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Abstract

Althoughcamean self-calibation andmetricreconstruc-
tion havebeenextensivelystudiedduring the pastdecades,
automaticmetricreconstructiorfromlong videosequences
with varying focal lengthis still very challenging Several
critical issuesin practical implementationsare not ade-
quatelyaddressed. For example how to selectthe initial
framesfor initializing the projectivereconstructionAVhat
criteria shouldbe used?How to handlethe large zooming
problem? How to choosean appropriate momentfor up-
gradingthe projectivereconstructiorto a metricone?This
papergivesa carefulinvestigatiorof all theseissuesPrac-
tical and effectiveapptoachesare proposed.In particular,
we showthat existing image-basedlistanceis not an ade-
guatemeasuementfor selectingtheinitial frames.W\e pro-
posea novel measuementto take into accountthe zoom
degree the self-calibation quality, aswell asimage-based
distance We thenintroducea new strategy to decidewhen
to upgradetheprojectivereconstructiorio a metricone Fi-
nally, to alleviate the heavycomputationakostin the bun-
dle adjustmenta local on-demandappmoacd is proposed.
Our methodis also extensivelycompaed with the state-of-
the-artcommecial softwak to evidenceits robustnessand
stability.

1. Intr oduction

Structureand motion (SAM) recovery hasbeena long
researchtopic for its importancein computervision and
wide applicationsin industrials,e.g. adwertisement, Im
productionandarchitecturedesign[1, 15]. Oneof themost
challengingissuesin SAM is to handlethe long video se-
guenceswith varying focal length[10, 14, 13]. Thereare
two main dif culties. First, in auto-calibration,zooming
in/out may be confusedwith a forward/backvard transla-
tion. Secondwhile processingong video sequenceshe
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computationatostandtime grow rapidly asthe numberof

framesincreasesandtheaccumulatiorerrormay causehe

recovery to fail. However, metricreconstructiorfrom long

video sequencesvith varying focal lengthis very impor-

tant,sincesuchsequencearevery commonin professional
movies andfreelancepersonalideos. Most existing tech-
nigueshandlethe caseswith unknavn 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 epipolarconstraintsthenup-
gradegheprojective reconstructiorio ametriconeby some
self-calibrationtechniquesThesestepsgenerallyadoptthe
bundle adjustmen{BA) method[7, 21] to re ne the solu-
tion. To handlethe unknavn andvarying intrinsic camera
parametersthe selectionof initial framesin projective re-
constructioninitialization is very crucial. In [13, 18], two
initial framesareselectedf they containsufcient feature
matchesndtheirviewpointsarenottoo closeto eachother
However, it wasobsenedin our experimentshat suchse-
lection criteriais not sufcient for sequencewith varying
focallength,andoftenproduceunreliablerecovery results.

For long video sequencesthe accumulationerror in
the projective reconstructiormay ultimately causethe self-
calibrationto fail. Recently Replo andPollefeys [16] pro-
poseda self-calibrationapproactto alleviate this problem.
It still requireghattheintrinsic camergparameterarecon-
stant.Moreover, the SAM estimatiorfor along sequencés
time consumingsincethe computationatostis dominated
by BA, whichgrows rapidly with thenumberof frames.Al-
thoughthe computationatostcanbereducedy takingad-
vantageof the sparsenesguring optimization[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 sequencesand proposea
robust approachwhich canefciently andreliably handle
long sequencewith varyingfocal length. Our maincontri-
butionsare:

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



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

2 A new stratgy for upgradingthe projectve recon-
structionto ametricone,which signi cantly improves
theaccurag of metric SAM initialization;

2 A local on-demandschemein bundle adjustment,
which dramaticallyacceleratethe computation.

Therestof this paperis organizedasfollows. Section2
givesan overview of our framewvork. Thenour threemain
contritutions are describedn Section3 (selectionof ini-
tial frames) Sectiord (selectiorof upgradingmoment)and
Section5 (local on-demandoundle adjustment). Experi-
mentalresultsand discussionsre describedn Section6.
Finally, we drav the conclusionin Section?.

