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1 Intr oduction

In applicationssuchasspace-basetemoteimagingandsuneillance,datais collectedin

theform of multiple smallimageghateachcontainapieceof adesiredscene For example,
considerlm takenby a satelliteorbiting a planet. Eachframewill shav a small pieceof

theplanetsurface but whatis usefulis animageof alargefractionof thesurface.Thegoal
of mosaicingis to stitch togethera singleimagefrom thesesmaller overlappingimage
frames.

Each2-D pointin eachimageis the projectionof a 3-D pointin theworld. A mosaicof all
theimageswill containthe projectionof every 3-D pointviewablein ary imagein acom-
mon coordinatesystem. For ary pair of images,if the cameras intrinsic parameterand
motionbetweerimagess known, thenimagemosaicings trivial. Theintrinsic parameters
de ne the 3 x 3 viewing matrixV, which is the transformatiorfrom the 3-D locationof a
point relative to the positionof the camerato the 2-D location of thatpointin animage.
The invertedviewing matrix, V 1, canthereforebe usedto transformthe 2-D imagelo-
cationof a pointin the rst image,x?, to the 3-D world locationof that point relative to
thecameras currentposition,X1: X1V 1x1. In thisequationtheworld coordinatesire
inhomogeneoughree-elementoordinatesand the imagecoordinatesare homogeneous,
three-elementoordinates.The motion of the camerabetweenimagesde nes the trans-
formationfrom the world coordinatesystemrelative to the cameras rst positionto the
world coordinatesystemrelative to the cameras secondposition. The projectionof point
X1 in theworld coordinatesystenrelative to thecameras secongositionis X2 RX! 't
whereR isthecamerasrotationandt is thecamerastranslation Becausehesamecamera
takesall the images the viewing matrix alsode ne the transformatiorfrom X2, the 3-D
locationof a point relative to the secondpositionof the camerato x?, the 2-D locationof
thatpointin the secondmage. Thus,the projectionof eachpointin the rst imageto the
coordinatesystemof the secondmageis

x> VRV X! t 1)

In generalthe camerasintrinsic parameterandmotionarebothunknown, thusthetrans-
formation from one images coordinatesystemto anotherimages coordinatesystemis
unknawn. It is impossibleto estimateV, R, andt without ambiguity given only the im-
ageslt is extremelydif cult to estimatehesegparametersvenupto anambiguity because
V is commonto all pairsof images. Thusthe estimationcannotbe broken up into parts,
andmustbe performedover all imagepairsatonce.



However, if we assumehat the cameradoesnot translatebetweenimages,the problem
is greatlysimpli ed. Considerthe previous equationsvhenthe translationvectort 0.
Equationl reducego

x> VRV X! Hx
Thus,thereis a 3 x 3 matrix H that projectspointsin the rst imageinto the coordinate
systemof the secondmage(Szeliski,1994). Any 3 x 3 matrix that projectscoordinates
from oneimageto anotheris a planarhomography More intuitively, if the cameradoes
nottranslatethenthereis nomotionparallax. Parallaxis thedisplacemenof pointsin one
imagethatarecoincidentn thesecondlt is obsenablewhenyouswitchfrom justyourleft
eye to just your right eye andis the key to depthperception.Without parallax,no effects
of pointsin a scenebeingat differentdepthsareobsenable. Thusit canbe assumedhat
all pointsin the scendie on a plane. Becausahe transformatiorbetweenone projection
of a planeanda secondprojectionof the sameplaneis a homographythe transformation
betweeroneframeandary otherframeis ahomography

Assumingthatall theimagesarerelatedto eachotherby homographieghe rst taskis to
estimateéhesenomographiegivenonly theimages Approache$o homographgestimation
all estimatepointcorrespondencdsetweerimagesandtheimagetransformationsetween
oneimageandthe otherimages.Whenthe imagetransformationsare known, all images
canbetransformedo bein thesameframe,andfusedtogetheito createa singlepanoramic
image.

In this project,| appliedthe feature-basedescribedn (Torr and Zisserman,1999) ap-
proachto homographyestimation. The feature-basednethods,in contrastwith direct
methods,only calculatepoint correspondenceis areaswhereit is likely that an accu-
rate correspondenceanbe found. In the next section,l explain the approach usedfor
homographyestimation.ln Section3, | discusamethodsor blendingthe projectedmages
together In Section4, | presentmy results. In section5, | discussmy conclusionsand
futurework.

