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Abstract

We describean acquisition and viewing method for
high-resolution,high-dynamiaange sphericalimage mo-
saics. Thesemosaicsconsistof hundreds of high reso-
lution, high-dynamic-ange color images, eat annotated
with 3-DOF orientationabouta commoropticalcenter An
automatedacquisition platform captues a pre-speci ed
hemisphericatiling of images. Each image is acquired
with speci edapproximatecamea rotationand bracketed
exposuesfor high-dynamiaange.

Relative rotations among images, as well as inter-
nal camern parametes, are automaticallyre ned usinga
correlation-basedjlobal optimization.Theimprovedrota-
tion andinternal parameterestimatesre usedin aninter-
active viewer for smoothinspectionof the resultinglarge
sphericalmosaic. Therendeer usesa modi ed form of
adaptive incremental,parallel raycastingto samplethe
original imagesat pixel centes, preservingdetail fromthe
raw imagery while maintaininginteractive display rates.
We showan exampledatasethatresolvesnillimeterscale
detail at a viewing distanceof tenmetes.

1 Intr oduction

Our groupis developingautomatedtapturetechniques
for extendedurbanervironments[8]. The ideaof the ef-
fort is automaticreconstructiorof textured 3D geometric
modelsof urbanlandscapefrom large numbersf images
annotatedvith approximatentrinsic andextrinsic camera
parametersimagesare groupedinto nodes eacha setof
imagesacquiredat a commonoptical center Theseform
the fundamentaldataobject of the city scanningProject
[2].

A single node containsthe information necessanto
recreatea view of the world from one point in space
and time. By combiningall of the imagesin a super
hemisphericaliling aroundthe viewpoint, it is possible
to tracethe color andintensity of a sampleof light rays

arriving at the optical center effectively allowing oneto
look aroundwith an appropriateviewer (e.g.,asin [1]).
Informationviewedfrom a singlepoint neednot have ary
notionof the surroundinggeometry(i.e., depth).

This paperdescribesa methodfor acquiringandview-
ing asinglehigh-resolutiorhigh-dynamiadangenode with
a camerarig and software viewing system,respectiely.
The novelty hereis the sheeramountof data— we show
amosaicof alargeinterior spacewhich combinesseveral
hundrechigh-resolutionhigh-dynamiaangemages-and
thefactthatit canbeviewed smoothlyon a modesigraph-
icsengine.

To facilitatethe acquisitionof high-resolutiormosaics,
a speciallydesignedsensorautomaticallyacquiresa node
basedn auserspeci edspherdiling (collectionof orien-
tations). Themechanizegdystemenablegheacquisitionof
nodeswith hundredsf imageswhich would dif cult and
tediousif donemanually The platformalsoautomatically
generates high-dynamic-rangeadiancenapfor eachim-
age[5].

A modi ed ray-castingalgorithm interactvely gener
atesaview from the originalimagesin realtime, preserv-
ing the resolutionof the acquirednode. Radiancedatais
usedto expandthe dynamicrangeof the generatedm-

agery

2 Acquisition

The acquisitionplatform employs a motorizedpan-tilt
headwhichrotateghecameraboutits opticalcenter The
camerausedfor acquisitionis a Wintriss Opsis1300cam-
erawith resolutionof 1524 1012pixels, t with a28mm
lens, for an effective eld of view of about18 degrees
horizontallyand 15 degreesvertically. The hemispherical
tiling to be acquiredis speci ed programmaticallyby the
user By choiceof opticsandtiling patternwe canachiere
nearlyary concevablesamplingdensityon the sphereat
the costof courseof longeracquisitiontimesfor mechani-
cal slew, shuttering.Figurel depictsthe 258-imagetiling
usedfor themosaicsandl/O in this paper



High dynamic range imagesare acquiredusing ve
braclketing exposuresasin [5]. This is performedauto-
matically at eachtiling orientationthroughprogrammatic
cameracontrol. Theacquisitionplatform (Figure6) is also
equippedvith GPSrecevers,wheelencodersandinertial
navigationsensorgo provide aninitial 6-DOF estimateof
absolutepose(exterior cameraorientation)for eachnode
[6]. Onlythere ned 3-DOForientationestimatesareused
in thispaper Re ned 3-DOFtranslatiorestimatesreused
elsavherein thesystenfor 3D reconstructiorandoff-node
viewing.

3 Mosaicing

The sensomctuationandinertial unit provide good,but
not perfect,annotation®of rotationfor eachimage. These
aretypically goodto abouta degreeor so, whereaswith
our optics and imageresolutionpixel-perfectregistration
requiresorientationknown to abouta sixtieth (one arc-
minute)of adegree.

