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Abstract

Geometricreconstructionof the ervironmentfrom im-
ages is critical in autonomousmappingand robot navi-
gation. Geometricreconstructioninvolvesfeatuie track-
ing, i.e., locating correspondingmage featuesin consec-
utive images, and structue from motion (SFM), i.e., re-
covering the 3-D structure of the ervironmentfrom a set
of correspondencebetweenimages. Althoughalgorithms
for featule tracking and structure from motion are well-
establishedtheir usein practical robotmobileapplications
is still dif cult becauseof occludedfeatules, non-smooth
motionbetweerframesandambiguougatternsin images.
In thispaperweshowhowa sampling-basetepresentation
canbeusedin placeof thetraditional Gaussiarreptresenta-
tion of uncertainty We showhow samplingcanbe usedfor
both feature tracking and SFM and we showhow they are
combinedn this framevork. Theappmoad is exercisedin
thecontet of a mobilerobotnavigatingthroughan outdoor
ervironmentwith an omnidirectionalcameas.

1 Intr oduction

Geometricreconstructiorof the ervironmentfrom im-
agesis critical in mobile robot navigation. Geometricre-
constructioninvolves featuretracking, i.e., locating corre-
spondingimagefeaturesn consecutie images,andstruc-
ture from motion (SFM), i.e., recorering the 3-D structure
of the ervironmentfrom a setof correspondencdsetween
images. Although the basic algorithmsfor tracking and
SFM arewell understoodtheir operationalsein the con-
text of mobile robotsin challengingconditions,including
roughmotionandcomplex 3-D shapestemaindif cult. In
particular occlusions)arge changein motion of the robot,
andnoisein theimagesall contrituteto uncertaintyin both
thefeaturelocationsin theimagesandthe 3-D structure.lt
is essentiathattheuncertaintybe correctlymodeledor the
structureto be usable.

In this paper we describea sampling-base@pproach
to representhe uncertaintyin bothtrackingand SFM and

integratetheminto a single uncertaintymaintenancelgo-
rithm. Ouraimis to beableto apply standardrackingand
SFM methoddo situationsn which Gaussiammodelwould
likely fail. Thesesituationsincludecomple ervironments
in which featuresmay be frequentlyoccluded robotsoper
atingin roughterrain,in whichthe smoothmotionassump-
tionsarenotapplicable.

2 Background
2.1 Problem Description and Notations

We assumehatwe areinitially givenasetof M features
in areferencemagel .. We denotethe positionof featurej
inl, byz,j =

Theinitial featuresarelocatedin theimagesusingafeature
tracker sothatthelocationof featurej inimagel y is z}, and
thevectorof all theM featurelocationsis denotedoy zy.

At time k, given z, and zy, both the 3-D structureof
the sceneand the motion of the robotup to time k canbe
recosered.We denoteby s, the3-D positionof feature re-
constructedrom z, andby sy thesetof the3-D coordinates
of all M features.We denoteby my the motionrecorered
attimek. Finally, we denoteby x thepair(sx; my) recon-
structedby SFM attime k.

Theuncertaintyonthelocationsz}, of thefeaturesn im-
agek determinesheuncertaintyonthereconstructedtruc-
ture and motion xix. Sincezyx dependson the datain I
andthe positionspredictedby the reconstructiorxy 1, its
uncertaintyis describedy thedistribution P (zxjxk 1;1k)-
By maintainingthis probability at eachcycle, the tracking
and SFM areintegratedprobabilistically It canbe shavn
that this uncertaintycan be decomposedhto a productof
threeterms,assumingcx 1 andly areconditionallyinde-
pendengivenzy:

P(zkjxk 1:1k) = KiP(zkjlk)P(xk 1jzk); (1)



Equationl canbefurtherconvertedto
P(zkjxk 1;1k) = K2P (zkjlk)P (zkjxk 1); (2
where:

P (z«jlk) is the uncertainty of the feature tracker
alone;

