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Abstract

In this paper we presentan approach that leverages
prior informationfrom global positioningsystemsand in-
ertial measurementunits to speedupstructure frommotion
computation.We proposea view selectionstrategy that ad-
vancesvocabulary treebasedcoarsematchingbyalsocon-
sidering the geometriccon�guration betweenweaklyori-
entedimages. Furthermore, we introducea fast and scal-
ablereconstructionapproach that relieson global rotation
registration and robust bundleadjustment. Realworld ex-
perimentsare performedusing data acquired bya micro
aerial vehicleattached with GPS/INSsensors. Our pro-
posedalgorithm achievesorientationresultsthat are sub-
pixelaccurateandtheprecisionison aparwith resultsfrom
incrementalstructure from motionapproaches. Moreover,
the methodis scalableand computationallymore ef�cient
thanpreviousapproaches.

1. Intr oduction

We observe an ever increasingamountof Global Po-
sitioning System (GPS) and Inertial Measuring Units
(IMU) attachedto camerasystemsthat deliver instant
geo-referencedimagesin a 3D World GeodeticSystem
(WGS84).For instance,relianceon directgeo-referencing
is nowadaysa standardin aerial photogrammetry[3] and
often allows the avoidance of aerial triangulation (AT)
andgroundcontrol measurements.Recently, Pollefeys et
al. [17] demonstratedreal-timestructurefrommotion(SfM)
anddensematchingin urbanscenesbasedon a GPS/IMU
supportedreconstructionsystem. Thesesystemsrely on
highly accurategeo-refereningdevices that are calibrated
andthe deliveredposeandorientationestimatesareoften
superiorto the oneobtainedby imagebasedmethods(i.e.
subpixel accurateimageregistration).Furthermore,relying
on absoluteorientationinformation, thesesystemsarenot
proneto drift andloopclosurecanbeeasilyhandled.

On the contrary, there exists a variety of direct geo-
referencingplatforms that provide instant,but often inac-
curateandimprecisepositionandorientationinformation.

(a)

(b)

Figure1. (a) Sideview and(b) top view of GPS/IMUcameraori-
entations(bule)andadjustedcameraorientations(red)obtainedby
our globalstructurefrom motionapproach.Densereconstruction
computedby PMVS [5].

Examplesof suchplatformsaremobile devices including
SmartphonesandMicro Aerial Vehicles(MAVs). Unfortu-
nately, GPS/IMUdatafrom suchdevicesdoesnot reachthe
requiredlevel of precisionfor pixel accurateimagealign-
ment that can be usedfor practical computervision task
suchas3D objectreconstructionandnavigation. However,
it deliversa roughestimateof thecameraposesandorien-
tations.

In this paperwe presentanapproachthatleveragessuch
impreciseprior informationto speedupstructurefrom mo-
tion computationin termsof featurematchingandgeomet-
ric estimation. The problemof SfM computation,i.e. re-
covering the (sparse)structureof a 3D sceneand camera
orientationshasreachedmaturityover thepastyears.Cur-
rent stateof the art is representedamongothersby Polle-
feys [18] and Nister [15]. It is nowadayseven possible



to automatically reconstructa scenefrom unorganizedand
very inhomogeneousimage datasetssuch as community
photocollectionsgatheredfrom theweb[20]. Thesuccess
of thesemethodsis mainly basedon substantialprogress
in wide baselinematching,scaleinvariant feature detec-
tors [11] and advancesin multiple view geometry[22, 14].
However, large scaleSfM is computationallydemanding
andoften proneto drift anderror accumulation.For non
sequentialimageacquisition(i.e. unorderedimagecollec-
tions)andcameranetworkswith loops,exhaustivepairwise
featurematchingis normally themosttime demandingop-
erationof currentstructurefrom motion pipelines. If no
prior knowledgeaboutcamerapositionsandorientationsis
available, it requiresmatchingof O(n2) imagepairs. To
overcometheselimitations, current large scaleSfM sys-
tems[1] take advantageof a two stagematchingapproach.
First, a coarseview matchingbasedon imageretrieval and
bag of featureconcepts[19] is performed. Second,only
imagepairsthatachieve ahighsimilarity scoreareusedfor
detailedmatching.