To re ne rotationestimatesvithin anode,anautomatic
sphericaimosaicingalgorithmis used,basedn maximiz-
ing adensdnterimagecorrelationfunction[3]. Thealgo-
rithm assumespproximateinitial rotation estimatesand
sufcient overlapbetweeradjacenimagedo drive theop-
timizationto a globalminimum.

A coarse-to- neapproachis employed in which pose
estimatedrom mosaicinglow resolutionimagesare used
to bootstrapthe optimizationof higherresolutionimages.
The algorithm representsmagerotationsas quaternions,
which are subsequentlyisedby the viewing algorithmto
ef ciently performa projectionof eachimagepointto 3D.
The outputof themosaicingstagess arotationfor eachin-
putimagewhich relatesthatimageto baseimagefor each
node.

The imagedatasefpresentedn theseexperimentswas
approximately900MB. This largeamountof datapresents
a challengein performinga nonlinearoptimizationbased
ondensecorrelationof pixels. Thisis compoundedby mo-
saicingmethods useof luminanceandderivative informa-
tion for eachpixel. To mosaicthis datasettheoptimization
wasmodi ed to improve bothits memoryfootprintaswell
asthe schedulingof computationand1/O. Sinceadjacen-
ciesbetweerimagesareknown beforehandthe algorithm
computegorrelationinformationonthecurrentpair of im-
ageswhile pre-fetchinghenext setof requiredmagesnto
memory A dedicatednmemorymanagebacksoutimage
derivative andluminanceinformationto disk whenmem-
ory is at full capacity This preventshaving to recompute
imageinformationeachtime animageis swappedout to
disk. This alsorequiresa large amountof swap space,
aboutfour timesthesizeof theinputdatasetlf swapspace
runsout, the memorymanagemill remove theimagein-
formationondisk,andrecomputehederivativesandlumi-

nancethe next time theimageis used.

Total time to mosaicthe 900MB dataseton a four-
processo00Mhz Pentium-Pravith 1GB of RAM is ap-
proximatelyl7 CPUhours.

4 Viewing

We designecandimplementeda viewerto inspecthigh-
resolutionmosaicsamplegixelsfrom the originalimages
atinteractve rateswith amodi ed form of raycasting Al-
thoughthe viewer cannotview full- resolutionmosaicsat
full framerate,it cantradeoff smoothlybetweenquality
andupdaterate,a signi cant advantagefor interactvity.

4.1 Overview

Every samplein the view originatesfrom one or sev-
eral sourceimages.This guaranteethatthe nodemay be
sampledo the sameresolutionasthe originalimagespro-
vided,allowing very ne detailto beobsered. Thisavoids
limitationsthatwould otherwisebeimposeddy underlying
hardware.For example,our graphicsengineallows a max-
imum texture mapsize of 2048x1024pixels. Evenanode
acquiredwith ourordinaryopticscontains46imagesgach
with 1524 1012pixels. Thuswith a direct samplingap-
proachwe have accesgo 34 timesthe datathat hardware
texture mappingwould allow. In a high-resolutionnode
thismultiplier exceed200. Thisbecomespparentn Fig-
ures3 and5 wherea large portion of anindoor lobby is
shavn, andthen an objectinside the sceneis magni ed.
Detailsassmallasmillimetersat a distanceof ten meters
canberesohedin this node. The othermain advantageof
ourraycastingapproachs thatperpixel operationsnaybe
appliedonthe y, in contrastto graphicshardwarewhich
appliesoperationger vertex, theninterpolatedo interior
pixels. This allows for sucheffectsas blendingbetween
multiple imagesto obtaina nal pixel value; seamlessly
integrating low-resolutionand high-resolutionimagesto
useextramemoryonly in areaghatneedit; andadjusting
theviewer's visualresponsdunctionfor viewing high dy-
namicrangeimagesinteractely (i.e., without imagepre-
processing).

4.2 A RaycastingMethod

Theviewer, in its simplestform, takesa usercontrolled
view directionand eld of view andrasterizest ontothe
screen.For eachviewport pixel, a ray is calculatedfrom
theopticalcenterof thenodeto thecorrespondingointon
the viewport, thenextendedout into space.Theraycaster
thendetermineghe radiancealongthat pixel basedon its
direction. This involvesdeterminingwhich imageor im-
ageghatrayintersectsgalculatingthepointoneachimage
in imagecoordinatesvheretheray intersectst, and nally
performinga weightedaverageof the color from eachim-
agebasedon the distancerom theray to the centerof the
image,asdescribedn [7], [1]. This entirecalculationis
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enclosedn a nestedsetof for loopsthat scansthrough
eachline andeachpixel within thatline, andcanbeeasily
incrementalize@ndparallelized.

