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Abstract

In this paper we proposea methodfor extractingand
trackingman-madeoads. It could be usedfor robotnav-
igation in agriculturalervironmentsor hazardouselated

areas,asit is ableto detectandtrack roadsfrom images

providedby anon-boardcolor camera.Roadextractionis
achived usingcolor sgmentationandprincipal areade-
tection;roadtrackingis achiezed by active contours.First

of all, our approactsegmentscolorimagesin smallareas,

which will be characterizedater by color andtexture at-
tributes.Thesefeaturesareclassifiedusingthe K-NN rule
or the SupportvVectorMachinegSVM) method.A global
scenemodelis obtainedwherethe roadextractionis used
to initialize the active contourtrackingprocess.Someof
theroadfeaturesarealsoused,jn afocalizedgradientzone
in orderto attractactive contourto theroadboundary Be-
sides,usingthe scenemodelinformationwe can correct

the transienterrors generatedn the tracking procedure.

This algorithm hasbeenevaluatedon a greatnumberof
images,acquiredeither on secondanytarredroadsor on
eartherroads,mainly in countrysidescenes.Resultsob-
tainedon imagesequenceshawv therobustnessf thepro-
posedapproach.

keywords: Color segmentationclassification texture,
tracking, snakes.

1 Intr oduction

Navigation in naturalervironmentsrequiresa higher
level of sceneunderstandingnd of vehicle control than

for planetaryor staticurbanervironments. Autonomous

guidedvehicleshave foundmary applicationsn mary in-

dustriesandthe mostof themhave to navigatein unstruc-
turedernvironments[1]. Robotizationof agriculturalma-
chinesike automatichanestingof fruits, requiresalsoan
autonomousiavigation, on a networkof roads,to go for

examplefrom afarm to a givenfield; with respecto the
technologieslevelopedfor intelligentvehicles,mainly on

*Theauthorthanksthe supportof the CONACyYT. Thiswork hasbeen
partially supportecoy ECOS-NordactionNo. M99MO01, fundedby the
FrenchandMexicangovernmets.

motorways this applicationprovidesa new kind of prob-
lemsin sceneinterpretationdueto the compleity of the
ernvironments.

In this context, modulesthat performpathplanningor
executioncontrol of the trajectoriesmustanalyseémages
capturedby cameragmountedon the robotsor vehicles.
Theseimagesareinterpretedo extractusefulinformation
suchaspositions,obstaclegtrees,rocks...), roadbound-
ariesandthe positionandorientation(heading)of the ve-
hicle on theroad. The constructionof a completemodel
of outdoornaturalervironmentis one of the most diffi-
cult tasksin ComputetVision; the compleity lies on sev/-
eralfactorssuchasthe greatvariety of scenesimagesof
non-structuredndnonrigid objectgtreesclouds. .), low
controlin theacquisitionconditions(asillumination, tem-
peratureandsensomotion)andcombinedwith this com-
plexity, the requirementof fast algorithmsto allow real
timeimplementationsOnly someof thesefactorscaneas-
ily beovercome.

For visual navigation in naturalervironments[2], the
color sgmentatiorshouldbe consideredisa basicopera-
tion. Imagesegmentationj.e. the extractionof homoge-
neousregionsin animage,hasbeenthe subjectof mary
researcheranainly for gray scaleimages. However, the
segmentatiorfor colorimageswhich convey muchmore
information aboutthe objectsin the scene,hasreceved
lower attentionof the scientificcommunity

In [3], abasicapproactior imageinterpretatiorusedn
naturalervironmentshasbeenproposedIt consistsn sev-
eralstepsfirst, acolor sgmentatioralgorithmprovidesa
descriptionof the sceneas a set of the mostrepresenta-
tive regions. Theseregions are characterizedy several
attributes(color and texture) [5, 6], and finally their na-
tureis identified[8, 9]. The scenemodelis requiredfor
two functions: landmark-basednodeling and landmark
tracking. Murrieta[3 hasevaluatedthis approacho rec-
ognizerocks, treesor grassyterrainsfrom color images.
In [4], apre-classificatiorstepwas usedin orderto se-
lect the databaseaccordingto someglobal classification
basedntheimages:thisstepallowsto usethebestknowl-
edgedatabaselependingon the seasonwinter or sum-
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mer), the weather(sunry or cloudy) or the kind of envi-
ronment(countrysideor urban).

