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Abstract
We describea linear-timealgorithmthat recovers abso-

lute camera positionsfor networksof thousandsof terres-
trial imagesspanninghundredsof meters,in outdoorurban
scenes,underuncontrolledlighting. Thealgorithmrequires
no humaninput or interaction. For real data, it recovers
camera poseglobally consistenton average to roughly�ve
centimeters,or aboutfour pixelsof epipolaralignment.

This paper's principal contributions include an exten-
sionof Markov chainMonteCarlo estimationtechniquesto
thecaseof unknownnumbersof featurepoints,unknownoc-
clusionanddeocclusion,large scale(thousandsof images,
andhundredsof thousandsof point features),andlarge di-
mensionalextent (tensof meters of inter-camera baseline,
andhundredsof metersof baselineoverall). Also,a princi-
pledmethodis givento manageuncertaintyonthesphere; a
new useof theHoughtransformis proposed;anda method
for aggregating local baselineconstraints into a globally
consistentposesetis described.

1. Intr oduction
Extrinsically calibratedimageryis of fundamentalinterest
in a variety of computervision andgraphicsapplications,
includingsensorfusion,3-D reconstructionfor modelcap-
ture, and image-basedrendering. In practice,registering
imagerycan requiresubstantialmanualeffort—for exam-
ple,matchingcommonpointsacrossmultiple images.

We have developedtwo cameraregistrationalgorithms
aspartof asystemfor automatedmodelcapturein extended
urbanenvironments[25, 12]. In our system,a humanoper-
ator movesa sensor[7] to many viewing positionsin and
aroundthe sceneof interest. The sensoracquiresimages
annotatedwith a roughestimateof the acquiringcamera's
positionandorientationin absolute(Earth)coordinates.

Imagesaregroupedby optical centerinto single,wide-
FOV mosaicscalled “nodes” [12]. Each node is subse-
quentlytreatedasarigid, super-hemisphericalimagewith a
singlepose.Thesensor's initial poseestimatesareaccurate
only to severalmetersandseveraldegrees;thus,onecritical
componentof our systemis the re�nement of theseesti-
matesto bring all camerasinto pixel-accurateregistration.
Thescaleof thedatasetrulesout interactive techniques,so

poserecovery mustbe fully automated.Solving the gen-
eral registrationproblemrequiresdeterminationof six pa-
rametersfor eachcamera—threeof rotation, and threeof
position.Our approachdecouplesthe6-DOFprobleminto
purerotation(3-DOF) andpuretranslation(3-DOF) com-
ponents.This paperassumesrotationallyregisteredimages
asinputs[3], andaddressesonly positionrecovery.

We make useof a numberof existing techniquesfrom
computervision andestimationtheory, including: the use
of gradient-basedfeaturesfor robustnessagainstlighting
variationsand strongperspective; probabilistic inference;
theHoughtransform,for robustandef�cient initialization;
Markov chain Monte Carlo (MCMC) for samplinghigh-
dimensionalspaces;and expectationmaximization(EM)
methods,for solutionof coupledclassi�cationandestima-
tion problems.

1.1. Algorithm Overview
The goal of our algorithm is to accuratelyregister every
camera(node)to asingle,commoncoordinatesystem.Our
approachexploits thefactthatadjacent(nearby)nodestend
to observe overlappingscenestructure,namelypoint fea-
tures. The algorithm �rst detectssharedstructureacross
pairsof adjacentnodes,estimatinga local displacementre-
latingeachpair. Theselocalconstraintsarethenpropagated
throughoutthe nodegraphto assigna globally consistent
positionto eachnode.

1.2. Input Requirementsand Assumptions
Ouralgorithmrequiresthefollowing inputs:

� Intrinsic calibration. Radialdistortionhasbeencor-
rected,andpinhole cameraparameters(focal length,
principalpoint,skew) aresupplied.

� Accurateextrinsic orientations.Scene-relativeorien-
tationsandvanishingpoint directionsaresuppliedfor
eachnode[3].

