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Abstract

Robust egomotionrecovery for extendedcamera excur-
sions has long beena challenge for machine vision re-
searchers. Existingalgorithmshandlespatially limited en-
vironmentsandtendto consumeprohibitivecomputational
resourceswith increasingexcursiontimeanddistance.

We describean egomotion estimationalgorithm that
takesas input a coarse3D modelof an environment,and
an omnidirectionalvideosequencecapturedwithin theen-
vironment,and producesas outputa reconstructionof the
camera's6-DOFegomotionexpressedin thecoordinatesof
the input model. Theprincipal noveltyof our methodis a
robust matching algorithm that associates2D edges from
thevideowith 3D line segmentsfromtheinputmodel.

Our systemhandles3-DOF and 6-DOF camera excur-
sionsof hundredsof meters within real, cluttered environ-
ments. It usesa novel prior visibility analysisto speed
initialization and dramatically accelerate image-to-model
matching. We demonstrate the method's operation, and
qualitatively and quantitativelyevaluate its performance,
onbothsyntheticandreal imagesequences.

1. Intr oduction

Robust,wide-areaegomotionestimationwithin general
environmentsis one longstandinggoal of computervi-
sion researchers.Existing vision-basedSLAM (Simulta-
neousLocalizationandMapping)or SFM (StructureFrom
Motion) algorithmsexpendstorageandcomputationalre-
sourcesthat grow super-linearly with the sequencelength,
andincur growing localizationerrorover time; thesemeth-
ods typically handleonly short-duration,short-excursion
sequences[9, 23].

This paperdescribesan alternative approachto vision-
basedlocalizationwhich assumesavailability of a coarse
3D environmentalmodel before exploration commences,
rather than constructingthe model on the �y . We show
that under thesecircumstancesegomotionestimationcan
be madesuf�ciently robust andef�cient for real-timeuse

with extendedcameraexcursionsthroughmultiple build-
ings. Quantitatively, our methodcan recover the 6-DOF
rigid bodyposeof acamera(attachedto auser'shead,body,
or hand-helddevice) as it is moved within a spatiallyex-
tended,visually clutteredenvironment,with anaccuracy of
a 10-25cm in translationandabouttwo degreesin orienta-
tion. Our algorithmhasbeentestedover tensof minutesof
walking-speedmotion within an interconnectedcollection
of buildings with many corridorsandhundredsof distinct
rooms.

Figure1. Recoveredmotionof anomnidirectionalcameraduring
a long excursion(1,500frames)within an extendedcluttereden-
vironment(450m2). Our methodestablishesthecamera's initial
location,thentracksthecameraasit moves.

Capturinghigh-�delity CAD modelsof existingbuilt en-
vironmentsis itself adif�cult problem,andin somerespects
oursolutioneasesonehardproblem(egomotionestimation)
by assumingthe solution to another(as-built model cap-
ture). Yet we believe that this is a usefultradeoff, for two
reasons.First, 3D CAD modelsof existing spaceswill be-
comemorecommonlyavailableasGIS andothermapping
efforts extend indoorsandusersgrow to expect the same
mapcoverageandquality indoorsthat they currentlyenjoy
for outdoorspacesandroadnetworks. Second,our method
requiresfor effective operationonly coarsemodelgeome-
try, comprisingonly major visible building elements,typ-
ically walls, �oors, ceilings,doorsandwindows. In many
casessuchmodelscanbegeneratedthroughautomated“ex-



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

Weformulateegomotionestimationasanon-linetaskal-
ternatingbetweentwo operatingphases.TheInitialization
phasedeterminesa valid cameraposeestimatewhen the
cameraposeis known poorly, eitherat the startof explo-
rationor after “loss of lock.” Oncethe Initialization phase
establishesan accuratecameraposeestimatefor one or
moreframes,theMaintenancephaseupdatescamerapose
over subsequentframes.We show how bothphasescanbe
dramaticallyacceleratedthroughprior Visibility Analysisof
theenvironmentmodel.