Recently, Strechaet al. [21] have demonstratethat city
scale3D reconstructionis feasibleby incorporatingGPS
andgeo-tagsfor imagematching. In their approachGPS
informationis usedto partitionimagesbasedon their loca-
tions into manageableandoverlappingdatasetsthatcanbe
ef�ciently reconstructed.This is in contrastto theapproach
of Carceroniet al. [2] that studythegeometricproblemof
estimatingcameraorientationsfrom multiple views, given
the positionsof known cameralocations. In this paperwe
provide a framework thataddressesbothproblems.In par-
ticular, we(i) provideacriterionfor effectiveview selection
basedonGPS/IMUinformationand(ii) presentanef�cient
methodfor structurefrom motioncomputation.

2. GPS/INSsupportedmatching

Featurematchingof unorderedimagesis oftenthemost
timeconsumingpartof aSfM algorithm.A typicalsolution
to restrictthenumberof imagesfor detailedfeaturematch-
ing is to useacoarsematchingstrategy basedon vocabulary
treeconcepts[16] in orderto ef�ciently determinea subset
of potentiallymatchingimagepairs.However, dueto repet-
itivestructure,theresultof vocabulary treebasedimagere-
trieval canoftenbearbitrarilywrong. Imagesthatachieve a
high similarity scoredo not necessarilyshow thesamepart
of an environment(e.g. the imagesshown in Figure2 are
visually similar but aretakenfrom two differentbuildings).
Usingglobalposeinformationasprovidedby a GPS/IMU
unit, such ambiguousimagescan be �ltered which fur-
ther reducesthe matchingeffort. Given the setof images
I = I 1; : : : ; I n , associatedwith approximateknowledgeof
externalposemeasurementsG = G1; : : : ; Gn , we selecta
subsetVi of potentiallymatchingview pairs.

(a) (b)

Figure2. Visual similar facadeimagesfrom two differentbuild-
ings,(a) Museumof Art History and(b) Museumof NaturalHis-
tory, bothlocatedin Vienna.

2.1.External PoseInf ormation

The externalposeGi = [ R j t ] is achieved by GPS
and IMU, whereR is a 3 � 3 rotation matrix and t a 3-
spacevector representingcameraorientationand transla-
tion, respectively. Globalpositioninformationis delivered
by a standardGPSreceiver in the WGS84coordinatesys-
tem which describesa positionon earthas longitude,lat-
itude and height. For further processing,the GPSdatum
is transformedin the Earth Centered,EarthFixed (ECEF)
coordinatesystem,which is a Cartesiansystemcapableof
representingreconstructionsin global scale. The camera
orientationis describedby threeanglesyaw, pitch,androll,
wheretheyaw angleis alignedto magneticnorth.Thus,the
externalposeGi is composedof a GPSdatumtransformed
to the ECEF coordinatesystemand threerotation angles.
In conjunctionwith theknown intrinsicparameterK of the
camera,weobtainthefull projectionmatrix P̂i for eachim-
ageI i ,

P̂i = K Gi = K [ R j t ]: (1)

The retrieved projectionmatricesgive aroughestimateof
thecamerapositionandorientationthat is usedfor further
processing.

2.2.View Selection

To identify imagesthat potentially sharecorresponding
points, we selectfor eachimageI i a set Ti = T1 : : : Tk

imagesthatachieve asuf�cient highprobabilisticsimilarity
score[7]. Next, imagesin Ti are�ltered accordingto their
GPS/IMUinformationusingacoarseoverlapcriterion. If a
detailed3D modelof theenvironmentis available,the im-
ageoverlapcanbeeasilyobtainedby projectingandback-
projectingthe view frustumof view I i into view I j . In case
that no detailedmodel of the environment is present,we
canonly make weakassumptionson the maximumscene
depth Si that restrict the areaobserved by an image I i .
For instance,given a roughDigital SurfaceModel (DSM)
theheightabove groundcanbeestimatedwhich limits the
maximaldepthrangefor cameraslookingtowardstheearth-
surface(e.g. aerialimagesurveys). For terrestrialdata(i.e.
horizontallookingcameras)theSi canbe�x edto auserde-
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Figure3. View overlapestimation.In front of cameraP̂i , a plane
� i is de�ned with distancet � S. R i andR j arethevisible areas
of � i in P̂i andP̂j respectively. Theimageoverlapis determined
accordingto Equation(4).