� Roughcameralocations.Absolute(GPS-based)posi-
tion estimatesfor eachnodearesupplied.

� Cameraadjacency. A list of the neighborsof each
nodeis supplied.

� Point features.Sub-pixel point features,producedby
intersectingpairsof imagelines,aresuppliedfor each
image.



1.3. Paper Overview
Thepaperisstructuredasfollows.Section2 reviewsprojec-
tive featurerepresentationsandgeometricprobability. Sec-
tion 3 describesthe positionrecovery algorithm,andSec-
tion 4 reportsexperimentalresults. Section5 reviews re-
latedwork,andSection6 summarizesourcontributionsand
results.

2. Preliminaries
A rigid transformation,consistingof a3-D translationt and
orthonormalrotationR , expressespointspw in world space
aspointspc in cameraspace.Formally,

pc = R > (pw � t ); pw = Rp c + t :

Our algorithm assumesthat all rotation matricesR are
known, andrecoversa Gaussiandistribution on t for each
camera.

2.1. ProjectivePoints
Imagepointscanberepresentedasplanarcoordinatepairs
(u; v); however, becausethe �eld of view in our imagesis
large, we representpoint featuresuniformly as projective
rays,or unit vectorson

� 2, theGaussiansphere.

2.2. Bingham's Distrib ution
Featuresviewed by a singlecameraareinherentlyprojec-
tive,sinceno depthinformationis available,andnoisy;we
wish to representsuchfeaturesappropriately. Exponential
distributions are useful for many inferencetasks,but the
commonlyusedGaussiandensityis a Euclideanprobabil-
ity measureunsuitablefor projective variables.We repre-
sentprojectiveimagefeatures(pointsandlines)on

� 2 using
Bingham's distribution [6], a zero-meanGaussianvariable
x 2 R 3 conditionedonkx k = 1.

This distribution is parameterizedby a symmetric3 � 3
matrix M , analogousto the informationmatrix of a zero-
meanGaussiandistribution,thatencodesafeature's“orien-
tation” (i.e. rayandline directions)and“shape”(i.e. feature
typeanddegreeof uncertainty):

p(x ) = cexp(x > M x )

wherec is a normalizingcoef�cient that dependsonly on
theshapeparameters.

3. Position Recovery Algorithm
Figure 1 depicts the position recovery algorithm. First,
translationdirection(baseline) estimatesareinitialized for
all node adjacenciesusing a Hough transform. An EM
techniquere�nes the baselineby averagingover all possi-
blepoint featurecorrespondencesets.Onceabaselineesti-
matehasbeenfoundfor eachadjacency, a globaloptimiza-
tion step�nds thecamerapositionsmostconsistentwith the
baselines.Finally, a rigid 3-D to 3-D registrationalignsthe
nodesetto theraw (initial) poseestimates.
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Figure 1: Position Recovery Overview

3.1. Two-CameraTranslation Geometry
Given rotationally registeredcamerasA and B, and re-
spective point featuresetsX = f x 1; : : : ; x N g andY =
f y1; : : : ; y M g, we wish to determinethedirectionof mo-
tion b from A to B mostconsistentwith theavailabledata.

3.1.1. Epipolar GeometryUnder Known Orientation
An epipolarplaneP containstwo cameracentersanda3-D
point seenby both cameras.Projectionsof the 3-D point
ontoeachof the images,x andy respectively, mustthere-
forealsolie in P (Figure2).
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Figure 2: Epipolar Geometr y
(a) A single 3-D point lies in an epipolar plane containing the
baseline and any projective observations of the point. (b) The
epipolar planes induced by a set of 3-D points forms a pencil
coincident with the baseline. The normals of these planes
thus lie on a great circle orthogonal to the baseline direction.

