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Abstract— We study the problem of exploring an unknown
envir onment using a single robot. The envir onment is large
enough (and possibly dynamic) that constant motion by
the robot is needed to cover the envir onment. We term
this the dynamic coverage problem. We presentan ef�cient
minimalist algorithm which assumesthat global information
is not available to the robot (neither a map, nor GPS).
Our algorithm uses markers which the robot drops off
as signposts to aid exploration. We conjecture that our
algorithm hasa cover time better than O(n log n), where the
n markers that are deployed form the vertices of a regular
graph. We provide experimental evidence in support of this
conjecture. We show empirically that the performance of
our algorithm on graphs is similar to its performance in
simulation.

I . INTRODUCTION

Thecoverageproblem[1] hasbeende�ned asthemax-
imization of the total areacoveredby a robot's sensors.
Coverageis importantin many contexts suchas tracking
unfriendly targets (e.g military operations),demining or
monitoring (e.g. security), and urban searchand rescue
(USAR) in theaftermathof anaturalor man-madedisaster
(e.g.building rubbledueto anearthquakeor othercauses).

The problemof coveragecanbe consideredasa static
or more generally as a dynamic problem. The static
coverageproblem is addressedby algorithms [2], [3],
[4] which are designedto deploy robot(s) in a static
con�guration, such that every point in the environment
is underthe robots' sensorshadow (i.e. covered)at every
instant of time. Clearly, for completestatic coverageof
an environment the robot team should be larger than a
critical size (dependingon environmentsize,complexity,
androbotsensorranges).Determiningthecritical number
is dif�cult or impossibleif theenvironmentis unknown a
priori . Dynamiccoverage,on theotherhand,is addressed
by algorithmswhich explore and hence'cover' the en-
vironment with constantmotion and neither settle to a
particularcon�guration [5], nor necessarilyto a particular
patternof traversal.

In this paperwe considera singlerobot in anunknown,
planar environment. The environment is assumedto be
largeenough,sothatcompletestaticcoverageof theenvi-
ronmentis not possible.The robot must thus continually

move in order to observe all points in the environment
frequently. In otherwordswe studythedynamiccoverage
problemwith a single robot.

Exploration,a problemcloselyrelatedto coverage,has
beenextensively studied[6], [7]. The frontier-basedap-
proach[6] concernsitself with incrementallyconstructing
a global occupancy map of the environment.The map is
analyzedto locate the 'frontiers' betweenthe free and
unknown space.Explorationproceedsin the direction of
theclosest'frontier'. The multi-robot versionof the same
problemwas addressedin [8]. The problemof coverage
wasconsideredfrom the graphtheoreticviewpoint in [9],
[10]. In both casesthe authorsstudy the problemof dy-
namicsinglerobotcoverageon anenvironmentconsisting
of nodesand edges(a graph). The key result was that
the ability to tag a limited number of nodes(in some
casesonly one node) with unique markers dramatically
improved the cover time. We note that [9], [10] consider
the coverageproblem, but in the processalso createa
topologicalmapof the graphbeingexplored.

Our algorithm differs from the above mentionedap-
proachesin a numberof ways.We useneithera map,nor
localizationin a sharedframeof reference.Our algorithm
is basedon deploymentof static,communication-enabled,
markersinto theenvironmentby therobot.For purposesof
analysisin this paperwe treat this collection of markers
as nodesof a graph even though no explicit adjacency
lists are maintainedat eachmarker. There are four key
differencesbetweenour algorithmandthe work reported
in [9], [10]:

1) We do not assumethe robot cannavigatefrom one
marker to another(i.e. from onenodeto anotherin
thegraph).Therobotdoesnot localizeitself, norhas
a mapof theenvironment(thestructureof thegraph
correspondingto the environment is not known to
the robot, nor doesit constructit on the �y).

2) We assumethe number of markers available for
drop-off is unlimited; in [9], [10] a limited number
of markers is used.