2 Feature-BasedMethodsto Homography Estimation

Feature-basemhethodsnd correspondenceandthe correspondindhomographiegor se-
lectsetsof pointsin eachimagewherethereis achanceof estimatinghecorrectcorrespon-
dence.As anillustrationof pointsin animagethatwould not be usefulin correspondence
calculationsconsidemointswherethe gradientof the pixel intensitiesin all or onedirec-
tion is small. If thegradientin all directionsis small,thenthe pointis insidea at region,
andthereis no way of telling onepointin this at region from anotherpointin this at
region. If thegradientin onedirectionis small,thenthe pointis on aline, andthereis no
telling onepointonthisline from anothempointonthisline. Thuspointswherethegradient
hasthesepropertiesarenot usefulfor correspondencealculation,so feature-basetheth-
odsignorethemand concentraten calculatingcorrespondencdsetweeninterestpoints
wherethe gradientsin both directionsarelarge. In addition, this makesthe searchspace
smaller Thus,the rst stepin feature-basethethodsds to calculatea setof interestpoints
in eachimage.Thisis doneusinga cornerdetectionalgorithm,which nds interestpoints
wherethegradientis highin bothdirections.

The Harris cornerdetectionalgorithm nds the pointsfor which the criterion det M
kir M islarge.k is a constanthatis usuallysetto 0.04andM is a matrix of gradientsof
intensity
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wherel is the pixel intensity at every point, |4 is the gradientof the pixel intensity in
thex direction,andly is the gradientin they direction. For this criterionto be largest,the
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Figurel: Exampleinterestpointsdetectedisingthe Harris cornerdetector The standard
deviation of the Gaussiarusedto smooththeimagegradientds 4 andthethresholddeter
mining which pointsarecornersandwhich arenotis 10,000.

gradientin bothdirectionsmustbelarge. Theextensionof Harriscornergo colorimagess
very similar; the pixel intensitygradientsarereplacedwith the summedntensitygradients
of eachcolor channel:

M RZ G2 B? RxRy GxGy BBy
color RxRy GxGy ByBy RZ G2 B2

whereR is the red pixel intensity G is the greenpixel intensity andB is the blue pixel
intensity Figurel shavs cornersdetectedusingthe color Harris cornerdetection(Mon-
tesinosetal., 1998).

The goal of mosaicingis to projectall theimagesinto a commoncoordinatesystem for
examplethe coordinatesystemof one of the images. It is not desirableto calculatethe
homographybetweenthis oneimageandall otherimages,becausehe amountof move-
mentbetweenmagesin thesecasesnay belarge,andtheimagesmay not overlapmuch.
Instead the homographiebetweenpairsof sequentialmagesis calculatedasthe motion
betweersequentiaframeswill in generabe smallandtherewill bealot of overlap. The
homographybetweenary two framescan be calculatedby concatenatingnomographies,
for example,Hjx Hjj 1 Hk 11k for j k. Thusthe homographyetweenreveryim-
ageandthebasisimagecanbe calculatedn thisway.

The next stepsin thesealgorithmsare donefor eachsequentiapair of images. Oncea
setof interestpointsin two sequentiaimageshasbeencalculated,correspondencese-
tweenthesepointsthat t a homographytransformatiomeedto be calulated. Because
thehomographyetermineshe point correspondenceandvice-versatheidealalgorithm
would nd both of theseat the sametime. However, thereare only methodsfor nding
the correspondencdsetweeninterestpointsand nding the optimalhomographyfrom a
setof approximateorrespondenceseparatelyAfter aninitial estimatefor thepointcorre-
spondencearefound,feature-basethethodsteratively estimatehehomographyrom the
approximatepoint correspondenceandthe point correspondencesom the approximate
homographyto corvergeon anoptimalsolutionfor both.

2.1 Normalized Cross-Correlation

Theinitial correspondencdsetweeninterestpointsarechoserbasedon cross-correlation.
For ary interestpointin oneimage,interestpointsaroundthatlocationin thesecondmage
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Figure2: Exampleof the correspondenceshosenby maximumecross-correlation.The
linesin eachimageconnectcorrespondingixels. The boxesshav the interestpointsin
eachimage. Thus,a box in oneimagecorresponds$o a box on the sameline segmentin
theotherimage.

aresearchedor a correspondenceThis searchspacecould be the entire secondimage,
if the amountof motion betweenimagesis unlimited, or a small sectionif the motionis
known to be small. For every interestpointin the rst image,a small patcharoundthat
interestpointis comparedo a smallpatcharoundevery interestpointin thesecondmage,
andthe correspondenceith the highestcorrelationis kept, if it is above athreshold.This
searchis repeatedor every point in the secondimage. If a point belongsto multiple
correspondenceth)ebestcorrespondencis choserandthe othersareremoved.