For rotationallyregisteredcameras,it holdsthat

(x � y ) � b = 0: (1)

De�ne m ij � x i � y j . For the correctpairsof i and
j —thatis, for those(i; j ) coupletsin whichfeaturex i truly
matchesfeaturey j —theconstraint(1)becomesm ij �b = 0.
If them ij areviewedasprojective epipolarlines,thenthe
baselineb canbeviewedasaprojectivefocusof expansion,
andits antipodethe focusof contraction, the intersections
of all epipolarlinesarisingfrom truematches.

3.1.2. GeometricConstraints on Corr espondence
The correspondenceand baselineare both initially un-
known,severelyunder-constrainingtheaboveconstruction.
For imageswith M andN features,thereareM N possible
individual featurematches,andO((M N )!) possiblecorre-
spondencesets,making the searchspaceenormous. Its
dimensioncanbe reducedby eliminatingcandidatecorre-
spondences(Figures3 and4).

The 3-D line directionsand2-D line classi�cationsob-
tainedfrom rotationalposerecoveryprovidestrongcuesfor
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Figure 3: Line Constraints
Two images, and possible matches for a point feature A in
the �rst image. Point B is the true match; C and D are also
plausible because they are formed by lines whose directions
match those of the lines forming A. Point E is rejected, since
its line directions do not match those of A .
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Figure 4: Direction Constraints
(a) Baseline uncertainty induces an equatorial band of uncer-
tainty for epipolar lines. The match between features � and

� is plausible because it implies motion in the correct direc-
tion. (b) The match between � and �

1 is rejected because
it implies backward motion; the match with �

2 is rejected be-
cause its epipolar line does not lie in the uncertainty band.

featureculling and point correspondencerejection. Each
candidatecorrespondenceis discardedunless:

� Directions(VPs)of constituentlinesmatch.
� Epipolarline fallswithin uncertaintybound.
� Inferreddepthof 3-D point falls in reasonablerange.

3.2. Estimation of Translation Dir ection
If truecorrespondencebetweenthefeaturesetsX andY is
known, thenin theabsenceof measurementnoise,a setof
constraints(1) canbeusedto estimateb by minimizing the
objectivefunction

E =
X

( i;j )2F

(m ij � b)2:

Here,F is thesetof F pairings(i; j ) thatrepresentthetrue
matches.The optimal b is theeigenvectorassociatedwith
theminimumeigenvalueof thematrix

A =
X

( i;j )2F

m ij m >
ij :

In reality, everypoint featureis anoisyobservationaris-
ing from the intersectionof two noisy image lines, each
representedby a Binghamvariable. The Binghamuncer-
tainty of the intersectioncanbe determinedby fusing the
two lines.Similarly, correspondencebetweenpointfeatures
x i andy j inducesanuncertainepipolarline m ij . Estima-
tion of the baselinemust thereforeincorporatethe uncer-
taintyof them ij , andproducea distributiononb.

3.2.1. BaselineInfer encefr om NoisyData
The BinghamparametersM � of the baselinedistribution
canbeinferredby projective fusionas

M � =
X

( i;j )2F

M ij + M 0

whereM ij representsthe uncertaintyof the epipolarline
m ij , M 0 is theprior distributiononb, andthesumis taken
only over indicesassociatedwith true matches. Equiva-
lently, inferencecanbeperformedby associatinga binary-
valuedvariablebij with everypossiblecorrespondence:

bij =
�

1; if x i matchesy j
0; otherwise.

TheBinghamparametersof b arethendeterminedby

M � =
MX

i =1

NX

j =1

bij M ij + M 0;

wheresummationoccursovereverypossible(i; j ) pairing.
Due to featurenoiseandocclusion,explicit correspon-

dencecannotalwaysbedetermined.Thus,we employ con-
tinuousvariableswij 2 [0; 1] to representthe likelihood,
or probability, that featurex i matchesfeaturey j . In this
weightedformulation,inferenceof b becomes

M � =
MX

i =1

NX

j =1

wij M ij + M 0:

Thebij representthedeterministiclimit of thewij .

