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Abstract— Recentwork hasshawn that the probabilistic SLAM
approach of explicit uncertainty propagation can succeedin
permitting repeatable 3D real-time localization and mapping
even in the “pure vision' domain of a single agile camera
with no extra sensing An issue which has causeddif culty in
monocular SLAM however is the initialization of features, since
information from multiple imagesacquired during motion must
be combined to achieve accurate depth estimates.This has led
algorithms to deviate from the desirable Gaussian uncertainty
representationof the EKF and related probabilistic Iters during
special initialization steps.

In this paper we presenta new unied parametrization for
point features within monocular SLAM which permits ef cient
and accurate representation of uncertainty during undelayed
initialisation and beyond, all within the standard EKF (Extended
Kalman Filter). The key conceptis dir ect parametrization of in-
versedepth, wherethereis a high degreeof linearity . Importantly ,
our parametrization can cope with features which are so far
from the camerathat they presentlittle parallax during motion,
maintaining suf cient representatve uncertainty that thesepoints
retain the opportunity to ‘comein' from in nity if the camera
makes larger movements. We demonstrate the parametrization
using real image sequencesof large-scaleindoor and outdoor
scenes.

I. INTRODUCTION

A monocularcamerais a projective sensomwhich measures
the bearingof imagefeatures.To infer the depthof a feature
the cameramustobsenre it repeatedlyasit translateghrough
the scenegachtime capturinga ray of light from the feature
to its optic center The angle betweenthe capturedrays is
the features parallax — this is what allows its depthto be
estimated.

In computervision, the well-known conceptof a point
at innity is a feature which exhibits no parallax during
cameramotion dueto its extremedepth.A star for instance
would be obsered at the sameimage location by a camera
which translatedthrough mary kilometerspointed up at the
sky without rotating. Such a feature cannot be used for
estimatingcameraranslationbut is a perfectbearingreference
for estimatingrotation. The homogeneousoordinatesystems
of visual projectve geometryallow explicit representatiorof
points at in nity , and they have proven to play an important
role during off-line optimization-basedtructureand motion
estimationfrom image sequences.

Recentresearcthasshownn that the way to improve on off-
line sequenceestimationand achieve sequential,repeatable
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motion and structure estimation with a moving camerais

to adoptthe probabilistic SLAM (Simultaneoud_ocalization
and Mapping) approachof explicit uncertainty propagtion

familiar from mobile robotics. Davison [2] proved that the

standardeEKF formulation of SLAM can be very successful
even when the only sourceof informationis the video from

an agile single camera,demonstratingeal-time 30Hz motion

and structureestimationin 3D.

A signi cant limitation of Davison's approach,however,
was that it could only make use of featureswithin close
range of the camerawhich exhibited signi cant parallax,
and was therefore practically limited to room-scalescenes.
The problem was in initialising uncertain depth estimates
for distantfeatures.Acknowledging that featuredepthuncer
tainty during initialisation is not well-modelledby a standard
Gaussiandistribution in Euclidean space, Davison used a
particleapproactto represena features depthcoordinateuntil
conversionto Gaussianrepresentatiorwhen the distribution
had collapsedsufciently. Aside from being able to deal
only with feature depthswithin the small pre-de ned range
along which particles were spread(around1 to 5 meters),
this “delayed' style of initialisation meantthat obsenations
of featureswere not usedto updatethe cameraposeestimate
until their corversioninto fully initialised features.

It would be relatively simpleto dealwith pointsat in nity
in SLAM if it were known in adwancewhich featureswere
at in nity and which were not. Thoseat in nity would be
modelledwith a special direction' parametrizationignoring
their depth,while nite featuresmaintainedhe standardorm.
Montiel [8] shavedthatin the specialcasewhereall featues
are knownto bein nite — in very large scaleoutdoorscenes
or when the camerarotateson a tripod — SLAM in pure
angularcoordinatesturns the camerainto a real-time visual
compass.

