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Abstract—We presenta novel plane tracking algorithm
based on the direct update of surface parameters from
two stereo images. The plane tracking algorithm is posed
as an optimization problem, and maintains an iteratively
re-weighted least squares approximation of the plane's
orientation using direct pixel measuements. To facilitate
autonomous operation, we include an algorithm for robust
detection of signicant planes in the ervironment. The
algorithms have been implemented in a robot navigation
system.

I. INTRODUCTION

Inferring propertiesof the real-world through one or
mary imagesis fundamentalto the eld of computer
vision. Often it is bene cial to have knowledge of a
signi cant surfaceor setof surfacesduring the inference
processAn exampleof sucha surfaceis a plane.

Many methodshave beenproposedo solve the problem
of planarsurface tracking for monocular[9], [10] and
binocular[13], [14], calibratedand uncalibratedcameras
(similar to using sequence®f images[2], [3], [5]). A
commonsolution involves a disparity map computation.
A disparity map is a matrix of correspondenceffsets
betweentwo images[16]. The disparity map calculation
employs expensve neighborhoodorrelationroutinesthat
often yield sparsemapsfor typical scenesHowever, the
methodmakesno assumptionsboutthe ervironmentand
hasbeenwidely usedfor the caseof generalstereovision.

In contrastto the generalsolutiondiscussedbove, our
method exploits a property that planar surfacesexhibit
when viewed through a non-verged stereocamera.The
disparity is a linear function with coefcients derved
from the plane parametersWe use a direct method to
perform the tracking. Direct methodsuse quantitiesthat
are calculateddirectly from image valuesas opposedto
feature-basednethods discussedearlier [8], [14]. Our
methodhasdescendedrom earlierimageregistrationand
enhancementechniqueq11], [12] andfrom visual track-
ing [6]. Similarly, it posesthe tracking problem as one
of objective function minimization.Doing soincorporates
a vote from mary pixels in the image and computesa
least-squaresstimateof the global motion parametersn
guestionto sub-pixel levels.

The planartracking algorithmis appliedto robot nav-
igation. Multiple taskson a mobile robot require knowl-

edgeaboutthe incrementakchangesn positionduring the

operation.The task of self-localizationin an ervironment
can be divided into two major areas:global localization

andlocal positiontracking. While the rst dealswith the

absolutdocalizationin aprede nedcoordinatesystemand

can be usedfor initial pose estimation[4], the second
computesthe relatve changesin the position due to

the movementof the mobile system.For most purposes
(e.g- mapgeneration}he tracking of the local positionis

enoughto guarantee correctfusion of consecutie sensor
readings.

Il. ALGORITHM DESCRIPTION

The key componentof our work is the planetracking
algorithm that operatesdirectly in the image domain of
the acquiredimages[1]. In the following discussionJet
(X; y;z) bea pointin world coordinatesand (u; v) be a
pointin pixel coordinatesln Sectionll-B, the planetrack-
ing algorithmis discussedollowed by the approachused
to seedthe tracking algorithm (1I-C). A brief discussion
on localization(ll-D) is then presented.

A. Planar Disparities

To efciently track a plane, we can make use of a
property that planar surfacesexhibit when viewed from
non-verged stereocamerasNamely a plane becomesa
linear function that maps pixels in one image to the
correspondingpixels on the plane in the other image.
Indoor ervironments have mary surfaces that can be
approximatedwith planesk.

E:ax+ by+cz=d Q)

In a stereasystemwith non-verged,unit focal length(f=1)
camerasthe imageplanesare coplanar In this case,the
disparity value D (u; v) of a point (u,v) in the imagecan
be estimatedirom its depthz with
D(u;v) = %; 2

with B describingthe distancebetweerthe cameraf the
stereosystem[16].

We estimatethe disparity D (u; v) of the planeE at an
imagepoint (u; v) usingtheunit focallengthcamera(f=1)
projectionas
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The vectorn = (abc)" is normal to the plane E
and describeghe orientationof the planerelative to the
camera.

Equation(3) cag be written in the form
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1 u u
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with a. b, ¢

1= K’ 2= K’ 3= K
This form usesmodi ed parameter§ 1; ,; 30 of the
planeE relatingthe imagedata(u; v) to D (u; v).

B. Plane Tracking

From the obsenation made in Sectionll-A, we see
thattrackingthe parameterp =f 1; »; 3g of thelinear
map (4) is equivalentto trackingthe planarsurface.Thus,
assumingnter-frame motion is relatively small and both
brightnessand contrastshifts can be removed, we pose
this problemas one of optimization.

