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Abstract

We havedevelopedomnidirectionalvision systemsby
combiningdigital colour videocamerswith conicaland
hyperbolicmirrors and appliedit in mobilerobotsin in-
door ervironments.A learning basedapproad is intro-
ducedfor localisingmobilerobotmainly basedon the vi-
sion data without relying on landmarks. In an off-line
learning stepthe systenis trainedon the compessedn-
put datasoasto classifydifferent situationsandto asso-
ciate appropriate behavious to thesesituations. At run
timethe compessednput dataare usedto determinghe
correspondenceetweerthe actual situationand the sit-
uation they were trained for. The matding contmoller
may thendirectly realisethe desied behaviour Theal-
gorithmsare straightforwad to implementand the com-
putationaleffort is mud lower thanwith corventionalvi-
sion systems.Preliminary experimentalresultsvalidate
theapproach.

1 Intr oduction

The issuewe addresds the applicationof a learning
systemfor navigating a mobile robotin an ervironment
which the robot hasbeenmadefamiliar with during an
initial training phase. The task of determiningits posi-
tion and orientationis to be accomplishednainly based
on visual information,i.e. high dimensionalinput data.
Eventhoughhumansareusedto relyingonmapsfor “out-
door navigation”, they manageto find their way in ervi-
ronmentsthey have seenbeforewithout being mentally
awareof amap,e.g.for theirown home.

Visual sensorarebecomingmoreaffordableandeas-
ier to usein robotic systems.Given the currentstateof
technology it shouldbe possibleto accomplishthe task
withoutaplethoraof sensorshatarenotcommonlyfound
in living organismgsuchaslaserscannersnfrareddetec-

tors and large circular arraysof ultrasonictransducers).
Theultimategoalis to work without symbolicsigns,arti-
ficial landmarkspeaconandthelike.

Theneedfor arobustandaccuratdocalisationmethod
is olbvious;thereforenumerousapproachebave beende-
velopedfor navigatingmobilerobotsin recentyears.The
major objective of mostlocalisationapproachess to up-
dateandto re-calibratethe internal control with external
sensorinputs. Internal sensordike wheelencodersare
accurateover short distancesbut fail over longer paths
dueto sliding wheels,e.g. during orientationchangeslt
is thereforecommonto combineodometricsensorswith
standarccamerasThevision systemcanthenbe applied
to recognisecertainpositionsof the ervironmentandde-
terminethe robot position and orientationby using pre-
calibrateddata. A simpletechnicalsolutionareartificial
landmarks,e.g. “beacons”. Solutionsbasedon this ap-
proacharerobust but mostly limited to structuredndus-
trial ervironmentsandexpensve.

2 RelatedWork

In thefollowing two subsections;obotsarebriefly re-
viewed which useoptical systemdor localisation.Other
approachebasedn non-opticalsensorse.g. GPS radio
navigationandlocalisationwith ultrasonicsensorsywhich
arenotdirectly relevantto the approachwe propose will
notbediscussed.

2.1 Navigation

When a multi-sensorsystemis usedfor navigation,
thecompleity of the controlsystemgrows exponentially
with thenumberof its inputs. Thesenputsmaybegener
atedby individual physicalsensorspr they maybedravn
from logical sensos sharingthe samephysical sensing
device but evaluating its output accordingto different



principles. Oneway to reducethe compleity of thein-

putis to selectthe mostexpressve inputswith regardto

the desiredsystemoutput(Input Selection)[5] or by sta-
tistical analysisof theinput patternausingtechniquedik e
the principal componentanalysis(PCA). Hancockand
Thorpe[4] implementeckigervectorbasedhavigation of

anautonomousehicle.In theirexperimenttheimagese-
guenceof thevehiclemotionandthecorrespondingteer

ing motion of a humantutor arerecorded.The collected
trainingimagesarecompresseavith PCA. A new image
withoutary steeringnformationis first projectecontothe
computedeigervectors. While the original imageis re-

constructedwith the principal componentsthe steering
parametersanalsobereconstructed.

