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Abstract

Rolust egomotionrecovery for extendedcamen excur-
sions has long beena challenge for madine vision re-
searchers. Existingalgorithmshandlespatially limited en-
vironmentsandtendto consumeprohibitive computational
resouceswith increasingexcursiontime anddistance

We describean egomotion estimation algorithm that
takesas input a coarse 3D modelof an ervironment,and
an omnidirectionalvideosequenceaptured within the en-
vironment,and producesas outputa reconstructiorof the
camen's 6-DOF egomotionexpressedn thecoominatesof
the input model. The principal novelty of our methodis a
robust matding algorithm that associate2D edgesfrom
thevideowith 3D line sgmentsfromtheinputmodel.

Our systemhandles3-DOF and 6-DOF camen excur
sionsof hundredsof metes within real, cluttered erviron-
ments. It usesa novel prior visibility analysisto speed
initialization and dramatically acceleate image-to-model
matding. We demonstate the methods operation, and
gualitatively and quantitatively evaluate its performance
on bothsyntheticandreal image sequences.

1. Intr oduction

Rolust, wide-areaegomotionestimationwithin general
ervironmentsis one longstandinggoal of computervi-
sion researchers.Existing vision-basedSLAM (Simulta-
neouslLocalizationandMapping)or SFM (StructureFrom
Motion) algorithmsexpendstorageand computationake-
sourceghat grow supetlinearly with the sequencéength,
andincur growing localizationerror over time; thesemeth-
ods typically handleonly short-duration,short-ecursion
sequencef, 23].

This paperdescribesan alternatve approachto vision-
basedlocalizationwhich assumesvailability of a coarse
3D environmentalmodel before exploration commences,
ratherthan constructingthe modelon the y. We showv
that underthesecircumstanceggomotion estimationcan
be madesufciently robustandefcient for real-timeuse

with extendedcameraexcursionsthroughmultiple build-
ings. Quantitatiely, our methodcan recover the 6-DOF
rigid bodyposeof acamergattachedo ausersheadpody,
or hand-helddevice) asit is moved within a spatially ex-
tendedyisually clutteredervironment,with anaccurag of
a10-25cmin translationandabouttwo degreesin orienta-
tion. Our algorithmhasbeentestedover tensof minutesof
walking-speedmotion within an interconnectedollection
of buildings with mary corridorsand hundredsof distinct
rooms.

Figurel. Recaveredmotion of anomnidirectionalcameraduring
along excursion(1,500frames)within an extendedcluttereden-
vironment(450m?). Our methodestablisheshe cameras initial
location,thentracksthe cameraasit moves.

Capturinghigh- delity CAD modelsof existing built en-
vironmentssitselfadif cult problem,andin somerespects
oursolutionease®nehardproblem(egomotionestimation)
by assumingthe solution to another(as-hiilt model cap-
ture). Yet we believe thatthis is a usefultradeof, for two
reasonsFirst, 3D CAD modelsof existing spacewill be-
comemorecommonlyavailableasGIS andothermapping
efforts extendindoorsand usersgrow to expectthe same
mapcoverageandquality indoorsthatthey currentlyenjoy
for outdoorspacesandroadnetworks. Secondpur method
requiresfor effective operationonly coarse modelgeome-
try, comprisingonly major visible building elementstyp-
ically walls, oors, ceilings,doorsandwindows. In mary
casesuchmodelscanbegeneratetdhroughautomatedex-



trusion”of 2D oorplans (asis thecasewith most3D model
datausedin this paper).

We formulateegomotionestimatiorasanon-linetaskal-
ternatingbetweentwo operatingphases.The Initialization
phasedeterminesa valid camerapose estimatewhen the
cameraposeis known poorly, either at the start of explo-
ration or after“loss of lock” Oncethe Initialization phase
establishesan accuratecamerapose estimatefor one or
more frames,the Maintenancephaseupdatescamerapose
over subsequenframes.We shav how both phasesanbe
dramaticallyacceleratethroughprior Visibility Analysisof
theernvironmentmodel.

