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Abstract

The coordinationof the motionsof the robotsis one of
thefundamentaproblemsfor multi-robotsystemsA pop-
ular approachto avoid planningin the high-dimensional
compositecon guration spaceare prioritized and decou-
pled techniques.While thesemethodsare very ef cient,
they have two majordravbacks.First,they areincomplete,
i.e.they sometimedail to nd asolutionevenif oneexists,
and second the resultingsolutionsare often not optimal.
They furthermoreleave openhow to assignthe priorities
to theindividual robots.In this paperwe presenia method
for optimizing priority schemesor suchprioritizedandde-
coupledplanningtechniquesOurapproactperformsaran-
domizedsearchwith hill-climbing to nd solutionsandto
minimize the overall pathlengths.The techniquehasbeen
implementedndtestecbnrealrobotsandin extensive sim-
ulationruns. Theexperimentaresultsdemonstratéhatour
methodis ableto seriouslyreducethe numberof failures
andto signi cantly reducethe overall pathlengthfor dif-
ferentprioritized and decoupledpath planningtechniques
andevenfor largeteamsof robots.

1 Intr oduction

Path planningis one of the fundamentaproblemsin mo-
bile robotics.As mentionedby Latombe[9], the capability
of effectively planningits motionsis “eminentlynecessary
since,by de nition, arobotaccomplishesasksby moving
in therealworld”

In this paperwe considerthe problemof motion planning
for multiple mobile robots. This problemis signi cantly

harderthanthe pathplanningproblemfor singlerobotsys-
tems, sincethe size of the joint statespaceof the robots
grows exponentiallyin the numberof robots. Therefore,
the solutionsknown for single robot systemscannotdi-

rectly betransferredo multi-robotsystems.

The existing methodsfor solving the problem of motion
planningfor multiple robotscan be divided into two cat-
egories[9]. In the centralizedapproachthe con guration
space®f theindividual robotsarecombinednto onecom-

positecon gurationspacenhichis thensearchedor apath
for the whole compositesystemin contrastthe decoupled
approachrst computesseparatepathsfor the individual
robotsandthenresolhespossiblecon icts of thegenerated
paths.

While centralizedapproachegat least theoretically) are
ableto nd the optimal solutionto ary planningproblem
for which a solution exists, their time compleity is ex-

ponentialin the dimensionof the compositecon guration

space.In practiceoneis thereforeforcedto useheuristics
for the explorationof the hugejoint statespace.

Many methodsusepotential eld techniqued2, 3, 17] to
guide the search. Thesetechniquesapply different ap-
proachego dealwith the problemof local minimain the
potentialfunction. Othermethodsrestrictthe motionsof
therobotsto reducethesizeof the searctspace For exam-
ple, [16, 8, 10] restrictthe trajectoriesof the robotsto lie
onindependentoadmapsThecoordinations achievedby
searchinghe Cartesiarproductof the separateoadmaps.

Decoupledplannersdeterminethe pathsof the individual
robotsindependenthandthenemploy differentstratgies
to resole possiblecon icts. Accordingto that,decoupled
techniquesreincompletej.e. they mayfail to nd asolu-
tion evenif thereis one. A populardecoupledcapproachs
planningin the con guration time-spacg6] which canbe
constructedor eachrobot giventhe positionsandorienta-
tions of all otherrobotsat every pointin time. Techniques
of this type assignpriorities to the individual robotsand
computethe pathsof therobotsbasedn theorderimplied
by thesepriorities. The methodpresentedn [18] usesa
x edorderandappliespotential eld techniquesn thecon-
guration time-spaceo avoid collisions. The approaclde-
scribedn [7] alsousesasinglepriority scheme&ndchooses
randomdetoursfor therobotswith lower priority.