1) Parameter Update: Consider a rectied pair of
steredmagesl andR. Basedon (4), we relatetheimages
with thefollowing formula.Let D (u;v) = u+ v+ 3.

L(u;v) = R(u  D(u;v);v) (5)

The plane parameterdor the current pair are estimated
through the minimization of the following least-squares
objective function. To enforcethe brightnessconstancy
constaint [Z,], Ve zero-mearthe images:given an image

I, 1= a v Huv).

X _ _
E(P)=  (L(uv) R(u D(uv);v)? (6)

Let p representthe set of offsets, i.e. at iteration i,

pi+1 = pi + p. Assuminga small magnitudefor p we

can solve the minimization by linearizing the expression
througha Taylor expansionaboutp.

(L(u;v) R(u

+uly

E( p) D(u;v);Vv)

2+ Ix 3)2 (7)

Here,l « refersto the spatialgradientof therightimage.
We neglectthe higherordertermsof the Taylor seriesWe
solve the systemwith the SingularValue Decomposition
(SVD) [15]. It is rst corvenientto de ne the errorterm:
e(u;v) = R(u  D(u;v);v) L(u;v).
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2) The Weighting Matrix: Thus far, we have shavn
how to optimize the parametersof a planein a static
scene.To extend the approachto a dynamic scene,we
incorporatea mask into the framewvork. The maskis a
binary weighting matrix with an entry perpixel denoting
the pixel's inclusionor exclusionfrom the currenttracked
plane. Such a mask removes inaccurateand poor pixel
matchesfrom the SVD solution, which decreasests
processinglemandandincreaseds stability. We notethat
no explicit plane-boundaryis maintained.Equation (7)
is extendedto (9) incorporatingsuch a mask; W (u; v)
correspondso the value of the maskat (u; v).

E(p) wuv)= [(L(u;v)  R(u

+ Ul

D (u;v); V)
2)’1 (9)

1+ vl x 1t Ix
In eachframe, we fully recomputethe mask matrix

basedon the current parameterg12). We employ two

metricsin this computationa normalizedcross-correlation

( ) andhorizontalvariance.

uv = L(u;v) R(u  D(u;v);v) (10

Since (9) is only sensitve to pixels that demonstrate
horizontalgradients we also mask pixels with low hori-
zontalvarianceby samplingthe correlationresponselong
the epipolarline.

L(u;v) R(u D(u;v)+ ;v)
= L(u;v) R(u ’D(u;v) 1) 1)

uv

uv

WUuv)I=(uw > )" (uw > )" (uw > ) (12

In (12),0< < land > 1.1In (11,12),the selection
of , , and is dependenbn the imaging propertiesof
the systemand the scene.To increasethe robustnessof
the mask generatedn this manney we also perform a
morphologicaldilation followed by an erosion[6]. This
hasthe effect of remaving noisy correlationresponseand
joining contiguousregions.



C. Identi cation of Signi cant Planes
Thetrackingalgorithmdiscussedn theprevioussection

requiresa set of initial guessedor the planeparameters.

Theseestimatesare generatedrom disparityimages.t is
not prohibitive to include disparity-basedeedgeneration
becausehis moduleis seldomexecuted.

Equation(3) shavs a lineardependeng of the disparity
valuesD (u; v) ontheimagecoordinategu; v). Therefore,
the plane boundariescan be detectedas discontinuities
in the disparity valuesD! alongthe u and v axes. We
usethe sumof the absolutevaluesof the horizontal 4 D!
andvertical yD' gradientimagesto calculatea contour
imageG' that approximateshe gradientmagnitudein the
disparityimageto

D 'j G =j«D'j+j,D'j: (13)

Equation(13) givesa goodapproximationof the gradi-
ent magnitudejrD !j and hasthe adwvantageof easyim-
plementationwith acceleratedmageprocessingoutines.
The resultof this operationis showvn in Figure 1.

Fig. 1. Contour detectionsimilar to corventional image processing:
(top) original disparityimage, (bottom) resulting contourimage Gt .

Thegoalof theseroutinesis to nd regionsin theimage
representindgarge uniform planes.Therefore the resulting
image G is thresholdedand all valuesabove a disparity
value of 4 pixels are consideredo be on a boundaryand

setto a signi cant negative value neqge proportionalto
the area y coveredby the kernel . All gradient
valuesin G resultingfrom invalid reconstructionsn D*
aresetto the samenegative value Negge.

The entireimageis corvolved with a signumkernel
countingvalid gradientvaluesin G'.

