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ABSTRACT

This papempresenta systemthatautomaticallyproducesigh dy-
namicrangemanifold mosaicsfrom a streamof imagescaptured
by a handheldcamcorder The methodgathersmultiple images
of the samesubjectmatterat different exposurelevels, by sim-
ply allowing thecameras automaticgaincontrolfeature(AGC)to
operatewhile the camerais in motion. Theimageregistrational-
gorithmthensimultaneoushestimateshe spatialandtonalalign-
mnet betweenpairs of imagesfrom the video sequence.The 8
parametemprojective transformationis usedfor the spatialalign-
mentbetweenpairs of images. Tonal alignmentis computedby
usingthe inversecameraresponsdunction to linearizethe pixel
responsavith respecto light quantity andthen nding thescalar
gain betweenthe images. The alignmentmodelthus has9 pa-
rameters,which are jointly estimatedin an iteratve multiscale
least-squaresnethod. Sinceit is not usually possibleto accu-
ratly adjustthe exposureof a handheld video camera,corven-
tianalmethoddor recoreringthe cameraesponséunctioncannot
be used.To solwe this problema new methodof obtainingcamera
responséunctionis presentedhatonly requireghatthecamerae
equippedvith anexposurdock feature. Themethodsolvesfor the
responséunctiondirectly usingsuperpositiortonstraintsmposed
by differentcombinationf two (or more)lights to illuminatethe
samesubjectmatter

1. INTRODUCTION

The creationof panoramicdmagesfrom imagesobtainedfrom a
camerathatis freeto pan,tilt andzoom,is well understoodand
hasbeenexplored by mary in the computervision andgraphics
elds. It seem$owever, thatthetonalregistrationbetweerimages
is usually neglected. Many methodsas a result, requirethat the
exposureis notchangediuringtheimageaquisitionprocessThis
restrictionseemgatherunpleasantsincepanoramicsceneften
containlarge variationsin lighting. It is alsothe casethat mary
inexpensvevideodevices,suchasUSBwebcamsrenotequipped
with ary manualexposurefeatures.

The methoddescribedn this paperis a naturalcombination
of aninteratve imagespaceregistrationtechniquewith the pho-
toquantigraphicmethodsof high dynamicrangeimaging. The
techniqueallows panoramicscenego be capturedwith an AGC
enabledvideo camera,andit facilitatesthe constructionof high
dynamicrangeimages simply by centeringthe cameras view on
differentportionsof the sceng(with varying brightness).For ex-
ample,if whenusingAGC, we pointthe cameraat bright objects,

the gaindecreaseso that darker objectsin the peripherymay be
under&posed. Similarly, whenwe point the cameraat dark ob-
jects,the peripherywill beover exposed.Since,the AGCin video
camerastendto respondjuite slonly, aswe panfrom abright ob-
jectto adarkobject,thecamerawill transitionsmoothlythrougha
rangeof exposuresgiving usanicerangeof exposuresettingsfor
thecommonsubjectmatter

To achiere a goodspatialalignmentbetweenmagesit is im-
portantto usea modelthat describeghe transformatiorbetween
imagesacccuratly The modelmostcommonlyused,is the eight
parameteprojectve coordinatgransformation:
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whereA ; b; ¢ containthe eight parameter®f the projectve
coordinateransformatior{seeequation(6).

Thismodelis idealsincewhenappliedacrosgheentireimage,
it candescribeexactly the relationbetweertwo imageswhereall
the objectsin the sceneare staticand the camerais only free to
rotateandzoom. It is alsoexactfor a planarsceneimagedfrom
arbitrary locations. This latter point is not so importantfor the
commorcylindrical andsphericapanoramienosaicshowever for
the moregeneralmosaicingframenork presentedy Peley et. al.
[1] This extendedcapabilityis useful.

Sincethehandheldoanningmotionis primarily rotational the
presentedystemmalesuseof asimplerotationalmodelpresented
by Pelg et. al. in [2] to coarselyestimatethe transformatiorbe-
tweenimages.This modeldescribegherelationbetweenmages
as:
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andR is therotationmatrix describingthe cameras 3D rotation



aboutits opticalcentre:
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f is thecamerdocallengthin pixels. (¢x; ¢y) is cameras princi-
ple point (werethe optical axis of the camerantersectsheimage
plane).!

Therotationalmodel(2) requireshatweknow thefocallength
of the camera,however the reducednumberof free parameters
(threein total) makesthe matchingalgorithmmorestableandthus
more able copewith large cameramotions. For the ne adjust-
metsin imageregistration, the presentednethodsmakes use of
thefull eightparametemodel(1) with aninth parameteaddedo
describethe changein cameraexposurebetweenmages.Both of
thesemethodswill bedescribedn detailin the next section.

