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Abstract

The coordinationof the motionsof the robots is one of
thefundamentalproblemsfor multi-robotsystems.A pop-
ular approachto avoid planning in the high-dimensional
compositecon�guration spaceare prioritized and decou-
pled techniques.While thesemethodsare very ef�cient,
they havetwo majordrawbacks.First,they areincomplete,
i.e. they sometimesfail to �nd asolutionevenif oneexists,
andsecond,the resultingsolutionsareoften not optimal.
They furthermoreleave openhow to assignthe priorities
to theindividual robots.In this paperwe presenta method
for optimizingpriority schemesfor suchprioritizedandde-
coupledplanningtechniques.Ourapproachperformsaran-
domizedsearchwith hill-climbing to �nd solutionsandto
minimizetheoverall pathlengths.Thetechniquehasbeen
implementedandtestedonrealrobotsandin extensivesim-
ulationruns.Theexperimentalresultsdemonstratethatour
methodis able to seriouslyreducethe numberof failures
andto signi�cantly reducethe overall pathlengthfor dif-
ferentprioritized anddecoupledpathplanningtechniques
andevenfor largeteamsof robots.

1 Intr oduction

Path planningis oneof the fundamentalproblemsin mo-
bile robotics.As mentionedby Latombe[9], thecapability
of effectively planningits motionsis “eminentlynecessary
since,by de�nition, a robotaccomplishestasksby moving
in therealworld.”
In this paperwe considertheproblemof motion planning
for multiple mobile robots. This problemis signi�cantly
harderthanthepathplanningproblemfor singlerobotsys-
tems,sincethe sizeof the joint statespaceof the robots
grows exponentiallyin the numberof robots. Therefore,
the solutionsknown for single robot systemscannotdi-
rectlybetransferredto multi-robotsystems.
The existing methodsfor solving the problemof motion
planningfor multiple robotscanbe divided into two cat-
egories[9]. In the centralizedapproachthe con�guration
spacesof theindividual robotsarecombinedinto onecom-

positecon�gurationspacewhichis thensearchedfor apath
for thewholecompositesystemIn contrast,thedecoupled
approach�rst computesseparatepathsfor the individual
robotsandthenresolvespossiblecon�icts of thegenerated
paths.
While centralizedapproaches(at least theoretically)are
ableto �nd the optimal solutionto any planningproblem
for which a solution exists, their time complexity is ex-
ponentialin thedimensionof thecompositecon�guration
space.In practiceoneis thereforeforcedto useheuristics
for theexplorationof thehugejoint statespace.
Many methodsusepotential�eld techniques[2, 3, 17] to
guide the search. Thesetechniquesapply different ap-
proachesto dealwith the problemof local minima in the
potentialfunction. Othermethodsrestrict the motionsof
therobotsto reducethesizeof thesearchspace.For exam-
ple, [16, 8, 10] restrict the trajectoriesof the robotsto lie
on independentroadmaps.Thecoordinationis achievedby
searchingtheCartesianproductof theseparateroadmaps.
Decoupledplannersdeterminethe pathsof the individual
robotsindependentlyandthenemploy differentstrategies
to resolve possiblecon�icts. Accordingto that,decoupled
techniquesareincomplete,i.e. they mayfail to �nd a solu-
tion evenif thereis one. A populardecoupledapproachis
planningin thecon�guration time-space[6] which canbe
constructedfor eachrobotgiventhepositionsandorienta-
tionsof all otherrobotsat every point in time. Techniques
of this type assignpriorities to the individual robotsand
computethepathsof therobotsbasedon theorderimplied
by thesepriorities. The methodpresentedin [18] usesa
�x edorderandappliespotential�eld techniquesin thecon-
�guration time-spaceto avoid collisions.Theapproachde-
scribedin [7] alsousesasinglepriority schemeandchooses
randomdetoursfor therobotswith lowerpriority.
Anotherapproachto 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 complexity in the
caseof hugeteamsof robots[12] recentlypresentedatech-
niqueto separatetheoverallcoordinationprobleminto sub-
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Figure1: Situationin which no solution canbe found if
robot1 hashigherpriority thanrobot2
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Figure 2: Independentlyplannedoptimal pathsfor two
robots(left), suboptimalsolutionif robot1 hashigherpri-
ority (center),andsolutionresultingif thepathfor robot2
is planned�rst (right).