P (zkjxk 1) is theuncertaintyobtainedby transform-
ing the structurecomputedat time k 1 with the
predictedmotion andthen projectingthe transformed
structureinto I 1;

andK is a normalizingconstantinvolving only the
priors. We will seethat, becausenve usea sampled
representatiomatherthanadirectrepresentationf the
distribution, the normalizationbecomesinnecessary

2.2 GaussianDistrib utions vs. SampledDistrib u-
tions

Intuitively, Equation2 provides a naturalway to com-
bine uncertaintyin tracking and uncertaintyin prediction
from anoisyreconstructiorirom SFM. In principle,theun-
certaintyon the SFM at time k, describedoy the posterior
distribution P (xkjl k), canbe computed,given the uncer
tainty on zy,

In summarywe needto computethreecrucial distribu-
tions, P (zkjlk), P(zkjxk 1), and P (xkjlk), in orderto
correctlyrepresenthe quality of the reconstructiorat time
k. Traditionally, theseprobabilitiescanbe representecs
Gaussiardistributions. This is the approachtaken in the
approachebasednthe ExtendedKalmankFilter (EKF) [1]
[3] [4] [14] [15] [20]. However, giventhe factthat covari-
ancerepresentatiois only alinearapproximatiorto theun-
certaintyin the highly nonlinearSFM problem,the covari-
ancerepresentatiois notavalid uncertaintyrepresentation
for SFMin situationswhen(1) the correspondenceoiseis
relatively large w.r.t. camerabaseline(2) correspondence
noisecannotbewell approximatedy a Gaussiardistribu-
tion, or (3) the SFM resultwherethe covarianceis evalu-
atedis not at the true minimum. Unfortunatelythesesitu-
ationsdo occurin real navigation tasksrespectiely, when
(1) sometracked featuresarefar away from therobot, (2)
thereis ambiguity or several possiblematchesn tracking,
i.e. the correspondencencertaintyhasmultiple modes,or
(3) the SFM solutionis a sub-optimallocal minimum due
to poorinitialization.

Toillustratetheseissuesconsiderarobotequippedwith
an omnidirectionalcameramoving alonga speci ed path.
Fifty featuresare tracked a two-frame SFM algorithm is
usedfor recovering structureand motion. Details of the

INotethat, to simplify the presentationwe usea simpleconstanimo-
tion modelto computeP (zxjxx 1) but a moregeneraldynamicmodel
canbeincludedin this framewvork

omnidirectionalSFM algorithm canbe found in [6]. The
featuresarelocatedat a rangeof up to 100min front of the
robot and 20m on the side. Figure 1 shaws the obsered
optic o w on the omnidirectionalimageandthe simulated
ervironment.

We consider rst a con guration in which the baseline
betweerimagess 19 metersandthe uncertaintyof theim-
agelocationsof thefeaturess Gaussiamwith variance0.01
pixel. In that case,the uncertaintyin the structurerecor-
eredby SFM is indeedwell-approximatecby a Gaussian
distribution. Figure2 shavs the Monte Carlorunsof recon-
structionfor featureNo.1, comparedwith the covariance
representationat thetruereconstructionfor them.

@ (b)
Figurel: (a) Optic o w obseredfrom anomnidirectional
camerdb) The simulatedernvironmentandrobotmotion

@) (b)
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

Sincethe covariancematrixis only a rst orderapproxi-
mationof thetrueuncertaintyit cannotfully captureheun-
certaintywhenthenoiseis large, however, asillustratedby



increasinghevarianceof theGaussiamoiseto 1 pixel. Fig-
ure 3 shaws thatfor the distantpoint (featureNo.1) which
has relatively small ow magnitude,the distribution be-
comedong-tailed ,which cannotbe approximatedy Gaus-
siandistributions.We furtherdemonstratéheeffectby pro-
jecting the reconstruction®nto the main axis. We expect
the distribution to be a Gaussiarif the reconstructiorcan
be approximatecy covariancematrix. In factwe obsere
in Figure4 a distribution with long tail for distantpoints,
which is anindicationthat the underlyinguncertaintycan-
notbe capturedoy a Gaussian.
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Figure 4: Histogramof the projectionsof the reconstruc-
tionsfor featureNo.1

Thetracker mayreturnseveralpossiblecorrespondences
for onefeature. In suchcasesthe uncertaintybecomesa
multi-modaldistribution. Figure5(a) shaws thatthe distri-
bution of the reconstructiorbecomesnulti-modalaswell.