2. Framework Overview

In this section,we give an overviewv of our framework,
asshavnin Tablel. We rst initialize thesequentiaimetric
structureandmotion. Thenwe addandprocesgheremain-
ing framesoneby one,in anordersothatframescloserto
theinitization positionareprocessee@arlier For eachnewly
addedframe,we useposeestimationtechniqueto initialize
its cameraparameterand 3D points, andthenre ne ex-
isting structureand motion with BA. A key to the success
of the above algorithmis to accuiatelyinitialize the metric
structue and motion

[EnY

Trackfeaturepointsover thewhole sequence.
Selectsuperiortracksandkey frames.

3 Initialize the metric structure and motion
3.1 Selectthereferencdriple frames(RTFs)to initial-

ize the projective reconstruction )
3.2 Estimatethe projectve SAM with anincremental

approachandselectanappropriatenomentto up-

gradeit to ametricframeavork
4 For every additionalkey frame,

4.1 Initialize the newly addedcameraand3D points
4.2 Re ne theexisting SAM by local on-demandBA
5 Solvethecamergarametersf all non-key frames
6 [Optional]Re ne thewhole SAM throughBA

N

Tablel. An overview of our framework.

2.1.Feature Matching and Key Frames

Our automaticfeaturetrackingalgorithmis basedupon
theiterative KLT algorithm[11, 17]. The matchesbetween
consecutie framesare constraineddy the epipolargeom-
etry [27]. We useRANSAC algorithm[4] to nd a setof
inliersthathave consistenepipolargeometry Thematched
featurepointsconstitutethe featuretracks.

Asweknow, structureandmotionestimatiorwith longer
tracksis more reliable and robust than with that shorter
tracks[5]. LetN betheminimaltracklengthwe required.
Thenwe selectthe tracksnot shorterthan N as superior
tradks for reconstruction We usethe intenal % to se-
lect the key framesto ensurethatall superiortracksstride
over atleasttwo key frames.We alsorequirethatthreecon-
secutve key frameshave sufcient of commontracks (at
least30 in our experiments)for robust estimation. If the
commontracksare lessthanthe required,we temporarily
decreas¢heinterval to selectthe key framesuntil thereare
enoughcommontracksor the intenal is 1. The follow-
ing estimationis mainly basedon key framesandsuperior
tracks.

2.2.CameraModel

We modeleachcamerausingseven parameters,e., the
rotationexpressedy threeEuleranglest = (W Iy k),
thetranslationt = (tx;ty;t;), andthefocallengthf. The
intrinsic matrix is then

Cx

0 1
K=@ c, A (1)
1

oo™
O@O

where aspectratio ® and principal point (cy; cy) are as-
sumedknown. In our experiments,they aresetto 1 and
theimagecenter respectiely.

3. Selectionof Initial Frames

Certainfactorsmayaffect the precisionof SAM estima-
tion. Firstly, sufcient featuresshouldbe matched. Sec-
ondly, the structureand motion also should not be near
degenerateso that the structureis well-conditioned. The
secondrequirements usually veri ed by the mediandis-
tancebetweerpointstransferredhroughanaverageplanar
homograpl andthe correspondingpointsin thetargetim-
age[13], calledimage-basedlistance

b= median(d(H u; u9) 2)

whereH is the planarhomograpl and canbe solved by

minimizing b. Thesetwo criteriais usuallyemployedto se-
lectinitial pairsfor initializationin previouswork [13, 18].

However, from on our experience,Pollefeys et al's selec-
tion criteria,which maximizeshe productof the numberof

matchesand the image-basedlistance,is not alwaysreli-

ablein thefocal-length-arying con gurations. Therefore,
morefactorsshouldbeanalyzed.

As we know, self-calibrationfrom two views contains
uncertaintyandis notreliable. Triple views aremuchmore
robust and have a nice cost performance. Therefore,we
choosea triplet of views as the basic building block for



structureandmotionrecovery. After the step2 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.,denotethemastriplets 1, 2, 3, ..., etc.

