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Abstract
Geometricreconstructionof the environmentfrom im-

ages is critical in autonomousmappingand robot navi-
gation. Geometricreconstructioninvolvesfeature track-
ing, i.e., locating correspondingimage featuresin consec-
utive images, and structure from motion (SFM), i.e., re-
covering the 3-D structure of the environmentfrom a set
of correspondencesbetweenimages. Althoughalgorithms
for feature tracking and structure from motion are well-
established,their usein practical robotmobileapplications
is still dif�cult becauseof occludedfeatures, non-smooth
motionbetweenframes,andambiguouspatternsin images.
In thispaper, weshowhowasampling-basedrepresentation
canbeusedin placeof thetraditionalGaussianrepresenta-
tion of uncertainty. We showhowsamplingcanbeusedfor
both feature tracking and SFM and we showhow they are
combinedin this framework. Theapproach is exercisedin
thecontext of a mobilerobotnavigatingthroughanoutdoor
environmentwith anomnidirectionalcamera.

1 Intr oduction
Geometricreconstructionof the environmentfrom im-

agesis critical in mobile robot navigation. Geometricre-
constructioninvolvesfeaturetracking, i.e., locatingcorre-
spondingimagefeaturesin consecutive images,andstruc-
ture from motion (SFM), i.e., recovering the3-D structure
of theenvironmentfrom a setof correspondencesbetween
images. Although the basic algorithmsfor tracking and
SFM arewell understood,their operationalusein thecon-
text of mobile robotsin challengingconditions,including
roughmotionandcomplex 3-D shapes,remainsdif�cult. In
particular, occlusions,largechangein motionof therobot,
andnoisein theimages,all contributeto uncertaintyin both
thefeaturelocationsin theimagesandthe3-D structure.It
is essentialthattheuncertaintybecorrectlymodeledfor the
structureto beusable.

In this paper, we describea sampling-basedapproach
to representthe uncertaintyin both trackingandSFM and

integratetheminto a singleuncertaintymaintenancealgo-
rithm. Our aim is to beableto applystandardtrackingand
SFMmethodsto situationsin whichGaussianmodelwould
likely fail. Thesesituationsincludecomplex environments
in which featuresmaybefrequentlyoccluded,robotsoper-
atingin roughterrain,in which thesmoothmotionassump-
tionsarenotapplicable.

2 Background
2.1 ProblemDescription and Notations

Weassumethatweareinitially givenasetof M features
in a referenceimageI o. Wedenotethepositionof featurej
in I o by zj

o, j = 1; : : : ; M and the vectorcontainingthe
positionsof all the featuresby zo. As the robot moves,
new imagesareacquired,which we denoteby I 1; : : : ; I k .
Theinitial featuresarelocatedin theimagesusingafeature
trackersothatthelocationof featurej in imageI k is zj

k and
thevectorof all theM featurelocationsis denotedby zk .

At time k, given zo and zk , both the 3-D structureof
the sceneandthe motion of the robot up to time k canbe
recovered.Wedenoteby sj

k the3-D positionof featurej re-
constructedfrom zk andby sk thesetof the3-D coordinates
of all M features.We denoteby m k themotionrecovered
at timek. Finally, wedenoteby x k thepair (sk ; m k ) recon-
structedby SFMat timek.

Theuncertaintyonthelocationszj
k of thefeaturesin im-

agek determinestheuncertaintyonthereconstructedstruc-
ture and motion x k . Sincezk dependson the datain I k

andthepositionspredictedby the reconstructionx k � 1, its
uncertaintyis describedby thedistributionP(zk jx k � 1; I k ).
By maintainingthis probability at eachcycle, the tracking
andSFM areintegratedprobabilistically. It canbe shown
that this uncertaintycanbe decomposedinto a productof
threeterms,assumingx k � 1 andI k areconditionallyinde-
pendentgivenzk :

P(zk jx k � 1; I k ) = K 1P(zk jI k )P(x k � 1jzk ); (1)
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Equation1 canbefurtherconvertedto

P(zk jx k � 1; I k ) = K 2P(zk jI k )P(zk jx k � 1); (2)

where:

� P(zk jI k ) is the uncertainty of the feature tracker
alone;

� P(zk jx k � 1) is theuncertaintyobtainedby transform-
ing the structurecomputedat time k � 1 with the
predictedmotion andthenprojectingthe transformed
structureinto I k

1;

� and K 2 is a normalizingconstantinvolving only the
priors. We will seethat, becausewe usea sampled
representationratherthanadirectrepresentationof the
distribution, thenormalizationbecomesunnecessary.