In [6] therobottaskis to navigatealongatrainedpath
within a corridor All theimagesalongthe pathandthe
associatedsteeringvectorsare stored. Basedon a fast
algorithmfor patternmatching,the positionandorienta-
tion of the robot canbe calculatedfrom the information
pre-storedn theimagesequenceTo minimisethe com-
putationcompleity, imagesare storedwith very coarse
resolution(32 x 32 imagepixels). Sincetheimagebank
canincreasevery rapidly, theapproachs only applicable
in smallworking spaces.

2.2 Localisation

Basednamonoculacameraystemtherobotsystem
proposedby Dudekand Zhang[3] tried to calculatethe
exactrobotpositionin aroom. A camerdmageis takenat
eachtraining positionwith constanbrientation. Theim-
agesetis preprocessedith corventionalapproachebke
edgedetectiongxtractionof paralleledgesandis fedinto
athree-layeredheuralnetwork. Theinterpolationerrorof
unknawn positionsis very small. However, the approach
is very sensitve to rotationalchange®f therobot.

A flexible approactto localisationis theuseof anom-
nidirectionalvision system. With sucha vision system
a global view of the ervironmentcan be acquiredwith-
outrotatingthe camera.Furthermoreit is relatively sim-
ple for the localisationsystemto dealwith new objects.
Approacheemploying anomnidirectionalvision system
canbegroupedaccordingto the methodof extractingin-

formationand how the informationis further processed.

Yagiet. al. [7] extractededgesof objectsandthengener
ateda mathematicamodelof theenvironment.Theinter
polationwith unknavn imagesis performedby solvinga
linear equationsystemgeneratedvith the trainingimage
set.

The POLLICINO systemby Cassiniset. al. [1] can
be viewed as a extension of the system proposedby
Yagi. The detectecedgesareclassifiedaccordingto their
coloursand combinedinto a colour vector In a similar

way to Dudek]3], the generatediectoris usedasthein-
put of athree-layeredheuronahetwork.

Drocourtet. al. [2] proposea systemwith an omni-
directionalstereovision system. It consistsof a camera
with amirror thatis movedrelative to the robotandthus
cangetimagesat two differentplaces. The systemuses
probabilisticmethodgo searchtheassociategartsof the
two images. The usedfeaturesare edgesandthe colour
of theareasetweerthem.

In the work presentedn [10], the feasibility of local-
isationof a Kheperarobotin a small-scaleernvironment
has beendemonstratedy using a subspaceprojection
method.

3 Experiment Systems

The first versionof our system(Setupl) is a camera
combinedwith a conicalmirror installedon a mini-robot
Khepera. The vision systemconsistsof only two com-
ponents: a subminiaturecameralooking “upright” and
a conical mirror of polishedaluminium. The complete
Setupl is shavn in Fig. 1. Thetestervironmentconsists
of aminiature“doll’ shouse”of 40cmx40cmin size.The
walls arecoatedwith texturedwall paperandthe “room”
includesseveralpictures windows anddoors.

Figurel: Setupl: the small mobile robot mountedwith
anomnidirectionalcamerausingaconicalmirror.

We have developedthe secondversionof robotvision
system(Setup2) for naturaloffice ervironments.Theom-
nidirectionalvision systemis mountedon thetop of a pi-
oneermobilerobot (Fig. 2), which consistsof a camera
facingupwardsanda hyperbolicmirror aboreit (Fig. 3).
To avoid imagedisturbancendto achieve acomplete360
degreeomnidirectionaliew of the environment,the mir-
ror is placedon atransparenplasticcylinder. Theimages
takenwith this systemareusedto localisetherobotin an



environmentthat was learnedbeforehand. The robot is
intendedfor usein anunmodifiedreal-world office ervi-
ronment.

Figure2: Setup2: Thepioneer2 DX robotwith anomni-
directionalvision systemusinga hyperbolicmirror.
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Figure 3: The omnidirectionalvision systembasedon a
hyperbolicmirror.

The camerarecordscyclically distortedimages(Fig.
4) that are corvertedto cylindric coordinatesto get a
panoramicview (Fig. 5) of the ervironment. These
panoramicimages(or featuresextractedfrom them)are
usedto determinethe robot positionin an ervironment
learnedoff-line.

