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Abstract

In this paper we presentan approadc that leverages
prior information from global positioningsystemsand in-
ertial measuementunitsto speedurstructue from motion
computation Ve proposea view selectionstrategy that ad-
vances/ocalulary treebasedcoarsematding by alsocon-
sidering the geometriccon guration betweenweakly ori-
entedimages. Furthermoe, we introducea fastand scal-
ablereconstructiorapproad that relieson global rotation
registration and robust bundle adjusment. Realworld ex-
perimentsare performedusing data acquired bya micro
aerial vehicle attached with GPS/INSsensos. Our pro-
posedalgorithm achievesorientation resultsthat are sub-
pixelaccuateandtheprecisionis on apar with resultsfrom
incrementalstructure from motionapproaches Moreover,
the methodis scalableand computationallymore efcient
than previousapproades.

1. Intr oduction

We obsere an ever increasingamountof Global Po-
sitioning System (GPS) and Inertial Measuring Units
(IMU) attachedto camerasystemsthat delver instant
geo-referencedmagesin a 3D World Geodetic System
(WGSB84). For instancerelianceon direct geo-referencing
is nowvadaysa standardn aerial photogrammetry3] and
often allows the avoidance of aerial triangulation (AT)
and ground control measurementsRecently Pollefeys et
al.[17] demonstratedeal-timestructureérom motion(SfM)
anddensematchingin urbanscenesasedon a GPS/IMU
supportedreconstructionsystem. Thesesystemsrely on
highly accurategeo-refereninglevices that are calibrated
andthe deliveredposeand orientationestimatesare often
superiorto the one obtainedby imagebasedmethods(i.e.
subpiel accuratémageregistration).Furthermorerelying
on absoluteorientationinformation, thesesystemsare not
proneto drift andloop closurecanbeeasilyhandled.

On the contrary there exists a variety of direct geo-
referencingplatforms that provide instant, but often inac-
curateandimprecisepositionand orientationinformation.
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Figurel. (a) Sideview and(b) top view of GPS/IMU cameraori-
entationgbule) andadjusteccamerarientationgred)obtainechy
our global structurefrom motion approach Densereconstruction
computedby PMVS [5].

Examplesof suchplatformsare mobile devicesincluding
SmartphoneandMicro Aerial Vehicles(MAVSs). Unfortu-
nately GPS/IMUdatafrom suchdevicesdoesnotreachthe
requiredlevel of precisionfor pixel accurateémagealign-
mentthat can be usedfor pracical computervision task
suchas3D objectreconstuctionandnavigation. However,
it deliversa roughestimateof the camergposesandorien-
tations.

In this papernwe presenanapproachhatleveragesuch
impreciseprior informationto speedustructurefrom mo-
tion computatiorin termsof featurematchingandgeomet-
ric estimation. The problemof SfM computationj.e. re-
covering the (sparse)structureof a 3D sceneand camera
orientationshasreachedmaturity over the pastyears.Cur-
rent stateof the art is representedmongothersby Polle-
feys [18] and Nister [15]. It is nhowadayseven possible



to automattally reconstructa scenefrom unoiganizedand

very inhomogeneousmage datasetssuch as community
photocollectionsgatheed from the web[20]. Thesuccess
of thesemethodsis mainly basedon substantialprogress
in wide baselinematching, scaleinvariant feature detec-
tors[11] and adancesin multiple view geometry{22, 14].

However, large scale SfM is computationallydemanding
and often proneto drift and error accumulation. For non

sequentiaimageacquisition(i.e. unorderedmagecollec-

tions)andcameranetworkswith loops,exhaustve pairwise
featurematchingis normally the mosttime demandingop-

erationof currentstructurefrom motion pipelines. If no

prior knowledgeaboutcamergpositionsandorientationds

available, it requiresmatchingof O(n?) imagepairs. To

overcometheselimitations, currentlarge scale SfM sys-

tems][1] take advantageof a two stagematchingapproach.
First, a coarseview matchingbasedon imageretrieval and

bag of featureconceptg[19] is performed. Second,only

imagepairsthatachieve ahigh similarity scoreareusedfor

detailedmatching.