To usea singlegain parameteto describethe changen pixel
valuesdue to a changein exposure,the cameramust be linear
For example,if in imageone,pixel (x; y) hasvaluel 1 (x;y) and
we doublethe exposurefor imagetwo, thencorrespondingixels
musthave twicethevalue.i.e. 12(x;y) = 211 (x;y). It isknown
thatmostcameraganbe quitenon-linearespeciallyin the extents
of their range. It is thereforenecessaryo nd afunctionthatre-
latesthe pixel valuesto photoquatities This funcionis known as
the cameraresponsédunction. Oncethis functionis known, the
cameracanbelinearizedby applyingtheinversecameraesponse
functionto the pixel values.

In thispaperamethods presentedhatdeterminesheinverse
responsdunction of the cameraby usingthe superpositiorprop-
erty of light. The methodsolvesfor the inverseresponsédunction
directly usingsuperpositiortonstraintsmposedy differentcom-
binationsof two (or more) lights to illuminate the samesubject
matter The methodovercomesthe problemof needingto accu-
ratly setthe exposureof the camera,and requiresonly that the
camerabe equippedvith anexposurdock feature.

2. SPATIAL ALIGNMENT

Thebasicspatialalignmentechniqués very similarto themethod
presentedy ShumandSzeliskiin [2]. Alignmentbetweerpairs
of imageis donein a coarseto ne frameawork, where rst, an
imagepyramidis computedthenstartingat the coarsestevel, the
motionmodelof choiceis t betweertheimagesusinganiterative
method.

2.1. 8-Parameter Projective Transformation

At a given scale,we wish to estimatethe motion betweentwo
imagesl o (x) andl1(x), in termsof a parametrianotion model
x%= f(x; m) wherethecomponent®f m arethemotionparam-
eters.We would thuslike to minimize:

X
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Herewe areassuminghatthe exposurehasnot changedetween
images.This casewill beconsideredn alatersection.For thefull

cx andey canbeapproximatedy usingthe pixel coordinategor the
centreof theimage.

eightparameteprojective model:

Moo  Mo1
f(x:m) = x® Mo mp
Ty T [mao;marJ[x;y]" + 1

X;yl" + [moz;mp]”

(6)

To iteratively solve for m, we computethe rst order Taylor
seriesapproximatiorof | 1 (f (x; m)) with respectom.

l1(x)+r |1(X)%m (7)

By using an updatevectord = [do;d1;d>; d3;ds;ds; ds;d7]"
suchthat:
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We cansimplify (9) to:
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is the Jacobiarof the projective transformatiorwith respecm.
By combiningthis resultwith equation(5), we obtain:

X
"m Da(x)+r 11 (x)Ix)d  To(x)]? (11)

8x

To minimize (11), we usethe standardeast-squaresolution
by normalequations
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is theresidual SinceA is symmetricandnon-singularit is easily
invertedto solve for themotionparametersl.

Sinceequation(9) is only a rst orderapproximatiorof
I1(f(x;m)), the solutionfor m by (8) will only be accuratefor
smallvaluesof d. This meansthatin generalthe estimatedpro-
jective transformatiorbetweerpairsof imageswill only beaccu-
rate for smallcameramotions. In orderto increasethe rangeof
the technique(larger cameramotions), we make useof the fact
thatthe setof projectie transformation$ormsagroupandis thus
closedundercomposition,to iteratively solve for desiredmotion
parameters.

Theiterative methodhasthefollowing steps:



(i) Estimatethemotionparametersn of equation(6) by min-
imizing equation(11).

(i) Usetheinversetransformatiod *(x;m) towarptheorig-
inal imagel o to createls .

I5(x) = lo(f *(x;m)) (15)

(i) Estimatehemotionparameterm Obetweer 1 (x) andlg (x)
by usingthe uphdatedesidualvectorbz _

X i
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(iv) Generatanimprovedmotionestimateof f (x; m) by com-
posingf (x;m% andf (x;m).
(v) goto(ii) until thedesiredaccurag hasbeenachiezed
To male useof the grouppropertiesof the projective motion

model(6), it is naturalto usethe matrix formulationin homoge-
nouscoordinates.
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or in vectornotation:

X% MX (18)
Theinversetransformatiorcannow be simply written as:
X M Xx° (19)

Incrementaimotionscanthen be composednto onetransforma-
tion by usingthis representation.e.

x%= f(f(;m1);mz) = f(x;m?) (20)
as
X% MaMiX = M% (21)
In theactualimplementatiorof this algorithm,acoarseo ne
stratgy is employedwith thefollowing steps:

(a) Construcanimagepyramidfor images o andlo, by blur-
ring with a Gaussiarkernelanddecimating.

(b) Low passlter eachimagewith aGaussiatkernelto smooth
the spatialimagegradients.

(c) Computer |4 usingdifferencedbetweeradjacenpixels.

(d) Startingat the coarsestevel, estimatethe projective trans-
formation betweenthe imagesusing the iterative method
describedabore. Computea predetermineciumberof iter-
ationsbeforeproceedingo thenext level.