Anotherapproacho decoupledplanningis the pathcoor
dination methodwhich was rst introducedin [14]. The
key idea of this techniqueis to keepthe robotson their
individual pathsandlet the robotsstop, move forward, or
evenmove backwardon their trajectoriesin orderto avoid
collisions(seealso[4]). To reducethe compleity in the
caseof hugeteamsof robots[12] recentlypresentedtech-
nigueto separat¢heoverallcoordinatiorprobleminto sub-
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Figure 1: Situationin which no solution canbe found if
robot1 hashigherpriority thanrobot?2

Figure 2: Independentlyplannedoptimal pathsfor two
robots(left), suboptimalsolutionif robot1 hashigherpri-
ority (center),andsolutionresultingif the pathfor robot2
is plannedrst (right).

problems.This approachhowever, assumeshatthe over
all problemcanbe divided into very small sub-problems,
a seriousassumptiorwhich, asour experimentsdescribed
belon demonstrates oftennotjusti ed. In generalthere-
fore, a prioritizedvarianthasto be applied.

The methodsdescribedabove leave openhow to assign
the priorities to the individual robots. In the past, differ-

enttechniquedor selectingpriorities have beenused. [5]

applieda heuristicwhich assignshigherpriority to robots
which canmove on a straightline from the startingpoint
to their targetlocation. In [1] all possibleassignmentare
considered.Dueto its compleity this approachhasonly

beenappliedto groupsof up to threerobots.

For decoupledandprioritized methodsthe orderin which

the pathsareplannedhasa seriousin uence on whetherat

all asolutioncanbefoundandif so,how longtheresulting
pathsare. Figure 1l shaws a situationin which no solution
canbe foundif robot1 hasa higherpriority thanrobot 2.

Sincethe path of robot 1 is plannedwithout considering
robot 2, it arrivesat its target locationmarked G1 before
robot 2 haspassedhet-junction. Thus,it blocksthe way

of robot 2 which canno longerreachits designatedarget
point G2. However, if we changethe priorities and plan

thetrajectoryof robot2 beforethatof robot1, thenrobot1

considerghetrajectoryof robot2 duringpathplanningand
this way waitsuntil robot2 haspassedy.

Anotherexampleis shovn in Figure 2 (left). If we start
with robot1 thenevery plannerhasto choosea largedetour
for robot 2 (seeFigure 2 (center)),becausaobot 1 blocks
the corridor. However, if the path of robot 2 is planned

rst, thenwe canobtainamuchmoreef cient solution(see
Figure?2 (right)).

Thesetwo exampledllustratethatthepriority scheméhasa
seriousn uence onwhetherasolutioncanbefoundandon
how long the resultingpathsare. Unfortunatelythe prob-
lem of nding the optimal scheduleis NP-hardfor most
of the decoupledapproachesFor example,the Job-Shop
SchedulingProblemwith the goalto minimize maximum
completiontime with unit processingime for eachjob [11]
canberegardedasa specialinstanceof the pathcoordina-
tion method.

In this paperwe presenta randomizedand hill-climbing
techniquewhich startswith aninitial priority schemeand
optimizesthis by swappingtwo randomlychosenrobots.
Thisway it cansigni cantly increasehe numberof prob-
lemsfor which a solutioncanbe found. Additionally it is
ableto reduceheoverall pathlength. Furthermorepur ap-
proachhasany-time characteristiavhich meanghatit can
returnthebestsolutionfoundsofaratary pointin timeand
wheneer it is interrupted.Our techniquehasbeenimple-
mentedandtestedon realrobots.In extensive experiments
it hasbeenprovento bevery effective evenfor largeteams
of robotsandusingtwo differentdecouplecpathplanning
techniques.

The paperis organizedasfollows. The following section
describeshe prioritizedanddecoupledathplanningtech-
nigueswe apply our algorithm presentedn Section3 to.
Section4 containsexperimentalresultsillustrating the ca-
pabilitiesof ourapproach.

2 Prioritized -based Path Plan-
ning and Path Coordination

The basicalgorithmto computeoptimal pathsfor single
robotsappliedthroughouthis paperis the well-known
searchprocedure. The next sectionbrie y describeghe
variantwe areusing. To representhe ervironmentof the
robotswe apply occupanyg grids [13] which separatehe
ervironmentinto a grid of equally spacedcells and store
in eachcell the probability thatit is oc-
cupied. In the remainderof this sectionwe then present
the key ideasof decoupledprioritized path planningand
discusshow the  procedurecanbe utilized to planthe
motionsof teamsof robotsby this approach.

