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LightningSummary

•Motivation:SLAMwithoutmodifyingtheenvironment

•LandmarkcandidatesareextractedbytheSIFTprocess

•Candidatesmatchedbetweencamerastoget3Dpositions

•Candidatesprunedaccordingtoconsistencyw/robot’s

expectations

•Survivorssentoffforstatisticalprocessing
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ReviewofRobotSpecifications

•Triclops3-camera“stereo”visionsystem

•Odometrysystemwhichproduces[p,q,δ]

•Centercamerais“reference”
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BlackBoxModelofVisionSystem

•Fornow,basedonblack-magic(SIFT).Produceslandmarks.

•Assumelandmarksgloballyindexedbyi.

•Perframeinputs:

–[p,q,δ]-odometryinput(x,z,bearingdeltas.)

–Listof(i,xi)-newlandmarkpos(fromSLAM)

•Perframeoutputisalistof(i,x
′
i,xi,ri,ci)foreachvisible

landmarkiwhere:

–x
′
iisitsmeasured3Dpos(w.r.t.camerapos)

–xiisitsmap3Dpos(w.r.t.initialrobotpos),ifitisn’tnew

–(ri,ci)isitspixelcoordinatesincentercamera
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ChallengesinComputerVision

•Intuitivelyappealing6=computationallyrealizable

•Stablefeatureextractionishard;resultsrarelygeneral

•Extractedfeaturesaresparse

•Matchingrequiresexponentialtime

•Matchesareoftenwrong
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ImplicationsforVisualSLAM

•Hardtoreliablyfindlandmarks

•ReallyHardtoreliablyfindlandmarks

•ReallyReallyHardtoreliablyfindlandmarks

•Dataassociationisslowandunreliable

•Falsematchesintroducesubstantialerrors

•Accurateprobabilisticmodelsunavailable
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RemarksonSIFTapproach

•ForvisualSLAM,landmarksmustbeidentifiableacross:

–Largechangesindistance

–Smallchangesinviewdirection

–(Bonus)Changesinillumination

•Solution:

–Produce“scale-invariant”imagerepresentation

–Extractpointswithassociatedscaleinformation

–Usematcherempiricallycapableofhandlingsmall

displacements
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TheScale-InvariantFeatureTransform

•DescribedinLowe,IJCV2004(preprint;useGoogle)

•Fourstages:

–Scale-spaceextremaextraction

–Keypointpruningandlocalization(notusedinSLAM)

–Orientationassignment

–Keypointdescriptor(notusedinSLAM)
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LightningIntroductiontoScaleSpace

•Motivation:

–Objectscanberecognizedatmanylevelsofdetail

–Largedistancescorrespondtolowl.o.d.

–Differentkindsofinformationareavailableateachlevel
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LightningIntroductiontoScaleSpace

•Idea:Extractinformationcontentfromanimageateachl.o.d.

•DetailreductiontypicallydonebyGaussianblurring

•Longhistoryinbothmachineandhumanvision

–Marrinlate1970s

–Henkelin2000

•Analogousconceptsusedinspeechprocessing
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ScaleSpaceinSIFT

•I(x,y)isinputimage.L(x,y,σ)isrep.atscaleσ.

•G(x,y,σ)is2DGaussianwithvarianceσ
2

•L(x,y,σ)=G(x,y,σ)∗I(x,y)(“only”choice;seeKoenderink

1984)

•D(x,y,σ)=L(x,y,kσ)−L(x,y,σ)

•Dapproximatesσ
2
O

2
G∗I(seeMikolajczyk2002for

significance)

•Dalsoedge-detector-like;newestSIFT“corrects”forthis

•Detailsofdiscretization(e.g.resampling,kchoice)

unimportant
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ScaleSpaceinSIFT

•ComputelocalextremaofDasabove

•Eachsuch(x,y,σ)isafeature

•(x,y)part“should”bescaleandplanarrotationinvariant
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SIFTOrientationAssignment

•Foreachfeature(x,y,σ):

–Findfixed-pixel-areapatchinL(x,y,σ)around(x,y)

–Computegradienthistogram;callthisbi

–Forbiwithin80%ofmax,makefeature(x,y,σ,bi)

•Enablesmatchingbyincludingillumination-invariantfeature

content(Sinha2000)
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SIFTStereopsis

•ApplySIFTtoimagefromeachcamera.

