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Abstract

Wepresentourapproachfor sceneclassi�cationin dense
disparitymapsfroma binocularstereosystem.Theclassi-
�cation resultis usedfor trackingandnavigationpurposes.
Thepresentedsystemis capableof foreground-background
separationclassifyingroomstructures.The3D modelof the
sceneis deriveddirectlyfromthedisparity image. Thisap-
proach is usedfor initial targetselectionandsceneclassi�-
cationin mobilenavigation.It is usedonour mobilesystem
for target tracking, but canalsobeusedfor localizationas
describedin this paper.

We describethebasicprinciplesof our objectdetection
andclassi�cationusingdisparityinformationfroma binoc-
ular stereosystem.Thetheoretical derivationis supported
by resultsfrom the binocular stereo sensorsystemon our
mobilerobot.

1. Moti vation

Sceneclassi�cation is an important task in navigation
systems.It helpsin sensor-based3D modelgenerationto
discriminatebetweenobjectsinterestingfor missions(fore-
ground) andbackgroundobjectsrelevantmerelyfor local-
ization. It is alsousedto triggerdifferentbehaviors of the
robotdependingontheenvironmentstructure.Typicalclas-
si�cation resultsin this domainare:emptyspace, junction,
hallway, corner. The third importantapplicationis target
selectionandclassi�cationin tracking.Thetargetselection
taskis a challengingpartof thetrackingsystemandcanbe
implementedasa manualor automaticprocess.Examples
in 2D imagespacearedescribedin [8, 6] in more detail.
Interestingtargetslike singlestandingobjectsin thescene
needto beseparatedfrom thesupportingplanesof the�oor
andwalls thataremerelyrelevantfor pathplanning.

Single standingobjectsare categorizedas foreground.
They needto be separatedfrom the room structure(back-
ground) �rst. In anadditionalsteptheremainingforeground
objectsareclassi�edaccordingto theirshape,extensionand
movementrelative to thescene.Thebackgroundstructures

areusedin asubsequentclassi�cationprocessto classifythe
roomstructureaccordingto thecriteriadescribedabove.

We structurethis paperasfollows. In thefollowing sec-
tion (section2) we describebrie�y the work donein the
�eld of groundplanedetection.In section3 wedescribethe
basicideaof thefastplanesegmentationin disparityimages
followedby thedescriptionof the localizationpossibilities
andourapproachfor sceneclassi�cation.In theresultssec-
tion (section4) we presenta shortexcerptof the resultsin
thevarietyof applicationsof thepresentedsystem.Wecon-
cludein section5 with a few remarksaboutthesystemand
adescriptionof futurework.

2. RelatedWork

GroundPlaneObstacleDetection(GPOD)usingstereo
disparitywas�rst reportedby Sandinietal. [2], andre�ned
by Mayhew et al. [5] andby Brady et al. [7]. Theseap-
proachesuseorthogonalregressiontechniquesto estimate
theparametersof thegroundplane.Approachesliketheone
from Bradyet al. [7] useline featuresgroupedin a Hough
transformto detectobstaclesin the environment. Our ap-
proachusesin contrastdirectly thedisparityinformationin
theimage.We presentanapproachthat�ts multiple planes
into a densedisparityimageto allow calibration,localiza-
tion andobjectclassi�cationfrom asingleimage.

3. Approach

Our approachgeneralizesthe ground plane detection
from theapproachesdescribedin theprevioussectionto a
genericsegmentationof theroomstructurefrom densedis-
parity images.In the following text we assumea recti�ed
pair of stereoimagesfrom a non-vergedbinocularcamera
system.

Thecorrectforeground-backgroundseparationandroom
structure classi�cation are the two major problems ad-
dressedin thefollowing sections.We assumeanoperation
in indoorenvironmentswherebackgroundcanbeapproxi-
matedwith planarsurfaces.