2.2 GaussianDistrib utions vs. SampledDistrib u-
tions

Intuitively, Equation2 provides a naturalway to com-
bine uncertaintyin tracking and uncertaintyin prediction
from anoisyreconstructionfrom SFM.In principle,theun-
certaintyon theSFM at time k, describedby theposterior
distribution P(x k jI k ), canbe computed,given the uncer-
taintyonzk ,

In summary, we needto computethreecrucialdistribu-
tions, P(zk jI k ), P(zk jx k � 1), and P(x k jI k ), in order to
correctlyrepresentthequality of thereconstructionat time
k. Traditionally, theseprobabilitiescanbe representedas
Gaussiandistributions. This is the approachtaken in the
approachesbasedontheExtendedKalmanFilter (EKF) [1]
[3] [4] [14] [15] [20]. However, given the fact thatcovari-
ancerepresentationis only alinearapproximationto theun-
certaintyin thehighly nonlinearSFM problem,thecovari-
ancerepresentationis notavalid uncertaintyrepresentation
for SFMin situationswhen(1) thecorrespondencenoiseis
relatively large w.r.t. camerabaseline,(2) correspondence
noisecannot bewell approximatedby a Gaussiandistribu-
tion, or (3) the SFM resultwherethe covarianceis evalu-
atedis not at the true minimum. Unfortunatelythesesitu-
ationsdo occurin real navigation tasksrespectively, when
(1) sometracked featuresarefar away from the robot, (2)
thereis ambiguityor several possiblematchesin tracking,
i.e. thecorrespondenceuncertaintyhasmultiple modes,or
(3) the SFM solutionis a sub-optimallocal minimum due
to poorinitialization.

To illustratetheseissues,considera robotequippedwith
an omnidirectionalcameramoving alonga speci�ed path.
Fifty featuresare tracked a two-frameSFM algorithm is
usedfor recovering structureand motion. Details of the

1Notethat,to simplify thepresentation,we usea simpleconstantmo-
tion model to computeP (zk jx k � 1 ) but a moregeneraldynamicmodel
canbeincludedin this framework

omnidirectionalSFM algorithmcanbe found in [6]. The
featuresarelocatedat a rangeof up to 100min front of the
robot and20m on the side. Figure1 shows the observed
optic �o w on theomnidirectionalimageandthesimulated
environment.

We consider�rst a con�guration in which the baseline
betweenimagesis 19 metersandtheuncertaintyof theim-
agelocationsof thefeaturesis Gaussianwith variance0.01
pixel. In that case,the uncertaintyin the structurerecov-
eredby SFM is indeedwell-approximatedby a Gaussian
distribution. Figure2 showstheMonteCarlorunsof recon-
structionfor featureNo.1, comparedwith the covariance
representationsat thetruereconstructionsfor them.
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Figure1: (a) Optic �o w observed from anomnidirectional
camera(b) Thesimulatedenvironmentandrobotmotion
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Figure 2: (a) Samplesof reconstructionof featureNo.1
from Monte Carlo runs (b) Covarianceapproximationat
trueminimum
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Figure 3: (a) Samplesof reconstructionof featureNo.1
from Monte Carlo runs (b) Covarianceapproximationat
trueminimum

Sincethecovariancematrix is only a �rst orderapproxi-
mationof thetrueuncertainty, it cannotfully capturetheun-
certaintywhenthenoiseis large,however, asillustratedby



increasingthevarianceof theGaussiannoiseto1pixel. Fig-
ure3 shows that for thedistantpoint (featureNo.1) which
has relatively small �o w magnitude,the distribution be-
comeslong-tailed,whichcannotbeapproximatedby Gaus-
siandistributions.Wefurtherdemonstratetheeffectby pro-
jecting the reconstructionsonto the main axis. We expect
the distribution to be a Gaussianif the reconstructioncan
beapproximatedby covariancematrix. In factwe observe
in Figure4 a distribution with long tail for distantpoints,
which is an indicationthat theunderlyinguncertaintycan-
notbecapturedby aGaussian.
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Figure4: Histogramof the projectionsof the reconstruc-
tionsfor featureNo.1