In this paper this approachis extendedto focalize on
theroadextractionandtracking,eitherfor tarredroadsor
earthenonesin order to initialize a road tracking func-
tion requiredto control the vehicle motion on the road.
The Road Extraction function providesthe relative road
locationon a singleimage, profiting of the globalimage
analysis.The RoadTradking functiondeterminesheroad
locationfrom local criteriain a sequencef consecutie
images:thetrackerinitialization andcontrolis performed
usinginformationsgiven by the RoadExtractionfunction
for thepreviousimagesof thesequence.

In the next sectiona brief descriptionof the sggmenta-
tion algorithmis presentedin thesection3, theprocesgo
characterizeandclassify the regions obtainedby the sey-
mentationis describedThetrackingproceduras detailed
in the section5. In the last section,someexperimental
resultswith roadextractionto automaticallyinitialize and
to correctthetrackingprocesonimagesequencarepre-
sented.

2 Color Segmentation

Image segmentationis the processof extracting, the
principal connectedegions satisfyinga uniformity crite-
rion derived from its spectralcomponentsThesecompo-
nentsaredefinedin a chosercolor spacemodel. The say-
mentationprocesscould be improved by someadditional
knowledgeaboutthe objectsin the scenesuchasgeomet-
rical, textural or optical properties. Thereforethe Color
spaceselectionis a critical parametelin the implemen-

tation algorithm [10]. In color sggmentationtwo goals
aregenerallypursuedfirstly, the selectionof uncorrelated
colorfeatureq6], andsecondlythis selectiorshouldbe as

independenaspossibleto changesn illumination. Color

segmentatiorresultshave beenobtainedandcomparedis-

ing several color representationsilt is possibleto obtain

goodresultswith only chrominancettributesbut they de-

pendon the type of images. Chrominanceeffectsarere-

ducedin imageswith low saturation.lt is for this reason,
that the intensity components keptin the segmentation
stage Oversgmentatiorerrorscanoccurdueto the pres-
enceof strongvariationsin illumination (i.e. shadavs).

However, oversggmentationis betterthanto meige non-

uniform regions, becausehis effect canbe detectedand

fixed. Thebestcolor sgmentationwasobtainedusingthe

I I, I5 representation[J0definedas:

I = BiG+E

I, = (R = B) (1)
1'3 — ‘ZG—QR—B )

The component®f this spaceareuncorrelatedso sta-
tistically it is the bestway for detectingcolor variations.
Then, sggmentationalgorithm is a combinationof two
techniques: the thresholdingor clustering, and region
growing. The methoddoesthe groupingin the spatialdo-
mainof squarecells. Thoseareassociateavith the same
label definedin an attribute space(i.e. color space).The
advantageof this hybridmethodis thatit allowsto achieve
growing processndependentlyf the beginning pointand
the scanningorder of the adjacentsquarecells. The di-
vision of the imageinto squarecells provides a first ar
bitrary partition (an attribute vectoris computedfor each
cell). Severalclassesiredefinedby theanalysisof thehis-
tograms whichbringsthe partitioninto theattributespace.
Thus eachsquarecell in the imageis associatedvith a
class.Thefusionof thesquarecellsbelongingto thesame
classis doneby usingan adjaceng graph(8-adjaceny).
Finally, theregionswhich aresmallerthana giventhresh-
old aremegedto thenearestidjacentegion usinga color
distancecriterion.

In the histogramanalysis we have adaptedhe method
suggestetyy Kittler [11], whichassumeghatthe obsena-
tionscomefrom mixturesof Gaussiamlistributionsandwe
usetheKullbackinformationtheoryto estimatghethresh-
olds. In its mostsimpleway, the obsenationscamefrom a
mixture of two Gaussiardistributionshaving respectiely
meansandvariancequ1, o1) and(usz, o3) in proportions
q1 andgs.

