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Abstract

We presenbur approach for sceneclassi cationin dense
disparity mapsfroma binocular steleo system.Theclassi-
cation resultis usedfor tracking andnavigationpurposes.
Thepresentedsystenis capableof foreground-ba&ground
sepaationclassifyingroomstructues. The3D modelof the
scends deriveddirectly fromthe disparityimage. Thisap-
proach is usedfor initial targetselectionandsceneclassi -
cationin mobilenavigation.It is usedon our mobilesystem
for target tracking, but canalsobe usedfor localizationas
describedn this paper

We describethe basicprinciplesof our objectdetection
andclassi cationusingdisparityinformationfroma binoc-
ular stereo system.Thetheoretical derivationis supported
by resultsfrom the binocular steleo sensorsystemon our
mobilerobot.

1. Moti vation

Sceneclassi cation is an importanttask in navigation
systems.It helpsin sensoibased3D modelgeneratiorto
discriminatebetweerpbjectsinterestingfor missiongfore-
ground andbadgroundobjectsrelevantmerelyfor local-
ization. It is alsousedto trigger differentbehaiors of the
robotdependingntheernvironmentstructure Typical clas-
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 image spaceare describedn [8, 6] in more detail.
Interestingtargetslik e single standingobjectsin the scene
needto beseparatedrom the supportingplanesof the oor
andwalls thataremerelyrelevantfor pathplanning.

Single standingobjectsare cateyorized as foreground
They needto be separatedrom the room structure(back-
ground rst. In anadditionalsteptheremainingforeground
objectsareclassi edaccordingo theirshapegxtensionand
movementrelative to the scene.The badkgroundstructures

areusedn asubsequertlassi cationprocesgo classifythe
roomstructureaccordingo the criteriadescribedabove.
We structurethis paperasfollows. In thefollowing sec-

tion (section2) we describebrie y the work donein the
eld of groundplanedetection.In section3 we describehe
basicideaof thefastplanesegmentatiorin disparityimages
followed by the descriptionof the localizationpossibilities
andour approachor sceneclassi cation.In theresultssec-
tion (section4) we presenta shortexcerptof the resultsin
thevarietyof applicationf the presentedystem We con-
cludein section5 with a few remarksaboutthe systemand
adescriptionof futurework.

2. Related Work

GroundPlaneObstacleDetection(GPOD) usingstereo
disparitywas rst reportedby Sandinietal. [2], andre ned
by Mayhew et al. [5] andby Brady et al. [7]. Theseap-
proachesiseorthogonalregressiontechniquedo estimate
theparametersf thegroundplane.Approachediketheone
from Brady et al. [7] useline featuresgroupedin a Hough
transformto detectobstaclesn the ervironment. Our ap-
proachusesin contrastdirectly thedisparityinformationin
theimage.We presentanapproactthat ts multiple planes
into a densedisparityimageto allow calibration,localiza-
tion andobjectclassi cationfrom asingleimage.

3. Approach

Our approachgeneralizesthe ground plane detection
from the approacheslescribedn the previous sectionto a
genericsggmentatiorof theroom structurefrom densedis-
parity images. In the following text we assumea recti ed
pair of sterecimagesfrom a non-vergedbinocularcamera
system.

Thecorrectforeground-backgrand separatiomndroom
structure classi cation are the two major problems ad-
dressedn the following sections.We assumean operation
in indoor environmentswherebackgroundcanbe approxi-
matedwith planarsurfaces.



3.1 Plane Segmentation

In the rst stepthe supportingsurfacesrepresentinghe
roomstructureneedo beremovedfrom thedisparityimage
to revealthepositionof singlestandingobjectsin thescene.
The groundplaneandwalls connectall imageelementgo
onecontinuougegion. Theirremoval isolatessinglestand-
ing objectsin thescene.

3.1.1 Imaging Propertiesof a Parallel Camera System

In indoor ervironmentsthe room structurecanbe approxi-
matedwith planarsurfacesP, .