�ned thresholdthatis basedonthemaximalexpectedscene
size. Furthermore,the maximumscenedepthSij that can
berecoveredby animagepair < I i ; I j > dependson their
baseline.Wede�ne,

Sij = t � d(Gi ; Gj ); (2)

whered(�; �) denotestheEuclideandistanceandt is factor
thatdeterminestherequiredreconstructionaccuracy. Given
theseconstraints,we estimatethemaximumscenedepthS
thatcanbereconstructedby animagepair< I i ; I j > ,

S = min (Sij ; Si ; Sj ): (3)

Furthermore,theimagesmusthaveanoverlap.To calculate
a coarseoverlapcriterionOi

j , we de�ne a plane� i that is
parallelto imageI i andwhosedistanceto thecameracenter
Gi is S. Ri andRj denotetheimageextendof view I i and
I j on theplane� i . TheimageoverlapOi

j is computedby,

Oi
j =

a(Ri \ Rj )
a(Ri [ Rj )

; (4)

wherea(�) returnstheareaof theprojectedrectangle.
Sincefeaturedescriptorslike SIFT may tolerateonly a

maximumview anglechangeof approx. 30� , we require
that the view vectorof P̂j andthe normalof � i enclosea
maximumangle� . OtherwiseOi

j is setto zero. An illus-
trationof theoverlapcalculationis shown in Figure3. For
every imagepair < I i ; I j > with I j 2 Ti we computethe
overlap Oi

j . If the overlap is above a �x ed threshold,I j

is insertedinto the setVi which arelater usedfor detailed
featurematching. The �rst eight imagesof the setTi and
thesetVi for a sampleimagearedepictedin Figure4. The
correspondingGPSpositionsareshown in Figure5.

3. ReconstructionMethod

Unlike incremental reconstructionmethods[20] that
startfrom a small reconstructionwhich is subsequentlyex-
pandedby adding more images,we follow a global re-
constructionapproachthat considersall images,simulta-
neously. In order to determinefeature correspondences
over multiple views, an epipolargraphis build which en-
codestwo view relations. We usethe view selectionrou-
tine describedin the previous sectionthat largely reduces
the matchingeffort for the graph reconstruction. Based
on theepipolargraph,connectedcomponentsareextracted
and point tracksover multiple views are generated.The
tracksare later usedfor structureinitialization. Next, ro-
tational componentsof two-view epipolargeometriesare
consistentlyregisteredandalignedwith theknown GPSpo-
sitions. Finally, robust bundleadjustmentis usedto re�ne
cameraorientationsand3D structure. A detaileddescrip-
tion of the individual processingstepsis describedin the
following sections.

3.1.Building the Epipolar Graph

First of all, scaleinvariant featurepoints are extracted
from every image. Our methodutilizes the very effective
SIFT keypoint detectoranddescriptor[11] which achieves
excellentrepeatabilityperformancefor widebaselineimage
matching[13]. In particularwe rely on the publicly avail-
able SiftGPU1 software. Keypoint correspondencesbe-
tweenimagepairsaredeterminedby employing a GPUac-
celeratedfeaturematchingapproachbasedontheCUBLAS
library with subsequentinstructionsthatapply thedistance
ratio test.

After matchingrelevant imagesVi to eachquery view
I i , geometricveri�cation basedon the Five-Point algo-
rithm [14] is performed. Since matchesthat arise from
descriptorcomparisonsare often highly contaminatedby
outliers, we employ a RANSAC [4] algorithm for robust
estimation. The matchingoutput is a graphstructurede-
notedasepipolargraphEG, thatconsistsof thesetof ver-
ticesV = f I 1 : : : I N g correspondingto the imagesanda
setof edgesE = f eij ji; j 2 Vg that arepairwiserecon-
structions,i.e. relative orientationsbetweenview i andj ,
eij = < Pi ; Pj > ,

Pi = K i [ I j 0 ] andPj = K j [ R j t ] (5)

anda setof triangulatedpointswith respective imagemea-
surements.