Figure5: The panoramioview.

4 Image Processing

4.1 PCAvsORF

PCA canbeusedasanapproachor dimensionreduc-
tion to selectfeatures.With thefirst n dimensionf the
eigenspacethe original imagecanbe reconstructedo a
pre-definedesolution.Sincethe magnitudeof the eigen-
valuecorrespondso the variability of arandomvariable,
problemsmay occurwith input variableswhosevariance
is low but thatareneverthelessignificantfor controlling
theprocessThink of atraffic scenan whichasmalllight
thatchangedrom greento redis muchlesssalientthan,
say thelargechangesn theimagecausedy carspassing
by.

In suchsituationswith purePCA appliedto theinput
dataset,alargenumberof eigervectorsareneededo rep-
resentontrolinputvariablesn anappropriatevay. A so-
lution to this problemis to usea setof vectorsthatdirectly
correlateinput and output space,insteadof using the
eigervectorsof theinput data.Featureshatshouldaffect
theoutputarecalledOutputRelevantFeatues(ORF).

Basedon a single-layerfeed-forward perceptromet-
work, the ORFscan be extractedthroughtraining with
theHebbianlearningrules Assumethatthetrainingdata
aredenotedby z; (j = 1,...,k). If one ORF weight
vectoris trainedwhich is denotedby a, thenthe network
outputP is:

k
P=> ajx;=ad"3=2"a. €Y
j=1



Unlike PCA, which maximisesthe varianceof the input
dataalong the weight vector (eigervector), the learning
rule for the ORF weight vectorsis to minimise the di-

recterror, i.e. thedifferencebetweerthe desiredandreal
valuesof the output. Obviously, this requiresboththein-

put z andthe desiredoutputYs (in our casethe absolute
positionof the robotin a given coordinatesystem)to be
available. Then, oneelementa; of the weight vectora

canbe modifiedasfollows:

Aaj = 77(YS - P)x] (2)

wheren is the learningrate. To calculatemore than
one ORF weight vectors,denotedby a;, (i = 1,2,...),
we usean approachsimilar to that proposedoy Yuille et
al. [8]. Thecomputatiorbeginswith thefirst ORFweight
vector (i=1) using(2). For calculatingfurthera; (i > 1),
all theinput dataareprojectedontothelastORFvectors,
ie. d,...,d; 1, throughwhich the componentf the
input vector, lying parallelto the ORF vector arecalcu-
lated. Thesecomponentsare subtractedrom the input.
Theelement;; of thevectora; canbethenadaptedy:

i—1
Aaij =7 (YS — H) (.’Ej — Z Pkak]’> . (3)
k=1

Unlike the eigervectorsthe ORF weight vectorsare
not orthogonal. Thereforethey cannotbe usedfor recon-
structingthe original dataunambiguouslyHowever, for a
supervisedearningsystem ORFsaremoreefficientthan
principal componentbecausehey take into accountthe
input-outputrelation. When modelling a comple< non-
linear system the benefitof finding the ORFsis to deter
mine a smallnumberof the mostsignificantfeaturesand
to isolatethemthrougha lineartransformation.

4.2 Overlap Measure

To interpolatethe actualpositionbasedn sometrain-
ing examples,the similarity of the featuresshouldin-
creasavhenthedistancebetweerthecorrespondingosi-
tionsdecreasedn otherwords:imagesakenatlocations
closeto eachothermustresultin similar featuresandthe
featurecomputedrasedn animagefrom amoredistant
positionmustnot be moresimilar.

For the developmentof the visuallocalisationsystem,
we needto selectsomeimagepre-processinglgorithms.
Thesealgorithmswereto emphasiseéhe contentsof the
imageghatareimportantfor localisation andto suppress
those contentsthat are causedby position-independent
changesTo selectthe bestfeatureextractionalgorithms,
we suggest measuref overlap.