3.2.2. FeatureMatch Weights
A featureobservedin oneimagehasatmostonetruematch
in theotherimage.A truematchexistsonly if theobserva-
tion correspondsto areal3-D point,andif its counterpartin
theotherimageis visibleanddetected.Formally, we write

NX

k=0

bik =
MX

k=0

bk j = 1
i 2 [1; M ]
j 2 [1; N ]

;

wherebi 0 and b0j are binary slack variables[10], taking
valueoneif x i (resp.,y j ) matchesno feature,andzerooth-
erwise.In theprobabilisticcase,we write analogously

NX

k=0

wik =
MX

k=0

wk j = 1
i 2 [1; M ]
j 2 [1; N ]

: (2)

This conditionenforcesa symmetric(two-way) constraint
over all correspondences:eachfeaturein eitherimagecan
matcha set of possiblefeaturesin the other imagewith
someprobability. The weightscanbe representedby an
(M + 1) � (N + 1) matrix W (or B , in thebinarycase),
whoserows representthe featuresX , whosecolumnsrep-
resentthe featuresY, andwhoseindividual entriesarethe
matchweights(Figure5). The conditionin (2) statesthat
the weight matrix be doublystochastic[23], i.e. that both
its rowsandits columnssumto one.
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Figure 5: Match Matrix
The match matrix encodes pairwise feature correspondences.
(a) A binary match matrix. (b) The matrix augmented with
slack variables.

3.2.3. Initialization: Obtaining a Prior Distrib ution

Motion direction and correspondenceare tightly coupled
and under-constrained.However, we can useinitial pose
andmatchconstraintsto approximateb withoutexplicit cor-
respondence.

Let M representthesetof all plausiblecorrespondences
(epipolarlines)betweenX andY, andlet thesubsetM 0 �
M containonly the F true matches.If all lines in M are
drawn on

� 2 (Figure 6), thosein M 0 (in the absenceof
noise)will intersectat themotiondirectionb. Theremain-
der, representingfalsematches,will intersectat uncorre-
latedlocations.Thepoint of maximumincidenceon

� 2 is
the most likely direction of motion; this point can be lo-
catedby discretizing

� 2 and accumulatingall (weighted)
candidateepipolarlinesM in aHoughtransform.

Figure 6: Hough Transf orm for Baseline Estimation
Two examples of Hough transforms for baseline estimation.
Epipolar lines for all plausible matches are accumulated; the
transform peak represents the baseline direction.

BecausethereareM N possiblematchesandonly F (at
mostmin(M ; N )) truematches,thetruebaselinepeakmay
be obscuredby spuriouspeaks.For example,a point fea-
turelying closeto themotiondirectioncanplausiblymatch
many featuresin theotherimage(Figure7). Enforcing(2)
throughiterative normalization[23] dramaticallyimproves
thecoherenceof thetruemotiondirection.

AlthoughthediscreteHoughtransformhaslimited accu-
racy, theresultingmotiondirectionestimateb0 canbeused
asa strongprior (with parametersM 0 in the notationof
Section3.2) for subsequentinference.

3.3. Monte Carlo ExpectationMaximization
This sectiondescribesre�nement of the baselineestimate
solelyfrom observedpoint features,withoutexplicit corre-
spondence,by employmentof an EM algorithmin which
theposteriordistribution is discretelysampled.Usingmax-
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Figure 7: False Hough Transf orm Peaks
(a) False peaks in the Hough transform can be caused by
features too close to the direction of motion, which have
many matches. (b) An example. (c) The same example af-
ter Sinkhorn normalization.

imumlikelihoodnotation,

b� = argmax
�

[p(bjM )]

Bayes'ruleyields

p(bjM ) =
X

�

p(b; B jM )

=
X

�

p(bjB ; M )p(B jM )

where B is a valid binary correspondencematrix, and
p(B jM ) is theprior distributiononthecorrespondenceset.
This prior can be uniform, or can incorporategeometric
matchconstraintslike thosein Section3.1.2.