In the more generalcase,the dif culty is that we do not
know in adwance which featuresare in nite and which are
not. We shouldclarify the discussiorby de ning the meaning
of “in nity’ in the currentcontet. Of courseno obsenable
featureis truly in nitely far from the camera(even a star of
coursehasa nite depth). A point at in nity is simply far
enoughaway relative to the camen motionsinceit hasbeen
observedhat no parallaxhasbeenobsened.

Let usimaginea cameramoving througha 3D scenewith



obsenablefeaturesat a rangeof depths.From the estimation
point of view, we canthink of all featuresstartingat in nity
and ‘comingin' asthe cameramovesfar enoughto measure
sufcient parallax. For nearby indoor features,only a few
centimetresof movementwill be sufcient. Distant features
may requiremary metersor even kilometersof motion before
parallax is obsered. It is important that thesefeaturesare
not permanentlylabelled as in nite — a featurethat seems
to be at in nity should always have the chanceto prove its
nite depthgiven enoughmotion, or therewill be the serious
risk of systematicerrorsin the scenemap. Our probabilistic
SLAM algorithm must be able to representthat uncertainty
in depthof seeminglyin nite featuresObservingno parallax
for afeatureafter 10 metersof cameratranslationdoestell us
somethingaboutits depth— it givesa reliable lower bound.
We feel that this consideratiorof uncertainlyin locationsof
points has not beenpreviously requiredin off-line computer
vision algorithms,but thatnow we have a methodfor dealing
with it in the more dif cult on-line case.

Our contrikution in this paperis to shav thatin factthereis
auni ed andstraightforvard parametrizatiorfor featureloca-
tionswhich canhandlebothinitialisationandstandardracking
of both close and very distant featureswithin the standard
EKF framevork. An explicit parametrizationof the inverse
depthallows a Gaussiandistribution to cover uncertaintyin
depthwhich spansa depthrangefrom nearbyto in nity , and
permits seamlesscrossingover to nite depth estimatesof
featureswhich have beenapparentlyin nite for long periods
of time.

The fact is that the projective nature of a camerameans
that the image measuremenprocessis nearly linear in this
inverse depth coordinate.This is a principle which should
perhapshave beennoted soonerin SLAM, becausenverse
depthis a conceptusedwidely in computervision: it appears
in therelationbetweertheimagedisparityanda pointdepthin
stereovision; it is interpretedasthe parallaxwith respecto the
planeatin nity in [4]; inversedepthis alsousedto relatethe
motion eld inducedby scenepointswith the cameravelocity
in optical o w analysig5], andin Structurefrom Motion error
analysis[9], [1].

Theuni ed representatiomeanghatour algorithmrequires
no specialinitialisation processfor features.They are simply
tracked right from the start, immediately contritute to im-
proved cameraestimatesand have their correlationswith all
other featuresin the map correctly modelled. That this can
be achiezed within the standardEKF meansthat all the great
bene ts it offers are maintainedin terms of highly efcient
representatiorof correlateduncertainty We strongly believe
that EKF maps,or networks of EKF submapswill continue
to have a central role in SLAM. When parametrizations
are chosencarefully, thereis often no needto use ltering
techniquesusing particles (e.g. [7]) for instancewhich can
explicitly represeninon-Gaussiaristributions but have their
own disadantagesNote that our parameterizationwould be
equally compatiblewith other variantsof Gaussian ltering
suchas sparseinformation lters.

Solaet al. [10] also recently proposedan interestingnewn
approachto monocularfeature initialization. In their work,
an undelayednitialization of new pointswasbasedon main-
taining several depthhypothese@sGaussiarvolumesfor each
initialized featurespreadn a geometricsum— a development
of the particle method of Davison but taking advantageto
someextent of the inversedepth concept.As the estimation
proceedsthe hypothesesre prunedand an approximationto
the GaussianSum Filter is proposedkeepthe computational
overheadow. Their resultsare validatedwith 2D simulations
combiningodometryandvision and appeatimpressive. How-
ever, we believe that our approachhassigni cant bene tsin
termsof uniformity, clarity andsimplicity. Further they make
no claimsaboutbeingableto copewith featuresat very large
‘in nite' depths.