To speedhe calculationof the ray, anincrementalp-
proachis used.First, theray to thelower-left cornerof the
viewportis determinedcorrespondingo pixel (0,0) of the
viewport). A raystart  is constructedrom theeyeto the
point. Next two deltavectors,dx anddy, areconstructed
to incrementthe startingvectorin the screenx andy di-
rections. Finally, at the startof eachline, the view vector
issettostart + dy* (wherej istherasterindex). It
is thenincrementedafter eachpixel calculationby adding
dx. Next, theimageor imagesthattheray intersectsmust
be determined.The naive approacho this problemis to
simply projectthe ray onto the planein which eachim-
ageis located,then checkthatthe point of intersectionis
within thebordersof theimage. Thisis ef cient for asmall
numberof images but asthe numberof imagesin a node
increasest becomeswvasteful. Sincethis operationmust
be performedonce per pixel, it mustbe asfastas possi-
ble to allow interactive inspection. To speedthis search,
a preprocessingtagesubdvidesspacen atreestructure,
andkeepspointersto theimageshatinterseceachregion.
Thestructures built by adaptve re nementof thetriangu-
lar facesof an initial (full-sphere)octahedronFigure 2),
notunlike quad-treeor kd-treedatastructureg4].

(b)

Figure 1. Visualizationof 258imagefrustum: (a) the FOV for eachimage;(b) wireframeof overlappingfrusta.

4.3 Ray Location Data Structure

During the preprocessingtage,a subdvidable Image-
Branchrecordis instantiatedor eachtriangle. This record
keepstrack of all imagesthatfall within its associatedii-
angularregion. The preprocessopassesll inputimages
to eachof the eightImageBrancheslf a branchcontains
theimage, it is addedto the branchs internallist. Once
thenumberof imageseaches constanthresholdthem-
ageBranclsubdvidesinto four smallerequally-sizedrian-
gles,passingts storedmagedo its children. Theresulting
structurecanbesearcheadvith O(lg n) regioncomparisons
ratherthanO(n), giving a large reductionin computation
andincreasean viewing speedor quality for x edspeed).

Many of thevaluesneededor theray-triangleintersec-
tions usedin this searchcanbe pre-computedgiving an
additionaltime savings. The structureis built suchthat
eachrayis passedo thetoplevel, whichdeterminesvhich
of eightbranchego search.A ray canbe placedinto one
of theseregionsusingthreecomparisongonefor eachdi-
rectionalcomponentwith zero. Theray is passedo that
branch,which determinesf it containstheray. If it does,
the branchsearchedts (short)list of imagesfor intersec-
tions, or passesheray to its four children. The processs
repeatedecursvely until imageintersectionsarefound,or
nonearefound. The queryreturnsa list of imagesinter-
sectedoy theray, if ary.
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ImageBranch Subdivision

Initial Subdivision

Figure 2. Thedatastructurefor rapidray locationin the
sphericatiling.

Oncetheimagesintersectedy theray areknown, pix-
elscanbesampledn eachimage.Eachimagehasanasso-
ciatedtransformatiommatrix specifyingits projectionfrom
the nodeorigin (optical center). Theray is projectedby
this matrix, resultingin a point (x; y; z) thatcanbe used
to index into the actualimagedataas (%; %). The radi-
ancevaluefrom eachimageis thenweightedinverselyby
its distancefrom the centerof the image,andthe values
areaddedanddivided by the total weight. Vignettingef-
fectswhich occurredduringimageformationarecorrected
duringtheaquistionprocess.

4.4 Optimizations

Three modi cations were made to optimize perfor
mance.

4.4.1 Precomputingweights

First, the pixel weightsdependonly on x; y index, not on

the imageitself, so they canbe pre-computedand stored
in an array The appropriateweight can be accessedy

the sameindex usedto readthe radiancesamplefrom the

image. This approachincreasespeedat the costof addi-

tional memoryusageanacceptabléradeof whenrespon-
sivenesss of primary concern. If all imagesareguaran-
teedto have the samesize, a single setof weightscanbe

calculatedatthe beginningof time for usewith all images;
otherwisea perimagearraycouldbeused.

4.4.2 Exploiting continuity

The secondmprovementcomesfrom noting that, in gen-
eral, adjacentpixels come from the sameimage. Addi-
tionally, the transformationto image spaceis expensve,
so anincrementaimethodof nding the next pixel is de-
sirable. Both of theseare addressedluring the sampling

stage.Whentheray transformationis performed anaddi-
tional ray throughthe next pixel is alsotransformedSince
this is effectively a perspectre transformationdistances
arenotpresered,soasimpledeltabetweerpixelswill not
yield properresults. However, the z valueis recordedas
well, and by storingthe deltafor x, y, andz, the viewer
canincrementall of themacrosgheimage.Usingthisin-
crementalaluein eachimage,a countis determinedor
the numberof sampledeft beforean edgeof the image
is reached.Thetop-level loop canthensimply increment
eachpixel locationandsampleeachimageuntil the count
reachegzero.At thatpoint, it mustagain nd theimageset
to be sampled by appealto the ImageBranchdatastruc-
ture. This reducesthe numberof ray-imageintersection
searche$rom onceto pixel to onceperimageedgeinter-
sectedberscanline. Sinceeachimagetypically spanse-
tweenan eighthanda fourth of the viewing area(or more
whenthe eld of view is quitewide), a full searchmustbe
performedonly afew timesperscanline.