problems.This approach,however, assumesthat theover-
all problemcanbe divided into very small sub-problems,
a seriousassumptionwhich, asour experimentsdescribed
below demonstrate,is oftennot justi�ed. In general,there-
fore,a prioritizedvarianthasto beapplied.
The methodsdescribedabove leave open how to assign
the priorities to the individual robots. In the past,differ-
ent techniquesfor selectingprioritieshave beenused. [5]
applieda heuristicwhich assignshigherpriority to robots
which canmove on a straightline from the startingpoint
to their target location. In [1] all possibleassignmentsare
considered.Due to its complexity this approachhasonly
beenappliedto groupsof up to threerobots.
For decoupledandprioritized methodstheorderin which
thepathsareplannedhasa seriousin�uence on whetherat
all asolutioncanbefoundandif so,how longtheresulting
pathsare. Figure1 shows a situationin which no solution
canbe found if robot 1 hasa higherpriority thanrobot 2.
Sincethe path of robot 1 is plannedwithout considering
robot 2, it arrivesat its target locationmarked G1 before
robot 2 haspassedthe t-junction. Thus,it blockstheway
of robot 2 which canno longerreachits designatedtarget
point G2. However, if we changethe priorities andplan
thetrajectoryof robot2 beforethatof robot1, thenrobot1
considersthetrajectoryof robot2 duringpathplanningand
this waywaitsuntil robot2 haspassedby.
Anotherexampleis shown in Figure2 (left). If we start
with robot1 theneveryplannerhasto choosealargedetour
for robot2 (seeFigure2 (center)),becauserobot1 blocks
the corridor. However, if the path of robot 2 is planned

�rst, thenwecanobtainamuchmoreef�cient solution(see
Figure2 (right)).
Thesetwo examplesillustratethatthepriority schemehasa
seriousin�uenceonwhetherasolutioncanbefoundandon
how long the resultingpathsare. Unfortunatelythe prob-
lem of �nding the optimal scheduleis NP-hardfor most
of the decoupledapproaches.For example,the Job-Shop
SchedulingProblemwith the goal to minimize maximum
completiontimewith unit processingtimefor eachjob [11]
canberegardedasa specialinstanceof thepathcoordina-
tion method.
In this paperwe presenta randomizedand hill-climbing
techniquewhich startswith an initial priority schemeand
optimizesthis by swappingtwo randomlychosenrobots.
This way it cansigni�cantly increasethenumberof prob-
lemsfor which a solutioncanbe found. Additionally it is
ableto reducetheoverallpathlength.Furthermore,ourap-
proachhasany-time characteristicwhich meansthat it can
returnthebestsolutionfoundsofaratany point in timeand
whenever it is interrupted.Our techniquehasbeenimple-
mentedandtestedon realrobots.In extensiveexperiments
it hasbeenprovento beveryeffectiveevenfor largeteams
of robotsandusingtwo differentdecoupledpathplanning
techniques.
The paperis organizedasfollows. The following section
describestheprioritizedanddecoupledpathplanningtech-
niqueswe apply our algorithmpresentedin Section3 to.
Section4 containsexperimentalresultsillustrating theca-
pabilitiesof ourapproach.

2 Prioritized
���

-based Path Plan-
ning and Path Coordination

The basicalgorithm to computeoptimal pathsfor single
robotsappliedthroughoutthis paperis thewell-known ���

searchprocedure. The next sectionbrie�y describesthe
variantwe areusing. To representtheenvironmentof the
robotswe apply occupancy grids [13] which separatethe
environmentinto a grid of equallyspacedcells andstore
in eachcell ���
	���
 the probability ������������� ��� that it is oc-
cupied. In the remainderof this sectionwe thenpresent
the key ideasof decoupledprioritized path planningand
discusshow the ��� procedurecanbe utilized to plan the
motionsof teamsof robotsby this approach.

2.1 ��� -basedPath Planning

The � � proceduresimultaneouslytakes into accountthe
accumulatedcostof reachingacertainlocation �!�"	#�$
 from
thestartingpositionaswell astheestimatedcostof reach-
ing the target location �!�%�&	��$��
 from �!�"	#�$
 . In our case,
the cost for traversinga cell �!�"	#�$
 is proportionalto its
occupancy probability �������'�

�&� �
� . Furthermore,the esti-
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matedcostfor reachingthetargetlocationis approximated
by ���

���

�!�
	��$
�� ��� �&	#� ��


���

where � is chosenas the min-
imum occupancy probability ��� ����� ��� � � in the map and

���

���
	���
�� ��� �&	#� ��


���

is the straight-linedistancebetween
���
	#�$
 and �!� � 	#� � 
 . Sincethis heuristicis admissible,� �

determinesthecost-optimalpathfrom thestartingposition
to thetargetlocation.