= G(uv)= sgn(G (x;y) + 1)

y=v L Xx=u 3
(14)

During the computationof ' the position (u ;v )
of the maximum value is estimated.lt de nes a seed
for a new plane.The area y de nes the preferred
minimum planesizein the image.

1) Estimationof the Plane Parametes: We estimate
theplaneparameterin 3D spaceA setof valid 3D points,
Sy, is reconstructedrom the disparityimage.In the ideal
casethe set shouldrepresenta compactdisparity region
surroundingthe estimatedseed(u ;v ) from sectionll-
C. To simplify the searchfor the points we approximate
the circle with a simple crossextending from this point
in all directionsto the boundaryof G' or until a negative
Nedge €nNtry is found. The N resulting 3D-points P; =
(xi;yi;z)T" arestoredin S,.

We t an optimal planethroughthis datasetusing the
eigervectorsof the covariancematrix:

0 2 2 2 1
XX Xy Xz
c- B2 3 2§ s
2 2 2
zX zy zz
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with m= %)myX=Ni P
m;
2 _ (a_ma) (b mp)
ab N

The cross-producbf the eigervectorsf X 1; X g asso-
ciatedwith the two biggesteigervaluesf ;; .g de nes
the normvectorn = (a;b;c)" of the reconstructeglane
(). The inner productbetweenthis norm vector and the
mean,m, on the planede nes the distanced to the plane.

n:M and d=n m (16)
X1 Xg
The ratio of the third eigervalue 3 to the other
eigervaluesdescribeshow well the reconstructedplane
representshe cloudof theused3D points.A smallervalue
represents betterapproximation.



D. Localization

The relative localization betweenconsecutie camera
acquisitionsis basedon localizationrelative to signi cant
planesin the eld of view of the camera.Each plane
allows the estimation of three out of the six possible
parameter®f the pose.A setof two non-coplanaplanes
L' = fEi; 5 j 8 jni n;jj> Og attime stept allows the
estimationof the 2D positionin the groundplane of the
local areaandall rotation anglesof the robot. Therefore,
relative localizationis possiblewhen at leasttwo planes
aretracked betweenframes,jjL t*1 \ L'jj 2.

1) Estimationof Multiple Planes: For completelocal-
ization, we include the estimationof multiple planesin
our approachWe extend the signi cant-plane extraction
by using the parameterof the known planesto remove
their representatiorfrom the disparityimage D! usedin
the processingstepdescribedn Sectionll-C.

d = P‘(U:V) (1u+ v+ 3)
0; d< D'(u;v)
D'(u;v) := (17)
D'(u;v); else

ThedisparityvalueD!(u; v) is deletedfrom the dispar
ity imageif it matchesthe expectationcalculatedfrom
Equation (3) within an uncertaintyband around the
reconstructedtalue.During processingwheneverjjL 1\
Ltjj < 2, a signi cant planesearchis executedto re-seed
the planetracking algorithm.

I1l. RESULTS

Our algorithm has been implementedon a Pentium
Il 700MHz PC running Linux with an IEEE 1394
stereocamerahead. The stereovision system provides
a recti ed streamof imagesat a maximum of 26[Hz].
Our implementationoperatesin the range of 20-26[Hz]
for plane updates.We employ both the XVision2 and
Intel IntegratedPerformancePrimitiveslibrariesfor video
and image processingFor the experimentsdiscussedn
this section,we are using a stereohead with 5.18mm
lensesa 92mmbaselineandsquarepixels 0.12mmwide.
The plane being obsened, unlessotherwisespeci ed, is
roughly orthogonalto the viewing axis and at a depthof
one-meter

A. Quality of the Plane Tradking

We analyzethe algorithmfor maximumguaranteedon-
vergence Equation(7) wasderived underthe assumption
that inter-frame parameteoffsets( p) would be smallin
magnitudeln discreteterms,we arerestrictedto changes
of 1 disparity To facilitate analysis, we assumean
in nite plane.Underlateraltranslation,the depthandthe
disparity are constantand the algorithm is guaranteedo
converge.

However, underorthogonaltranslationthe corvergence
radiusis dependenbn the currentdepth;the closerto the
camera,the smallerthe corvergenceradius. This is due
to the inverse relationshipbetweendisparity and depth

(D = %). Let bethe changein depthfor guaranteed
corvergence.
Bf
o 1 Z° (18)

Rotationsin the planeare also dependenbn the current
depth. Assuminga uni-axis rotation about the centerof
projectionin the unit focal length camerathe maximum
angleof rotation, , follows. Figure2 depictsthis formula
in a 2D example.We relatethe rotationangleto the depth
of a projectedpoint, P, in theimage pixels away from
the optical center

4
= arctan — 19
(55 ) (19)
=]
A
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Fig. 2. Depictionof the formulafor corvergenceradiusunderuni-axis
rotation.