4.4.3 Parallelization

The nal optimizationis to split theraycastingaskamong
morethanone processopbn a multiprocessomachineus-
ing pthreads . Two mainstructuredacilitatethis. First,
a RaycastInforecordis createdfor eachscanline of the
viewport, encapsulatingll of the information needecdto
calculateone line of the image,including the ray point-
ing to the beginning of the line, the dx vector a pointer
to theline of the outputimage,andvariousotheraccount-
ing information. Next, therecordis addedto athread-safe
gueue. Worker threadswait on a semaphorauntil a line
is available for processing.Oncea line is available, the
acquiringthreadremovesit from the queueandprocesses
the line. Whendone, it deliversthe renderedrasterand
againwaits on the queue. This producesan improvement
in frameratewhichis nearlylinearin the numberof avail-
ableprocessors.

4.5 High Dynamic Range

Theraycastedescribedbore canuseanarbitrarynum-
ber of imagesof arbitraryspatialresolution but is limited
in its reproductiorof a nodedueto physicallimitations of
the camera- digital camerasave a very limited dynamic
range(typically seven bits or so) — and of the computer
graphicsdisplay The location of this rangecan be ad-
justedby changingthe exposuretime on the camera but
a singleimagecannotcapturedetail in both shadevs and
verybrightareasA trial nodewascapturedat multiple ex-
posuresettings andthe resultswerecombinedto produce
aradiancemapthatre ects the true brightnesgradiance)
of every pixel up to a singleabsolutescale[5]. This map
wasthencompressedsingalogarithmicscaleinto 24-bit



(@)

(b)

Figure 3. Figure(a)wide angleview (b) narrav ®eld of view, zoomed.Thedottedlinesin (b) denoteémageboundaries

pixels, but retainingthe full dynamicrange. For eachra-
dianceimageminimumandmaximumradiancevaluesare
stored allowing corversionto trueradiancevalues.

In addingradiancemapsupportto our viewer, onegoal
wasto adjustthedisplayedangeandvisualresponséunc-
tion onthe y. This precludesmappingeachimagewith
theappropriatevisualresponséunctioneachtime theuser
adjustsgamma.Also, becausef the useof logarithmsin
boththe decodingandvisual responsdunctions,it would

be prohibitively slow to corverteachpixel asit is sampled.

The solutionwasto keepthe imagesin their logarithmi-
cally compressedorm, and generatea 256-entrylookup
tablefor eachimagewhich convertseachchannel(r; g; b)
to the appropriatevalue. Theselookup tablesmustbe re-
generatedeachtime the userchangeghe responsdunc-
tion or dynamicrange,but they containonly 256 entries,
insteadof overamillion pixels. In thedecodestagea sim-
ple tablelookupis performedperchannelper pixel, caus-
ing aminimal performancdit. As canbeseenn Figure4,
detailsin the shadavs of MIT' s Lobby 7 arevisible, while
with adifferentgammathe cloudsoutsidethewindows are
visible, thoughit is a bright sunry day. Theimagecanbe
viewedwith acompressedynamicrangesothatall values
arevisible at once,or the rangecanbe expandedo bring
outdetailin oneparticularsegmentof therange(at the ex-
penseof saturatingegionsthatarebrighteror darkerthan

thetargetregion).

5 Conclusion

We describedan actuatedcamerarig and control sys-
temfor capturingsphericaimosaicswith high spatialreso-
lution andhigh dynamicrange.Thedatais viewedwith an
optimized,adaptve, parallelizedsoftware viewer that re-
quiresonly anordinary CPU andframetuffer, but no spe-
cialized graphicshardware. The viewer smoothlytrades
off betweenimagequality and framerate. Overall these
elementgrovide a novel capabilityfor capturingandin-
spectinghigh delity sphericaimagery

Futurework includesmprovementof themodelingand
useof thevisualresponsdunction. Currently usersinter-
actively specifyangammao modify thecontrasin theim-
age.Oneapproachwould beto try andadaptvely change
the gammaas the viewer navigatesthe mosaic. Another
avenuefor futurework is to betterhandlehigh contrasim-
ages,asdescribedn [9]. This posesa challengedueto
therequiremenbf areal-timeresponsdor alargeamount
of data. Furthermoreasthe uservariesthe eld of view,
the displayeddynamicrangefor the currentview should
changecontinuously
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Figure 5. Figure(a)wide angleview (b) narrav ®eld of view, zoomed

Figure 6. Diagramof theacquisitionplatform