Our systemmalkes four signi cant assumptions.First,
we assumehat a coarsepolyhedralmodel of the erviron-
ment—which we de ne asincluding,ata minimum,walls,

oors, ceilings,doorsandwindows — is suppliedasinput.

Suchamodelcouldbeprovidedby thebuilding'sarchitects,
or producedindependentlyby a post-constructiormodel-
ing method. However it is acquired,we extract 3D model
“segments”from the boundarie®f eachpolygonin thein-

put model. Secondwe assumehatthe camerais intrinsi-

cally calibrated. Third, we assumehat cameramotion is

smooth,i.e. thatsensordependenlinear androtationalve-

locity boundsarenot exceededFinally, we assumehatthe
cameranever movesthroughary impenetrableppaquesur

face,and consequentlgcannever obsene the backside of

ary polygonin theinput model.

We emphasize¢hat we do not make a numberof other
assumptiongound in othervision-basedocalizationsys-
tems.For example,we do notassumehe presencef verti-
calandhorizontalmodeledged8], right angleq 3], or van-
ishing points[6]. We do not assumenowledgeof surface
coloror re ectanceattributesin the ervironment,or indeed
of ary “appearanceinformation otherthanknowledgeof
the geometricmodelitself. Finally, thoughwe do assume
thatthe portionsof the ervironmentrepresentedy thepro-
videdmodelarestatic,we do not assumea staticworld. In
particular our methodhandlegime-varyinglighting, time-
varyingclutter (e.g.furniture), andtransienimagemotion
(causeck.g.by passers-by).

2. Related Work

The theoreticabackgroundf vision-basedocalization
is presentedh two seminabooks[16, 12] andamorerecent
suney of multi-view geometry{15].

Threeline correspondenceare sufcient in theoryto
recover 6-DOF camerapose[10] thoughin practicemore
linesmayberequired[21, 1]. PointfeatureandRANSAC
may be combined[19] to achieve robust real-timelocal-
ization. In general,standardmethodsoperateby track-
ing point, edge,or contourfeaturesbetweenconsecutie
frames[18, 11, 14], and minimizing someerror function.

OtherresearcherBave combinedpoint-base@ndsegment-
basedrackingmethodsfor increasedobustnes$22].
Alternatively, the geometryof the environmentmay be
reconstructe@xplicitly [24], with anoptimizationbasecbn
Plickercoordinatesllowing theremoval of super uousde-
greesof freedom[4, 5]. Our methodrequiresno training
phase(asin [20]), no arti cal landmarks(asin [17]) and
oneomnidirectionacamergratherthantwo asin [7]).

3. Contrib utions

Our methoddiffersfrom existing work in four respects.
First, it usesomnidirectionalimagesin orderto support
full view freedom(e.g., closeproximity to ernvironmentsur
faces)andto remove pointing constraintfrom the camera
operator Second,the methodscalesto large, real-world
ervironments(seesection5). Third, the methodincludes
anautomatedhnitialization capabilitywhich runsmoreef -
ciently whenthe userprovidesa “hint” aboutthe cameras
location. Finally, the methodis robustto signi cant clutter,
lighting variations andtransienimotion.

4. Egomotion Estimation Method

Our method consistsof matchingdetected2D image
edgesto known 3D model sggments,without performing
structure-from-motion. We choseto baseour egomotion
estimationon line tracking,ratherthanpointtracking,both
becausehis approachseemedelatively unexploredin the
vision literature,and becauseéntuitively we expectediong
modelsegmentsto be robustly detectableandpreciselylo-
calizableevenin thepresencef severeclutter.

Givenasetof correspondencdmtweenmageedgesand
modelsegmentswerecoverthecamergoseby minimizing
anerrorfunction , de ned asthenormalizedsquaresumof
angulardisparitiesfor eachcorrespondenceetweerimage
edgeand(reprojectedmodelsegment(Figure?):

1

(RiT)= — (&:R;T;1;)? 1)

i=1
whereR andT aretherotationandtranslationcomponents
of the cameras rigid-body poserespectiely, n is the num-
berof correspondenceand is theanglebetweerthetwo
planesspannedy the cameracenterandthe obsenedim-
ageedgee; andmodelsegmentl; respectiely.