3.1. PlaneSegmentation

In the �rst stepthesupportingsurfacesrepresentingthe
roomstructureneedto beremovedfrom thedisparityimage
to revealthepositionof singlestandingobjectsin thescene.
Thegroundplaneandwalls connectall imageelementsto
onecontinuousregion. Their removal isolatessinglestand-
ing objectsin thescene.

3.1.1 Imaging Propertiesof a Parallel CameraSystem

In indoorenvironmentstheroomstructurecanbeapproxi-
matedwith planarsurfacesPr .

Pr : ar x + br y + cr z = dr (1)

In astereosystemwith parallelcamerastheimageplanes
arecoplanar. In this case,thedisparityvalueD(u; v) of a
point(u,v) in theimagecanbeestimatedfrom its depthz to

D(u; v) =
B
z

; (2)

with B describingthedistancebetweenthecamerasof the
stereosystem[1].

The homographicprojectiononto the recti�ed parallel
cameraimagespreservesthe planarpropertiesof the pro-
jectedpixels. We estimatethe disparity D(ur ; vr ) of the
planePr at an imagepoint (ur ; vr ) using the unit focal
lengthcamera(f=1) projectionto

8z 6= 0 : ar
x
z

+ br
y
z

+ cr =
dr

z
ar u + br v + cr = k � D(ur ; vr ) (3)

with u =
x
z

; v =
y
z

; k =
dr

B

The vector n r = (ar br cr )T is normal to the plane
Pr anddescribestheorientationof theplanerelative to the
camera.

Theequation(3) canbewritten in theform
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This form usesmodi�ed parameters� 1; � 2; � 3 of the
planePr relatingtheimagedataur ; vr to D(ur ; vr ).

3.1.2 PlaneFitting in DenseDisparity Images

Usingat least3 pointsfrom thedisparityimage,we calcu-
latetheplaneparametersfor a localareaby solvinga setof

linear equationsfor (� 1; � 2; � 3). The selectedpointsmust
not be co-linearto prevent a reductionof the rank of the
matrix in thelinearsystem.

Thecorrectplanereconstructiondependson correctse-
lectionof thepointson thesurfaceof thesupportingplane.
This selectionmaybe disturbedby occlusionsfrom single
standingobjectsin the scene. The trivial solution to this
problemis anexhaustivesearchfor all possibleplanecom-
binationsbetweenthedisparityvaluesin thedensedisparity
map. The complexity of this solutionis inapplicableon a
mobilesystemusingthesensordatafor trackingandnavi-
gationpurposes.

In ourcurrentimplementationweexpecttheroomstruc-
ture to consistof horizontal (�oor , ceiling) and vertical
(walls) planar surfaces. We assumethat the supporting
planeis dominantin its areaof appearance.It meansthat
amajorityof thepixelsin this areabelongto thegivensup-
portingplane.
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Figure 1. Regions in the disparity image used
to estimate the plane equations for Pr .

We subdivide the disparity imagein regionsof expec-
tation for a speci�c room structureRs (�g. 1). We search
for horizontalplanesin theregionsR1; R2 andfor vertical
planesin theremainingregions.

In caseof a horizontalplanein region R1 or R2 thehis-
togramfor asingleimageline of thedisparityimageshould
bea singlevalue(Fig. 2 left) accordingto equation(4). In
this casethe� 1 componentof thevectorn �

r is zeromaking
thedisparityD(u,v) independentof thehorizontalimageco-
ordinateu. In thereality, thecamerasarenever alignedso
exactly. Fig. 2 right showsthatin theregularcasethedom-
inantplanecoversa smalldisparityrangein thehistogram,
but it is still signi�cant for this line. The sameis true for
verticalsurfacesin regionsf Rs2f 2;3;4;5;6gg dueto � 2 = 0
in equation(4).

All regionsareprocessedsequentially. A processingof
eachregion consistsof two steps:estimationof planepa-
rametersandremoval of thematchingpixelsfrom theentire
disparityimage.

