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Abstract

We introducea theoretical framework and practical al-
gorithmsfor replacingtime-codedstructuredlight patterns
with viewpointcodes,in theformof additionalcamera loca-
tions.Currentstructuredlight methodstypicallyuselog(N)
light patterns,encodedover time, to unambiguouslyrecon-
struct N uniquedepths. We demonstrate that each addi-
tional camera locationmayreplaceoneframein a tempo-
ral binary code. Our theoretical viewpointcodinganalysis
showsthat, by using a high frequencystripe pattern and
placingcameras in carefully selectedlocations,theepipo-
lar projection in each camera can be madeto mimic the
binaryencodingpatternsnormallyprojectedover time. Re-
sults from our practical implementationdemonstrate reli-
abledepthreconstructionthat makesneithertemporal nor
spatial continuityassumptionsabout the scenebeingcap-
tured.

1. Intr oduction

Rangeimaginghasproven useful in a large numberof
applicationareas.Nearlyall high quality rangeestimation
methodsusesomesort of actively projectedlight to code
space.Theselight codesarelaterobservedby camerasand
decodedto determinedepth.If a particularsystemis to ob-
tainarangeresolutionof 1=Nth of theworkingvolume,then
it will needN codesto uniquelycodespace.If themethod
usesbinarycodesthenlog(N) bitsof informationwill need
to beencodedby somemethod.

Somemethodscode theselog(N) bits of information
temporallyusinga successionof changingpatternsso that
eachpixel receivesa uniquecodeover time. Unfortunately
this placesa temporalcoherenceconstrainton thescene:it
cannotmovetoofastor successivecodeswill not fall onthe
samesceneelements.Othermethodscodethe log(N) bits
of information into a small spatialneighborhood,so that
eachpoint in thescenehasauniquecodedpatternprojected
ontoit. Sincethepatternis static,fastmovingobjectscanbe

measured.Unfortunately, detectionof the correctcodere-
quiresanassumptionof surfacecontinuityin asmallneigh-
borhoodaroundeachpattern. If an object edgeor depth
discontinuitybreaksthepattern,rangecannotbesensed.

In summary, all existing methodsare limited in either
spatialor temporalresolution—thislimitation is fundamen-
tal to the techniquesusedto encodeandreconstructdepth.
No methodsyetproposedhaveprovidedauniquecodingof
spacewhile requiringneitherspatialnor temporalcontinu-
ity constraints.Wherewould thebits of informationgo, if
not into spatialor temporalneighborhoods?

This paperproposesthat a uniquecodingof spacecan
be inducedby a single high frequency projectedpattern
andenoughappropriately-positionedcameras.Although it
is counterintuitive that a single projectedpatterncan in-
ducedifferent codesfrom different viewpoints, it can be
shown usingananalysisthatreplacestheconceptof epipo-
lar lines with a new constructcalledthe epipolarsegment.
The epipolarsegmentis a restrictedsubsetof the epipolar
line that covers only the working volume, rather than all
of space. Carefulpositioningof camerasensuresthat the
epipolarsegment's projectiononto eachcamerahasa dif-
ferentcode.Theactualcomputationof depthis performed
usingavariantof existingmultibaselinestereomethodsthat
robustlyaccountsfor occlusion.

Thispapermakestwo speci�c contributions:

² It proposesa new theoryfor rangeimagingthatallows
the unique bits of depth information to be precisely
codedusingcameraviewpoints ratherthanusing time
or space.

² It usesthetheoryto demonstratearangeimagingsystem
designthat guaranteescorrectresultsandthat doesnot
rely onspatialor temporalcoherence.

2. RelatedWork

A large numberof methodshave beenproposedto ac-
quire 3D shapeinformation, and many good surveys ex-



ist [2, 3, 7, 14, 23, 27, 31]. This sectiondiscussesseveral
classesof techniquesmostcloselyrelatedto ourwork.

Temporal coding: Many rangeestimationmethodsuti-
lize time-varyingpatternsof light to robustly recoverdepth.
Triangulationrangescannersare perhapsthe most com-
monlyusedcommercialmethodin thiscategory. For exam-
ple, laserstripescannerssweepa singleplaneof light over
ascene[1, 26,30]. Theplaneof light is in auniquelocation
ateachtime instant,andcanbeusedto recoverdepth.Vari-
ationsincludenotingthata limited working volumeallows
two simultaneouslight stripesto bedisambiguated[21]. A
numberof otherstrategiesfor codingspacewith a time se-
quenceof light patternsexist, including: binarycodes[22],
gray codes[6, 13], sinusoidalpatterns[12], and intensity
ratios[5]. Someof thesetriangulationmethodshave been
implementedin hardwareandrunatreal-timerates[15,20].
Therealsoexist temporalcodingmethodsbasedon princi-
ples other than triangulation. For example,time-of-�ight
imagerssensethe phaseof a returning light pulse using
a computationbasedon several measurementsover time
[11, 16,18]. Althoughsomehavebeenimplementedat real
timerates,all of themethodsin thiscategoryfundamentally
requiretemporalcontinuityin thescenebeingimaged.

