
Robust Metric Reconstructionfr om ChallengingVideoSequences

GuofengZhang1 Xueying Qin1¤ Wei Hua1 Tien-TsinWong2 Pheng-AnnHeng2 HujunBao1¤

1StateKey Labof CAD&CG, ZhejiangUniversity, P.R.Chinay
2TheChineseUniversityof HongKong z

Abstract

Althoughcamera self-calibrationandmetricreconstruc-
tion havebeenextensivelystudiedduring thepastdecades,
automaticmetricreconstructionfromlong videosequences
with varying focal lengthis still verychallenging. Several
critical issuesin practical implementationsare not ade-
quatelyaddressed.For example, how to selectthe initial
framesfor initializing theprojectivereconstruction?What
criteria shouldbeused?How to handlethe large zooming
problem? How to choosean appropriate momentfor up-
gradingtheprojectivereconstructionto a metricone?This
papergivesa careful investigationof all theseissues.Prac-
tical andeffectiveapproachesare proposed.In particular,
weshowthat existing image-baseddistanceis not an ade-
quatemeasurementfor selectingtheinitial frames.Wepro-
posea novel measurementto take into accountthe zoom
degree, theself-calibration quality, aswell as image-based
distance. We thenintroducea new strategy to decidewhen
to upgradetheprojectivereconstructionto a metricone. Fi-
nally, to alleviate theheavycomputationalcostin thebun-
dle adjustment,a local on-demandapproach is proposed.
Our methodis alsoextensivelycomparedwith thestate-of-
the-artcommercial software to evidenceits robustnessand
stability.

1. Intr oduction

Structureandmotion (SAM) recovery hasbeena long
researchtopic for its importancein computervision and
wide applicationsin industrials,e.g. advertisement,�lm
productionandarchitecturedesign[1, 15]. Oneof themost
challengingissuesin SAM is to handlethe long video se-
quenceswith varying focal length[10, 14, 13]. Thereare
two main dif�culties. First, in auto-calibration,zooming
in/out may be confusedwith a forward/backward transla-
tion. Second,while processinglong video sequences,the
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computationalcostandtime grow rapidly asthenumberof
framesincreases,andtheaccumulationerrormaycausethe
recovery to fail. However, metric reconstructionfrom long
video sequenceswith varying focal length is very impor-
tant,sincesuchsequencesareverycommonin professional
moviesandfreelancepersonalvideos. Most existing tech-
niqueshandlethe caseswith unknown but constantfocal
length[3, 8, 9, 20].

Traditionally, SAM estimationstartswith an algebraic
initialization of the projective structureand motion using
two- [22] or three-[2] view epipolarconstraints,thenup-
gradestheprojectivereconstructionto ametriconeby some
self-calibrationtechniques.Thesestepsgenerallyadoptthe
bundleadjustment(BA) method[7, 21] to re�ne the solu-
tion. To handlethe unknown andvarying intrinsic camera
parameters,the selectionof initial framesin projective re-
constructioninitialization is very crucial. In [13, 18], two
initial framesareselectedif they containsuf�cient feature
matchesandtheirviewpointsarenottoocloseto eachother.
However, it wasobserved in our experimentsthatsuchse-
lection criteria is not suf�cient for sequenceswith varying
focal length,andoftenproduceunreliablerecovery results.

For long video sequences,the accumulationerror in
theprojective reconstructionmayultimatelycausetheself-
calibrationto fail. Recently, Repko andPollefeys [16] pro-
poseda self-calibrationapproachto alleviate this problem.
It still requiresthattheintrinsiccameraparametersarecon-
stant.Moreover, theSAM estimationfor a longsequenceis
time consuming,sincethecomputationalcostis dominated
by BA, whichgrowsrapidlywith thenumberof frames.Al-
thoughthecomputationalcostcanbereducedby takingad-
vantageof thesparsenessduringoptimization[21] or using
key frames[6, 5, 19, 16], it is notef�cient enough.