2.1 -basedPath Planning

The proceduresimultaneouslytakes into accountthe
accumulatedostof reachinga certainlocation from
the startingpositionaswell asthe estimatedcostof reach-
ing the target location from . In our case,
the costfor traversinga cell is proportionalto its
occupanyg probability . Furthermore the esti-



matedcostfor reachingthetargetlocationis approximated
by where is chosenasthe min-
imum occupang probability in the map and
is the straight-line distancebetween
and . Sincethis heuristicis admissible,
determineghe cost-optimalpathfrom the startingposition
to thetargetlocation.

2.2 Decoupled Path Planning for Teams of
Robots

In this paperwe considerdecoupledand prioritized path
planningapproachewhich planthe pathsin thecon gura-
tiontime-spaceSuchapproacheproceedasfollows. First,
onecomputedor eachrobotthe pathwithout considering
the pathsof the otherrobots. Thenonechecksfor possible
con icts in thetrajectoriesof the robots(we regardit asa
con ict betweentwo robotsif their distanceis lessthan
where in our currentsystem).Con icts between
robotsare resolhed by introducinga priority scheme. A
priority schemedeterminesgheorderin which the pathsfor
the robotsare planned. The pathof a robotis plannedin
its con gurationtime-spaceomputedasedn the mapof
theervironmentandthe pathsof therobotswith higherpri-
ority.

Our systemappliesthe  procedurgo computethe cost-
optimal pathsfor the individual robots, in the remainder
denotedastheindependentlylannedoptimal pathsfor the
individual robots.We alsoapply ~ searcho planthe mo-
tions of the robotsin the con guration time-space.In this
casethe costof traversingalocation attime isde-
terminedby the occupanyg probability plusthe
probabilitythatoneof the otherrobotswith higherpriority
covers atthattime.

In this papemwe considetwo differentstrateyies:  -based
planningin the con guration time-spaceas well asa re-
strictedversionof this approachdenotedas the path co-
ordinationtechnique[12]. It differs from the general -
searchn thatit only exploresa subsebf the con guration
time-spacegiven by thosestateswhich lie on the initially
optimal pathsfor the individual robots. The pathcoordina-
tion techniquethusforcestherobotsto stayon their initial
trajectories.The overall compleity of both approachess
where is thenumberof robotsand
is the maximumnumberof statesexpandedby  during
planningin thecon gurationtime-spacdi.e. themaximum
lengthof the OPEN-list).
Dueto therestrictionduringthe searchthe pathcoordina-
tion methodis more ef cient thanthe general  search.
Its major disadwantage,however, lies in the fact that it
fails moreoften. A typical exampleis shovn in Figure2.
Whereaghe pathcoordinationmethodfails independently
of the planningorder, thegeneral  procedurds ableto
nd asolutionin bothcases.

3 Optimizing Priority Schemes

As alreadymentionedabove, prioritizedanddecoupledap-
proachego multi-robot path planningare incompleteand
sub-optimal.However, asthe examplesgivenin Figuresl
and2 illustrate,theorderin whichthepathsareplannechas
a signi cant in uence on whethera solutioncanbe found
and on how long the resultingpathsare. This raisesthe
questionof how to nd apriority schemdor whichthede-
coupledapproactdoesnotfail andhow to nd theorderof
therobotsleadingto the shortespaths.

Recently randomizedsearchtechniqueshave beenused
with greatsuccesso solve constrainsatishictionproblems
or to solve satis ability problemg15]. Ouralgorithmpre-
sentedhereis a variantwhich performsa randomizedand
hill-climbing searchin orderto optimizetheplanningorder
for decoupleandprioritizedpathplanningof teamsf mo-
bile robots.It startswith anarbitraryinitial priority scheme
andrandomlyexchangeshe priorities of two robotsin
this scheme.lf thenew order  resultsin a solutionwith
shorterpathsthanthe bestone found so far, we continue
with this new order Sincehill-climbing approachesike
this frequentlygetstuckin local minima, we performran-
domrestartswith differentinitial ordersof therobots.The
completealgorithmis listedin Table1.