Our systemmakes four signi�cant assumptions.First,
we assumethat a coarsepolyhedralmodelof the environ-
ment– which we de�ne asincluding,at a minimum,walls,
�oors, ceilings,doorsandwindows – is suppliedasinput.
Suchamodelcouldbeprovidedby thebuilding'sarchitects,
or producedindependentlyby a post-constructionmodel-
ing method. However it is acquired,we extract 3D model
“segments”from theboundariesof eachpolygonin thein-
put model. Second,we assumethat thecamerais intrinsi-
cally calibrated. Third, we assumethat cameramotion is
smooth,i.e. thatsensor-dependentlinearandrotationalve-
locity boundsarenotexceeded.Finally, weassumethatthe
cameranevermovesthroughany impenetrable,opaquesur-
face,andconsequentlycannever observe the backsideof
any polygonin theinput model.

We emphasizethat we do not make a numberof other
assumptionsfound in other vision-basedlocalizationsys-
tems.For example,wedonotassumethepresenceof verti-
calandhorizontalmodeledges[8], right angles[3], or van-
ishingpoints[6]. We do not assumeknowledgeof surface
coloror re�ectanceattributesin theenvironment,or indeed
of any “appearance”informationother thanknowledgeof
the geometricmodel itself. Finally, thoughwe do assume
thattheportionsof theenvironmentrepresentedby thepro-
videdmodelarestatic,we do not assumea staticworld. In
particular, our methodhandlestime-varyinglighting, time-
varyingclutter (e.g.furniture),andtransientimagemotion
(causede.g.by passers-by).

2. RelatedWork

The theoreticalbackgroundof vision-basedlocalization
ispresentedin two seminalbooks[16, 12] andamorerecent
survey of multi-view geometry[15].

Three line correspondencesare suf�cient in theory to
recover 6-DOF camerapose[10] thoughin practicemore
linesmayberequired[21, 1]. PointfeaturesandRANSAC
may be combined[19] to achieve robust real-time local-
ization. In general,standardmethodsoperateby track-
ing point, edge,or contour featuresbetweenconsecutive
frames[18, 11, 14], andminimizing someerror function.

Otherresearchershavecombinedpoint-basedandsegment-
basedtrackingmethodsfor increasedrobustness[22].

Alternatively, the geometryof the environmentmay be
reconstructedexplicitly [24], with anoptimizationbasedon
Plückercoordinatesallowing theremovalof super�uousde-
greesof freedom[4, 5]. Our methodrequiresno training
phase(as in [20]), no arti�cal landmarks(as in [17]) and
oneomnidirectionalcamera(ratherthantwo asin [7]).

3. Contributions

Our methoddiffersfrom existing work in four respects.
First, it usesomnidirectionalimagesin order to support
full view freedom(e.g., closeproximity to environmentsur-
faces),andto removepointingconstraintsfrom thecamera
operator. Second,the methodscalesto large, real-world
environments(seesection5). Third, the methodincludes
anautomatedinitializationcapabilitywhich runsmoreef�-
ciently whentheuserprovidesa “hint” aboutthecamera's
location.Finally, themethodis robustto signi�cant clutter,
lighting variations,andtransientmotion.

4. EgomotionEstimation Method

Our methodconsistsof matchingdetected2D image
edgesto known 3D model segments,without performing
structure-from-motion.We choseto baseour egomotion
estimationon line tracking,ratherthanpoint tracking,both
becausethis approachseemedrelatively unexploredin the
vision literature,andbecauseintuitively we expectedlong
modelsegmentsto berobustly detectableandpreciselylo-
calizableevenin thepresenceof severeclutter.

Givenasetof correspondencesbetweenimageedgesand
modelsegments,werecoverthecameraposebyminimizing
anerrorfunction� , de�nedasthenormalizedsquaresumof
angulardisparitiesfor eachcorrespondencebetweenimage
edgeand(reprojected)modelsegment(Figure2):

� (R; T) =
1
n

�
nX

i =1

� (ei ; R; T; l i )2 (1)

whereR andT aretherotationandtranslationcomponents
of thecamera's rigid-bodyposerespectively, n is thenum-
berof correspondences,and� is theanglebetweenthetwo
planesspannedby thecameracenterandtheobservedim-
ageedgeei andmodelsegmentl i respectively.