3.3.1. Structur e fr om Motion without Corr espondence
An optimal estimatefor b can be found by maximizing
p(bjM ), treatingcorrespondencesetsasnuisanceparame-
tersin a Bayesianformulation,andevaluatingoverall pos-
sible matricesB [14]. We usean EM algorithm,alternat-
ing betweenan M-step,in which a log likelihoodfunction
is maximizedto estimateb givena distribution on B , and
an E-step,in which this distribution is estimatedgiven the
currentbaseline.Convergenceontheglobaloptimumis vir-
tually guaranteedby theHoughtransforminitialization.

We relatecontinuousto binary weightsby de�ning wij

as the marginal probability of matchbij regardlessof the
othermatches;thatis,

wij � p(bij = 1jb; M ) =
X

�

� (i; j )p(B jb; M );

Thenext sectionsdescribea methodfor ef�ciently evaluat-
ing thewij by MonteCarlosampling.

3.3.2. Sampling the Posterior Distrib ution
In theMCMC formulation,eachpossiblebinarymatchma-
trix B representsa distinct state; randomtransitionsbe-
tween statesoccur accordingto the Metropolis criterion
[21] until steadystateis reached.Whenthetransitionlike-
lihoodsareappropriatelychosen,thesteady-stateprobabil-
ities representthe distribution on correspondencematrices



B . In practice,all visited B k (wherek is a transitionin-
dex) areaveragedto obtaina weight matrix W , which by
constructionmeetsthecriteriaof (2).

TheMCMC algorithmrequiresa valid startingstateand
random state perturbationsthat satisfy detailed balance,
meaningthateveryvalid stateis reachablefrom everyother
valid state.Suitableperturbationsmustthusbede�ned.
3.3.3. Match Perturbations
Dellaert's method[14] treatsthecasein which all features
arevisible in all images,andthusonly allows swappertur-
bations:B k+1 is identicalto B k exceptfor asinglerow (or,
equivalently, column) swap. Sincesimple swappingpre-
servesthenumberof matches,stateswith greateror fewer
matchesthanthecurrentstatearenever reached.

(a) (b)

Figure 8: Row and Column Swaps
(a) Two rows of the match matrix, including outliers, are inter-
changed. (b) Two columns are interchanged.

We generalizeDellaert's technique,in the two-camera
case,to handlean unknown numberof visible 3-D fea-
tures,andalsoto handleoutliersandocclusion,by utilizing
slack variablesand by addingtwo complementaryopera-
tions (Figure 9). The split perturbationconvertsa match
into two unmatchedfeatures;the merge perturbationjoins
two unmatchedfeaturesinto onematch.

(a) (b)

Figure 9: Split and Merge Perturbations
(a) A valid match is split into two outliers, reducing the number
of matches by one. (b) Two outliers are merged into a match,
increasing the number of matches by one.

3.4. Multi-Camera Method
The baselineestimationmethodrecovers cameramotion
only up to anunknown scalefactorfor eachbaseline.This
sectiondescribesa methodfor assemblingthe pair-wise
baselinedirectionsandrecoveringa globallyconsistentpo-
sition for eachnode.

3.4.1. BaselineConstraints
Only thedirections(not distances)betweenadjacentnodes
androughinitial camerapositionsareknown. We employ
an iterative algorithmthatupdateseachnode's positionp i
usingconstraintsimposedby its associatedbaselines.

At eachiteration,thelist of all nodesis traversedin ran-
domorder. For agivennodei , asetof constraintsis assem-
bledby constructingraysoriginatingatthecurrentpositions
pj of its neighbornodesandemanatingin thedirectionof
theestimatedbaselinesbj i (Figure10). Thenew positionp0

i
for nodei is chosento minimize themean-squaredistance
to eachbaselineray. In theabsenceof baselineuncertainty,
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Figure 10: Single Node Baseline Constraints
A node's position is constrained by adjacent positions and
baselines.

p0
i canbedeterminedaccordingto

p0
i =

� X

j
(I � bj i b

>
j i )

� � 1 � X

j
(I � bj i b

>
j i )p j

�
: (3)

Uncertaintyin baselinedirectionscan be incorporatedby
replacingbj i b

>
j i in (3) with the second-momentmatrix of

the baseline's Binghamdensity. Uncertaintyin p0
i , in the

form of a 3 � 3 Euclideancovariancematrix, is approxi-
matedby theinversematrix in (3).