Recently Strechaet al. [21] have demonstratéhat city
scale3D reconstructionis feasibleby incorporatingGPS
and geo-tagsfor imagematching. In their approachGPS
informationis usedto partitionimagesbasedon their loca-
tionsinto manageablandoverlappingdatasetshatcanbe
efciently reconstructedThisis in contrasto theapproach
of Carceroniet al. [2] that studythe geometricproblemof
estimatingcameraorientationsfrom multiple views, given
the positionsof known cameraocations. In this paperwe
provide a framevork thataddresseboth problems.In par
ticular, we (i) provide acriterionfor effective view selection
basedn GPS/IMUinformationand(ii) presentnef cient
methodfor structurefrom motioncomputation.

2. GPS/INS supported matching

Featurematchingof unorderedmagesis oftenthe most
time consumingpartof a SfM algorithm. A typical solution
to restrictthe numberof imagesfor detailedfeaturematch-
ing isto useacoarsamatchingstratgy basedn vocahulary
treeconceptd16] in orderto ef ciently determinea subset
of potentiallymatchingimagepairs. However, dueto repet-
itive structure theresultof vocahulary treebasedmagere-
trieval canoftenbearbitrarily wrong. Imageshatachieve a
high similarity scoredo not necessarilyshov the samepart
of an ewironment(e.g. theimagesshowvn in Figure2 are
visually similar but aretakenfrom two differentbuildings).
Using global poseinformationasprovided by a GPS/IMU
unit, such ambiguousimagescan be Itered which fur-
ther reduceghe matchingeffort. Given the setof images
I =1q;:::;1,, associatedvith approximateknowledgeof

subsel; of potentiallymatchingview pairs.

(@) (b)

Figure 2. Visual similar facadeimagesfrom two different build-
ings, (&) Museumof Art History and(b) Museumof NaturalHis-
tory, bothlocatedin Vienna.

2.1.External Poselnformation

The externalposeG; = [ R jt ] is achieved by GPS
andIMU, whereR is a3 3 rotation matrix andt a 3-
spacevector representingcameraorientationand transla-
tion, respectrely. Globalpositioninformationis delivered
by a standardGPSreceiver in the WGS84coordinatesys-
tem which describesa position on earthaslongitude, lat-
itude and height. For further processingthe GPSdatum
is transformedn the Earh Centered EarthFixed (ECEF)
coordinatesystem,which is a Cartesiarsystemcapableof
representingeconstructionsn global scale. The camera
orientationis describedy three anglesyaw, pitch, androll,
wheretheyaw angleis alignedto magnetianorth. Thus,the
externalposeG; is composef a GPSdatumtransformed
to the ECEF coordinatesystemand threerotation angles.
In conjunctionwith theknown intrinsic parameteK of the
camerawe obtainthefull projectionmatrix P; for eachim-
agel;,

P =KG = K[Rjt] (1)

The retrieved projectionmatricesgive aroughestimateof
the camerapositionand orientationthatis usedfor further
processing.

2.2.View Selection

To identify imagesthat potentially sharecorresponding
points, we selectfor eachimagel; asetT; = Tp::: Tk
imagegshatachieve asufcient high probabilisticsimilarity
score[7]. Next, imagesin T; are ltered accordingto their
GPS/IMUinformationusinga coarseoverlapcriterion. If a
detailed3D modelof the environmentis available,the im-
ageoverlapcanbe easilyobtainedby projectingandback-
projectingthe viev frustumof view |; into view I . In case
that no detailedmodel of the ervironmentis present,we
canonly make weak assumption®n the maximumscene
depth S; that restrict the areaobsered by an imagel;.
For instance given a rough Digital SurfaceModel (DSM)
the heightabore groundcanbe estimatedwvhich limits the
maximaldepthrangefor camerasookingtowardstheearth-
surface(e.qg. aerialimagesurweys). For terrestrialdata(i.e.
horizontallookingcameras)heS; canbe x edto auserde-
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Figure3. View overlapestimation.In front of camera®;, a plane

