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Abstract

Thispaper describesa mobilerobotnavigation method
in dynamicervironmeis. Themethodusesareal-timeom-
nidirectioral stereowhich canobtainpanaamicrangein-
formationof 360 degrees. From this panaamicrange in-
formation therobotfirst estimatests ego-notion by com-
paring the currentandthe previous observatios in order
to integrate observatims obtaired at different positiors.
Theuncertaintyin the estimationis also calculaed. Next,
therobotrecgnizesandtradks moving obstacls. Finally,
the robot plans a collision free path by a heuristic plan-
ner in space-timeconsideringthe velocity uncertaintyof
observedobstacles.Experimentalresultsshowthe effec-
tivenesf our method

1 Intr oduction

Avoiding collision with moving obstacless oneof the
importantfunctiors of mokile robds operaing in dynanic
ernvironmens. To avoid collision, therobd needgwo abil-
ities; oneis recoglizing dynamic ervironmens, and the
otheris plannirg acollision freepath.

Recogition of obstaclesisuallyrequrestempoal inte-
grationof sensinglatato copewith uncetaintiesof sensor
dataandchargesof anernvironment. To integrate sensing
datawhich is obtainedfrom a maoving obserer, areliable
ego-motion estimationis indispensale. Sincedeadreck-
oningsufersfrom accumulate@rrors, anego-motionesti-
mationbasecbn exterral sensorsuchasvisionis neead.

For the ego-motion estimationor localizationprablem,
mary works usea featurebasedmatching (e.g, [1], [3]).
Suchmethals depemnl on the existenceof featuesin ervi-
ronments. Moreover, finding matchesandsolving a mini-
mizationprodem requre muchcomputation.

Methads usingfeatuelessmatchingarealsoproposed.
Lu etal. [8] proposediwo ego-notion estimatiormethals
usingalaserrangefinder Both methals arebasedon the
correspondene between2D contous obtaired from the
current and the previous rangeinformation. Laserrange
finderswhich scana 2D planehave a drawvback that ob-
jectsat a specificheightcanonly be detected.Moreover,

sincethe method compae only two scannediata,it may
notbewell applicale to the casewherethe uncetainty of

range datais relatively large. Kidono et al. [6] proposed
ametha for estimatingthe bestego-nmotion which mini-

mizesthe differencebetweentwo consective rangedata
obtaned by stereo. Our previous paper[7] appliedthis

methal to an omnidirectionalstereoto solve the prodem

of narraw field of view.

Thesefeaturelesgnatchingbasedego-motion estima-
tion method still have several problems. They only
estimatethe most protable ego-motiory this sometimes
causedfalse rangedata matchesin subseqeant obsera-
tions. Moreover, they seemsensitve to noisein range data
becasethey useonly two rangedata. This paper there-
fore, proppsesanew ego-nmotion estimatiormethodwhich
usesa sequencef rangedatafor ego-motion estimation.
The methodalsoestimateghe uncertaity of ego-motion
By estimatinghe unaertainty the methal canevaluatethe
reliability of eachrange datamatching therely excluding
unreliable matchirgs causedoy moving obstaclesr false
stereamatcles.

Onceanego-notionis estimatedthe robot updateghe
free spacemapanddetectsmoving obstacles.The candi-
datesare thentracked by the Kalmanfilter. We useour
previousmethod[7] for obstacledetectionandtrackirg.

To plana collision free pathin dynamic ervironments,
theroba mustconsidemaoving obstaclesFiotini et. al.[4]
proposeda velocity obstaclemodd, in which a collision
possibility coneis calculatedfor the robot velocity, the
methal, however, doesnot consideithe uncertinty of ob-
staclevelocity. Thispaperemploys aheuristicpathplanrer
whichusesa space-tine modé with uncertainty[2].