•Matchcenterfeature(x,y,σ,θ)andrightfeature(x
′
,y

′
,σ

′
,θ

′
)

if:

1.|y−y
′
|≤1

2.0<|x
′
−x|≤20

3.|θ−θ
′
|≤20degrees

4.
2

3≤
σ

σ
′≤

3

2

5.Noothermatchesconsistentwithaboveexist

•Matchsimilarlyforleftandtop;discardallnotmatchedtwice

•Compute3Dpositions(trig)asaveragefromhoriz.andvert.

15



SampleSIFTStereoOutput
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Recapitulation(inGMinor)

•Proceduresofar:

1.Foreachimage:

(a)Producescale-spacerepresentation

(b)Findextrema

(c)Computegradientorientationhistograms

2.Matchfeaturesfromcentertorightandcentertotop

3.Computerelative3Dpositionsforsurvivors

•Thisgivesuspotentialfeaturesfromagivenframe

•Howdoweusethem?
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Where’sWaldo?

Sadly,SIFTfailed.:(
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LandmarkTracking

•Predictwherelandmarksshouldappear(reliability,speed)

•Note:Robotmovesinxzplane

•Given[p,q,δ]andoldrelativeposition[X,Y,Z],findexpected

position[X
′
,Y

′
,Z

′
]by:

X
′
=(X−p)cos(δ)−(Z−q)sin(δ)

Y
′
=Y

Z
′
=(X−p)sin(δ)−(Z−q)cos(δ)

•Bypinholecameramodel((u0,v0)imagecentercoords,I

interoculardistance,ffocallength):

r
′
=v0−f

Y
′

Z
′

c
′
=u0+f

X
′

Z
′

d
′
=f

I

Z
′

σ
′
=σ

Z

Z
′
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LandmarkTracking

•Viscamerafieldofviewangle(60degrees)

•Alandmarkisexpectedtobeinviewif:

Z
′
>0

tan
−1

(
|X

′
|

Z
′)<

V

2

tan
−1

(
|Y

′
|

Z
′)<

V

2

•Anexpectedlandmarkmatchesanobservedlandmarkif:

–Obs.centerwithina10x10regionaroundexpected

–Obs.scalewithin20%ofexpected

–Obs.orientationwithin20degreesofexpected

–Obs.disparitywithin20%ofexpected
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SampleLandmarkMatchingResults
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LandmarkTracking

•ASIFTviewis:(SIFTfeature,relative3Dpos,absoluteview

dir)

•Eachlandmarkis:(3Dposition,listofviews,misses)

•Algorithm:

Foreachframe,findexpectedlandmarksw/odometry

Foreachobservedviewv:

Ifvmatchesanexpectedlandmarkl:

Setl.misses=0

Addvtoviewlistforl

ElseaddltoDB

Foreachexpected,unobservedlandmarkl:

Ifoneviewdirectionwithin20degreesofcurrent:

l.misses++

Ifl.misses>=20,deletelfromDB
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OtherExamplesofVision-basedSLAM

•Ceilinglampbased(Panzierietal.2003)

•Bearing-onlyvisualSLAM(lots;uncleartome)

•MonocularvisualSLAM,e.g.byopticalflow(lots;unclearto

me)

•ShiandTomasifeaturebased(DavisonandMurray1998)
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OpenQuestions

•Howtospeedvisionprocessing?(Movetohardware?)

•ShouldfullSLAM(notdecorrelatedSLAM)beused?

•IffullSLAM,howcannumericsbespedup?(FMM?)

•Canthresholdsbeautomaticallytuned?(Maximum

information?)

•WillmovementconfuseSIFTSLAM?(Fixbyopticalflow?)

•WhatenvironmentsfoilSIFTSLAM?

•Howtogetdensefeatures?(Geometricmodelfitting?)

•Canthishandlelargeenvironments/longtrajectories?(Fixby

qualitativenavigation?)

•WhydoesDavidLowerocksohard?
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