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Abstract

We introducea theoeetical framevork and practical al-
gorithmsfor replacingtime-codedstructured light patterns
with viewpointcodesjn theformof additionalcamerloca-
tions. Currentstructuredlight methodgypically uselog(N)
light patterns,encodedver time, to unambiguouslyecon-
struct N unique depths. We demonstate that ead addi-
tional camea location mayreplaceoneframein a tempo-
ral binary code Our theoetical viewpointcodinganalysis
showsthat, by using a high frequencystripe pattern and
placingcameasin carefully selectedocations,the epipo-
lar projectionin eat camern can be madeto mimic the
binary encodingpatternsnormally projectedovertime Re-
sults from our practical implementatiordemonstate reli-
able depthreconstructiorthat malkesneithertempoal nor
spatial continuity assumptiongboutthe scenebeing cap-
tured.

1. Intr oduction

Rangeimaging hasproven usefulin a large numberof
applicationareas.Nearly all high quality rangeestimation
methodsuse somesort of actively projectedlight to code
space.Thesdight codesarelaterobserned by camerasand
decodedo determinedepth.If aparticularsystemis to ob-
tainarangeresolutionof 1=N'" of theworking volume then
it will needN codesto uniquelycodespace.If the method
useshinary codeshenlog(N) bits of informationwill need
to beencodedy somemethod.

Some methodscode theselog(N) bits of information
temporallyusinga successiomf changingpatternsso that
eachpixel recevesa uniquecodeover time. Unfortunately
this placesa temporalcoherenceonstrainton the scene:it
cannotmove too fastor successie codeswill notfall onthe
samesceneelements.Othermethodscodethelog(N) bits
of informationinto a small spatialneighborhood so that
eachpointin thescenéhasauniquecodedpatternprojected
ontoit. Sincethepatterns static,fastmoving objectscanbe
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measured Unfortunately detectionof the correctcodere-
quiresanassumptiorof surfacecontinuityin asmallneigh-
borhoodaroundeachpattern. If an objectedgeor depth
discontinuitybreaksthe patternrangecannotbe sensed.

In summary all existing methodsare limited in either
spatialor temporalresolution—thidimitation is fundamen-
tal to the techniguesisedto encodeandreconstructepth.
No methodsyet proposechave provideda uniquecodingof
spacewhile requiring neitherspatialnor temporalcontinu-
ity constraints.Wherewould the bits of informationgo, if
notinto spatialor temporalneighborhoods?

This paperproposeghat a uniquecoding of spacecan
be inducedby a single high frequeng projectedpattern
andenoughappropriately-positionedameras Althoughit
is counterintuitve that a single projectedpatterncan in-
duce different codesfrom different viewpoints, it can be
shavn usingananalysisthatreplaceghe conceptof epipo-
lar lineswith a new constructcalledthe epipolarsegment.
The epipolarsegmentis a restrictedsubsetof the epipolar
line that covers only the working volume, ratherthan all
of space. Careful positioningof camerasnsureghat the
epipolarsegments projectiononto eachcamerahasa dif-
ferentcode. The actualcomputationof depthis performed
usingavariantof existing multibaselinestereanethodghat
robustly accountdor occlusion.

This papemalkestwo speci ¢ contritutions:

2 |t proposes new theoryfor rangeimagingthat allows
the unique bits of depth information to be precisely
codedusing cameraviewpoints ratherthan using time
or space.

2 |t useghetheoryto demonstratarangemagingsystem
designthat guaranteesorrectresultsandthat doesnot
rely on spatialor temporalcoherence.

2. Related Work

A large numberof methodshave beenproposedo ac-
quire 3D shapeinformation, and mary good suneys ex-



ist[2, 3,7, 14,23, 27,31]. This sectiondiscusseseveral
classe®f techniquesnostcloselyrelatedto our work.

