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Abstract

2D imagealignmentmethodsare appliedsuccessfully
for mosaicingaerial images,but fail when the camera
movesin a 3D scene.Suchmethodscan not handle3D
parallax,resultingin distortedmosaicing. Generalego-
motionmethodsareslow, anddo not have therobustness
of 2D alignmentmethods.

We proposeo usethex-y-tspace-timerolumeasatool
for depthinvariantmosaicing Whenthecameranoveson
a straightline in the direction,a y-t slice of the space-
time volume is a panoramicmosaic,while a x-t slice is
an EPI plane. Time warping, which is a resamplingof
the t axis, is usedto form straightfeaturelines in the
EPI planes. This processwill simultaneoushgive best
panoramianosaicin they-t slices.

This approachis asrobust as 2D alignmentmethods,
while giving depthinvariantmotion (“ego motion”). Ex-
tensionsfor two dimensionalcameramotion on a plane
are also describedwith applicationsfor 2D mosaicing,
andfor imagebasedenderingsuchas*light eld”.

1 Intr oduction

Mosaicing from translatingcamerascan be usedfor
mary purposessuchas panoramicviews from driving
carsin andout of the city, inspectionof long structures
with a moving cameragtc. However, mosaicingis com-
monly usedonly for aerial photography and is rarely
usedwhenthe camerais translatingin a 3D scene. In
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aerialphotographyhecamerdas farfromthescenewhich
couldthereforebe consideredat. In mostotherapplica-
tions the cameramovesinside a 3D scene,and 2D im-
agealignmentis inadequateresultingin substantiais-
tortionsdueto depthparallax.

A commonsolutionfor the dif culty to computemo-
tion with depthvariationsis to mechanicallycontrol the
cameramotion, or to measureit with external devices
suchasa GPSJ[9, 12]. This solutionsimpli es the mo-
saicingprocessbut restrictstheuseof mosaicingo fewer
applications.A systembasedon imageanalysiswithout
externaldeviceswill have by far moreapplicationsandat
areducedcost.

We proposeo usethe space-timex-y-tvolumefor both
motioncomputatiorandfor mosaicing.A mosaicis ay-t
slicein thisvolume,andthe EPI planeis ax-t slice. When
a cameraranslatesn a constantvelocity, imagefeatures
arelocatedon straightlinesin the EPI planes.Whenthe
cameramotion variesbetweenframes,the EPI lines are
not straightany longet Time warpingthatstraightenghe
EPIlinesgivesa depthinvariantmotioncomputation.

Comparedo othermore generalapproachesor com-
puting cameramotion [3, 5, 7], the main strengthof our
approachis its simplicity andits elegantgeometricaln-
tuition. The space-timepproachs alsoextendedo han-
dle camerarotations,andfor camerasnoving in a plane
with two degreesof freedom. Setupsdescribingcamera
motionswhich are applicableto this work are shavn in
Fig. 1. Two dimensionaktameramotioncanalsobe used
for imagebasedendering10, 4].
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Figurel: Examplefor caseyielding 1D and2D motions.

(a) 1D motion- Thecameramovesalonga straightline.

(b) 1.5D motion - Like (a), with vertical jumps. This kind of

motionis commonfor sequencetakenby atranslatingcar

(c) 2D motion - Traditional light ®eld capturingdevice. The
cameracanmove to arbitrarylocationsalongthe u-v table.

(d) 2D motion- Cameramoveson a surfaceof a sphere. When
tilting is forbidden,the cameramoves on a cylindrical surface
andthemotionis 1D.

1.1 EPI Analysis

Thespace-timeolume(or theepipolarvolumg is con-
structedby stackingall inputimagesnto asinglevolume.
It was rst introducedby Bolles et. al. [2] who found
out thatwhena cameramovesin a constantvelocity, x-t
slicesof the x-y-t volume (EPI) consistof straightlines.
They usedthis obsenationto extract 3D informationfor
the EPI images. Later papersusethe samerepresenta-
tion, but presenimorerobustdepthestimationsandbetter
handlingof occlusiong[11, 8]. In [17], the orientations
of linesin the EPI planeare usedfor mary applications:
mosaicingmodeling,andvisualnavigation. A recentap-
plication of slicing the EPI volumeto simulatea virtual
walk-throughwaspresentedn [18].