To improve the numericalstability of the method,all the im-
agesarerescaledsuchthatx; y 2 ( 0:5; 0:5]. Theactualtransfor
mationbetweenmagesgivenby M is foundfrom M s thetrans-
formationestimatedrom the scaledmages:

M = SMS * (22)
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Heresy andsy arethex andy dimension®f theimages.

2.2. 3-Parameter Projective Transformation (Rotational Model)

In the restrictedsceneriowherethe cameramotion is restricted
to rotations(in threedimensionsaboutthe cameras optic center
Theprojective transformatiorrelatingpairsof overlappingmages
canbe describedcompletly by the threeEuler angles,describing
the 3D-rotationof thecameraThis relationships givenby:

M TVRV 'T! (24)

whereT ,V andR arede nedin equationg3) and(4).

To solwe thefor M in aniteratve schemeasin the previous
section,we usea linear approximationof the projective transfor
mationfor smallrotations = [ x: y; :]" aboutthecam-
eras opticalcenterin thecameracoordinatesystem.
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Tosolvefor D , weminimize:
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with theorigin of eachimageshiftedusingtransformatiorl . The
least-squaresolutionby normalequationss again:

Ay = b (29)
where
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and,the Jacobiarof the projective transformatiorwith respecto

[ x: y;: <is
_ @ _ xy=f  f+x2=f y
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We canusethe iterative methodpresentedn the last sectionby
usingthis modelfor estimatingthe motion parametersit steps(i)
and(ii).



2.3. Estimating the Camera's Focal Length

To usethe 3-parametemotionmodelfor estimatingthe projective
transformationwe needto know the cameras focal length. To
estimatethefocal lengthfrom pairsof imagesthatarewell regis-
teredusinga projectie transformationthe methodpresentedy
Szeliskiand Shumin [2] wasimplemented.It wasfound how-
everthatestimateprovidedby this methodwereveryinconsistant
whenappliedto typical motionestimatesrom ahandheldcamera.
Thelack of anerrormeasuralsomalesit dif cult to comparehe
estimateghatresultfrom a large setof registeredmages.in [2]
the medianvalue is usedasthe bestfocal length estimate. This
however, performspoorly in the presencef outlier points,which
will frequentlyoccurwith any non-rotationatameramotion. The
obseredinconsistang in the methodis hawvever mostlikely due
to theimplicit assumtiorthatrecoveredprojective transformations
obey equation(24). To addressheseproblemsanen methodwas
developed.

For generatameramotions,therecoveredprojective transfor
mationM whendecomposedsin equation(24), will resultin a
valuefor R thatis not orthonormal.We shouldthusrewrite (24)

as:
M TVRvV 'T!? (33)

By rearrangingve get:

R Vv T 'MTV (34)
SinceM andT areknown, we caneasehe notationby writing:
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Thestratey is thento nd theoptimalvalueof f thatmale R
assimilar aspossileto a true rotationmatrix. In otherwords,we
wouldliketo solve for the“best” rotationmatrixR to approximate
R. Here,“best” is quanti ed by the minimum Frobeniusnorm of

thedifferenceR R. where is ascalarmultiplier to account
for the similarity relationship.Statedformally, the problemis:

R = arg minkR R k2 (37)

with the constrainthat:
RTR = | (38)
Since
kR RkE=h(R R)(R R) (39)
=3+ *h(R"R) 2 h(R"R) (40)
whereh denoteghetr ace operator
By computingthe singularvaluedecompositio{SVD) of R .

wehaeR = UV T where = diag( 1; 2; 3). Wewould
thuslike to minimize (40):

#=3+ 2h(vU Tuv Ty 2 h(RTuv T) (1)

Usingthepropertiesof h, thisbecomes:
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wherez; arethediagonalelementofZ = VTRT U
SinceZ is anorthogonamatrix:
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# is clearlyminimizedby settingR = UV T .
We canthensolwe for theminimizing by differentiating(41)
by andsettingtheresultto 0.

= =2 22 (45)
Therefore,
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Theerrorin therotationmatrix R with respecto its distance
from the nearesbrthonormalmatrix, canbewritten simply as:

(h) 2
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Thefocallengthf canthenbe estimatedoy minimizing " with
respecto f using(47):

a = minkR Rk = 3

f = argminfminkR R(Q:f)kég (48)

In the currentimplementatiorof the systemthe minimization
overf is carriedoutusingthefminseach functionin Matlah Esti-
matescanthenbe characterizedby their errorde ned by (47) and
cunaturein theerrorfunctionatthe minimum (computedhrough
asimple nite differencemethod). Two methodswverecompared
for determiningthe bestestimateof the focal length. Onemethod
wasto usethe estimatewith the lowesterror, Thethe otherwasto
take themedianfocal lengthasin [2].