Priax+by+cz=d 1)

In asterecsystemwith parallelcamerasheimageplanes
arecoplanar In this case the disparityvalueD (u; v) of a
point(u,v) in theimagecanbeestimatedrom its depthz to

D(u;v) = %; 2
with B describingthe distancebetweenthe cameraf the
sterecsystent1].

The homographicprojection onto the recti ed parallel
cameraimagespreseresthe planarpropertiesof the pro-
jectedpixels. We estimatethe disparity D (u; ; v;) of the
plane P, at an image point (u,;Vv,) using the unit focal
lengthcamergf=1) projectionto
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The vectorn, = (a, b ¢)T is normalto the plane

P, anddescribeghe orientationof the planerelative to the
camera.
Theequation(3) canbewrittenin theform
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This form usesmodi ed parameters 1; »; 3 of the
planeP; relatingtheimagedatau, ; v, to D (u;;V;).
3.1.2 PlaneFitting in DenseDisparity Images

Using at least3 pointsfrom the disparityimage,we calcu-
latethe planeparameter$or alocal areaby solvinga setof

linear equationdor ( 1; 2; 3). Theselectedpointsmust
not be co-linearto prevent a reductionof the rank of the
matrix in thelinearsystem.

The correctplanereconstructiordepend®on correctse-
lection of the pointson the surfaceof the supportingplane.
This selectionmay be disturbedby occlusionsfrom single
standingobjectsin the scene. The trivial solutionto this
problemis anexhaustve searchor all possibleplanecom-
binationsbetweerthedisparityvaluesin thedenselisparity
map. The compleity of this solutionis inapplicableon a
mobile systemusingthe sensoratafor trackingandnavi-
gationpurposes.

In our currentimplementatiorwe expecttheroomstruc-
ture to consistof horizontal (oor, ceiling) and vertical
(walls) planar surfaces. We assumethat the supporting
planeis dominantin its areaof appearancelt meansthat
amajority of thepixelsin this areabelongto the givensup-
portingplane.

Figure 1. Regions in the disparity image used
to estimate the plane equations for P;.

We subdvide the disparity imagein regions of expec-
tation for a speci c room structureRs (g. 1). We search
for horizontalplanesin theregionsR; R, andfor vertical
planesin theremainingregions.

In caseof ahorizontalplanein regionR; or R, the his-
togramfor asingleimageline of the disparityimageshould
be a singlevalue(Fig. 2 left) accordingto equation(4). In
this casethe ; componenof thevectorn, is zeromaking
thedisparityD(u,v) independenof thehorizontalimageco-
ordinateu. In the reality, the camerasarenever alignedso
exactly. Fig. 2 right shavsthatin theregularcasethe dom-
inantplanecoversa smalldisparityrangein the histogram,
but it is still signi cant for this line. The sameis true for
vertical surfacesin regionsf Rgot 2.3.4:5.600 dueto » = 0
in equation(4).

All regionsare processedequentially A processingf
eachregion consistsof two steps: estimationof planepa-
rameter@andremoval of thematchingpixelsfrom theentire
disparityimage.

In our approach histogramsover the entireimagerow
or column are calculatedfor 10 differentlines in regions
fR1;R2g or columnsin regionsf Ryt 2:3:4;5:6¢9 (9. 1).
RANSAC [3] methodis usecdto estimateavalid setof plane
parameter$ 1; »; 3ginagivenregion.



Figure 2. Disparity range covered by the oor
plane in a single row of the disparity image:
(left) almost perfect alignment (right) roll an-
gle of 30

We include a “sanity” checkrejectingfalse supporting
planeestimationsresultingfrom possibledominantocclu-
sionsin the scene. The checkis basedon the orientation
of the reconstructedhorm vector and the distancedo the
surfaces.Thisis especiallyimportantfor the on-linerecali-
brationprocessnentionedatthe endof this section.