In thesesituationsthesimplecovariancerepresentationer
tainly would fail. Figure5(b) shavs thatthe covarianceap-
proximationcanonly captureoneof themultiple modes.
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Figure 5: (a) Samplesof reconstructiorof featureNo.22
from Monte Carlo runs (b) Covarianceapproximationat
true minimumof featureNo.22

To capturethe uncertaintyin situationsin which the
Gaussiarmodelis insufcient, we proposeto usea sam-
pling methodto representhe SFM uncertainty Sampling
methodgprovide ageneraframeavork to estimatethedistri-

1;::::N2. The estimatoris appliedto eachsample,

2|n an attemptto keepthe urry of indicesundercontrol, we always
denotethe samplenumberasa subscriptin parentheses.

" Monte Carlo (MC) stochastialgorithmshave receved
much attentionand samplingbasednon-parametriaincer
tainty representatiomave becomepopular owing in large
partto theincreasen computationapower. For example,
successfusystem$rave beendemonstrateh thecontext of
robotlocalization[7] andobjecttracking[11] [19]. Forsyth
etc. [8] appliedMC to SFM. RecentlyQian and Chellapa
[17] appliedsequentiaMC methodsto SFM problemto
accountfor the non-Gaussiauistributionsin SFM results.
But sofar all the proposedMC basedSFM algorithmscan
not accountfor the non-Gaussiamistributionsin tracking
results(correspondenceghereforevould notdealwith the
dif culties in realnavigationtasks.In this papertheuncer
taintiesin bothtrackingandSFM arerepresentewith sam-
pling methodsandthe proposedilgorithmseamlesslynte-
grateshetrackingandSFM togetheito copewith the dif -
cultiesin real situationsmentionedabore. We explain how
samplingtechniquescan be appledto representhe three
probability distributionsintroducedabove andto derive an
estimatorof xy.
2.3 Integrating Tracking and SFM
Featuretrackingand SFM are often treatedas separate
problemswith somenotableexceptions.Directapproaches
[2] [9] recover the cameramotion without explicit feature
correspondencesHowever direct methodsassumesmall
cameramotion betweerframeswhich is not alwaystruein
robotnavigationtasks.Torr [21] estimateshe fundamental
matrix with RANSAC andusesthe recoseredfundamental
matrix to guidethe featurematching. RANSAC implicitly
builds anuncertaintymodelfor thefundamentaimatrix, but
it is only usedfor outliersrejectionandtheuncertaintyis not
propagitedthroughtime. In contrastwe build a complete
uncertaintymodelfor bothtrackingandSFM andinterleave
themtogether e.g., throughEquation2, in a probabilistic
way. Dataassociatiormethodssuchas JPDAF canbe ef-
fective in multiple featuretracking[18]. It hasthe advan-
tageof holdingmultiple hypothesisput how to incorporate
geometricconstraintfrom SFM is not immediatelyclear
Within our sampling-basegrobabilisticframevork, multi-
ple hypothesisarebeingtrackedin a naturalandprincipled
way.

