicalgorithm. We describeex-
perimentakvaluationsan Section7 andgive variousapplicationsn
Section8. Limitations and plannedsolutionsto theselimitations
arediscussedn Section9.

4 Robust Image Alignment

Ourimagealignmentalgorithm nds correspondencésetweerpix-
elsin a pair of images.Eachcorrespondencis assignedh weight
accordingto the likelihood that it describesa physical 3D point
undegoing a physical 3D motion. The ability to characterizeéhe
correctnessf acorrespondencs essentiato therobustnes®f the

algorithm.We wantto useasmuchinformationfrom theimagesas
possibleput we do notwantto bemisledby unexpectedifferences
betweertheimages.

The weightw; assignedo theit"correspondencis the product
of two terms: a pixel matchingprobability B (Section4.1) anda
motionconsisteng probability M; (Sectiord.2). For simplicity, we
assumeéndependencerhencombiningthe probabilities.

4.1 Pixel Consistency

To computethe pixel matchingprobability B, for a particularcor
respondenceye evaluatehow well the imagesmatchin a square
region aroundthe correspondence Ratherthan simply compar
ing pixel values,we usea methodthat allows small spatialvaria-
tionsin the correspondingixel locations.This techniquejnspired
by Birch eld and Tomasi[1998], permitssmall changesn scale,
rotation, and skaw of animageregion dueto differencesn cam-
eraviewpoint. This alsoalleviatesseveral samplingissues.(Sim-
ilar methodsare proposedby Kutulakos [2000] and Szeliskiand
Scharsteirj2002].)

A singlepixel in the primary imageis comparedwith a 3-by-
3 neighborhoof pixelsin the secondarymage,ratherthanwith
a single secondanypixel. To do this ef ciently, the algorithmap-
plies3-by-3minimumandmaximum lters tothesecondarymage,
producingnewn imageslmin andImax (Figure 2). Theseminimum
andmaximumimagesde ne boundson the value of eachpixel in
the secondanyimage; the correspondingprimary pixel receves a
penaltyif andonly if its valuelies outsidethis interval.

To evaluatea correspondencegur algorithm sumsthis pixel
matchingscoreacrossa squareregion (with sizespeci edin Sec-
tion 7). For animageregion Rin theprimaryimagel we obtainthe
following score:

1(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 usedacrossheentireregion). We average
theabove scoreover eachcolor channelo obtainthe pixel intensity
dissimilarityd; for theit"correspondence.

In the casethatthe primary andsecondarymagescontainsub-
stantialdifferencesn lighting or exposurewe performlocal bright-
nessaandcontrasnormalizatiofSandandTeller2004],thenusethe
samemin/maximagecomparisoron thenormalizedmages.

In eithercasewe usethe pixel intensitydissimilarity d; to com-
putethe pixel matchingprobability B :

a max0;1(xy) ImadX+ U;y+ V) Imin(X+ U;y+ V)

(xy)2R

R = N(di; S fe): 2)

HereN(x; s 2) is azero-mearGaussiamwith variances 2 evaluated
atx. We specifys pixe asdescribedn Section?.

Thismethodof comparingmageregionsattainssomeinvariance
to afne transformationshut notasmuchasothermethodg{Brown
andLowe 2003;Ferrariet al. 2001]. Stronginvarianceis not nec-
essanyfor ouralgorithm,becauseve limit theinputimageso have
similar viewpoints.

4.2 Motion Regressionand Consistency

To evaluatemotion consisteng, we determinehow well the offset
vector (u; V) of a particularcorrespondencagreeswith its neigh-
bors. Thisrequiresnitial estimate®f theweightsf w;jg for theother
correspondenceshichwe will obtainasdescribedn Sectior4.3.
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Figure2: Eachplot representa crosssectionof a hypotheticalim-
age.Theimageis (non-linearly) ltered soeachpixel becomeghe
minimumor maximumof its 3 by 3 neighborhood.