Thetrackermayreturnseveralpossiblecorrespondences
for onefeature. In suchcases,the uncertaintybecomesa
multi-modaldistribution. Figure5(a)shows that thedistri-
bution of the reconstructionbecomesmulti-modalaswell.
In thesesituations,thesimplecovariancerepresentationcer-
tainly would fail. Figure5(b) shows thatthecovarianceap-
proximationcanonly captureoneof themultiplemodes.
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Figure 5: (a) Samplesof reconstructionof featureNo.22
from Monte Carlo runs (b) Covarianceapproximationat
trueminimumof featureNo.22

To capturethe uncertaintyin situationsin which the
Gaussianmodel is insuf�cient, we proposeto usea sam-
pling methodto representthe SFM uncertainty. Sampling
methodsprovideageneralframework to estimatethedistri-
bution of anestimator. Let usdenoteby �̂ = g(t1; : : : ; tp)
the estimatorof an unknown p-dimensionalvalue � . If
we know the distribution P(t1; : : : ; tp), we can sample
from them and form a set T of samples(t1( i ) ; : : : ; tp( i ) ),
i = 1; :::; N 2. The estimatoris appliedto eachsample,

2In an attemptto keepthe �urry of indicesundercontrol, we always
denotethesamplenumberasasubscriptin parentheses.

yielding estimates�̂ ( i ) ; i = 1; : : : ; N . The sampleset
(�̂ (1) ; : : : ; �̂ (N ) ) is the representationof the uncertaintyof
�̂ . Monte Carlo (MC) stochasticalgorithmshave received
muchattentionandsamplingbasednon-parametricuncer-
tainty representationhave becomepopular, owing in large
part to the increasein computationalpower. For example,
successfulsystemshavebeendemonstratedin thecontext of
robotlocalization[7] andobjecttracking[11] [19]. Forsyth
etc. [8] appliedMC to SFM. RecentlyQian andChellapa
[17] appliedsequentialMC methodsto SFM problemto
accountfor thenon-Gaussiandistributionsin SFM results.
But so far all theproposedMC basedSFM algorithmscan
not accountfor the non-Gaussiandistributions in tracking
results(correspondences),thereforewouldnotdealwith the
dif�culties in realnavigationtasks.In thispaper, theuncer-
taintiesin bothtrackingandSFMarerepresentedwith sam-
pling methods,andtheproposedalgorithmseamlesslyinte-
gratesthetrackingandSFMtogetherto copewith thedif�-
cultiesin realsituationsmentionedabove. We explain how
samplingtechniquescan be appledto representthe three
probabilitydistributionsintroducedabove andto derive an
estimatorof x k .
2.3 Integrating Tracking and SFM

FeaturetrackingandSFM areoften treatedasseparate
problemswith somenotableexceptions.Direct approaches
[2] [9] recover the cameramotion without explicit feature
correspondences.However direct methodsassumesmall
cameramotionbetweenframeswhich is not alwaystruein
robotnavigationtasks.Torr [21] estimatesthefundamental
matrix with RANSAC andusestherecoveredfundamental
matrix to guidethe featurematching.RANSAC implicitly
buildsanuncertaintymodelfor thefundamentalmatrix,but
it isonlyusedfor outliersrejectionandtheuncertaintyisnot
propagatedthroughtime. In contrast,we build a complete
uncertaintymodelfor bothtrackingandSFMandinterleave
themtogether, e.g., throughEquation2, in a probabilistic
way. DataassociationmethodssuchasJPDAF canbe ef-
fective in multiple featuretracking[18]. It hasthe advan-
tageof holdingmultiplehypothesis,but how to incorporate
geometricconstraintfrom SFM is not immediatelyclear.
Within our sampling-basedprobabilisticframework, multi-
ple hypothesisarebeingtrackedin a naturalandprincipled
way.