In our approach,histogramsover the entire imagerow
or column are calculatedfor 10 different lines in regions
f R1; R2g or columnsin regions f Rs2f 2;3;4;5;6gg (�g. 1).
RANSAC [3] methodis usedto estimateavalid setof plane
parametersf � 1; � 2; � 3g in a givenregion.
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Figure 2. Disparity rang e covered by the �oor
plane in a single row of the disparity image:
(left) almost perf ect alignment (right) roll an­
gle of 30�

We include a “sanity” checkrejectingfalsesupporting
planeestimationsresultingfrom possibledominantocclu-
sionsin the scene. The checkis basedon the orientation
of the reconstructednorm vectorand the distancesto the
surfaces.This is especiallyimportantfor theon-linerecali-
brationprocessmentionedat theendof this section.

In thesecondstepall pixelsmatchingthecurrentplane
assumption(� 1; � 2; � 3) areremovedfrom thedisparitymap
if theirdisparityD(u; v) matchesthepredictionfrom equa-
tion (4). The searchis performedon the entire disparity
image. In this way it is not necessaryto adaptthe region
boundariesin Fig. 1 to the surfaceboundariesof the sup-
portingplanes.In casea surfacespawnsseveral regionsin
the disparity image,the histogramsin the following cycle
will notgenerateany signi�cant peaksleadingto new plane
assumptionsandthesecondstepof theprocessing(removal
of thematchingpixels)will beskipped.

Theremainingpixels in thedisparityimageareconsid-
eredforegroundandthey areprocessedin the�nal step.A
clusteringalgorithmis runoverthedisparityimage.It scans
theimagehorizontally. It growsclustersCi suf�cing thefol-
lowing constraints:

- compactnessin the imagespace- werequirethatthe
distancebetweenneighboringelementspi ; pj of anob-
ject Oi in the imageshouldnot exceeda giventhresh-
old � c

jpi � pj j < � c (5)

- compactnessin the object space- in real images,ar-
easof anobjectOi maynot bedetectedcorrectlydue
to texturepropertiesof thesurfacein this area.There-
fore, we allow a maximumdistance� d betweentwo
closestdisparityvalues(dk ; dm ) of a singleclusterCi .

9pk ; pm 2 Oi : jdk � dm j < � d (6)

3.1.3 PlaneLocalization

EachplanePr extractedin the above processcan be de-
scribedby threeparameters:the distanceto the planeH r ,
the horizontal � r H , and vertical � r V orientationof the
planerespective to the cameraplane. The planeparame-
ters� 1; � 2; � 3 areusedto estimatethedistanceH r andthe
orientations� r H and� r V .
Fromtheequation(1) we canwrite for H r

H r =
drp

a2
r + b2

r + c2
r

: (7)

Usingequations(3) and(4) wecanre-writeit to

H r =
B � k

p
(k� 1)2 + (k� 2)2 + (k� 3)2

=
B

p
� 2

1 + � 2
2 + � 2

3

(8)

Theorientationanglescanbeestimatedto

� r H = arctan
� 2

� 3

� r V = arctan
� 1

� 3
(9)

We apply the presentedalgorithmto recalibrateon-line
theextrinsiccameraparametersH r ; � r H ; � r V basedonthe
planeparametersof thegroundplane(�g. 3). This helpsto
estimatethecurrentorientationof thecameraon a pan-tilt
headduringa trackingprocess.
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Figure 3. Calibration of the extrinsic camera
parameter s based on the presented plane lo­
calization.

A secondimportantapplicationis localizationin a local
area.Giventwo non-coplanarverticalplanes,we canesti-
matethe(x; y; ' ) poseof therobot.

3.2. Classi�cation

In our experimentsthe subdivision of the indoor envi-
ronmentin foregroundandbackgroundobjectsbringssev-
eral advantages.In typical scenariosthe backgroundcon-
sistsof largeplainsurfacesusuallyrepresentingwalls,�oor ,
ceiling, andbig cabinets. Theseobjectsaredetectedand
representedin their planardescriptionasnorm vectorand
distancefrom theorigin (n � ; d� ). They areusedfor local-
izationandpathplanning,but they do not representtargets
interestingfor tracking.