Crosscorrelatiorworksespeciallywell for imagemosaicingoecauséhereis noobsenable
parallax. Thus,the distancebetweentwo pointsin arny frameis constantrelative to the
otherbetweerpoint distancesn thatimage. Overlappingsurfaces for examplea chairin
front of atree,will overlapthe sameamountin all imagesthuscornersdetectecht surface
junctionswill appearthe samein all imagesand crosscorrelationwill achieve excellent
results.Examplesof the correspondenceshoserby cross-correlatiomreshovn in Figure
2.

2.2 Robust Estimation through RANSAC

Oncethe initial correspondencebetweeninterestpointsin two sequentialimagesare
found,RANdomSAmpleConsensuéRANSAC) is runto pruneincorrectcorrespondences
(outliers)usingthe knowledgethatthe imagesarerelatedby a homographyAs a homog-
raphyhaseightdegreesof freedom(therearenine entriesin the 3 x 3 homographymatrix,
and this matrix canonly be determinedup to a scalefactor) and eachpoint correspon-
denceprovidestwo constraintsfour point correspondencegeterminea homography So
in generalalargersetof correspondencesill notbe t by ahomographyGivenaninitial
estimateof pointcorrespondenceRANSAC nds thehomographyhatis supportedy the
largestsubsebf thesecorrespondence# homographys supportedy a correspondence
if the distancebetweerthe homographymodelandthe correspondencis below athresh-
old. This setof correspondencearethe inliers, andare deemectorrectcorrespondences
by RANSAC. Therestof the correspondencearethe outliers,andaredeemedncorrect
andthrown away. Thehomographyoundby RANSAC ignoresoutliersandis thusrobust.
What doesthe distancebetweena homographyH anda correspondencmean?We can
think of ary setof n correspondences«; x; asaN 4nlengthmeasurementectorX

in N, whereX is madeup of theinhomogeneousoordinatesof the matchedpointsin



bothimagesj.e. X X1 Y1 X ¥, X Yn X, Y |- Let Sbethesetof all pointsin N

(i.e. the setof all setsof correspondenceshat satisfythe homographyH. The distance
betweerX andH is theperpendiculadistancebetweerSandX. Thatis, it is theminimum
distancebetweenX andary X suchthatX S Thisis equivalentto the minimum costof

the reprojectioncostfunction for correspondencesx; x; andhomographyH described
later

Calculatingthe reprojectionerror requiresnonlinearoptimizationto estimatethe corre-
spondencethat satisfythe homographythat are closestto the correspondencesis this
calculationmustbe madeon every iteration, an approximationis made. The symmetric
transfererror is a much simpler function that provides an adequatesstimate. Thus the
distancebetweera homographyH andacorrespondencis

dH xx dHx x 2 dH x x?

RANSAC is aniterative algorithm. On eachiteration,four point correspondencesreran-
domly selectedandthe homographyde ned by thesecorrespondencdas computed. As
thereis a homographythat ts thesefour correspondenceshe solutionis easily com-
putedusinga linear algorithm. This solutionis found by noticing that the crossproduct
X; Hx; mahbfOsincex; cHx; mahbf0Owherecis ary scalefactor Thusfrom
this point correspondence, 3 x 3 matrix A; canbe determinedsuchthat Aih 0, A de-
pendsonly on the correspondencendh is the homographymatrix strunginto a vector
FromtheA, we canconstructa12x 3 matrix As.t. Ah 0 andA constraindh completely
As only two of therows of eachA; arelinearly independenttherankof A is 8 (for nonde-
generateases)h is thusin thenull spaceof A, andis theeigervectorcorrespondinghe 0
eigervalueof A.

After the homographyis calculatedfrom the randomly selectedpoint correspondences,
the numberof inliers for H is calculated. That s, the distancebetweeneachpoint cor
respondencandH is calculated asdescribedabove. Thesestepsareiterateduntil some
terminationconditionis met. Therandomlyselectechomographywith the largestnumber
of inliersis returnedby RANSAC.