4.1 Initialization

Initializing the camergoserequiresdeterminatiorof an
initial setof valid correspondencelsetweenimage edges
andmodelsegments.Ratherthanincur the geometriccom-
plexity of performingSFM from two or moreimagesthen
matchingrecoveredto known 3D structure,we initialize
from a single omnidirectionalimage. This simpli es the
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Figure2. Theangle betweerimageedgee; andmodelsggment
l; asseenby camera(R; T) is de ned asthe anglebetweenthe
normalsto theplanesgeneratedby the cameracenterande; andl;
respectiely.

geometriccomputationrequiredto a simple projection of

modelsggmentsthroughour (known) cameramodel. The
coreideaof theinitializationalgorithmisto nd thecamera
pose(Ro; To) thatminimizes . Neitherexhaustve search
of the 6-DOF spaceof poses,nor nave RANSAC [13],

aretractableapproachesvthenmostmodelfeaturesareoc-

cluded. Instead,we searchwithin a volume (centerT, di-

ameter ) known to containthe camergposition,andiden-
tify the 6-DOF cameraposewithin this volumethat mini-

mizes . Thetime requiredfor Initializationis proportional
to thesizeof thesearchvolume.

4.1.1 Model Coordinate Subdivision

The initialization algorithmusesa visibility datastructure
(describedn x 4.3). This datastructureconsistsof a dis-

cretizationof the 3-DOF modelspaceinto nodesat a spac-
ing of aboutonemeter Eachnodeis associatedvith a vol-

umetriccell containingall pointscloserto thatnodethanto

ary othernode(eachcell is indeedthe Voronoi region of

onenode,but the cell boundaryis known by construction,
ratherthan computedfrom the arrangemenof nodeposi-
tions). Theinitialization algorithmis invoked with a spec-
i ed searchregion. It identi es which cells intersectthis

region, and searcheghesecells for the cameraposewith

lowest score.

4.1.2 Edge-SegmenMatching

Thecoreof theinitialization algorithmis a methodfor gen-
eratingand scoringputative correspondencdsetweenrele-
mentsof two setsm imageedgesE andn modelsggments
L, andusingaselectedsubsebdf correspondences recover
camergpose. The methodis basedon the following obser
vation: that a pair of imageedgesis a compatiblematch
with a pair of modelsegmentsonly if the dihedralangles
formedby thetwo associateglanepairsdiffer by lessthan
somebounddeterminedby the inter-nodedistance.Using
this obsenation, we de ne a function that takes asinputs
a triplet of image edgesand a triplet of model segments

andreturnsa matchscorefor the pairing of thesetriplets.
The scoringfunctionis de ned asthe normalizedproduct
of overlapsbetweenthe dihedralanglerangestaken over
the cell interior. Given a setof imageedgesand a set of
model segments,the algorithm computeshe matchscore
for eachtriplet of edgesandsegmentsandaggreyateshem
withinanm n table.

The table also storesthe k bestcandidatematchesfor
eachactive model sgment(we usek = 3). Theinitial-
izationmethodnext performsa seriesof randomsamplings
pairinga modelseggmentwith oneof its best-matchingm-
ageedges.From eachsamplematchset, the camerapose
andresulting value are computed;the algorithmreturns
the cameraposewith the lowest value. Figures3 and4
illustratethealgorithm.
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Figure 3. Edge-sgmentmatchingbasedon dihedralangle con-
straints.Whena segmenttriplet fl;; I; ; I g is compatiblewith an
edgetripletf e ; es; e g, thescoringtableis updatedaccordingly
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1: Given(T;E;L; )

2: Initializeam n scoretable:A = 0

3: for eachtriplet fli;1;;1kg2 L3 (0
andeachtripletfe, ;es;eg2 E3 (0
do

4:  Computemin, maxdihedralangledor fl;;1; ; lkgand

dihedralanglesfor f e ; e5; &g
5. if dihedralanglesmatchthen
6: Computetheoverlap betweerobsenedandex-
pecteddihedralangles

i<j<k<n)
r<s<t<m)

7 Update:Alr][i][+= ; A[s][j][+= ; Altl[k]+=

8: for eachrow Al,0 j < n do .