Threshold(s)11] resultingfrom g1, g2, pt1, o1, o and
oy areselectedso thatthey minimize the Kullback diver
genceJ = Y-, P(i)log(%%) from the histogramP(i)
to the unknovn mixture distribution f. In our implemen-
tationthis approachis generalizedo detectN thresholds,
andto obtainthe optimalvaluefor N.
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3 Object characterization and classification

Textureis usedto describehesurfaceof agivenobject:
it is undoubtedlyoneof themorediscriminantcharacteris-
tics for imageinterpretatiorandpatternrecognition. Tex-
tureis essentiallya neighborhoodgroperty Eachregion
obtainedin the previous sggmentationstageis character
ized by a color andtexture vector The texture operators
arebasedon the sumanddifferencehistogramg5]. This
type of texture measurds an alternatie to the usualco-
occurrencanatricesusedfor textureanalysis.

This methodrequiresless computationtime and less
memorystoragaghanconventionalspatiatexturemethods;
it provides a probabilisticcharacterizatiorof the spatial
organizationof the image,basedon neighborhoodanaly-
sis. Statisticainformationcanbeextractedfrom thesehis-
togramsandseventexturefeaturesarecomputedrom the
sumanddifferencehistograms.Sincehistogramschange
graduallyin function of the view point-distancefrom the
sensorto the sceneand occlusions-, thesefeaturesare
ratherreliable[6]. Additionally whenthe color informa-
tion is available,the statisticalmeansof 7, /> and /5 are
addedasattributesto characteriz¢hecolorin eachregion.
Statisticalanalysisof numericalvaluesof the I; meanand
of the meansumanddifferencehistogramsshowvs anim-
portantcorrelationbetweenthe intensity and the texture
features.

Oncetextureandcolorfeatureshave beencomputedor
eachregion, they constitutean attribute vectorin R1%: 7
itemsfor texture, 3 for color. Thesevectorsare usedto
build the training setsrequiredfor the classificationstep.
We have found that classificationbecomesnoreaccurate
whenthe region surfacedncreasewhich dependsn the
segmentatioralgorithm.

The classof a region extractedfrom the imageis ob-
tainedby comparinga color/texturevectorwith adatabase
composedy differentclassesuchasrod, sky field, tree,
grasp, woods,water etc  The SupportVector Machines
hasbeenefficiently evaluatedwith very good resultsbut
we have foundthatit is not very versatileduring periodic
databasepdateglueto its slow learningcorvergencewith
our databaseThatis why K-NearestNeighborrule is the
currentclassificatiormethodwe use. It hasbeenapplied
using a metric that takesinto accountthe intrinsic rela-
tionshipsbetweenvariablesor features. This metric was
derived consideringhe dataanalysigechniquego reduce
spacefeaturescompleity in orderto increaseclassifica-
tion efficiengy.

Such a reduction processis generally achiezed with
the principal componentinalysis foundedon the Edkart-
Young Theoem which statesthat for ary datamatrix X,
there exists a triple (U, &, V) satisfying: X = UXV?,
where X is the normalizeddatamatrix, U, V' arethe ro-
tation matricesand X is a diagonalmatrix. If we project
theattributesvectorsinto thenew spacegeneratety PCA,
we have 2’ = (VX)'z andy’ = (VX)'y. Usingthisre-
lationsinto the typical distancedefinition (Euclidean)we

getthe proposednetric,

D'y = (z—y) -V -IX. V. (2 —y)
= (@-y" R (z-y) )

If we work with normalized data (zero mean and
unit variance),we realizethat the matrix R becomeghe
covariancematrix and more particularly the correlation
coeficient matrix . Equation2 has the adwantagethat
it dependslinearly only on the measureddata vectors
and the covariance matrix of the normalizedtraining
data. We can easily seethat equation2 is equialentto
redefinea scalarproductconsideringa weight matrix R,
< a,b >pr= a' - R - b. Thisformulationis a particular
caseof quadraticdistanceg7] like Mahalanobiglistance.
The use of the metric shovn by the relation 2 removes
someof the limitations of the Euclideanmetric: (1) It
correctscorrelationbetweerthe differentfeaturesand, (2)
It canprovide curvedaswell aslineardecisiorboundaries.