3 Sampling-BasedUncertainty Representa-
tion

3.1 Tracking Uncertainty
We usea standardfeaturetracker basedon af�ne tem-

platematching[10]. This tracker computesthe imagelo-
cationz at which theSSDerrorbetweenthecurrentimage
and an af�ne-warpedversionof a templatefrom the pre-
vious imagereachesa minimum. To simplify notations,
we denotethe differencebetweenreferencetemplateand



warpedtemplateat locationz by SSD(z). Assumingthat
thedifferencebetweenthetemplateandtheimageis caused
by Gaussiannoise,thedistribution of thelocationz canbe
de�ned as[16]:

P(z) = exp(� kSSD(z)) (3)

wherek is a normalizingscalechosensuchthat P(z) in-
tegratesto 1. To representtheuncertaintyin the tracker, a
set of N samplelocationsis drawn accordingto the dis-
tribution of Equation3. Given a set of M features,we
denoteby Z a setof samplesdrawn from the distribution,
with z( i ) denotingthei-th sample,andzj

( i ) denotingthepo-
sition of the j-th featurefrom the i-th sample. More pre-
cisely, z( i ) = (z1

( i ) ; : : : ; zM
(i ) ), i = 1; : : : ; N is drawn from

the combineddistribution P(z1; :::; zM ) =
Q j = M

j =1 P(zj ),
whereP(zj ); j = 1; : : : ; M is the distribution of Equa-
tion 3 for featurej .

Figure6 showsa typical featurewith thematchedimage
region. It alsoshows theSSDsurfaceandthesamplesfrom
thedistributiondescribedby Equation3.

(a) (b)

0
10

20

0

10

20
-3

-2

-1

0

(c)

0
10

20

0

10

20
0

0.2

0.4

(d)

70 80 90 100
60

70

80

90

(e)

Figure 6: (a) one selectedfeature(corner)(b) the search
region(c) SSDsurfaceof thematching(Thenegativeof the
SSDsurfaceis shown hereto make thepeaksmorevisible)
(d) the densityof the distribution accordingto Equation3
(e)actualsamples

Figure7 shows a situationin which the locationof the
featureis ambiguous. In suchcases,the uncertaintydis-
tribution 3 is multi-modalandcannotbe representedby a
Gaussiandistribution.
3.2 SFM Uncertainty

The uncertaintyon structureandmotion is represented
by a set of samplesX = (x (1) ; : : : ; x (N ) ), in which
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Figure7: (a) selectedfeature(b) thesearchregion (c) SSD
surfaceof thematching(Thenegativeof theSSDsurfaceis
shown herefor samereasonasbefore)(d) thedensityof the
distributionaccordingto Equation3 (e)actualsamples
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Figure8: Reconstructionat trueminimum

each samplecontainsthe structureand motion, x ( l ) =
(s( l ) ; m ( l ) ) computedfrom asampleof imagefeatureloca-
tionsz( l ) de�ned asin theprevioussection.Operationally,
theSFMalgorithmsis executedN times,onefor eachsam-
pledsetof imagelocations,z( l ) , l = 1; : : : ; N .

Figure8 showsthestructuresamplesof SFM,thatis, for,
eachstructureandmotionpairx ( i ) = (s( i ) ; m ( i ) ) generated
from asamplez( i ) , wedisplaytheM 3-D pointsin s( i ) .
3.3 SampleSize

We have left thesizeN of thesamplesetunspeci�edso
far. In fact,for theapproachto becomputationallytractable,
it is importantto verify that a modestsamplesizeis suf�-
cient. In thecaseof SFM with M features,thedimension
of the spacebeingsampledis 3M + 5 (threecoordinates
per featureplusa rigid transformationup to a global scale
factor.) Clearly, the samplesize would be prohibitive if
near-uniform coverageof the spacewereneeded.In fact,
a classicalresultdueto D. McKay [13] shows that theac-



curacy of a MonteCarloestimatedependson thevariance
of theestimatedfunctionbut notdirectlyon thedimension-
ality of thespacesampled.In ourcase,it canbeshown that
a smallnumberof samplesis suf�cient despitethehigh di-
mensionalityof thespace.As is commonpractice[11] [12]
[19], we evaluatethesamplesizefrom trainingdata.With
thesyntheticstructureandgivennoiselevel similar to real
situations,we determinethe samplesize requiredfor the
sampledestimateto reacha setlevel of accuracy. Sincewe
aremostinterestedin usingthereconstructed3D point dis-
tribution to guidethetracking,we computethevarianceof
themeanpredictionfor differentsamplesizes.As predicted
by thetheory, thevariancedecreasesasthesamplesizein-
creases.In practice,we choosea thresholdof 2 pixels for
thevariance,whichcorrespondsto asamplesizeN = 200.
Figure9 shows thevariancesdecreasewith increasedsam-
plesizefor distantfeatures(Figure9(a))andnearbyfeatures
(Figure9(b)).
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Figure9: (a) Varianceof themeanreprojectionv.s. sample
sizefor featureNo.1 (b) Varianceof themeanreprojection
v.s. samplesizefor featureNo.22

