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ABSTRACT
This paperpresentsmethodologyfor integrating a small, single-
point laserrange�nder into a wearableaugmentedreality system.
We introducea methodusing the laserrange�nder to incremen-
tally build 3D panoramasfrom a�x edobserver's location.To build
a 3D panoramasemi-automatically, we trackthesystem's orienta-
tion andusethesparserangedataacquiredastheuserlooksaround
in conjunctionwith real-timeimageprocessingto constructgeom-
etry aroundthe user's position. Using full 3D panoramicgeome-
try, it is possiblefor new virtual objectsto be placedin the scene
with properlighting andocclusionby realworld objects,which in-
creasestheexpressivity of theAR experience.

1. INTRODUCTION
Mobile AugmentedReality (AR) allows userswith wearableor
portablecomputersto view, andinteractwith, virtual contentthat
is registeredto therealworld aroundthem.In orderto usethefull
interactionpotentialof this technology, AR researchandapplica-
tion developmentincreasinglyfocuson going beyond pre-created
content,and insteadfocuson easyonline creationof new virtual
content. Ideally, a mobile AR systemwill build up knowledgeof
thephysicalenvironmentonthe�y sothatrealworld objectscanbe
referencedmoreeasilyandvirtual annotationscanbeplacedmore
accurately.

Facilitatingonlinemodelingis dif�cult with traditionaloutdoorAR
equipmenthowever. Existing online modelingtechniquesarenot
ideal, asthey requirewalking [3][8] aswell asextensive userin-
teractionand/orexternaldatasources.Having a modelof the en-
vironmentis very usefulthoughfor thingslike properocclusionof
virtual objectby real-world objects.For properocclusionit is nec-
essaryto have a modelof the real-world environment,so thatvir-
tual contentcandisappear(becomeoccluded)at the correcttime.
In many outdoorsystemsa modelis built aspartof a preparatory
of�ine process;however this is very time consuminganddoesn't
scalewell.

Ideally, we would like a systemthatcanprovide correctocclusion
of annotationswith very little effort. We would like this system
to �t theframework of AnywhereAugmentation[6], requiringonly
negligible startup cost,no environmentinstrumentation,andonly
off-the-shelfhardwarecomponents.

In the spirit of this AnywhereAugmentationagenda,we decided
to add a small, affordable,single-pointlaserrange�nder to our
wearablesystem. With this new interactive sensingmodality in
place,wecanmoreeasilymeetthedescribedrequirements.

The main contribution of this work is a novel AR techniquefor
3D world building from a staticlocation.By enablingsimplerand
fastermodelingwe view a laserrange�nder asa promisingtool
for ubiquitousAR. As hardwarecontinuesto shrink a laserrange
�nder couldeasilybeintegratedinto eitherhand-heldor head-worn
devices,openingupnew opportunitiesfor userinteractionanduser-
generatedcontentin physicalenvironments.

2. RELATED WORK
Several differentapproacheshave beenproposedfor the problem
of creatinga panoramicenvironmentmapwith depthinformation.
The depthcanbe speci�ed by the userin an interactive modeling
system[9], howeveraswith theuserinterfacesfor singleviewpoint
imagesdescribedabove, thedepthmodelproducedby this typeof
systemis only de�ned qualitatively. With multiple cameras[10],
or a moving camera[7], panoramaswith parallaxcanbeautomat-
ically produced.More similar to our scenariois thatof Bahmutov
etal. [2]. They couplea7x7 laserrange�nder arraywith amoving
camerato producehighly detailed,texturedindoorscenemodels.

Note the stark differencein focus betweenour static viewpoint
techniqueandmulti-view geometryapproachesthatrecoveror track
sparsedepthin moving userviews[4], or recoverdepthinformation
from landmarkfeaturesin overlappingphotographs[1].

3. HARDWARE AND CALIBRA TION
Ourtestingplatformcanbeseenin Figure1. Thelaserrange�nder
we have chosento useis an Opti-Logic RS400which givescal-
ibratedrangereadingscontinuouslyat 10 Hz and hasa factory-
speci�ed rangeof 400yardswith accuracy of � 1 yard. It weighs
lessthan8 ounces.We arealsousinga Pt. Grey Fire�y MV cam-
era,andaGarminGPS18receiver. For orientationtrackingweare
usingDiVerdi et al.'s Envisor system[5]. Envisor providescom-
pletelyvision basedorientationtracking,usingbothsparseoptical
�o w for frame to frame featuresandheavyweight landmarkfea-



Figure 1: Our hardware on it' s development platform. The
laser range �nder is rigidly mounted to a pieceof Lexan, and
thecamerais carefully calibrated to point in thesamedir ection.
Herethe developmentplatform is mountedto our wearablesys-
tem'shelmet.

tures. It builds an environmentmapon the �y , which we usefor
imageprocessing.

We calibratethe laserrange�nder to point parallel to the user's
viewing direction. For an outdoorscenethis meansthat the laser
will alwayshit objectsnearthe centerof the user's �eld of view.
By measuringthe baselinebetweenthe laserandcamerawe can
furtherdetermineexactlywhatpixel in theimagethelaseris hitting
dependingon thedistancereturnedby therange�nder.