3.2.1 Foreground Objects

In ourapproachall disparitiescorrespondingto background
surfacesareremoved�rst, beforea targetselectionbegins
(Fig. 4).

Figure 4. Distinction between foregr ound and
backgr ound at the example of the �oor .

Remainingregions found in the clusteringstep (sec-
tion 3.1.2)areconsideredforegroundandsaved in a local
obstaclemap.They arerepresentedby their: positionin the
imagepi , sizeof the region si , disparity rangedescribing
theextensionof theobject[dmin ; dmax ], shaperepresented
by theratio of heightto width, andthecompactnessof the
regiondescribedby thepercentageof thepixelsthatbelong
to thedisparityrange[dmin ; dmax ].

In a typical application single standingobjects close
to the robot are inspectedfor movementsin consecutive
frames.The shapeanddepthrangederived from the clas-
si�cator helpsto identify objectsof interestfor thetracking
algorithm(usuallyanothermobile robot in our lab) andto
distinguishit from, e.g.,humanswalking in theroom. The
foreground-background separationreducesthe numberof
themonitoredobjectssigni�cantly.

3.2.2 Background Objects

The planesPr removedfrom the disparity imageareused
for a subsequentclassi�cation of the room structure. We
storetheactualextensionin pixelcoordinatesfor eachplane
Pr removed from the disparity image togetherwith the
region information. The region information describesin
which regionstheplanewasfound. Thecurrentlydetected
structuresare:

- hallway - both vertical boundary regions R3; R6

(Fig. 1) reportasigni�cant verticalplane,theabsolute
valueof the scalarproductof the normalizedvectors
jn�

r i � n�
r j j > cosanglemax with anglemax describing

maximumdeviation in theorientationfrom thecopla-
nararrangement,andH r i + H r j < dmax with dmax

describingthemaximumwidth of a passageto still be
considereda hallway;

- junction- bothverticalboundaryregionsR3; R6 report
thesameplanePr with H r < dempty . In this con�g-
uration the robot considersan approachingwall asa
junction. The behaviors in bothcasesaresimilar and
did not requireadditionalsubdivision. It is possible
to addadditionalhallway searchin themiddleregions
(seeprevious point) to distinguishbetweenwall and
junction;

- corner - the vertical boundaryregionsR3; R6 report
two planeswith jn �

r i � n�
r j j < cosanglecor ner ;

- emptyspace- both vertical boundaryregionsR3; R6

reportthesameplanePr with H r > dempty .

4. Results

In our experimentswe useda NomadScoutas a mo-
bile robot with a PentiumIII@850MHznotebookrunning
Linux-OS. The systemwas equippedwith SRI's MEGA-
D Megapixel StereoHeadwith 8mm lenses.The cameras
weremountedin adistanceof 8.8cmfrom eachother.

The typical tilt angleof the camerasystemduring the
experimentswas � = 53� . The systemwas mounted
H = 48:26cm above the ground. This con�guration ro-
bustly detectedobstaclesin front of therobotwhile still al-
lowing viewing up to 4m in front of therobot.

In this con�guration thesystemwasrunningwith a fre-
quency of 7.2Hz for theentireobstacledetectionandclas-
si�cation cycle.

4.1. Quality of the Background Segmentation

Backgroundsegmentationis fundamentalto the entire
approach. An example of the calibration basedon the
ground�oor is shown in Fig. 5. Eachimagetriple shows
therealimagein thetop left corner, thecomputeddisparity
imagein the top right cornerandthedetectedobstaclesin
thebottompart. It showstheresolutionof thesystem,which
is capableof distinguishingbetweenthegroundplaneand
objectsaslow as1cmabove thegroundat a distanceup to
2m. Thenewspaperdisappearsasanobstacleassoonasit
lays�at on theground.