In the following sections,experimentresultsare pre-
sentedand discussed.

1) CorvemgenceRadius: For a controlledervironment
with a stationaryplaneandrobot, we calculatedan initial
guessfor the plane parametersandthenvariedthis guess
to testthe robustnessof the tracking algorithm.

In Figure 3, we shav the time to corvergencewhen
we shift the seeds depthcloserto the cameraat varying
levels. The corvergencespeedis directly proportionalto
the magnitudeof the introducederror. We note that the
corvergencespeedis only about5 framesfor an error of
10%. In Figure 4, we show the corvergencespeedwhile
altering the planes normal abouta single axis. We see
similar corvergenceratesto thoseobsenedwhile altering
seeddepth.

2) Accuracy of Parameter Estimation: Assuming a
suitably textured scene the algorithm estimatesa planes
parameterswith sub-pixel accurag. However, this esti-
mationaccurag varieswith the depthof the planebeing
tracked. Becausethe depth-perdisparity increasesas the
distanceto the plane increasesthe estimationaccurayg



-1040 T T T T

-1060

’E\-nou r ;‘: ‘ 1
E g .
£ 2
8‘171120 F j' 1
.
.
-1140 ’ ]
K
! — Control
160 4 ==+ 2% Shift
. wo 5% Shift
' == 10% Shift

-1180 . . .
0 20 25

10 15
Time Step (frames)

Fig. 3. Graphfor corvergencewhile introducingerror into the seeds
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Fig. 4. Corvemgenceratesfor errorin seednormal.

degradeswith depth.Table | shows the statisticsfor the
plane.

For a non-stationaryscene,we shov the accurag of
our systemagainstthe robotsinternalodometry Figure 5
shaws the robot performing oscillatory rotationsin front
of a plane (700 mm distance),and Figure 6 showv the
robot orthogonally translatingin a back-and-forthmo-
tion. We seethat the algorithm performsextremely well
for the rotational motion. The estimatedorientationlags
minimally behindthe odometricvalues;the length of the
lag is proportionalto the corvergencespeed.During the

TABLE |
PARAMETER ESTIMATION ACCURACY FOR A PLANE AT A DISTANCE
OF ONE METER.

Z Mean Z StdDev | Normal Error Std Dev
1 | 1064.8mm| 2.2359mm 0:2947
2 | 1065.3mm| 1.7368mm 0:2673
3 | 1065.2mm| 1.5958mm 0:2258

translationalmotion, the algorithm oscillates about the
control value during motion. As expected,it is apparent
from the gure thatthetrackingdoesperformbetterwhen
therobotis closerto the plane.
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Fig. 5. Accuragy of robot orientation.
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Fig. 6. Accuray of robotdepth.

IV. CONCLUSIONS AND FUTURE WORK

In this paper we presenteda novel plane-tracking
algorithmthat maintainedan iteratively re-weightedeast-
squaresapproximationof the plane parametersvith sub-
pixel accurag. The methodhasbeenappliedto the task
of mobile navigation. Ourimplementatiorof the approach
typically executesat or near frame rate and maintains
accuratgparameteestimatet We presentec setof exper
iments that analyzedthe algorithm's convergenceradius
andthe accurag of the parameteestimationtheseresults
extend to multiple planesbecausesachplaneis tracked
independently

1The implementationexecutes two iterations of the optimization
routine every frame. This operatingrate is in contrastto a disparity
calculationbasedsystemwhich typically runs at half frame-rateon the
samesystem.



Accurateestimationis highly dependenon the opticsof
theimagingsystemandthe ervironment.Thesedependen-
cies are fundamentalto the set of approacheemployed
in stereovision, hawever, not speci cally our approach.
Currentlythe parametersf our algorithmarechoseronan
ervironmentbasis.For instancethe in (11)is dependent
on thetexture frequeng. However, theimagedtexture fre-
gueny may vary from oneplaneto anotherandwill vary
with large depth changes.Such operationis considered
passie in nature.The exploration of algorithmsthat take
more active approachegi.e. projectinga suitablepattern
dependingon the currentenvironment)or moreintelligent
approachesi.e. altering operatingparameterandthresh-
oldsautonomouslyy analyzingimportantscenequalities)
are neededfor further advancemenbf the eld.
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