2.2 Decoupled Path Planning for Teams of
Robots

In this paperwe considerdecoupledand prioritized path
planningapproacheswhichplanthepathsin thecon�gura-
tion time-space.Suchapproachesproceedasfollows.First,
onecomputesfor eachrobot thepathwithout considering
thepathsof theotherrobots.Thenonechecksfor possible
con�icts in the trajectoriesof the robots(we regardit asa
con�ict betweentwo robotsif their distanceis lessthan �

where ���
	���
�� in our currentsystem).Con�icts between
robotsare resolved by introducinga priority scheme. A
priority schemedeterminestheorderin which thepathsfor
the robotsareplanned.The pathof a robot is plannedin
its con�gurationtime-spacecomputedbasedon themapof
theenvironmentandthepathsof therobotswith higherpri-
ority.
Our systemappliesthe ��� procedureto computethecost-
optimal pathsfor the individual robots, in the remainder
denotedastheindependentlyplannedoptimalpathsfor the
individual robots.We alsoapply �

� searchto planthemo-
tionsof the robotsin thecon�guration time-space.In this
casethecostof traversinga location ���
	���
 at time � is de-
terminedby theoccupancy probability ��������� ��� ��� plus the
probabilitythatoneof theotherrobotswith higherpriority
covers �!�"	#�$
 at thattime.
In thispaperweconsidertwo differentstrategies: ��� -based
planningin the con�guration time-spaceas well as a re-
strictedversionof this approachdenotedas the path co-
ordinationtechnique[12]. It differs from the general��� -
searchin thatit only exploresa subsetof thecon�guration
time-spacegiven by thosestateswhich lie on the initially
optimalpathsfor theindividual robots.Thepathcoordina-
tion techniquethusforcestherobotsto stayon their initial
trajectories.Theoverall complexity of bothapproachesis

�

��������������� ��� �#� where� is thenumberof robotsand �

is the maximumnumberof statesexpandedby �
� during

planningin thecon�gurationtime-space(i.e. themaximum
lengthof theOPEN-list).
Dueto therestrictionduringthesearch,thepathcoordina-
tion methodis moreef�cient thanthe general��� search.
Its major disadvantage,however, lies in the fact that it
fails moreoften. A typical exampleis shown in Figure2.
Whereasthepathcoordinationmethodfails independently
of the planningorder, the general�

� procedureis ableto
�nd a solutionin bothcases.

3 Optimizing Priority Schemes

As alreadymentionedabove,prioritizedanddecoupledap-
proachesto multi-robot pathplanningareincompleteand
sub-optimal.However, astheexamplesgivenin Figures1
and2 illustrate,theorderin whichthepathsareplannedhas
a signi�cant in�uence on whethera solutioncanbe found
and on how long the resultingpathsare. This raisesthe
questionof how to �nd apriority schemefor which thede-
coupledapproachdoesnot fail andhow to �nd theorderof
therobotsleadingto theshortestpaths.
Recently, randomizedsearchtechniqueshave beenused
with greatsuccessto solveconstraintsatisfactionproblems
or to solve satis�ability problems[15]. Our algorithmpre-
sentedhereis a variantwhich performsa randomizedand
hill-climbing searchin orderto optimizetheplanningorder
for decoupledandprioritizedpathplanningof teamsof mo-
bile robots.It startswith anarbitraryinitial priority scheme

�

andrandomlyexchangesthe priorities of two robotsin
this scheme.If thenew order

���

resultsin a solutionwith
shorterpathsthan the bestone found so far, we continue
with this new order. Sincehill-climbing approacheslike
this frequentlygetstuckin local minima,we performran-
domrestartswith differentinitial ordersof therobots.The
completealgorithmis listedin Table1.

Table1: Thealgorithmto optimizepriority schemes.