3.1.Stabilizing Self-Calibration

The linear algorithm proposedin [13, 14] can deal
with varying intrinsic cameraparameters Readersare re-
ferredto Appendix for more details. However, problems
still exist. In practice, the estimatedf ? may be very
small or even negative. The reasonis that the rst three
itemsof Equation10 are not symmetricfor the constraint
in f 2, which deviates(Px[1]- °P«[1]” )=(P«[3]- °P«[3]")
and(Pk[2]- °Pk[2T )=(P«[3]- °Pk[3T ) from 1.0to zeroor
evennegative. A similar discussioris alsogivenby Polle-
feys in his online tutorial [12]. In orderto alleviate this
problem,we de ne the following non-linearcostfunction
basedn Equationl0,

1 X
Ecaib = NG 1 Ex; (3
e
where
Pk [1]- °Pk[1]” . Pk [3]- °Pk[3]” .
= (%) ((W 12+ (PRl 1)
P[2]. P3]P[3]_ 2
+( §) ((T}Dt[g]z] 1)% + (W 1)%)
i R,
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24 2
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The notationsare explainedin the Appendix. Firstly, we
usethelinearalgorithmintroducedn the Appendixto esti-
matethefocallengthsf . Theweightsof the rst twoterms
of Equation10 aresetto valueshigherthanthe default val-

ues(# in our experiment)to avoid that the estimatedf ?

beingtoo small or negative. Thentheseresultsarere ned

by minimizing the costfunction E 4. This modi cation

cansigni cantly improve therobustnes®f self-calibration,
especiallyin thefocal-length-aryingcon gurations.

3.2.Zoom Degree

Althoughsomealgorithmsfor varyingandunknaown fo-
callengthhave beenproposedtherobustnesss still aniss-
sue.First, in auto-calibrationa forwardtranslatingcamera
may be confusedwith zooming,especiallywhenthe scene
is nearplanar Secondzoommaybring up someotherprob-
lems,suchasmotionblur may occur andfeaturematching
is morechallenging In generalthematchingnoiseis larger
than the caseswithout zoom. Theseproblemsaggraate
further the confusionproblembetweena zoomin/out and
aforward/backvardtranslation.Thefollowing problemof-
ten occurs. The estimatedSAM deviateslargely from the

groundtruth, althoughthe reprojectionerroris small. We
nd thata smallerzoomis moresuitablefor initialization.
We proposea criteria to evaluatethe degree of zooming
betweentwo views. The purefocal length differencebe-
tweentwo views is normalizedwith the image-basedlis-
tance(Equation?);

ifi=fii g+ jfi=fii 1
2b;
In our implementationwe perform projective reconstruc-

tion on eachtriplet of key framesindependentlyandthen
estimatetheir focal lengthby self-calibration.

¢ fij = (4)

3.3.Self-Calibration Quality

Sincewe begin with aprojectvereconstructionandthen
upgradet to ametriconethroughself-calibrationthequal-
ity of projective reconstructioris very important. As we
know, self-calibrationis sensitve to noises,and requires
very accurateprojective reconstruction. The reprojection
error is usually usedto assesshe precisionof projection
matrices. In this paper we arguethat the reprojectioner
ror is not reliablefor evaluatingthe precisionof projective
reconstructionn the casethatno prior knowledgeis avail-
able. In practice,althoughthe reprojectionerror is quite
small, projectionmatricesarestill ill-posed,which leadsto
thefailureof self-calibration Sinceself-calibrations sensi-
tive to the precisionof projective reconstructionthe quality
of self-calibrationis a reasonablevay to evaluatethe qual-
ity of projective reconstructionBasedon the costfunction
in Equation3, we de ne the criteriafor the self-calibration
quality asthefollowing,

n
E calip

C(Ecaiib) = —p—ei 2% (5)
Ecal|b

where" = 0:1, %= 0:2in our experiments.The value of
C(Ecaiib) isin therangeof [0,1]. No matterwhetherE . in
is smallor large,C(E ¢4 b ) manifestaagooddiscriminative
ability.