We conducted navigation expeiments with avoiding
moving obstacleusing our mohle roba (see Fig. 1).
Theroba is equigpedwith a omnidirectioral stereosys-
tem. Fig. 2 shavs anexamge panoamic disparityimage,
whaosesizeis 720x100andthe disparityrangeis 80. The
systemcangereratea disparityimagein 0.2[s] usingaPC
of dual-Athlan MP 2200¢+. Referto [7] for the detail.
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Figure2: Omnidirectionaldisparityimage.Brighter pixelsindicatelargerdisparities.
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Figurel: Our mobilerobot.
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Figure3: Examplerangeprofile.
2 [Ego-Motion Estimation

Wefirst computetheuncertaintyof thecurrentrobot po-
sition to determire a setof possiblerobot positions.Next,
we calculatethediffererce betweertheview of thecurrert
andthe previous range datafor eachcanddatepair of the
positionandtheoriertation. Finally, we deternine thecur
rent positionandorientatian with their uncetaintiesby a
weightedeastsquarebasedestimation.

2.1 Obtaining 2D RangeProfile

To make a mapof staticobstaclesandto adopta visual
ego-motionestimationrmethal, we first extractthe nearest
obstaclen eachdirection.Fromthis dataset,a 2D contair
(calledrange profile) of the curren free spacecenteredat
therobot positionis obtaired. Fig. 3 shawvs therangepro-
file obtainedfrom the disparity datashovn in Fig. 2. In
Fig. 3, the horizantal axis representghe viewing direction
from the roba andthe vertical axis repesentdistanceto
obstacles.Theresolutian of the directionis abou 0.5 de-

grees. Notethatif norange datais obtairedfor adirection
thedistancefor thedirectionis setto zero.

2.2 Uncertainty Model of Robot Motion

Thepositionaluneertaintyincreasesistherobotmoves
dueto slippageof wheelsor aquarizationerrorof odone-
try. We modelthe uncertaity by a threedimensioml nor-
mal distribution; the so-called3o ellipsoid obtainedfrom
the covariance matrix £ x, representsthe uncetainty re-
gion, where X = (x,Y,6) is the robot’s state. The posi-
tional uncertaity on (x,y) is calculatedby projectirg the
ellipsoidonthe x-y planeandtheorientatioral uncertairy
is calculatedasits mamginal distributionond. Theseuncer
taintiesareusedfor predcting possibleroba positiorsand
oriertationsin ego-motionestimation.

2.3 Comparing RangeProfiles

We sampleat leastnine candidite positionsinside the
predcted uncertaintyregion for theweightedeastsquae-
basedestimation.If the distancebetweerthe neigtboring
canddatesis larger than a threshdd (curently, 10[cm),
the nunber of candidatess increased. Candidtes for
therobot oriertationarealsogeneatedby discretizingthe
range of the orientatiomal uncetainty with theangularres-
olution of therange prdfile.

For eachpair of candichtepositionandoriertation, we
cancompuetheview of a previousrange profile. By com-
paring suchviews of the previousk range profileswith the
currentrangeprofile, we calculatethe differencebetween
theserange profiles.

In acandictepositionandoriertation(x, y, ¢), adiffer-
enceof a disparityof direction § betweenthe curreri and
theith previousobsenrationis calculatedy:
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Figure4: Estimationof the positionaldistribution.

t — i, the uncertainty of the disparity of the obseration
att — i, andthe motion uncetainty of the currert frame.
d(x,y, ¢, 1, 0) represets the Mahalandis distancejf D(6)
and fo’i )(9 — ¢) arefrom the sameobstacled is assumed
to follow a y? distribution. Therefae, whend is larger
thana certainthreshéd deternined from the y 2 distribu-
tion, or whenDy(6) or DY (6 — ¢) is not obtained we do
nottakethecorrespndingdirectian into corsideration By
thisway, theeffectof falsematchesn sterecandthatof the
moving obstaclesanbereduced
Thedifferenceof rangeprofilesis thenevaluaedby:

k
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where [0min, Omax] represets the range of possibleview-
ing directions(correspndingto theright andthe left end
of panoamicimage);N(x,y, ¢, i) indicatesthe numter of
datafor which the differenceof disparityis obtaired. This
equatia calculatesthe sum of the averagd squareddif-
fererce betweenrange profiles nomalizedby the uncer
tainty of the disparities. Notice that we do not compae
distancesut compae disparitiesin calculatingthe differ-
encebecause¢heerrorof disparityis corstantwhile thatof
distancas larger for alonger distance.

