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Abstract

6DOF Pose tracking is useful in many contexts, e.g.,
in augmentedreality (AR) applications. In particular,
we seekto assistvisually impaired personsby provid-
ing themwith anauditoryinterfaceto their environment
through soni�cation. For this purpose, accurate head
tracking in mixedindoor/outdoorsettingsis thekey en-
ablingtechnology. Mostof thework to datehasconcen-
tratedon single-camera systemswith a relativelysmall
�eld of view, but thispresentsa fundamentallimit onthe
accuracy of such systems.We presenta multi-camera
posetracker that handlesan arbitrary con�guration of
cameras rigidly �xed to the object of interest. By us-
ing multiple cameras, we increaseboth the robustness
and the accuracy by which a 6-DOF poseis tracked.
However, in a multi-camera rig setting, earlier methods
for determiningtheunknownposefrom threeworld-to-
camera correspondencesare no longer applicable, as
they all assumea commoncenterof projection. In this
paper, we presenta RANSAC-basedmethodthat copes
with this limitation and handlesmulti-camera rigs. In
addition, we presentquantitativeresultsto serveas a
designguidefor full systemdeploymentsbasedonmulti-
camera rigs. Our formulationis completelygeneral, in
that it handlesanarbitrary, heterogeneouscollectionof
camerasin anyarbitrary con�guration.

1. Intr oduction
Posetrackingis usefulin augmentedreality (AR) appli-
cationswhereaccurateheadposeover time is required.
We are especiallyinterestedin wide-area,markerless
trackingusingcomputervision, which is well-suitedto
both indoor and outdoorenvironments. In particular,
we seekto assistvisually impaired personsby provid-
ing themwith anauditoryinterfaceto their environment
throughsoni�cation. For this purpose, accurate6DOF
headtracking is thekey enablingtechnology.

Most of thework to datehasconcentratedon single-
camerasystemswith arelatively small�eld of view. Us-
ing a singlecamerapresentsa fundamentallimit on the
accuracy of suchsystems,becausefeaturesareonly ob-

Figure1: PCB layout for the miniaturecamerarig we
havedesignedandaretestingnow. Theoctagonalboard
cansupportupto 4 CMOScameras(mountholescanbe
seenon everyotherside)andtheboardhasroomfor an
Xscaleprocessoranda Xilinx �eld-programmablegate
array(FPGA),whichwill handlethefeaturedetectionin
parallelfor all cameras.

served in a singleviewing direction. While wide-angle
lensesor mirror-basedsystemsare possiblesolutions,
thesesystemstypically suffer from low resolutionwhich
makesdetectingandtrackinglandmarksdif�cult.

Wepresentamulti-cameraposetracker thatcanhan-
dle an arbitrary con�guration of cameras rigidly �x ed
to theobjectof interest.By usingmultiple cameras,we
candetectandtracklandmarksin differentdirectionsat
high resolution,andhenceincreaseboth therobustness
andtheaccuracy by whicha6-DOFposecanbetracked.
However, sincethereis no longerasinglecenterof pro-
jection, traditional three-pointalgorithmsto determine
posefrom landmarkobservationsarenot applicable.To
remedythis, we developeda RANSAC-basedmethod



that handlesmulti-camerarigs using a fast non-linear
minimizationstepin eachRANSAC round. In this re-
spect,we addressthesameproblemasthealgebraicso-
lution methoddevelopedconcurrentlyby [20]. As asec-
ond contribution, we presentthe resultsof a thorough
quantitativeevaluationof themethodin arealisticmark-
erlesstrackingscenario,to serve asa designguidefor
full systemdeploymentsbasedonmulti-camerarigs.

1.1. RelatedWork
One of the fundamentaltasks in AR applicationsis
trackingpose,seefor example[14] or [3]. Klein and
Drummond[13] notethataugmentationresultsusingvi-
sion are generallymore accuratethan with other sen-
sors. Traditionally, vision-basedtrackers have relied
upon�ducial markers,but this is oftenundesirablefor a
numberof obviousreasons(cost,maintenance,accessi-
bility), andtherehasbeenamovetowardmarkerlessvi-
sionbasedtracking.Severaltypesof featureshavebeen
used,including line segments,groupingsof edges,re-
gions[23], andpoint-basedfeatures[23, 26, 24, 13].