3 Sampling-Based Uncertainty Representa-
tion

3.1 Tracking Uncertainty

We usea standardeaturetracker basedon af ne tem-
plate matching[10]. This tracker computeshe imagelo-
cationz atwhich the SSDerrorbetweerthe currentimage
and an af ne-w arpedversionof a templatefrom the pre-
vious image reachesa minimum. To simplify notations,
we denotethe differencebetweenreferencetemplateand



warpedtemplateat locationz by SSD (z). Assumingthat

thedifferencebetweerthetemplateandtheimageis caused
by Gaussiamoise,the distribution of thelocationz canbe

de ned as[16]:

P(z) = exp( kSSD(z)) 3)

wherek is a normalizingscalechosensuchthat P (z) in-
tegratesto 1. To representhe uncertaintyin the tracler, a
setof N samplelocationsis dravn accordingto the dis-
tribution of Equation3. Given a setof M features,we
denoteby Z a setof samplesdravn from the distribution,
with z;y denotingthei-th sampleandzj(i) denotingthepo-
sition of the j-th featurefrom the i-th sample. More pre-

cisely z¢y = (z(li);"';z(l)),l 1;:::; N is dravn from
the combineddistribution P (z*;:::;zM) = jil'v' P(2),
whereP(z/));j = 1;:::;M is the distribution of Equa-
tion 3 for featurej .

Figure6 shawvs atypical featurewith thematchedmage
region. It alsoshavs the SSDsurfaceandthesampledrom
thedistribution describedy Equation3.
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Figure 6: (a) one selectedfeature(corner)(b) the search
region (c) SSDsurfaceof thematching(The negative of the
SSDsurfaceis shavn hereto make the peaksmorevisible)
(d) the densityof the distribution accordingto Equation3
(e) actualsamples

Figure 7 shows a situationin which the location of the
featureis ambiguous. In suchcases the uncertaintydis-
tribution 3 is multi-modaland cannotbe representedby a
Gaussiardistribution.

3.2 SFM Uncertainty

The uncertaintyon structureand motion is represented

by a set of samplesX =
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130
120 * & .
110

60 100

180 190 200 210

(d) (e)
Figure7: (a) selectedeature(b) the searctregion (c) SSD
surfaceof the matching(The neggative of the SSDsurfaceis
shavn herefor samereasorasbefore)(d) thedensityof the
distribution accordinato Eauation3 (e) actualsamples
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Figure8: Reconstructiomt true minimum

each sample containsthe structureand motion, Xy =

(sgy; m(y) computedrom a sampleof imagefeatureloca-
tionsz;y de ned asin the previous section.Operationally
the SFM algorithmsis executedN times,onefor eachsam-

Figure8 shavsthestructuresample®f SFM, thatis, for,
eachstructureandmotionpairx iy = (s(); M(j)) generated
from asamplez;, we displaytheM 3-D pointsin s;y.

3.3 SampleSize

We have left thesizeN of thesamplesetunspeci edso
far. In fact,for theapproactio becomputationallytractable,
it is importantto verify thata modestsamplesizeis suf-
cient. In the caseof SFM with M featuresthe dimension
of the spacebeingsampledis 3M + 5 (threecoordinates
perfeatureplusarigid transformatiorup to a global scale
factor) Clearly the samplesize would be prohibitive if
nearuniform coverageof the spacewere needed.In fact,
aclassicalresultdueto D. McKay [13] shaws thatthe ac-



curag of a Monte Carlo estimatedependsn the variance
of theestimatedunctionbut notdirectly on thedimension-
ality of the spacesampledIn our casejt canbeshown that
asmallnumberof sampleds sufcient despitethe high di-
mensionalityof thespace As is commonpractice[11] [12]
[19], we evaluatethe samplesizefrom training data. With
the syntheticstructureand given noiselevel similar to real
situations,we determinethe samplesize requiredfor the
samplecdestimateo reacha setlevel of accurag. Sincewe
aremostinterestedn usingthereconstructe®D point dis-
tribution to guidethetracking,we computethe varianceof
themeanpredictionfor differentsamplesizes.As predicted
by thetheory the variancedecreaseasthe samplesizein-
creases.In practice,we choosea thresholdof 2 pixels for
thevariancewhich correspondso a samplesizeN = 200
Figure9 shaws thevarianceslecreasevith increasedgsam-
plesizefor distantfeaturegFigure9(a))andnearbyfeatures
(Figure9(b)).
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Figure9: (a) Varianceof the meanreprojectiornv.s. sample
sizefor featureNo.1 (b) Varianceof the meanreprojection
v.s. samplesizefor featureNo.22