In very recentwork, Eadeand Drummondhave presented
an inverse depth initialisation schemewithin the contet of
their FastSLAM-basedystemfor monocularSLAM [3]. Their
methodwhich sharesnary similaritieswith our approachand
they offer someof the sameamgumentsabout advantagesin
linearity. The positionof eachnew partially initialised feature
addedto the map is parametrizedwith three coordinates
representingits direction and inverse depth relative to the
cameraposeat the rst obsenration, and estimatesof these
coordinatesarere ned within a setof KalmanFiltersfor each
particle of the map. Once the inverse depth estimationhas
collapsedthefeatureis corvertedto afully initialisedstandard
EuclideanrepresentationWhile retaining the differentiation
betweenpartially andfully-initialised featuresthey go further
and are able to use measurement®f partially initialised
featureswith unknavn depthto improve estimatesof camera
orientationvia a specialepipolarupdatestep.

Their approachcertainly appearsappropriatewithin a Fast-
SLAM implementation However, it lacks the satisfying uni-
ed quality of the parametrizationwe presentin this paper
where the transition from partially to fully initialised need
not be explicitly tackled and full useis automaticallymade
of all of the informationavailablein measurementdt is this
which makesit suitablefor direct usein an EKF framevork
for sparsemapping, with all the adwantagesthat offers in
terms of completeand correct representatiorof uncertainty
and correlations.Besides,our systemis able to codein the
map distant points, in which the inversedepth coding never
collapsesand cannotbe codedwith the standardEuclidean
representation.

Sectionll is devotedto the cameramotion model, and the
parametrizatiorof inversedepthis detailed.The measurement
equationis describedin sectionlll, and a discussionabout
measuremeneéquationlinearizationerrorsis included. Next,
featureinitialization from a single feature obsenation is de-
tailedin SectionlV. The paperendswith experimentalvalida-
tion (SectionV) over realimage sequencesapturedat 30Hz
in large scaleervironmentsboth indoorsand outdoors;links
to movies describingthe systemperformanceare provided.



Il. STATE VECTOR DEFINITION

A constanaingularandlinearvelocity modelis usedto code
the hand-heldcameramotion, so the camerastatex, is com-
posedof location:r'W ¢ camereaopticalcenterqV ¢ quaternion
de ning orientation;velocity vV andangularvelocity ! W :
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At every stepit is assumedan unknavn linear and angular
accelerationzero mean Gaussianprocesses@V’ and @V,
producingan impulse of linear and angularvelocity:
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A scene3D point i is de ned by the dimension6 state
vector (seeFigl):

Yi= xi Vi z W A % (4)
which modelsa 3D point locatedat (seeFig1):
0 1
Xi
@y. A+7m(u A): ()

The statecodesthe ray for the r st point observationas:
Xi;Vi; zi, the cameraoptical centerwhere the 3D point was
rst obsened; and ;A azimuthand elevation (codedin the
absolutereference)for the ray directional vector m (1 ; A).
The point depthalongthe ray d; is codedby its inverse%; =
1=d.

The featuresy,; are consideredas constantalong the esti-
mate. It is assumecho unknavn input acting on the feature
location.

The whole statevector x is the composedof the camera
andall the mapfeatures:

i > > >¢>
X = Xy;Y1iYaiiiiyn o (6)

I11. MEASUREMENT EQUATION

Each obsened feature imposesa constraintbetweenthe
camerdocationandthe correspond|ngnapfeature(seel%dg 1).
The rotationis codedin the rotationmatrix R€W gV ¢ | de-
pendlngonthecameraorlentatlonquaternlon.Theobser\atlon
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Fig. 1.