3.4.2. Metric Registration
A �nal registrationphase�nds the optimal rigid transla-
tion, rotation,and isotropicscaling[18] that align the re-
�ned nodepositionsto the initial (Earth-relative) nodepo-
sitions(Figure11). This phasealsotransformseachnode's
uncertaintyestimatesinto metric Earthcoordinatesso that
end-to-endcon�dencescanbeassessed.

(a) (b) (c) (d)

Figure 11: Metric Registration Process
(a) The original con�gur ation is shifted so that the two cen-
troids coincide. (b) Rays from the centroid to each camera
are rotationally aligned. (c) The optimal scale is computed
and applied. (d) The �nal con�gur ation.

3.5. Asymptotic Running Time
Thenumberof adjacenciesin thenodegraphis linearin the
numberof nodesn, sinceeverynodehasatmostaconstant
numberof neighbors.Thealgorithm'spairwisebaselinees-
timationstagerequiresO(f 2) time peradjacency, wheref
is themaximumnumberof point featuresin thetwo nodes
involved; in practicewe boundf by a constant.Thusthe
pairwisestagerequiresO(n) time.

The global algorithmof Section3.4.1 runs for at most
a constantnumberof iterations. At eachiteration,n new



nodepositionsarecomputed,eachin O(1) time. The�nal
metric alignmentruns in O(n) time; thus, the end-to-end
algorithmrequiresO(n) time.

3.6. Limitations
Thealgorithmhasseveral limitations. It requirespoint fea-
tures.It reliesonpairwisebaselineestimates,somaybeun-
stablefor degenerateinputcon�gurations,or incorrectnode
adjacencies.Thealgorithm'sassumptionthatnearbynodes
arelikely to haveobservedoverlappingscenestructuremay
befaulty, for examplewhentwo nodeslie onoppositesides
of a thin structure.

4. Experiments
We implementedthe position registration algorithm in
roughly5,000linesof C++ code,andinstrumentedits per-
formanceon a 250MHz SGI O2 with 1.5 GB of memory.
We reportthefollowing quantitiesfor eachdataset:

� Datasize.Thenumberof omni-directionalnodes,con-
stituent rectangularimages,detectedpoint features,
andadjacentnodepairs,aswell astheaveragedistance
betweenadjacentnodes.

� Computationtime. Averageand total running times
for eachstage,excluding�le I/O.

� Positionaloffsets. Thedifferencebetweeneachnode's
initial andre�ned position,which enablesusto assess
thealgorithm'srobustnessagainstpoorinitial pose.

� End-to-End position error. Uncertainty estimates
for the re�ned nodepositionsusing 99% con�dence
boundsof therecoveredGaussiandensities.

� Featureconsistency. We assessedend-to-endfeature
consistency by thresholding(at 80%) each MCEM
weightmatrix to a binarymatchmatrix. For eachsur-
vivingmatch,wecomputethe3-D distance(in cm)be-
tweenraysextrudedfrom eachnodethroughthepoint
feature,andthe2-D distance(in pixels)betweeneach
point featureandits epipolarline in theothernode.

4.1. TechSquare Data Set
TheTechnologySquaredatasetconsistsof 75 nodesspan-
ninganareaof roughly285by 375meters(Figure12). For
this dataset,our algorithmcorrectedinitial positionerrors
of nearlysevenmeters,producingposeconsistenton aver-
ageto 5:6 cm of positionand1:22 pixels. The maximum
poseerror for any nodewas11:0 cm of positionand5:71
pixels.Total CPUtimewasjust underthreehours.