" is de ned with distancet  S. R; andR; arethevisible areas
of "inP andlﬁj respectiely. Theimageoverlapis determined
accordingto Equation(4).

ned thresholdhatis basednthe maximalexpectedscene

size. Furthermorethe maximumscenedepthS; thatcan
berecoreredby animagepair< I;;l; > depend®ontheir
baselineWe de ne,

Sj =t d(Gi;Gj); 2)
whered( ; ) denoteghe Euclideandistanceandt is factor
thatdeterminesherequiredreconstructioraccurag. Given

theseconstraintsyve estimatethe maximumscenedepthS
thatcanbereconstructedby animagepair< I;;1; >,

S = min (Sij ;Si;Sj)Z (3)
Furthermoretheimagesmusthave anoverlap. To calculate
a coarseoverlapcriterion Oj , we de ne aplane ' thatis
paralleltoimagel; andwhosedistanceo thecamereacenter

G isS. R; ande denotetheimageext_endof view |; and
I; ontheplane '. TheimageoverlapO; is computeddy,

o = a(Ri \ Rj)_
' aRi[ Ry)’
wherea( ) returnstheareaof the projectedrectangle.
Sincefeaturedescriptordike SIFT may tolerateonly a
maximumview angle changeof approx. 30 , we require
thatthe view vectorof P; andthe normalof ' enclosea
maximumangle . OtherwiseO! is setto zero. An illus-
tration of the overlapcalculationis shovn in Figure3. For
everyimagepair< I;;l; > with I; 2 T; we computethe
overlap OJ-i . If the overlapis above a x ed threshold,l;
is insertedinto the setV; which arelater usedfor detailed
featurematching. The rst eightimagesof the setT; and
the setV; for asampleimagearedepictedin Figure4. The
correspondingsPSpositionsareshavn in Figure5.
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3. Reconstruction Method

Unlike incrementalreconstructionmethods[20] that
startfrom a smallreconstructiorwhich is subsequentlyx-
pandedby adding more images,we follow a global re-
constructionapproachthat considersall images,simulta-
neously In orderto determinefeaure correspondences
over multiple views, an epipolargraphis build which en-
codestwo view relations. We usethe viev selectionrou-
tine describedn the previous sectionthat largely reduces
the matchingeffort for the graph reconstruction. Based
ontheepipolargraph,connectedcomponentsare extracted
and point tracks over multiple views are generated. The
tracksare later usedfor structureinitialization. Next, ro-
tational componentf two-view epipolargeometriesare
consistentlyregisteredandalignedwith theknown GPSpo-
sitions. Finally, robust bundle adjustmenis usedto re ne
cameraorientationsand 3D structre. A detaileddescrip-
tion of the individual processingstepsis describedn the
following sections.

3.1.Building the Epipolar Graph

First of all, scaleinvariantfeaturepoints are extracted
from every image. Our methodutilizes the very effective
SIFT keypoint detectoranddescriptor{11] which achieves
excellentrepeatabilityperformancdor wide baselinamage
matching[13]. In particularwe rely on the publicly avail-
able SiftGPU' software. Keypoint correspondencebe-
tweenimagepairsaredeterminedy emplg/ing aGPUac-
celeratedeaturematchingapproactbasecnthe CUBLAS
library with subsequeninstructionsthatapply the distance
ratiotest.

After matchingrelevantimagesV, to eachquery view
li, geometricveri cation basedon the Five-Point algo-
rithm [14] is performed. Since matchesthat arise from
descriptorcomparisonsare often highly contaminatedby
outliers, we emplgy a RANSAC [4] algorithm for robust
estimation. The matchingoutputis a graphstructurede-
notedasepipolargraphEG, that consistsof the setof ver
ticesV = fl;:::1yg correspondingo theimagesanda
setof edgesE = fe;ji;j 2 Vg thatare pairwiserecon-
structions,i.e. relative orientationsbetweenview i andj,
e =< Pi;Pj >,

Pi = Ki[l j0]andP, = K;[Rjt] ®)

anda setof triangulatedbointswith respectie imagemea-
surements.

