CoordinatedMulti-Robot Exploration

Wolfram Burgard

Mark Moorg’  Cyrill Stachniss

Frank Schneidef

Departmeniof ComputerScience University of Freiburg, 79110Freiburg, Germaly
YDepartmenbf ComputerScience University of Bonn, 53117Bonn, Germary

Abstract—In this paper, we consider the problem of exploring
an unknown ervironment with a team of robots. As in single-
robot exploration the goal is to minimize the overall exploration
time. The key problem to be solved in the context of multiple
robots is to chooseappropriate target points for the individual
robots so that they simultaneously explore differ ent regions of
the environment. We presentan approach for the coordination
of multiple robots, which simultaneously takes into account the
cost of reachinga target point and its utility . Whenever a target
point is assignedto a speci c robot, the utility of the unexplored
area visible from this target position is reduced. In this way,
differ ent target locations are assignedto the individual robots.
We furthermor e describe how our algorithm can be extended
to situations in which the communication range of the robots
is limited. Our technique has been implemented and tested
extensiely in real-world experimentsand simulation runs. The
results demonstrate that our technique effectively distrib utes
the robots over the ervironment and allows them to quickly
accomplish their mission.

Index Terms— multi-r obot exploration, coordinated behavior,
limited communication, mobile robotics

I. INTRODUCTION

The problem of exploring an ervironmentbelongsto the
fundamental problems in mobile robotics. There are sev-
eral applicationslike planetary exploration [3], reconnais-
sance[26], rescue[46, 62], mowing [29], or cleaning[19,
30, 559 in which the completecoverageof a terrain belongs
to the integral partsof a robotic mission.

In this paper we considerthe problem of exploring un-
known ervironmentswith teamsof mobile robots. The useof
multiple robotsis often suggestedo have several advantages
over single robot systems[9, 17]. First, cooperatingrobots
have the potentialto accomplisha single task fasterthan a
singlerobot[25]. Furthermoreusingseveralrobotsintroduces
redundang. Teamsof robotsthereforecan be expectedto be
more fault-tolerantthan only one robot. Another advantage
of robot teamsis dueto meiging of overlappinginformation,
which canhelp compensatéor sensoruncertainty For exam-
ple, multiple robots have beenshavn to localize themseles
more ef ciently, especiallywhen they have different sensor
capabilitieg20]. However, whenrobotsoperaten teamsthere
is therisk of possibleinterferencebetweerthem[53, 22]. For
example, if the robots have the sametype of active sensors
such as ultrasoundsensorsthe overall performancecan be
reduceddueto cross-talkbetweerthe sensorsAlso, the more
robotsare usedthe longer detoursmay be necessaryn order
to avoid collisionswith other membersof the team.

In this paper we presentan algorithm for coordinatinga
group of robotsso asto ef ciently explore their ervironment.
Our method, which has originally been presentedin [44]

and has beenintegratedinto two different systems[8, 54],
follows a decision-theoreti@pproachto explicitly coordinate
the robots. It doesso by maximizing the overall utility and
by minimizing the potential for overlapin information gain
amongstthe various robots. Our algorithm simultaneously
considersthe utility of unexplored areasand the cost for
reachingtheseareas By trading off the utilities and the cost
andby reducingthe utilities accordingto the numberof robots
that already are headingtowards this area, coordinationis
achiered in a very elegantway. In practice,one also hasto
deal with a limited communicationrange that restricts the
communicationabilities of the vehicles. Naturally, the task
of exploring a terrain with limited communicationrangeis
harderthan without this constraint.If the distancebetween
the robots becomestoo large to be bridged by the wireless
network or if a temporalnetwork error occurs,robots may
explore an areaanotherrobot has already explored before,
which can lead to a suboptimalbehaior. In this paper we
also describean extensionof our algorithm to robot teams
with a limited communicatiorrange.

Our technique has been implementedon teams of het-
erogeneousobots and has been proven effectively in real-
world scenarios Additionally, we have carried out a variety
of simulation experimentsto explore the propertiesof our
approachandto comparethe coordinationmechanisno other
approachesdeveloped so far. As the experiments demon-
strate, our techniquesigni cantly reducesthe time required
to completelycover an unknovn ervironmentwith a teamof
robots comparedto an approachwhich lacks our centralized
coordination.Furthermorewe describeexperimentsin which
we analyzeour algorithmin the context of teamsof mobile
robotswith a limited communicatiorrange.

This paperis organizedas follows. In the next section
we presentour decision-theoreticapproachto coordinated
exploration with mobile robots. In Section Ill, we briey
describethe techniqueused by our systemto acquire and
communicatemapsof the ervironment. SectionlV presents
seriesof experimentscarriedout with real robot systemsand
in simulation.Finally, we discussrelatedwork in SectionV.

Il. COORDINATING A TEAM OF ROBOTS DURING
EXPLORATION

The goal of an exploration processis to cover the whole
ervironmentin a minimum amountof time. Therefore,it is
essentialthat the robots keep track of which areasof the
ervironment have already been explored. Furthermore,the
robotshave to constructa global map in orderto plan their
pathsandto coordinatetheir actions.Throughoutthis section



we rst assumethat at every point in time both the map of
the areaexploredso far andthe positionsof the robotsin this
map canbe communicatedetweenthe robots.We will focus
on the questionof how to coordinatethe robotsin order to
efciently cover the ervironment.At the end of this section,
we will considerthe situation in which the robots have a
limited communicatiomange.Themappingsystenwill brie y
be describedn Sectionlll.