Featureparametrizatiorand measuremengquation.

of a pointy, from a cameraI(I)catlon de nes a¢>ray expressed
in the cameraframeash® =~ h, hy, h,
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whichis almostequivalentto the next expressionf codedwith
dil
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The differenceis that (7) cancodea point at in nity using
% = 0, evenin that case,(7) canbe rewritten as:
0O 00 1 1 1
Xi

hC = REW @, @@ y; A ;
Z

rWCA +m(u;A)A ;L (9)

analogously(8) cancodea point at zero depthwhile not (7)
nor (9) can.
The cameradoesnot obsere directly h®, but its projection

in the the image accordingto the pinhole model. First, the
projectionis modeledon the normalizedretina:
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h
o — Y
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andthenit is appliedthe cameracalibrationto producethe
pixel coordinatedor the obsered point:
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epipolarsegmentde ned by the epipole (the imageof C1 on
C2) andx; (theimageon xc, if the scenepoint where at
in nity). Hencethe measuremengéquationis de ned by:

projection ray
for the point at infinity X,

vl 1 Tt
B o y = 000005~ 43)
e cos® 0 sin®
epipolar segment (€, \ G Rczc1 = @ 0 1 0 A (14)
E i sin® 0 cos®
a W = (G 0iry): (15)
xw‘xa \ e

Applying equation (10) to the two different parameter

) , _ izations, (7) or (8) we obtain correspondingmeasurement
Fig. 2. Obsenation of a point by two cameras.The geometryhas been

. . A1 N
de ned with respectto the epipolarplane.Bottom sub gure shavs the same equatlonsfor the two parameterlzanonsﬁ;\( /; _a”‘?' A(d)'
geometryas obsered by the cameras We proposeto comparethe two parameterizationg terms

of their linearity, rst we focuson A(% thenthe analysisis
extendedto A(d) and nally a comparisonis made.

where, ug,vo are the cameracenterin pixels, f is the focal If A(*A were perfectly linear in % then %}2 should be
lengthand,dy andd, the pixel size. a constant, modeling ¥2 as Gaussian,its variation around

Finally, a radial distortionmodelhasto be appliedin order the linearization point ¥ is expectedto be in the interval
to dealwith realcamerdensesin this work we have usedthe [Yaj 2%, Y2+ 2%4). Next we analyzethe rst derivative change
standarghotogrammetrywo parameterslistortionmodel[6].  in thatinterval.

It is worth noting, that the measuremenequationhas a A rst order approximationfor the r st derivativein the
sensitve dependeng on the parallaxangle® (seeFig.1). In internval [Ya | 2%, % i 2%, is givenby the rst order Taylor
our calibratedcameracontext, the parallaxis theanglede ned expansionaround¥%:
by thetwo raysde ned by thesamescenepointwhenobsered

G- @A

from two differentview points.At low parallax,bothraysare @ M+ CAYs— + —— ¢V (16)
almostparalleland: @~ @/21/11 @% Yo
00 Xi 1 1 We proposeto use the dimensionlessratio betweenthe
%@Q y; A rWCA + m (W A) Yam (b A) deriative incrementat the intenal extrem% %_1/@ 2%, and
4 the derivative in the linearization point %‘ as a linearity
whatimplies that equation(9) canbe approximatedy: measuremeniSo: "
c cw A @%23/%
h™~ %R=™ (m (;A)) @@ Y40 (17)
@~

and the measurementequation only provides information _ o
aboutthe cameraorientationand aboutthe directionalvector in orderto have an acceptabldinearization.

m (4 :;A) . This particularcasehasbeenexploited in [8] to We computethe dimensionlessatio for the “2parametriza-
build a visual compassasedon SLAM. tion: 3 1