3.2.ConsistentRotations

GiventheepipolargraphEG, theinitial camerapositions
andorientationsremainsto bedetermined.First,relativero-
tationsf Rij g betweenview pairsi andj areupgradedinto

1http://cs.unc.edu/� ccwu/siftgpu
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Figure4. Vocabulary treevs. overlapcriterion. The�rst row shows the�rst eight imagesreturnedby thevocabulary treegiventhequery
image(a). The secondrow shows the �rst eight imagesof the �ltered vocabulary treeresultsortedby their overlapvalue. The red box
depictswhichpartof therectangleR i is visible in thecurrentimage.

Figure5. View selectionof a trajectorycontaining196 images.AbsoluteposeinformationGi is provided by a GPSandIMU (colored
pyramidsindicatecamerapositionsandorientations).GivenaqueryimageI i (green)resultsin asetT (blue+ red)of imageswith similar
appearancedeliveredby thevocabulary tree.Imageswith anoverlapvalueO i

j of at least50%aredepictedin red.

aconsistentsetof rotationsf Ri g by solvingthe(overdeter-
mined)systemof equations,

Rij Ri = Rj (6)

subjectto the constraintthat Ri areorthonormal. As de-
scribedin [12], the solution can be obtainedby solving
the system initially for approximaterotation matricesR̂i

(without satisfyingtheorthonormalityconstraint)andsub-
sequentlyprojecting the approximaterotation R̂i to the
closestrotationin theFrobeniusnorm. This is doneby us-
ing thesingularvaluedecomposition(SVD).Equation(6) is
normally overdeterminedsincethe epipolargraphconsists
of a redundantsetof relative orientationsthatcontributeto
theglobalstructure.Figure6 showsatypicalepipolargraph
for aerialdata.

Not all epipolar geometriesare equally important. In
general,relative rotationsthataredeterminedby many cor-
respondencescanbe ratedasmorecon�dent thanorienta-
tions that are only supportedby a small numberof mea-
surements.As suggestedin [12], we considerthe number
of inliersandreweighteachrow of (6) accordingto aquality
criterionthatdeterminestheaccuracy of anepipolargeome-
try eij . Ratherthanusingtheraw numberof inliers jF ij j as
suggestedin [12], wecomputetheweights! ij asfollows,

! ij =
p

N min(ci ; cj ) (7)

whereN = jF ij j is the numberof inliers betweenview i

andj andci , cj is ameasureof featurecoverage,

c� (F ij ) =

(
0 jF ij j < �
A (F ij ;r )

A �
otherwise

(8)

where� is a minimal numberof requiredinliers (e.g. � =
10 in our experiments),A � denotesthe total imagearea
and A(F ij ; r ) is the resultingareathat the featurepoints
F ij cover after applyinga dilation operationwith a circu-

lar structuringelementof radiusr =
q

A �
jF ij j . In addition

to theraw numberof inliers thatdeterminesthecon�dence
of the relative orientationresult,the coveragecriterion [7]
furthertakesthespatialdistributionof correspondencesinto
account.As aconsequence,convergentviewsthathavewell
distributed correspondencesproducea higher score than
epipolarpairs with the samenumberof correspondences
but with randompoint distribution. Hence,system(6) is
extendedto a reweightedform,

! ij (Rij r k
i � r k

j ) = 03� 1 (9)

for k = 1; 2; 3, wherer k
i arecolumnsof Ri . Thesystemcan

be ef�ciently solved by a sparseleastsquaressolver (e.g.
usingtheARPACK library). Figure7 depictsraw GPS/IMU
cameraorientationsP̂ and the �nal resultafter consistent
rotationalignment.



Figure 6. Epipolar graphshowing valid relative orientationsbe-
tweenview pairs.

Figure7. Raw camerapositionsandorientationsfrom GPS/IMU
(blue)andadjustedcamerarotationsby globalrotationregistration
(red).

3.3.CameraCenter Initialization

Given the registeredrotationmatricesRi , cameracen-
tersare initialized with the GPSdatumGi in the (ECEF)
coordinatesystemasdescribedin Section2.1. Onetrans-
formationstill remainsto be determined,the rotationsRi

haveto bealignedto �t theGPSpath.This is accomplished
by aligning relative translationsv ij to correspondingGPS
orientationŝv ij ,

v ij = Rv̂ ij (10)

an instanceof thewell known orthogonalProcrustesprob-
lemwhichcanbesolvedusing thesingularvaluedecompo-
sition.