Our systemusesoccupanyg grid maps[45, 61] to represent
the ervironment. Each cell of suchan occupang grid map
containsa numericalvalue representinghe posteriorproba-
bility thatthecorrespondingreain theervironmentis covered
by an obstacle Sincethe sensorof real robotsgenerallyhave
a limited rangeand since often partsof the ervironmentare
occludedby objects,a map generally containscertain cells
whosevalueis “unknown” sincethey have never beenupdated
sofar. Throughoutthis paper we assumehat “exploredness”
is a binary conceptand we regarda cell as explored as soon
asit hasbeeninterceptedby a sensorbeam.At this point,
we would like to mentionthat the approachpresentechere
is not restrictedto occupang maps.The only requirements
that the underlying representatiorof the ervironment must
allow the distinction betweenknown and unknavn areasand
to computetravel costsfor the individual robots. Therefore,
our algorithmcanalsobe appliedto alternatie representations
like topologicalmaps[11] or coveragemaps[57].

Whenexploring an unknownn ervironmentwe areespecially
interestedn “frontier cells” [63]. As a frontier cell we denote
eachalreadyexploredcell thatis animmediateneighborof an
unknown, unexploredcell. If we directa robotto sucha cell,
we canexpectthat it gainsinformation aboutthe unexplored
areawhenit arrivesat its targetlocation. The factthat a map
generallycontainsseveral unexploredareasraisesthe problem
of how to assignexplorationtasksrepresentedly frontier cells
to the individual robots. If multiple robots are involved, we
wantto avoid several of themmoving to the samelocation.To
dealwith theseproblemsandto determineappropriatetarget
locationsfor the individual robotsour systemusesa decision-
theoretic approach.We simultaneouslyconsiderthe cost of
reachinga frontier cell and the utility of that cell. For each
robot,the costof a cell is proportionalto the distancebetween
the robot and that cell. The utility of a frontier cell instead
dependwn the numberof robotsthat are moving to that cell
or to a placecloseto thatcell.

In the following subsectionswe will describe how we
computethe costof reachinga frontier cell for the individual
robots,how we determinghe utility of afrontier cell, andhow
we chooseappropriateassignmentsf frontier cells to robots.

A. Costs

To determinethe cost of reachingthe current frontier
cells, we computethe optimal path from the currentposition
of the robot to all frontier cells basedon a deterministic
variantof the valueiteration, a populardynamicprogramming
algorithm[5, 28]. In the following, a tuple (x; y) corresponds
to the x-th cell in the directionof the x-axis andthe y-th cell
in direction of the y-axis of the two-dimensionaloccupang
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Fig. 1. Typicalvaluefunctionsobtainedfor two differentrobotpositions.The
black rectanglendicatesthe target pointsin the unknavn areawith minimum
cost.

grid map. In our approachthe costfor traversinga grid cell
(x;y) is proportionalto its occupang value P(ocGy ). The
minimum-costpathis computediusingthefollowing two steps:

1) Initialization. The grid cell that contains the robot
locationis initialized with 0, all otherswith 1 :

0;

1;

if (x;y) is the robot position

Vi otherwise

2) Update loop. For all grid cells (x; y) do:
n

Viy min Ve xy+ y+ o X2+ Y2

P(ocG+ xy+ y)i % y2f 1,019
AP(OCG+ xy+ y) 2 [0;00Cmax] ;

where octmax IS the maximum occupang probability value
of a grid cell the robot is allowed to traverse.This technique
updatesthe value of all grid cells by the value of their best
neighborsplusthe costof moving to this neighbor Here,cost
is equivalentto the probability P (ocg,y ) thatagrid cell (x; y)
is occupiedtimesthe distanceto the cell. The updaterule is
repeatedintil corvergence TheneachvalueV,,, corresponds
to the cumulativecost of moving from the current position
of the robot to (x;y). The corvergenceof the algorithmis
guaranteedas long as the cost for traversing a cell is not
negative and the environmentis bounded.Both criteria are
fullled in our approachThe resultingvalue functionV can
alsobe usedto ef ciently derive the minimum-costpathfrom
the currentlocation of the robot to arbitrary goal positions
(X;y). Thisis doneby steepestlescentn V, startingat (x; y).

Figure 1 shaws the resulting value functionsfor two dif-
ferentrobot positions.The black rectangleindicatesthe target
pointin theunknavn areawith minimumtravel cost.Notethat
the sametargetpointis choserin bothsituations Accordingly,
if the robots are not coordinatedduring exploration, they
would move to the same position which obviously is not
optimal.

Our algorithm differs from standardvalue iterationin that
it regardsall actionsof the robots as deterministic, which
seriouslyspeedsup the computation.To incorporatethe un-
certaintyof the robots' motionsinto the processandto bene t
from the ef ciency of the deterministicvariant,we smooththe
input mapsby a corvolution with a Gaussiarkernel. This has
a similar effect as generally obsened when using the non-
deterministicapproachit introducesa penaltyfor traversing



narrov passagesr stayingcloseto obstaclesTherefore,the
robots generally prefer target points in open spacesrather
than behind narrov doorways. Note that the maps depicted
in Figure 1 have not beensmoothedto allow the readerto
distinguishbetweenwalls (dark grey) and the valuesof the
nal valuefunction (light grey).