Thevision communityrecentlynotedthesuperiority
of af�ne invariantfeaturesin objectrecognition,match-
ing,andindexing [22, 15, 18, 19, 6]. Thesefeaturespro-
vide robustnessagainstpartial occlusion,nearbyclut-
ter, illuminationandviewpointchanges,andobjectpose
variations.However, usingthesefeaturesinducesanon-
trivial computationalburden[24]. Wenotehowever, that
recentlyimpressive framerateshavebeendemonstrated
in vision using high end programmablehardware [1],
andwearein theprocessof developinganFPGA-based
solutionto quickly detectaf�ne invariantfeatures(Sec-
tion 3) whichshouldalleviatetheseconcerns.

Thekey computationalstepin vision-basedtracking
with asinglecamerais determiningtheposeof thecam-
erafrom asetof correspondencesbetween3D reference
pointsand their images. This is oneof the oldestand
most importantproblemsin computervision andpho-
togrammetry[21]. Fastclosed-formmethodsto accom-
plishthis(see[9, 21] for anoverview) aretypically used
within a randomsampleconsensus(RANSAC) scheme
[7] to rejectspuriouscorrespondencesproposedin apu-
tativematchingstep.Alternatively, recursiveestimation
methodssuchasextendedKalman�lters [4, 25] canbe
usedin conjunctionwith validationgates.

Theusefulnessof omni-directionalvideofor tracking
hasbeennotedin theroboticsliterature[16, 12]. Hence,
below weproposea trackingsystemconsistingof anar-
bitrary con�guration of camerasrigidly attachedto the
objectwhoseposeis of interest.[20] hasvery recently
presentedanalgebraicsolutionmethod,developedcon-
currentlyandindependentlyfrom us. Our approachis
arguablyslowerbut considerablysimplerto implement.

Figure2: Multi-camerarig example.

2. Multi-Camera PoseTracking
In a multi-camerarig setting, the minimal number
of correspondencesbetweenimagemeasurementsand
knownworld landmarksis still three,but thesethreecor-
respondencesno longer imply viewing directionsfrom
a commoncameracenter. To copewith this muchmore
dif�cult situation,we proposeto usea fast non-linear
minimizationstepin eachRANSAC round, that accu-
ratelymodelstheviewing geometry.

2.1. Multi-Camera Rig Geometry
We assumea measurementmodel whereby n previ-
ouslysurveyedlandmarksf Pj gn

j =1 , with Pj 2
� 3 , are

observed by a multi-camerarig consistingof m cam-
eras, as illustrated in Figure 2. This yields n mea-
surementsf (i j ; pj )gn

j =1 , eachconsistingof a camera
index i j 2 1::m and a 2D landmark image pj 2

� 2 . Also assumedknown is the calibrationof the rig

K R
�= f (K i ; Ri ; t i )gm

i =1 , with m the numberof cam-
eras. Hence,given the global pose(R; t) of the entire
rig in a givenreferenceframe,we obtainthe following
measurementequationsfor each3D to 2D correspon-
dence(P; i; p):

p = � i (K i ; Ri (R(P � t) � t i ) + n i

where

� P 0 �= R � (P � t) aretherig-centered3D coordi-
natesof thelandmarkP.

� P ( i ) �= Ri � (P 0 � t i ) arethecamera-centered3D
coordinatesof thelandmarkP in camerai .

� y �= �( K i ; P ( i ) ) is the ideal projection of the
camera-centeredpoint P ( i ) into 2D imagecoordi-



natesof camerai , accordingto intrinsiccalibration
parametersK i .

� n i is anadditive 2D noisevectorwhosedensityis
assumedknown in all cameras

� p = y+ n i is the�nal observed2D imagemeasure-
ment

The formulationabove is completelygeneralin that it
handlesheterogeneouscamerarigs with arbitrary rela-
tive poses.For example,it canmodela mix of standard
perspective cameraswith a centeredomni directional
catadioptriccamera.In theresultsbelow weconcentrate
on a setof identicalperspective camerassymmetrically
arrangedin aring. Theformulationaboveis still needed
in its full generality, however, to modelthedifferences
in calibrationandmountinginaccuraciesinevitable in a
real(low-cost)system.

For thecommoncaseof perspectivecameras,thecal-
ibrationparametersK i for eachrig consistof the5 usual
intrinsicparameters

K =

2

4
f x s u0

f y v0

1

3

5

andtheprojectionfunction� is givenby

�([ X ; Y; Z ]T ) = [f x x + sy + u0; f y y + v0]T

Radial distortion is easily incorporatedbut the details
areomittedhere,seee.g.[11].