TheEPIrepresentatiois mostnaturaiwhenthecamera
translatioris parallelto theimageplane,andis perpendic-
ular to the viewing direction. The EPI representatiogan

alsobe usedwhentheviewing directionis not perpendic-
ularto thedirectionof translatiorafterimagerecti cation

[6]. A possiblerecti cation for the caseof forward cam-
eramotionwasdescribedn [13].

1.2 Time Warping: From Time To Location

Whenthe cameras velocity andthe samplingrateare
constantthetime of framecaptureis proportionalto the
locationof thecameraalongthecamergath.In thiscase,
the imagefeaturesare arrangedn the EPI plane(an x-t
slice of the x-y-t volume) along straightlines, sincethe
projectionsof each3D pointareonly alonga straightline
in this plane. Eachline represents differentimagefea-
turecorrespondingo apointin the3D world, andtheori-
entationof this line is inverselyproportionalto the depth
of that point. Pointsatin nity , for example,will create
straightlines parallelto the axis, sincetheir projection
into theimageis constantanddoesnot changewith cam-
eratranslation. Closerpoints move fasterin the image,
and the line representinghem will have a small angle
with the axis.

Whenthe velocity or the samplingrate of the camera
varies,thetime of framecaptures nolongerproportional
to the camerdocation. In this casetheimagefeaturesare
no longerarrangedn straightlinesin the EPI plane.

Thelinesin the EPI planecanbestraightenedy “Time
Warping”. In time warpingtheimagelocationalongthe
time axisis replacedwith the cameras locationalongthe

axis. Whenthe cameraocationsalongthe axisare
unknown, ary time warpingthatwill make the EPI lines
straightmusthave time spacingwhich is proportionalto
thecamerdocationsalongthe axis.

2 Geometrical Analysis

Givenasetof imageswhoseopticalcentergesideona
plane,all imagescanberepresentedsa setof rays[10,
4]. Eachray canbe determinedy its intersectionwith
two planes. Commonly one planeis the cameraplane
u-v, andthesecondlaneis theimageplanes-t

A perspectie imageis a setof rayswhichintersecthe
camergplanein a singlepoint. Whenthe optical axis of
the camerais perpendiculato the cameraplane(i.e - a
frontal view), the cameraplaneis expressediy the 3D
coordinates: , andthe imageplaneis expressed
by the 3D coordinates: . Eachimagecanbecon-
sideredasa samplingof a 2D slicein the continuousAD



function .

In our notationeachimagehasits own x-y coordinate
systemandthe4D volumeis representetly x-y-u-v. Us-
ing the imagecoordinatesystemis a naturalgeneraliza-
tion of the space-timevolumex-y-t. Also, in localimage
coordinategshe slopesof the epipolarlines areinversely
proportionalto the depth. This is equivalentto thelight-

eld notationswith thes-tplaneatin nity .

2.1 Geometrical Analysis of the Light Field Space

Let bethe frame,andlet beits optical
center The 3D point is projectedto its
imagecoordinates:

1)

Withoutlossof generality andthus:

)

From Eq. 2 it can be shown that the projectionsof the
point  onto theseimagesresideon a planein the 4D
light eld spaceTheparameterizedepresentationf this
planeis givenby:

3)

The slopeof this planeis identicalin boththe andthe

directionsas both are determinedby , andonly a
singleslopeparameters neededo describegheplane.

Taking an x-u (y-v) slice of the 4D spacewill pro-
ducean EPI imagewhich is constructedrom the rows
(columns)of the imagestaken undera translationalong
the axis( axis). Thisis areductionto the traditional
representatioof the epipolarplaneimage.