3.2.ConsistentRotations

GiventheepipolargraphEG, theinitial camergositions
andorientationgemaingo bedeterminedFirst, relativero-
tationsf Rj; g betweerview pairsi andj areupgradednto

http://cs.unc.edu/ ccwu/siftgpu
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Figure4. Vocahulary treevs. overlapcriterion. The rst row shavsthe rst eightimagesreturnedby the vocahlulary treegiventhe query
image(a). The secondrow shaws the rst eightimagesof the Itered vocahulary treeresultsortedby their overlapvalue. The red box
depictswhich partof therectangleR; is visible in the currentimage.

-

Figure5. View selectionof a trajectorycontaining196 images. AbsoluteposeinformationG; is provided by a GPSandIMU (colored
pyramidsindicatecamergpositionsandorientations) Givenaqueryimagel; (green)resultsin asetT (blue+ red)of imageswith similar

appearancdeliveredby thevocahulary tree.Imageswith an overlapvalueri of atleast50%aredepictedn red.

aconsistensetof rotationsf R; g by solvingthe (overdeter
mined)systemof equations,

Rj Ri = R; (6)

subjectto the constraintthat R; are orthonormal. As de-
scribedin [12], the solution can be obtainedby solving
the sysem initially for approximaterotation matricesk;
(without satisfyingthe orthonormalityconstraint)and sub-
sequentlyprojecting the approximaterotation R; to the
closestrotationin the Frobeniusnorm. This is doneby us-
ing thesingularvaluedecompositiorfSVD). Equation(6) is
normally overdeterminedincethe epipolargraphconsists
of aredundantetof relative orientationsthat contribute to
theglobalstructure Figure6 shavsatypical epipolargraph
for aerialdata.

Not all epipolr geometriesare equally important. In
generalyelative rotationsthataredeterminedy mary cor-
respondencesanbe ratedasmore con dent thanorienta-
tions that are only supportedby a small numberof mea-
surements.As suggestedn [12], we considerthe number
of inliersandreweighteachrow of (6) accordingo aquality
criterionthatdeterminesheaccurag of anepipolargeome-
try g; . Ratherthanusingtheraw numberof inliersjF  j as
suggestedh [12], we computetheweights! ;; asfollows,

Lj = mein(q;q) @)

whereN = jFj j is the numberof inliers betweenview i

andj andc;, ¢ is ameasuref featurecoverage,

(

0 JF, J <
c(Fi)= At ) otrierwise ®
where is aminimal numberof requiredinliers (e.g. =
10 in our experiments),A denotesthe total imagearea
andA(Fj ;r) is the resultingareathat the featurepoints
Fi cover after applyinga dilation op(arationwith a circu-
lar structuringelementof radiusr = Jéﬁ In addition
to theraw numberof inliers thatdetermineghe con dence
of the relative orientationresult,the coveragecriterion[7]
furthertakesthespatialdistribution of correspondencesto
accountAs aconsequenceprvergentviewsthathave well
distributed correspondenceproducea higher scorethan
epipolar pairs with the samenumberof correspondences
but with randompoint distribution. Hence,system(6) is
extendedo areweightedform,

Ly Ry rf)=03 4 9)
fork = 1;2; 3, wherer}‘ arecolumnsof R;. Thesystentan
be ef ciently solved by a sparseleastsquaressolver (e.g.
usingthe ARPACK library). Figure7 depictsraw GPS/IMU

cameraorientationsP andthe nal resultafter consistent
rotationalignment.



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

Figure 7. Rav camergpositionsand orientationsfrom GPS/IMU
(blue)andadjusteccameraotationsby globalrotationregistration
(red).

3.3.Camera Center Initialization

Given the registeredrotation matricesR;, cameracen-
tersareinitialized with the GPSdatumG,; in the (ECEF)
coordinatesystemasdescribedn Section2.1. Onetrans-
formationstill remainsto be determinedghe rotationsR;
haveto bealignedto t theGPSpath.Thisis accomplished
by aligning relative translationsvj; to correspondingsPS
orientations};; ,

Vij = ROU (10)

aninstanceof the well known orthogonalProcrustegrob-
lemwhich canbe solvedusing the singularvaluedecompo-
sition.