Assumewe have a setof imagesI; to I,, takenat po-
sitionsp; to p,. Thesepositionslie on a straightline,

so that positionsp;_; and p;1 have the smallestdis-
tancego positionp;. Wethencomputehefeaturevectors
F, = f(I) to F, = f(I,) usingdifferentalgorithms.
We definethe distancebetweerfeaturesas

d(i, j) = |Fi — Fj| 4)
andthe non-ambiguousadiusin featurespace:
(i) = maz(d(i,i + 1),d(i,i — 1)) (5)

A usefulfeatureshouldhold the following conditionfor
all 4

r(i) <d(i,5) Vj ¢ {i—-1,4,i+1} (6)

This meanghatthetwo nearestmages/;; andl;_; re-
sultin the mostsimilar features.

To checkthis condition we first definethe absolute
overlap o'

r(i) —d(i,j) V d(i,7) < r(3)
and j ¢ {i—1,i,i+1}
0 else

()

which computeshow far the featurevectorof j reaches
into the smallesthon-ambiguousadiusof <. If all o'(z, 5)
aresummedup for one positionp;, we canseewhether
thereis anambiguityat this position.

a(i) = Z o' (i, j) (8)

Jj=1

If a(?) = 0, the condition (6) is metat positionp;, oth-
erwisethereis an ambiguity This testis suitableto au-
tomaticallydivide along sequencef imagesnto smaller
sequencessituations)at positionsthat causean ambigu-
ity. Within thesesmallersequencea numericalinterpo-
lator shouldbe ableto determinethe positionout of one
singleimage.

To have a measurdor the whole sequencef images,
all o’ (i, j) aresummedup overi andj anddividedby the
appropriater(z):

0= 5 Lol (©)

i=1 j=1

In different environments, suitable featurescan be
selectedfrom diverse modalities such as the complete
colour and intensity images, image regions, enegy-
normalisededgeimages HSI histogramsPCA andORF
projectionsetc. For anoptimalfeaturetherelative over-
lap o shouldbe zeroandfor all othersit tells how unsuit-
ableafeatureis for navigation.



4.3 Sectoring

To fully utilise theglobalandsometimesedundantin-
formation,the viewing areaof the cameracanbedivided
into multiple sectionsof the samesize. Theoretically the
sectoringcan be achieved by arbitrarily fine resolution.
In our exemplaryexperiment,it wasfoundthata viewing
areaof 180° is sufficientin mostpracticalcasesAs anex-
ampleof the Setupl, eachof sectorsA, B andC coversan
angleof 90°. All sectorsareindependentlyransformed
and normalised. This way, an objectin arbitrary colour
will notinfluencethenormalisatiorof othersectors With
the help of the sectoringtechnique,an unexpectednen
objector changeof the ervironmentat run-time can be
detectedand the correspondingsectorcan be discarded
for interpolation.

For situationrecognitionusingORF, whichwill bede-
scribedin section5.2, thesesectorsare combinedinto
pairswhich aredenotedaspseudo-sgments.A pseudo-
sementcovers a viewing areaof 180°. In the experi-
ments,one ORF vectoris computedfor eachcombined
viewing area. The projectionsof all three ORF vectors
areassociateavith therobotpositions.

l transformation

90° 10° 90° 10° 90°

scaling =~
+ normalisation

180° 180° 180°
Figure 6: Sectoringby constructingpseudo-sgments.
Here 10 degree “blocking region” is usedto avoid that
small unknavn objectsaffectstwo segmentssimultane-
ously

5 Vision BasedSituation Assessment

In our earlierwork on robot navigation[9], we devel-
opeda“situation-basedtontrolfor inputfrom simplein-
fraredproximity sensorsTheaimwasto differentiatebe-
tweensituations if the robot encountersmary newv ob-
stacledt hasto give moreweightto local collision avoid-
anceandit musttemporarilyreducethe weight given to
goaltracking.For this purposea“situationevaluator’was
constructedy heuristicfuzzy rules.

In a situation-basedhodelthe completerobotnaviga-
tion areasare coarselyclassified. The whole control task

is broken down into subtasksvhich canbe performedin
local “situations” so that within eachsituationthe input
patternsneededor control correlateto a certaindegree.
Theclassificatiorcriterioncanbethephysicalneighbous
hoodor a setof distinctive featuresIf alearnedsituation
is recognisedo correspondo a known area,then,in a
secondstep,a fine localisationcanbe implementedby a
local controllerwhich is speciallytrainedfor a situation,
Fig. 7.

global scene (gross)

Classification

local scene (fine)

situation 1 situation 2 situation 3 situations

local

local
controller

controller

local
controller

local
controller

absolute position

Position

Figure7: Dividing aglobalscenento local controlprob-
lems.