The resultsfrom the two methodswere testedby using the
differentfocal lengthestimategor the 3-Paramterrotationmethod
describedn theprevioussectiononasequencefimage,andcom-
paringthe resultingerror asde ned by equation(47). Threese-
guencesvereused:a smoothlypanningvideosequencehe same
sequencéut usingevery 5th frame,anda carefully collectedse-
guencewith the camerapanningaboutits optical centerin large
steps. As expected,it was found that the carefully collectedse-
guenceproducedhe bestresults. The medianmethodperformed
slightly betterthan lowest error methodwith a large numberof
input images,and much worse with a small number Figure 1
shaws a histogramof the estimatedocal lengthsfor a Sory DCR-
TRV110 Handycamestimatedrom a 280imagesmoothpanning
videosequence.

In all of themethodsandsequenceshefocallengthestimates
generallydiffered by no more than 15 percent. This amountof
deviation produceda negligable differencein performaceof the
overall system,sincethe 3-parameterotation methodwas used
only for coarsealignment.
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Fig. 1: Histogramof theestimatedocallengthsfor aSory DCR-TRV110Handycam
estimatedrom a 280imagesmoothpanningvideo sequenceHerethe medianfocal
lengthis 1115andthe minimumerrorfocal length1385.

3. TONAL ALIGNMENT

While thegeometriccalibrationof camerass widely practicedcand
understood3][4], oftenmuchlessattentionis givento thecamera
responsdunction (how the cameraresponddo light). In digital
camerasthe cameraesponsdunctionmapstheactualquantityof
light impinging on eachelementof the sensorarrayto the pixel
valuesthatthe cameraoutputs.

Linearity (whichis typically not exhibitedby mostcamerae-
sponsdunctions)impliesthefollowing two conditions:

1. HomogeneityA functionis saidto exhibit homogeneityif
andonly if f (ax) = af (x), for all scalara.

2. SuperpositionA functionis saidto exhibit superpositiorif
andonlyif f (x + y) = f (x) + f (y).

The two areoften written togetheras: f (ax + by) = af (x) +
bf (y).

In image processinghomogeneityariseswhenwe compare
differently exposedpicturesof the samesubjectmatter Super
position ariseswhen we superimposésuperposepicturestaken
from differentlyilluminatedinstance®f the samesubjectmatter
usinga simplelaw of compositiorsuchasaddition(i.e. usingthe
propertythatlight is additive).

A variety of technique$iave beenproposedo recoser camera
responséunctions,suchasusingchartsof known re ectance,and
usingdifferentexposuresof the samesubjectmatter[5][6][7][8].
The methodproposedherediffers from other methodsin that it
doesnot requirethe useof charts,nor a camerathatis capableof
adjustingits exposure.The methodproducesrery accuratgesults
andrequiresonly thatthe camerahasanexposureock feature.

Thecomparagramasde nedin [5][9][6][10] hasbeernwidely
usedasa tool for the comparisorof multiple differently exposed
picturesof the samesubjectmatter With enoughdata,a direct
nonparametricolution for the cameraresponsédunction canbe
obtained,otherwise,a semi-parametrianethodsuch as Cando-
cia's piecavise linear comparametrianethodwill often provide
betterresults[§. A dravbackof completelynonparametrieneth-
odsis thatperiodicityin theamplitudedomain,i.e. amplitude'rip-
ples”, also known as fractal ambiguity [11] and comperiodicity
[12], plaguetheresultunlessmorethantwo inputimagesareused
with exposuredifferencesthat are inharmonic(in the amplitude
domain).

Themethodproposen this paperusesthe notion of superpo-
sition ratherthan homogeneityto solve for the cameraresponse
function. In this methodthe linear constrainteliminatesthe frac-
tal ambiguity The following techniqueis used: in a dark ervi-

ronment,set up two distinct light sources. Take three pictures,
onewith eachlight onindividually (pa, pb), andonewith the two

lights on together(p:). From this datawe solwe for the camera
responseunction f by using the following constraints:For the

i pixel positionin eachof the threeimages: pa[i] = f (),

Poli] = f(o), andp: = f (g + @). Wherethe quantityq is

known asthe photayraphic quantityor photoquanity5][10].Note

that the photoquantityis neitherradiancejrradiance luminance,
nor illuminance,rather it is a unit of light, uniqueto the spectral
responsef a particularcamera.

3.1. The CameraResponsd-unction

The cameraresponsdunctionf may in generalbe modeledby
cascadingwo non-linearfunctionsasshavn in gure 2. In this
diagram,the photaraphic quantity (photoquantity of light mea-
suredby the sensoris mappedinto pixel spaceby a non-linear
dynamicrangecompressioriunctionanda uniform quantizer We
call the rst function the RangeCompressiorFunctionbecause
mostcameraesponséunctions,suchasthefamiliargammamap-
ping, arecorvex.

In this methodit is assumednly that this functionis mono-
tonic andcornvex[13]. The quantizerin turn mapsthe rangecom-
presseghotoquantitiesnto discretepixel values.

Range

Lightspace Compressor

Values Values

Fig. 2: The simplecameramodelusedfor the method. Lightspacevaluescollected
by the camerasensorlementsarecompressedavith a non-linearfunction, andthen
quantizedo yield pixel values.