Therearetwo parameterthatmustbe setfor the RANSAC algorithm,thedistancehresh-
old to separatenliers from outliersandthe numberof iterationsto be run. The distance
thresholdcanbe setso that the probability thata pointis aninlier is somevaluea if it is

assumedhatthe measuremergrrorfollows a Gaussiaistribution with mean0 andvari-

ances?. As cornersveredetectedvith only pixel accurag, | assumea standardleviation

of 0.5 pixels. The numberof iterationsrequiredcanbe setsothatwith high probability p

(e.g.p 99),atleastoneof therandomsample®f four correspondencetoesnotcontain
outliers, given the fraction of pointsthatareoutliers,e. Sincein generalthis fractionis

not known, the numberof samplescanbe determinecadaptvely by startingwith a very

high estimateof e andthendroppinge aslargernumbersof inliers arefound (Hartley and
Zisserman2000).

The inlying correspondencefound by RANSAC are shovn in Figure 3. The distance
betweertheprojectionof theinterestpointsin image2 into thecoordinatesystemof image
1 andthe measuredocation of the correspondingnterestpointsin image2 is shovn in
Figure4(a).

2.3 Reprojection Err or for Over-Determined Systems

Thehomographyeturnedoy RANSAC may not bethebest t for theinlying correspon-
dences.For more accurateresults,the homographyand exact point locationsare reesti-
matedusinga morecomple errorfunction,thereprojectiorerror:

ddxi %2 dx%?
|



Figure3: Exampleof inliersfoundatthreeiterationsof RANSAC. Thelinesin eachimage
connectcorrespondingixels.
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Figure4: (a) Theredx's arethemeasuredocationsof theinliers foundby RANSAC, and
theyellow +'saretheprojectionof thecorrespondingointsin theotherimage.ldeally, the
distancebetweerthe pointswould be 0. (b) Theredx's arethe measuredocationsof the
inliers found by RANSAC, andtheyellow x's aretheimproved estimateof the projection
of the correspondingpointsin the otherimagefoundby optimizingreprojectiorerror.

(b)



subjectto theconstraint; HX;. The correspondenceandhomographieshatminimize
this costfunction are the Maximum Lik elihood Estimatesjf the measuremengrror fol-

lows a Gaussiardistribution with mean0 andvariances?. Minimizing the reprojection
erroris dif cult becausdt is alsononlinearandrequiresdeterminingthe valuesof 2n 8
parameterswheren is the numberof correspondenceslhis criterionis optimizedusing
theLevenbeg-Marquardbptimizationalgorithm,andrequiresagoodinitial guesof point
locationsandthe homography

The homographythat minimizesthe algebraicerror is usedto initialize the Levenbeg-
Marquardtoptimization. This error criterionis Ah , whereA andh arediscussedn the
previous subsection.This measureéhasthe advantagethatit is linear andthush is easily
solvedfor (theeigervectorcorrespondingo the smalleskigervalueof A). Thismeasuras
notusedalonebecausdt is notgeometricallyor statisticallymeaningfulandis sometimes
counterintuitve (Hartley andZisserman2000).

Figure4(b) shavs thereducedestimatesrrorfound by minimizing reprojectiorerror.

2.4 Bundle Adjustment

Thepreviousdiscussiordescribesiow to nd thehomographyelatingeachpairof images
in thesequenceThe nal mosaicwill containall thepointsin all theimages However, the
homographyelatingthe lastimageandthe rst imagecomputedsequentiallyasthe prod-
uct of all thehomographieslirectly computeds mostlikely incorrect. Thisis particularly
importantif the sequencevrapsaroundon itself. Globalrealignmenimustbe performed
to resole thisissue. This is donethroughan extensionof the reprojectionerrorto all the
imagepairs,

m
dH; Hm 282 2% JdOHR 2

i
In this equationframe0 is the coordinatesystemof the mosaicandH; is thehomography
thatprojectamagej into frame0. Thisalgorithmmustestimate2n 9mparametersyhere
n is the total numberof interestpointsdetectedn all images.This criterionis optimized
usingthe Levenbeg-Marquadt algorithm. The initial estimatesof the point locationsin
frames1 throughm andthe homographiesire thoseoptimizedby the reprojectionerror
earlier The correspondindocationsof thesepointsin the baseframeare estimatedrom
thesevalues(Hartley andZisserman2000).