Fromtheseweightsandthecorrespondencdgx;;y;; ui; vi)g, theal-
gorithm reconstructs vector eld u(x;y), v(x;y) thatprovidesan
offsetfor eachpixel of the primaryimage.

Our algorithm computes u(x;y) and v(x;y) using locally
weightedlinearregressiorfAtkesonetal. 1997],which determines
thevalueof afunctionataquerypointby tting aregressiormodel
to nearbypoints,eachweightedby its distanceto the query point.
The smoothnes®f locally weightedregressionis determinedby
a kernelwidth parameterK, describingthe shapeof the distance
weightingfunction (typically a Gaussian)We modify this method
to incorporateour correspondencgrobabilitiesby multiplying the
kernelweightfor eachcorrespondenchy its matchingweightw;.

We male one additional modi cation to standard locally
weightedregression: we adaptthe kernel width accordingto the
densityof pointsaroundthe query point (Figure 3). We increase
the kernelwidth K in regionsof low datadensity(to bridgelarge
gaps)anddecreas in regionsof high datadensity(to model ne
details). To do this, the algorithmsetsK to the averagedistance
from the query point to the N nearesneighbors.(N is oneof the
parametewraluesgivenin Section7.) This adaptve kernelwidth
is particularlyusefulfor imagecorrespondenceshich mayoccur
denselyin highly textureregions,but very sparselyelsavhere(such
asuntexturedwalls and oors).

A linearmodelfor u andv in termsof x andy candescribémage-
spacerotation,scaling,andotheraf ne transformationsBy using
locally weightedregressionwe extendthelinearmodelto describe
smoothimagewarps,including lens distortion and gradualvaria-
tionsdueto depthandperspectie. Oneadwantageof tting alocal
modelis thatwe expectto extrapolatebetterthansimply averaging
nearbypoints(Figure3).

In orderto computethe motion consisteng probability M; for
acorrespondencéhe algorithmcompareghe previously assigned
vector(u;;Vv;) with the vector (0i; V) predictedby adaptve locally
weightedregression. The motion consisteng probability is based
onthedifferencebetweerthesetwo vectors:

q
Mi=NC (U G)2+ (v %)% SEgion): (3)
We experimentedwith a fundamentaimatrix model but found
thatit wasredundanwith the motion regression;in our testsets,
the correspondencebat satisfythe fundamentamatrix alsohave
high motion consisteng probability

4.3 Finding Good Correspondences

Now thatwe have a way of evaluatingthe quality of a correspon-
dence,we canattemptto nd a numberof good correspondences

X X
Locally Weighted Regression (Lge Kernel)

Kernel Reconstruction (#ightedAveraging)
y y

X X
Adaptive LocallyWeighted Regression

Locally Weighted Regression (Small Kernel)

Figure 3: Each plot representsa genericregressionproblemin

which we seekto t afunctiony(x). Weightedaveragingdoesnot
extrapolatethe function beyond the given data. Locally weighted
linear regressiondoesextrapolate but leaves anissueof selecting
the bestkernelsize. Whenthe datadensityis highly variable,we

preferto adjustthe kernelsize accordingto the local density We

useadaptve locally weightedregressiorto interpolateandextrap-
olatecorrespondencesgsultingin adensecorrespondenceld.

betweerapairof images.To computehemotionconsisteng prob-
abilities, we mustbootstrapthe algorithmwith somegoodinitial
guesses.

The algorithmbegins by selectingfeaturepointsusinga Harris
cornerdetector[Harris and Stephensl988] (with a modi cation
from page45 of Noble's thesis[1989]). Eachfeaturepointin the
primaryimageis comparedvith thefeaturepointsin thesecondary
imageto nd goodmatchesccordingo nearbypixel values.These
initial matchesareusedto nd preliminaryregressiorpredictions.