3.4. Track Generation

TheepipolargraphEG storesasetof relative orientations
andfeaturecorrespondencdmetweerview pairs< ;1 >.
Everyimagel; is matchedo a numberof neighboringim-
agesandthe matchinginformationis storedocally in every
node. NoteEG is adirectedgraph,amatchl; ! 1|; does
notnecessarilymply I; Ii. Next, for eachimagenodel ;
of the graph,point measurementare aggrgjatedto tracks
m = (< x;;y) > < xhyh > i< xK vk >), where
f =< xX;yk > represenfeaturelocations of imagely.
Sincepoint tracksaregeneratedor eachimageandstored
locally, at rst instancethe setof pointtracksm 2 M is

redundant,.e. a featurepointf from imagely cantake
partin differenttracks. The point tracksare later usedfor

globaloptimizationin bundleadjustmentFroma practical
viewpoint, redundanimeasurementare not desiredsince
it involvesmoreparameteri the optimizationframeawork,

hencewe areinterestedn aminimal representationTo this
endwe determinea subsetf tracksM M- thatcovers
every matchedeaturecorrespondenceaf theepipolargraph
only once.Thisis aninstanceof the setcover problem[9],

oneof theearliestproblemsknown to be NP-complete We
usea greedyapproacHh8] to ef ciently determinea mini-

mal setof tracksthataresubsequentlysedto initialize the
sparse3D structure.

3.5.3D Structur e Initialization

Fromthe previous processingstepsa setof cameraori-
entationsdP;=;. n 2 P (i.e. calibrationandposesyndpoint
tracksm 2 M is obtained.It remainsto be determinedhe
coordinatesof 3D pointsX;=1. v 2 X accordingto every
track. Given the fact that cameraorientationsP in gen-
eraldo not offer a pixel accuratealignmentandoutliersare
still presentn M , alinear triangulationmethodbasedon
P will resultin anarbitrarylarge reconstructiorerror (i.e.
the 3D structureis weakly initialized). In practice,we ob-
senedthatadirecttriangulationapproactdoesnot provide
asufciently highaccurag for structuranitialization, often
eventhe cheirality constrain{6] is not satis ed. However,
(sub)-pivel accuratecameraorientationbetweerview pairs
is provided from the epipolargraphEG that allovs accu-
ratetwo view triangulation.Hence,from every point track
we determingheimagepair thathasa maximalbaselinga
large baselineensuresa low relative error of GPScoordi-
nates)andperformatwo view triangulationbasedon these
relative orientations.Next, the 3D pointis transformedac-
cordingto theglobalregisteredcamergpositions. Thisleads
to aninitial 3D structurethatis subsequentlpptimizedby
a robust bundle adjustmentalgorithm taking all measure-
mentsof the pointtracksinto account.

3.6.Robust Bundle Adjustment

Givena setof measurementfundleadjustment[22, 6,
10] optimizescameraorientationsand structure by mini-
mizing thereprojectiorerror,

X
C(Pi;fj) =

i

v d(Pi X5 xij )? (11)

wherethe 2D point measurements;; arethe obserations
of unknown 3D pointsX; in theunknavn camerad; and
vjj is a binary variablethatis 1 if the point X; is visible
in imageP; and O otherwise. In practie, bundle adjust-
ment involves adjustingthe bundle of rays betweeneach
3D point andthe setof cameracentersby minimizing the
sumof squaref alarge numberof nonlinear real-valued



functions. Bundle adjustmentis a large, but sparsegeo-
metric parameterestimationproblemwhich is tolerantto
missingdata(i.e. not every 3D point mustbe visible in
eachcamera).In the caseof Gaussiaimeasurementoise,
a nonlinearleast-squareminimization achiezesthe Maxi-
mum Lik elihoodestimate(subjectto the constrainthatthe
initialization is sufciently closeto the global minimum).
However the assumptiorof GaussiarNoisein imagemea-
surementds a strongassumptiorand is not true for real
world structurefrom motion problemsthatrely on natural
featurematchingtechniques.In our systemfeaturetracks
aregeometricallyveri ed by usingthe epipolarconstraint,
however mismatchesnay still occur Thusleastsquaress
notanappropriatenormandwe requirea robust costfunc-
tion to handleoutliers. In its basicimplemelgtatiorbundle
adjustmenminimizesasquaredrectornorm  jj ji% with