We will describethe useof this 4D representatioto
recover the 2D motion of a cameramoving in a plane.
This is doneby “shifting” theestimated  coordinates
of eachframesothattheimagefeatureswill bearranged
in the4D volumex-y-u-valong2D planes Whenthisgoal
is achievedafterwarpingthe and axes,the estimated

coordinate®f the framesbecomeproportionalto the
2D locationsof the optical centersof the camera.In the
caseof 1D motionthisis called“Time Warping”.

2.2 Spherical CameraMotion

When a sequences taken by a handheld cameraor
usingatripod, the cameras translationcanbe betteresti-
matedby asphericakurface.

In this case the cameratranslatesandrotatessimulta-
neously Sincethe rotationis proportionalto the transla-
tion in all directions,we canachieze an adequatenodel
by treatingthe motionidentically to the caseof a camera
translatingon a plane with thetwo unknovns and . In
this case however, the slopesof the EPI featurelines (or
planes)are a combinationof the translationcomponent
(whichis depthdependentandthe rotationalcomponent
(which is depthindependent).In the extreme caseof a
purelyrotatingcamerg ), the slopesof thefeature
linesaredepthindependentsothereis no parallax.

Whenthecameracanrotateaboutthe axis,e.g.when
thecameras hand-heldarotationalcomponent canbe
addedasa third unknown.

3 The Alignment Scheme

The alignmentprocessusesboth motion parameters
and shapeparameters. The motion parametersare the
translatiorandrotationof thecamerawhichvaryfor each
frame. The shapeparametersre the slopesof the lines
in the EPI planefor a cameraranslatingalonga straight
line, or theslopesof the planesn thelight eld spacefor
a cameratranslatingin a plane. The slopesof the lines
andthe planesin the EPI domainarerelatedto the depth
of thecorrespondin@D points,andthusthey areconstant
for eachscenepointatall frames.

To computethe locationsof the optical centerssuch
that image featureswill resideon straightlines (or on
planes)we usedthe following scheme,alternatingbe-
tweenestimationof shapeandestimationof motion:

1. Chooseaframe , andinitial from it aset
Assumethat the shapeparametergorrespondingo
thisimagearespatiallyuniform.

2. Compute motion parameters(translation compo-
nentsandoptionally rotationcomponentspy align-

ing anew imageto theexistingset .

3. Add theregisteredrrameto set .

4. Estimatethe shapeparametergthe slopesof EPI

linesor the slopeof EPI planes)or



1d

LT T W N ]

Figure?2: Time warping: Whenthe scenehasdepthvariations
thereis only asingleplacement of thenew frame for which
the EPI linesremainstraight. This displacemenis independent
in the slopesof thelines,andthusit is depthinvariant.

5. Returnto 2. Repeatuntil reachingthe lastframe of
thesequence.

Fig. 2 demonstrat¢his schemdor the caseof acamera
translatingalongastraightline. Theproces$eginsby es-
timating the motion parameterdetweenra pair of frames
undertheassumptiorof uniformdepth.Thisis equivalent
to theregular2D parametriaegistration.

4 Adding anew Frame to the Panorama
4.1 Estimating the ShapeParameters

Estimatingthe shapeparametershouldonly be done
for a subsetof image points, asthey are usedto com-
pute only a few motion parameters. The processcan
be formulatedin the following way: Let be the in-
dex of the framefor which we estimatethe shapeandlet

bethetranslatiorof theoptical
centerof thecamerabetweerthe  andthe  frames.

Following [7], The shapeparameter in
theimagepoint minimizesthefollowing errorfunc-

tion:
4
Where is the gradientof theimage in the point
,and isasmallwindow around . (We used

a 5x5window). The minimum of this quadraticequation

is obtainedby:

®)

Theweights  determinethein uence of eachframe
on the shapeestimation. Most of the weightsare setto
zero,exceptfor frameswhich areclosein time or in space
( veclosesfframesin currentimplementation).