Temporal coding: Many rangeestimationmethodsuti-
lize time-varying patternsof light to robustly recover depth.
Triangulationrange scannersare perhapsthe most com-
monly usedcommerciaimethodin this cateyory. For exam-
ple, laserstripescannersweepa singleplaneof light over
ascendl, 26,30]. Theplaneof lightis in auniquelocation
ateachtime instant,andcanbe usedto recover depth.Vari-
ationsincludenotingthata limited working volumeallows
two simultaneoudight stripesto be disambiguated21]. A
numberof otherstratgiesfor codingspacewith atime se-
guenceof light patternsexist, including: binary codeq22],
gray codes|[6, 13], sinusoidalpatterns[12], andintensity
ratios[5]. Someof thesetriangulationmethodshave been
implementedn hardwareandrunatreal-timerateq15, 20].
Therealsoexist temporalcodingmethodsbasedon princi-
ples other than triangulation. For example,time-of- ight
imagerssensethe phaseof a returning light pulse using
a computationbasedon several measurementsver time
[11, 16,18]. Althoughsomehave beenimplementedatreal
timeratesall of themethodsn this category fundamentally
requiretemporalcontinuityin the scenebeingimaged.

Spatial coding: Some structuredlight techniquescode
spaceusinga patternthat variesspatially ratherthantem-
porally. Stripe patterns[4], grid patterns[24], and moiré

fringes [32] are examplesof methodsthat project high-

frequeng information and use a phaseunrolling or line

countingstepto trackdepthchangeacrossasurface.Unfor-

tunately phaseunrolling requiresintegrability andleadsto

ambiguitiesneardepthdiscontinuities. Theseambiguities
may be addressedy projectinglowerfrequeng patterns
thatcanbe uniquelyidenti ed [10, 19, 33]. However, this

requireshesurfaceto be continuousonthescaleof the pat-
tern. Thesemethodsall make assumptionaboutthe spatial
continuity of objects,eitherlocally or globally.

Spatio-temporal coding: Researcherbave attemptedo
meigetheadwantage®f temporalandspatialcoding. These
methodsimprove temporalcoding by reducingthe num-
ber of patternsrequiredand improve the accurag of spa-
tial coding usingthe temporalinformation[9, 25, 34, 35].
Thesesystemsproducehigh-quality depthreconstructions
suitablefor both animation[36] andhigh resolutionrecon-
structionof staticobjects[8]. All of thesemethodsequire
bothspatialandtemporalcoherence.

Multi view reconstruction: Viewpoint coding relies on
placingcamerasat multiple locationsto reduceambiguity
This methodologyis usuallycalledmulti-baselinesteredoy
the machinevision community A good surey of mod-
ern methodsis dueto Seitzet al. [28]. With mary cam-
eras,the probability that correspondenceariseby chance,

henceresultin incorrect3D estimatescan 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-distinguishablprojectedight pattern(e.g.,alternat-
ing blackandwhite stripes)suchthateachsubsequentam-
erasystematicallyconstraingpermissible3D locations.

Summary and differ encesfrom previous work:  View-

pointcodingdiffersfrom prior work in two importantways.
As comparedo structuredight methodsijt doesnotrely on

spatialor temporalcoherencemakingit suitablefor awider

classof scenesjncluding thosewith moving objects. As

comparedo multi-baselinestereo,t allows for guarantees
abouttheresultingsurfacereconstruction.

3. Viewpoint Coding

Our viewpoint coding approachargues that multiple
camean 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 differentdisparities. With
k camergpositions we arethusableto distinguishbetween
2X depthsjn amannereminiscendf structured-lightmeth-
ods.

3.1.Framework for Viewpoints asCodes

Epipolar segment: One of the key insights,that allows
cameraviewpointsto actascodes,is thatthe epipolarline
traditionally usedto constrainstereomatchingis far too
general. The working volume constrainghe rangeof pos-
sibledepthswithin theepipolarline—thisconstraints well
known andhasbeenwidely usedto enhancehe ef ciency
of stereomatching.In our work, we focusonly on the seg-
mentof the epipolarline correspondingo the working vol-
ume,which we call the epipolarsgment Unfortunately it
hasremainedcommonto visualizethe entire epipolarline
in diagramsmakingreasoningaboutviewpoint codingdif-
cult. Visualizing only the epipolarsegmentclari es the
actualconstraintsubstantially

Figurel, top, shavs avisualizationof a multiview cam-
eracon guration. The epipolarseggmentof a single projec-
tor pixel is shavn in red: it is the intersectionbetweena
ray from the projectorP andthe working volume.Figurel,
middle,shavsthetraditionalvisualizationof thescendrom
cameraCl. Note thatthe epipolarline extendsacrossthe
entireimageandthereare several possiblematches.Also
shavn is thesameview from cameraC1,togethemwith only
the epipolarsggment. It is clearthatthe matchingambigu-
ity hasbeensubstantiallyreduced Figurel, bottom,shavs
the views from eachof the remainingcamerasNotice that
the epipolarsegmentextendsacrossa differentnumberof
stripesin eachviewpoint.
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Figure 1: Top: A 3D visualizationof the epipolarsegment the
portion of theepipolarline lying within theworkingvolume Mid-
dle: Thesceneasviewedfrom C1, with a comparisorof visualiz-
ing theentire epipolarline andjusttheepipolarsegment.Bottom:
Views fromthe remainingcameas: notethat the projectedextent
of the epipolarsegmentis variable