For eachfeaturepointin the primaryimage,we thensearchfor
themostlikely matchin the secondarymageaccordingto the cor
respondenceveightingfunction(includingbothpixel matchingand
motionconsisteng). Thealgorithmchecksfor matchesn the sec-
ondaryimageat the location predictedby the regressionfunction
andat variousnearbyfeaturepointsfound by the cornerdetector
For eachcandidatdocation,the algorithmperformsalocal motion
optimizationusingthe KLT method[LucasandKanadel1981; Shi
and Tomasi1l994]. Becauseahe KLT optimizeris initialized with
regressiorpredictionsjt can nd goodcorrespondencevenwhen
thefeaturedetectoifailsto nd thesamepointsin eachimage.The
localmotionoptimizationallows sub-pixel correspondenceghich
we would not obtainsimply by matchingfeature-detectomaxima.

After trying to improve eachcorrespondencehe algorithmre-
computegheregressiompredictionsandrepeatghe pointwisecor
respondenceptimization(in a mannersimilar to EM [Dempster
etal. 1977]). Terminationoccurswhenaniterationcompleteswith-
outmakingfurtherimprovement.

An adwantageof this EM-like methodover an alternatve such
asRANSAC [FischlerandBolles 1981]is that our algorithmcan
alterthe correspondencgshroughthe useof regressionandlocal
motion optimization)to obtainbettercorrespondenceafteranini-
tial pairing. In animagematchingcontext (asopposedo 3D re-
construction) Kanazava andKanatani[2002] demonstrat¢hatan
iterative feedbaclalgorithmperformsbetterthanRANSAC.

After nding a setof high likelihood correspondencesye use
thelocally weightedregressiormethoddescribedn Section4.2to
interpolateandextrapolatethe offsetvectors obtainingadensecor
respondenceeld.
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Figure4: Theimagematchingalgorithmtypically corvergesin a
few iterations. The blue andyellow arrons denotehigh and low
probability correspondencesespectrely. The algorithmsuccess-
fully recognizeghatthe teapotpixels cannotbe matchedwith the
backgroundThereconstructedensecorrespondencesequiteac-
curate,asillustratedby the differencebetweerthe primary frame
and the warpedsecondaryframe. The black regionsin the dif-
ferenceimageindicatethatthe backgroundpixels are successfully
matchedwith a pixel differencenearzero).

5 Video Matching

Therobustimagealignmentmethoddescribedn the previous sec-
tion is the primary componentof our video matchingalgorithm.
Giventhe imagealignmentmethod,the video matchingprocessds
relatively simple. We searchfor possiblepairingsbetweerframes
in the primary andsecondaryideosusingtheimagealignmental-
gorithmto evaluatecandidatdramematches.

For eachprimary frame, oncea matchingsecondaryrame has
beenfound,the secondaryrameis warpedinto alignmentwith the
primaryframe. The outputof the algorithmis anew versionof the
secondaryideothatis spatiallyandtemporallyregisteredwith the
primaryvideo.

5.1 Frame Matching Measure

To evaluatethe quality of a matchbetweena pair of frames,we
usethe robustimagealignmentmethod(Section4) to nd a cor

respondenceeld u(x;y), v(x;y) betweertheframes thenuseit to
estimatehow well the primaryandsecondarframesmatch.

Our frame matchingobjective function hastwo parts: a paral-
lax measureandthe correspondenceector magnitude. We mini-
mize parallaxbecauselepthdiscontinuitieswvill causeerrorsin the
reconstructed¢orrespondenceld. Correspondencmagnitudeis
lessimportant,but we nonethelessninimize it to obtainmaximal
overlapbetweertheframes.To evaluatethe matchbetweerframes
i and j, we take a weightedcombinationof the parallaxquantity
pi;j andthe meancorrespondenceectormagnitudem::

Diij= 1 pfj+ ntj: @)

Our parallax measurep;;j quanti es the amount of depth-
inducedrelative motionbetweerthecorrespondence&ivenapair
of correspondencesye computethe distancebetweenthe points
in the primary image and the distancebetweenthe pointsin the
secondarymage. We de ne pj;j to bethe changein this pairwise
distancebetweerthe primaryandsecondarymagesaveragecbver
all pairsof correspondencesThis measurds invariantto image-
planerotationandtranslation put notinvariantto loomingmotions
anddeptheffects(the quantitieswe wish to detect).