2.4 Estimating Ego-Motion
Ourpreviousmethod7] selectedheroba positionand
orientdion which minimizesthediffererce betweerrang
profiles. However, sucha methodoftenleadsto anincor
rectestimationof the positionandoriertation, particuarly

in anenvironmentwhichdoesnothaveenoudn objects.For

exanple,in acorridor, thereliability of the estimategosi-
tion is high for the perpemuliculardirectian to the corridor,

while it is low to thedirectian alongthecorridor. In sucha
case the estimatedositionalongthe corridor may bein-

correctdueto falsematchesausedy noisesandmoving

objects. Fig. 4(a) shavs a distribution of differencevalues
Diff arownd the predictedposition. As shawvn in the fig-

ure, the uncertainty distribution of the estimatedposition
is consideedto beellipsoidd; thereliability of theestima-
tion is low alongthelonge principal axis of the ellipsoid.
We, therebre,estimatenot only therobot positionandori-

entationbut alsotheir uncertaity.

The prabability distribution of the positionandorierta-
tion canbe estimateddy the differene valuesarourd the
estimatedpoint. NickelsandHutchinson9] solveda sim-
ilar prodem for the SSD-basedeaturetrackirg; they esti-
matedthe uncertaity of the target localizatian in theim-
age. To estimatethe uncertainty they first calculatethe
SSDvaluesarownd predctedposition thencorvertthemto
respomsedistribution, whichis definal by SinghandAllen
[10]. Theresponsalistribution calculateshe confiderce
of eachestimatecposition.

In our method the respmsedistribution is represeted
by thefollowing:

r(X, \Z ¢) = exp(—KDlﬁ(X, Y, ¢))7 (3)

whele « is usedasa normadization factor which is deter
minedsothatthefollowing equatiorholds::

«min(Diff(x,y, ¢)) = c, (4)

whele c is constah (currently, 5).

Sincethe respose distribution canbe interpréed asa
prabability distribution of the positionandoriertation, the
bestpositionandoriertationaredetermired by aweighed
leastsquaresnethod
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Figure5: Experimentatesultof ego-mdion estimation.

Fig. 4(b) shaws the probability distribution calculatedby
the covariancematrix. The contou of the probaility dis-
tribution matcheswell to that of the original differene
distribution. This covariancematrix is usedto calculate
in Eq. ().

TN (9-¢)
2.5 Resultof Ego-Motion Estimation

Fig. 5 shows a resultof ego-notion estimation. In the
figure, blacklines represehboundariesof staticobstacles
in theervironment,darkgrayline repesentgheestimated
trajectoryof the robot, and bright gray ellipsesrepresen
theestimatedincertaity of eachposition.In Fig. 5, atthe
points2 — 4, the uncetainty alongthe x axiswaslarge be-
causeherobot couldnotobtainreliablerangeinformation
for the x direction Then, at the goal (poirt 5), the un-
certaintyalorg x axisbecamesmallerbecasewall A was
nearto therobd.

3 RecognizingDynamic Environment

This sectionbriefly describesmethod of generéing a
free spacemapanddetectingandtrackirg moving obsta-
cles.Pleasaeferto [7] for thedetail.

3.1 Making a FreeSpaceMap

A free spacemapis generatd by temporé integration
of range data.For therangemeasuremerin onedirection,
the region befae the estimatedrange is interpietedas a
saferegion andthe region nearthe estimatedangeasan
obstacleregion. Saferegions are usedfor makinga map
of staticobstacleswhile obstacleregions arefor detecting
moving obstaclecandidates.

Eachgrid of the map holdsa courter which indicates
how mary timesthe grid hasbeenobseved asa safere-
gion. If thecourter valueof a grid is higher thana certain
threshdd (currently five), the grid is consideed free. The
setof free grids corstitutesthe current free space.Fig. 6
shavs anexampge map.