In this paper, we focus on the metric SAM recovery
problemfor challengingvideo sequences,and proposea
robust approach,which canef�ciently andreliably handle
long sequenceswith varyingfocal length.Our maincontri-
butionsare:

² A novel measurementfor selectingthe initial frames
for projective reconstructioninitialization, by com-



bining the zoom degree, self-calibrationquality and
image-baseddistance;

² A new strategy for upgradingthe projective recon-
structionto ametricone,whichsigni�cantly improves
theaccuracy of metricSAM initialization;

² A local on-demandschemein bundle adjustment,
whichdramaticallyacceleratesthecomputation.

Therestof this paperis organizedasfollows. Section2
givesanoverview of our framework. Thenour threemain
contributions are describedin Section3 (selectionof ini-
tial frames),Section4 (selectionof upgradingmoment)and
Section5 (local on-demandbundle adjustment). Experi-
mentalresultsanddiscussionsaredescribedin Section6.
Finally, wedraw theconclusionin Section7.

2. Framework Overview

In this section,we give an overview of our framework,
asshown in Table1. We�rst initialize thesequentialmetric
structureandmotion.Thenweaddandprocesstheremain-
ing framesoneby one,in anorderso that framescloserto
theinitizationpositionareprocessedearlier. For eachnewly
addedframe,we useposeestimationtechniqueto initialize
its cameraparametersand 3D points, and then re�ne ex-
isting structureandmotion with BA. A key to the success
of theabove algorithmis to accurately initialize themetric
structureandmotion.

1 Trackfeaturepointsover thewholesequence.
2 Selectsuperiortracksandkey frames.
3 Initialize themetricstructureandmotion.

3.1 Selectthereferencetriple frames(RTFs)to initial-
ize theprojective reconstruction

3.2 Estimatethe projective SAM with an incremental
approach,andselectanappropriatemomentto up-
gradeit to ametricframework

4 For everyadditionalkey frame,
4.1 Initialize thenewly addedcameraand3D points
4.2 Re�ne theexistingSAM by localon-demandBA

5 Solve thecameraparametersof all non-key frames
6 [Optional]Re�ne thewholeSAM throughBA

Table1. An overview of our framework.

2.1.FeatureMatching and KeyFrames

Our automaticfeaturetrackingalgorithmis basedupon
theiterative KLT algorithm[11, 17]. Thematchesbetween
consecutive framesareconstrainedby the epipolargeom-
etry [22]. We useRANSAC algorithm[4] to �nd a setof
inliers thathaveconsistentepipolargeometry. Thematched
featurepointsconstitutethefeaturetracks.

As weknow, structureandmotionestimationwith longer
tracks is more reliable and robust than with that shorter
tracks[5]. Let N betheminimal track lengthwe required.
Then we selectthe tracksnot shorterthan N as superior
tracks for reconstruction.We usethe interval (N ¡ 1)

2 to se-
lect the key framesto ensurethat all superiortracksstride
overat leasttwo key frames.Wealsorequirethatthreecon-
secutive key frameshave suf�cient of commontracks(at
least30 in our experiments)for robust estimation. If the
commontracksare lessthanthe required,we temporarily
decreasetheinterval to selectthekey framesuntil thereare
enoughcommontracksor the interval is 1. The follow-
ing estimationis mainly basedon key framesandsuperior
tracks.

2.2.CameraModel

We modeleachcamerausingsevenparameters,i.e., the
rotationexpressedby threeEulerangles£ = (µx ; µy ; µz ),
thetranslationt = (tx ; ty ; tz ), andthefocal lengthf . The
intrinsicmatrix is then

K =

0

@
f 0 cx

0 ®f cy

0 0 1

1

A (1)

whereaspectratio ® and principal point (cx ; cy ) are as-
sumedknown. In our experiments,they are set to 1 and
theimagecenter, respectively.