B. ComputingUtilities of Frontier Cells

Estimatingthe utility of frontier cells is more dif cult. In
fact,theactualinformationthatcanbe gatheredy moving to a
particularlocationis impossibleto predict,sinceit very much
dependwon the structureof the correspondingirea.However,
if therealreadyis a robot that movesto a particularfrontier
cell, the utility of that cell can be expectedto be lower for
otherrobots.But not only the designatedargetlocationhasa
reducedutility. Sincethe sensorsf a robot typically cover a
certainregion arounda particularfrontier cell as soonasthe
robot arrives there, even the expectedutility of frontier cells
in the vicinity of the robot's target point is reduced.

In this section,we will presenta techniguethat estimates
the expectedutility of a frontier cell basedon the distanceand
visibility to cellsthatareassignedo otherrobots.Supposén
the beginning eachfrontier cell t has the utility U; which
is equal for all frontier cells if no additional information
aboutthe usefulnessof certain positionsin the ervironment
is available.Whenever a target point t° is selectedor a robot,
we reducethe utility of the adjacentfrontier cellsin distance
d from t% accordingto the probability P (d) that the robot's
sensorswill cover cellsin distanced. One can estimateP (d)
by maintaininga posterioraboutthe estimateddistancego be
measuredWhile the robot moves through the ervironment,
this posterioris updated.

Thus, ary cell t in distanced from the designatedtar-
get location t° will be coveredwith probability P(d) when
the robot reachest® Accordingly, we compute the utility

U(t, j t1;:::;th 1) of a frontier cell t, given that the
cellsty;:::;ty 1 have alreadybeenassignedto the robots
1,:::;n las

X 1

U(th jti;:iintn 1) = Uy, P(jjtn

i=1

tijj): @)
Accordingto Equation(1), the morerobotsmove to alocation
from wheret, is likely to be visible, the lower is the utility
of t,. Note thatwe alsotake into accountwhetherthereis an
obstaclebetweertwo frontier cellst andt® Thisis achiezedby
aray-castingoperationon the grid map. If thereis anobstacle
betweertwo frontier cellst andt®, we setP (jjt tYj) to zero.

In extensive experiments,we could not nd a signi cant
differencein the resulting exploration time dependingon in
which environmentthe posteriorP (d) hasbeenlearned.We
thereforeusethe following approximation:

if d < max_range

1.0 d
; otherwise

P =, T @

wheremax_rangeis the maximumrangereadingprovided by
the rangesensar

C. Target Point Selection

To compute appropriatetarget points for the individual
robotswe needto considerfor eachrobot the costof moving
to a locationandthe utility of thatlocation.In particular for
eachroboti we trade-of the costV, to move to the location
t andthe utility U; of t.

Algorithm 1 Goal Assignmentfor CoordinatedMulti-Robot
Exploration.
1: Determinethe setof frontier cells.
2: Computefor eachroboti the costV,' for reachingeach
frontier cell t.
3: Setthe utility U, of all frontier cellsto 1.
4: while thereis onerobot left without a target point do
5.  Determinearoboti anda frontier cell t which satisfy:
(i; t) = argmax;ogo, Ut Vo
6: Reduceheutility of eachtargetpointt®in the visibility
areaaccordingto Upo U P(jjit  t9)):
7: end while

To determineappropriatgargetpointsfor all robots,we use
an iteratve approach.n eachround, we computethat tuple
(i; t) wherei the numberof a robot andt is a frontier cell,
which hasthe bestoverall evaluation U; Vti. We then
recomputethe utilities of all frontier cells given the newv and
all previous assignmentsaccordingto Equation(1). Finally,
we repeatthis processfor the remainingrobots. This results
in Algorithm 1. The compleity of this algorithmis O(n?T)
where n is the numberof robotsand T is the number of
frontier cells.

The quantity 0 determineghe relative importanceof
utility versuscost. Experimentsshaved that the exploration
time staysnearlyconstantif 2 [0:01; 50]. For biggervalues
of the explorationtime increasedecausehe impactof the
coordinationis decreasedf is closeto O the robotsignore
the distanceto be traveled which also leadsto an increased
explorationtime. Therfore, generallyis setto 1 in ourcurrent
implementation.

Figure?2 illustratesthe effect of our coordinationtechnique.
Whereasuncoordinatedobotswould choosethe sametarget
position (seeFigure 1), the coordinatedobotsselectdifferent
frontier cells asthe next explorationtargets.When coordinat-
ing a teamof robotsduring explorationone questionis when
to re-computethe target locations.In the caseof unlimited
communicationwe computenew assignmentsvhen&er one
robot hasreachedits designatedarget location or whenever
the distancetraveled by the robotsor the time elapsedafter
computingthe latestassignmengxceedsa given threshold.

D. Coordination with Limited CommunicatiorRange

In practice,onecannotassumehatthe robotscanexchange
information at arny point in time. For example, the limited
rangeof nowadayswirelessnetworks canpreventrobotsfrom
being able to communicatewith other robots at a certain
point in time. If the distancebetweenthe robots becomes
too large so that not all robots can communicatewith each
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Fig. 2. Tamget positionsobtainedusing the coordinationapproach.n this
case the tamget point for the secondrobot is to the left in the corridor

other, a centralizedapproachasdescribecabose canno longer
be applied. However, our algorithm can easily be adaptedto
copewith a limited communicatiorrange.In our system,we
apply our approachto each sub-teamof robots which are
able to communicatewith each other Obviously, this can,
at leastin the worst case,lead to a situation in which all
robotsindividually explorethewhole environment.In practical
experimentshowever, we foundthatthis approactstill results
in a quite ef cient exploration process sincethe robots can
quickly exchangenecessarynformation and coordinatewith
eachotheragainassoona connectiorbetweenthemhasbeen
re-established.