3) We assumethat eachmarker being droppedoff is
capableof simplecomputationandcommunication;
in [9], [10], the markers are passive - they neither



Fig. 1. SystemArchitectureshowing RobotBehaviors

computenor communicate.
4) We do not assumethatmarkersneedto beretrieved;

in [9], [10] retrieval and reuseof markers by the
robot is implied.

Themarkerswe use,actassupportinfrastructurewhich
the mobile robot uses to solve the coverage problem
ef�ciently . Therobotexplorestheenvironment,andbased
on certain local criteria, drops a marker into the envi-
ronment, from time to time. Each marker is equipped
with a small processoranda radio of limited range.Our
algorithm performsthe coveragetask successfullyusing
only local sensingandlocal interactionsbetweentherobot
andmarkers.

We comparetheperformanceof our algorithmwith two
theoreticalapproaches- a randomwalk (RW), andadepth-
�rst search(DFS).We alsocompareour algorithmandthe
limited marker-basedgraphalgorithmgivenin [9]. Our al-
gorithm performssigni�cantly betterthan[9] andis close
to theperformanceof DFS(known to beoptimalwhenthe
graphis given).Our algorithmsigni�cantly outperformsa
randomwalk of the environment,asexpected.We report
on trials with a simulatorwhich show similar results.

I I . SYSTEM ARCHITECTURE

Our algorithm usestwo entities: the markers and the
mobile robot. The task of eachmarker is to recommend
a locally preferreddirection of exploration for the robot
within its communicationrange.Thus eachmarker acts
as a local signposttelling the robot which direction to
go next. However, the robot treats this information as
a recommendation,and combinesthis advice with local
rangesensingto make a decisionabout which direction
to actuallypursue.

Each marker has a stateassociatedwith the four car-
dinal directions (South, East, North, West). The choice
of four directionsis arbitrary. It implies that the marker
is equippedwith a 2 bit compass.For each direction,
the marker maintainsa stateand a counter. A statecan
be either OPENor EXPLORED, signifying whether the

particulardirectionwasexploredby the robot previously.
A counterC is associatedwith eachdirection; it stores
the time sincethat particulardirection was last explored.
Whenthe robot is in the vicinity of a marker, the marker
emits a suggesteddirection the robot should take. This
impliesthattherobot'scompassandthemarker'scompass
agreelocally on their measurementof direction.Giventhe
coarsecoding of direction we have chosen,this is not a
problem in realistic settings.The algorithm usedby the
markersto computethesuggesteddirectionis simple.All
OPENdirections are recommended�rst (in order from
South to West), followed by the EXPLOREDdirections
with largestlast updatevalue(largestvalueof C).

The mobile robot is programmedusing a behavior-
basedapproach[11]. Arbitration [12] is usedfor behavior
coordination. Priorities are assignedto every behavior
a priori . As shown in Figure 1, there are four behav-
iors in thesystem:ObstacleAvoidance , AtBeacon ,
DeployBeacon and SearchBeacon . In addition to
priority, every behavior has an activation level, which
decides,given the sensoryinput, whether the behavior
shouldbein anactiveor passivestate(1 or 0 respectively).
Eachbehavior computestheproductof its activationlevel
andcorrespondingpriority andsendstheresultto theCon-
troller, which picks the maximumvalue,and assignsthe
correspondingbehavior to commandtheMotor Controller
for the next cycle.

The robot remembersthe identi�cation of the marker
it heardmost recently. If, during motion, a new marker
is heard, (i.e. the robot moved to the communication
zoneof a differentmarker), AtBeacon is triggered.This
behavior analyzesthe data messagesreceived from the
currentmarker and orientsthe robot along the suggested
direction.In addition,the robot sendsan updatemessage
to the marker telling it to mark the direction from which
the robot approachedthe beaconas EXPLORED. This
ensuresthat the direction of recent approachwill not
be recommendedsoon. We term this the last-neighbor-
update. After the robot has been oriented in a new
direction, it checksits rangesensorfor obstacles.If the
scandoesnot returnany obstacles,the robot proceedsin
the suggesteddirection,while sendingan updatebeacon
message(uponreceiving this messagethe currentmarker
updatesthestateof correspondingdirectionto EXPLORED
and resetsthe correspondingC value). If, however, the
suggesteddirection is obstructed(something is in the
way), AtBeacon sendsa broadcastmessageupdating
the marker with this informationandrequestsa new sug-
gesteddirection. ObstacleAvoidance is triggeredif
anobstacleis detectedin front of the robot, in which case
an avoidancemaneuver takes place.SearchBeacon is
triggeredafterAtBeacon choosesandpositionstherobot
in a certain direction. The task of SearchBeacon is
to travel a predetermineddistance.DeployBeacon is
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Fig. 2. Comparisonof GraphCoverageAlgorithms. The n ln n curve is shown for reference.