3. Selectionof Initial Frames

Certainfactorsmayaffect theprecisionof SAM estima-
tion. Firstly, suf�cient featuresshouldbe matched. Sec-
ondly, the structureand motion also shouldnot be near-
degenerateso that the structureis well-conditioned. The
secondrequirementis usuallyveri�ed by the mediandis-
tancebetweenpointstransferredthroughanaverageplanar-
homography andthecorrespondingpointsin thetarget im-
age[13], calledimage-baseddistance:

b = median(d(H u; u0)) (2)

whereH is the planar-homography andcanbe solved by
minimizingb. Thesetwo criteriais usuallyemployedto se-
lect initial pairsfor initialization in previouswork [13, 18].
However, from on our experience,Pollefeys et al's selec-
tion criteria,whichmaximizestheproductof thenumberof
matchesand the image-baseddistance,is not alwaysreli-
ablein the focal-length-varyingcon�gurations. Therefore,
morefactorsshouldbeanalyzed.

As we know, self-calibrationfrom two views contains
uncertaintyandis not reliable.Triple views aremuchmore
robust and have a nice cost performance. Therefore,we
choosea triplet of views as the basicbuilding block for



structureandmotion recovery. After thestep2 in Table1,
we obtainkey framesindexed with 1, 2, ..., etc. Thenwe
grouptheminto a seriesof triplets,suchas(1,2,3),(2,3,4),
(3,4,5),... , etc.,denotethemastriplets1, 2, 3, ..., etc.

3.1.Stabilizing Self­Calibration

The linear algorithm proposedin [13, 14] can deal
with varying intrinsic cameraparameters.Readersarere-
ferred to Appendix for more details. However, problems
still exist. In practice, the estimatedf 2

k may be very
small or even negative. The reasonis that the �rst three
itemsof Equation10 arenot symmetricfor the constraint
in f 2

k , which deviates(Pk [1]­ ¤Pk [1]> )=(Pk [3]­ ¤Pk [3]> )
and(Pk [2]­ ¤Pk [2]> )=(Pk [3]­ ¤Pk [3]> ) from 1.0to zeroor
evennegative. A similar discussionis alsogivenby Polle-
feys in his online tutorial [12]. In order to alleviate this
problem,we de�ne the following non-linearcost function
basedonEquation10,

Ecal ib =
1

N ¡ 1

NX

k=2

Ek ; (3)

where

Ek = ( 1
9 )2(( Pk [1]­ ¤ Pk [1]>

Pk [3]­ ¤ Pk [3]> ¡ 1)2 + ( Pk [3]­ ¤ Pk [3]>

Pk [1]­ ¤ Pk [1]> ¡ 1)2)

+( 1
9 )2(( Pk [2]­ ¤ Pk [2]>

Pk [3]­ ¤ Pk [3]> ¡ 1)2 + ( Pk [3]­ ¤ Pk [3]>

Pk [2]­ ¤ Pk [2]> ¡ 1)2)

+( 1
0:2 )2(( Pk [1]­ ¤ Pk [1]>

Pk [2]­ ¤ Pk [2]> ¡ 1)2 + ( Pk [2]­ ¤ Pk [2]>

Pk [1]­ ¤ Pk [1]> ¡ 1)2)

+( 1
0:1 )2( Pk [1]­ ¤ Pk [3]>

Pk [3]­ ¤ Pk [3]> )2 + ( 1
0:1 )2( Pk [2]­ ¤ Pk [3]>

Pk [3]­ ¤ Pk [3]> )2

+( 1
0:01 )2( Pk [1]­ ¤ Pk [2]>

Pk [3]­ ¤ Pk [3]> )2

The notationsare explainedin the Appendix. Firstly, we
usethelinearalgorithmintroducedin theAppendixto esti-
matethefocal lengthsf k . Theweightsof the�rst two terms
of Equation10 aresetto valueshigherthanthedefault val-
ues( 1

º in our experiment)to avoid that the estimatedf 2
k

beingtoo small or negative. Thentheseresultsarere�ned
by minimizing the costfunction Ecal ib . This modi�cation
cansigni�cantly improve therobustnessof self-calibration,
especiallyin thefocal-length-varyingcon�gurations.