9o: Determingtopk element§ Al ; Al g

10: Generate  multi-hypothesis  correspondence

¢ = flije,; &9
11: Draw randomcorrespondencmatchset:
12: for eachsamplefc,; ;¢ ,gdo
13:  Selectarandomedgematchfor eachg, .
14:  Minimize the functionoverthesample.
15: Returnsolution(Ro; To; Sg) with lowest value.

Figure4. TheINIT-SEGMENT-EDGE Algorithm.



4.1.3 Systemlnitialization

In practice thesystemrunsINIT-SEGMENT-EDGE given

acoarseuserboundaroundthecamergposition,andreturns
the solutionwith the lowest value. For morerobustness,
the algorithmis followed by a standardsimplex minimiza-

tion of . Figure5 summarizeshelnitialization phase.

1: Given(T; )

2: Detectedgesnthe rst frame! E

3: Determinethe set of visible model sgmentsL =
VIS(T)

4: RunINIT-SEGMENT-EDGEon (T;E;L; ).

5: Keepthesolutionwith thelowest (R;T) value.

6: Returnthecorrespondingolution(Ro; To; So).

Figure5. Initialization.

4.2 Maintenance

This sectiondescribeshealgorithm'smaintenanceom-
ponent.Givenasetof edge-sgmentcorrespondences; at
framet, themaintenanc@roblemis to identify a setof cor-
respondenceS;,; atframet + 1 andto computethe new
camerapose(R:+1 ; Tt+1 ). To accountfor clutter, we use
a multi-hypothesisapproachcombinedwith a color-based
interframeconstraint.

4.2.1 Hue-basedEdgeMatching Constraint

Eachimageedgeis associatedvith a hue meanand vari-

ancefor two ve-pixel wide regions, one on eachside of

the edge. Givena correspondencbetweenanimageedge
and a model sggmentin framet, the algorithm looks for

matchingedgesn framet + 1 by consideringall edgeswith

adihedralanglesmallerthana giventhreshold(we use10

degrees)anda huedistancesmallerthana giventhreshold
(we use0:03 in a wrappedhue space[0::1]). We mark a
correspondencebservedf it satis esthesetwo criteria.

4.2.2 Motion SmoothnessAssumption

Our systemrelieson the motionsmoothnesassumptiornn
two ways. First, it usesa local visibility computationto
determinethe expectedmodel sgmentsin the next frame,
giventhe camerapositionat the currentframe (seex 4.3).
Second the hue-basediter describedn x 4.2.1incorpo-
ratesa maximumanglethresholdbetweertwo consecutie
obsenationsof amodelsegmentontheimage.Givenacor
respondencéetweenanimageedgeanda modelsggment
atframet, only thoseimageedgeghatfall within theangle
thresholdat framet + 1 are candidategor the correspon-
denceupdate(Figure6).
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Figure 6. Correspondencepdate. Given a correspondencée-
tweentheZDimageedgeejt andthe3D modelsggmentl; atframe
t, the angularandhue constraintdeterminethe mostlikely edge

matche! ** atframet + 1.

4.2.3 Correspondencé&ubsets

After correspondencepdate the systemgenerates series
of randomcorrespondencsubsetsFor eachsubsetthe al-
gorithmre nesthecamergose(usingthe positionatframe
t for theinitial guess),nds theinlier matchesre nesagain
and nally computeghe functionoverthe setof remain-
ing correspondencesThe posewith minimum  valueis
retained. This procedureendsto identify a consensuset
of correspondences.

4.2.4 Correspondencd.ifetimes

In orderto furtherimprove the robustnesf the matching
processweimplementabasicstatemachinefor correspon-
dences. The machinehasthree states: an entry stateun-
known andtwo subsequenstatespendingand accepted
A correspondencstatusevolvesto pendingonceit is ob-
sened,andto acceptedf it is consistentlyobsenedoverk
consecutre frames(we usek = 4). A correspondencsta-
tus degradesfrom acceptedo pendingif it is unobsered
for atleastonebut nomorethank 1 framesafterwhich
it either evolvesto acceptedor (whenthe edgehasbeen
unobseredin k consecutre frames)degradego unknown
The color signatureof an edgeis retainedaslong asit is
acceptedr pending However, only correspondencesith
acceptedstatusareusedfor egomotionestimation.Figure?
summarizeshe Maintenanceilgorithm.