2%, d
o ¥2 1j -Stcos® %0 (18)
A. Measuementequationlinearity Y dc,

We are using the EKF to estimatethe state. The more
linear the measuremengequationis, the better performance q
is expectedfrom the Kalman Iter. Next, we shav how at term 1j d%cos@ % 0 andlow linearizationerror canbe

low parallaxangles,equation(7), codedin %; improves the  achieved evenif 2 A 0. So hugeinitial uncertaintyregions
linearizationwhen comparedwith equation(8), codedin d. can be coded Gaussianly For example, considering® = 5*
Becauseof that we parameterizeon the inversedepth. Y%,= 0:5;% = 0:5 the codedacceptanceegion extendsfrom
We focuson the obsenation of a point from two camerdo-  [0:67: 1 ], andthe ratio is only 0:8%. s .
catioqs(seeF?gZ) Cy (absolutdrgme)andcz. Thereferences  \yhen the parallax angle increases, 1| g°—1c03® also
are alignedwith respectto the epipolarplane(de ned by the o c2 2%, -
scenepoint and the two camerasoptical centers,see[4] for Increaseshut the uncertaintyin “2reducesand hence =" is
a detailedexplanation)to simplify the measuremengquation, eéducedandcondition(18)is ful lled even with moderateor
TheZ axisis alignedwith theray de ned by theopticalcenter Nigh parallaxangles. o
and the obsered point. The Y axisis normalto the epipolar ~ Whenwe compute(17) for the d parametrization:
plane.Given a point imagedin C; asXc, its imageon C, 2%y
Xc, IS constrainedo be (if in front of trlle cameras)n the (2cos®) %20 (19)

Which saysthat, at.low parallax, and when 32—1 Y 1, the
2

C>



X Z representation p0 representation
. 0.01

90
80
70i
60
50
40i
301 "

20

Fig. 3.
obsenations.It is shav how thereconstructiorerrorcodedin Y2;u is Gaussian
while codedas cartesianX Z is not GaussianRed ellipsesrepresentinear
uncertaintypropagtion from the rays Gaussiarerror

Simulation of a point reconstructionfrom two low parallax

S0, at low parallax,cos® ¥ 1, and hencea goodlinearization
canbe achieved only if:
2%

dc,
which makesdif cult coding hugeinitial uncertaintyregions.
For example,® = 5%;dc, = 20; % = 10 codean acceptance
interval [0; 40] andthe ratio is 200%

As an example of the improvementin the measurement
equationlinearization, gure 3 shavs a simulationof a low
parallax (0:5%) point reconstructionwhen obsered by two
camerasat known locations. The camerasobsere the rays
with a Gaussianerror, %= 0:1*. It is shovn the 3D point
reconstructiormodeledwith XZ cartesiarcoordinatesor with
%4 coordinatesThe 95% uncertaintyregion propagtedfrom
theimageerroris plottedaswell. It is shovn the Gaussianity
in Y2 but notin XZ.

¥a0) Ya ¢ dc, (20)

IV. FEATURE INITIALIZATION

It is a remarkablequality of our proposalthat new features
are initialized using only one image, the image where the
featureis rst obsered; the initialization includesboth the
feature state initial values and the covariance assignment.
Despitetheinitial uncertaintyregion coversa hugerangedepth
([1;1 ] in our experiments)becauseof the low linearization
errors(18) the uncertaintyis successfullycodedas Gaussian;
onceinitialized, thefeatureis processeavith the standardeKF
prediction-updatdoop.

It is worth noting, that thanksto the proposedbarametriza-
tion, while the featureis obsered at low parallax,the feature
will be usedmainly to determinethe cameraorientationbut
the featuredepthwill be kept quite uncertain,includingin its
uncertaintyregion the even in nity; if the cameratranslation
is ableto producea parallaxbig enoughthenthe featuredepth
estimationwill be improved.

Tge initial locationfor the obsened featureis de ned as:

¢
% 2 A %
(21)

9 MCa¥Cih = g ¥

from the cameralocation estimateat step k (the k indexes
have beendroppedfor sir@glicity), and the obsenration of a
new featurech =  u v and, the initial Y.