Spatial coding: Somestructuredlight techniquescode
spaceusinga patternthat variesspatially, ratherthantem-
porally. Stripe patterns[4], grid patterns[24], and moiré
fringes [32] are examplesof methodsthat project high-
frequency information and use a phaseunrolling or line
countingstepto trackdepthchangeacrossasurface.Unfor-
tunately, phaseunrolling requiresintegrability andleadsto
ambiguitiesneardepthdiscontinuities.Theseambiguities
may be addressedby projecting lower-frequency patterns
that canbeuniquelyidenti�ed [10, 19, 33]. However, this
requiresthesurfaceto becontinuousonthescaleof thepat-
tern.Thesemethodsall makeassumptionsaboutthespatial
continuityof objects,eitherlocally or globally.

Spatio-temporal coding: Researchershave attemptedto
mergetheadvantagesof temporalandspatialcoding.These
methodsimprove temporalcoding by reducingthe num-
ber of patternsrequiredand improve the accuracy of spa-
tial coding usingthe temporalinformation[9, 25, 34, 35].
Thesesystemsproducehigh-qualitydepthreconstructions
suitablefor bothanimation[36] andhigh resolutionrecon-
structionof staticobjects[8]. All of thesemethodsrequire
bothspatialandtemporalcoherence.

Multi view reconstruction: Viewpoint coding relies on
placingcamerasat multiple locationsto reduceambiguity.
Thismethodologyis usuallycalledmulti-baselinestereoby
the machinevision community. A good survey of mod-
ern methodsis due to Seitz et al. [28]. With many cam-
eras,theprobability that correspondencesariseby chance,

henceresult in incorrect3D estimates,can be greatly re-
duced. Our methoddiffers from prior work in that it is
designedto turn this probabilisticargumentinto a deter-
ministic one: we selectcamerapositionstogetherwith an
easily-distinguishableprojectedlight pattern(e.g.,alternat-
ing blackandwhitestripes)suchthateachsubsequentcam-
erasystematicallyconstrainspermissible3D locations.

Summary and differ encesfr om previous work: View-
pointcodingdiffersfrom prior work in two importantways.
As comparedto structuredlight methods,it doesnotrely on
spatialor temporalcoherence,makingit suitablefor awider
classof scenes,including thosewith moving objects. As
comparedto multi-baselinestereo,it allows for guarantees
abouttheresultingsurfacereconstruction.

3. Viewpoint Coding

Our viewpoint coding approachargues that multiple
camera viewpointsof a scenemay substitutefor temporal
or spatial(active light) codes.To do so,we developa cam-
eracon�guration in which possibledepthsof pointsin the
scenedeterministicallymap to different disparities. With
k camerapositions,we arethusableto distinguishbetween
2k depths,in amannerreminiscentof structured-lightmeth-
ods.

3.1.Framework for ViewpointsasCodes

Epipolar segment: Oneof the key insights,that allows
cameraviewpointsto actascodes,is that theepipolarline
traditionally usedto constrainstereomatchingis far too
general.Theworking volumeconstrainsthe rangeof pos-
sibledepthswithin theepipolarline—thisconstraintis well
known andhasbeenwidely usedto enhancetheef�ciency
of stereomatching.In our work, we focusonly on theseg-
mentof theepipolarline correspondingto theworkingvol-
ume,which we call theepipolarsegment. Unfortunately, it
hasremainedcommonto visualizethe entireepipolarline
in diagrams,makingreasoningaboutviewpoint codingdif-
�cult. Visualizing only the epipolarsegmentclari�es the
actualconstraintssubstantially.

Figure1, top,shows a visualizationof a multiview cam-
eracon�guration. Theepipolarsegmentof a singleprojec-
tor pixel is shown in red: it is the intersectionbetweena
ray from theprojectorPandtheworkingvolume.Figure1,
middle,showsthetraditionalvisualizationof thescenefrom
cameraC1. Note that the epipolarline extendsacrossthe
entire imageandthereareseveral possiblematches.Also
shown is thesameview from cameraC1,togetherwith only
theepipolarsegment.It is clearthat thematchingambigu-
ity hasbeensubstantiallyreduced.Figure1, bottom,shows
theviews from eachof theremainingcameras.Noticethat
the epipolarsegmentextendsacrossa differentnumberof
stripesin eachviewpoint.