3.4. Track Generation

TheepipolargraphEGstoresasetof relativeorientations
andfeaturecorrespondencesbetweenview pairs< I i ; I j > .
Every imageI i is matchedto a numberof neighboringim-
agesandthematchinginformationis storedlocally in every
node. Note,EG is a directedgraph,a matchI i ! I j does
notnecessarilyimply I j  I i . Next, for eachimagenodeI i

of the graph,point measurementsareaggregatedto tracks
m = (< x i

1; yi
1 >; < x j

2; yj
2 > : : : ; < xk

n ; yk
n > ), where

f = < xk ; yk > representfeaturelocations of imageI k .
Sincepoint tracksaregeneratedfor eachimageandstored
locally, at �rst instance,the setof point tracksm 2 ~M is

redundant,i.e. a featurepoint f from imageI k can take
part in differenttracks. The point tracksarelater usedfor
globaloptimizationin bundleadjustment.Froma practical
viewpoint, redundantmeasurementsare not desiredsince
it involvesmoreparametersin theoptimizationframework,
henceweareinterestedin aminimal representation.To this
endwe determinea subsetof tracksM � ~M that covers
everymatchedfeaturecorrespondenceof theepipolargraph
only once.This is aninstanceof thesetcover problem[9],
oneof theearliestproblemsknown to beNP-complete.We
usea greedyapproach[8] to ef�ciently determinea mini-
mal setof tracksthataresubsequentlyusedto initialize the
sparse3D structure.

3.5.3D Structur e Initialization

Fromthepreviousprocessingstepsa setof cameraori-
entationsPi =1: N 2 P (i.e. calibrationandposes)andpoint
tracksm 2 M is obtained.It remainsto bedeterminedthe
coordinatesof 3D pointsX j =1: M 2 X accordingto every
track. Given the fact that cameraorientationsP in gen-
eraldo not offer a pixel accuratealignmentandoutliersare
still presentin M , a linear triangulationmethodbasedon
P will result in an arbitrarylarge reconstructionerror (i.e.
the3D structureis weakly initialized). In practice,we ob-
servedthatadirecttriangulationapproachdoesnotprovide
asuf�ciently highaccuracy for structureinitialization,often
eventhecheiralityconstraint[6] is not satis�ed. However,
(sub)-pixel accuratecameraorientationbetweenview pairs
is provided from the epipolargraphEG that allows accu-
ratetwo view triangulation.Hence,from every point track
wedeterminetheimagepair thathasamaximalbaseline(a
large baselineensuresa low relative error of GPScoordi-
nates)andperforma two view triangulationbasedon these
relative orientations.Next, the3D point is transformedac-
cordingto theglobalregisteredcamerapositions. Thisleads
to an initial 3D structurethat is subsequentlyoptimizedby
a robust bundle adjustmentalgorithm taking all measure-
mentsof thepoint tracksinto account.

3.6.Robust Bundle Adjustment

Givena setof measurements,bundleadjustment[22, 6,
10] optimizescameraorientationsand structureby mini-
mizing thereprojectionerror,

C(Pi ; f j ) =
X

i

X

j

vij d(Pi X j ; x ij )2 (11)

wherethe2D point measurementsx ij aretheobservations
of unknown 3D pointsX j in theunknown camerasPi and
vij is a binary variablethat is 1 if the point X j is visible
in imagePi and 0 otherwise. In practice, bundle adjust-
ment involves adjustingthe bundle of rays betweeneach
3D point andthe setof cameracentersby minimizing the
sumof squaresof a largenumberof nonlinear, real-valued



functions. Bundle adjustmentis a large, but sparsegeo-
metric parameterestimationproblemwhich is tolerant to
missingdata(i.e. not every 3D point must be visible in
eachcamera).In thecaseof Gaussianmeasurementnoise,
a nonlinearleast-squaresminimizationachievesthe Maxi-
mumLikelihoodestimate(subjectto theconstraintthatthe
initialization is suf�ciently closeto the global minimum).
However theassumptionof GaussianNoisein imagemea-
surementsis a strongassumptionand is not true for real
world structurefrom motion problemsthat rely on natural
featurematchingtechniques.In our systemfeaturetracks
aregeometricallyveri�ed by usingtheepipolarconstraint,
however mismatchesmaystill occur. Thusleastsquaresis
not anappropriatenormandwe requirea robustcostfunc-
tion to handleoutliers. In its basicimplementationbundle
adjustmentminimizesasquaredvectornorm