The projectionray initial point (seeFig1) is directly taken
from the currentcarBeralm::Lation estimate:

Ri
@y A
A

The projectionray directionalvectoris computedfrom the
obsenred point, expressedn the absoluteframe:

wC
fik

(22)
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being A and° the imagein the normalizedretina. Despite
beingh" a non-unitarydirectionalvector the anglescan be
derived as:
171
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The covariancefor ®i;¥i;2:{k, and A is derived from
the image measuremenerror covariance R; and the state
covarianceestimateP k-

The initial value for % is derived heuristicallyto cover in
its 95% acceptanceegion a working spacefrom in nity to
A prede nedclosedistance dmin  expressedas inversedepth:

L0, so:

dmin

Yanin — Yanin 1 i
2 4 dmin .

In our experimentsdmin = 1;% = 0:5;%,= 0:25.
The statecovarianceafter featureinitialization is:

% = Vs, Yanin = (25)
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V. EXPERIMENTAL RESULTS

The performancehas beentestedon real image sequences
acquiredwith hand-heldow costUnibrain IEEE1394camera,
with a90* eld of view and320£ 240resolutionmonochrome
at 30 fps.

Our current experimentsare run in Matlab; however we
believe that 30Hz performancecould be achieved in real
time. CurrentC++ implementationgor monocularSLAM with
dimension3 for every point featurecanrun at 30 Hz. for maps
up to 100 featuresOur featureis dimensionsix. However our
systemoffers computationalload adwantages:i) the simple
feature intialization is cheaperthan the current approaches.
i) Several featurescan initialized from a frame and rotation
information is obtained from the secondtime a feature is
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Fig. 4.
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First (a) and last((b) imagesof the sequenceTo display a map that containsfeaturesat very different depths,two top views at different scales

are plotted. The top view plotted at bottom left sub gure displaysthe closefeatures;the top view plotted at the bottom right sub gure displaysthe distant
features.Both top views compareour inversedepth Gaussiarparametrizatiorwith the standardXYX Gaussiarmparametrizatiorby the comparisonof their
uncertaintyregions. The Gaussiarinversedepthacceptanceegions are plotted in XYZ asa cloud of black dots numerically propagtedfrom the Gaussian
6 dimensionalsuperellipsoidabcceptanceegion codedin inversedepth. The standardGaussianXYZ acceptancellipsoidsare linearly propagitedfrom the
6 dimensionalGaussiarcodedin inversedepthby meansof the JacobianThe cameratrajectoryandits uncertaintyis shavn in blue. At the initial step(a),
mostthe featuresare at low parallax.At the nal step(b),parallaxenoughhasbeengatheredfor the majority of the featuresand the featureuncertaintyis

low.

obsered, becauseof that the searchregions for matchesare
reducedand hencethe processingime is reduced.ii) when
thefeaturesareobseredwith amoderateparallaxthefeatures
canbe codedwith a dimension3 XYZ state.Sowe expectto

achieve real time performanceat 30 Hz. for reasonablemap
sizes.

The rst experiment,is a 500 framesmovie of a lecture
theater The secondexperimentis 870 frames movie of an
outdoorsscenevherecloseobjectstemporarilyoccludedistant
features.

A. Indoor sequence

The movie shaving the
and the estimation history can
http://webdiis.unizar.es/%7Ejosemari/in.avi

The purposeof the experimentwas to analyzethe perfor
mancein anervironmentwith featuresat differentdepths We
particularly analyzeinitialization for threefeaturesinitialized
in the sameframe but locatedat differentdepths.