For eachwindow in , the computationdescribed
above is repeatedteratively until convergence wherein
eachiteration,therelevantregionsin all theframes
with arewarpedbacktowards accordingto

andthe currentestimateof

As we do notneedto estimateheshapgparameterfor
every pixel, we rejectpointsfor which the shapecompu-
tation maybewrongusingthefollowing criteria:

1. We do notusepointswith a smallgradientin thedi-
rectionof motion. Thethresholds selectecaccord-
ing to thedesiredhumberof pointsto use.

2. We do not usepointsfor which the iterative shape
computatioralgorithmfails to corverge.

4.2 Depth Invariant Alignment

The alignmentconceptis demonstrateih Fig. 2. The
motion parametershouldalign an input imagewith the
line or planeformed by imagefeaturesin the preceding
frames.We useaslightmodi cation of theLucas-Kanade
direct  alignmentasdescribedn [1].

Assumethat all the images have already
beenalignedandletthe  framebethenew framebeing
aligned.We alsoknow of the shapeparameters
for . To computethe motionparametersf the new
frame, we minimize the error function: (Sometimeshe
term is usedto denotethe differencebetweerimages).

(6)
wherethedisplacement  of eachpointis givenby:

()

Note the use of the derivatives — and — which are
estimatedrom  ratherthenfrom , sincewe haven't



computed yet, andthereforewe mustalign
to therestof theimages.

Thecoefcients  arealsousedto weighttheimpor-
tanceof eachframein thealignment.For example frames
which are far off, or containfewer information should
probablyreceve smallerweights. For eachimagewhose
location , isunknovnwe set

Currentlywe align a new frameusingabout3 preced-
ing frames.Whenthe camerds translatingon a planewe
useseveral additionalframeswhich are not neighborsin
time but whoseoptical centersare close. In this way we
reducethedrift in the motion computations.

4.2.1 Handling rotations

When the cameracan also rotate,image displacements
area combinationof the translationakomponentwhich
is depthdependentandthe rotationalcomponenivhich
is depthindependent.Assumingsmall camerarotations
andusingtheapproximation and
thefollowing motionmodelis obtained:

(8)

and denotethe smallpanandtilt whichinduceanap-
proximately uniform displacemenin the image. de-
notessmall camerarotationaboutthe axis. For larger
rotations,or whenthe focal lengthis small, full recti ca-
tion canbeused.

UsingEq.8 with theerrorfunctionin Eq.6, andsetting
to zerothe derivative with respecto the motion parame-
ters(the camerashift andthe rotationalcomponents

), gives velinearequationsvith veunknowns.

If the camerais restrictedto translatealonga straight
line (without loss of generalitythis line is horizontal),
then , andwe areleft with fewer unknovns
- oneunknown for a purely translatingcameraandfour
unknavnsfor acameraranslationrandrotating.

5 MosaicingaPanorama

A panoramicimageis a t-y slice in the epipolarvol-
ume(  cameramotion)or a u-v slicein the light
eld spacd  cameramotion). Sincethesampleof the
epipolarvolume along the time axis, or the samplesof
thelight eld spacealongthe axes,arevery sparse,
interpolationin usedto createa continuougpanorama.

N
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Figure3: To produceaseamlesmosaic stripsshouldbescaled
accordingto scenedepth. The width of the strip in the mosaic
imageis a function of the cameramotion. Relative to image
motion, imagestrips of nearbyobjectsshouldbe wider, while
imagestripsof faravay objectsshouldbe narraver. Depthesti-
matecanvary alongthestrip.

The basic conceptof mosaicingwith strips suggests
thateachpixel of themosaicwill betakenfrom the near
estframein the sequenceWhenthe camerds translating
alonga straightline, this implies the useof vertical strip
from eachimage,whosewidth is proportionalto the cur-
rent motion [13]. In the more generalcase,the mosaic
panoramas generatedrom a collectionof patcheq14].
Thesepatchesare determinedby the Voronoi diagram,
createdfrom the setof all cameracenters. An example
of suchadiagramis shavn in Fig. 8(c).