Viewpointsascodes: Thechangingprojectionsizeof the
epipolarsggmentallows differentcamerago representif-
ferentcodes.Figure2 shaws the pixel intensitiesalongthe
epipolarsegmentin eachcameraview stacledtogetherinto
asingleimage.Eachcolumnis onepossiblesurfacedepth,
andeachrow canbe thoughtof asthe codeprovided by a
particularcamera.The codesdueto cameraswith smaller
epipolarsggments(in this case,C1 and C2 for example),
aremostlylow-frequeng, sincethe smallnumberof stripes
in that segmentcoversthe full depthvolume. The codes
for further cameragC3, C4 and C5) are higherfrequeng,
sincetherearemary morestripeswithin the (longer)epipo-
lar sggment. This is similar to the differentspatialfrequen-
ciestypically usedfor temporalbinary codesin structured
light.

Note that the codesdueto this simple cameraarrange-
ment do not provide sufcient uniquenesgo unambigu-
ously recover depth,andwe seethat threedifferentdepths
matchthepixel color of ‘white' in all cameraviews. In this
paperwe show thatby carefullychoosingcamergpositions,
the codescanbe adjustedsothatthey uniquelycodedepth,
in amanneranalogougo binarytime codedstripepatterns
(seeFig. 3, which now hasno ambiguities).

near far

Figure 2: Thepixel intensitiesalongthe epipolar sggmentas ob-
servedn ead camen view are stadkedtogether Each rowcanbe
thoughtof asa particular code Notethatin this case the correct
depthis ambiguoushecausehe codesdo not uniquely partition
space

C5
c4

c3 B B
c2 N N
c1 -
| depth |
near dfar

Figure 3: Changingthe location of the cameams allows the ob-
servedcodeso bechanged. By choosingthecorrectcamer loca-
tions,a uniquecodingresemblinginary time codess possible
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3.2.Deriving CameraPlacement

Orthographic cameras: In orderto derive the required
camerapositions,we begin with a simpli ed arrangement
with cameraghatuseparallelprojectionanda scenghatis
completelyvisible from all camerasWe will seelaterhow
our schememay be extendedto relax theseassumptions,
accommodatingperspectie projectionand occlusion. We
assume cubicalworking volumeof N = 2X voxelsoneach
side,andconsidera singleepipolarslice,asshowvn in Fig-
ure 4, top. A light patternof alternatingblack and white
stripesof width 1 is projectedontothe scene.

A camerawith the sameview directionasthe projected
stripeswill, of course,seeexactly the projectedpattern.
However, a rotated camerawill seea distortedview of
the stripe pattern,with the amountof deviation, or dispar
ity, proportionalto the object's heightabove the reference
plane. Considerone suchcamerawith resolutionequalto
that of the stripe projectorbut its view raysrotatedby an
angleof tart 1(1=4), asshavn in Figure4, bottom.

With this orientation,the disparity of ary point within
the working volumeis constrainedo be betweer0 (for an
object at the referenceplane)and 2 (for an objectat the

front of the working volume). Sincethe spacingof identi-
cal (henceambiguousstripesis 2, thereis never an ambi-
guity in matchingthe patternvisible from cameral to the
known projectedpattern. By observingthe disparity of a
given projectedstripe, we thereforeconstrainthe possible
depthwithin thatcolumnto half theworking volume.