Quantizer Imagespace

By assumptiotheRangeCompressiofrunctionis monotonic.
Thus: photoquantitiesn therange[th; &); o < ¢ will resultin
somepixel valuep; ; photoquantitiegn therangdop; &) ; @ < o,
will resultin pixel valuepz; with p; < pz. We thensimplify our
analysishy approximatinghe RangeCompressioffrunctionasbe-
ing linear betweenquantizationpoints, and by assuminghat the
probabilitydistribution of themeasureghotoquantitiess uniform
in thisrange.Therefore given pixel valuepy , the maximumlik e-
lihood estimateof the original photoquantitygy is givenby:

QX + q<+1 . (49)

fip) =& = >

whereq: andg+1 are lightspacequantizationpoints for pixel
valuepy.
3.2. Solvingfor the InverseCamera Responsd~unction

Sincethepropertyof superpositiomoldswith photoquantitieswe
canform thefollowing equation:

f () +f H(f(®) = &: (50)



Fig. 3: Oneof theimagesetsused.Leftmost: Picturewith light A turnedon. Middle:
Picturewith light B turnedon. Rightmost: Picturewith light A and B turnedon
together

By equation(49),6. = ¢. + ¢ andby ourassumptionsy. is the
maximumlik elihoodestimateof g + ¢ givenour prior knowvledge
of f (o) andf (o). We cannow form the superpositiorequation:

frf@)+f (@) =f '(f(a+ad)+ o (5)

where o is the meanerror dueto quantizationof ¢.. Underthe
assumptionstatedwe cansolve for f 1, i.e. the mappingfrom
pixel value px to maximumlikelihood (ML) photoquantitiesy ,
by minimizing thefollowing equation:

X
e= f *(paln]) + f *(poln])

8n
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wherepa[n]; po[n]; pc[n] arethen™ pixels of threeimagestaken

of ascenewith constanexposureandthreeillumination permuta-
tionsof two light sourcesn anotherwisedarkervironment.Pixel

valuesp, andpy arefrom imagesof thescenewith eachof thetwo

light sourcegurnedon independently Pixel value p¢ is from the
imageof the scenewith bothlight sourcesurnedon together as
shawvn in Fig 3.

Sincedigital camerasoutputa nite rangeof discretepixel
values,caremustbe taken whenapplying the assumptionsnade
attheendsof the cameras rangewhereclipping occurs.In there-
mainderof the paperwewill assumehatthecameraoutputspixel
valuesin the range[0; 255] with clipping occurringat 0 and 255.
This is not always the case,but the modi cation to the analysis
underotherconditionsis very simple.

Using the proposedmodel, pixel values0 and 255 are pro-
ducedby therangeof photoquantitiefO; :) and[cpss ; 1 ) respec-
tively. Sincetherange[gss; 1 ) isin nite in size,theassumption
thatthe distribution of photoquantitieshat producea pixel value
of 255 will approacha uniform distribution over a nite number
of imageswill obviously not hold. A similar agumentapplies
for pixel value0. We thereforedo nottry to solve for f *(0) or
f 1(255), or equivalently, to solve for gy andapss. Insteadwe
cansolve for thequantizatiorpointsgqy anddpss . Thisallows usto
concludethatif we measurea pixel valueof 0 with the cameraa
quantityof light belov o wasmeasuredSimilarly, a pixel value
of 255 represents photoquantitygreaterthangpss . The method
of solvingfor thesethresholdss presentediaterin this section.

In accordancawith this development,we de ne f ! asthe
mappingfrom pixel values(1; 2; 3:::254) to the maximumlik eli-
hoodphotoquantitiego; tp; Gs:::0psa ). We cannow write equa-
tion 52 moresimply as:

X

e= Gpain] * Gppin]
8NP a;Pp
P60 ;255

Chetn] (53)

Equation(5) can be efciently minimized using a singular
value decomposition(SVD). To do this, we represenf ! asa

vectorf™ 1 = [on; op; 0s::0psa]” andwe form a constraintmatrix
A suchthatthen™ row of thematrix correspondso then™™ pixel
in imagespa; pp andp:. Eachrow hasa 1 in columnsa andb,

1in columnc andzerosin all othercolumns.In then™ row, a,
b andc correspondo pixel valuespa[n], po[n] andpc[n] respec-
tively. The leastsquaressolutionof the homogeneougquation:
At~ 1 = 0isthenobtainecby obtainingtheSVDof A = U VT
andusingthe columnof V correspondingo the smallestsingular
valuein

Solvingfor f ! by this methodassumeshatthe error: =
0. + @ O haszeromean. Without noise,clipping at 255 can
createa problemby biasingthe distribution of the measuregixel
values. With cameranoise, this biasbecomesrery signi cant in
pixel rangesearbothclipping points: 0 and255. Also, aswith all
leastsquaresnethodsputlier pointscansigni cantly perturbthe
solution.