4.1. Initialization

Initializing thecameraposerequiresdeterminationof an
initial set of valid correspondencesbetweenimageedges
andmodelsegments.Ratherthanincur thegeometriccom-
plexity of performingSFM from two or moreimages,then
matchingrecoveredto known 3D structure,we initialize
from a single omnidirectionalimage. This simpli�es the



Figure2. Theangle� betweenimageedgeei andmodelsegment
l i asseenby camera(R; T ) is de�ned as the anglebetweenthe
normalsto theplanesgeneratedby thecameracenterandei andl i

respectively.

geometriccomputationrequiredto a simple projectionof
modelsegmentsthroughour (known) cameramodel. The
coreideaof theinitializationalgorithmis to �nd thecamera
pose(R0; T0) thatminimizes� . Neitherexhaustive search
of the 6-DOF spaceof poses,nor naive RANSAC [13],
aretractableapproacheswhenmostmodelfeaturesareoc-
cluded. Instead,we searchwithin a volume(center ~T, di-
ameter� ) known to containthecameraposition,andiden-
tify the 6-DOF cameraposewithin this volumethat mini-
mizes� . Thetime requiredfor Initialization is proportional
to thesizeof thesearchvolume.

4.1.1 Model Coordinate Subdivision

The initialization algorithmusesa visibility datastructure
(describedin x 4.3). This datastructureconsistsof a dis-
cretizationof the3-DOFmodelspaceinto nodesat a spac-
ing of aboutonemeter. Eachnodeis associatedwith a vol-
umetriccell containingall pointscloserto thatnodethanto
any othernode(eachcell is indeedthe Voronoi region of
onenode,but thecell boundaryis known by construction,
ratherthancomputedfrom the arrangementof nodeposi-
tions). The initialization algorithmis invokedwith a spec-
i�ed searchregion. It identi�es which cells intersectthis
region, andsearchesthesecells for the cameraposewith
lowest� score.

4.1.2 Edge-SegmentMatching

Thecoreof theinitializationalgorithmis amethodfor gen-
eratingandscoringputative correspondencesbetweenele-
mentsof two sets,m imageedgesE andn modelsegments
L , andusingaselectedsubsetof correspondencesto recover
camerapose.Themethodis basedon thefollowing obser-
vation: that a pair of imageedgesis a compatiblematch
with a pair of modelsegmentsonly if the dihedralangles
formedby thetwo associatedplanepairsdiffer by lessthan
somebounddeterminedby the inter-nodedistance.Using
this observation, we de�ne a function that takesas inputs
a triplet of imageedgesand a triplet of model segments

andreturnsa matchscorefor the pairing of thesetriplets.
The scoringfunction is de�ned asthe normalizedproduct
of overlapsbetweenthe dihedralanglerangestaken over
the cell interior. Given a setof imageedgesanda setof
modelsegments,the algorithmcomputesthe matchscore
for eachtriplet of edgesandsegmentsandaggregatesthem
within anm � n table.

The table also storesthe k bestcandidatematchesfor
eachactive model segment(we usek = 3). The initial-
izationmethodnext performsaseriesof randomsamplings
pairinga modelsegmentwith oneof its best-matchingim-
ageedges.From eachsamplematchset, the camerapose
andresulting� valuearecomputed;the algorithmreturns
the cameraposewith the lowest� value. Figures3 and4
illustratethealgorithm.
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Figure 3. Edge-segmentmatchingbasedon dihedralanglecon-
straints.Whena segmenttriplet f l i ; l j ; lk g is compatiblewith an
edgetriplet f er ; es ; et g, thescoringtableis updatedaccordingly.