We squareeachtermsothatthe objective functionis essentially
guadraticfor linear motions(to easeoptimization). We set/ to 5
to capturetherelative importanceof parallaxover magnitude.

5.2 Adaptive Seach for Matching Frames

Using the objectie function describedn Section5.1, we wish to
searchthe secondaryideofor a goodmatchto a particularframe
in the primaryvideo. For computationaef ciency, we do notwant
to evaluatethe objectie functionfor every frameof the secondary
video, but insteadselecta smallsubsebf framesto consider

Givensomeinitial guesof whereto look in thesecondaryideo,
our algorithmevaluatesseveral nearbyframesand ts a quadratic
regressiomrmodelto the objective function valuesof thesepairings
(Figureb5). Thesepreliminaryevaluationsoccurattheinitial guess,
1 frameforward, 1 framebackward,5 framesforward,and5 frames
backward. The algorithmthen checksframesnearthe minimum
of the quadraticmodelandre-estimateshe model after eachnew
obsenation of the objective function. Onceall secondaryframes
nearthequadratianinimumhave beenchecled,thealgorithmpicks
theonewith thelowestobjective functionvalue.

In orderto computean initial guessfor the next frame search,
thealgorithmcomputesweightedaverageof thechangedbetween
the frameindicesof the prior matches.The weightsdecayby 1=
for eachframe and are truncatedafter 5 frames. This weighted
averageis addedto the previous frame index to obtain a starting
pointfor thesearctor thenext frame. Thedecayingweightsallow
thealgorithmto respondo changesn therelative cameravelocity
betweerthevideos,but with somedampingto avoid overreacting
to thesechanges.

Forthe rst frameof theprimaryvideo,we have no previousev-
idencefor whereto look in thesecondaryideo. We do not needto
know theparticularframethatwill matchbest,but we needa good
enoughguesgo initiate the quadraticsearch This initial guesscan
be providedby the useror foundautomaticallyby alinearsearctof
thesecondaryideo.

This searchmethodallows substantiale xibility in the tempo-
ral mappingfrom onevideoto the other Onevideo canbe much
fastetthantheotheror proceedn theoppositedirection. Thevideos
canchangespeedandrelative direction,solong asthe changesre
smooth.A videograph(Section6) canbeusedto handlediscontin-
uoustemporalmappings.
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Figure5: Givenaninitial guesgwhite circle) of whichframeto use
in the secondaryideo, we checkseveral nearbyframes(left). We
t aquadraticregressiormodelto the framematchingscores(red
dashedcurwe), then checkframesnearthe minimum of the curve
(greenarravs). Next we re t the quadraticmodelandrepeatthe
procesauntil all nearminimal frameshave beenchecled. Finally,
we pick theframewith thelowestscore(greencircle).

6 Optional Variations

Fast frame matching. In orderto speedup the video matching
processwe quickly estimatethe quality of the matchbetweena
pair of frames. To do this, we run the image matchingalgorithm
(Sectiond.3), but skipthe KLT motionoptimization(the partof the
procesghattakesthe mosttime). This resultsin lessaccuratecor
respondence$ut doesnot substantiallyaffect the correspondence
propertiesthat are usedto selectmatchingframesasdescribedn
Section5.1. Oncewe have found a good frame match,we re-run
thefull algorithmto obtainaccuratepixel correspondences.
Video graph matching. For someapplicationsthe secondary
videomayincludemary passe®ver a singlebackgrouncerviron-
ment. In this case ratherthansearchingor framematcheswithin
atemporalwindow of the secondvideo, we would lik e to consider
possiblematchesscatteredhroughoutthe video. To do this, we
build a video graph,in which eachframeis a nodeandedgesare
createdbetweerframesthathave a similar pose, asdeterminedyy
theimagealignmentalgorithm. (A videographis like avideotex-
ture[Schidl etal. 2000], but designedo handlevariationsin cam-
erapose.) To performvideo matching,the algorithmsearcheshe
graphfor good matches startingat the bestmatchfound for the
previousframe. Thusthe searchconsidersa rangeof nearbyview-
points, regardlessof their original temporalordering. Additional
detailsareavailablein thetechnicalreport[SandandTeller 2004].