With theseconsiderationghe methods improvedby robustly
estimatingf (gc) by generatinga histogramof the measuregbixel
valuesof ¢ for eachadditive combinationof a andb. By assuming
that the normalizedhistogramis a reasonableapproximationof
theactualprobability distribution of ¢, we canusethe peakof this
histograme,. », asour bestestimateof f (f (@ + op)). Our
minimizationproblemthusbecomes:

X 2
e= Nixyg & + Oy Gy y (54)
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WhereN; .y 4 is thenumberof instanceof f (a) + f *(b) =
f 1(c) in thedataset.

For a digital camerawith 256 pixel levels, this collection of
histogramscan be expressedn a 256 256 256 array with
the rst two dimensionsbeingthe pixel valuesin imageP. and
Py, respectiely, andthethird dimensioncontainingthe numberof
occurrencesf eachpixel valuefor eachf a; bg combination.This
representatiors effective sincewe caneasilycompileinformation
from multiple imagesetsby simply addingthe collectionof his-
togramsproducedby eachset,therebyincreasinghe accurag of
ourestimateof f (). In orderto improve the estimateof the peak
location, thehistogramsreeachsmoothedvith aGaussiatkernel.
This preceduras especiallyimportantwhenf a; bg combinations
arepoorly represented.

To shav thatthe methodperformsreliably, randomsynthetic
lightspacedatawasgeneratedTo this data,aC* continuougunc-
tion was appliedto the lightspacedata,and the resultquantized
into 256imagespace/p#éd values.Following this procedureGaus-
siannoiseof standarddeviation 10 wasaddedto the pixel values.
The singularvalue decompositiormethodwas then usedto re-
coverthefunctionusingthedescribedtonstrainimatrixassociated
with equation(54). Theresultsof this procedureon the synthetic
dataareshavn in gure 4. As canbeseenin the gure, the high
quantity of noise addedhassigni cantly affectedthe recovered
responséunctions,however it demonstratethe stability of theal-
gorithm. Whenmorereasonableoiselevels areused,suchasa
standarddeviation of 3, theresultsarevery accurate.

In situationswhere only a small numberof image setsare
available,or the cameraexhibits alarge amountof noise,it is nec-
essaryto add smoothnesserm to the objective function (54) to
achie/ereliableresults:
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Fig. 4: Plotsof vedifferentrecoseredresponséunctions togethemith groundtruth,
usingsyntheticallygeneratediata. The proposedalgorithmwasthenusedto recover
256discretepoints(plottedasvariousshapedoints). Note thatthe recoreredpoints
fall virtually on top of the original functions(plottedassolid lines).
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where weightsthesmoothnestermandf® *(n) is computecy:

= n 2]+ 165 Y[n 1]
30F *[n]+ 16f *[n+ 1]

£ (n) =
= n+2] (56)

It was found that for high quality digital camerag(suchas
a Nikon D1) the responsdunction could accuratelydetermined
without the smoothnesserm. However, it wasnecessaryo nd
theresponséunctionfor the Sory DCR-TRV110HandycamThe
resultsof applyingthe smoothnesgermcanbeseenn gure 5.
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Fig. 5: A comparisonof the cameraresponsdunctions solved using the method
presentedwith and without the smoothnesserm. The dottedline representshe
solutionwithoutthe smoothnessonstraint.

Oncea good estimatefor f~  hasbeendeterminedwe can
solve for the quantizationpoint g by examining elementsn the
collectionof histogramshatinvolve pixel value0. We thenapply
theinverseresponsdunctionto the histogramandlook for a step
in the distribution to infer the value of q. The samemethodis
thenusedto determinegpss . In practicegi haslittle valuesinceat
this low level, thenoiseinherentin theimagingsystemdominates.
In mostcasesit is reasonabléo simpleassignf *(0) = 0 and
f 1(255) = Opss.

To testthe accurag of the recoveredcameraresponsdunc-
tions, a similar setof imagetriplesareused:pa = f (th);po =
f () andpe = f (aa+b). To make thetestfair, we usea different
setof imagesthenthoseusedto generatethe responsdunction.
The inverseresponsdunctionis appliedto p. andp, andthere-
sulting photoquantitiesy andqg, areadded We now comparethis
sum(in eitherimagespacer lightspace)with p. (or q:). There-
sulting meansquaredlifferenceis thenusedto ratethe response
function superpositiorerror. This methodcanthenbe repeated
for setsof imageswith differentlighting con gurationsto testthe
full cameraange.

3.3. Estimating the Exposure Differ ence BetweenImages of
Identical Subject Matter

If we have two imagesof identical subjectmattervarying only
exposurewe canusetheinversecameraesponséunctionto allow
usto estimatethe exposuredifference.