4.2. Comparison to Manual Solution
A manuallygeneratedposesolutionwasavailablefor this
dataset[12], enablingcomparisonto our automatictech-
nique. Identifying � ve or more correspondencesby hand
for eachof roughly200adjacenciesrequiressigni�cant hu-
man effort; thus the studentoperatoromitted many point
matches,producinga convergent,but not over-determined,

Figure 12: Tech Square Node Con�guration
Node positions and adjacencies for the Tech Square data set.
The average baseline was 30:88 meters.

DataType PerImage PerNode Total

Nodes — — 75
Images — 48 3899
Points 227 10,958 887,598

NodeAdj — — 189

PerPair Total

BaselineHough 8.1s 25m 31s
BaselineMCEM 45.3s 2 h 23m

GlobalOpt — 0 m 53s

Total 53.4s 2 h 49m

Table 1: Tech Square Data Size, CPU Times by Stage

Avg Max

PositionDiff 0.70m 6.70m
PositionBound 5.6cm 11.0cm

Avg Max Std.Dev.

3-D RayError 9.6cm 12.4cm 3.3cm
2-D Epi Error 1.22pix 5.71pix 2.33pix

Table 2: Tech Square Consistenc y

constraintset. Figure13 comparesepipolargeometryfor
manualandautomatedposerecovery.

Manual Automatic

Figure 13: Tech Square Comparison I
A point feature in one image and its epipolar line in another
image, as computed using pose generated by manual corre-
spondence (bottom middle) vs. our automatic method (bottom
right). Note the error in the manual solution, due to insuf�cient
match constraints.

Figure14comparesepipolargeometryfor acornerfrom
a repeatingseriesof windows obscuredby foliage. The



manualsolutionhaspoor epipolargeometry, sincethe hu-
manuserdid not enterthis particularmatchconstraint. It
is plainly impossibleto matchthesewindow cornersgiven
only this pair of images, dueto thecamera's limited FOV;
evengivenomni-directionalimages,humanoperators�nd it
dif�cult or impossibleto matchwindow cornersdueto the
severeclutter obscuringmost individual views. Our algo-
rithm succeedswherethehumanfails by combiningmany
omni-directionalobservationsof many point features.

Manual Automatic

Figure 14: Tech Square Comparison II
A feature whose match is dif�cult for a human operator to
identify. Epipolar geometry is shown for manual (bottom mid-
dle) and automated (bottom right) pose solutions. Note the
error in the manual solution.

4.3. AmesCourt Data Set
TheAmesCourtdatasetspansanareaof 315by 380me-
ters;theaverageadjacency baselinewas23:53meters.Ini-
tial posewascorrectedby over six meters,achieving aver-
ageconsistency of 5:7 cm and3:88 pixels. The maximum
poseinconsistency was8:8 cm and5:02 pixels. Total CPU
timewasjust underfour hours.

4.4. Bene�t of Omni-Dir ectional Imagery
There is substantialtheoreticalevidence that wide-FOV
(i.e., omni-directional) images are fundamentally more

PerImage PerNode Total

Nodes — — 100
Images — 20 2,000
Points 257 4, 132 413,254

NodeAdj — — 232

PerPair Total

BaselineHough 7.8s 30m 10s
BaselineMCEM 52.6s 3 h 24m

GlobalOpt — 1 m 04s

Total 60.4s 3 h 55m

Table 3: Ames Cour t Data Size, CPU Times by Stage

Avg Max

PositionDiff 3.53m 6.18m
PositionBound 5.7cm 8.8cm

Avg Max Std.Dev.