triggeredif the robot doesnot receive a suggestion(i.e. a
recommendeddirectionto traverse)from any beaconafter
a certain timeout value. In this casethe robot deploys a
new beaconinto theenvironment.Note that thealgorithm
andthe architecturesfor the robot andmarker aresimilar
to those presentedin [5]. The major difference is the
addition of the last-neighbor-updaterule, which reduces
redundantsuggestionsandhence,improvescoverageper-
formance.

I I I . THE GRAPH MODEL

For purposesof analysis,we consideran openenviron-
ment (with no obstacles).In this case,given our marker
deploymentstrategy describedin theprevioussection,we
can model the steadystate spatial con�guration of the
markersasa regularsquarelattice. In thegeneralcasethe
deployed nodeswould form a graphG = (V; E), where
V is a set of vertices(e.g. non overlappingareasof the
environment)andE is a setof edgeswhich connectareas
of the environment.The cover time [13], is the time it
takesa robotto visit everynodein thegraph.Theproblem
of coverageon thegraphis to minimize theaveragecover
time, consideringevery elementof V asa startingpoint.

In the most simple case where the environment is
unknown,andlocalizationcannotbeused,andthereareno
markers available,the problemof coveragecanbe solved
by randomwalk (RW). It has beenshown [13] that the
cover time of a random walk on a regular graph of n
nodesis boundedbelow by n ln n andaboveby 2n2. If we
assumethat passive markers can be used,and the graph
G = (V; E) is known (a topological map is available)
and the robot has markers of three independentcolors,
thenthe problemof coveragecanbe solved optimally by
applyingDFS which is linear in n. DFS assumesthat all
resourcesare available - markers, map, localization and
perfectnavigation.

In [9] the problem of coverageis consideredin the
context of mapping a graph-like environment with n
vertices.Their algorithm explores the environment and
constructsa topologicalmapon the �y . The assumptions
of the algorithmarethat the robot hask(k < n) markers,
and perfect localizationand navigation within the graph.
The cover time of their algorithm is boundedby O(n2).
It is important to note that the problemaddressedin [9]
is morecomplex thansimplecoverage,sincethey build a
mapwhile exploring.

We conductedexperimentsrunning RW, DFS and our
algorithm on graphswith n = 25; 49 and 100 nodes.
For every experimenteachvertex of the graphwas tried
as the starting point. We conducted50 experimentsper
startingpoint. The averagetime over all experimentswas
computed.Theresultsof theexperimentsarepresentedin
Figure2. The �gure alsoshows the n logn curve andthe
n2 curve for reference.Theseexperimentsleadus to

Conjecture 1: Theasymptoticcover time of our algo-
rithm is lessthan O(n logn).

While our algorithmis designedfor coverage,it canbe
appliedto theproblemof mappingaswell. In orderto con-
structa completemapof a graphG undertheassumption
that a robot executesour algorithm, a robot has to visit
every vertex of the graph and follow every direction of
every marker (which would guaranteethat every edgeis
traversedand mapped).Supposeour algorithm executes
on a graph G once. It is obvious that every vertex is
coveredandat leastonedirectionpermarker is markedas
explored.Thus,after the �rst executionof the algorithm,
the number of unexplored directions at every vertex is
at most d � 1, where d is the maximum degree in G.
Note, that at a given vertex, while there are unexplored
directions, an algorithm will chooseone in sequence.
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Fig. 3. Simulation results for different environment sizesacross50 trials. Our algorithm consistentlyoutperformsa randomwalk by an order of
magnitude.