1: Given( ~T; E; L ; � )
2: Initialize am � n scoretable:A = 0
3: for eachtriplet f l i ; l j ; lk g 2 L 3 (0 � i < j < k < n)

andeachtriplet f er ; es; et g 2 E3 (0 � r < s < t < m)
do

4: Computemin,maxdihedralanglesfor f l i ; l j ; lk g and
dihedralanglesfor f er ; es; et g

5: if dihedralanglesmatchthen
6: Computetheoverlap� betweenobservedandex-

pecteddihedralangles
7: Update:A[r][i]+= � ; A[s][j]+= � ; A[t][k]+= �
8: for eachrow A j , 0 � j < n do
9: Determinetopk elementsf A j

i 1
; � � � ; A j

i k
g

10: Generate multi-hypothesis correspondence
cj = f l j j ei 1 ; � � � ; ei k g

11: Draw randomcorrespondencematchset:
12: for eachsamplef cj 1 ; � � � ; cj p g do
13: Selecta randomedgematchfor eachcj k .
14: Minimize the� functionover thesample.
15: Returnsolution(R0; T0; S0) with lowest� value.

Figure4. TheINIT-SEGMENT-EDGEAlgorithm.



4.1.3 SystemInitialization

In practice,thesystemrunsINIT-SEGMENT-EDGEgiven
acoarseuserboundaroundthecameraposition,andreturns
thesolutionwith the lowest� value. For morerobustness,
thealgorithmis followedby a standardsimplex minimiza-
tion of � . Figure5 summarizestheInitializationphase.

1: Given( ~T; � )
2: Detectedgeson the�rst frame! E
3: Determinethe set of visible model segmentsL =

VIS(T)
4: RunINIT-SEGMENT-EDGEon ( ~T; E; L ; � ).
5: Keepthesolutionwith thelowest� (R; T) value.
6: Returnthecorrespondingsolution(R0; T0; S0).

Figure5. Initialization.

4.2. Maintenance

Thissectiondescribesthealgorithm'smaintenancecom-
ponent.Givenasetof edge-segmentcorrespondencesSt at
framet, themaintenanceproblemis to identify asetof cor-
respondencesSt +1 at framet + 1 andto computethenew
camerapose(Rt +1 ; Tt +1 ). To accountfor clutter, we use
a multi-hypothesisapproachcombinedwith a color-based
inter-frameconstraint.

4.2.1 Hue-basedEdgeMatching Constraint

Eachimageedgeis associatedwith a huemeanandvari-
ancefor two � ve-pixel wide regions,oneon eachsideof
theedge.Givena correspondencebetweenan imageedge
and a model segmentin frame t, the algorithm looks for
matchingedgesin framet + 1 by consideringall edgeswith
a dihedralanglesmallerthana giventhreshold(we use10
degrees)anda huedistancesmallerthana giventhreshold
(we use0:03 in a wrappedhuespace[0::1]). We mark a
correspondenceobservedif it satis�esthesetwo criteria.

4.2.2 Motion SmoothnessAssumption

Our systemrelieson themotionsmoothnessassumptionin
two ways. First, it usesa local visibility computationto
determinetheexpectedmodelsegmentsin thenext frame,
given the camerapositionat the currentframe(seex 4.3).
Second,the hue-based�lter describedin x 4.2.1 incorpo-
ratesa maximumanglethresholdbetweentwo consecutive
observationsof amodelsegmentontheimage.Givenacor-
respondencebetweenan imageedgeanda modelsegment
at framet, only thoseimageedgesthatfall within theangle
thresholdat framet + 1 arecandidatesfor the correspon-
denceupdate(Figure6).
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Figure 6. Correspondenceupdate. Given a correspondencebe-
tweenthe2D imageedgeet

j andthe3D modelsegmentl i atframe
t, theangularandhueconstraintsdeterminethemostlikely edge
matchet +1

j at framet + 1.

4.2.3 Corr espondenceSubsets

After correspondenceupdate,thesystemgeneratesa series
of randomcorrespondencesubsets.For eachsubset,theal-
gorithmre�nes thecamerapose(usingthepositionat frame
t for theinitial guess),�nds theinlier matches,re�nesagain
and�nally computesthe� functionover thesetof remain-
ing correspondences.The posewith minimum � value is
retained.This proceduretendsto identify a consensusset
of correspondences.