Assuminghesystenis perfectandthelighting doesnt change
betweerexposuresfor agivenpixel locationx : imageA haspixel
valuePa (x) = f (q(x)) andimageB haspixel valuePg (x) =
f (g (x)). Where representshe multiplicative changen expo-
sure. For example,using a shutterspeedof 1/250s in imageA,
and a shutterspeedof 1/500s in imageB would yeild = 2.
To solve for the we usetheinverseresponsdunctionf ! and
minimizethefollowing squarecerrorobjective functionacrosghe
entireimage:

= argmin = 1PAa(x)]  f [Ps (X)] ’ (57)

8x

Whichis easilysolvedby:

P
_ T HPACOIT [P (X)]

" (F 1Ps (X)])2 9

This solutionassumeshatwe have equalcertaintyin the val-

uesof f~ [n] for all valuesof n. This is of coursenot true for
severalreasons:

1. Thevariationin the slopeof the inverseresponefunction
causeshe quatizationnoisein the estimatedohotoquanties
to vary.

2. Therecoveredinverseresponsdunction canvary in accu-
ragy for differentpixel vales.

3. The noisecharacteristiof the cameravariesfor different
pixel values.

To accounfor theseeffects,acertaintyfunctionc[n] 2 [eps;1]
wascreatedhatdescribe®urcon dencein the photoquantitegs-
timatedfor eachpixel valuen. We expectc[0] and c[255] to be
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Fig. 6: OntheLeft we have aplot of ¢t [n] for the Sory Handycam Ontheright we
haveaplot of thecombinedcertaintyfunctionc[n] = c¢¢ [n]cg [n], representingur
con dencein the photoquantityobtainedusingtheinversecameraesponsdunction.

very smalldueto clipping. We includethis functioninto our esti-
mateof by:

X
= argmin  c[Pa (X)]c[Ps (x)]
8x

F(F ' Pa(x)] ' Pe(X)]g®  (59)

= i clRa ()IclPs (I H[Pa ()1 [P (X)]
c[Pa (X)]cPs ()] *[Ps (x)]?

(60)

c[n] is determinedn two steps: rst the certaintyin the re-
sponsefunction ¢; [n] is estimatedexperimentally thenthe cer
tainty dueto quantizatiorcg [n] is estimatedrom the slopeof the
responsdunction. The combinedcertaintyis thencomputesas:
c[n] = ¢ [n]cq[n].

¢t [n] is determinediuringthetestingof therecoreredinverse
responsdunctionasdescribecht the endof lastsection.For each
commonpixel in eachtriple of images:pa = f (t);pp = f ()
andp; = f(o.+b), the inverseresponseunction is appliedto
pa andpp andthe resultingphotoquantitiesy, andg, areadded.
Wethencompare (0. + ¢p) with pc. Theresultingmeansquared
differencds thennormalizedoy thenumberof pixelsof valuep in
imageC, andthenareaccumulatedn anerrorhistogramenist [n]
at positionp;. This processs appliedto all the testingimages,
andtheresultingerrorhistogramis normalizedsothatits it hasthe
rangel0; 1). ¢ [n] is thencomputedas:

cnl=1 en] (61)

For the resultsof this processappliedto the Sory Handycamsee
gure 6. We expectthe certaintyfunctionto be smooth however,
sincewe are creatingit with a nite amountof testingdata,we
usuallyhave to smooththeresult.

The certaintydueto quantizationis calculatedby taking the
derivative of theresponséunction:

_ df(F [n])

co[n] 3

(62)

In practicef is approximatedy invertingf~ 1. Thederiative is
approximatedisinga nite differencemethod.cq is alsonormal-
izedsothatits rangeis limited to (0; 1].

c[n] is thenobtainedby composingce andc: . Theresulting
certaintyfunctionfor the Sory Handycantanbeseenn gure 6.

4. SIMULTANEOUS SPATIAL AND TONAL ALIGNMENT

In orderregisterimagedrom camerahatvariesits exposurgwhether
throughAGC or throughmanualadjustment)it is necessaryo si-
multaneoushestimatehe motionparametersn andtheexposure
parameter . Themethodpresentedk for thefull 8-parametepro-
jective model,sincethisis whatis usedin the currentimplementa-
tion, however theresultsareeasilyextendedto othermodels.The
developmenis verysimilarto thatpresentedh section2.1,soonly
themajorpointsarecovered.

Inputimagesare rst linearized(i.e. convertedto photoquan-
tities) usingtheinverseresponséunction:

lo(x) = T *[lo(x)] (63)
l1(x) = 7 *[11(x)] (64)

Using certaintyfunction c[n] asan element-wisematrix operator
we canalsode ne certaintyimagesto simplify our notation:

Co(x) = clo(x)] (65)
Ca1(x) = cl1(x)] (66)
Now, if we add the exposureparameter and certaintyto
equation(5), we get:
X
"= Co(¥)Ci(x) Lhi(fGm)  lo(x) *  (67)
8x
Equation(11) nov becomes:
X
" Co(X)C1(x) 11(X)+ 1 11(x)I(x)d  lo(x) *

8x
(68)

With theleastsquaresolution:

A 9 - b (69)

where
_X I 11(x)
A = Co(X)Cl(X) |0(X)
8x
rla)TI)T To(x) (70)
and

J(xX)r 11(x)

X
b = Co(X)Cl(X)ll(X) |0(X)

8x

(71)

Themotionparametersn cannow beiteratively estimatedis-
ing the stepsoutlinedin section2.1, with the simpledifferenceof
warpingboththe photoquantityimagel o (x) andthe certaintyim-
ageCo (x) atstep(ii), andrecomputingdA andb usingthewarped
imagesto estimatethe motionimprovementm °.