= jixi  Riji- Hencetherobhustcostfunctioncanbeim-
plementecby re-weightingthe errorvector ° = w; ; such
that,

i fii? 5 wiii i = CGili): (12)

Thereforeit follows ; C(jj ijj) = ;i i]j® asdesired
where, p

w = CcU i), (13)

il
Theweightingw; is often calledattenuatiorfactorsinceit
seeksto attenuatethe costof the outliers. In our experi-
mentswe evaluatethe performanceof differentcostfunc-
tion for thetaskof bundleadjustmentln particularwe use
thefollowing costfunctions,

Squared error costfunction

C()= ? (14)
Huber costfunction
2forjj<b
c(y= .o} . (15)
24 j I otherwise
Blake-Zissermancostfunction
2forjj<b
C()= 16
) ? otherwise (16)
Sigmacostfunction
8
2 2forjj<b
C():>2bjj K forb<jj< b a7)
" (2 1) otherwise
Cauchy costfunction
C()=Plogl+ 2=1F) (18)

Graphs corresponing the individual costfunctionsarede-
pictedin Figure8.

(@ (b) (c)
Figure 9. (a) Adjaceny matrix shaving potentialmatchingcan-
didates(bright pixel) betweenview i,j from a vocahluilary tree
scoringand(b) potentally matchingimagepairsascomputedby
ourgeometricview selectionstratgy. (c) Epipolargeometriesle-
terminedby exhaustve imagematchingrepresentinghe ground
truth.

4. Experiments

We evaluateour reconstructiorapproachon real world
dataacquiredby an unmannedaerial vehicl€ with inte-
gratedGPS/IMU sensorsThe attacheccamerasysemde-
liversimagesof resolution3968 2232 theaccuray of the
GPSreceveris about2m andtherelative positionprecision
approximately0:5m. We assumehatthe cameraorigin and
GPS/IMUsensoshareshesame3D positionin spaceThis
is avalid approximatiorif thedistanceo thescends much
larger thanthe offsetsbetweenthe individual sensors.Im-
agesare acquiredat an interval of 3sanda GPS/IMU tag
is storedfor eachimage. During one ight missionof 10-
15 minutes,about200imagesareacquired.For eachinput
imagewe usea maximalnumberof d neighborsfrom the
GPSview selectiorstratgy (asdescribedn Section2) and
computethe epipolargraph(we used = 20). Our view se-
lectionapproachreduceghe matchingeffort from O(n?) to
O(nd). Comparedo exhaustve imagematchingthatcon-
siders  40000view pairs,only 4000matchingoperations
are performedwhich gives a ten-fold speedup. Figure 4
shaws potentialmatchingcandidate$rom avocatularytree
approactandmatchingpairs computeddy our proposedje-
ometricview selectioncriterion.

We usethe methoddescribedn Section3.2to initialize
cameraorientationsand 3D points. Next, bundle adjust-
mentis executedto minimize the reprojectionerror. Dif-
ferentcostfunctionsare evaluatewith respectto the nal
reprojectionerror. The resultsare summarizedn Table 2.
While robust costfunctions(e.g. Huber Blake-Zisserman,
Sigma,Cauc)) achiere comparableperformancen terms
of averageandmedianreprojectiorerror, the Squarederror
costfunction leadsto a wrong reconstructionj.e. bundle
adjustmentloesnot corvergeto areasonablgeometricso-
lution. Thiscanbeseerfrom Figure10(b)andFigurel0(d),
respectrely. Note,consistentotationregistration(seeSec-
tion 3.2) is animportantprocessingtep. Throughour ex-
periments,robust bundle adjustmentwas not able to con-

2AscTec Falcon8 hitp://iwwwasctec.de
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Figure8. Comparisorof differentcostfunctionsC( ) dependenbnthe measuremergrror . (a) CostfunctionsC( ), (b) corresponding

PDFsand(c) attenuatiorfactors.

vergeto atruesolutionfrom raw IMU initialized projection
matricesP;. While the Root Mean SquaredError (RMSE)
betweerglobalregisteredotationmatricesandthe nal op-
timized bundle adjustmentesultis about0:1 , the RMSE
of theinitial IMU orientationis on averagemorethan10 .