Tablel: Thealgorithmto optimizepriority schemes.

FORtries = 1 TO maxTries BEGIN
select random order
if (tries =1
FOR flips = 1 TO maxFlips BEGIN
choose random i, | with i |
= swap(i, |, )

if moveCosts( ) moveCosts( )
END FOR

if moveCosts( ) moveCosts( )
END FOR

return

Pleasenotethatanadditionaladvantageof ourrandomized
optimizationapproacHies in its ary-time character The
procedureanbeterminatedatary pointin time andreturn
the currentlybestpriority orderwheneverit is interrupted.
Figure 4 shawvs a typical applicationexample carried out
with ourrobotsAlbert andLudwig shavnin Figure3in our
of ce ervironment.In thisexamplewe usedthegeneral
procedurdn the con guration time-space While Ludwig
startsat the left end of the corridor of our lab and hasto
moveto right end,Albert hasto traversethe corridorin the
oppositedirection. If the pathof Ludwig is plannedbefore
thatof Albert, thesystenfails becausé\lbert cannotreach



Figure 3: The mobile robots Albert (left) and Ludwig
(right).

Albert

Figure4: Realworld applicationof
thecon gurationtime-space.

-basedplanningin

its targetpoint if Ludwig stayson its optimaltrajectory If
we alterthe planningorder, our systemis ableto nd aso-
lution. In this case,Ludwig is moved into a doorway in
orderto let Albert passby. Pleasenote,that no solution
canbefoundin this situationif the pathcoordinationtech-
niguewould be used. The resultingtrajectoriesare shovn
in Figure4 includingthe positionwhereLudwig waitedto
let Albert passby.

Figure 5 shawvs a simulatedsituationwith 30 robots. By
applying our algorithm using the general procedure
we obtainthe pathsdepictedin Figure 6. In this andall

Figure5: Independentlyplannedpathsfor 30 robots.

Figure6: Pathsresultingafter priority optimization.
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Figure7: Summedmove costsplottedovertime.

experimentsdescribedbelon we useda value of 10 for
maxFlips andmaxTries . Figure7 plotsthe evolution
of the summedmove costsof the bestsolution found so
farduringthesel00trials. Obviously, comparedo theini-
tial solutionshavn in Figure 5 with summedmove costs
of 12.7,the nal solutionillustratedin Figure6 hasmove
costsof 10.9 which correspondgo a reductionof 15%.
Pleasenote, that thereis a hugenumberof con icts be-
tweenthe robotsin this example. As a result, the whole
trajectorygraphis a singleconnectedcomponentAccord-
ingly, the decompositiortechniquepresentedn [12] can-
notbeapplied.

4 Experimental Results

Thealgorithmdescribecabore hasbeentestedthoroughly
in extensie simulationruns. To evaluatethe generabppli-
cability, we appliedour methodto the two decoupledand

C sl IR
C J||=tirm

Figure8: Environmentsusedfor the simulationruns.
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Figure9: Reducingthe numberof failuresfor the pathco-
ordinationtechniqueby optimizing priority schemes.

prioritized pathplanningtechniquesiescribedabore. The
currentimplementationis highly ef cient. It requiresless
than0.2 secondgo plana collision-freepathfor onerobot
in all ervironmentsdescribedbelon. Throughoutthe ex-

perimentsve usedthetwo differentervironmentsdepicted
in Figure8. Whereaghe mapon the left of Figure8 is a
typical corridorernvironment,the mapon theright is corre-
spondgo anunstructurecrvironment.

4.1 Reducingthe Number of Failures

The rst setof experimentds designedo illustratethatthe
overall numberof failurescanbereducedsigni cantly us-
ing our optimizationtechnique. Figure 9 summarizeghe
resultswe obtainedusingthe path coordinationtechnique
for differentnumbersof robotsin over 600runsin the un-
structuredervironment. In eachexperimentwe randomly
chosethe startingandtargetlocationsof therobotsandde-
terminedwhetherthe coordinationtechniquds ableto nd
asolutiongivenarandomlychoseninitial priority scheme.
Thenwe optimizedthis schemeusing our algorithm de-
scribedabove. For example,if 4 robotsareusedthenthe
pathcoordinationtechniquefails in morethan60% of the
cases Our approachin contrastyieldsa solutionin more
than70% of all situations.For morethan 15 robots,how-
ever, it is nearlyimpossibleo nd con gurationsfor which
the pathcoordinationmethodcan nd asolution.Onerea-
sonis that startingor goal locationsoften lie too closeto
thetrajectoriesof otherrobotssothatthey cannotpassby
ary more.