Figure 4 shows the imagewherethe analyzedfeaturesare
initialized (frame 18 in the sequencexndthelastimagein the
sequencethe top view of the mapwith the featurecovariance
is plotted as well. To display a map that containsfeatures
at very different depths,two top views at different scales
are plotted. The top view plotted at bottom left sub gure
displaysthe closefeaturesihe top view plottedat the bottom
right sub gure displaysthe distant features.Both top views
compareour inversedepthGaussiarparametrizatiorwith the
standardXYX Gaussianparametrizationby the comparison
of their uncertaintyregions. The Gaussianinversedepth ac-
ceptanceregions are plotted in XYZ as a cloud of black
dotsnumericallypropa@tedfrom the Gaussiaré dimensional

input
be

sequence
reached at

superellipsoidalacceptanceregion coded in inverse depth.
The standardGaussianXYZ acceptancellipsoidsarelinearly
propagtedfrom the 6 dimensionalGaussiarcodedin inverse
depthby meansof the Jacobian.

At the beginning of the sequencethe depthuncertaintyis
huge,evenincluding the in nity , dueto the small translation,
no parallaxis obsened in the featureslt is worth noting that
Gaussianityin inversedepthis not mappedto a Gaussiarin
XYZ, sotheredellipsoidsarefar from representinghe XYZ
distribution error, especiallyin depth.As statedby equation
(18), is atlow parallaxwhenthe inversedepthparametrization
playsa key role.

As the cameramoves, the translation producesparallax,
the featuresdepth estimateimproves, so in the last image,
most of the map featureshave reducedtheir uncertainty As
aresultthe both the uncertaintyin XYZ andin inversedepth
are Gaussianand the black and the red uncertaintyregions
becomecoincident.

Figure5 focuson the evolution of the estimatecorrespond-
ing to features1l, 12 and 13 at frames1, 10, 25, 50, 100
and 200 countedsince feature initialization. In top view it
is plotted both the XYZ Gaussiaruncertainty(red ellipsoid)
andthe region in inversedepth (black dots); the parallaxfor
eachfeatureat every stepis alsodisplayed.Wheninitialized,
the “2Gaussiarf5% acceptanceegion includes’= 0 so the
in nite is considered.The correspondingacceptanceaegion
in depthis quite asymmetric,excluding low depthsbut that
extends at high depth down to in nity, and even negative
depthscorrespondingo negative % (negative depthsare not
represented)As rays producingbigger parallaxare gathered,
the uncertaintyin Y2becomesarrover but still mapsto a non
Gaussiandistribution in XYZ. Eventually both Y2and XYZ



Fig. 5. Featureinitialization. Every row shawvs the evolution of a featureestimationin top view. Pereachfeature,the estimationafter 1, 10, 25, 50, 100 and
200 framessinceinitialization are plotted; the parallaxbetweenthe initial obseration andthe currentframeis detailedon top of every subplot.Black dots
are a numericalrepresentatioffior the 95% uncertaintyregion gaussiann the inversedepth.The red ellipsoid is the uncertaintyregion codedas Gaussiarin

XYZ.

regions becameboth narrov and Gaussianbecauseenough
parallaxis available.

Let us focus on the distant features.The cameratrans-
lates after initialization but this translationdoesnot produce
parallax becausethe featureis distant. This information is
codedin Y shifting its value towards zero and narrawving its
uncertainty;in the XYZ spacethis implies having still an
asymmetricahcceptanceegion but that now excludesthe low
depthsintuitively, if the camerahastranslatecandno parallax
hasbeendetectedthenthe obsered featurecannotbe close,
so even if the depthcannotbe estimatedbecausehe feature
is distant,someinformationaboutits depthhasbeencodedin
the estimate.

As the estimationproceedswhen enoughparallaxis even-
tually available, the estimationevolvesto a narrov Gaussian
in Yathatwhentransformedo XYZ cutsdown the probability
correspondingdo high depthscollapsing nally to a Gaussian
estimateboth in inversedepthandin XYZ.