Hence,after at most d executionsof the algorithm every
vertex would be covered and every direction would be
marked as explored, implying that every edgeis covered
aswell. Thus,themappingtime M T canbe boundedby:

M T � d � max
i

(CTi ) (1)

whered is the largestvertex degree(4 in our case)and
CTi is the i � th cover time. This leadsus to

Conjecture 2: Our algorithm producesa map of the
environmentin asymptotictime faster than O(n logn).

Let us considerdifferent tradeoffs betweenthe above
mentioned techniques.As mentionedearlier, the clear
performanceboundariesfor coveragetask are given by
RW (upper)andDFS (lower). The more interestingcom-
parisonsare betweenour algorithm and DFS and our
algorithm and an algorithm with a limited number of
passive markers [9].

Figure 2b shows that the asymptoticperformanceof
our algorithm is similar to DFS. Note that in order
to determinethe color of neighboring vertices and to
navigate perfectly from nodeto node,DFS assumesthat
the map of the environment is available and the robot
is localized.Our algorithm, on the other hand,doesnot
have accessto global informationand the robot doesnot
localizeitself. Themarkersusedin our algorithmaremore
complicatedthan thoseusedin DFS, and the cover times
are asymptoticallysomewhat larger than the cover times
of DFS.

In [9] the algorithm builds a topological map of the
environment and assumesperfect navigation (and thus,
localization) on the graph within constructedmap. The
markers arevery simple(the only function is to mark the
vertex) and the robot cannotdifferentiatebetweenthem.
In addition to markers the algorithm assumesthat there
existsa local enumerationof edges.Thecover time of this
algorithm,however, is boundedby O(n2). Our algorithm,

on theotherhand,doesnot have a mapandtherobotdoes
not localizeitself. Anotherimportantdifferenceis thatwe
assumethatthenumberof markers availableto usis equal
to thenumberof vertices.In addition,themarkers usedin
our algorithmaremorecomplex, sincethey keepa certain
stateperdirection,andareuniquelyidenti�able. Thecover
time of our algorithm,however, is conjecturedto be less
thann logn. Thus,the apparenttradeoff is usinga large
numberof ”smart” markers (and no global information
or localization) vs. a limited numberof simple markers
(with mappingand partial localizationwithin the graph).
Thecover time achievedby our algorithmis clearlybetter.
However, if the markers are a precious resource,the
algorithmdescribedin [9] would be preferred.

IV. SIMULATION EXPERIMENTS

In our experimentswe usedthe Player/Stage[14], [15]
simulation engine populatedwith a simulated Pioneer
2DX mobile robot equippedwith two 180� �eld-of-view
planarlaserrange�nders positionedback-to-back(equiv-
alentto a 2D omnidirectionallaserrange�nder), wireless
communicationanda setof markers.The implementation
of the algorithm in simulation proceedsas follows. The
robotexplorestheenvironmentin a directionsuggestedby
the last heardmarker until it doesnot receive a message
from any of the markers. In this case a new marker
is deployed into the environment. The robot continues
to explore as long as there are OPEN directions left.
If all regions are EXPLORED, then the robot picks the
directionwhich wasleastrecentlyexplored.As discussed
in SectionII, decisionsof which directionto explore next
aremadeby the markers.The robots,however, may alter
thosedecisionsif real world observations(through laser
dataanalysis)of obstaclesaremade.In addition,the last-
neighbor-updaterule preventsthe robot from going back
in the direction from which it camerecently. Valuesfor
communicationradiusand rangeof the laserwere set to
1500mm in the simulations.Figure 3 shows the cover
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timesfor the RW and our algorithm on environmentsof
different sizes:25m2, 49m2 and 100m2. For every grid
size 50 experimentswere conductedfor both algorithms.
Theexperimentsshow thatour algorithmoutperformsRW
andis morestable.In addition,Figure4 showstheaverage
cover timesfor threedifferentgrid sizes.Note the direct
correspondencebetweenthe resultsobtainedon thegraph
world (Figure 3) and the resultsof the simulation.Both
supportour conjecturethatthecover time of our algorithm
is lessthanO(n logn).