3.2.Zoom Degree

Althoughsomealgorithmsfor varyingandunknown fo-
cal lengthhavebeenproposed,therobustnessis still aniss-
sue.First, in auto-calibration,a forwardtranslatingcamera
maybeconfusedwith zooming,especiallywhenthescene
isnearplanar. Second,zoommaybringupsomeotherprob-
lems,suchasmotionblur mayoccur, andfeaturematching
is morechallenging.In general,thematchingnoiseis larger
than the caseswithout zoom. Theseproblemsaggravate
further the confusionproblembetweena zoomin/out and
a forward/backwardtranslation.Thefollowing problemof-
ten occurs. The estimatedSAM deviateslargely from the

groundtruth, althoughthe reprojectionerror is small. We
�nd thata smallerzoomis moresuitablefor initialization.
We proposea criteria to evaluatethe degreeof zooming
betweentwo views. The pure focal lengthdifferencebe-
tweentwo views is normalizedwith the image-baseddis-
tance(Equation2):

¢ f ij =
jf i =f j ¡ 1j + jf j =f i ¡ 1j

2bij
(4)

In our implementation,we performprojective reconstruc-
tion on eachtriplet of key framesindependently, andthen
estimatetheir focal lengthby self-calibration.

3.3.Self­Calibration Quality

Sincewebegin with aprojectivereconstruction,andthen
upgradeit to ametriconethroughself-calibration,thequal-
ity of projective reconstructionis very important. As we
know, self-calibrationis sensitive to noises,and requires
very accurateprojective reconstruction. The reprojection
error is usually usedto assessthe precisionof projection
matrices. In this paper, we arguethat the reprojectioner-
ror is not reliablefor evaluatingtheprecisionof projective
reconstructionin thecasethatno prior knowledgeis avail-
able. In practice,althoughthe reprojectionerror is quite
small,projectionmatricesarestill ill-posed,which leadsto
thefailureof self-calibration.Sinceself-calibrationis sensi-
tive to theprecisionof projectivereconstruction,thequality
of self-calibrationis a reasonableway to evaluatethequal-
ity of projective reconstruction.Basedon thecostfunction
in Equation3, we de�ne thecriteriafor theself-calibration
qualityasthefollowing,

C(Ecal ib ) =
"

" +
p

Ecal ib
e¡ E calib

2¾2 (5)

where" = 0:1, ¾ = 0:2 in our experiments.Thevalueof
C(Ecal ib ) is in therangeof [0,1]. No matterwhetherEcal ib

is smallor large,C(Ecal ib ) manifestsagooddiscriminative
ability.

3.4.Criteria for SelectingInitial Frames

Generally, a subsequenceor initial views suitablefor
metricreconstructionshouldsatisfythefollowing factors:

1. Therearesuf�cient featurematches

2. Thecon�gurationsarenotnear-degenerate

3. Thezoomdegreeis small

4. Theself-calibrationquality is good

Generally, morefeaturematchesproducemorerobustes-
timation.But it is dif�cult to determinehow many matches



aresuf�cient. In fact, this factorcanbe suggestedby the
self-calibrationquality. Therefore,we do not seta thresh-
old valuefor thisfactor. For atriplet i , wede�ne thefollow-
ing criteria to accountfor the image-baseddistance,zoom
degreeandself-calibrationquality:

Si = C(Ecal ib )(B i;i +1 + B i +1 ;i +2 + B i;i +2 ) (6)

whereB ij = bij

¯ +¢ f ij
, and¯ = 0:04 in ourexperiments.

We employ a methodsimilar to [13] with our stabilized
self-calibrationto reconstructeachtriplet independentlyand
computeits Si accordingto Equation6.