In the caseof limited communicationwe apply a slightly
differentstrateyy to determinewhento computenew assign-
ments.In our experimentswe foundthattherisk of redundant
work is increasedf the robotsforget aboutthe assignments
of other robots as soon as the communicationbreaksdown.
Insteadjf eachrobotstoresthe latesttargetlocationsassigned
to otherrobotsthe overall performances increasedespecially
in situationsin which the communicationrange has been
exceeded,since the robots avoid going to places already
exploredby otherrobots.This approachurnedoutto be useful
especiallyin the context of small robot teams.

I1l. COLLABORATIVE MAPPING WITH TEAMS OF MOBILE
RoBOTS

To explore their environmentand to coordinatetheir ac-
tions, the robots need a detailed map of the ervironment.
Furthermore the robots must be able to build mapsonline,
while they arein motion. Theonlinecharacteristiés especially
importantin the contet of the explorationtask,sincemapping
is constantlyinterleaved with decision making as to where
to move next. To map an ernvironment,a robot hasto cope
with two types of sensornoise: Noise in perception(e.g.,
range measurements)and noise in odometry (e.g., wheel
encoders).Becauseof the latter, the problem of mapping
createsaninherentlocalizationproblem,which is the problem
of determiningthe location of a robot relative to its own
map. The mobile robot mappingproblemis thereforeoften
referredto astheconcurentmappingandlocalizationproblem
(CML) [40] or asthe simultaneoudocalization and mapping
problem(SLAM)[10, 15].

Our systemappliesthe statisticalframeavork presentedn
detailin [61] to computeconsistenmapswhile the robotsare
exploring the environment.Eachrobot startswith a blankgrid

map.During exploration, eachrobot simultaneouslyperforms
two tasks:It determinesa maximumlik elihoodestimatefor its
own positionanda maximumlik elihood estimatefor the map
(location of surroundingobjects). To recover from possible
localization errors, each robot maintainsa posterior density
characterizingts “true” location (see[61]). The currentver-
sion of the systemrelies on the following two assumptions:
1) The robots must begin their operationin nearbyloca-
tions, sothattheir rangescansshov substantiabverlap.
2) The software must be told the approximaterelative
initial poseof the robots. Therebyerrors up to 50cm
and 20 degreesin orientationare admissible.

To achieve the coordinationthe teammustbe ableto com-
municatethe mapsof the individual robotsduring exploration.
In our currentsystem,we assumethat the robots set up an
ad-hocnetwork which forms clusters.The messagesentby a
robotareforwardedto all team-matesvithin thecorresponding
cluster Whenever two clustersare memed, care hasto be
takento avoid thatrobotsbhecomeoverly con dentin the state
of the environment. Supposethat each cluster maintainsan
occupanyg grid map built from all obsenationsmadeby the
robots of that team.As an example, let us assumethat two
robotsthatsharea mapm leave theircommunicatiorrange As
long asthey explore the ervironmentindividually they update
their mapsand obtain two differentmapsm; and m,. Now
supposéherobotscancommunicateagainandexchangetheir
maps.If they usetherecursve updaterule for occupang grids
to combinem; and m; the information originally contained
in m is integratedtwice in the resulting map, which is not
admissible.

There are several ways to avoid the multiple use of sen-
sor information. One solution is to prevent the robots from
exchanginginformation more than once[21], which reduces
the bene t of a multi-robot system.An alternatve solutionis
that eachrobot maintainsan individual map for each other
robot. Thesemaps,which can be combinedto a joint map,
canbe updatedseparatelyln our currentsystem,we apply a
differentapproachthatwe foundto be lessmemoryintensie.
Furthermorejt reducesthe communicationoverhead.In this
approacheachrobotstoresfor eachotherrobotalog of sensor
measurementperceved by this robot. A robot only transfers
those measurementshat have not been transmittedto the
correspondingobot so far. Additionally, the robots maintain
a small datastructurecontainingthe time stampof the latest
sensomeasuremerdf arobotthatwastransmittedo all other
robots. This allows the robotsto discardthosemeasurements
which have beenreceved by all otherrobotsalready

IV. EXPERIMENTAL RESULTS

The approachdescribedhas beenimplementedand exten-
sively testedon real robots and in different environments.
Additionally, we performeda seriesof simulationexperiments.

A. Exploration with a Teamof Mobile Robots

The rst experimentis designedo demonstrat¢he capabil-
ity of our approachto ef ciently cover an unknowvn erviron-
mentwith a teamof mobile robots.To evaluateour approach



Fig. 3. Coordinatedexploration by a team of threerobotswith unlimited
communicatiorabilities in a real world experiment.

we installed three robots (two Pioneer| and one iRobot
B21) in an empty laboratory ervironment. Figure 3 shavs
the map of this ervironment. The size of the ervironmentis
18m 14m. Also showvn are the pathsof the robotswhich
startedin the upperleft room. As canbe seenfrom the gure,

the robotswere effectively distributed over the ervironment.
This demonstrateshat our approachcan effectively guide a
teamof mobile robotsto collaboratively explore an unknaovn
ervironment.