In orderto furtherre ne the depthwithin eachcolumn,
we addmore cameraghatallow for greaterdisparities.In
our examplewith 8 stripes,we needa secondcameraat an
angleof tan’ 1(1=2) andathird with anangleof tari 1(1=1).
Theseresultin maximumdisparitiesof 4 and 8, respec-
tively, henceby themseleswould allow for ambiguousor-
respondencesiowever, therestrictionsntroducecdby cam-
eral onwhich partof theworking volumemaybeoccupied
male the matchfrom camera2 unambiguousandthe re-
strictionsof camerasl and2 constrainthe matchfrom the
third camera.Eachadditionalcameratherefore,addsone
additionalbit to the accurag with which depthsarerecov-
ered,while introducingno additionalambiguity

Perspectvecameras: Theabove constructions valid un-
derary transformatiorof 3D spacethatmapsstraightlines
to straightlines(which, in turn, re-mapsheraysassociated
with eachcameraandprojector). The setof mappingswith
this propertyareperspectie transformationsmappingsex-
pressiblehroughmultiplicationby 4£ 4 matricesn homo-
geneousoordinates.Applying a projective mappingwill
thereforeturn the parallel (orthographic)projectionsinto
perspectie projectionsmakingthecon gurationrealizable
with standarccameras.

Considetthei-th orthographiccameraasderivedabove.
Its j-thrayintersectshexy planeatsomelocation(x;; y;; 0),
but all the rays have the samedirection (j 1=2% ';0;; 1).
Herewe assumehatthex directionpointstowardstheright
of the page,z pointstowardsthe bottomof the page,andy
pointsout of the page.In homogeneousoordinatesthere-
fore,thecameraaysmaybewritten as

0.1 0 _ .1
Xj j1=2€il

eik+tl O K ®
1 0

We now searchfor a perspectie mappingthatwill map
eachbundleof parallelraysinto a setof raysthatintersect
at a single point. Equivalently, we aretaking raysthatin-
tersectat a “point atin nity ;> andmoving the intersection
pointto be nite. Aswewill shaw, thefollowing matrix M
accomplisheg¢he desiredransformation:

10 0¢. @)



To seethis, we multiply by theray equationgo obtain:
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Finallyd we performthe homé)geneoudividebyielding

i xj=t+ 1=K 1 1=K
iyt A=@ 0 A —@yj ®)
i 1=t

So,we seethattheraysfor camera, which usedto have
a commondirectionbut differentorigins, have beentrans-
formedto have a commonorigin but different directions.
Consideringthe setof all cameraswe seethat their cen-
tersof projectionareall locatedon the x axis, spacedn a
geometricseries. The projector which correspondedo a
ray directionof (0;0;j 1) in the orthographiccase,is sim-
ilarly remappedo a standardberspectie projectorlocated
attheorigin. This con gurationis showvn in Figure5. Note
thatthecamerasnayberotatedarbitrarily to ensurehatthe
working volumeis visible.

O <J

Projector Camera #1 Camera #2 Camera #3
x=0 x=14 x=1/2 x=1

Figure 5: Sthematicof our viewpoint coding con guration with
perspectivecameas.

3.3.0cclusion

For generalsceneswe mustaccountfor the possibility
of occlusion.In thiscasewe replacehesimplecorrelation-
basedmultiview correspondencalgorithm with a voxel-
carving [17, 29] approachthat considersthe scenefrom
front to back. For eachvoxel, we nd its projectionsinto
all the camerasand evaluatewhetherthe dataare consis-
tentwith its being occupied. Note that unlike with voxel
coloring,in which consisteng is evaluatedby similarity of
colorsfrom all the camergpositions the consisteng check
in our casesimply considerswhetherthe projectionsare
all “white” or all “black” Becausevoxels on the front-
mostlayersarenot occludedtheir presencer absencean

Figure 6: Sceencaptue from our simulator For the selected
point,thesimulatordisplaysepipolarline sggmentdor all camen
views (right), and showsthe colors seenby ead cameas for all
hypothesizedlepthsalong the ray (bottom). This captue shows
an equidistantcamean con guration, resultingin an ambiguous
matd for thisray (acceptablamathesare markedin red).

be unambiguouslydetermined. For deeperayersof vox-
els,we evaluatewhether giventhe scenereconstructiorso
far, the voxel might have beenoccludedfrom ary camera
view. If so,we markthe voxel as“shadaved” anddo not
attemptto either care it or mark it asoccupied. In this
way, we areguaranteedb obtaina conserative reconstruc-
tion: ary voxels we mark as occupiedare guaranteedo
containgeometry Thisis in contrasto standardnulti-view
voxel carvingmethodswhichareonly probabilisticallycor
rect (i.e., falsecorrespondencasay resultin spuriousre-
constructedjeometry).The effect of performingthe space
carvingis shavn in thefollowing section.

4. Results

Simulator:  We have implementeda software simulator
for the proposedviewpoint codingcon guration, andused
it to verify thatit is possibleto obtainhigh-qualityrecon-
structions A screershotis shovn in Figure6.