In the secondstepall pixels matchingthe currentplane
assumptiorf 1; 2; 3) areremovedfromthedisparitymap
if their disparityD (u; v) matcheghepredictionfrom equa-
tion (4). The searchis performedon the entire disparity
image. In this way it is not necessaryo adaptthe region
boundariesn Fig. 1 to the surfaceboundariesof the sup-
porting planes.In casea surfacespavns severalregionsin
the disparityimage,the histogramsn the following cycle
will notgenerateary signi cant peakdeadingto new plane
assumptionandthesecondstepof theprocessingremoval
of thematchingpixels)will beskipped.

The remainingpixelsin the disparityimageare consid-
eredforegroundandthey areprocessedh the nal step.A
clusteringalgorithmis runoverthedisparityimage.It scans
theimagehorizontally It growsclustersG sufcing thefol-
lowing constraints:

- compactnessn the image space- we requirethatthe
distancebetweemeighboringelements; ; p; of anob-
ject Ojin theimageshouldnot exceeda giventhresh-
old .

B pi< . (5)

- compactnessn the object space- in realimagesar
easof anobjectO; maynotbe detectectorrectlydue
to texture propertieof the surfacein this area.There-
fore, we allow a maximumdistance 4 betweentwo
closestisparityvalues(dy; dm ) of asingleclusterG.

k;Pm 2 0; 1jde dmj< 4 (6)

3.1.3 PlaneLocalization

EachplaneP, extractedin the above processcan be de-
scribedby threeparametersthe distanceto the planeH
the horizontal 4, andvertical y orientationof the
planerespectie to the cameraplane. The plane parame-
ters 1; »2; 3 areusedto estimatethe distanceH, andthe
orientations 4 and v .
Fromtheequation(1) we canwrite for H,

d
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Usingequationg3) and(4) we canre-writeit to
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Theorientationanglescanbe estimatedo
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We apply the presentedhlgorithmto recalibrateon-line
theextrinsiccamergarametersl,; (n; v basednthe
planeparametersf thegroundplane( g. 3). This helpsto
estimatethe currentorientationof the cameraon a pan-tilt
headduringatrackingprocess.

rv

Figure 3. Calibration of the extrinsic camera
parameter s based on the presented plane lo-
calization.

A secondmportantapplicationis localizationin alocal
area. Giventwo non-coplanawertical planeswe canesti-
matethe(x; y;' ) poseof therobot.

3.2 Classi cation

In our experimentsthe subdvision of the indoor envi-
ronmentin foregroundandbackgroundbjectsbringsser-
eral advantages.In typical scenarioghe backgroundcon-
sistsof largeplainsurfacesusuallyrepresentingvalls, oor,
ceiling, and big cabinets. Theseobjectsare detectedand
representedh their planardescriptionas norm vectorand
distancefrom theorigin (n ;d ). They areusedfor local-
izationandpathplanning,but they do notrepresentargets
interestingfor tracking.



3.2.1 Foreground Objects

In ourapproactall disparitiescorrespondingo badground
surfacesareremoved rst, beforea targetselectionbegins

(Fig. 4).

Figure 4. Distinction between foreground and
background at the example of the oor .

Remainingregions found in the clustering step (sec-
tion 3.1.2) are consideredoregroundandsavedin a local
obstaclamap. They arerepresentedly their: positionin the
imagep;, sizeof the region s;, disparity rangedescribing
the extensionof the object[dmin ; dmax ], Shaperepresented
by theratio of heightto width, andthe compactnessf the
regiondescribedy thepercentagef thepixelsthatbelong
to thedisparityrange[dmin ; dmax 1-

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

3.2.2 Background Objects

The planesP, removedfrom the disparityimageare used
for a subsequentlassi cation of the room structure. We
storetheactualextensionin pixel coordinate$or eachplane
P, removed from the disparity image togetherwith the
region information. The region information describesin
which regionsthe planewasfound. The currentlydetected
structuresare:

- hallway - both vertical boundary regions R3s; Rg
(Fig. 1) reporta signi cant verticalplane the absolute
value of the scalarproductof the normalizedvectors
ing nrjj > cosanglenax With anglenax describing
maximumdeviation in the orientationfrom the copla-
nararrangementandH,; + Hyj < dmax With dmax
describingthe maximumwidth of a passagéo still be
considered hallway;

- junction- bothverticalboundaryregionsR 3; R¢ report
the sameplaneP, with H; < dempty . In this con g-
uration the robot considersan approachingwvall asa
junction. The behaviors in both casesare similar and
did not require additional subdiision. It is possible
to addadditionalhallway searchn the middleregions
(seeprevious point) to distinguishbetweenwall and
junction;

- corner - the vertical boundaryregions R3; Rg report
two planeswith jn,; n”—j < cosanglecor ner ;

- emptyspace- both vertical boundaryregionsR3; Rg
reportthesameplaneP, with H; > dempty -

4. Results

In our experimentswe useda Nomad Scoutas a mo-
bile robot with a Pentiumlll@850MHznotebookrunning
Linux-OS. The systemwas equippedwith SRI's MEGA-
D Megapixel StereoHeadwith 8mm lenses.The cameras
weremountedn adistanceof 8.8cmfrom eachothet

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

In this con guration the systemwasrunningwith a fre-
queng of 7.2 Hz for the entireobstacledetectionandclas-
si cation cycle.

4.1 Quality of the Background Segmentation

Backgroundseggmentationis fundamentalo the entire
approach. An example of the calibration basedon the
ground oor is showvn in Fig. 5. Eachimagetriple shavs
therealimagein thetop left corner the computedlisparity
imagein thetop right cornerandthe detectedbstaclesn
thebottompart. It shavstheresolutionof thesystemwhich
is capableof distinguishingbetweenthe groundplaneand
objectsaslow as1cmabove the groundat a distanceup to
2m. The newspaperdisappeargsan obstacleassoonasit
lays at ontheground.

The backgroundietectionwastestedon differenttypes
of oor. We modi ed thetilt angleof thecameran arange
45 < < 70 in5 steps.Thenumberof pixelsthatcould
not be removed correctly lied at 0:6  0:01% of the total
numberof pixelsin theimage. All theseremainingpixels
werewrong depthestimationsof the stereoalgorithm. In
caseof the white planein the bottomimage,no disparity
valueswereobtainedandawarningwasgeneratedpecause
the sizeof the resultinginformationgapwithout valid dis-
parity valueswaslargerthanthe speci ed maximumsize.



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 appliedin a variety of scenesand
generatedeliableresultsin all situations wherethe scene
containecenoughtexturefor thestereareconstructioralgo-
rithm. A few examplesare shawvn in the images(Fig. 6).
The typical resolution of the systemis 1cm above the
groundin theareacoveredby thesensorAll obstaclesand
gapsarereliably detectecandavoidedin the pathplanning
algorithmthat utilizes the outputof the presentegrocess-

ing.

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

5. Conclusionsand Futur e Work

We have presented systenthatis capableof automatic
selectiorof interestingargetsin thelocal areaof arobot. It
allows on-linere-calibrationof extrinsic sensoiparameters

andadditionallyit allows to localizethe systemrelative to
badgroundobijectsin thescene.

The systemis usedon our mobile robot for automatic
targetselectionandfollowing basedon the perceptiorof a
binocularsterecsensar Theshortnes®sf this paperallowed
only acoarseeview of theappliedalgorithmsthatareused
for dynamicalcompositiorof trackingprimitivesdependent
on the currentervironmentstructure. The classi cation of
the scenehelpsto decide which objectsareinterestingand
shouldbe monitoredas well aswhich behavioris appro-
priatedependingon the currentscenestructure. The robot
canswitchfrom wall following in hallway ernvironmentsto
localizationbasedn cornerstructuresetc.

We want to replacethe region basedsearchfunction
for the backgroundplanesdescribedn section3 by a new
methodderived from computerenderingalgorithmsin the
next versionof our system.
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