Furthermore,the initial framesshouldbe in a suitable
subsequencefor morerobustness.In orderto evaluatethe
suitability of the subsequenceassociatedwith the triplet i ,
weapplyaGaussian�lter onSi asthefollowing:

~Si = (
i +3 wX

k= i ¡ 3w

e¡ ( k ¡ i ) 2

2w 2 Sk )=
i +3 wX

k= i ¡ 3w

e¡ ( k ¡ i ) 2

2w 2 (7)

wherew = 3 in our experiments.Finally, we usethe fol-
lowing criteria

Sb
i =

q
~Si Si (8)

to selectthebesttriplet with maximumSb
i . Suchastriplet l ,

i.e. (l ; l + 1; l + 2), is selectedasour initial frames,which is
de�ned asreferencetriple frames(RTFs). In thefollowing
estimation,other key frameswill be processedincremen-
tally with theordering:l ¡ 1; l + 3; l ¡ 2; l + 4; :::, etc.

4. Selectionof Upgrading Moment

For a long sequence,theaccumulationerror in thepro-
jective reconstructionmay ultimately causethe failure of
self-calibration.Therefore,we shouldmanagetheaccumu-
lation error, andselectan appropriatemomentto upgrade
theprojective reconstructionto a metriconebeforetheac-
cumulationerrordamagestheself-calibration.

The feature tracks in the RTFs are called reference
tracks. Their corresponding3D pointsarecalledreference
3D points. SincetheRTFsaresuitablefor initialization, its
projective reconstructioncanbe regardedreasonableclose
to thegroundtruth. Hence,thereference3Dpointsarewell-
conditioned,andtheir reprojectionerrorcanbeusedto es-
timate the precisionof reconstructionreliably. Therefore,
weusethereference3D pointsto managetheaccumulation
error in theprojective reconstruction.For every additional
key frame,we checkif it satis�esthat thereareat leastnp

projectionsof reference3D points,andthe averagerepro-
jection error of thesereference3D points is less than ep

pixels. In our experiments,np = 15 andep = 3:0. If no
moreadditionalkey framessatisfythis condition,the pro-
jective reconstructionis stoppedandupgradedto a metric
one throughour stabilizedself-calibrationwith thesekey

frames. The resultsarere�ned throughmetric bundlead-
justmentimmediately. So far, we have accomplishedthe
taskfor initializing the metric structureandmotion recov-
ery.

5. Local On-DemandBundle Adjustment

In step4.2of Table1, if were�ne theexistingSAM with
traditionalBA for everyadditionalframe,thecomputational
costis prohibitively largefor longsequences.To reducethe
computationalcostof BA, we proposea local on-demand
scheme.Firstly, weonlyre�ne theadditionalkey frameand
its visible m l 3D points(i.e., those3D pointsthathave the
corresponding2D featurepointsin this frame).Othercam-
erasand3D featurepointsare�x ed, in orderto reducethe
computationalcost.In fact,weonly needto �x thecameras
of the nl key framesthat alsopresent(“see”) oneor more
of thesem l 3D points.All otherunrelatedcamerasand3D
featurepointsarenot touched.

If the re�ned reprojectionerror exceedsthe threshold,
more key framesand the associated3D points shouldbe
consideredin the next roundof re�nement. The cameras
of thesen l + 1 key framesandtheir associated3D points
aretreatedasvariablesandre�ned. Othercamerasand3D
pointsare �x ed (unrelatedcamerasand3D pointsarenot
touched).This local on-demandapproachto bundleadjust-
mentcontinuesuntil either the thresholdis satis�ed or all
key framesand3D pointshave beenre�ned. In practice,
the thresholdis usuallysatis�ed even in the �rst roundof
re�nement.Thatmeansthecomputationaltime canbesig-
ni�cantly reduced.

6. Experiments

We have examinedour algorithmswith differentvideo
sequenceson a desktopPCwith Intel Xeon3.0 GHz CPU
and 2 GB memory. Table 2 shows the statisticsof three
video sequenceswe tested. In the �rst 100 framesof the
SyntheticCampussequence,the cameraturns right and
zoomsin with a slight translation,and then moves freely
and rapidly. In some subsequences,the camerasimul-
taneouslyzoomsin and moves backward, or zoomsout
and moves forward. In addition, 11:7% image noise is
added,i.e.,eachpixel is perturbedby arandomnumberuni-
formly distributedin [-30,30] (pixel valuesarein therange
[0,255]). The Building and the Gardensequenceare two
realoutdoorvideosequencescapturedby ahand-heldvideo
camera.They arelongsequenceswith varyingfocal length.