4.2.4 Corr espondenceLifetimes

In orderto further improve the robustnessof thematching
process,we implementabasicstatemachinefor correspon-
dences.The machinehasthreestates:an entry stateun-
known, and two subsequentstatespendingand accepted.
A correspondencestatusevolvesto pendingonceit is ob-
served,andto acceptedif it is consistentlyobservedoverk
consecutive frames(we usek = 4). A correspondencesta-
tus degradesfrom acceptedto pendingif it is unobserved
for at leastonebut no morethank � 1 frames,afterwhich
it either evolves to acceptedor (when the edgehasbeen
unobservedin k consecutive frames)degradesto unknown.
The color signatureof an edgeis retainedas long as it is
acceptedor pending. However, only correspondenceswith
acceptedstatusareusedfor egomotionestimation.Figure7
summarizestheMaintenanceAlgorithm.

Thenumberof correspondencespersample� is de�ned
by the minimum numberof correct correspondencesre-
quiredto accuratelydeterminethecamerapose.In theory,
three correspondencesare suf�cient (omitting degenerate
con�gurations). In practice,approximately10 correspon-
dencesare neededto accountfor imageand model noise
(seex 5.1).Thenumberof samplesst is de�nedasthemin-
imum numberof draws of p out of q elementsrequiredto
achieve 95%oddsof successassumingthesethasb% out-
liers, i.e. theminimump suchthat:

(1 �
�

(1 � b
100 )q
p

�
=
�

q
p

�
)n � 5% (2)



Table1 evaluatesst for differentvaluesof bandj �St j.

j �St j = 30 40 50 60
b = 10% 10 9 9 8
b = 30% 254 193 167 152
b = 50% 29971 13743 9413 7516

Table1.Numberof samplesversusclutterpercentage(b) andnum-
berof correspondences(j �St j).

1: Given(Rt ; Tt ; St )
2: Detectedgesat framet + 1 ! E
3: for eachcorrespondencef l i ; ej g in St do
4: Searchfor matchin E satisfyingcolor consistency

with ej andacceptableangularerrorwith l i .
5: If amatchis found,updatethecorrespondence.
6: Fromtheset �St of correspondenceswith acceptedsta-

tus,draw st samplesof � correspondences(� � j �St j).
7: for eachsampledo
8: Computecameraposeby minimizing � over the �

correspondencesusinga simplex method.
9: Scoresamplebycomputing� overtheremainingcor-

respondencesin �St .
10: Keepsamplewith lowestscore;updatecameraposeat

framet + 1.
11: Updateeach correspondencein St accordingto the

statemachine! St +1 .
12: Querynew visibility setL t +1 = VIS(Tt +1 )
13: If L t +1 6= L t , remove demotedsegmentsand insert

new segmentswith statusunknownin St +1 .

Figure7. TheMaintenanceAlgorithm
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Figure8. Correspondencestatemachine.

4.3. Prior Visibility Analysis

In orderfor thesystemto scalewell, anoff-line process
computesthesetof visiblemodelsegmentsfrom eachnode
in the3D model.Thedatais storedin a lookuptableandis
queriedduringbothInitialization andMaintenance,greatly
reducingthenumberof candidatemodelsegmentsthatmust
beprocessed.Theresultinglook-up tableacceptsasinput

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

(F ; L ; V) = VIS(T) (3)

Thevisibility analysisis not conservative in a sensethat
it doesnot generatea supersetof the edgesvisible to any
point in thecell. However, givena suf�ciently �ne-grained
samplingof the view space,even an underestimatedvisi-
bility set will containmost prominentenvironmentedges
observedby thecamera.

WeuseanOpenGLalgorithmbasedonpowerfulmodern
GPUs(GraphicsProcessingUnits) to performthevisibility
analysisef�ciently . First, the setof visible facesis com-
putedby renderingthe3D modelwith avirtual cameracen-
teredat eachnodeposition,with eachmodelfaceassigned
a uniquecolor. Thecontentsof theframebuffer thencorre-
spondto the setof facesvisible (at pixel resolution)from
thenode.