B. ComparisonbetweenJncoodinatedand Coominated Ex-
ploration

The goal of the secondexperimentdescribedhere is to
illustrate the advantageof our coordinationtechniqueover
an approachin which the robots sharea map but in which
thereis no arbitrationabouttargetlocationsso that eachrobot
approacheghe closestfrontier cell. For this experimentwe
usedtwo differentrobots:An iRobotB21 robotequippedwith
two laserrangescannersovering a 360 degree eld of view
(robot 1) and a Pioneerl robot equippedwith a single laser
scannercovering a 180 degree eld of view (robot 2). The
sizeof the ervironmentto be exploredin this experimentwas
14m 8m andthe rangeof the lasersensorsvas limited to
5m.

Figure4 shaws the typical behaior of the two robotswhen
they exploretheir ervironmentwithout coordinationj.e.,when
eachrobotmovesto the closestunexploredlocation. The white
arrons indicatethe positionsanddirectionsof the two robots.
Since the cost for moving through the narrov doorway in
the upper left room are higher than the cost for reachinga
target point in the corridor, both robotsdecide rst to explore
the corridor. After reachingthe end of the corridor robot 2
entersthe upperright room. At that point, robot 1 assigns
the highestutility to the upperleft room and thereforeturns
back.Beforerobot 1 reacheghe upperleft room, robot 2 has
alreadyenteredit andhascompletedthe exploration mission.
As a result, robot 2 exploresthe whole ervironmenton its
own while robot 1 doesnot contribute anything. The overall
time neededto completethe exploration was 49 secondsin
this case.

[
- | ﬂ—J
(a) (b)

Fig. 6. Simulatedexplorationwith threerobots.

However, if bothrobotsarecoordinatedthey performmuch
better (see Figure 5). As in the previous example, robot 2
moves to the end of the corridor. Since the utilities of the
frontier cellsin thecorridorarereducedrobotl directly enters
the upperleft room. As soonas both robotshave enteredthe
rooms, the exploration missionis completed.This run lasted
35 seconds.

C. SimulationExperiments

The previous experimentsdemonstratethat our approach
can effectively guide robots to collaboratvely explore an
unknown environment.To geta more quantitatve assessment
we performeda seriesof simulationexperimentsin different
ervironments.

To carry out theseexperimentswe developeda simulation
system, that allows us to considerthe effects of various
parameter®sn the explorationperformanceThe simulatorcan
handle an arbitrary number of robots. It usesa discretized
representatiorof the state spaceinto equally sized cells of
15cm  15cm and 8 orientations. Additionally, it models
interferencesetweenthe robots. Wheneer robots are close
to each other the systemperformsthe planned movement
with a probability of 0:7. Thus, robotsthat stay closeto each
othermove slower thanrobotsthat areisolated.This approach
is designedto model cross-talkbetweenactive sensorssuch
as ultrasounddevices as well as time delaysintroducedby
necessargollision avoidancemaneuers.

Screershotsof this simulationsystemduringa runin which
threerobots explore the ervironmentare shovn in Figure 6.
The simulatoralso allows the speci cation of different prop-
erties of the robot systemsand sensors.To carry out these
experimentswe usedsensorswith a 360 degree eld of view
asis the case for example,for robotsequippedwith two laser
rangesensorr with a ring of ultrasoundsensorsNote that
our approachdoesnot requirea 360 degree eld of view. In
the past,we successfullyappliedour approachevento robots
with alimited eld of view, equippedonly with a singlelaser
scannel8, 54).

Throughouttheseexperiments,we comparedthree differ-
ent stratgjies. The rst approachis the techniqueused by
Yamauchiet al. [63] as well as Singh and Fujimura [56],
in which each robot always approacheghe closestunex-
plored area of a joint map. In the sequel, this approach
will be denotedas uncoordinatedexploration since it lacks
a componenthatarbitratesbetweernthe robotswhenever they
choosethe samefrontier cells. The secondapproachis our
coordinationapproachspeci ed by Algorithm 1. Additionally,
we evaluatedan alternate approachthat seeksto optimize
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Fig. 4. Uncoordinatedxploration with two robots.In the images(a) and (b) both robotsdrive along the corridor, but robot 1 is slower thanrobot 2. In
image(c) robot 1 reachedhe endof the corridor, but robot 2 alreadyhasexploredthe right room. Due to the corvolution of the maps,the pathfrom robot 1
to the left room throughthe corridor haslower cost (one doorway) comparedo the path throughthe right room (two doorways). Therefore,robot 1 turns
aroundandfollows the corridor In image(d) robot 2 hasenteredthe left room from the right handside and explored it.

Fig. 5.

Coordinatedexploration by two robots. In image (b) both robotsfocus on different frontiers due to the coordinationstratgy. Therefore,robot 1

exploresthe left room androbot 2 the right one. This leadsto a betterperformancecomparedo the uncoordinatedehaior.

(b)

Fig. 7. Situationin which theassignmentsesultingfrom the algorithmgiven
in Algorithm 1 are sub-optimal(a). If robot 1 movesto point a androbot 2
movesto the locationb asillustratedin gure (b), the time neededto nish
the explorationtaskis reduced sincethe maximumtime neededo reachthe
roomsis lower.

the assignmentgomputedin lines 4—7 of our algorithm. For
example,considerthe situationdepictedin Figure7. Heretwo
robotsare exploring a corridor with two rooms. The already
explored areais depictedin grey/yellow. Supposeboth target
points a and b have the sameuutility. In the rst round of
the iteration (seewhile loop in Algorithm 1), our algorithm
assignsrobot 2 to a sincethis assignmenhasthe leastcost
of all otherpossibleassignmentsAccordingly, in the second
round,robot 1 is assignedo b. Theresultingassignmentsire
depictedin image (a) of Figure 7. If we assumethat both
robots require the sameamountof time to explore a room,
this assignments clearly sub-optimal A betterassignments
shawvn in Figure 7 (b). By directingrobot 1 to the left room
androbot 2 to the right room, the whole teamcan nish the
job earlier becausethe time requiredto reachthe roomsis
reduced.