The covariance (R) matricescan be hard to deter
mine accuratelyandmemoryandtime requirementgrow
quadraticallyratherthanlinearly with the numberof fea-
tures. Theseproblemsmay be ngglectedwhenonly a few
featuresareneededike in ourimplementationindeedwe
have no needto computethis matrix on-line.

4 Road extraction

Generally the color sgmentation methodsgenerate
oversgmentedmagessoafusionphasds needed!n our
methodologythat phasemust meige all the neighborre-
gionswith thesametextureandcolorcharacteristicésame
nature). Its resultgivesa complete2D Model of the out-
doornaturalscene.

a) b) C)

Figure 2: Roadextraction to initialize and updateauto-
maticallyroadtrading processa) Original image b) 2-D
SceneéModelc) Roadcontoursextraction

Theusermustdefinea priori how mary classeswill be
interestingfor his application. Obviously, this classse-
lection dependn the environmenttype. In our experi-
mentswve have selectederenclassesSKY, FIELD, GRASS,
TREES,ROCKS, WATER and WOOD but we have consid-
eredthe ROAD classasthe primordial objectto extract.
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We shouldusethe additionalinformationto detectsome
obstaclesastreesor rocksandcontrolwith this the robot
velocity.

Numberof | Correct | Success
Reyions | Detection
TREE 299 221 74%
SKY 132 132 100%
GRASS 259 201 78%
ROAD 276 247 89%

Table 1: Evaluationof the objectclassification

In thetablel areshavn only themostfrequentlyclasses
foundin ourexperimentdi.e. statisticallyrepresentaties).
Ourprincipaltargetis acorrectroadextractionto initialize
thetrackingphaseduringthecontrolof robottrajectory In
thefigure 2 we presensomepreliminaryresultsobtained
duringtheroadextractionprocessin thenext sectionwe
presensomedetailson thetrackingmethodology

5 RoadTracking

The taskof roadtrackingin a sequencef imageson
naturalervironmentscanbe seenasthe trackingof a de-
formableobjectthatgrowsor shrinksto unpredictedlirec-
tions. Thatis the mainreasonvhy we have choserto use
snakesr active contourg12] for thetrackingstage.This
methodis basedon enegy minimization along a curve
subjectto internalandexternalforces;theseforcesarede-
fined by the desiredshapeand image properties respec-
tively.

Commonly enegy minimization processs restricted
to perpendiculatines to the curve at eachcontrol point.
However as shapesbecomesmore comple, after some
iterations,the control points could be randomlygrouped
alongthe curve andthenthefinal curve couldbevery dif-
ferentfrom the desiredshape.We do not restrictthis pro-
cessand we solve the shapeproblemasin [13], where
the contouris consideredhs an electric conductorwhich
is chaged by a constantelectricchage ). This chage
generates new force (repulsion)which redistributesthe
controlpointsalongacurve accordingo its curvature.An-
othercommonproblemconsistsan the definition of exter-
nal force, which is definedusuallyasthe intensityimage
gradient. But, in compl environmentseither intensity
imagegyradientor colorimagegradientshave enoughn-
formationto attractactive contourto thedesirededgegfig-
ure3a,b).Asaconsequenceye usedafocalizedcolorgra-
dient(figure 3c,d)definedin normalizedcolor spacewith
the characteristicloundby the characterizatiostage.