Additionally, we applied our approachto 100 randomly
chosersituationsto whichwe usedthe  -basecdblanning
in the con guration time-space.The resultof this exper
iment is shovn in Figure 10. As this gure shaws,
hasa signi cantly highersuccessateevenfor largernum-
bersof robots. However, even using this approachanda
single priority schemethe numberof solutionsdecreases
monotonously Our optimizationtechnique,in contrast,
wasalwaysableto nd asolution.
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A* with random ?riqri,ties—
A* with optimizing T— |

number of solutions [%)]

20 25 30
number of robots

Figure10: Reducingthe numberof failuresfor  -based
planningin thecon gurationtime-spacéy optimizingpri-
ority schemes.
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Figure11: Relatve increaseof the move costscompared
to thesumof the optimalmove costsfor theindependently
plannedpathsin the corridorervironment.

4.2 Minimizing the Overall Path Lengths

The secondsetof experimentss designedo demonstrate
that our optimizationtechniqueis ableto signi cantly re-
duce the overall path length. For different numbersof
robotswe performeda seriesof experimentsin both en-
vironmentsshowvn in Figure8. Again we randomlychose
startingand target locationsand then computedthe paths
for the robots using the two decoupledand prioritized
path planningtechniqueswith and without our optimiza-
tion technique . We thenmeasuredhe averagepathlength
andcomparedt to the averagelengthof the optimal paths
for theindividual robots.

Figure11 shavstherelative increaseof the move costsfor
four to sevenrobotsin thecorridorervironment(in contrast
to the other experiments the startingand target locations
werechoserfrom a givensetof hand-selectegdositionsin
the map). As canbe seen,our approachreduceghe over-
all pathlengthfor the pathcoordinationtechniqueandfor
-basedplanningin the con guration time-space Addi-
tionally, it illustratesthatthelatterapproachresultsin more

1pleasenotethat throughoutthis paperwe take the optimal pathsfor
singlerobotplanningproblemsasreferencesincecomputingthe optimal
solutionfor thewholeproblemis nottractabldn practiceatleastfor larger
numbersof robots.
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Figure 12: Increasednove costscomparedo the sum of
theoptimalmove costsfor theindependentlyplannedpaths
in theunstructurecervironment.

ef cient pathsthanthe coordinationtechnique.

We performedsimilar experimentdor theunstructureeen-
vironment. Figure 12 summarizeshe resultswe obtained
for over300runs. It shavstherelativeincreasef themove
costdor differentnumberf robots.Sincethepathcoordi-
nationtechniqueusingtheinitially choserpriority scheme
failedin mostof the caseswe omit the correspondinge-
sultshere.As the gure shows, ouroptimizationtechnique
appliedto  -basedplanningin the con guration time-
spaceyieldsthebestresults.

5 Conclusions

In this paperwe presenteénapproactto optimizethe pri-
oritiesfor decoupledandprioritizedpathplanningmethods
for groupsof mobilerobots.Ourapproactis arandomized
methodwhich repeatedlyreordersthe robotsto nd a se-
guencefor which a plancanbe computedandto minimize
theoverall pathlengths.It is anany-time algorithmsinceit
canbe stoppedat ary pointin time andcanalwaysreturn
its currently bestestimate. The approachhasbeenimple-
mentedandtestedon real robotsandin extensve simula-
tion runsfor two differentdecoupledpath planningtech-
niguesandfor large numbersof robots. The experiments
demonstratehat our techniquesigni cantly decreasethe
numberof failuresin which no solutionis foundfor agiven
planningproblem. Additionally, its applicationleadsto a
signi cant reductionof the overall pathlength.
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