One approachto overcomethis problemis to considerall
possiblecombinationsof target points and robots. Again, we
wantto minimize the trade-of betweenthe utility of frontier
cellsandthe distanceto be traveled.However, just addingthe
distancesto be traveled by the two robots doesnot make a
differencein situationslike that depictedin Figure 7. Since

therobotsexecutetheir actionsin parallelthetime to complete
the whole taskdepend®n the longesttrajectory To minimize
the completiontime (by choosingmore balancedtrajectories
for the individual robots),we thereforemodify the evaluation
functionsothatit considersquarediistancedo choosdarget

X
argmax
(t1;mitn) j=

Algorithm 2 Goal selectiondeterminingthe bestassignment
over all permutations.

1: Determinethe setof frontier cells.

2: Computefor eachroboti the costV,' for reachingeach

frontier cell.
3. Determinetarget locationsts;:::;t, for the robotsi =
, -2 1; n thatmaximizesthefollowing evaluationfunction:

LUttt

The resultingalgorithmthat determinesn every roundthe
optimal assignmenbf robotsto target locationsaccordingto
this evaluationfunctionis givenin Algorithm 2. Comparedo
the selectionschemeof our algorithm, the major problem of
this approacHies in the factthatonehasto gure out ﬁ
possibleassignmentg the worstcasewhereT is the number
of possibletarget locations,n is the numberof robots, and
n T. Whereagshis numbercanbe handledfor small teams
of robots,it becomesntractablefor largerteams becauseahe
number of possibleassignmentgrowvs exponentially in the
numberof robots.In practice,onethereforeneedsappropriate
searchtechniquesto nd good assignmentsn a reasonable
amountof time. In the experimentsdescribechere,we applied
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Fig. 10. Time requiredon a Pentium-4,2.8GHz machineto computethe
assignmenbf target locationsto robotsfor threedifferent stratgjies.

arandomizedsearchiechniquecombinedwith hill-climbing to
searchfor optimal assignment®f frontiersto robots.

To comparehesethreestratgies,we chosea setof different
ervironmentsdepictedin Figure8. For eachervironmentand
eachnumberof robotswe performed45 different simulation
experimentsfor eachstratey. In eachcomparisorof thethree
stratgies, the robot team was startedat the samerandomly
chosenlocation. We then evaluatedthe average number of
time stepshe systenneededo completethejob. Theresulting
plots are shavn in Figure 9. The error barsindicate the 5%
con dencelevel. As canbe seenfrom the gure, the teamus-
ing our algorithmsigni cantly outperformsthe uncoordinated
systemwith respecto the explorationtime. This is mainly due
to the fact that Algorithm 1 provides a better distribution of
the robotsover the ervironment.We repeatedhe experiments
without modeling the interferencebetweenthe robots. The
resultsof theseexperimentswere quite similar and revealed
a similar relative improvementof our algorithm comparedo
the uncoordinatedapproach.

It is worth noting thatthe randomizedptimizationstrateyy
usually yields slightly better results than our coordination
techniquealthoughthe improvementis not signi cant. Thus,
the transition from our algorithm, which has compleity
O(n?T), to a complex searchthat seeksto determinethe
optimal assignmentfrom all TT—'n), permutationsappears
to yield only slight improvements.Given the computational
overheadntroducedby the randomizedsearchin the spaceof
all permutationgseeFigure 10), especiallyfor large teamsof
robotsAlgorithm 1 appeargo be preferableover Algorithm 2.

D. Exploration underLimited Communication

The nal experimentsare designedto analyzethe perfor
manceof our coordinationstratey if the robotsonly have
a limited communicationrange.As explained above, if the

communicationrange is limited the robots cannot globally
coordinatetheir actionsanymore.As a result, differentrobots
may explore the same regions which reducesthe overall
efciency.

The rst experimentdescribedn this sectionwascarriedout
with threerobotsin our laboratoryenvironment. Throughout
this experimentwe limited the communicationrangeto 5 m.
Figure 11 depictsthe explorationprocessEachrow shovs the
mapsof the individual robotsat different pointsin time. The
initial situationis depictedn the rst row. Thecommunication
rangesof the robots are highlighted by colored/grg disks
aroundeachrobot. As can be seenfrom the secondrow the
robotswerequickly split up in this experimentandhadto plan
their trajectoriesindividually. In row three,the robotsR; and
R3 areableto communicateagainandthereforecanexchange
their maps and coordinatetheir behaior again. Robot R,
however, still actsindependentlyof the othertwo robots. In
row ve,R; andRj againleave their communicatiorrange,
whereasR, and Rz can meme their mapsand approachthe
last unexploredareain the top left corner In the last row the
robotsR, and Rz completethe explorationtask.