P
i jj � jj2 with

� = jjx i � x̂ i jj . Hence,therobustcostfunctioncanbeim-
plementedby re-weightingtheerrorvector� 0

i = wi � i such
that,

jj � 0
i jj

2 = w2
i jj � i jj = C(jj � i jj ): (12)

Thereforeit follows
P

i C(jj � i jj ) =
P

i jj � i jj2 as desired
where,

wi =

p
C(jj � i jj )
jj � i jj

: (13)

Theweightingwi is oftencalledattenuationfactorsinceit
seeksto attenuatethe cost of the outliers. In our experi-
mentswe evaluatethe performanceof differentcost func-
tion for thetaskof bundleadjustment.In particularwe use
thefollowing costfunctions,

� Squarederror costfunction

C(� ) = � 2 (14)

� Huber costfunction

C(� ) =

(
� 2 for j� j < b
2bj� j � b2 otherwise

(15)

� Blake-Zissermancostfunction

C(� ) =

(
� 2 for j� j < b
b2 otherwise

(16)

� Sigmacostfunction

C(� ) =

8
><

>:

� 2 for j� j < b
2bj� j � b2 for b < j� j < � b
b2(2� � 1) otherwise

(17)

� Cauchy costfunction

C(� ) = b2 log(1 + � 2=b2) (18)

Graphs corresponingto theindividualcostfunctionsarede-
pictedin Figure8.

(a) (b) (c)

Figure9. (a) Adjacency matrix showing potentialmatchingcan-
didates(bright pixel) betweenview i ,j from a vocabulary tree
scoringand(b) potentially matchingimagepairsascomputedby
ourgeometricview selectionstrategy. (c) Epipolargeometriesde-
terminedby exhaustive imagematchingrepresentingthe ground
truth.

4. Experiments

We evaluateour reconstructionapproachon real world
data acquiredby an unmannedaerial vehicle2 with inte-
gratedGPS/IMUsensors.Theattachedcamerasystemde-
liversimagesof resolution3968� 2232, theaccuracy of the
GPSreceiver is about2m andtherelativepositionprecision
approximately0:5m. Weassumethatthecameraorigin and
GPS/IMUsensorsharesthesame3D positionin space.This
is avalid approximationif thedistanceto thesceneis much
larger thantheoffsetsbetweenthe individual sensors.Im-
agesareacquiredat an interval of 3s anda GPS/IMU tag
is storedfor eachimage. During one�ight missionof 10-
15 minutes,about200imagesareacquired.For eachinput
imagewe usea maximalnumberof d neighborsfrom the
GPSview selectionstrategy (asdescribedin Section2) and
computetheepipolargraph(we used = 20). Our view se-
lectionapproachreducesthematchingeffort from O(n2) to
O(nd). Comparedto exhaustive imagematchingthatcon-
siders� 40000view pairs,only 4000matchingoperations
are performedwhich gives a ten-fold speedup. Figure 4
showspotentialmatchingcandidatesfrom avocabularytree
approachandmatchingpairscomputedby ourproposedge-
ometricview selectioncriterion.

We usethemethoddescribedin Section3.2 to initialize
cameraorientationsand 3D points. Next, bundle adjust-
ment is executedto minimize the reprojectionerror. Dif-
ferentcost functionsareevaluatewith respectto the �nal
reprojectionerror. The resultsaresummarizedin Table2.
While robustcostfunctions(e.g. Huber, Blake-Zisserman,
Sigma,Cauchy) achieve comparableperformancein terms
of averageandmedianreprojectionerror, theSquaredError
cost function leadsto a wrong reconstruction,i.e. bundle
adjustmentdoesnotconvergeto areasonablegeometricso-
lution. Thiscanbeseenfrom Figure10(b)andFigure10(d),
respectively. Note,consistentrotationregistration(seeSec-
tion 3.2) is an importantprocessingstep. Throughour ex-
periments,robust bundleadjustmentwasnot able to con-

2AscTecFalcon8 http://www.asctec.de
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Figure8. Comparisonof differentcostfunctionsC(� ) dependenton themeasurementerror � . (a) CostfunctionsC(� ), (b) corresponding
PDFsand(c) attenuationfactors.

vergeto a truesolutionfrom raw IMU initializedprojection
matricesP̂i . While theRootMeanSquaredError (RMSE)
betweenglobalregisteredrotationmatricesandthe�nal op-
timized bundleadjustmentresult is about0:1� , the RMSE
of theinitial IMU orientationis onaveragemorethan10� .