5.1 Fundamentalsof Situation Representation

In principle, if a global eigenspacds usedto project
the situation-relatedmages, the projectionsof the im-
agesthat fall into one situation form a specific mani-
fold. If the dimensionof the eigenspacés large enough,
thesemanifoldsare easyto separatej.e. situationscan
be distinguishedsimply by identifying the point F" in the
eigenspac¢hattheimagesareprojectedonto. Fig. 8 and
9 illustrate the processin a simplified manner Repre-
sentedhis way, the matct betweenra situationanda nen
image can simply be definedas the Euclideandistance
betweenF andthe manifold of this particularsituation.
To differentiatebetweerthesituationg(“walls” in Fig. 8),
moredimensionghanshown in thefiguresareneeded12
in our experimentwith the Setupl).
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Figure8: Views from therobotcamerausedin Fig. 1.
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Figure9: Situationmanifoldsin eigenspaceThesethree
manifoldsrepresenpartsof thesituationsshavnin Fig. 8.

5.2 Situation RecognitionUsing ORF

Although the global eigenspacerovides a universal
approachor representinglifferentsituationscompactly
it is memory-intensie becauseall theeigervectorsaswell
asthesituationmanifoldsmustbe stored.On-line projec-
tioninto theglobaleigenspacandsearchn themanifolds
to find the nearesneighbourare computationallyexpen-
sive andhencetime-consuming.

To classify situations,the varianceof the projections
of the pseudo-sgmentson their respectie ORF vectors
areusedasfollows:

e If therobotis locatedin asituationwhichit hasbeen
trainedfor, all the projectionsdeliver the samevari-
ance.

o |f the robotis locatedin other situations,all three
projectiongdiffer very much.

Therefore,the situationwith the smallestvarianceis
identified asthe correctone. Sinceambiguity of certain
degreein the grey-level image-basegberceptionalways
exists, the correctnes®f sucha situationclassifications
evaluatedin a probabilisticsense. Furtherinformation,
e.g. theenegy-normalisecedgeimagesandthe huehis-
togram,caneasilybe addedto increasethe reliability of
theclassification.

6 Position Learning in an Office Corridor
Besidesthe experimentwith the Setupl in a small-

scaleervironment,we alsoachievedsomepreliminaryre-
sultswith the Setup2 in a real office ervironment. The

robot’s positionin this environmentis estimatedby us-
ing imagefeatureswvhich have beenlearnedfrom asmall
numberof trainingimages.Thelearningis basednusing
ORFs.

As mentionedabove, it is difficult to find relevantfea-
turesin acoupleof takenimagesandthe searchandeval-
uationof thosefeatureshave to be directly implemented
to the robotsimageprocessingalgorithms,e.g. edgeor
cornerdetection.In our experimentspmnidirectionaim-
agesof the ervironmentareusedasinput vectors,which
resultin estimatedposition coordinateswith the help of
ORFs.

The imagesfor the describedtestshave beentaken
acrossthe corridor of our working group (Fig. 10). Un-
fortunately this ervironmentis poorin colour(grey floor,
doorsandwhite paintedwalls). The mostinformationis
containedn thegrey-level images.

\ e P

,

&

Figure10: Testingareais the unmodifiedoffice corridor.

The first experimentincludes52 imagestaken at the
centerof the corridor with a constantdistanceof 10cm
betweentwo neighbouringmages. Thuswe testedon a
line with a length of 5.10m,lying betweentwo pairs of
opposingoffice doors(Fig. 11). For this problem,ORF
networksweretrainedto deliverthez-positionontheline.
Notethatthedoorcrossinghecorridoris a glassdoor.

Experimentavere madeby splitting eachdataseinto
training dataandtestdata. As anticipated,the method
works with neglectableerror using all imagesfor train-
ing. Themaininterestis to reducethe usedtraining data
without losing performancen resultsfor not trainedtest
data.