7 Experimental Evaluation

To characterizahe quality of a video match,we warp eachsec-
ondaryframeinto the correspondingrimary frame and compare
pixel values.To avoid samplingartifacts,we usethemin/maxpixel
comparisonmethoddescribedn Section4.1. We take the mean
overthepixelsin eachframe(notincludingthe pixelsfor whichthe
primary and secondaryframesdo not overlap), averagedover all
theframesin the primaryvideosequence.

This producesa singlenumberthatrepresentshe quality of the
video match. Using this measurewe can explore variousdesign
changegsuchasverifying that fundamentamatrix constraintsdo
notimprove theresults).We canalsosetthealgorithm's parameters
by determiningwhich valuesgive the bestscoreon atrainingset.

For our experiments,we setthe algorithm's parametersising
a training setconsistingof a variety of differentsequencegwith
differentkinds of motion and differentkinds of scenes).Because
thereis little dangerof over tting, we expectthesesameparameters
to performwell on othersequenceskor the featuredetector(Sec-
tion 4.3),we usea Gaussiarwindow with a standardieviation of 5
pixelsandadetectotthresholdof 1.0. Thefeaturedetectorenforces
aminimumspacingof 12 pixels betweerfeaturepoints. The algo-
rithm computeghe pixel dissimilarity for a correspondencesing
a 24 by 24 pixel region. ThesearcHor initial matchess restricted
to be within 100 pixels of eachprimary frame featurepoint. We

usethe averagedistanceto the nearesB0 pointsto setthe adaptve
kernelwidth for locally weightedregressionWe sets pixe| = 2 and
Smaion = 10.

On asetof 200imagepairsfrom four differentkinds of scenes,
thealgorithmhadanaveragerunningtime of 1.31seconddor each
imagepair (on asingle-processatesktopPC). The majority of this
time is spenton the KLT optimizationdescribedin Section4.3.
Performingthe completevideo matchingalgorithm (with multiple
imagecomparisonperframe)takessereral minutesper secondf
primary video. The fastmatchingmethoddescribedn Section6
improvesthe overall runningtime by abouta factorof seven.

8 Applications

Theability to registervideosequencebasavarietyof applications.
As illustrated by Agarwala et al. [2004], a set of registeredim-
agegrovidesnumeroupportunitiesor imagemanipulation.The
videomatchingalgorithmdescribedn this paperallowstheseoper
ationsto be performedon framesequencefom maoving cameras.
We demonstratseveral of theseapplicationdn thevideoavailable
onthe2004SIGGRAPHDVD. Thesedemosaredescribedn more
detailin thetechnicalreport[SandandTeller 2004].

The output of the video matchingalgorithmis a new version
of the secondaryideo in which eachframeis registeredwith the
correspondingrame 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 animagecontainingobjects
and an empty backgroundmage without the objects,the objects
can be localized by comparingcorrespondingpixels (Figure 4).
Tracking a moving objectenablestaskssuchas gesturerecogni-
tion, suneillance,and markerlessmotion capture[Davison et al.
2001]. If the objectis visually differentfrom the backgroundac-
curateobjectboundariesanbefound, providing mattesfor various
of Immaking applications. Thesemattescan be improved using
moresophisticateanethoddChuangetal. 2002].

Compositing. Aligning two videosequenceallows pixelsto be
copiedfrom oneto the other(Figure9). An emptystreetwith an
actionsequenceanbe compositedbnto a streetfull of trafc. A
blue sky canbe compositecdbntoa shotthathada gray sky. People
andobjectscanbe addedto or repeatedn a scene.ln mary cases,
aroughmatteis sufcient for thiskind of compositingpecausé¢he
backgrounds assumedo bethe samein both sequencesn some
of ourdemosye usethedifferenceémageso guidethemotionof a
roughmatte.In othercasegsuchascausinga glassof orangguice
to becomeempty),we key-framethe motion of theroughmatte. If
a precisematteis neededjt canbe obtainedby backgroundsub-
traction,color sgmentationpr semi-automaticotoscoping.