Table 2 also summarizesthe performance. In our
method, the computationaltime mainly dependson the
numberof key frames,3D points and imageprojections.
For the Building sequenceof 2,410frames,we choose98
key framesandreconstruct2,9083D pointswith 462,621
imageprojections,which take around16 minutes.Theroot



sequence Syn.Campus Building Garden
frames 601 2410 1608

key frames 51 98 55
3D points 2825 2908 4283

imageprojections 171,342 462,621 803,750
RMSE.(pixels) 0.586 1.327 1.065

matchingtime (min.) 7 28 21
solvingtime (min.) 6 16 12

performancelist of boujouthree
matchingtime (min.) 6 21 14

solvingtime (min.) 55 51 34

Table2.Thestatisticalresultsof ourapproachandtheperformance
of boujouthree.

meansquarederror (RMSE) of the reprojectionsis 1.327
pixels. For extensive comparison,thesesequencesarealso
testedwith the state-of-the-artsoftware product, “boujou
three” by 2d3 company [1], which is the bestavailable to
us. Comparedwith theperformanceof boujouthreeshown
in thelastrowsof Table2, ourmethodis 3 to 9 timesfaster
thanthatof boujouthree.

In thefollowing,we�rst show theef�ciency of ourcrite-
ria in selectinginitial frames,includinga comparisonwith
the criteria of Pollefeys et al. [13] (Pollefeys criteria for
short).Thenwe comparetheresultsof differentupgrading
strategies. Finally, we verify our algorithmby generating
augmentedvideosbasedon our reconstructionresults,and
comparethemwith thatof boujouthree.

Initialization Criteria Analysis: We �rst analyzethecri-
teriafor selectinginitial framesusingtheSyntheticCampus
sequence,asshown in Figure1(A). Figure1(A1)-(A4) re-
spectively show the averagenumberof matches,average
image-baseddistance,zoom degree, and self-calibration
quality of eachtriplet. Figure1(A5) shows the translation
initialization error of eachtriplet. Since the accuracy of
the recovered3D structureis highly relatedto the camera
translation,triple frameswith smallertranslationinitializa-
tion erroraremoresuitablefor initialization. Therefore,the
tripletsaround35» 45aregoodcandidatesfor initialization.

Figure 1(A6) and (A7) respectively show the suitable
scoresof thetripletscomputedusingPollefeys criteria[13]
and our criteria in Equation8. The peak score in Fig-
ure 1(A6) is at 12, implying that Pollefeys criteria will
choosetriplet 12 for initialization, which is a poor candi-
dateasindicatedby thetranslationinitializationerrorcurve
in Figure1(A5). This is becausethatPollefeys criteria,as
a productof the averagenumberof featurematchesand
the averageimage-baseddistance,may not adequatelyre-
�ect thetranslationinitializationerror. In contrast,thepeak
scorein Figure1(A7) is at41,implying thatourcriteriawill
choosetriplet 41 for initialization, which is a goodcandi-
dateasindicatedby thetranslationinitializationerrorcurve

(a) Synthetic Campus Sequence (b) Building Sequence
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Figure2. Focallengthobtainedby differentupgradingstrategies.

in Figure1(A5).
Then we analyzethe impact of three factorsincluded

in our selectioncriteria. The image-baseddistancecriteria
is useful to detectthe caseof near-pure rotation or near-
degeneratecon�gurations,e.g. triplets 1-7. However, it is
not sensitive to re�ect the instability of reconstruction,es-
pecially in the largezoomcase,e.g. triplets11-17. Fortu-
nately, the self-calibrationquality measuresreconstruction
qualitywell andremedythis �a w. Smallinitializationerror,
e.g.triplets35-45,usuallyoccursin thecaseof smallzoom
degree.Therefore,it is quitenecessaryto includezoomde-
greeandself-calibrationquality in ourselectioncriteria.