Second,weconsiderthesetof modelsegmentsbounding
at leastonevisible face.Eachassociatedmodelsegmentis
renderedthroughboththeOpenGLfeedbackbuffer andthe
OpenGLdepthbuffer (Figure9). Thefeedbackbuffer con-
tainsthedepthvalueat eachpixel alongthesegmentif the
segmentwereto bedisplayedalone.Thedepthbuffer con-
tainsthedepthvalueat eachpixel alongthesegmentwhen
renderingthe full model. If thedepthbuffer valueis equal
to thefeedbackbuffer valuefor at leasttwo pixelsalongthe
segment(up to framebuffer precision),thesegmentis clas-
si�ed asvisible. Ontheotherhand,if thedepthvaluesdiffer
at all pixelsalongthesegment,thesegmentis classi�edas
occludedby somemodelpolygon. Figure9 illustratesour
algorithm.

Z-buffer

Feedback buffer

Camera

Figure9. VisiblesegmentdeterminationusingOpenGLandGPU.

5. Results

We demonstrateour systemon onesyntheticandthree
realimagesequences:

� SYNTHETIC: 6-DOF motion within a simulatedlab
space;



� LAB: rolling 3-DOF(x; y; � ) motionwithin a real lab
space;

� CORRIDOR: rolling 3-DOF motion throughadjoining
buildings;and

� HAND-HELD: hand-held6-DOF motion within a real
labspace.

Table2 summarizesvariousattributesof 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 segments 3,000 7,400 3,000
Total surfacearea(m2) 450 7,000 450

Table2. Testsequenceinformation.

Figure1 showstherecoveredcameramotionfor theLAB

sequence.The initial cameraposewascomputedautomat-
ically usingour initialization algorithm. Figure12 shows
anomnidirectionalimageandthere-projected3D structure
overlaid in green;notethe high level of clutter andocclu-
sion.Figure10showstherecoveredmotionfor theCORRI-
DOR sequence.The3D modelwasgeneratedautomatically
from publically available 2D blueprintsusing a standard
height for ceilingsanddoor frames. Figure11 shows the
recoveredegomotionfor the HAND-HELD sequence.Fig-
ure 13 shows a detail view of long-rangecorrespondence
trackingover severalhundredframes.Figure14 shows the
correspondencestatefor a 3D model segment being oc-
cludedduringthesequence.

5.1. Localization Accuracy

Figure 15 shows the localizationerror (translationand
rotation) for the SYNTHETIC sequence.We simulateim-
agenoiseby convolving imageedgeswith gaussiannoise
(� = :5deg), andsimulateclutterby removing25%of the
correspondencesandaddinggaussiannoiseof (� = 2deg)
to the remainingcorrespondences.Figure 16 shows the
error in recoveredpositionandorientationwith respectto
groundtruth. The groundtruth for positionwasobtained
usinga�at 2D motionfor thecameraandcomparingthepo-
sition componentcomputedby thesystemalongthez axis
with theactualcameraheightmeasuredwith a laserrange
�nder. The groundtruth for rotation was obtainedusing
an XsensMTi gyro attachedto the camera.The standard
deviation is about13cm in positionandtwo degreesin ori-
entation.

5.2. Camera Calibration

ThesystemusesthePointGrey ResearchLadybugcam-
era.Thecamerais composedof six CCD sensorscovering

Figure10. Recoveredegomotionfor CORRIDOR sequence(7,800
frames). Note motion into andout of adjoiningof�ces. The 3D
modelwasgeneratedautomaticallyfrom 2D blueprintsandextru-
sionheights.

Figure11.Recoveredegomotionfor HAND-HELD sequence(1,900
frames).Oursystemhandlestruly 6-DOFcameramotion.

Figure12. Omnidirectionalimageand re-projected3D structure
(in green).Localizationis fairly accuratedespitesevereclutter. A
videoof this sequenceis providedassupplementalmaterial.

morethan75%of theview sphere.Therigid-bodytransfor-
mationbetweeneachsensorandthevirtual cameraframeis
providedby PointGrey Research.Due to their small focal
length, the sensorsaresubjectto high distortion. We cal-
ibrateeachsensorindependentlyusingan ellipsoidal lens
model[2].