4 Uncertainty Propagation
Thebasicissueissuein uncertaintypropagationis: given

an uncertaintyrepresentationof the structureand motion
x k � 1 at time k � 1, and a new image I k , computethe
uncertaintyon the new estimateof structureand motion,
P(x k jx k � 1; I k ). A crucial aspectof the problemis that
we needto explicitly combinethe uncertaintyon tracking
andtheuncertaintyon SFM reconstruction.This is in con-
trastwith mostprior approachesin which the two sources
of uncertaintyaretreatedseparately. Theproblemis further
complicatedby thefactthatfeaturesmaybecomeoccluded.

We describe�rst thecoreuncertaintypropagationalgo-
rithm. Practicalimplementationissuesandocclusiondetec-
tion strategy aredescribedin Sections4.2to 4.4.
4.1 PropagationAlgorithm

0. Initialization: M featureszo = z1
o ; : : : ; zM

o arese-
lectedin a referenceimageI o andthe correspondingfea-
tures z1 = z1

1 ; : : : ; zM
1 are locatedin the secondimage

I 1 using the af�ne featuretracker. A set Z1 of N sam-
ples is drawn using the algorithm of Section 3.1. For

eachsamplez1( i ) ; i = 1; : : : ; N , the correspondingstruc-
ture/motionpair x1( i ) is computed.The samplesetX 1 =
(x1(1) ; : : : ; x1(N ) ) is therepresentationof theinitial uncer-
tainty in scenestructureandrobotposition.

Step 1. Estimate tracker uncertainty at time k
(P(zk jI k )): A set Z 0 = (z0

(1) ; : : : ; z0
(N ) ) of samplesof

imagelocationsis generatedby usingtheresultof the fea-
ture tracker in imagek as shown in Section3.1. Z 0 is a
sampledrepresentationof P(zk jI k ).

Step2. Propagate SFM uncertaintyfrom time k � 1
to time k (P(zk jx k � 1)): Let x k � 1 be the structurerecon-
structedat time k � 1. We assumethat we have a sample
setX k � 1 representingtheuncertaintyon structureandmo-
tion at timek � 1, P(x k � 1jI k � 1). For eachsamplex k � 1( i ) ,
i = 1; : : : ; N , thecorrespondingsetof 3-D pointsis trans-
formedto imageI k usinga motionmodel(a constantmo-
tion model in the simplestcase),yielding a set of image
locationsZ 00= (z00

(1) ; : : : ; z00
(N ) ). Z 00is a sampledrepre-

sentationof P(zk jx k � 1).

Step 3. Combine tracker and propagated SFM un-
certainty (P(zk jx k � 1; I k ) / P(zk jx k � 1)P(zk jI k )): The
samplesetZ 0, representingP(zk jI k ), is resampledbased
on weightscomputedfrom thesamplesetZ 00, representing
P(zk jx k � 1). Theresultingnew samplesetZ is a fair sam-
pleof P(zk jx k � 1; I k ). Theapproachusedfor resampling-
factoredsampling- is describedin detail in Section4.2.

Step 4. Computenew SFM uncertainty at time k
(P(x k jx k � 1; I k )): For eachelementz( i ) , i = 1; : : : ; N
of Z , the correspondingstructurex ( i ) is computed. The
resultingset X k = (x (1) ; : : : ; x (N ) ) is a sampledrepre-
sentationof theuncertaintyon thereconstructionat time k,
P(x k jzk ; x k � 1).

It can be shown that this sampledrepresentationfor
P(x k jzk ; x k � 1) convergesto the�nal uncertaintyonrecon-
structionP(x k jI k ), whereI k representsall theimagesfrom
time0 to k.

4.2 FactoredSampling
Step 3. implementsthe relation P(zk jx k � 1; I k ) /

P(zk jx k � 1)P(zk jI k ). Sucha combinationof sampleddis-
tribution canbeachievedthrough“f actoredsampling”[11]
for whichastandardapproachexists.