We usedour simulatorto investigatethe effectsof cam-
eraplacemenbn ambiguity Figure7 shavstheresults.In
this experiment,we were comparingthe proposedcon g-
urationto onein which the samenumberof camerasvas
used,but they were equally spaced(this hastraditionally
beenthe mosttypical cameraplacementor multibaseline
stereo). In the visualization, greenpixels denoteunam-
biguousmatcheswhile magentapixels indicateambiguity
The equidistantcon guration resultsin mary ambiguous
matches while the proposedmethodproducesalmostno
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Figure 7: A comparisorof equidistantamer placemenandour

proposedmethod. Top: Green pixels indicate unique matdes,
while magentadenotesambiguity Yellow pixelsindicateno matd

is found (primarily becausenot all cameas seethe point). Bot-

tom: Theambiguousiepthsn theequidistanicon guration effec-
tively lead to multiple copiesof the geometryat different depths.
By contrast,our proposedcon guration producesan accumatere-

construction. Notethat all reconstructionsre obtainedby local

matdesfor ead pixel sepaately, anddo not usespatialwindows
or global continuity

ambiguity The ambiguityin the equidistantcon guration
is manifestedaseffectively multiple copiesof thegeometry
atdistinctdepthsasopposedo theaccurateeconstruction
with our proposedton guration.

A simulatoralso allows us to analyzethe behaior of
our occlusionhandlingmethod,sincethe scenegeometry
is known. Figure 8 shows a simple two-planescenewith
a discontinuity The visualizationshavs correctmatches
in green,incorrectmatchesn red,andoccludedregionsin
blue. Without occlusionhandlingsomecameracodesare
drawn from thefront surfaceandsomecodesfrom the back
surface,resultingin incorrectdepths. Occlusionhandling
correctlydetectghe shadav regions(blue) neardiscontinu-
ities sothatthey canbe excludedfrom processing.

Real-world data: In additionto the software simulator
we have experimentedvith realdata,capturecby moving a
digital camerao mary positionsusingatranslationaktage
(Figure9).

Figure10 shavs anexamplescenecapturedandthenre-
constructedisingthis device. We capturedmagesbothus-
ing our proposednethodandusingequidistantamerasin
eachcasewe shav the viewpoint coding. Note thatjust as
with the syntheticdata,equidistantamerasesultin ambi-
guity; in contrastour methodyieldsuniquecodes.

Figure 11 shons a sample mesh reconstructedusing
viewpoint coding,asare-lit rendering.Note the relatively
low noiseandhigh detailpresentn theresulting3D model.

Without
occlusion handling

With

occlusion handling
Figure 8: Occlusionhandlingis importantfor correctreconstruc-
tion. Greenpixelsindicate correct mates,red pixelsincorrect
matdes,and blue pixelsregions detectedto 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. Wth occlu-
sionhandlingtherelevantregionsare detectedasoccludedblue)
andexcludedfromdepthrecovery.

5. Conclusionand Futur e Work

Viewpoint coding addsa new classof methodsto the
known theoriesof structuredight. Previously, unambigu-
ousreconstructiortodescouldonly beencodedpatiallyor
temporally Viewpoint coding,in contrastallows for depth
reconstructiorwithout makingary spatialor temporalcon-
tinuity assumptionsboutthe scene.Our constructionpro-
videsfor decodingof N uniquedepthswith log(N) camera
positions.

Oneconsequencef ouranalysigs thatmultiple cameras
will allow for “one shot” depthreconstruction.To explore
this, we areinvestigating the constructionof a device with
10 synchronized/ideo camerasanda staticpatternprojec-
tor. Basedon the analysisin this paper with datacaptured
using a linear translationstage,we anticipatethat sucha
rig will permitreconstructiorof complex moving objects.
We believe thatthe lack of temporalandspatialcontinuity
assumptionsvill yield high quality for objectsthat are ei-
thertoo fast-mwing or too comple to bereconstructedby
currentmethodghatusetemporalor spatialcoding.

Our examplesso far have usedexclusively viewpoint
coding. However, it is possibleto combineviewpoint cod-
ing with othercodingstrateyies. For example,usingstripes
of c differentcolorsit is possibleto encodeN uniquedepths
with log.N camerapositions. Other combinedstrateyies,
includingthosecombiningviewpoint andtemporalcoding,
arefuturework.
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