Figure 1: Top: A 3D visualizationof the epipolarsegment, the
portionof theepipolarline lying within theworkingvolume. Mid-
dle: ThesceneasviewedfromC1,with a comparisonof visualiz-
ing theentireepipolarline andjust theepipolarsegment.Bottom:
Viewsfromtheremainingcameras: notethat theprojectedextent
of theepipolarsegmentis variable.

Viewpointsascodes: Thechangingprojectionsizeof the
epipolarsegmentallows differentcamerasto representdif-
ferentcodes.Figure2 shows thepixel intensitiesalongthe
epipolarsegmentin eachcameraview stackedtogetherinto
a singleimage.Eachcolumnis onepossiblesurfacedepth,
andeachrow canbe thoughtof asthe codeprovided by a
particularcamera.The codesdueto cameraswith smaller
epipolarsegments(in this case,C1 andC2 for example),
aremostlylow-frequency, sincethesmallnumberof stripes
in that segmentcovers the full depthvolume. The codes
for furthercameras(C3, C4 andC5) arehigher-frequency,
sincetherearemany morestripeswithin the(longer)epipo-
lar segment.This is similar to thedifferentspatialfrequen-
ciestypically usedfor temporalbinary codesin structured
light.

Note that the codesdueto this simplecameraarrange-
ment do not provide suf�cient uniquenessto unambigu-
ously recover depth,andwe seethat threedifferentdepths
matchthepixel colorof 'white' in all cameraviews. In this
paper, weshow thatby carefullychoosingcamerapositions,
thecodescanbeadjustedsothatthey uniquelycodedepth,
in a manneranalogousto binary time codedstripepatterns
(seeFig. 3, whichnow hasnoambiguities).

Figure 2: Thepixel intensitiesalongtheepipolarsegmentasob-
servedin each camera view arestackedtogether. Each rowcanbe
thoughtof asa particular code. Notethat in this case, thecorrect
depthis ambiguousbecausethe codesdo not uniquelypartition
space.

Figure 3: Changingthe location of the cameras allows the ob-
servedcodesto bechanged.Bychoosingthecorrectcamera loca-
tions,a uniquecodingresemblingbinary timecodesis possible.
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Figure 4: Top: Simpli�ed (parallel projection)con�guration for
deriving our viewpoint coding. Bottom: The�r st camera of our
viewpointcodingschemeis orientedat anangleof tan¡ 1(1=2k¡ 1).
Additionalcamerashaveanglesof tan¡ 1(1=2)k¡ i , for i = 2: : :k.

3.2.Deriving CameraPlacement

Orthographic cameras: In order to derive the required
camerapositions,we begin with a simpli�ed arrangement
with camerasthatuseparallelprojectionandascenethatis
completelyvisible from all cameras.We will seelaterhow
our schememay be extendedto relax theseassumptions,
accommodatingperspective projectionandocclusion. We
assumeacubicalworkingvolumeof N = 2k voxelsoneach
side,andconsidera singleepipolarslice,asshown in Fig-
ure 4, top. A light patternof alternatingblack andwhite
stripesof width 1 is projectedontothescene.

A camerawith thesameview directionastheprojected
stripeswill, of course,seeexactly the projectedpattern.
However, a rotatedcamerawill seea distortedview of
the stripepattern,with the amountof deviation, or dispar-
ity, proportionalto the object's heightabove the reference
plane. Consideronesuchcamera,with resolutionequalto
that of the stripeprojectorbut its view raysrotatedby an
angleof tan¡ 1(1=4), asshown in Figure4, bottom.

With this orientation,the disparity of any point within
theworking volumeis constrainedto bebetween0 (for an
object at the referenceplane)and 2 (for an object at the

front of theworking volume). Sincethespacingof identi-
cal (henceambiguous)stripesis 2, thereis never anambi-
guity in matchingthe patternvisible from camera1 to the
known projectedpattern. By observingthe disparityof a
given projectedstripe,we thereforeconstrainthe possible
depthwithin thatcolumnto half theworkingvolume.

In orderto further re�ne thedepthwithin eachcolumn,
we addmorecamerasthatallow for greaterdisparities.In
our examplewith 8 stripes,we needa secondcameraat an
angleof tan¡ 1(1=2) andathird with anangleof tan¡ 1(1=1).
Theseresult in maximumdisparitiesof 4 and 8, respec-
tively, henceby themselveswouldallow for ambiguouscor-
respondences.However, therestrictionsintroducedby cam-
era1 onwhichpartof theworkingvolumemaybeoccupied
make the matchfrom camera2 unambiguous,and the re-
strictionsof cameras1 and2 constrainthematchfrom the
third camera.Eachadditionalcamera,therefore,addsone
additionalbit to theaccuracy with which depthsarerecov-
ered,while introducingnoadditionalambiguity.