Figure13.Topandbottomrow: long-rangecorrespondencetrack-
ing over severalhundredframes(LAB sequence).Noterecovery
afterocclusion(top row).
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Figure14.Correspondencestatefor a3D segmentbeingoccluded
from frame240 to 350. The algorithmautomaticallydetectsthe
startandendof occlusionandmaintainsthecorrespondencestate
accordingly.
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Figure 15. Localizationaccuracy with respectto the numberof
correspondences(simulateddata,Gaussiannoiseon imageedges
� = 2deg). Accuracy plateausat about40 correspondences.

5.3. Initialization

Figure 12 shows the result of Initialization on
a real image using a search volume three meters
wide. Figure 17 shows a correspondencegeneratedby
INIT-SEGMENT-EDGE. The modelsegmentis shown in
red. The threeputative correspondencesareshown on the
imagein blueandwhite. Thealgorithmsucceedsin �nding
thecorrectmatchdespitethehigh level of clutter.
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Figure 16. Position and orientation accuracy with respect to
groundtruth. (Gaussian�t shown asreddashedline).

Figure 17. Putative correspondence determined by
INIT-SEGMENT-EDGE. The algorithm determines the
highest-scoringmatchesfor themodelsegment(in redon theleft)
amongthe observed imageedges.The threebestcandidatesare
displayedon the right. Thecorrectmatchappearsin blue on the
left-handside.

5.4. SystemPerformance

The systemcurrently runs at about1Hz on a desktop
PC with four 2GHz CPUs. Two thirds of the processing
time arespentin edgedetectionandcolor processing(six
512� 384, 8-bit images).The remainingtime is spentin
therandomsamplealgorithm.Theinitializationphasetakes
one minute given a three-metersearchvolume. We have
implementedanoptimizationfor thespecialcaseof vertical
cameraposewhich runsin about10seconds.

6. Discussion

This sectiondiscussesseveral limitations of thecurrent
method,andpossibledirectionsfor its futuredevelopment.

6.1. SystemLimitations

Thesystemsuffersfrom thefollowing limitations.First,
themethod'sperformancecouldbeimproved,throughmore
focusedsampling,throughcodeoptimization,or with faster
hardware.Second,thesystem's localizationaccuracy could
behigher. Someerror is surelydueto featurelocalization;
anothererror sourceis inaccuracy in the input 3D model.
Third, thepresentsensoris not light-sensitiveenough;it re-
quiresslow, smoothmotionin orderto avoid motionblur in
indoorenvironments.Fourth, the initialization methodcan
giveambiguousresultsin thepresenceof repeatedenviron-
mentstructuressuchasmultiple doorwaysalongextended
corridors.Finally, thevisibility analysisassumesthataone-
metergrid is �ne enoughto capturemostvariationsin visi-
bility.



6.2. Futur eDir ections

We arecurrentlypursuingseveralpromisingdirections.
First, a geometricsignature-basedinitialization could en-
ablethemethodto quickly eliminateinconsistentlocations
andcutdown thenumberof regionsin which to run theini-
tializationalgorithm.Second,integrationof aninertial sen-
sor anda cameramotion modelcould increasethe robust-
nessof the maintenancephase.Third, we will investigate
trackingof 3D pointsin additionto 3D segments.Finally,
an on-line updateof the model combinedwith occlusion
processingcould further decreasethe occurrenceof false
matches.

7. Conclusion

We describedanalgorithmfor 6-DOFlocalizationfrom
a coarse3D modelandanomnidirectionalvideosequence,
basedonestablishingandmaintainingmatchesbetweenim-
ageedgesandmodelsegments.Our systemmakesfew as-
sumptionsabouttheenvironmentotherthanthatit contains
prominentstraightline segments. Our solutionalgorithm
employedtwo phases,initializationandmaintenance,along
with prior visibility analysisto drasticallydecreaserunning
timeandincreasethescaleof environmentsthatcanbehan-
dledby themethod.Wedemonstratedthesystem,andeval-
uatedits performance,on a variety of long-duration,spa-
tially extended,visually clutteredimagesequences.
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