We comparethe reconstructiorresultsof our proposed
approachto the one obtainedby an incrementalstructure
from motion pipeline. After aligning both resultswith a
robust similarity transformin a metic coordinatesystem,
themeanaswell asthemedianresidualerrorbetweercam-
eracenterds about0:023m. On average the deviation be-
tweenthe view vectorsof the reconstructeccameraposi-
tionsis 0:03 , only. Both valuesshav that our approach
doesnot differ to anincrementalSfM approachaccording
to accurag andthequalitative resultsarealsoequivalentas
depictedin Figure11. Moreover, our approachs compu-
tationally moreef cient. Tablel givesdetailedtimings of
our system.

While an incrementalstructurefrom motion pipeline
(e.g. the bundler software®) requiresa repeatedcall of a
bundleadjustrentoptimizer(with time compleity O(n?),
wheren is the numberof frames),our proposedalgorithm
only requiresrotationan trackinitialization and onesingle
bundleadjustmentall.

5. Conclusion

In this paperwe introduceda reconstructioralgorithm
thateffectively takesadvantageof GPS/IMUinformationas
aweakprior to speedupstructurefrom motion computation.
The main contritutions of the proposedmethodare (i) a
view selectionstratgyy basedn globalposition/orientation
informationthatlimits thematchingeffort and(ii) afastand
scalablereconstructiorapproachthatrelieson global rota-
tion registrationand robust bundle adjustment. We tested
ourapproactonrealworld scenariosisingdatafrom anun-
mannedaerialvehicle. From our experimentswe conclude

Shitp://phototoucs.vashington.edulmdler/
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| Operation | time[s] |
SIFT (3968 2232pixel) 0:4
CoarseMatching 0:05
Matching(5000 5000 d 0:044
RANSAC (5-pt, N=2000) d 012
IncrementalSfM (200 views) 1800
Ourapproach200views) 190

Table 1. Timings for individual processingsteps(perimage)and
comparisonto an incrementalstructurefrom motion approach.
Note,d re ects thenumberof consideredmagesfor detailedfea-
turematchingandgeometricveri cation.

Costfunction avg: median inliers [%]
Beforebundle | 403.56| 312.67 0.13
Squarecerror 11.46 4.72 71.89
Huber 4,015 | 0.724 98.24
Blake-Zisserman 4.56 0.66 98.20
Sigma 451 0.677 98.52
Caucly 4592 | 0.662 98.46

Table 2. Evaluationof bundle adjustmentwith respectto differ-
ent costfunctionsfor a x ed numberof 150 iterations. While
robust costfunctions (Huber Blake-ZissermanSigma, Caucly)
achieze comparableresultsin termsof average( avg:) and me-
dian ( median ) reprojectionerrorsand detecta comparabldrac-
tion of inliers (we denotea measuremerdsinlier if the reprojec-
tion erroris below 3 pixel), the squarederror costfunction does
not properlycorverge andthe minimizationfails (this is shavn in
Figure10(d)).

thatour proposedapproachs robustandscalable.Further
more our approachis computationallymore ef cient than
previous methodsand achieves recngruction resultsthat
areon aparwith stateof theart SfM approaches.
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Figure 10. (a) Sampleimage of the sceneand (b) initial cameraorientationand 3D structureby our proposedapproachbeforebundle
adjustment.Reconstructiorresultafter bundle adjugsmentusing the robust Caucly (¢) and non-rotust SquarecdError (d) costfunction.
Note,while in (¢) atruegeometriccon gurationis found,the SquarecError costfunctionleadsto awronggeometriccon guration (d).

Figurell.Topview of thereconstructiomesultobtainedby anin-
crementalSfM approachred)registerecto the Caucly optimized
bundleadjustmentesult(blue)usingour proposedapproach.
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