To analyzethe in uence of the communicationrange,we
performeda large seriesof simulationexperimentsFor differ-
entnumberof robots(1-5) andserendifferentcommunication
ranges,we carried out 45 simulationruns. In eachrun, we
chosea randomstarting point for the robot team.We regard
the exploration task as completedas soon as the known
areain the map of one robot coversthe whole ervironment.
The resultsare depictedin Figure 12. The x-axis shawvs the
communicatiorrangeof the robotsin relationto the maximum
distancein the map, whereasthe y-axis depictsthe average
explorationtime. If the communicatiorrangeis closeto zero
the coordinatedand uncoordinatedstratgies behae similar,
becausell robotsactindependentlymostof the time. As the
communicatiorrangeincreasesthe bene t of the coordinated
approachimproves. An interestingresult of this experiment
is that a communicationrange of 30% of the diameter of
the environment appearsto be sufcient to yield the same
performanceas with unlimited communication.

V. RELATED WORK

The various aspectf the problemof exploring unknovn
ervironmentswith mobilerobotshave beenstudiedintensively
in thepast.Many approachebave beenproposedor exploring
unknown ernvironmentswith singlerobots[11, 16, 18, 23, 36,
43, 58, 60, 64, 65]. Most of theseapproacheguidethe robot
to the closestunexploredarea,just asour approactdoeswhen
applied to a single robot system. Thesetechniguesmainly
differ in the way the environment is representedPopular
representationare topological[11, 36], metric [18], or grid-
based[64, 65]. Furthermore,thereis a seriousamount of
theoretical work providing a mathematicalanalysis of the
compleity of exploration stratgjies including comparisons
for single robots [1, 2, 13, 14, 34, 41, 48]. Additionally,
Lee and Recce[39] provide an experimentalanalysisof the
performanceof differentexplorationstratgiesfor one mobile
robot.
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Also the problemof exploring terrainswith teamsof mobile
robots has recevved considerableattentionin the past. For
example,Rekleitiset al. [49, 50, 51] focuson the problemof
reducingthe odometryerror during exploration. They separate
the ervironmentinto stripesthat are exploredsuccessiely by
the robot team.Wheneer one robot moves, the other robots
are kept stationaryand obsene the moving robot, a stratgy
similar to the presentedby Kurazumeand Shigemi [38].
Whereasthis approachcan signi cantly reducethe odometry
error during the exploration process,it is not designedto
distribute the robotsover the ervironment.Rather the robots
are forced to stay closeto eachotherin orderto remainin
the visibility range. Thus, using these stratgjies for multi-
robot exploration one cannotexpectthat the explorationtime
is signi cantly reduced.

Cohen[12] considerghe problemof collaboratve mapping
and navigation of teamsof mobile robots. The teamconsists
of a navigator that hasto reachan initially unknowvn tamget
location and a set of cartographes that randomly move
throughthe ernvironmentto nd the target location. When a
robot discovers the goal point, the locationis communicated
amongthe cartographergo the navigation robot which then
starts to move to that location. In extensie experiments,
the author analyzesthe performanceof this approachand
comparest to the optimal solutionfor differentervironments
and different sizesof robot teams.

Koeniget al. [33] analyzedifferentterrain coveragemeth-
odsfor antswhich are simplerobotswith limited sensingand

computationalcapabilities. They considerernvironmentsthat
are discretizedinto equally spacedcells. Insteadof storing
a map of the ervironmentin their memory the ants leave
marlkers in the cells they visit. The authors consider two
differentstratgiesfor updatingthe markers.The rst stratgy
is “Learning Real-Time A " (LRTA ), which greedily and
independenthguidestherobotsto the closestunexploredareas
andthus resultsin a similar behaior of the robotsasin the
approachof Yamauchiet al. [63]. The secondapproachis
“Node Counting”in whichtheantssimply countthe numberof
timesa cell hasbeenvisited. The authorsshow that Learning
Real-Time A (LRTA ) is guaranteedo be polynomialin the
numberof cells,whereasNode Counting”canbeexponential.

Billard et al. [7] introducea probabilisticmodelto simulate
a team of mobile robots that explores and maps locations
of objectsin a circular ervironment.In several experiments,
they demonstratehe correspondencef their model with the
behaior of a teamof real robots.

In [4], BalchandArkin analyzethe effectsof differentkinds
of communicationon the performanceof teamsof mobile
robotsthatperformtaskslik e searchingor objectsor covering
a terrain. The “graze task” carried out by the teamof robots
correspondgo an exploration behaior. One of the resultsis
that the communicatiorof goal locationsdoesnot helpif the
robotscan detectthe “graze swathes”of otherrobots.

The techniquepresentecby Kurabayashiet al. [37] is an
off-line approach,which, given a map of the environment,
computesa cooperatie terrainsweepingtechniquefor a team
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of mobile robots.In contrastto most other approachesthis
methodis not designedto acquirea map. Ratherthe goal is
to minimize the time requiredto cover a known ernvironment
which canleadto a more ef cient behaior in the contet of
cleaningor mowing tasks.

Yamauchiet al. [63] presentatechniqueto learnmapswith
ateamof mobilerobots.In this approachtherobotsexchange
informationaboutthe mapthatis continuouslyupdatedwvhen-
ever new sensorinput arrives. They also use map-matching
techniques[64] to improve the consisteng of the resulting

map. To acquireknowledgeaboutthe ervironmentall robots
move to the closestfrontier cell. The authorsdo not apply ary
stratgies to distribute the robots over the ervironmentor to
avoid that two or more robotsexploring the sameareas.