In factoredsampling,if we weigh eachsamplein the
samplesetwhichrepresentsP(zk j I k ) by aweightpropor-
tional to w = P(zk j x k � 1), the resultingsamplesetwill
representtheconditionalprobabilityP(zk j x k � 1; I k ). The
weightsareestimatedasfollows: For every featurej and
every samplez0j

( i ) from Z 0, the weight wj
( i ) is the number

of samplepointsfrom Z 00that lie within a �x ed radiusof



z0j
( i ) . In practice,a radiusof 2 pixelsis usedto computethe

weights.
Oncetheweightsarecomputed,thesamplesetZ 0 is re-

sampledby usingwj
( i ) asthe weight associatedwith each

samplepoint. It canbeshown thatthisweightedresampling
proceduregeneratesa fair sampleZ of P(zk jx k � 1; I k ) /
P(zk jx k � 1)P(zk jI k ) - see[11] for ajusti�cation of thisap-
proachto factoredsamplingandfor detailson theweighted
resamplingalgorithms.

It is importantto notethat this proceduremakesno as-
sumptionon the distribution of samples.In particular, the
distribution is not requiredto be unimodal. Therefore,if
thereis anambiguityin the tracking,e.g.,two partsof the
imagearesimilarandcloselyspaced,thealgorithmwill pre-
servebothalternativesin thesamplesetuntil suchtimethat
they canbediscriminated.
4.3 OcclusionDetection

The algorithmis modi�ed to includeocclusionsdetec-
tion at step3. Whenan occlusiondoesoccur, the tracker
wouldeither(1) beunableto �nd any targetwithin asearch
regionor (2) �nd anotherfeaturewith similarappearanceto
thetrackedfeature.Case(1) is relatively easyto detectby
examiningthe SSDerror or correlationvalue. Case(2) is
considerablyharderif no otherinformationis provided. In
traditional JPDAF-type approaches[18], a gating method
is used,wherethe featurehasto be within somedistance
to the predictedlocation. The actualthresholdis decided
by theassumedGaussiancovariancein measurementnoise
andsystemdynamicsnoise.

OcclusionsaredetectedatStep3of thealgorithm,thatis,
after theresamplingstepdescribedin theprevioussection.
A givenfeaturej is classi�edasoccludedif thenumberof
total numberof samplesfrom Z 00that fall within a 2-pixel
neighborhoodof a sampleof Z 0 is lower thana threshold,
thatis,

P N
i =1 wj

( i ) < T. T is athresholdthatis currentlyset
at N=2. It is worth noting that, in practice,theexactvalue
of T is not critical to theperformanceof thealgorithm.

It is important for featuresthat are occludedto be al-
lowed to “re-appear”at a later time. To allow this to hap-
pen,all the featurescurrentlyoccludedareexaminedafter
Step4 for possiblere-insertionin thelist of visible features.
If featurej is �aggedasoccludedattimek � 1, then,attime
k, it is projectedto I k usingtheestimateof themotionm k

(technically, thesamplesetof pointsrepresentingfeaturej
is transformed.)Thetracker searchesaroundthis predicted
locationanda decisionis madeas to the visibility of the
featureusingthealgorithmdescribedabove.

Figure10showsdifferentsituationsin whichocclusions
occurandFigure11shows theeffectof resampling.
4.4 SampleImpoverishment

Sampleimpoverishmentis a concernfor any approach
using sampleto representuncertainty[5]. This happens
whenthesamplesizeis not largeenoughfor theuncertainty
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Figure10: (a) no occlusion:two samplesetsareconsistent
(b) occlusioncase(2): two samplesetsareinconsistent
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Figure11: (a)two samplesetsbeforeresampling(b) resam-
pled sampleset combininginformation from both tracker
andSFM

in the system. The key differencebetweenthe approach
describedabove andthe conventionalparticle�ltering ap-
proachesis thatwe samplefrom P(x k j zk ) at every time
step,which meanswe effectively generatenew samplesfor
statevariablesat eachtime. In contrast,the usualparticle
�lters only resamplefrom currentsampleset thusno new
samplesaregenerated.

5 Results
To illustratetheapproach,we ranthethealgorithmover

sequencestakenfrom a robotmoving througha typical en-
vironment. To simulatethe effect of occlusions,someof
the imageswere edited to createarti�cial occlusionover
severalframes.As we seein theresults,thesystemcan(1)
detecttheocclusionwhenit happens,(2) guidethetracker
to searchthe occludedtarget and (3) �nd the right target
when thereare ambiguities. This is dif�cult to achieved
with EKF-basedtraditionalapproachesbecause(1) theun-
certaintyof the SFM involving remotefeaturescannot be
capturedby covariancerepresentationsthus accuratepre-
diction is impossiblewhenthereis largemotion,(2) when
thereis ambiguity(severalpossiblelocations)duringthere-
covery, it cannotberepresentedby thecovariancerepresen-
tationwhichassumessingle-modedistributions.