3.4.Criteria for Selectinglnitial Frames

Generally a subsequencer initial views suitablefor
metricreconstructiorshouldsatisfythe following factors:

1. Therearesufcient featurematches
2. Thecon gurationsarenot neardegenerate
3. Thezoomdegyreeis small

4. Theself-calibrationquality is good

Generallymorefeaturematcheproducemorerobustes-
timation. But it is dif cult to determinehow mary matches



aresufcient. In fact, this factor canbe suggestedy the
self-calibrationquality. Therefore we do not seta thresh-
old valuefor thisfactor For atripleti, wede ne thefollow-
ing criteriato accountfor the image-basedistancezoom
degreeandself-calibrationquality:

Si = C(Ecaiib)(Biji+1 + Bisrji+2 + Biji+2)  (6)
whereBj = % and™ = 0:04in our experiments.

We employ amethodsimilarto [13] with our stabilized
self-calibratiorto reconstruceachtripletindependentiand
computeits S; accordingto Equation6.

Furthermore the initial framesshouldbe in a suitable
subsequencir morerobustness.In orderto evaluatethe
suitability of the subsequencassociateavith the triplet i,
we applyaGaussianiter onS; asthefollowing:

e w (ki )? e w (ki )?
Si = ( e 22" §)= e w2 (7)
k=ij 3w k=ij 3w

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

Sib = S5 (8)

to selecthebesttriplet with maximumSib. Suchastripletl,

i.e. (I;1+ 1;1+ 2), is selectedasourinitial frameswhichis

de ned asrefeencetriple frames(RTFs). In the following

estimation,other key frameswill be processedncremen-
tally with theordering:l j 1;1+ 3;1j 2;1+ 4;:::, etc.

4. Selectionof Upgrading Moment

For along sequencethe accumulatiorerrorin the pro-
jective reconstructionmay ultimately causethe failure of
self-calibration.Therefore we shouldmanageheaccumu-
lation error, and selectan appropriatemomentto upgrade
the projective reconstructiorio a metric onebeforethe ac-
cumulationerrordamageshe self-calibration.

The feature tracks in the RTFs are called refeence
tracks Their correspondin@D pointsarecalledrefeence
3D points Sincethe RTFsaresuitablefor initialization, its
projective reconstructiorcan be regardedreasonablelose
tothegroundtruth. Hencethereference3D pointsarewell-
conditionedandtheir reprojectionerror canbe usedto es-
timate the precisionof reconstructiorreliably. Therefore,
we usethereference8D pointsto manageheaccumulation
errorin the projective reconstruction For every additional
key frame,we checkif it satis esthatthereareatleastn
projectionsof reference3D points,andthe averagerepro-
jection error of thesereference3D pointsis lessthane,
pixels. In our experimentsn, = 15ande, = 3:0. If no
more additionalkey framessatisfythis condition,the pro-
jective reconstructions stoppedand upgradedo a metric
one through our stabilizedself-calibrationwith thesekey

frames. The resultsarere ned throughmetric bundle ad-
justmentimmediately So far, we have accomplishedhe
taskfor initializing the metric structureand motion recov-
ery.

5. Local On-DemandBundle Adjustment

In step4.20f Tablel, if were ne theexisting SAM with
traditionalBA for everyadditionalframe,thecomputational
costis prohibitively largefor long sequenceslto reducethe
computationakostof BA, we proposea local on-demand
schemeFirstly, we onlyre ne theadditionalkey frameand
its visible m; 3D points(i.e., those3D pointsthathave the
correspondin@D featurepointsin this frame). Othercam-
erasand 3D featurepointsare x ed,in orderto reducethe
computationatost.In fact,we only needto x thecameras
of the n; key framesthatalsopresent(“see”) oneor more
of thesem, 3D points. All otherunrelateccamerasand3D
featurepointsarenottouched.