2.2. Posefr om Known Corr espondences
Givena list of n correspondencesf (Pj ; i j ; pj )gn

j =1 , we
canoptimally estimatetherig pose(R; t) by maximum
aposteriori(MAP) estimation:

(R; t) � = argmax
R;t

8
<

:
P(R; t)

nY

j =1

P (Pj ; i j ; pj jR; t)

9
=

;

wherewe appliedBayeslaw andassumedconditional
independenceof all measurementspj giventherig pose.
Theprior P(R; t) canbederivedfrom theprevioustime
stepusingamotionmodel,usingstandardrecursiveesti-
mationmethods.Theabove is easilyextendedto incor-
porateratevariablesand/orothersensormodalities,as
hasbeenadequatelydescribedelsewhere[17]. Hence,
in thefollowing we will assumetheprior P(R; t) to be
of known form.

Given an initial estimate(R(0) ; t (0) ), e.g. the mean
of thepredictive densityP(R; t), we cannow optimize
for (R; t) usingstandardnon-linearminimizationtech-
niques. The above formulation supportsGaussianas

well asrobust,non-Gaussiannoisemodels.However, in
thecommoncaseof assumedGaussiannoise,weobtain
thefollowing non-linearminimizationproblem

(R; t) � = argmin
R;t

8
<

:
1
2

nX

j =1

J (Pj; i j ; pj ) � logP(R; t)

9
=

;

whereJ (Pj; i j ; pj ) is theobjectivefunctioncontribution
resultingfrom thej th correspondence,givenby

J (P; i; p) �= kp � � i (K i ; Ri (R(P � t) � t i )k2
� i

(1)

Herek� � xk2
� in (1) is the squaredMahalanobisdis-

tancefrom x to � andde�ned asbelow:

k� � xk2
�

�= (� � x)T � � 1(� � x)

Minimization is implemented using a standard
Levenberg-Marquardt non-linearoptimization scheme
in conjunctionwith a sparseQR solver. A crucial step
is the computationof the 2n � 6 JacobianH at every
iteration.H has2n rows,2 rowsfor eachmeasurement,
and6 columnsfor eachof the6 degreesof freedoms(3
translation,3 rotation). We handlerotationsin termsof
an incrementalEuler parameterizationaroundthe cur-
rentestimate.To computetheJacobianH , weuseanin-
houseautomaticdifferentiation(AD) framework. AD
is neithersymbolic nor numericaldifferentiation,and
calculatesthe Jacobianat any given value exactly, ef-
�ciently , andfreeof numericalinstabilities.See[8] for
moredetails.

2.3. Robust Outlier Rejection
In a trackingcontext, we thenuseRANSAC to obtaina
robustposeestimateusingthemachineryin Section2.2
asa subroutine.At eachstep,we assumethata number
of putative3D to 2D correspondencesf (Pj ; i j ; pj )gN

j =1
canbe obtained,with N � 3. In Section3 below we
presentoneway to do this,but any methodwill do. We
then useRANSAC [7] to obtain a set of inlier corre-
spondences.Brie�y , we randomlyselectminimal sets
of 3 correspondences,obtaintheMAP pose,andcheck
for supportamongtheotherinliers. We useanadaptive
thresholdversionof RANSAC to automaticallydeter-
mine the numberof RANSAC roundsneeded,seee.g.
Hartley andZisserman[11] for a thoroughexposition.
As a �nal step,thebasissetof correspondenceswith the
highestsupportis thenusedwith its inlier supportto re-
�ne theMAP poseestimate.

3. A CompleteSystem
3.1. Overview
We implementedamarkerlesstrackingsystembasedon
af�ne invariant features,popular in object recognition



Figure3: Thedatabaseof Featuresis constructedby �nding interestpointsandtheiraf�ne invariantdescriptorsin the
environment.Herewe show four imagesfrom theenvironment.Thebluecrossesdenotethe locationof the interest
point,andtheredellipsestheregionof thedescriptor

[22, 2, 18, 19, 6]. Weimplementedtherun-timepipeline
fromimagesto pose,butwerenotyetableto testthesys-
temin realenvironmentsasthehardwarecomponentis
still underdevelopment;the hardwarewill consistof a
head-mountedminiaturecamerarig currentlyunderde-
velopment(seeFigure 1). We are also developingan
FPGA-basedsolutionto detectaf�ne invariantfeatures
in realtime for up to 4 camerasin parallel.

As explainedabove, the systemestimatesposeby
�nding 2D to 3D pointcorrespondencesbetweentheim-
agescapturedfrom therig andsurvey featuresin theen-
vironment. RANSAC is thenusedto robustly estimate
thetrueposeof therig. To deploy or testthesystem,we
needa surveying phaseto createknown 3D landmarks,
afterwhichwe canrun thepose-trackingat run-time.