FOR tries := 1 TO maxTries BEGIN
select random order

�

if (tries = 1)
�

�� !�

�

FOR flips := 1 TO maxFlips BEGIN
choose random i, j with i " j

�#�

:= swap(i, j,
�

)
if moveCosts(

�
�

) " moveCosts(
�

)
�

 ��

�$�

END FOR
if moveCosts(

�

) " moveCosts(
�

� )
�

�� !�

�

END FOR
return

�

�

Pleasenotethatanadditionaladvantageof our randomized
optimizationapproachlies in its any-time character. The
procedurecanbeterminatedatany point in timeandreturn
thecurrentlybestpriority orderwhenever it is interrupted.
Figure4 shows a typical applicationexamplecarriedout
with ourrobotsAlbert andLudwig shown in Figure3 in our
of�ce environment.In thisexampleweusedthegeneral� �

procedurein thecon�guration time-space.While Ludwig
startsat the left endof the corridor of our lab andhasto
moveto right end,Albert hasto traversethecorridorin the
oppositedirection.If thepathof Ludwig is plannedbefore
thatof Albert, thesystemfailsbecauseAlbert cannotreach
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Figure 3: The mobile robots Albert (left) and Ludwig
(right).

wait

Albert
Ludwig

Figure4: Realworld applicationof �
� -basedplanningin

thecon�gurationtime-space.

its targetpoint if Ludwig stayson its optimal trajectory. If
we altertheplanningorder, our systemis ableto �nd a so-
lution. In this case,Ludwig is moved into a doorway in
order to let Albert passby. Pleasenote, that no solution
canbefoundin this situationif thepathcoordinationtech-
niquewould beused.Theresultingtrajectoriesareshown
in Figure4 includingthepositionwhereLudwig waitedto
let Albert passby.
Figure5 shows a simulatedsituationwith 30 robots. By
applying our algorithm using the general ��� procedure
we obtain the pathsdepictedin Figure6. In this andall

Figure5: Independentlyplannedpathsfor 30robots.

Figure6: Pathsresultingafterpriority optimization.
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Figure7: Summedmovecostsplottedover time.

experimentsdescribedbelow we useda value of 10 for
maxFlips andmaxTries . Figure7 plots theevolution
of the summedmove costsof the bestsolution found so
far duringthese100trials. Obviously, comparedto theini-
tial solutionshown in Figure5 with summedmove costs
of 12.7,the �nal solutionillustratedin Figure6 hasmove
costsof 10.9 which correspondsto a reductionof 15%.
Pleasenote, that thereis a hugenumberof con�icts be-
tweenthe robotsin this example. As a result, the whole
trajectorygraphis a singleconnectedcomponent.Accord-
ingly, the decompositiontechniquepresentedin [12] can-
notbeapplied.

4 Experimental Results

Thealgorithmdescribedabovehasbeentestedthoroughly
in extensivesimulationruns.To evaluatethegeneralappli-
cability, we appliedour methodto the two decoupledand

Figure8: Environmentsusedfor thesimulationruns.

4



�����

�����

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

���

���

���

���

���

���

���

���

���

���

�

�

�

�

�

�

�

�

�

�

���

���

���

���

���

���

���

���

���

���

���

���

���

���

���

���

���

���

	

	

	

	

	

	

	

	

























���

���

���

���

���

���

�

�

�

�

�

�


�



�



�



�



�


�

�

�

�

�

���

���

���

���

���

���

���

���

���

���

�

�

�

�

�

�

�

��

�

��� � ��

0

20

40

60

80

100

4 5 6 7 8 9 10 11 12 13 14 15

nu
m

be
r 

of
 s

ol
ut

io
ns

 [%
]

number of robots

coordination technique with random priorities
coordination technique with optimizing

Figure9: Reducingthenumberof failuresfor thepathco-
ordinationtechniqueby optimizingpriority schemes.

prioritizedpathplanningtechniquesdescribedabove. The
currentimplementationis highly ef�cient. It requiresless
than0.2secondsto plana collision-freepathfor onerobot
in all environmentsdescribedbelow. Throughoutthe ex-
perimentsweusedthetwo differentenvironmentsdepicted
in Figure8. Whereasthe mapon the left of Figure8 is a
typicalcorridorenvironment,themapon theright is corre-
spondsto anunstructuredenvironment.