The numberof correspondencgsersample is de ned
by the minimum numberof correct correspondencese-
quiredto accuratelydeterminethe camergpose.In theory
three correspondenceare sufcient (omitting degenerate
con gurations). In practice,approximatelyl0 correspon-
dencesare neededto accountfor imageand model noise
(seex5.1). Thenumberof samples; is de ned asthemin-
imum numberof draws of p out of q elementgequiredto
achieve 95% oddsof succesassuminghe sethasb% out-
liers,i.e. theminimump suchthat:

1 )a _d yo
p
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Tablel evaluatess; for differentvaluesof bandjS;j.

jSj=30] 40 | 50 | 60
b= 10%| 10 9 9 8
b=30%| 254 193 | 167 | 152
b= 50% | 29971 | 13743| 9413 | 7516

Tablel. Numberof samplewersusclutterpercentagé) andnum-
berof correspondencdsS:j).

. Given(Ry; Ty; S)

: Detectedgesatframet + 1! E

: for eachcorrespondenci;; g gin S; do

Searchfor matchin E satisfying color consisteng

with g andacceptableangularerrorwith |;.

If amatchis found,updatethe correspondence.

: Fromthe setS; of correspondencesith acceptedsta-
tus,draw s; sample®f correspondencds iSt))-
7: for eachsampledo
8: Computecameraposeby minimizing over the

correspondencassinga simplex method.
9:  Scoresampleby computing overtheremainingcor
respondences S;.
10: Keepsamplewith lowestscore;updatecamergposeat
framet + 1.
11: Update each correspondencén S; accordingto the
statemachine! S .

12: Querynew visibility setLis+; = VIS(Tt+1)

13: If Li+1 6 L, remove demotedsegmentsand insert

new sggmentswith statusunknownin S .

A w NP
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Figure7. The Maintenanceilgorithm

Figure8. Correspondencstatemachine.

4.3 Prior Visibility Analysis

In orderfor the systemto scalewell, an off-line process
computeghe setof visible modelseggmentsrom eachnode
in the 3D model. The datais storedin alookuptableandis
gueriedduring bothnitialization andMaintenancegreatly
reducingthenumberof candidatenodelsegmentshatmust
be processedThe resultinglook-up table acceptsasinput

a 3D positionT in themodelandreturnsanestimateof the
setof visible faces segmentsandvertices(F ; L; V):

(F;L;V) = VIS(T) €)

Thevisibility analysisis not conserative in asensehat
it doesnot generatea supersebf the edgesvisible to ary
pointin thecell. However, givenasufciently ne-grained
samplingof the view space,even an underestimatedisi-
bility setwill containmost prominentervironmentedges
obsenedby thecamera.

We useanOpenGLalgorithmbasednpowerful modern
GPUs(GraphicsProcessingJnits) to performthevisibility
analysisefciently. First, the setof visible facesis com-
putedby renderinghe 3D modelwith avirtual cameracen-
teredat eachnodeposition,with eachmodelfaceassigned
auniquecolor. The contentsof the framehuffer thencorre-
spondto the setof facesvisible (at pixel resolution)from
thenode.

Secondyve considethesetof modelsegmentdounding
atleastonevisible face.Eachassociatednodelseggmentis
renderedhroughboththe OpenGLfeedbackbuffer andthe
OpenGLdepthbuffer (Figure9). Thefeedbackouffer con-
tainsthe depthvalueat eachpixel alongthe sggmentif the
segmentwereto be displayedalone. The depthbuffer con-
tainsthe depthvalueat eachpixel alongthe segmentwhen
renderingthe full model. If the depthbuffer valueis equal
to thefeedbackbuffer valuefor atleasttwo pixelsalongthe
segment(up to framehuffer precision) the sgmentis clas-
si ed asvisible. Ontheotherhand,if thedepthvaluesdiffer
atall pixelsalongthe segment,the sggmentis classi ed as
occludedby somemodelpolygon. Figure9 illustratesour
algorithm.