Automatic wire removal. One particularkind of compositing
thatoccursfrequentlyin specialeffectswork is wire removal. Af-
ter Iming an empty backgroundsequencewe canautomatically
remove wires using a mask attainedvia backgroundsubtraction.
Throughimage ltering, our algorithmdetectswhich partsof the
maskoccurin thin lines andcopiesbackgroundpixels at theselo-
cations(Figure6). Cranesplatforms,andotherrigging canbere-
moved in a similar fashion,thoughapproximatemattesmay need
to bemanuallyspeci ed for morecomple objects.

Replacementof stand-ins. A couplerecentlms have usedac-
torsto standin for CG charactersn orderto provide a reference
for otheractorsand/orcomputeranimators.Thesestand-inactors
mustbe replacedwith the scenebackgroundvhenthe CG charac-
teris compositednto the shot(unlessthe CG charactehappengo
overlapthestand-inin every pixel of every frame).Videomatching
canreplacesomeof the extensive manuallaborthathasbeenused
to paintabackgrounaver stand-indor CG characters.



Figure 6: The top imageshave beenregisteredusing the robust
matchingalgorithm. From theseimageswe canusesimpleimage
processingnethodgbackgroundsubtractiorandcolor thresholds)
to createa maskfor the wire (in red). Insidethe mask,we copy
pixelsfrom thebackgroundThis allows awire to beautomatically
removedin eachframeof along sequencérom amoving camera.

Wide eld-of-view video. By matchingan overlappingpart of
two video sequencespur methodcan memge theminto onevideo
sequenceavith a larger eld of view. This differs from prior mo-
saicingmethodgBrown and Lowe 2003]insofar aswe producea
separatenosaicfor eachframe. Multiple secondaryideoscanex-
pandtheperframemosaicssolongaseachsequenceverlapswith
another Onelimitation of thisapproachs thatmoving objectscan-
not move from one sequencéo anothey unlessthe sequencesre
recordedat the sametime (by placingmultiple camera®n arig).

High dynamic range video. Attaining properexposureis one
of the mostcommonanddif cult problemsin Immaking. A par
ticularly usefulkind of compositings the creationof high dynamic
rangevideofrom severallow dynamicrangevideosrecordedatdif-
ferentexposuregFigure7) [DeberecandMalik 1997]. To perform
video matchingacrossdifferentexposureswe rst normalizethe
local contrastand brightness(Section4.1). In this case,we set
Spixel = S andsmaion = 5. Oncethe sequencebave beenaligned,
standardechniquesanbe usedto combinetheimagesandremap
theresultfor display[DeberecandMalik 1997;Kangetal. 2003].
This approachcanbe performedon sceneghatinvolve a moving
subject,which must be properly exposedin one sequencavhile
othersequenceéwithout the moving subject)properlyexposevar
ious partsof thebackground.

9 Limitations and Future Work

The main limitation of our approachis that the primary and sec-
ondaryvideo sequencemusthave spatially similar motions. Our
methodallows generakcameramotion (hand-heldtripod-mounted,
vehicle-mountedetc.), but requiresthat eachvideo sequencéol-
low nearlythe sametrajectorythroughspacethoughperhapswith
substantiallydifferenttiming). This limitation arisespartially be-
causeour algorithm doesnot model discontinuitiesin the corre-
spondenceeld. We do represenvariationin pixel motiondueto
depth,but we assumehatthis variationoccurssmoothlyacrosshe
image.Anotherlimitation is thealgorithm's dependencen 2D im-
agetexturefor matching.