4.1 Reducingthe Number of Failur es

The�rst setof experimentsis designedto illustratethatthe
overall numberof failurescanbereducedsigni�cantly us-
ing our optimizationtechnique.Figure9 summarizesthe
resultswe obtainedusingthe pathcoordinationtechnique
for differentnumbersof robotsin over 600runsin theun-
structuredenvironment. In eachexperimentwe randomly
chosethestartingandtargetlocationsof therobotsandde-
terminedwhetherthecoordinationtechniqueis ableto �nd
a solutiongivena randomlychoseninitial priority scheme.
Then we optimizedthis schemeusing our algorithm de-
scribedabove. For example,if 4 robotsareusedthenthe
pathcoordinationtechniquefails in morethan60%of the
cases.Our approach,in contrast,yieldsa solutionin more
than70%of all situations.For morethan15 robots,how-
ever, it is nearlyimpossibleto �nd con�gurationsfor which
thepathcoordinationmethodcan�nd a solution.Onerea-
sonis that startingor goal locationsoften lie too closeto
the trajectoriesof otherrobotsso that they cannotpassby
any more.
Additionally, we applied our approachto 100 randomly
chosensituationsto which we usedthe ��� -basedplanning
in the con�guration time-space.The resultof this exper-
iment is shown in Figure 10. As this �gure shows, ���

hasa signi�cantly highersuccessrateevenfor largernum-
bersof robots. However, even using this approachanda
singlepriority scheme,the numberof solutionsdecreases
monotonously. Our optimization technique,in contrast,
wasalwaysableto �nd a solution.
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Figure10: Reducingthe numberof failuresfor ��� -based
planningin thecon�gurationtime-spaceby optimizingpri-
ority schemes.
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Figure11: Relative increaseof the move costscompared
to thesumof theoptimalmovecostsfor theindependently
plannedpathsin thecorridorenvironment.

4.2 Minimizing the Overall Path Lengths

The secondsetof experimentsis designedto demonstrate
that our optimizationtechniqueis ableto signi�cantly re-
duce the overall path length. For different numbersof
robotswe performeda seriesof experimentsin both en-
vironmentsshown in Figure8. Again we randomlychose
startingand target locationsand thencomputedthe paths
for the robots using the two decoupledand prioritized
path planningtechniqueswith andwithout our optimiza-
tion technique.We thenmeasuredtheaveragepathlength
andcomparedit to theaveragelengthof theoptimalpaths
for theindividual robots1.
Figure11shows therelative increaseof themovecostsfor
four to sevenrobotsin thecorridorenvironment(in contrast
to the otherexperiments,the startingand target locations
werechosenfrom a givensetof hand-selectedpositionsin
themap). As canbe seen,our approachreducestheover-
all pathlengthfor thepathcoordinationtechniqueandfor

� � -basedplanningin thecon�guration time-space.Addi-
tionally, it illustratesthatthelatterapproachresultsin more

1Pleasenotethat throughoutthis paperwe take theoptimal pathsfor
singlerobotplanningproblemsasreference,sincecomputingtheoptimal
solutionfor thewholeproblemis nottractablein practiceatleastfor larger
numbersof robots.
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Figure12: Increasedmove costscomparedto the sumof
theoptimalmovecostsfor theindependentlyplannedpaths
in theunstructuredenvironment.

ef�cient pathsthanthecoordinationtechnique.
We performedsimilar experimentsfor theunstructureden-
vironment. Figure12 summarizesthe resultswe obtained
for over300runs.It showstherelativeincreaseof themove
costsfor differentnumbersof robots.Sincethepathcoordi-
nationtechniqueusingtheinitially chosenpriority scheme
failed in mostof thecases,we omit thecorrespondingre-
sultshere.As the�gure shows,ouroptimizationtechnique
applied to � � -basedplanning in the con�guration time-
spaceyieldsthebestresults.

5 Conclusions

In thispaperwepresentedanapproachto optimizethepri-
oritiesfor decoupledandprioritizedpathplanningmethods
for groupsof mobilerobots.Ourapproachis arandomized
methodwhich repeatedlyreordersthe robotsto �nd a se-
quencefor whicha plancanbecomputedandto minimize
theoverallpathlengths.It is anany-timealgorithmsinceit
canbe stoppedat any point in time andcanalwaysreturn
its currentlybestestimate.The approachhasbeenimple-
mentedandtestedon real robotsandin extensive simula-
tion runs for two differentdecoupledpathplanningtech-
niquesandfor large numbersof robots. The experiments
demonstratethat our techniquesigni�cantly decreasesthe
numberof failuresin whichnosolutionis foundfor agiven
planningproblem. Additionally, its applicationleadsto a
signi�cant reductionof theoverallpathlength.
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