4. PANORAMIC DEPTH MAP CONSTRUC-
TION

As theuserlooksaroundtheenvironment,our techniquefor build-
ing panoramicdepthmapscontinuallyintegratescolor, depth,and
temporaldatato re�ne theestimated3D model.In ourexperiments
creatinganumberof panoramicdepthmapswefoundthatthepro-
cessof looking aroundto completely�ll thefull 360degreedepth
maptakesbetweentwo andfour minutes,providing betweenone
andthreethousanddepthsamplesfrom thelaserrange�nder. This
timecouldlikely bereducedwith amorerobusttrackingsystem.

To begin creatinga 3D panoramathe usersimply looks around.
As theuserpansthelaserrange�nder, differentobjectsareranged.
Becauseweonly receivesparsedepthsamplescomparedto theres-
olutionof thecamera,weneedto propagatepoint labelsacrossthe
image.As a �rst step,we grouptherangepoints. Any time there
is a largedifferencebetweenonedepthvalueandthenext we con-
cludewehaveobservedagroupboundary.

This techniquefor dividing the rangepointsinto groupsis robust
becauseof the high updaterateof the range�nder. Two consec-
utive updateswill alwayshave a small anglein betweenthem,so
ouralgorithmis unlikely to changegroupswhenmoving therange
�nder alongasinglesurface.Theresultsof thegroupingandplane
creationcanbeseenin Figure2 from anaerialperspective. Setsof
pointsof asinglecolor representasinglegroup.

Onesigni�cant advantageto dividing therangepointsinto groups
is the semanticinformationgainedaboutthe spatiallayout of the
scene.We usethis informationto seeda diffusionbased�ood �ll

Figure 2: An aerial view of the group and planar information
for the data setfr om Figure 3. Each rangepoint is represented
asa dot, and color representsgroups.Extracted planesarerep-
resentedas red lines. The user collectedthe data set fr om the
black X location. Note that the aerial photograph is not ortho-
recti�ed. Groupsnot onbuilding surfacesaredueto entryways,
tr ees,or lamp poles.

processthatexpandsthegroupsacrosstheimage.For this process
acon�dencevalueis associatedwith eachpixel, whichis highestat
known samplepoints,andinitially zeroeverywhereelse. At each
iteration,eachpixel looksat its 8-connectedneighborhoodandav-
eragesits group(foregroundor background)andcon�dencewith
neighboringpixelsof highercon�dence. This diffusionprocessis
weightedby edgeinformationaswell.

We automaticallydetectobject boundariesby examining the in-
tensity gradient(using the 3x3 Sobeloperator). The measureof
boundaryEp = f ( dI

dp) at pixel p is a function of the magnitude

of the gradient. We use f (x) = x4 so that the function will drop
off quickly as the gradientdecreases.To usethe edgeinforma-
tion to regulatediffusion the edgevalueat a neighboringpixel is
subtractedfrom theneighbor's con�dencevaluebeforebeingcon-
sideredby the diffusionalgorithm. The result is that pixels on an
edgehave a very low chanceof diffusing their value,effectively
stoppingthediffusionalongboundaries.Oneparticularadvantage
of this methodis its speed;on theGPU,120 iterationspersecond
canbeachieved.

In areasof relatively denselaserrange�nder samples,the tech-
niquegivesexcellentsegmentationalongnaturalimageboundaries.
In areaswith lessdensesampleresolution,the techniqueworks
lesswell, sometimesstoppingshortof �lling thecorrectsemantic
region, or leaking throughboundariesinto incorrectsemanticre-
gions. However, theusercaneasilyimprove theresultsby adding
moresamplesasappropriate.

From the groupexpansionwe producea groupmapwhich labels
eachpixel with its groupnumber. Now, the depthof eachpixel
must be determined. To do this we try to model the scenewith
verticalplanarsurfaces.This is a reasonablething to do for urban
environmentswheremostobjectsaroundauserarebuildings.If we
�nd that all of the pointsin a groupareco-planarit is reasonable
to assumethat they are all on the sameplanarsurface,and use
that surfacefor smoothextrapolationacrossthe whole group. By
assumingthat all planesarevertical we greatlyreduceour search
space,allowing usto createaccuratelyorientedplaneswith asmall
numberof points.

We usea perpendicularregressionto �nd thebest�t line through



Figure3: An examplecolor panoramaand semi-automaticallygenerateddepth map pair. Darker regionsof the depth map arecloser
to the user. To generateboth imagesthe usersimply hasto look around the scene.Both imagesarecomposedof the four surrounding
facesof a cubemap, and are not warped to a cylindrical projection. This cubeprojection causesthe strangepeak on the roof line in
the centerof the images.

Figure4: A virtual statueoccludedby the realworld.

the set of 2D points whereall heightsare ignored. This regres-
sion minimizesthe sumof squaresof the perpendiculardistances
of eachpoint from the line. We alsouseRANSAC to throw out
any outliers in the set. Outliers are often createdby small fore-
groundobjectslike light polesthatpartiallyoccludethethesurface
of interestandcanbeignored.

For a groupwith no detectedplanarobjects,we take the average
depthof thesamplesin thegroupasthedepthof theentiregroup.
Finally, weusetheaverageheightof auserto determinetheground
plane,andaddthatplaneto theourcompletedepthmap.

5. CONCLUSIONS AND FUTURE WORK
Wehavepresentedresultsthatdemonstratehow asingle-pointlaser
range�nder can improve the AR experienceby building a depth
maparounda staticuser. The depthmapswe createareaccurate
enoughto beusefulfor a numberof AR applications,arguablythe
mostusefulof which is automaticocclusionof virtual objectsby
realworld objects.
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