Perspectivecameras: Theaboveconstructionisvalidun-
derany transformationof 3D spacethatmapsstraightlines
to straightlines(which, in turn,re-mapstheraysassociated
with eachcameraandprojector).Thesetof mappingswith
thispropertyareperspective transformations:mappingsex-
pressiblethroughmultiplicationby 4£ 4 matricesin homo-
geneouscoordinates.Applying a projective mappingwill
thereforeturn the parallel (orthographic)projectionsinto
perspectiveprojections,makingthecon�gurationrealizable
with standardcameras.

Considerthei-th orthographiccamera,asderivedabove.
Its j-th rayintersectsthexy planeatsomelocation(xj ;yj ;0),
but all the rayshave the samedirection (¡ 1=2k¡ i ;0; ¡ 1).
Hereweassumethatthex directionpointstowardstheright
of thepage,z pointstowardsthebottomof thepage,andy
pointsout of thepage.In homogeneouscoordinates,there-
fore, thecameraraysmaybewrittenas
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We now searchfor a perspective mappingthatwill map
eachbundleof parallelraysinto a setof raysthat intersect
at a singlepoint. Equivalently, we aretaking raysthat in-
tersectat a “point at in�nity ,” andmoving the intersection
point to be�nite. As we will show, thefollowing matrix M
accomplishesthedesiredtransformation:
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To seethis,wemultiply by therayequationsto obtain:
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Finally, weperformthehomogeneousdivide,yielding
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So,weseethattheraysfor camerai, whichusedto have
a commondirectionbut differentorigins,have beentrans-
formed to have a commonorigin but different directions.
Consideringthe setof all cameras,we seethat their cen-
tersof projectionareall locatedon the x axis, spacedin a
geometricseries. The projector, which correspondedto a
ray directionof (0;0; ¡ 1) in theorthographiccase,is sim-
ilarly remappedto a standardperspective projectorlocated
at theorigin. This con�guration is shown in Figure5. Note
thatthecamerasmayberotatedarbitrarily to ensurethatthe
workingvolumeis visible.

Camera #3Projector Camera #2Camera #1
x = 1x = 1/2x = 1/4x = 0

���

��� ������ ������ ���	�	

Figure 5: Schematicof our viewpoint codingcon�guration with
perspectivecameras.

3.3.Occlusion

For generalscenes,we mustaccountfor the possibility
of occlusion.In thiscase,wereplacethesimplecorrelation-
basedmultiview correspondencealgorithm with a voxel-
carving [17, 29] approachthat considersthe scenefrom
front to back. For eachvoxel, we �nd its projectionsinto
all the camerasand evaluatewhetherthe dataare consis-
tent with its beingoccupied. Note that unlike with voxel
coloring,in which consistency is evaluatedby similarity of
colorsfrom all thecamerapositions,theconsistency check
in our casesimply considerswhetherthe projectionsare
all “white” or all “black.” Becausevoxels on the front-
mostlayersarenot occluded,their presenceor absencecan

Figure 6: Screencapture from our simulator. For the selected
point,thesimulatordisplaysepipolarline segmentsfor all camera
views (right), and showsthe colors seenby each camera for all
hypothesizeddepthsalong the ray (bottom). This capture shows
an equidistantcamera con�guration, resultingin an ambiguous
match for this ray (acceptablematchesaremarkedin red).

be unambiguouslydetermined.For deeperlayersof vox-
els,we evaluatewhether, giventhescenereconstructionso
far, the voxel might have beenoccludedfrom any camera
view. If so, we mark the voxel as“shadowed” anddo not
attemptto either carve it or mark it as occupied. In this
way, weareguaranteedto obtainaconservative reconstruc-
tion: any voxels we mark as occupiedare guaranteedto
containgeometry. This is in contrastto standardmulti-view
voxel carvingmethods,whichareonlyprobabilisticallycor-
rect (i.e., falsecorrespondencesmay result in spuriousre-
constructedgeometry).Theeffect of performingthespace
carvingis shown in thefollowing section.

4. Results

Simulator: We have implementeda software simulator
for theproposedviewpoint codingcon�guration, andused
it to verify that it is possibleto obtainhigh-qualityrecon-
structions.A screenshotis shown in Figure6.