In addition,Figure1(A8) showsthereprojectionerrorof
projective/metricreconstruction(upgradingto metricwith-
out being re�ned by BA) from eachtriplet. It shows the
reprojectionerror of most triplets is very small and close
to eachother, andthereforeit is unreliableto measurethe
projective reconstructionquality.

Weperformthesameanalysisin Figure1(B) for thereal
videosequence,Building. Note that the �nal resultby our
algorithmis usedastheground-truthto computethetrans-
lation initialization error, sincethereis no ground-truthfor
this real capturedsequenceand our result is accurateas
demonstratedby our augmentedvideo result. Figure1(A)
and(B) show thatour criteria is superiorfor not only syn-
thetic but alsoreal videos. Figure1 alsoshows that it is a
badchoiceto initialize thesequentialstructureandmotion
computationfrom the beginning of thesetwo sequences,
which maycausethe initial 3D point structureandcamera
motionsto be ill-posedandeventuallyresultin badrecon-
structionor evenfailure.

Upgrading Strategy Evaluation: We evaluate our up-
gradingstrategy usingtheSyntheticCampussequenceand
the real Building sequence,andcomparethemto different
strategies.Thefocal lengthafterupgradingandtheground-
truth focal lengthareshown in Figure2.

Figure2(a) shows the resultsfor the SyntheticCampus
sequence.One can easily seethat our upgradingscheme
producesthe best resultson focal length, and upgrading
immediatelyfrom RTFsevenproducesmuchbetterresults
thanupgradingafterthecompleteprojectivereconstruction.
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Figure1. Selectinginitial frames: (A) the SyntheticCampussequence;(B) the Building sequence.The horizontalaxis is the index of
triplets,while theverticalaxisis: (A1) & (B1): theaveragenumberof featurematches;(A2) & (B2): image-baseddistance;(A3) & (B3):
zoomdegree;(A4) & (B4): self-calibrationquality; (A5) & (B5): translationinitialization error; (A6) & (B6): Pollefeys et al.'s selection
criteria;(A7) & (B7): ourselectioncriteria;(A8) & (B8): reprojectionerror.
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Figure3. TheSyntheticCampussequence.(a) thesyntheticscenewith thecameratrajectory(red line); (b) thegroundtruth of the focal
length;(c) thefocal lengthrecoveredby ourmethodandboujouthree.

Upgradingafterthecompleteprojectivereconstructionpro-
ducesextremely large focal length error at key frame 13.
Figure2(b) showsanothersetof resultsfor therealBuilding
sequence,andevidencesthatour upgradingstrategy works
nicely for realsequenceaswell.

Veri�cation: In the following, we show moremetric re-
constructionresultsandcorrespondingaugmentedvideos,
including a comparisionwith that of boujou three. Fig-
ure 3 comparesthe focal lengthrecoveredby our method
andboujou three. As shown by the dashedcurve of Fig-

ure3(c), mostof thefocal lengthrecoveredby boujouthree
are quite closeto the groundtruth, while thereis signi�-
cantdeviationsat theframeswith peaklocal maximumfo-
cal length values,e.g. frame 361. Our methodproduces
moreaccurateresultsattheseframesthanboujouthree.The
maximumdeviation from thegroundtruth is lessthan2%.
In addition,ourmethodsuccessfullyreconstructsthewhole
sequence,while boujou threedoesnot provide a solution
for the�rst 183frames.