Figurell: Thetrainingandtestpositions.

The databaséor thefirst experimentcontaineds2 im-
agesof size 612 x 384. We first took every fifth image
(let! = 5 indicatethis), which is equalto oneimageev-
ery 0.5m,to trainthe ORFvector We startedwith image
6 andfinishedwith 46 in orderto additionally get some
informationaboutthe methods extrapolationabilities.

Usingthe original iamges the extrapolationresultsof
imagesl-5and47-51were expectedlypoor, but on the
otherhandthe interpolationof unknavn positionsworks
very well with smallvariancesWe madeanothertestus-
ing the orignial image from the mirror and also down-
scaledimagesof size 128 x 96 (Fig. 12). The training
imagescorrespondo thefilled dots,thetestimageso the
unfilled triangles.Notethatin this case the givenimage
numbersareseton the z—axisandthe estimateconeson
the y—axis, which meansthat a perfectposition estima-
tion would resultsin a straightdiagonalline of symbols.
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Figure12: Testresultsof the robot positionwith respect
to theimagenumberil = 5.

In spiteof this lossof imageinformation,the method
still deliversgoodresults.Thuswe decreasethe number

of trainingimagesby setting! = 10, which meansa dis-
tanceof 1m betweerntwo trainingimages.Theresultsare
still acceptablalthoughthe estimationerrorsincrease.
Usingthesectoringnethod goodestimationf robot
position along the z-direction can also be achiered.
Thereforetheproposednethodsn sectiord.3canbeap-
pliedto eliminatethe problemof partialocclusions.

7 Discussions

We shawved that a localisationapproachbasedon the
wholeandsectorof theomnidirectionaimagesof anar
bitrary ervironmentis feasible. The experimentalervi-
ronmentis partof a typical living room or office, where
mobile robotscanfind potentialapplicationsfor service
jobs. The further developmentof this approachaims at
achieving thefollowing features:

Scalability. The situation-base@pproachcanbe scaled
almost arbitrarily.  If the movementareais ex-
tended,new situationscan be learnedto cover the
new area. Additionally, the computationtime re-
quired and memoryexpensesare only linearin the
numberof situations.

No geometricmodel. No additionalinformation of the
environmentis needed. Without usageof sophisti-
catedgeometriomodels the directmappingleadsto
asignificantreductionof computationatosts.

Universal method. The conventionalrobot vision algo-
rithmsbasedon sggmentationgeometrideatureex-
traction,etc. mustalwaysbe adaptedo specificen-
vironments Theproposednethods generallyappli-
cableto ervironmentswheregeometricor color fea-
turesaredifficult to befoundandfollowed robustly.

Low cost. The necessanhardware componentsre off-
the-shelflow-cost standardproducts. The perfor
mance/priceratio is very goodin comparisonwith
othersystemghatneedspecialhardware.

Obviously, mary problemsneedto be solvedto make
the approachapplicablein arbitrary environments(with
too few or ambiguousobjectsfor differentiation, large
degreeof unexpectnessfluctuationsof the illumination,
etc). The probability of the correct situation recog-
nition and localisationcan be increasedby combining
knowledge-basedhethodsandfusion of redundantnod-
ulesevaluatinghybrid sensoinformation. At themoment
the SituationClassifieris realisedby physical grouping.
It is desirablethat in the future the learning systembe



capableof automaticallydividing a large numberof se-
guencesnto appropriatesituationsaccordingto the rel-

ative overlappingmeasure.Anotherissueis the size of

thevisualareato receive goodinterpolationresults.Since
the amountof memory neededfor the local controllers
is directly relatedto the size of the featurevectors,the

inputimagesshouldbe assmall aspossible. If, by con-

trast,theimagesaretoo small, major distinctive features
arelost. An automaticadaptationto the bestsizeis an

importantobjective. Furthermoreit is feasibleto replace
thecrispsituationmultiplexing with a soft-switchingcon-

troller. Moreover, it is necessaryo automatehelearning
processo make theapproactsimpleto use.
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