Both discontinuitiesanda lack of 2D texture areissueshatare
handledby mary existing optical o w algorithms.However, these

Primary Frame Secondary Frame

Normalized Primary Frame Normalized Secondary Frame

Initial Matches Refined Matches (Step 1)

Refined Matches (Step 2) High Dynamic Range Compositt

Figure7: Theseframeswereselectedy the video matchingalgo-
rithm from a pair of videosrecordedat differentexposuresTheal-

gorithm rst performslocal brightness/contrastormalizationthen
nds high-likelihood correspondenceOncethe secondaryframe
hasbeenmappedo the rst, the exposuresaarecombinedto create
ahigh dynamicrangecomposite.

algorithmscannotcope with large-scaledifferencesbetweenthe
images(suchas an objectthat appearsn oneimage but not the
other).Whenlargeimageregionsareunmatchablewe have barely
enoughinformationto nd asmoothwarpingbetweertheimages;
nding correctdiscontinuitiescanbedif cult if notimpossible.

Nonethelessin the future we plan to extend our algorithm to
male betteruse of the informationin the images. We intendto
decomposehe optical motion into depth parametersand camera
motionparametersTo dothis, thealgorithmdescribedn this paper
will beusedto nd correspondencdsr the estimationof epipolar
geometry Theepipolarconstraintcanthenbe usedto incorporate
informationfrom 1D edgefeatureqnotjust 2D features)resulting
in abettercorrespondenceld.

We alsoplanto combinebothinter-sequencandintra-sequence
matchingto improve temporalcoherenceand frame searchef -
cieng.. Basedontheintersequenceorrespondencder oneframe
pair, we will selectpartsof eachframein which to computeintra-
sequenceorrespondenced.heseintra-sequenceorrespondences
will thenbe usedto selecta secondaryframethatwill matchthe
subsequentrimaryframe.



10 Conclusion

This paperpresents new methodfor registeringmultiple videose-
quencedy selectingvideo framesandapplyingimagewarps. We
provide a methodfor robust image alignmentthat combinesele-
mentsof feature-pointcorrespondencmatchingandlocal motion
estimation(i.e. optical ow). Unlike existing methods.the algo-
rithm is explicitly designedto handlelarge-scaledifferencesbe-
tweenimages.Our methodmakeseffective useof the information
availablein theimagewithoutbeingdistractedy partsof theimage
thatarenotmatchable.

We usethisimageregistrationmethodasa sub-routingn avideo
alignmentalgorithmthatsearche$or a goodmatchfor eachvideo
frame. This algorithm provides a partial solutionto the problem
of aligning video sequencethatwererecordedwith generalcam-
eramotions. This is a valuableproblemto solve andonethat has
attractedrelatively little attentionin thepast.

As discussedn Section9, the main limitations of this method
arethatthevideosmustfollow spatiallysimilar camerarajectories
andthatthe videosmustcontainsufcient texture. Both of these
limitations can be partially overcomeby incorporatinglD image
constraints.

Despitethesdimitations, the algorithmis usefulfor a variety of
applications,suchasforegroundsegmentation,compositing,wire
removal, replacingstand-ins,perframe mosaicing,and high dy-
namicrangeimaging. In the past,mary of theseapplicationsre-
quiredregisteredmagesrom astaticor roboticallycontrolledcam-
era. Thesetechniquesannow be appliedin awider rangeof situ-
ationsusingthe methodspresentedh this paper
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Figure8: (a) Primaryvideoframesfrom a hand-heldsequencéframes0, 60,120,180,240). (b) Matchingsecondaryideoframesfoundby
our algorithm(framesl14,89,138,147,147).(c) Re ned correspondencdsundby the algorithm.(d) Reconstructedorrespondencelds.
(e) Differencebetweerprimaryframeandprojectedsecondarframe.
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Figure9: This gure shows primary frames(a), secondarframes(b), andvariouscompositegc). Fromleft to right: (1) atransparentan
createdby blendingthe two frames,(2) color manipulatedaccordingto a differencematte,(3) cloninga personby compositingthe left half
of oneimagewith right half of another(4) changinghe amountof orangegjuice usinga horizontalcompositingine, and(5) a dismembered
handwith akey-framedcompositingine. Noneof thecompositesequireperframemanualrotoscoping.