The backgrounddetectionwastestedon differenttypes
of �oor . We modi�ed thetilt angleof thecamerain a range
45� < � < 70� in 5� steps.Thenumberof pixelsthatcould
not be removed correctly, lied at 0:6 � 0:01% of the total
numberof pixels in the image. All theseremainingpixels
werewrong depthestimationsof the stereoalgorithm. In
caseof the white planein the bottomimage,no disparity
valueswereobtainedandawarningwasgenerated,because
thesizeof the resultinginformationgapwithout valid dis-
parityvalueswaslargerthanthespeci�edmaximumsize.



Figure 5. The newspaper is visib le in the top,
but it disappeared in the bottom image.

4.2 Quality of the Foreground Segmentation

The algorithm was applied in a variety of scenesand
generatedreliableresultsin all situations,wherethescene
containedenoughtexturefor thestereoreconstructionalgo-
rithm. A few examplesareshown in the images(Fig. 6).
The typical resolution of the systemis 1cm above the
groundin theareacoveredby thesensor. All obstaclesand
gapsarereliably detectedandavoidedin thepathplanning
algorithmthatutilizes theoutputof thepresentedprocess-
ing.

Figure 6. Examples of obstac le detection in
diff erent scenes.

5. Conclusionsand Future Work

We havepresenteda systemthatis capableof automatic
selectionof interestingtargetsin thelocalareaof arobot. It
allows on-linere-calibrationof extrinsic sensorparameters

andadditionallyit allows to localizethesystemrelative to
backgroundobjectsin thescene.

The systemis usedon our mobile robot for automatic
targetselectionandfollowing basedon theperceptionof a
binocularstereosensor. Theshortnessof thispaperallowed
only acoarsereview of theappliedalgorithmsthatareused
for dynamicalcompositionof trackingprimitivesdependent
on thecurrentenvironmentstructure.Theclassi�cationof
thescenehelpsto decide,whichobjectsareinterestingand
shouldbe monitoredas well aswhich behavioris appro-
priatedependingon thecurrentscenestructure.Therobot
canswitchfrom wall following in hallway environmentsto
localizationbasedoncornerstructures,etc.

We want to replacethe region basedsearchfunction
for thebackgroundplanesdescribedin section3 by a new
methodderivedfrom computerrenderingalgorithmsin the
next versionof our system.

ACKNOWLEDGMENTS

This work was supportedby the DARPA MARS pro-
gram.

References

[1] O. Faugeras. Three-DimensionalComputerVision. Mas-
sachusettsInstitute of Technology, The MIT Press,Cam-
bridge,MassachusettsLondon,England,1993.

[2] F.Ferrari,E. Grosso,G. Sandini,andM. Magrassi.A stereo
vision systemfor real-timeobstacleavoidancein unknown
environment.In Proc.of IEEEInternationalWorkshoponIn-
telligentRobotsandSystemsIROS'90,pages703–708,1990.

[3] M.A. Fischlerand B.C. Bolles. RandomSampleConsen-
sus: A Paradigmfor Model Fitting with Applicationsto Im-
age Analysis and AutomatedCartography. Comm.ACM,
24(6):381–395,1981.

[4] A. Hauck and N. O. Stf�er . A HierarchicalWorld Model
with Sensor- andTask-Speci�cFeatures.In Proc. IEEE/RSJ
Int. Conf. on IntelligentRobotsandSystems(IROS'96), pages
1614–1621,1996.

[5] J. Mayhew, Y. Zheng,andS. Cornell. The adaptive control
of a four-degrees-of-freedomstereocamerahead.In Natural
and Arti�cial Low-level SeeingSystems,TheRoyalSociety,
London, pages63–74,1992.

[6] C.Schmid,R.Mohr, andC.Bauckhage.Comparingandeval-
uatinginterestpoints.In In Proc.of InternationalConference
on ComputerVision,Bombay, January, 1998.

[7] S. Se and M. Brady. Vision-baseddetectionof kerbs and
steps. In Eighth British Machine Vision ConferenceBMVC
'97, pages410–419,1997.

[8] S.SimhonandG.Dudek.Selectingtargetsfor local reference
frames.In Proc.IEEEInt. Conf.onRoboticsandAutomation,
pages2840–2845,1998.