Oneapproachtowardscooperatiorbetweerrobotshasbeen
presentedoy Singh and Fujimura[56]. This approachespe-
cially addresses¢he problemof heterogeneousobot systems.
During exploration eachrobot identi es “tunnels” to the so
far unexplored area.If a robot is too big to passthrougha
tunnel it informs other robots about this task. Wheneer a
robotrecevesa messagabouta new task, it eitheracceptst
or delggatesit to smallerrobots.In the caseof homogeneous
robots, the robotsfollow a stratgy similar to the systemof
Yamauchiet al. [63]. RecentlyHoward et al. [27] presented
an incrementaldeployment approachthat is similar to the
techniquedescribedhere. Whereastheir approachexplicitly
dealswith obstructions,.e., situationsin which the path of
one robot is blocked by anothey they do not considerthe
problemof limited communicationZlot and colleagueq66]
have recentlyproposedan architecturdor mobile robotteams
in which the explorationis guidedby a market economy In
contrastto our algorithm,they considersequencesf potential
target locationsfor eachrobot and trade tasksusing single-
item rst-price sealed-bichuctionsIn severalexperimentswe
gured out that the treatmentof the assignmenjproblem as
a multi-agenttraveling sales-marproblemyields advantages
if the numberof robotsis small comparedto the numberof
frontier cells.However, in the caseof multiple robotsthis TSP-
approactcanbe disadwantageousWheneer a robotdiscovers
a new frontier during exploration, this robot will often be
the bestsuitedto go on it [66]. We found that this canlead
to an unbalancedassignmentof tasksto robots so that the
overall explorationtime is increasedKo et al. [32] presenta
variantof our approachthat usesthe HungarianMethod [35]
to computethe assignmentsf frontier cellsto robots.Practical
experiments shaved that the Hungarian Method yields a
similar performancesour coordinationalgorithm.Only in the
caseof smallrobotteamsour approachappearedo be slightly
superiorsince it provides a better distribution of the robots
over the ervironment. A further advantageof our algorithm
comparedo the HungarianMethodlies in the factthatit can
be implementedvery easily

Furthermorethereare approachesvhich addresgshe prob-
lem of coordinatingwo robots.Thework presentedby Bender
andSlonim[6] theoreticallyanalyzegshe complexity of explor-
ing strongly-connectedlirectedgraphswith two robots.Roy
and Dudek [52] focus on the problemof exploring unknovn
ervironmentswith two robotsand presentan approachallow-
ing therobotswith alimited communicatiorrangeto schedule
rendezous. The algorithmsare analyzedanalytically as well
asempirically using real robots.

Severalresearcherhave focusedon architecturegor multi-
robotcooperationFor example,Grabavski etal. [24] consider
teamsof miniature robotsthat overcomethe limitations im-
posedby their small scaleby exchangingmappingandsensor
information. In this architecturea teamleaderintegratesthe
information gatheredby the other robots. Furthermore, it
directsthe otherrobotsto move aroundobstacler to direct
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them to unknowvn areas.Jung and Zelinsky [31] presenta The real world experimentswere hosted by the Research
distributed action selectionschemefor behavior-basedagents Establishmentfor Applied Science(FGAN), Germayy.

which has successfully been applied to a cleaning task.
Stroupeet al. recently presentedche MVERT-approach[59].

Their systemusesa greedyapproachthat selectsrobot-taget
pairs basedon proximity. The goal of the action selection
is to maximize cooperatie progresstoward mission goals.
In contrastto our algorithm, the MVERT systemdoes not
discountareascloseto the selectedyoallocations.Mataric and
Sukhatmg42] considerdifferentstrategyiesfor taskallocation
in robot teams and analyze the performanceof the team
in extensie experiments.Recently Parker [47] describeda
projectin which a large teamof heterogeneousobotsis used
to perform reconnaissancand sureillance task. This work
differsfrom our approachn thatit investigatesow to jointly

accomplisha taskwith heterogeneousbotsthat cannotsolve
it individually.

VI. SUMMARY AND CONCLUSIONS

In this paper we presentecdh techniquefor coordinatinga
team of robots while they are exploring their ervironment.
The key idea of this techniqueis to simultaneouslytake into
accountthe costof reachinga so far unexploredlocationand
its utility. Thereby the utility of a target location depends
on the probability that this location is visible from tamget
locations assignedto other robots. Our algorithm always
assignghattargetlocationto a robotwhich hasthe besttrade-
off betweenutility and costs.We also presentedan extension
of our techniqueto multi-robot systemsthat have a limited
communicatiorrange.

Our techniquehas beenimplementedand testedon real
robots and in extensive simulation runs. Experimentspre-
sentedin this paperdemonstratehat our algorithm is able
to effectively coordinatea teamof robotsduring exploration.
They further reveal that our coordinationtechniquesigni -
cantly reducesthe exploration time comparedto exploration
approachethatdo not explicitly coordinateherobots.Further
experimentsdlemonstrat¢hatthe performancef ourtechnique
nicely scaleswith the rangeof the communicationink.

Despitetheseencouragingesults,thereare several aspects
which could be improved. One interestingresearchdirection
is to considersituationsin which the robots do not know
their relative positions even if they can communicatewith
eachother In this case the explorationproblembecomesven
hardersincethe robotsnow have to solve two problems.On
one handthey have to extendthe mapandon the other hand
they needto nd out wherethey are relative to eachother
Additionally, we want to investigatescenariosin which the
robotsmay malfunctionor breakor in which the ervironment
changesver time.
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