V. DISCUSSION

We presentedan algorithm for the dynamiccoverage
problem using a robot. We examinedthe trade offs that
should be consideredin choosing one algorithm over
the other to solve this problem. The bounds for the
coveragetaskaregivenby randomwalk (the robothasno
informationandexploresrandomly)anddepth�rst search
(a map of the environment is available in the form of a
graph)which solvesthe problemoptimally.

The data shown in Figure 2, suggeststrongly that
our algorithm asymptoticallyoutperformsthe k marker
algorithm presentedin [9]. This is due to two reasons.
In [9] it is assumedthat the numberof markers is limited
and that the localizationis perfectwithin the topological
map. Becauseof the limitation imposedon the number
of markers, their approachassumesthat the robot is
capableof not only detectingthe markers, but also of
retrieving them.Our algorithm,on the contrary, assumes
that thenumberof markers is not limited1. In additionwe
restrict our solution to the casewhereneithera map nor
localizationis used.

In addition, it is shown in [9] that if the number k
of available markers reduces,the cover time increases
rapidly. Therefore,in dynamic environmentsthe perfor-
manceof the algorithm decreasesdrasticallyeven if one
marker is destroyed. Whereasin our algorithm such a

1This assumptionmight be reasonablein the light of moderntechnol-
ogy [16]

Fig. 6. Screenshotsof a preliminary experimentwith a robot and
markers

problem does not exist, since a new marker will be
deployed in placeof the destroyed oneautomatically.

We veri�ed the performanceof our algorithm and its
asymptoticbehavior in simulation.There exists a direct
correspondencebetweenthe results obtained from the
theoreticalanalysis(coverageon the graph)and the data
from simulationexperiments.Note also,that even though
the lattice grid was consideredas a graph environment
for the theoreticalanalysis, in practice the network of
deployed markers is not required to be a perfect grid.
Figure5 shows a seriesof screenshotstaken from oneof
thetrials of thesimulationin the49m2 environment.Note
alsothat theperformanceof our algorithmis not affected,
sinceit doesnot rely on localizationor mapping.

VI . CONCLUSION AND FUTURE WORK

The theoreticalanalysison graphsand veri�cation in
simulation shows that trade offs in the assumptionscan
affect cover timesigni�cantly. Simplealgorithmslike RW
or DFS canbe usedfor coverage,but only in theextreme
casesas describedabove. In case,where mapping and
localizationarenot available,but the numberof available
markers is unlimited,our algorithmappearsto outperform
others.

Currentlywe areconductingthoroughreal-robotexper-
imentsto validateour algorithm.Figure6 showssnapshots
from an early trial with a physicalrobot deploying mark-
ers.

In future work, we will investigatea formal boundon
the performanceof our algorithm. In addition, we plan
to exploit the deployed markers for otherbehaviors. One
example is recovery, when after being deployed, every
robotusesthenetwork to returnto ”homebase”.We have
madesomeprogresstowardsthis goal [17]. The propaga-
tion of informationthroughthe network of markerscould
also dramatically increaseperformanceof the coverage
algorithmitself (e.g.by dynamicallyadjustingthemarker
drop-off distance,optimally guide the robot towardsless
exploredpartsof the environment,etc.).
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Fig. 5. Deployment of markers in a representative simulation trial. Note that due to noiseaddedin simulation, the deployed nodesdo not form a
perfectlysquarelattice.

VII . ACKNOWLEDGMENTS

This work is supported in part by DARPA grant
DABT63-99-1-0015undertheMobile AutonomousRobot
Software(MARS) programandNSFgrantsANI-0082498,
IIS-0133947,andEIA-0121141.