Using the ego-motion of the camera,a possiblemo-
saicing approachis to synthesizea parallel (or pushb-
room) projectionfrom the given input images[15, 16].
Practically wheninputimagesaredensethis processan
be approximatedy the traditionalmosaicingframenork
of warpingand pastingstripswith simpleimagescaling.
Thisis demonstrateth Fig. 3forthe  case- theshape
of eachimagestrip is determinedy the depthestimation
atthestrip. Theimagestripsarewarpedto t themosaic
stripsdeterminedy the ego-motionof the camera.

Thescaleis determinedn asimilarmannetto theslope
estimationdescribedn Egs.4-5 with two exemptions:

We do notestimateheslopeat eachpoint, but rather
t asingleslope(or a polynomialone)for the entire



Figure6: Mosaicingfrom acameraon acirculartrajectory 2D
alignmentshaws (left) distortionsarounddepthdiscontinuities
(girl'shead)which disappeawith EPlanalysig(right).
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Figure 7: Mosaicingfrom a translatingcamera. Most of the
motion distortionscausedvhenusing 2D imagealignment(a)
disappeawhenusingthe proposedime warping(b).

slice.

We useonly the precedingand succeedindgrames,
asa continuousstitchingis moreimportantthanan
accurateslope.

Whentheimagestripsare small, no scalingwasneeded
to producecontinuougesults(Seefor exampleFig. 5).

6 Examples

The examplesin Fig. 4 andin Fig. 5 weretakenfrom
amoving car, wherein Fig. 5 the camerahadsubstantial
vibrations. The differencesbetweenthe mosaicimages
obtainedby imagealignmentandthe mosaicimages
obtainedby time warpingis evident.

The sequencehonn in Fig. 6 wastaken by a camera
mountedon a panningtripod.

The sequenceshonn in Fig. 8 wastaken by a camera
mountedon a freely rotating tripod, as demonstratedh
Fig.1(d).

7 Discussion

Distortionscanbe obsenedin the mosaicimagescre-
atedby our method,suchasthe thinning of the mobile

phonein Fig. 7(b). Thesedistortionsarenot dueto inac-
curaciesn motion computationput aremostly unavoid-
able in mosaicingfrom translatingcamerasgiving the
pushbroonprojection.In this case closeobjectshecome
thinnerandfar away objectsbecomewiderin themosaic.

The main advantageof our approachrelative to 2D
image alignmentis being depthinvariant. As a result,
the mosaicscreatedusing time warping are consistent
for eachdistancewhile in 2D alignmentan objectmight
changéts geometryashappenedor theheadn Fig. 7(a).

The depthinvarianceis mostrelevantwhensynthesis-
ing new viewpoints. Objectschangeviewing direction
whenour methodis used put shrinkandexpandwhen2D
alignmentis used.Depthinvarianceis alsoessentialith
2D cameramotion. Frameswhich weretaken far apart
in time canbe neighborsn the resultingmosaic. There-
fore, only depthinvariantmethodswill have a chanceto
succeedvhenthe camerapath covers areasof different
depths.

8 Concluding Remarks

Most applications of mosaicing with image-based
alignmentareusedonly for purelyrotatingcamera®r for
aerialimages,assumingthat ego-motioncomputationis
too complicatecandunstable In thiswork we expandthe
applicationarea®f mosaicingo restricted put very com-
mon, cameratranslations.In suchcaseghe ego-motion
computatiorcanberepresenteih thespace-timeolume,
andis shovn to besimpleandelegant.We furtherpropose
thatour depthinvariantalignment,alongwith the space-
time representationcan also be usedin view synthesis
applicationsaandgeneratiorof panoramicstereamages.
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(c) Theresultingpanoramianosaicusingtime warping.
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aresubstantiallyreduced.Therespectre Voronoidiagramandthe cameracentersareplottedin (c).
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