If the re ned reprojectionerror exceedsthe threshold,
more key framesand the associatedBD points should be
consideredn the next round of re nement. The cameras
of thesen| + 1 key framesandtheir associate@D points
aretreatedasvariablesandre ned. Othercamerasand3D
pointsare x ed (unrelatedcamerasand 3D pointsare not
touched).This local on-demandpproactho bundleadjust-
ment continuesuntil eitherthe thresholdis satis ed or all
key framesand 3D points have beenre ned. In practice,
the thresholdis usually satis ed evenin the rst round of
re nement. Thatmeanghe computationatime canbe sig-
ni cantly reduced.

6. Experiments

We have examinedour algorithmswith differentvideo
sequencesn a desktopPC with Intel Xeon 3.0 GHz CPU
and2 GB memory Table 2 shaws the statisticsof three
video sequencesve tested. In the rst 100 framesof the
Synthetic Campussequencethe cameraturns right and
zoomsin with a slight translation,and then moves freely
and rapidly. In some subsequenceghe camerasimul-
taneouslyzoomsin and moves backward, or zoomsout
and moves forward. In addition, 11:7% image noise is
addedj.e.,eachpixelis perturbedy arandomnumberuni-
formly distributedin [-30,30] (pixel valuesarein therange
[0,255]). The Building andthe Gardensequencere two
realoutdoorvideosequencesapturedy ahand-heldsideo
cameraThey arelong sequencewith varyingfocal length.

Table 2 also summarizesthe performance. In our
method, the computationaltime mainly dependson the
numberof key frames,3D points and image projections.
For the Building sequencef 2,410frames,we choose98
key framesandreconstruc2,9083D pointswith 462,621
imageprojectionswhich 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
performancdist of boujouthree

matchingtime (min.) 6 21 14

solvingtime (min.) 55 51 34

Table2. Thestatisticaresultsof ourapproactandtheperformance
of boujouthree.

meansquarederror (RMSE) of the reprojectionsis 1.327
pixels. For extensve comparisonthesesequencearealso
testedwith the state-of-the-arsoftware product, “boujou
three” by 2d3 compary [1], which is the bestavailableto
us. Comparedvith the performancef boujouthreeshavn
in thelastrows of Table2, our methodis 3 to 9 timesfaster
thanthatof boujouthree.

In thefollowing, we rst shaw theef ciency of ourcrite-
riain selectinginitial frames,includinga comparisorwith
the criteria of Pollefeys et al. [13] (Pollefeys criteria for
short). Thenwe compareheresultsof differentupgrading
stratgies. Finally, we verify our algorithmby generating
augmentedrideosbasedon our reconstructiorresults,and
comparehemwith thatof boujouthree.

Initialization Criteria Analysis: We rst analyzethe cri-
teriafor selectingnitial framesusingthe SyntheticCampus
sequenceasshavn in Figure 1(A). Figure 1(A1)-(A4) re-
spectvely shav the averagenumberof matches,average
image-basedlistance,zoom degree, and self-calibration
quality of eachtriplet. Figure 1(A5) shows the translation
initialization error of eachtriplet. Sincethe accurag of
the recovered3D structureis highly relatedto the camera
translationtriple frameswith smallertranslationinitializa-
tion erroraremoresuitablefor initialization. Thereforethe
tripletsaround35» 45aregoodcandidatesor initialization.

Figure 1(A6) and (A7) respectiely shav the suitable
scoresof thetripletscomputedusingPollefeys criteria[13]
and our criteria in Equation8. The peakscorein Fig-
ure 1(A6) is at 12, implying that Pollefeys criteria will
choosetriplet 12 for initialization, which is a poor candi-
dateasindicatedby thetranslationinitialization errorcurve
in Figure1(A5). Thisis becausehat Pollefeys criteria, as

a productof the averagenumberof featurematchesand
the averageimage-basedlistance may not adequatelye-
ect thetranslationinitialization error. In contrastthe peak
scorein Figurel(A7) isat41,implying thatour criteriawill
choosetriplet 41 for initialization, which is a good candi-
dateasindicatedby thetranslationinitialization errorcurve
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Figure2. Focallengthobtainedby differentupgradingstratgies.

in Figure1(A5).