3-D RayError 14.9cm 20.2cm 5.6cm
2-D Epi Error 3.88pix 5.02pix 2.10pix

Table 4: Ames Cour t Consistenc y

Figure 15: Ames Cour t Epipolar Geometr y
Point features and corresponding epipolar lines for a typical
node pair in the Ames Court set.

powerful thannarrow-FOV (i.e.,planar)images(e.g.[15]).
Here, we show some empirical evidence using position
(baseline)recovery. We examinedthe Hough transform,
and resultingbaselinedirection estimate,for a nodepair
asa function of the FOV. Transformvaluesareplotted in
Figure16. The sharpnessof thepeak,andtheconsistency
of the resultingbaselineestimate,increaseswith �eld of
view. Moreover, we observedthatnarrow-FOV imagesdo
notprovidesuf�cient featureoverlapfor convergencein any
of ourdatasets.

1% 10%

25% 50%

Figure 16: Hough Transf orm Peak Coherence
The dependence of baseline Hough transform peak coher-
ence on FOV. The transform is shown for increasing percent-
ages of sphere coverage.

5. RelatedWork
Interactive tools have been used for bundle adjustment
[13, 22], but do not scaleto our problemsize.Algorithmic
approachesrecover relative posethroughtheuseof known
targets[28], or by tracking targetsfrom a moving camera
[20, 16, 4]. Thesemethodsaresensitive to imagenoise,il-
luminationvariations,andstrongperspective or occlusion
due to extendedbaselines.Feature[24] and texture [19]
trackers�nd correspondencesonly for shortbaselinesand
sequences.

Many robustalgorithmsattemptto discardoutliers[16,
27, 1, 8], but do not samplefrom thespaceof featuresets
in a principledway or accountfor matchambiguitiesand
featurenoise. Several authorshave formulatedcorrespon-
denceprobabilistically[9, 14, 26, 5], but have not demon-
stratedtheir methodsfor large numbersof featuresor ex-
tendedcameramotions.Correspondence-freeposeestima-
tion techniques[17] havenotbeendemonstratedfor scenes
with signi�cant occlusionor lighting variation.

Measurementuncertaintyhastypically beentreatedwith
additiveGaussiannoise[29], but sphericaldistributionsare



moreappropriate[11]. Finally, someauthorshaveproposed
EM algorithmsfor coupledSFM (e.g. [9]), but nonehave
provideda principledtreatmentof measurementnoiseand
matchingambiguity. Recently, a probababilisticEM for-
mulationhasbeenproposedwhichhandlesmultiple images
andmatchambiguity[14], but onlywhenthenumberof 3-D
featuresis known, andall featuresarevisible in all images.

6. Contributions and Conclusions
This papermakesseveral contributions. First, we propose
the use of a priori absoluteposition estimates. Second,
we presentevidencethatwide-FOV (omni-directional)im-
agesaremorepowerful observationsthanconventionalim-
ages.Third, we extendexisting probabilisticfeaturecorre-
spondencemethodsto correctly incorporateprojective un-
certainty, andto handleunknown numbersof features,oc-
clusion,deocclusion,andoutliers(elsewhere[2] we show
thattheresultingalgorithmis robustagainstup to 80%out-
liers). Fourth,wecombineHoughtransformandprobabilis-
tic techniquesto addressthe limitations of both methods.
Fifth, wedemonstratehow to aggregateuncertainpair-wise
baselineconstraintsto producegloballyconsistentnodepo-
sitionestimates.

Wealsoassessedend-to-enderrorof the6-DOFposere-
coverysystem.To ourknowledge,theresultingdatasetsare
thelargestregisteredterrestrialimagedatasetsin existence,
regardlessof whethermanualorautomatedcalibrationalgo-
rithmsareused.Producingequivalentdatasetsusingman-
ualphotogrammetricbundle-adjustmentwouldrequirepro-
hibitivehumaneffort.

Oneadvantageof workingatthisscalingregimeis thatof
overconstraintanddataredundancy. We emphasizethatthe
imagedatasetsregisteredwith our algorithmwereacquired
outdoors,overwidebaselines,underuncontrolledandvary-
ing lighting conditions,and in the presenceof signi�cant
occlusionandvisualclutter. Thealgorithmsdescribedhere
andin [3] representa new end-to-endcapability for auto-
mated,absoluteregistrationof terrestrialimages.
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