Feedback buffer

=]

Figure9. Visible segmentdeterminatiorusingOpenGLandGPU.

Camera

5. Results

We demonstrat@ur systemon one syntheticandthree
realimagesequences:

SYNTHETIC: 6-DOF motion within a simulatedlab
space;



LAB: rolling 3-DOF(x; y; ) motionwithin areallab
space;

CORRIDOR: rolling 3-DOF motion throughadjoining
buildings;and

HAND-HELD: hand-held6-DOF motion within a real
lab space.

Table2 summarizesariousattributesof thetestsequences.

lab | corridor | hand-held
Numberof frames 1,500| 7,800 1,900
Framerate(s 1) 5 5 15
Excursionduration(min ) 5 26 2
Excursionlength(m) 120 936 33
Total # of 3D seggments | 3,000| 7,400 3,000
Total surfacearea(m?) 450 | 7,000 450

Table2. Testsequencénformation.

Figurel shavstherecoveredcameranotionfor theLAB
sequenceTheinitial cameragposewascomputedautomat-
ically usingour initialization algorithm. Figure 12 shows
anomnidirectionaimageandthere-projectedD structure
overlaidin green;notethe high level of clutterandocclu-
sion. Figure10 shavs therecoreredmotionfor the CORRI-
DOR sequenceThe 3D modelwasgeneratedutomatically
from publically available 2D blueprintsusing a standard
heightfor ceilingsanddoor frames. Figure 11 shaws the
recoveredegomotionfor the HAND-HELD sequence.Fig-
ure 13 shows a detail view of long-rangecorrespondence
trackingover several hundredframes.Figure 14 shavs the
correspondencstatefor a 3D model segmentbeing oc-
cludedduringthe sequence.

5.1 Localization Accuracy

Figure 15 shaws the localizationerror (translationand
rotation) for the SYNTHETIC sequence.We simulateim-
agenoiseby convolving imageedgeswith gaussiamoise
(= :5deg), andsimulateclutterby removing 25%of the
correspondencemndaddinggaussiamoiseof ( = 2deqg)
to the remainingcorrespondencesFigure 16 shows the
error in recoveredpositionand orientationwith respecto
groundtruth. The groundtruth for positionwas obtained
usinga at 2D motionfor thecameraandcomparinghepo-
sition componentomputedby the systemalongthe z axis
with the actualcameraheightmeasuredvith a laserrange
nder. The groundtruth for rotation was obtainedusing
an XsensMTi gyro attachedo the camera. The standard
deviationis about13cmin positionandtwo degreesn ori-
entation.

5.2 CameraCalibration

The systemusesthe PointGrgy Researchadybug cam-
era. The cameras composef six CCD sensorgovering

Figure10. Recaoveredegomotionfor CORRIDOR sequencé?,800
frames). Note motion into and out of adjoiningof ces. The 3D
modelwasgeneratecéutomaticallyfrom 2D blueprintsandextru-
sionheights.

Figurell.Recweredegomotionfor HAND-HELD sequencél, 900
frames).Our systemhandlegruly 6-DOFcameramotion.

Figure 12. Omnidirectionalimageand re-projected3D structure
(in green).Localizationis fairly accuratelespitesevereclutter. A
video of this sequencés provided assupplementamaterial.

morethan75%of theview sphere Therigid-bodytransfor
mationbetweereachsensorlndthevirtual camerdrameis
provided by PointGrey Research.Due to their smallfocal
length, the sensorsare subjectto high distortion. We cal-
ibrate eachsensorindependentlyusing an ellipsoidal lens
model[2].



Figurel3.Topandbottomrow: long-rangecorrespondencgack-
ing over several hundredframes(L AB sequence)Noterecovery
afterocclusion(top row).