In Figure 4, we show the results of recovered focal
length,3D points,cameratrajectoryfrom therealBuilding
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Figure4. Theresultof theBuilding sequence.(a) shows thefocal lengthrecoveredby our methodandboujouthree;(b) and(c) show the
3D pointsandthecameratrajectory, capturedfrom oursystemandboujouthreerespectively, overlaidwith thesyntheticobjects.
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Figure5. Someaugmentedframesof theBuilding sequence.
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Figure 6. The result of the Gardensequence.(a) shows the fo-
cal lengthrecoveredby our method.(b) shows our recovered3D
points and the cameratrajectoryoverlaid with the syntheticob-
jects.(c) someaugmentedframesby ourmethod.

sequence.Sincethereis no groundtruth, we verify there-
coveredresultsby augmentingthevideowith two synthetic
objects. The dashedcurve in Figure4(a) and the camera
trajectoryin Figure4(c) indicatethat therecoveredcamera
motionby boujouthreeis very jittering, which is however
not true. Several augmentedframescapturedfrom boujou
threeareshown in Figure5(b), to examineits reconstruc-
tion quality. While the overlaid domefar away from the
camerain boujouthree'saugmentedvideolookssteady, the
overlaidbox closerto thecamerais jitter anddrifts, which
implies therecoveredSAM is not accurate.Therecovered
resultsby ourmethodareshown in Figure4(a)(solidcurve)
and Figure 4(b), the quality is also veri�ed by the aug-
mentedvideoresultasshown in Figure5(a), in which both
thefartherdomeandnearbyboxremain�rmly registeredto
thescenethroughoutthesequence.Figure6 shows another
setof reconstructionresultandaugmentedvideo resultby
our methodwith the real sequence,Garden. High quality
reconstructionis resulted.

7. Conclusions

Wehavepresenteda robustapproachfor automaticmet-
ric reconstruction.Themajoradvantageof our approachis
that it canreliably handlelong videosequenceswith vary-
ing focal length, which may causeproblemsto previous
methods.In addition,our approachis very ef�cient. These
advantagesareachievedby our innovationsin theselection
criteriaof initial frames,theupgradingstrategy andthe lo-
cal on-demandoptimizationscheme. The robustnessand
ef�ciency have beendemonstratedby our extensive experi-
mentsonbothsyntheticandrealvideosequences.

The limitation of the proposedwork is that we do not
considerthenon-linearlensdistortionin our currentSAM
estimation,thusour methodmay be unsuitablefor the se-
quencesthatcontainsigni�cant lensdistortion.Addressing
the lensdistortionis left for future development.Another
future direction is to improve the featuretracking results
for sequenceswith motionblur, sothatwecanhaveenough
long tracksfor robustmetricreconstruction.
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Appendix

Accordingto computervision theory, the projectionof
theabsolutequadricin theimageyieldsthedual imageab-
soluteconic:

w¤ ' K k K k
> ' P k ­ ¤P k

> ; (9)

whereK k andP k is theintrinsicmatrixandprojectionma-
trix of framek, which arenormalizedaccordingto [13]. If
theskew is assumedto zero,bothprincipalpointandaspect
ratio areknown, accordingto the linearself-calibrational-
gorithm proposedin [13, 14], Equation9 canbe rewritten
asfollows:

¸ k
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f 2
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0 f 2

k 0
0 0 1
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0 f 2
1 0 a2

0 0 1 a3

a1 a2 a3 jjajj2

3

7
7
5 P >

k :

Theuncertaintyis takenintoaccountbyweightingtheequa-
tionsaccordingly.

1
9º (Pk [1]­ ¤Pk [1]> ¡ Pk [3]­ ¤Pk [3]> ) = 0
1

9º (Pk [2]­ ¤Pk [2]> ¡ Pk [3]­ ¤Pk [3]> ) = 0
1

0:2º (Pk [1]­ ¤Pk [1]> ¡ Pk [2]­ ¤Pk [2]> ) = 0
1

0:1º (Pk [1]­ ¤Pk [3]> ) = 0
1

0:1º (Pk [2]­ ¤Pk [3]> ) = 0
1

0:01º (Pk [1]­ ¤Pk [2]> ) = 0

(10)

wherePk [i ] is the i th row of P k andº a scalefactor that
is initialized to 1 and thenset to Pk [3]~­ ¤Pk [3]> with ~­ ¤

which is the result of the previous iteration. An estimate
of thedualabsolutequadric­ ¤ canbeobtainedby solving
theabovesetof equationsfor all viewsthroughlinearleast-
squares.Pleasereferto [13, 14] for moredetails.
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