Thenwe analyzethe impact of threefactorsincluded
in our selectioncriteria. Theimage-basedistancecriteria
is usefulto detectthe caseof nearpure rotation or near
degeneratecon gurations,e.qg. triplets 1-7. However, it is
not sensitve to re ect the instability of reconstructiones-
peciallyin the large zoomcase.e.qg. triplets 11-17. Fortu-
nately the self-calibrationquality measureseconstruction
qualitywell andremedythis aw. Smallinitializationerror,
e.g.triplets 35-45,usuallyoccursin the caseof smallzoom
degree.Thereforejt is quitenecessaryo includezoomde-
greeandself-calibrationquality in our selectiorcriteria.

In addition,Figure 1(A8) shavs thereprojectiorerrorof
projectve/metricreconstructior(upgradingto metricwith-
out beingre ned by BA) from eachtriplet. It shavs the
reprojectionerror of mosttriplets is very small and close
to eachother andthereforeit is unreliableto measureghe
projective reconstructiorguality.

We performthe sameanalysisin Figure1(B) for thereal
video sequenceBuilding. Note thatthe nal resultby our
algorithmis usedasthe ground-truthto computethe trans-
lation initialization error, sincethereis no ground-truthfor
this real capturedsequenceand our resultis accurateas
demonstratethy our augmentediideo result. Figure 1(A)
and(B) shaw thatour criteriais superiorfor not only syn-
thetic but alsoreal videos. Figure 1 alsoshaws thatit is a
badchoiceto initialize the sequentiabtructureandmotion
computationfrom the beginning of thesetwo sequences,
which may causetheinitial 3D point structureandcamera
motionsto beill-posedandeventuallyresultin badrecon-
structionor evenfailure.

Upgrading Strategy Evaluation: We evaluate our up-
gradingstrat@y usingthe SyntheticCampussequencand
the real Building sequenceand comparethemto different
stratgies. Thefocal lengthafterupgradingandtheground-
truth focal lengthareshawn in Figure?2.

Figure 2(a) shaws the resultsfor the SyntheticCampus
seqguence.One can easily seethat our upgradingscheme
producesthe bestresultson focal length, and upgrading
immediatelyfrom RTFs even producegnuchbetterresults
thanupgradingafterthecompleteprojective reconstruction.
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criteria; (A7) & (B7): our selectiorcriteria; (A8) & (B8): reprojectiorerror
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Figure3. The SyntheticCampussequence(a) the syntheticscenewith the cameratrajectory(redline); (b) the groundtruth of the focal

length;(c) thefocallengthrecoreredby our methodandboujouthree.

Upgradingafterthecompleteprojective reconstructionpro-
ducesextremely large focal length error at key frame 13.
Figure2(b) shavs anotheisetof resultsfor therealBuilding
sequenceandevidenceghatour upgradingstratgy works
nicely for realsequencaswell.

Veri cation:  In the following, we shov more metric re-
constructionresultsand correspondingaugmentedrideos,
including a comparisionwith that of boujou three. Fig-
ure 3 compareghe focal length recoveredby our method
andboujouthree. As shovn by the dashedcune of Fig-

ure 3(c), mostof thefocal lengthrecoveredby boujouthree
are quite closeto the groundtruth, while thereis signi -
cantdeviationsat the frameswith peaklocal maximumfo-
cal lengthvalues,e.g. frame 361. Our methodproduces
moreaccurateesultsatthesdramesthanboujouthree.The
maximumdeviation from the groundtruth is lessthan2%.
In addition,our methodsuccessfullyeconstructshewhole
sequencewhile boujouthreedoesnot provide a solution
for the rst 183frames.