4 Uncertainty Propagation
Thebasicissueissuein uncertaintypropagtionis: given
an uncertaintyrepresentatiorof the structureand motion
Xk 1 attime k 1, anda newv imagely, computethe
uncertaintyon the new estimateof structureand motion,
P(xkjxk 1;1k). A crucial aspectof the problemis that
we needto explicitly combinethe uncertaintyon tracking
andthe uncertaintyon SFM reconstructionThisis in con-
trastwith mostprior approache# which the two sources
of uncertaintyaretreatedseparatelyThe problemis further
complicatedoy thefactthatfeaturesmaybecomeoccluded.
We describerst the coreuncertaintypropagtion algo-
rithm. Practicaimplementationssuesandocclusiondetec-
tion stratgy aredescribedn Sectionst.2to0 4.4.
4.1 PropagationAlgorithm

turesz; = z};:::;Z) arelocatedin the secondimage
I, usingthe afne featuretracker. A setZ; of N sam-
ples is dravn using the algorithm of Section3.1. For

eachsamplezyy;i =
ture/motionpair X 1(j) is computed.The samplesetX; =

tainty in scenestructureandrobotposition.

Step 1.  Estimate tracker uncertainty at time k
imagelocationsis generatedy usingthe resultof the fea-
ture tracker in imagek asshaown in Section3.1. Z%is a
sampledepresentatioonf P (zkjl k).

Step2. Propagate SFM uncertaintyfromtime k 1
totimek (P(zkjxx 1)): Letxyx 1 bethe structurerecon-
structedattimek 1. We assumeahatwe have a sample
setX 1 representingheuncertaintyon structureandmo-
tionattimek 1,P(xk 1jlx 1). Foreachsamplex, 1,
i = 1;:::; N, thecorrespondingetof 3-D pointsis trans-
formedto imagel x usinga motion model(a constantmo-
tion modelin the simplestcase),yielding a setof image

sentatiorof P (zyjxk 1).

Step3. Combinetracker and propagated SFM un-
certainty (P (zxjxx 1;1k) /' P(z«jxk 1)P(zkjlk)): The
samplesetZ® representind® (zjl ), is resampledased
onweightscomputedrom the samplesetZ % representing
P (zkjXx 1). Theresultingnen samplesetZ is afair sam-
ple of P(zxjxx 1;lk). Theapproachusedfor resampling
factoredsampling- is describedn detailin Section4.2.

Step4. Computenen SFM uncertainty at time k

sentatiorof theuncertaintyon thereconstructiorattimek,
P (Xkjzk; Xk 1)-

It can be shavn that this sampledrepresentatiorfor
P (xkjzk; Xk 1) corvergestothe nal uncertaintyonrecon-
structionP (xkjl k), wherel x representall theimagesrom
timeOtok.

4.2 Factored Sampling

Step 3. implementsthe relation P (zxjxx 1;1k) /
P (zkjxx 1)P(zkjlk). Suchacombinationof sampleddis-
tribution canbe achieved through“f actoredsampling”[11]
for which a standardapproactexists.

In factoredsampling,if we weigh eachsamplein the
samplesetwhichrepresent® (zx j | k) by aweightpropor
tionaltow = P(zx j Xk 1), theresultingsamplesetwill
representhe conditionalprobabilityP (zx j Xk 1;1k). The
weightsare estimatedas follows: For every featurej and
every samplezd(i) from Z©, theweightw’(i) is the number

of samplepointsfrom Z ®thatlie within a x ed radiusof



zo(i). In practice aradiusof 2 pixelsis usedto computethe
weights.