VI I I . REFERENCES

[1] D. W. Gage, “Command control for many-robot
systems,” in the NineteenthAnnualAUVSTechnical
Symposium, Huntsville, Alabama, USA, 1992, pp.
22–24.

[2] J. O'Rourke, Art Gallery Theoremsand Algorithms,
Oxford University Press,New York, 1987.

[3] A. Howard, M. J. Mataric, and G. S. Sukhatme,
“Mobile sensornetwork deploymentusingpotential
�elds: A distributed, scalablesolution to the area
coverageproblem,” in Proc. of 6th International
Symposiumon DistributedAutonomousRoboticSys-
tems, Fukuoka,Japan,2002,pp. 299–308.

[4] M. A. Batalin and G. S. Sukhatme, “Spreading
out: A local approachto multi-robot coverage,” in
Proc. of 6th InternationalSymposiumon Distributed
AutonomousRoboticSystems, Fukuoka,Japan,2002,
pp. 373–382.

[5] M. A. Batalin and G. S. Sukhatme,“Sensorcover-
age using mobile robots and stationarynodes,” in
SPIE2002, 2002,vol. 4868,pp. 269–276.

[6] B. Yamauchi, “Frontier-based approachfor au-
tonomousexploration,” in In Proceedingsof the
IEEE International Symposiumon Computational
Intelligence, Robotics and Automation, 1997, pp.
146–151.

[7] A. Zelinsky, “A mobilerobotexplorationalgorithm,”
in IEEE Transactionson Roboticsand Automation,
1992,vol. 8, pp. 707–717.

[8] W. Burgard, D. Fox, M. Moors, R. Simmons,and
S. Thrun, “Collaborative multirobot exploration,” in
Proc. of IEEE International ConferenceonRobotics
and Automation(ICRA), 2000,vol. 1, pp. 476–481.

[9] G. Dudek, M. Jenkin, E. Milios, and D. Wilkes,
“Roboticexplorationasgraphconstruction,” in IEEE
TransactionsonRoboticsandAutomation,7-6, 1991.

[10] M. A. Bender, A. Fernandez,D. Ron, A. Sahai,
and S. Vadhan,“The power of a pebble:Exploring
and mapping directed graphs,” in Annual ACM
Symposiumon Theory of Computing(STOC '98),
1998.

[11] M. J. Mataric, “Behavior-based control: Exam-
plesfrom navigation, learning,andgroupbehavior,”
Journal of Experimentaland Theoretical Arti�cial
Intelligence, specialissueon Software Architectures
for Physical Agents, vol. 9, no. 2-3, pp. 323–336,
1997.

[12] P. Pirjanian, “Behavior coordinationmechanisms-
state-of-the-art,” Tech. Rep. IRIS-99-375,Institute
for Roboticsand Intelligent Systems,University of
SouthernCalifornia, October1999.

[13] L. Lovasz, RandomWalks on Graphs: A Survey,
vol. 2 of Combinatorics,Paul Erdos is Eighty, pp.
1–46, Keszthely, Hungary, 1993.

[14] B. P. Gerkey, R.T. Vaughan,K. Stoy, A. Howard,
G.S. Sukhatme,and M.J. Mataric, “Most valuable
player:A robotdevice server for distributedcontrol,”
in IEEE/RSJIntl. Conf. On Intelligent Robotsand
Systems(IROS), Wailea,Hawaii, 2001.

[15] R.T. Vaughan, “Stage:a multiple robot simulator,”
Tech. Rep. IRIS-00-393,Institute for Roboticsand
Intelligent Systems,University of SouthernCalifor-
nia, 2000.

[16] K. S. J. Pister, J. M. Kahn,andB. E. Boser, “Smart
dust: Wireless networks of millimeter-scalesensor
nodes,” Electronics Research Laboratory Research
Summary, 1999.

[17] M. A. Batalin and G. S. Sukhatme, “Coverage,
exploration and deployment by a mobile robot and
communicationnetwork,” in The 2nd International
Workshopon InformationProcessingin SensorNet-
works(IPSN'03), Palo Alto, 2003.