In Figure 4, we shav the results of recovered focal
length,3D points,camerarajectoryfrom thereal Building
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Figure 6. The result of the Gardensequence.(a) shavs the fo-
cal lengthrecoreredby our method. (b) shavs our recorered3D
points and the cameratrajectory overlaid with the syntheticob-
jects. (c) someaugmentedramesby our method.

sequencesSincethereis no groundtruth, we verify the re-
coveredresultsby augmentinghevideowith two synthetic
objects. The dashedcurve in Figure 4(a) andthe camera
trajectoryin Figure4(c) indicatethattherecoreredcamera
motion by boujouthreeis very jittering, which is however
not true. Several augmentedramescapturedfrom boujou
threeare shavn in Figure 5(b), to examineits reconstruc-
tion quality. While the overlaid domefar away from the
cameran boujouthrees augmentedideolookssteadythe
overlaid box closerto the camerais jitter anddrifts, which
impliesthe recoreredSAM is not accurate.Therecovered
resultsby ourmethodareshavn in Figure4(a) (solid curwe)
and Figure 4(b), the quality is also veri ed by the aug-
mentedvideoresultasshovn in Figure5(a), in which both
thefartherdomeandnearbyboxremain rmly registeredo
thescenghroughouthe sequenceFigure6 shovs another
setof reconstructiorresultandaugmentedrideo resultby
our methodwith the real sequenceGarden. High quality
reconstructions resulted.

7.Conclusions

We have presente robustapproactor automatianet-
ric reconstructionThe majoradwantageof our approachs
thatit canreliably handlelong video sequencewith vary-
ing focal length, which may causeproblemsto previous
methods.In addition,our approachs very ef cient. These
advantagesreachieved by ourinnovationsin the selection
criteriaof initial frames,the upgradingstrateyy andthelo-
cal on-demanddptimizationscheme. The robustnessand
ef ciency have beendemonstratetdy our extensie experi-
mentson bothsyntheticandreal videosequences.

The limitation of the proposedwork is that we do not
considerthe non-linearlensdistortionin our currentSAM
estimation thus our methodmay be unsuitablefor the se-
guenceghatcontainsigni cant lensdistortion. Addressing
the lensdistortionis left for future development. Another
future directionis to improve the featuretracking results
for sequencewith motionblur, sothatwe canhave enough
long tracksfor robustmetricreconstruction.
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Appendix

Accordingto computervision theory the projectionof
theabsolutequadricin theimageyieldsthe dualimageab-
soluteconic:

w! KkKk>' Py- l]Pk>; 9

whereK ¢ andPy is theintrinsic matrixandprojectionma-
trix of framek, which arenormalizedaccordingto [13]. If
theskew is assumedo zero,bothprincipalpointandaspect
ratio areknown, accordingto the linear self-calibrational-
gorithm proposedn [13, 14], Equation9 canbe rewritten
asfollows:

2 3
2 ) 3 f12 0 O a;
fc 00 0 f2 0 a
k4 0 fk2 05:Pk§ 1 2 ZPEI
> 0 0 1 as
0 0 1 Lo
a; a az Jaj

Theuncertaintyis takeninto accounby weightingtheequa-
tionsaccordingly

o (P[1]- "Px[1F i P«[3]- "P«[3F) = 0
o5 (Px[2]- °Px[2F i Px[3]- °P«[3F) =0
oz (Pk[2]- °Pi[1F i Px[2]- °Py[2F) = 0

W(Pk[l]' “P[3F)=0 (20)

oo (Pk[2]- °Px[3F) = 0
gor (Pc[1]- °Pc[2F) = O

wherePy[i] is theith row of Py and® a scalefactorthat
is initialized to 1 andthensetto Py [3]7°P[3]" with ==

which is the result of the previous iteration. An estimate
of the dualabsolutequadric- * canbe obtainedby solving
theabove setof equationdor all views throughlinearleast-
squaresPleaseeferto [13, 14] for moredetails.
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