We usedour simulatorto investigatetheeffectsof cam-
eraplacementon ambiguity. Figure7 shows theresults.In
this experiment,we werecomparingthe proposedcon�g-
uration to one in which the samenumberof cameraswas
used,but they were equally spaced(this hastraditionally
beenthe most typical cameraplacementfor multibaseline
stereo). In the visualization,greenpixels denoteunam-
biguousmatcheswhile magentapixels indicateambiguity.
The equidistantcon�guration resultsin many ambiguous
matches,while the proposedmethodproducesalmostno
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Figure 7: A comparisonof equidistantcamera placementandour
proposedmethod. Top: Greenpixels indicate uniquematches,
whilemagentadenotesambiguity. Yellowpixelsindicatenomatch
is found(primarily becausenot all cameras seethe point). Bot-
tom: Theambiguousdepthsin theequidistantcon�gurationeffec-
tively lead to multiple copiesof the geometryat different depths.
By contrast,our proposedcon�guration producesan accuratere-
construction.Notethat all reconstructionsare obtainedby local
matchesfor each pixel separately, anddonotusespatialwindows
or global continuity.

ambiguity. The ambiguity in the equidistantcon�guration
is manifestedaseffectively multiplecopiesof thegeometry
atdistinctdepths,asopposedto theaccuratereconstruction
with ourproposedcon�guration.

A simulatoralso allows us to analyzethe behavior of
our occlusionhandlingmethod,sincethe scenegeometry
is known. Figure8 shows a simple two-planescenewith
a discontinuity. The visualizationshows correctmatches
in green,incorrectmatchesin red,andoccludedregionsin
blue. Without occlusionhandlingsomecameracodesare
drawn from thefront surfaceandsomecodesfrom theback
surface,resultingin incorrectdepths. Occlusionhandling
correctlydetectstheshadow regions(blue)neardiscontinu-
itiessothatthey canbeexcludedfrom processing.

Real-world data: In addition to the software simulator,
wehaveexperimentedwith realdata,capturedby moving a
digital camerato many positionsusinga translationalstage
(Figure9).

Figure10showsanexamplescenecapturedandthenre-
constructedusingthis device. Wecapturedimagesbothus-
ing our proposedmethodandusingequidistantcameras.In
eachcasewe show theviewpoint coding. Note that just as
with thesyntheticdata,equidistantcamerasresultin ambi-
guity; in contrast,ourmethodyieldsuniquecodes.

Figure 11 shows a samplemesh reconstructedusing
viewpoint coding,asa re-lit rendering.Note the relatively
low noiseandhighdetailpresentin theresulting3D model.

Without With
occlusion handling occlusion handling

Figure 8: Occlusionhandlingis importantfor correctreconstruc-
tion. Greenpixels indicatecorrect matches,red pixels incorrect
matches,and blue pixels regionsdetectedto be in shadow. The
yellow pixels representpoints for which a depthvalue was not
found, and are mostly(as expected)at stripe boundaries. Note
that there are manyincorrect depths(red points) locatedin the
shadowregion whenocclusionhandlingis not used.With occlu-
sionhandlingtherelevantregionsaredetectedasoccluded(blue)
andexcludedfromdepthrecovery.

5. Conclusionand Futur eWork

Viewpoint coding addsa new classof methodsto the
known theoriesof structuredlight. Previously, unambigu-
ousreconstructioncodescouldonly beencodedspatiallyor
temporally. Viewpoint coding,in contrast,allows for depth
reconstructionwithoutmakingany spatialor temporalcon-
tinuity assumptionsaboutthescene.Our constructionpro-
videsfor decodingof N uniquedepthswith log(N) camera
positions.

Oneconsequenceof ouranalysisis thatmultiplecameras
will allow for “one shot” depthreconstruction.To explore
this, we areinvestigating theconstructionof a device with
10 synchronizedvideocamerasanda staticpatternprojec-
tor. Basedon theanalysisin this paper, with datacaptured
using a linear translationstage,we anticipatethat sucha
rig will permit reconstructionof complex moving objects.
We believe that the lack of temporalandspatialcontinuity
assumptionswill yield high quality for objectsthat areei-
thertoo fast-moving or too complex to bereconstructedby
currentmethodsthatusetemporalor spatialcoding.

Our examplesso far have usedexclusively viewpoint
coding. However, it is possibleto combineviewpoint cod-
ing with othercodingstrategies.For example,usingstripes
of c differentcolorsit is possibleto encodeN uniquedepths
with logcN camerapositions. Othercombinedstrategies,
includingthosecombiningviewpoint andtemporalcoding,
arefuturework.
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