3.2 Detecing and Tracking Moving Obstacles

If apointin the current range profile is completelyin-
side the free space the poirt is consideredasa part of a

Figure 6: An examplemap. Thewhite region indicatesthe free
space;gray regionsindicatethe areaswhereobsenation counts
arelessthanthe threshold;blackregionsindicatethe areawhere
theobsenationis never counted

moving obstacle.Sincethe points from the sameobstacle
may split into several obstacleregions, we meige a setof

moving poirtsif theirrelative distancds lessthanacertain
thresiold. We considera memed group of suchpoirts as
a candichtefor moving obstacleandusetheir masscenter
asits obsered position. Eachcandidhteis tracked using
theKalmanfilter [5]; thefilter outputsthe positionandthe

velocity of eachobstacleandtheir uncetainties.

4 Path Planning

Our path planning methodis basedon a space-time
searchto copewith maoving obstacles.The methodcon-
sidersthevelocity uncetainty of obstaclesn plannirg. To
deteminethe pathtowards a destinatio, we usea heuris-
tic pathplanrer. If the destinationis in the free spaceof
themap,theroba useit for pathplanring. Otherwisethe
robot selectsaatempaary destinatior(a via point) whichis
in the free spaceandnearesto the givendestinationand
usedit for pathplanring.

First, the planrer genergéesa circular pathwhich con-
nectsthe current position and the destinatio and whose
tangentline at the current positionis the sameasthe cur-
rentoriertation of therobot. If the pathis judgedto lead
theroba to a collision with a (staticor dynanic) obstacle,
theplanrer searche$or a pathto avoid it.

Currently our robot moves at a constantspeed. This
setupsimplifiesthe pathplannirg.

4.1 Avoiding Collision with a Static Obstacle

Fig. 7 illustratesthe procesof geneatinga pathavoid-
ing a collision with a staticobstacle.In the first pathcan-
didae (arc PoVoGo in Fig. 7), the planrer selectsa point
which is farthestfrom the free space(Vy is selectedland
draws a line perpendicularto thetangentine of the circu-
lar paththere, andselectsavia point (G1) ontheline in the
free spacewhich is nearesto the point (Vo). For this via
poirt, the plamer repats the sameoperation until a safe



Figure7: Avoiding staticobstacles.Gray regionsindicateob-
stacles.

y
Figure8: Avoiding moving obstacles.

circular pathis found (try arc PoV1G;, selectG,, andfind
PoGy). If a pathis found but the endgoint of the pathis
nottheoriginaldestinationthis processs iteratedwith the
selectedvia point (G2) beingthe initial positionandthe
original destination(Gg) asthe destination.

4.2 Avoiding Collision with a Dynamic Obstacle

Fig. 4 illustratesthe processof generatig a path to
avoid a moving obstacle.Let o = (Xo, Yo, X0, Yo) be the
obstaclestate (position and velocity) at the currenttime.
We assumeevely obstaclehasa circular section,and ex-
pandit by therobd’s apprximateradius;Cy in thefigure
thusindicatesthe initial (expanded)obstacle(its radiws is
r), S indicatesthe positionof the (poirt) robot,andD in-
dicateghedestination.

We mockl the acceleratiao of a moving obstacleby an
isotropicnormal distribution. Let u betheso-called3o ra-
diusof thedistribution; thentheregion wherethe obstacle
mayexist attimet is representety:

(X= (%o + %at)) + (y = (o + Yob))* = (r + u? <0, (7)
which is indicatedas C; in Fig. 4. The bourdary of the

time-e/olving regions form a leanedconein space-time.

The roba mustplan a path which never enterthe cone.
The planrer first geneatesa circular pathto the destina-
tion (Fig. 4 A). If the pathpenetréesthe cone,the roba
plansa collision-avoiding path,whichis asnearto thefirst
circular path as possible. So the plannercalculatestwo

moving
goal obstacle

©
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—_—>
space

collision

point start

Figure9: Resultof pathplanring.

tangent circular pathfrom its initial positionon both side
of the cone,andone of the tangentpointsis usedasa via
poirt.