Oncetheweightsarecomputedthe samplesetZ °is re-
sampledby using Wl(i) asthe weight associatedvith each
samplepoint. It canbeshawvn thatthisweightedresampling
proceduregenerates fair sampleZ of P (zyjxx 1;1k) /

P (zkjxk 1)P(zkjlk) - se€[11] for ajusti cation of thisap-
proachto factoredsamplingandfor detailsontheweighted
resamplingalgorithms.

It is importantto notethat this procedurenakesno 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
imagearesimilarandcloselyspacedthealgorithmwill pre-
sene bothalternatvesin the samplesetuntil suchtime that
they canbediscriminated.

4.3 OcclusionDetection

The algorithmis modi ed to include occlusionsdetec-
tion at step3. Whenan occlusiondoesoccut the tracker
would either(1) beunableto nd ary targetwithin asearch
regionor (2) nd anothefeaturewith similarappearancto
thetracked feature.Case(1) is relatively easyto detectby
examiningthe SSDerror or correlationvalue. Case(2) is
considerablyjharderif no otherinformationis provided. In
traditional JPDAF-type approache$18], a gating method
is used,wherethe featurehasto be within somedistance
to the predictedlocation. The actualthresholdis decided
by theassumedsaussiarcovariancein measurementoise
andsystemdynamicsnoise.

Occlusionsaredetectedt Step3 of thealgorithm, thatis,
aftertheresamplingstepdescribedn the previous section.
A givenfeaturej is classi edasoccludedif the numberof
total numberof samplesrom Z ®thatfall within a 2-pixel
neighb@rhooda_f a sampleof Z%is lower thana threshold,
thatis, | w’(i) < T. T isathresholdhatis currentlyset
atN=2. It is worth notingthat,in practice the exactvalue
of T is notcritical to the performancef the algorithm.

It is importantfor featuresthat are occludedto be al-
lowedto “re-appear’at a latertime. To allow this to hap-
pen,all the featurescurrently occludedare examinedafter
Step4 for possiblere-insertionin thelist of visible features.
If featurg is aggedasoccludedattimek 1, then,attime
k, it is projectedto | ¢ usingthe estimateof the motionm
(technically the samplesetof pointsrepresentindeaturej
is transformed.)Thetracker searchearoundthis predicted
location and a decisionis madeasto the visibility of the
featureusingthealgorithmdescribedabove.

Figure10 shavs differentsituationsin which occlusions
occurandFigurell shaovsthe effect of resampling.

4.4 Samplelmpoverishment

Sampleimpoverishmentis a concernfor ary approach
using sampleto representuncertainty[5]. This happens
whenthesamplesizeis notlargeenoughfor theuncertainty
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Figurell: (a)two samplesetsbeforeresamplingb) resam-

pled sampleset combininginformation from both traclker
andSFM

in the system. The key differencebetweenthe approach
describedabore andthe corventionalparticle Itering ap-

proachess thatwe samplefrom P (xx j zx) atevery time

step,which meanswe effectively generateen sampledor

statevariablesat eachtime. In contrastthe usualparticle
Iters only resamplefrom currentsamplesetthusno new

samplesaregenerated.

5 Results

To illustratethe approachyve ranthethe algorithmover
seqguencetakenfrom arobotmoving throughatypical en-
vironment. To simulatethe effect of occlusions,someof
the imageswere editedto createarti cial occlusionover
severalframes.As we seein theresults the systemcan(1)
detectthe occlusionwhenit happens(2) guidethetracker
to searchthe occludedtarget and (3) nd the right target
when there are ambiguities. This is dif cult to achieed
with EKF-basedraditionalapproachebecausé€l) theun-
certaintyof the SFM involving remotefeaturescannot be
capturedby covariancerepresentationthus accuratepre-
diction is impossiblewhenthereis large motion, (2) when
thereis ambiguity(severalpossibldocations)duringthere-
covery, it cannotberepresentetly thecovariancerepresen-
tationwhich assumesingle-modedistributions.