3 Mosaic Construction

3.1 ImageProjection

Oncethehomographieselatingthe imageshave beencalculatedtheimagesmustbe pro-

jectedinto acommoncoordinatesystem.Thesimplestapproachs to projectall theimages
into theframeof oneof theimagessayprojectall theimagesnto thecoordinatesystemof

the rst frame. This techniquewvorkswell if the rotaionaroundary axisis smallenough,
signi cantly lessthan180degrees.The largerthe rotationfrom the baseframe,the larger
andmoreskewedthe projectedmagewill be.

If mostof the rotationis aroundone axis, this canbe resolhed by projectingthe images
ontoacylinder. For example,supposéhatthex locationof theimagesvariesa lot but the
y locationvarieslittle. Thex coordinate®f everyimagearecorvertedto polarcoordinates
wherethe distancdo the scengtheradiusof thecylinder) is constantFor eachpair of im-
agesthesecondmageis projectednto the Cartesiarcoordinatesystemof the rst image.
Next, thex coordinate®f bothimagesareprojectednto polarcoordinatesn whichthera-
diusis a constant, thedistancefrom thecamerao thescenex,y Kkatan xecar z . kisa



constanto normalizethe width of the scendo the heightof thescene This is repeatedor

eachpair of imagestranslatingthe coordinate®f eachpair. Becausdhereareno artifacts
of depth,z canbeassumedo beconstanfor all imageszis thefocallengthof the camera.
As | did not know this, | estimatedt from the approximateviewing angle. If m images
areestimatedo translatea total of 360degreesin thex directionandthe overlapbetween
eachimageis p, thentheaverageviewing angleof eachimageisq 360 1 p m.The

numberof pixelsin eachimageis known, thusanestimatefor zis nes 2 tanqg 2 . k

canbeestimateds neos 2 atan nggs 2z . If thisapproximatiormustbere ned, this

canbedoneby seeinghow muchthis estimateover/undershoot360degrees.

3.2 Blending

Oncetheimagesareprojectednto acommoncoordinatesystemthe pixel intensitiesmust
be blendedtogetherinto oneimage. A weightedaverageof pixel intensitiesis usedto
createthe nal mosaic.To reduceeffectsof imageedgesthe pixelsclosesto the centerof
theimageareweightedmostheaily. | useda cubicweightof distanceo theclosesiedge.

4 Results

75imagesencirclingthe PriceCenterat UCSDweretakenusingadigital cameraBecause
of memoryconstraintspnly 25 imagescouldbe projectednto the frameof the rst image
taken. Theresultsareshovn in Figure5. Theimageswerealsoprojectedinto a cylindri-
cal coordinatesystem. The actualimageprojectionis time consuming(it usesMatlab's
griddatato projecttheimageinto cylindrical coordinates)thusonly preliminaryresultsare
shavnin Figure6.

References

Beardslg, P. A, Torr, P. H. S.,andZissermanA. (1996).3d modelacquisitionfrom extendedmage
sequencedn ECCV(2), pages683-695.

Capel,D. andZissermanA. (1998). Automatedmosaicingwith supefresolutionzoom. In Proceed-
ingsof Computeiision and PatternRecgnition, pages885-891.

Fischler M. andBolles, R. (1981). Randomsampleconsensusa paradigmfor model tting with
applicationto imageanalysisandautomatedtartography CommunAssoc Comp.Mach., vol.
24:381-95.

Forsyth,D. A. andPonce J. (2003). ComputenVision, A ModernAppmoad. PrenticeHall, Upper
SaddleRiver, New Jersg.

Hartley, R. I. andZissermanA. (2000). Multiple View Geometryin Computervision. Cambridge
University PressCambridge.

Irani, M. and Anandan,P. (1999). All aboutdirect methods. In Triggs, W., ZissermanA., and
Szeliski,R., editors,International\Workshopon Vision Algorithms

MontesinosP., Gouet,V., andDeriche,R. (1998). Differentialinvariantsfor colorimages.

Szeliski,R. (Decemberl994). Imagemosaicindfor tele-realityapplications.In IEEE Workshopon
Applicationsof Computeiision (WACV'94), pages#4-53,Sarasota.

Torr, P. H. S. andZissermanA. (1999). Featurebasedmethodsfor structureand motion estima-
tion. In Triggs, W., ZissermanA., andSzeliski,R., editors,International\Workshopon Msion
Algorithms pages278-295.



Figure5: Projectionof 25 and19 imagesof the Price Centerinto the Cartesiarcoordinate
systemof oneof theimages.The lowerimageshaws the individual imageboundariesn
red.



Figure6: Projectionof 5 imagesof the Price Centeronto a cylinder. A mosaicof more
imagess beingcreated.