: KT'OGW | - |

0 50 00 50 200 250 300 350 400
F u

Figurel4.Correspondencstatefor a 3D sggmentbeingoccluded
from frame 240to 350. The algorithmautomaticallydetectsthe
startandendof occlusionandmaintainsthe correspondencstate
accordingly
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Figure 15. Localizationaccurag with respectto the numberof
correspondencgsimulateddata, Gaussiamoiseon imageedges
= 2deg). Accuray plateausat about40 correspondences.

5.3 Initialization

Figure 12 shavs the result of Initialization on
a real image using a search volume three meters
wide. Figure 17 showns a correspondencgeneratedby
INIT-SEGMENT-EDGE. The modelsggmentis shovn in
red. The threeputative correspondenceare shavn on the
imagein blueandwhite. Thealgorithmsucceeds nding
the correctmatchdespitethe high level of clutter.

m=0.96 deg
s =2.16 deg

Histog ram value

\
wal ol ﬂﬂ ﬁrr' B
A 0 10 0 0 2 0 6 1 2 0 2 7
Translation Error (cm) Rotation Error (deg)

Figure 16. Position and orientation accurag with respectto
groundtruth. (Gaussiant shavn asreddashedine).

Figure 17. Putatve correspondence determined by
INIT-SEGMENT-EDGE. The algorithm determines the
highest-scoringnatchedor themodelsegment(in redon theleft)
amongthe obsered imageedges. The threebestcandidatesre
displayedon theright. The correctmatchappearsn blue on the
left-handside.

5.4. SystemPerformance

The systemcurrently runs at about 1Hz on a desktop
PC with four 2GHz CPUs. Two thirds of the processing
time are spentin edgedetectionand color processingsix
512 384, 8-bit images). The remainingtime is spentin
therandomsamplealgorithm. Theinitialization phasdakes
one minute given a three-meteisearchvolume. We have
implementedanoptimizationfor the specialcaseof vertical
camergrosewhich runsin about10 seconds.

6. Discussion

This sectiondiscussesereral limitations of the current
method,andpossibledirectionsfor its futuredevelopment.

6.1 SystemLimitations

The systemsuffersfrom thefollowing limitations. First,
themethods performanceouldbeimproved,throughmore
focusedsampling throughcodeoptimization,or with faster
hardware.Secondthesystemslocalizationaccurag could
be higher Someerroris surelydueto featurelocalization;
anothererror sourceis inaccurag in the input 3D model.
Third, the presensensois notlight-sensitve enoughjt re-
quiresslow, smoothmotionin orderto avoid motionblurin
indoor ervironments.Fourth, the initialization methodcan
give ambiguougesultsin the presencef repeatedatnviron-
mentstructuressuchasmultiple doorwaysalongextended
corridors.Finally, thevisibility analysisassumethataone-
metergrid is ne enoughto capturemostvariationsin visi-
bility.



6.2 Futur e Dir ections

We arecurrently pursuingseveral promisingdirections.
First, a geometricsignature-basedahitialization could en-
ablethe methodto quickly eliminateinconsistentocations
andcut down the numberof regionsin which to runtheini-
tializationalgorithm. Secondijntegrationof aninertial sen-
soranda cameramotion model could increasethe robust-
nessof the maintenancg@hase. Third, we will investigate
trackingof 3D pointsin additionto 3D segments.Finally,
an on-line updateof the model combinedwith occlusion
processingcould further decreasehe occurrenceof false
matches.

7. Conclusion

We describedanalgorithmfor 6-DOF localizationfrom
a coarse3D modelandan omnidirectionalvideo sequence,
basednestablishinggndmaintainingmatchedetweernm-
ageedgesandmodelsegments.Our systemmakesfew as-
sumptionsaboutthe ervironmentotherthanthatit contains
prominentstraightline segments. Our solution algorithm
employedtwo phasesinitialization andmaintenanceglong
with prior visibility analysisto drasticallydecreaseunning
time andincreasehescaleof environmentghatcanbehan-
dledby the method.We demonstratethe systemandeval-
uatedits performancepn a variety of long-duration,spa-
tially extendedyisually clutteredimagesequences.
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