Figure 12 shows the usualtracking result with predic-
tion overlayedin frameNo.3. Thelargequadranglescorre-
spondto the searchregion usedin the af�ne deformation.
Thesmall rectanglesarethelocatedfeatures.Notethatwe
aremostly interestedin trackingfeatureNo.1 (the oneon



thetop middleview), which is thetargettherobotneedsto
go. The red dotsarepredictedsamplesfrom SFM. With-
outocclusionthey areconsistentwith eachother. Figure13
shows thetrackingresultin frameNo.8wherefeatureNo.1
is occluded.Theocclusionis detected(featureNo.1 is not
locatedin the�gure) andthesearchregion is enlarged.Fig-
ure14showsthetrackingresultwith predictionoverlayedin
frameNo.8. Thesearchregion is selectedby thepredicted
samplesfrom SFM.Eventhoughtherobot is undergoinga
turningmotionwhich causesa large translationof the fea-
ture in the imageplane(morethan10 pixelsbetweeneach
frame), the predictedsamplesfrom SFM guidethe search
to the correctlocationof the occludedfeatureNo.1. Fig-
ure 15 shows the trackingresultwith predictionoverlayed
in frameNo.11. Thesearchis still guidedby thepredicted
samplesfrom SFM correctly. Figure16 shows thetracking
result in frameNo.13. The featureNo.1 re-appearsin the
scene.Eventhoughtherearemultipleobjectssimilar to the
original target due to the enlargedsearchregion, the sys-
temis ableto pick uptheright onewithin severalframesby
combininginformationfrom both tracker andSFM proba-
bilistically over time.

Figure12: frameNo.3: multiple featuretrackingwith pre-
dictionoverlayed

Figure13: frameNo.16:occlusionhappensto featureNo.1

To illustratewhatthealgorithmdoes,we show thesam-
ple distributions on image plane for featureNo.1. Fig-
ures10(a) to 11(b) show the evolution of the uncertainty

Figure 14: frame No.17: occlusionwith predictionover-
layed

Figure 15: frame No.23: occlusionwith predictionover-
layed

distribution for feature1. Figure10(a)shows the samples
from the tracker andSFM areconsistentwhenthereis no
occlusion.Figure10(b)shows thesamplesfrom thetracker
and SFM are inconsistentwhen occlusionhappens. Fig-
ure11(a)shows whenfeatureNo.1re-appearsin thescene,
thesamplesfrom thetracker indicateseveralpossibleloca-
tions, but the ambiguity is reducedwith the samplesfrom
SFMasshown in Figure11(b).

Figure 17 shows the distributions of recoveredmotion
and structureparametersthrough time (16 framestotal).
Limited by space,only the �rst elementof the quater-

Figure16: frameNo.24: featureNo.1recaptured
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Figure17: (a) Distribution of onemotion parameterover
time (b) Distributionof recoveredX for featureNo.1

nion andX coordinateof thestructurefor featureNo.1are
shown. The distributionstendto be multi-modalat frame
No.11whenthereis confusionin trackingfeatureNo.1,but
they quickly concentrateagainasnew framescomein.

6 Conclusions
We have presenteda samplingbasedmethodto charac-

terizetheuncertaintyof trackingandSFM.It is ableto cap-
ture the uncertaintyin challengingsituationsin real robot
navigation tasksin which the commonlyusedcovariance
representationwould fail. We have alsopresenteda sam-
pling based�ltering algorithmto propagatetheuncertainty
throughtime. Within our systemthetrackingandSFM are
integratedprobabilisticallyandthe occlusionsarehandled
in aprincipledway. Theapproachwasvalidatedin thecon-
text of a navigation task with an omnidirectionalcamera.
The systemexhibits robustnessandimproved trackingac-
curacy againstocclusions.

Wearecurrentlyconductingmorecarefulevaluationsfor
this algorithmin variousnavigationscenarios.Futurework
includesthecombinationwith odometrysensorto betterac-
commodatemoredynamicrobotmotions,andtheimprove-
mentoncomputationalef�ciency.
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