Theactive contouris initialized by samplingthe results
of the road extraction describedoreviously. As we used

c)

Figure 3: External potentialfields usedfor active con-
tours. a) Intensitygradient,b) color gradient,c) normal-
izedcolor selectiond) focalizedcolor gradient

dynamicprogrammingo solve enegy minimization[14],
thesamplingfrequeny needdo beacompromisdéoetween
a few control points (to avoid method compleity) and
enoughnumberof control points (to geta goodroades-
timation). The compleity for the dynamicprogramming
methodis O(nm”*1), wheren is the numberof control
points,m is the numberof possiblepositionsfor a control
pointandk is thehighestorderdifferentialfor contour We
acceleratehis stageapplyingit in amulti-scalespace.
Snakegeinitializationprocesss needechecausaven
with the focalizedgradientit could be attachedto some
particularcharacteristicef theroad,asobjectsin thesides
of theroadsor shadavs. And alsobecausesnakesanbe
deformedin a not suitableway, makingvery hardthere-
covering of the desiredcharacteristicsA shapeestbased
in areamomentsijs performedon snake®ver thelastiter-
ationsin orderto determinedrasticallychange®f shapes.

6 Cooperation Extraction-Tracking

In our experiments,a standard360x 288 pixels color
imagewasprocessedby the color ssgmentatioralgorithm
in about1l00mson a SparcStation5. The sgmentedm-
agesafterthemodelingprocessareshovn ontheleft of the
figures 4. Ontheright we presenthetrackingevolutions.
In somepairsof imageswve identify thatonly someimages
on the left areusedasthe initialization of the right ones.
Theredregionsontheleftimagesepresenthe outliersor
non-classifiectlements.

In relationwith theregion recognition(roads)we have
evaluatedthis phaseusingseveralimagesfrom anevalua-
tion base.Therecognitionresultsusingthe K-NN method
with the proposedlistancemetric are summarizedn the
Tablel. Thetestimagesweretakenin springscenesvith
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Figure 4: RoadExtraction and trading for a video se-
guence

differentillumination conditions.Thetotal executiontime
including all the stagesof the Road Extraction function,
is lessthan1.0 s perimage. We have found a very good
recognitionrate particularlywith the road zonesthat will
be exploitedin robotnavigation.
Theprincipalinconvenientin theRoadExtractionfunc-
tion (notedR-LOC), concernghe processingime. When
consideringavisual-basedontrolloop of avehicleto nav-
igate on a road, this periodis not sufficient: the cooper
ation with the Road Traking function (noted R-TRACK)
allows to overcomethis problem(seefigure 6). We have
alreadyanalyzedsucha cooperatiorfor the navigation of
indoorrobotsusingonly relative localizations[15], or for

Figure 5: RoadExtraction and tradking for a videose-
guence

outdoorrobotsduringamodelingtask[3]. Let ussumma-
rizethedifferentadvantage®f suchacooperationassum-
ing that R-TRACK canprocessl0 imageswhenR-LOC
canonly analyseone:

e initially, ontheimagel,, R-LOC findstheroadposi-
tion. Thispositionis sentastheinitial roadboundary
to R-TRACK; the color parameterarealsotransmit-
ted, sothat R-TRACK usesdedicatedhresholdgor
thecolor gradient.

e every0.1s,from Iy, for everyimage R-TRACK pro-
videsanew roadlocation,usingonly localmotionsof
asnakeinkedto theroadboundary Becausaét is lo-
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Road Tracking Process: 10HZ
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Figure 6: Coopeation betweentracing and extraction
functions

cal, cumulative drifts arepossible.

e every 1s.,from 114, thenfor oneimageover ten, R-
LOC givesanew roadlocation,usinga globalscene
interpretation.This global positionallows (1) to de-
tectthe trackererrorsandto reinitialize R-TRACK,
and(2) to updatethegradientparameters.

A predictive stepin R-TRACK, is requiredin order to
compensatehe time shift betweenthe two process. At
this moment, This predictionrequiresthe knowledgeon
the speedandthe headingof the vehicle,and considersa
planarworld.

7 Conclusions

This article haspresente@d methoddesignedo extract
and track automaticallyroadsstarting from imagespro-
vided by an on-boardcolor camera. This techniquerep-
resentssomeclearadwantagesuchasautomatictracking
initialization aswell asperiodicupdatesit providessome
additionalusefulinformationon the scenes.The correct
identificationof someother classeshesidesthe roadsis
a relevant characteristioof our method. This adwantage
canbeusedto detectunforeseembjects(obstaclespnthe
road.