3.2. Landmark Surveying

In thesurveyingphasethesystemdetectsaf�ne invariant
featuresin theenvironmentandlogsthemin a database
alongwith their locations. The locationestimationfor
the featurescanbe donecompletelyautomaticallyus-
ing well-known structurefrom motionapproaches[11].
Af�ne invariantfeaturesarefoundusingthemethodout-
lined in [2]. We �rst �nd scale-spacefeaturesin theim-
agesby detectingHarris features[10] at a numberof
scales,ordering them accordingto their strengthand
picking the top n features. Next we calculatea de-
scriptorfor eachfeaturebasedon anaf�ne invariantre-
gion aroundit. To compressthe databaseand enable
fastercomparisonsbetweenfeatureswe performprinci-
pal componentanalysis(PCA) on thedescriptors,keep-
ing only the �rst 20 eigenvectors. Descriptorsare re-
ducedfrom 625bytesper featureto 80 bytes,reducing
thestoragecostandcomparisontime perfeature.

3.3. Run-time Tracking

In the trackingstepwe estimateat eachframethe ab-
soluteposeof the rig relative to the environment. We
�rst detectaf�ne invariantfeaturesin the imagesfrom
the rig, as outlined in Section3.2. Thesefeaturesare
thenprojectedinto theeigenspaceof thedatabase.Puta-
tivecorrespondencesareobtainedby �nding theclosest
featurein thedatabasefor eachimagefeature,rejecting
thosewith a largeerror. To estimatetheposeof therig
usingRANSAC we needinitial estimate,which canbe
calculatedin two ways: (a) if we know that theposeof
the rig is almostplanarthenwe canusethe quick lin-
earestimateoutlinedin [5]; (b) wecanalsousethepose
estimateobtainedat thepreviousframe.

4. Results

To demonstratethe quality of the proposedsystemwe
conductedextensiveexperimentsin asyntheticenviron-
mentusingreal humanmotion. The environmentcon-
sists of texture mappedplanes,see �gure 3. Af�ne
invariant featuresare detectedin all the textures and
their 3D locationsarederivedfrom thepositionsof the
planes.Notethatalthoughweuseonly planesin ourex-
perimentsfor easeof building thedatabase,our method
is not restrictedto themandcan in fact work on arbi-
trarily complex environments. In all experimentsthe
movementwasobtainedusingMotion Captureof real-
istic humanmotions.Datawascapturedat a rateof 120
framesper secondwith translationalunits of millime-
ters. The datawasconvertedinto headposesfor each
frameandscaleddown to �t thedimensionsof thesyn-
theticenvironment.Theposesat eachframewereused
to captureimagesfrom a syntheticrig in our environ-
ment,andestimatesof the posesweregeneratedfrom
theseimagesaccordingto the methodoutlined in sec-
tion 3. Theseestimateswere thenscaledup appropri-
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Figure4: RT: 515frames.Averagedeviationsfrom groundtruth for a varyingnumberof cameras.
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Figure5: I1: 800frames.Averagedeviationsfrom groundtruth for avaryingnumberof cameras.

ately to ensurethat all resultswerein millimeters. All
experimentsweredoneon an Intel Pentium4 machine
running at 2.80 GHz. Below we presentresultsfrom
four of thesequences:

1. RT: a small sequence(515 frames)in which the
subjectmakesaright turn.

2. I1: amediumsizedsequence(800frames)of asub-
ject looking aroundanenvironment

3. I2: a large sequence(1172 frames)of a subject
lookingaroundanenvironment

4. SS1:alargesequence(3386frames)with largemo-
tion andrelatively largeoutof planerotations.

4.1. different number of cameras
Tables1 to 4 show themeantranslationalandrotational
errors from the ground truth for eachof the four se-

# fps pan tilt roll x y z

1 19 0.20 0.11 0.22 13.6 15.1 20.5
2 12 0.02 0.05 0.03 4.03 4.36 2.43
4 11 0.02 0.02 0.02 2.61 2.31 1.80

Table 1: RT: 515 frames. Averagedeviations from
groundtruth for a varyingnumberof cameras.Thero-
tationalerrorsarein degreesandthetranslationalerrors
arein mm

quences.Errorsarecalculatedby summingtheabsolute
differenceof therealandestimatedposesat eachframe
anddividing by the total numberof frames.In Figures
4 to 8 we show thesetranslationalandrotationalerrors
graphically.