Sincetherobotmoves at a constanspeedaroba path
in (x,y,t) spacds represetedby:

()

wheee X, y; andé, represetthecurrentroba positionand
oriertation,respectiely, r represets theradiusof a circu-
lar path,v represets the robot’s speed.Our robot canrot
chametheturningradiuscontinwusly but canuseonly a
setof radii dueto a hardware limitation. The planrerthus
exanines all of the radii to selectthe nearestoneto the
ideal (tangen) circular path.Thisis doneby searchindgor
theradiuswhoseminimum valueof theleft sideof thein-
equality (7) is positive andsmallerthanthoseof otherradii
on both side of the cone. On eachcircular path obtaine
from one of the selectedradius,the nearst point to the
core is selectedasa via point (pants B andC in Fig. 4).
Thenthe planrer generéestwo pathsby calculatirg a fur-
therpathfrom eachvia pointto thedestinationandselects
theshorterone.

r cog{t+6r) + X — r cost
rsin(t+6;) +y; — rsing

: (8)

4.3 Path Planning Example

Fig. 9 shavstheresultof apathplanring simulation.In
thefigure,thegrayregion representshe free spacewhich
theroba recoqizes,the broken arrow representsthe ini-
tial positionandthe moving directionof a moving obsta-
cle, blacklinesrepresencalculatedoaths,circlesare pro-
jectionsof collision-possibleregionsin space-tine on the
X-Y plane.In thesimulation theroba couldnotgeneate
a pathto go to the goal directly, so the robot found a via
poirt andgererateda paththroudh it.

5 Experiment

We perfomed experimentsof navigation in dynamic
ervironments.Thetotal proessingtime is currently about
0.5 second usinga dual-Athlon MP 220+ PC,in which
theego-motionestimationtakesabout0.3 seconds.

Fig. 10 shavs theresultof anexpeimentin which the
robot anda personpasseachother Speedof theroba is
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Figure10: An experimentakesult.
abou 0.3[m/s] andthat of the persm is about0.8[m/q].
The left side of the figure shavs snapshot®f the exper
iment. The right side shavs recanition resultsof both
staticanddynamicobstaclesandplanred path.

In theexpeiment,first, theroba planne acircularpath
to the destination(seeFig. 10@)). Then,the roba de-
tecteda personapprachingthe robot. Sincethe position
of the persorwasfar from theroba andspeedof the per
sonwasverylargerthanthatof therobot,theuncertaity of
the persm positionwaslarge at the time of possiblecolli-
sion. Thus therobotplanreda pathto avoid collisionwith
a smallturning radius(seeFig. 10(b)). After sometime
passedthe uncertaity of the persondecreasedthenthe
robd replanreda circular pathto the destinationseeFig.
10(9) andfinally arrived there(seeFig. 10(d).

6 Conclusion

We have developed a mobile roba navigation method
for dynmamic ervironmentsusing omridirectioral stereo.
To recoqize ervironmerts reliably, the robotemploys an

ego-motion estimationmethodwhich doesnot dependon
ary featuresn ervironmentsandalsoestimatests uner-
tainty. After recoqizing andtrackingmoving obstacleus-
ing estimatedego-motion, the roba plansa collision free
pathby a heuristicplanne in space-timeconsideriig the
velocity uncetainty of obsered obstacles. Expeiments
of navigation in dynamicervironmentswereperformedto
shaw the effectivenessof our method

Currently the robot moves at a constaih speed. This
corstraintmay lead to an inefficiert path. For examge,
whenan obstaclecrossegherobd’s path,it maybe more
efficiert for therobot to stopandwait for theobstacleass-
ing by thanto follow anavoiding path.A futurework s to
improve the pathplanrer sothatit canconsideithechang
of robot speed.Another future work is to redwce the pro-
cessingime, especiallythatfor ego-motionestimation,n
orderto increasehereactvenessto moving obstacles.
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