Figure 12 shaws the usualtracking resultwith predic-
tion overlayedin frameNo.3. Thelarge quadranglesorre-
spondto the searchregion usedin the af ne deformation.
Thesmallrectanglesarethe locatedfeatures.Note thatwe
aremostly interestedn tracking featureNo.1 (the oneon



thetop middle view), whichis thetamgettherobotneedso

go. Thereddotsare predictedsamplesfrom SFM. With-

outocclusionthey areconsistenwith eachother Figurel13

shavs thetrackingresultin frameNo.8 wherefeatureNo.1

is occluded.The occlusionis detectedfeatureNo.1is not
locatedin the gure) andthesearchregionis enlaged.Fig-

urel4shavsthetrackingresultwith predictionoverlayedn

frameNo.8. The searchregion is selectedy the predicted
samplefrom SFM. Eventhoughtherobotis undegoinga
turning motion which causesa large translationof the fea-
turein theimageplane(morethan 10 pixels betweereach
frame), the predictedsamplesrom SFM guide the search
to the correctlocation of the occludedfeatureNo.1. Fig-

ure 15 shows the tracking resultwith predictionoverlayed
in frameNo.11. The searchs still guidedby the predicted
sampledrom SFM correctly Figure16 shows thetracking
resultin frameNo.13. The featureNo.1 re-appearsn the

scene Eventhoughtherearemultiple objectssimilarto the

original tamget due to the enlaged searchregion, the sys-
temis ableto pick up theright onewithin severalframesby

combininginformationfrom both tracker and SFM proba-
bilistically overtime.

Figure12: frameNo.3: multiple featuretrackingwith pre-
diction overlayed

Figure13: frameNo.16: occlusionhappendo featureNo.1

To illustratewhatthe algorithmdoes we shav the sam-
ple distributions on image plane for featureNo.1. Fig-
ures10(a)to 11(b) shav the evolution of the uncertainty

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

Figure 15: frame No0.23: occlusionwith predictionover-
layed

distribution for featurel. Figure10(a)shaws the samples
from the tracker and SFM are consistentwhenthereis no
occlusion.Figure10(b)shavs the sampledrom thetracker
and SFM are inconsistentwhen occlusionhappens. Fig-
urell(a)shavs whenfeatureNo.1re-appearin thescene,
thesampledrom thetracker indicateseveral possibleloca-
tions, but the ambiguity is reducedwith the samplesrom
SFMasshavn in Figure11(b).

Figure 17 shaws the distributions of recovered motion
and structureparameterghroughtime (16 framestotal).
Limited by space,only the rst elementof the quater

Figure16: frameNo.24: featureNo.1recaptured
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Figure 17: (a) Distribution of one motion parameteiover
time (b) Distribution of recoreredX for featureNo.1

nionandX coordinateof the structurefor featureNo.1 are
shovn. The distributionstendto be multi-modalat frame
No.11whenthereis confusionin trackingfeatureNo.1, but
they quickly concentrategain asnew framescomein.

6 Conclusions

We have presented samplingbasedmethodto charac-
terizetheuncertaintyof trackingandSFM. It is ableto cap-
ture the uncertaintyin challengingsituationsin real robot
navigation tasksin which the commonly usedcovariance
representationvould fail. We have also presentedh sam-
pling basedltering algorithmto propagtethe uncertainty
throughtime. Within our systemthe trackingandSFM are
integratedprobabilisticallyandthe occlusionsare handled
in aprincipledway. Theapproactwasvalidatedin thecon-
text of a navigation task with an omnidirectionalcamera.
The systemexhibits robustnessand improved tracking ac-
curag againstocclusions.

We arecurrentlyconductingnorecarefulevaluationgor
this algorithmin variousnavigation scenariosFuturework
includesthecombinatiorwith odometrysensoto betterac-
commodatenoredynamicrobotmotions,andtheimprove-
menton computationakf ciency.
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