Theseresultsconvincingly demonstratethe advan-
tageof usinga multi-camerarig tracker over a single,
limited �eld of view camera.Both translationalandro-
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Figure6: I2:1172frames.Averagedeviationsfrom groundtruth for avaryingnumberof cameras.
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Figure7: SS1:3386frames.Averagedeviationsfrom groundtruth for a varyingnumberof cameras

# fps pan tilt roll x y z

1 14 0.21 0.21 0.16 1.78 1.30 1.88
2 13 0.03 0.04 0.04 0.36 0.40 0.22
4 12 0.03 0.02 0.02 0.26 0.31 0.14

Table2: I1: 800frames.Averagedeviationsfrom ground
truth for a varying numberof cameras.The rotational
errorsare in degreesandthe translationalerrorsare in
mm

tationalerrorsdecreasesubstantiallyas the numberof
camerasis increased,andthishappensconsistentlyover
all typesof of mocapsequences.

The averageerror for the SS1sequenceis dramat-
ically higher for the one-cameracase,which warrants
closerexamination. Therefore,in Figure9 (a) and(b)
wehaveplottedthetime-seriesof bothtranslationalong

# fps pan tilt roll x y z

1 8 0.57 0.41 0.31 2.83 2.15 2.10
2 9 0.05 0.05 0.04 0.26 0.30 0.14
4 9 0.03 0.02 0.02 0.22 0.26 0.12

Table 3: I2:1172 frames. Averagedeviations from
groundtruth for a varyingnumberof cameras.Thero-
tationalerrorsarein degreesandthetranslationalerrors
arein mm

theX-axis andthe tilt, for 1 cameraand4 cameras,re-
spectively. Fromthe�gures onecanseethat,especially
whenthe tilt angleswerelarge,a considerablenumber
of catastrophicfailuresoccurred.Our hypothesisis that
in the one cameracase,when the subjectlooks up or
down the numberof correctputative correspondences
falls below three,but we have not yet beenableto very
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Figure8: SS1:3386frames.Averagedeviationsfrom groundtruth for a varyingnumberof frames
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Figure9: Timeseriesfor SS1showing therealandestimatedtranslationsalongx andrealandestimatedtilt.

verify that. Theproblemdisappearsfor 2 or 4 cameras
asthey areableto acquirea large numberof correctly
matchedfeatures.

4.2. Varying frame rates

# fps pan tilt roll x y z
1 4 2.58 6.70 1.61 266.8 604.4 115.0
2 6 0.05 0.07 0.06 4.73 4.55 2.63
4 8 0.04 0.04 0.03 2.75 2.45 1.52

Table 4: SS1:3386frames. Averagedeviations from
groundtruth for a varyingnumberof cameras.Thero-
tationalerrorsarein degreesandthetranslationalerrors
arein mm

To demonstratethe robustnessof the proposedsys-
tem to errors in the initial estimatewe conductedex-
perimentswith differentframerates.In table5 and�g-
ure8 we show the resultsobtainedby changingthe in-
put framerate.To generatesequenceswith lower frame
rateswe sampledthe 120 framesper secondsequence
atappropriateintervals.Thesedown sampledsequences
were then usedin tracking and errorswere calculated
in a similar mannerto section4.1. The resultsshow
that for frameratesaslow as5 framesa secondwe get
verygoodquality resultsfor bothtranslationalandrota-
tional posevariableseven thoughthe initial estimateis
of muchlowerquality thanat 120fps.



Fps pan tilt roll x y z

120 0.031 0.024 0.022 0.223 0.255 0.117
60 0.031 0.024 0.022 0.226 0.256 0.110
40 0.031 0.023 0.024 0.227 0.258 0.119
30 0.032 0.025 0.023 0.228 0.254 0.108
20 0.030 0.024 0.024 0.226 0.262 0.115
15 0.032 0.025 0.023 0.228 0.265 0.116
12 0.032 0.024 0.022 0.221 0.220 0.111
10 0.031 0.024 0.025 0.224 0.253 0.110
8 0.030 0.026 0.024 0.214 0.208 0.113
5 0.028 0.022 0.027 0.219 0.256 0.126

Table 5: SS1:3386frames. Averagedeviations from
groundtruth for varyingframerates.Therotationaler-
rorsarein degreesandthetranslationalerrorsarein mm

5. Discussion
We introduceda posetrackingmethodthatcanbeused
with arbitrary multi-cameracon�gurations, in either
�ducial or markerlesstrackingsettings. In the context
of themarkerlesstrackingsystemwe developed,it has
thepotentialto outperformsingle-camerasystemsby a
wide margin. We testedthe systemin softwareon re-
alistic imagesequences,using motion capturedatato
guaranteerealisticmotion.

Clearly, thecompletesystemnow hasto bevalidated
in real-timeon real imagesequencesrather than syn-
thetic ones. To that end, we are developinga FPGA-
basedminiaturecamerarig thatwill beableto perform
thedetectionof af�ne invariantfeaturesin realtime, for
multiplecamerasin parallel.
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