While our preliminaryexperimentsshowv very promis-
ing results several hurdleslay aheacandarethe objectof
currentresearch.For instance objectclassificationusing
its colorandtextureneeddo be morerobustto variousen-
vironmentconditionsand more computationallyefficient.
A moreefficient schemes beingdevelopedfor thefusion
with dataprovidedby someother3D sensorsvhenthetex-
tureandcolorfails. A color/texture classificatiormustbe
reinforcedwith explicit shapereasoningn orderto cor
rectly characteriz¢he objectsontheimage.

With our experiments,a rate of almost 90% of good
road recognitionhave beenreachedand sceneinterpre-
tation from one imageis generatedn aboutl s. Obvi-
ously, usingonly roadextractionis not enoughto satisfy

Road Extraction Process: 1HZ

somereal time constraintsfor someapplications. How-
ever, the successfutoadtrackingimplementatiorpermits
us to work in real time. This algorithm generallyruns
fasterthantheroadextractionalgorithm,thereforeanade-
quatesynchronizatioron both tasksis crucial. We aimto
applythis methodto controlthe motionof robotizedagri-
culturalmachinesn a networkof roads.

References

[1] YueWang,DinggangShenEamKhwangTeoh Lanedetec-
tion usingsplinemodelPatternRecognition_etters,21:677-
689,2000.

[2] E. CelayaandC. Torras. Visual NavigationOutdoors: The
Argos Project Intelligent AutonomousSystems?, 63-67,
March25-27,2002

[3] R.Murrieta,C. ParraandM. Devy Misualnavigationin natu-
ral environmentsfromrangeand color datato a landmark-
basedmodel. AutonomousRobots Vol.13,N2, pp.143-168,
Septembe2002

[4] R. Murrieta, C. Parra, M. Devy, B. Tovar and C. Este/es
Building Multi-Level Models: From Landscaps to Land-
marks.ICRA 2002,WashingtonP.C., May 2002.

[5] M. Unser Sumanddifferencehistogmamsfor texture classi-
fication. .E.E.E.onPAMI, 8(1):118-125,1986.

[6] T.S.C.Tan and J. Kittler. Colour texture analysisusing
colour histogram. |.E.E. Proceedings]141(6):403-412De-
cemberl994.

[7] J. Hafner H. S. Sawvhney, W. Equitz, M. Flickner and W.
Niblack Efficient Color Histogram Indexing for Quadratic
Form DistanceFunctions |.E.E.E. Transactionn PAMI,
17:729-736,1995.

[8] R.O.Duda,RPE. HartandDavid G. Stork. Pattern Classifi-
cationand SceneAnalysis Wiley & sons,1998.

[9] V.N. Vapnik,S.E. Golowich,andA. J. Smola.Supportvec-
tor methodfor function approximation, regresson estima-
tion, and signalprocessingAdvancesn Neurallnformation
Processingystems9:281-287,1996.

[10] Y. Ohta. Knowledge-Basebthterpretationof OutdoorNat-
ural Color ScenesMorganKaufmanPublishers)nc., Palo
Alto, CA, 1985.

[11] J.Kittler andJ. lllingworth. MinimumError Thresholding
PatternRecognition,19(1):41-471986.

[12] M. Kass,A. Wirkin, andD. Terzopoulous,SnakesActive
ContoursModels.Int'l J.ComputeVision,1:321-331,1988.

[13] A. Marin-HernandezH.V. Rios-Figueroa, Eels: Electric
SnakegComputacdbny Sistemas2(2-3):87-94,1999.

[14] A.A. Amini, T.E. Weymouth,R.C. Jain, Using Dynamic
Programmingfor Solving Variational Problemsin Msion.
|.E.E.E.Transaction®n PAMI, 12(9),Sep.1990.

[15] V.Ayala-Ramirez).B.HayetF.LerasleandM.Devy Visual
localizationof a mobilerobotin indoor environmentsising
planarlandmarks 2000IEEE/RSJnternationalConference
on IntelligentRobotsand SystemgIROS’2000), Takamatsu
(Japon)November2000.

821



	ICAR2003
	Return to Menu