B. Outdoorsequence

Giventhe systemability to dealwith both closeanddistant
featuresjt hasa nice performanceoutdoors.The whole exper
iment sequencalongwith the estimatednap canbe reached
at http://webdiis.unizar.es/%7Ejosemari/out.avi
Figure 6 shavs three frames of the movie illustrating the
performancelt displaysaswell the map after processinghe
whole mavie. As in SectionV-A, the maprepresentedby two
top views at differentscales.

Two of the problemsthat have to be tackled outdoorsare

distantfeaturesand partial occlusiondueto the factthatthere
areobjectsat quite differentdepthsdisplayingratherdifferent
parallaxasthe cameramoves.

For most of the features,the cameraends up gathering
enoughparallaxto estimatetheir depth.However, being out-
doors,thereare ratherdistantfeaturesproducingno parallax.
It shavn how distantfeatures,e.g 24 or 39, in the buildings
atthe backgroundare persistentiyjtracked alongthe sequence;
however the depthcannotbe estimated.The estimationerror
codedas gaussianin inversedepthis successfullymanaged
by the EKF, andthe featuresbehaes as points at in nity . It
can be noticedas well the poor error representatiorif coded
as Gaussiann XYZ.

Regarding partial occlusion, The signaledfeaturein Fig6,
labeledas 36, shaws the systemability to reobsere features,
from a differentpoint of view after long partial occlusion.

VI. CONCLUSION

We have presented parametrizatiorfor monocularSLAM
which permitsoperationbaseduniquely on the standardEKF
prediction-updatgrocedureat every step,unifying initializa-
tion with the tracking of known features.Our inversedepth
parametrizatiorfor 3D points allows uni ed modelling and
processingon for ary point in the scene,close or distant,
or even at “in nity'. In fact, close, distantor just-initialized
featuresare processedvith the routine EKF prediction-update
loop without making ary binary decisions.

The key factoris that dueto the inversedepthparametriza-
tion our measuremenequation has low linearization error
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Fig. 6. Sub gures(a) and(b) displayframes197 and454, shaving how sceneswith objectsat quite differentdistancesrelikey to producepartial occlusion.
The systemcan nicely reobsere them after the occlusionas shavn in the signaledfeature(labeledas 36) on the tree basis.Sub gure (c) Shaws the system
ability to track successfullydistantfeaturesalong hundredsof frames,being Gaussiarin lambdabut not Gaussiarin XYZ. The lines pairsthe imageof the

featureswith the top view reconstruction.

at low parallax, and hencethe estimationuncertaintyis ac-
curately modeledas Gaussianin inverse depth. In Section
llI-A we presenteda simpli ed model which approximately
guanti es the linearization error. It provides a theoretical
understandin@f the impressve performancenf the EKF with

the proposedparametrization.

The inverse depth parametrizationmplies a dimension6
statevectorperfeaturecomparedo dimension3 for Euclidean
XYZ coding. This doublesthe the size of the map state
vector andhenceproducesa 4-fold increaseén computational
costif all featuresretain the new parametrizationHowever,
our experimentsshav that the uncertaintiesin close feature
locations collapse after several framesto accurateGaussian
distributionsin Euclidean3D spacejndicatingthe opportunity
to safely convert thesefeaturesbackto an XYZ parametriza-
tion and return to dimension3, meaningthat the long-term
computationalcost would not signi cantly increase Further
however, the value of immediateinitialization that the new
parametrizatioprovidesmeanghatright throughtrackingthe
amountof uncertaintyin the systemwill be lower (removing
jitter from camerapose estimation) and this will lead to
computationabene ts in termsof smallersearchregionsand
improved imageprocessingpeed.

The experimentspresentechave validatedthe methodwith
real imagery using a hand-heldcameraas the unique sensor
bothindoorsandoutdoors Our currentexperimentshave been
run off-line programmedn Matlab, but we are con dent in
achieving real-time performancein C++ in the near future
for numbersof featuresup to perhaps100 using currentPC
hardware — enoughto map large roomsor partsof outdoor

scenesn practicalscenarios.
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