5. CREATING HIGH DYNAMIC RANGE MANIFOLD
MOSAICS

The systemwasimplementedisinga Sory DCR-TRV110 Digital
Handycam.Theresponsdunctionof thecameravassolvedusing
the methodpresentedn this paper Theresultsof the canbe seen



in gure 5. Thefocal lengthof the camerawas estimatedrom
a sequencef imagesspatially registeredusing the 8-parameter
projective method.For detailsseesection2.3.

Pairwise estimatesfrom a video sequencare estimatedn a
two stepprocessFirstthemultiscale3-parameterotationmethod
is usedo createaninitial estimateof theinterframetransformation
(section2.2). Thenthe estimates re ned by usingthe combined
spatialandtonalalignmenttechniquepresentedh section4.

It was found that this procedureproducedthe quickest and
most stabletransformatiorestimates.While not descriedin this
paperanaf ne motionmodelwasalsotestedfor roughly estimat-
ing the transformation.lt washowever, drasticallyoutperformed
by therotationmethodfor all situationsexceptfor puretranslatory
cameramotionandzoom. It wasalsofoundthatthe performance
in therotationmethodwasratherinsensitve to moderateerrorsin
thefocal length. Note thatwhena very large focal lengthis used
in the model, the resultingprojective transformationslegenerate
to similarity transformationsyhich alsoperformvery well for a
roughmotionestimatan mary casesThus,whenthefocallength
is notknown, anoverestimateanbeusedin this two stepprocess,
toaidin nding thetruefocallength.

Sincethe rotation model is only usedfor coarseestimates,
the inputimagesareblurredwith a gaussiarkernelwith = 2,
whereador the nal re nements = 1isused.Seegures 7 and
8 to seethe methodin action. Figure 7 shavs the input images.
Figure 8 shavs the estimatefrom the rotation method(note the
greaterblurring), and the re nement from the joint spatial/tonal
alignment.

Fig. 8: Resultg(in theform of differenceéimages)from thetwo stagealignmenttech-
nique. On the left: the resultsfrom the rotation model estimate.On theright: the
re nementfrom the spatial/tonaprojective method.

The systemimplementedoroducesmosaicsfrom a sequence
of inputimagesusinga similar methodto the Recti ed Mosaicing
With AsymmetricalStrips presentedy Pela et. al. [1]. It was
found that both the Asymmetricand Symmetricstrip algorithms
createdvisually undesirableesultsfor imageswith verylittle mo-
tion betweerthem. 2 This systemusesa simplifed approactthat

2|t is possiblethataimperfectionin my implementatiorcausedhepoor

producesvery goodresultsevenwith very large cameramotions.
The techniqueusesrectangulawvertical stripswith a width deter
minedby the horizontaloffsetof the origin betweertime adjacent
images.More precisely the vertical strip usedfrom imagel « be-
gins at the centreline of the imageand endsat the horizonatal
positonof the origin of imagel«+ 1 projectedinto I (usingthe
projective transformatiorrelatingthe spatialcoordinategelating
thetwo images).This stripis thencementednto themosiacusing
thevertical offsetdetermineddy thevertical positionof the origin
of I projectedntol 1 (usingthetransformatiomelatinglx and
Ik 1)

Beforecementingheimagestripsinto the nal mosaic,they
are rst corvertedto photoquantitiesisingthe inversecamerare-
sponsdunction. The resultingpanoramahustonally alignedand
is linear in light. Using this method,thesepanoramagan have
very high dynamicrange(dependingon the input sequenceised)
andmustviewedaccordingly A simplemethodso seeeverything
is to take the sqareroot of thelight quantitiesin the panoramand
scalethe resultto [0; 255] for displaying. Figure 9 displaysthe
resultsof this methodfor a kitchenscenewith awindow. Another
methodis to usethecameraesponsdunctionto producea picture
taken by a virtual camera.To do this we multiply the panoramic
photoquantitieby ascalingfactorto achieve thedesiredexposure,
andthenusethe cameraresponsdunctionto generate pictureas
the camerawould have seenit. We canseethe resultsusingthis
display method,for the samekitchenscenein gures 10, 11 and
12.

To illustrate the robustnesf the motion estimationmethod
andthe effect of spatial/tonalalignment,the samekitchenscene
wasprocessedsingevery 15thvideoframe. Figure13 shaws the
spatiallyandtonallyregistedmosiacand gure 14,shavsthesame
compositewithout thetonalalignment.
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