We comparethe reconstructionresultsof our proposed
approachto the one obtainedby an incrementalstructure
from motion pipeline. After aligning both resultswith a
robust similarity transformin a metric coordinatesystem,
themeanaswell asthemedianresidualerrorbetweencam-
eracentersis about0:023m. On average,thedeviation be-
tweenthe view vectorsof the reconstructedcameraposi-
tions is 0:03� , only. Both valuesshow that our approach
doesnot differ to an incrementalSfM approachaccording
to accuracy andthequalitative resultsarealsoequivalentas
depictedin Figure11. Moreover, our approachis compu-
tationallymoreef�cient. Table1 givesdetailedtimingsof
oursystem.

While an incrementalstructurefrom motion pipeline
(e.g. the bundler software3) requiresa repeatedcall of a
bundleadjustmentoptimizer(with time complexity O(n3),
wheren is thenumberof frames),our proposedalgorithm
only requiresrotationan track initialization and onesingle
bundleadjustmentcall.

5. Conclusion

In this paperwe introduceda reconstructionalgorithm
thateffectively takesadvantageof GPS/IMUinformationas
aweakprior to speedupstructurefrom motion computation.
The main contributions of the proposedmethodare (i) a
view selectionstrategy basedonglobalposition/orientation
informationthatlimits thematchingeffort and(ii) afastand
scalablereconstructionapproachthat relieson global rota-
tion registrationandrobust bundleadjustment.We tested
ourapproachonrealworld scenariosusingdatafrom anun-
mannedaerialvehicle. Fromour experimentswe conclude

3http://phototour.cs.washington.edu/bundler/

Operation time [s]
SIFT (3968� 2232pixel) 0:4
CoarseMatching 0:05
Matching(5000� 5000) d � 0:044
RANSAC (5-pt,N=2000) d � 0:12
IncrementalSfM (200views) 1800
Ourapproach(200views) 190

Table1. Timings for individual processingsteps(per image)and
comparisonto an incrementalstructurefrom motion approach.
Note,d re�ects thenumberof consideredimagesfor detailedfea-
turematchingandgeometricveri�cation.

Cost function � av g: � median inliers [%]
Beforebundle 403.56 312.67 0.13
Squarederror 11.46 4.72 71.89

Huber 4.015 0.724 98.24
Blake-Zisserman 4.56 0.66 98.20

Sigma 4.51 0.677 98.52
Cauchy 4.592 0.662 98.46

Table 2. Evaluationof bundle adjustmentwith respectto differ-
ent cost functions for a �x ed numberof 150 iterations. While
robust cost functions(Huber, Blake-Zisserman,Sigma,Cauchy)
achieve comparableresultsin termsof average(� av g: ) and me-
dian (� median ) reprojectionerrorsanddetecta comparablefrac-
tion of inliers (we denotea measurementasinlier if thereprojec-
tion error is below 3 pixel), the squarederror cost function does
not properlyconvergeandtheminimizationfails (this is shown in
Figure10(d)).

thatour proposedapproachis robustandscalable.Further-
moreour approachis computationallymore ef�cient than
previous methodsand achieves reconstruction resultsthat
areonaparwith stateof theartSfM approaches.

Acknowledgements

This work wassupportedby theAustrianResearchPro-
motionAgency (FFG)FIT-IT projectsConstruct(830035),
Holistic (830044)andPegasus(825841).



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

Figure10. (a) Sampleimageof the sceneand(b) initial cameraorientationand3D structureby our proposedapproachbeforebundle
adjustment.Reconstructionresultafter bundleadjustmentusingthe robust Cauchy (c) andnon-robust SquaredError (d) cost function.
Note,while in (c) a truegeometriccon�guration is found,theSquaredError costfunctionleadsto awronggeometriccon�guration (d).

Figure11.Topview of thereconstructionresultobtainedby anin-
crementalSfM approach(red)registeredto theCauchy optimized
bundleadjustmentresult(blue)usingourproposedapproach.
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