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Abstract— We study the problem of exploring an unknown
ervironment using a single robot. The environment is large
enough (and possibly dynamic) that constant motion by
the robot is neededto cover the ervironment. We term
this the dynamic coverage problem. We presentan ef cient
minimalist algorithm which assumeshat 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 evidencein support of this
conjecture. We showv empirically that the performance of
our algorithm on graphs is similar to its performance in
simulation.

. INTRODUCTION

The coverageproblem[1] hasbeende ned asthe max-
imization of the total areacoveredby a robot's sensors.
Coverageis importantin mary contects suchastracking
unfriendly targets (e.g military operations),demining or
monitoring (e.g. security), and urban searchand rescue
(USAR)in theaftermathof a naturalor man-madelisaster
(e.g.building rubbledueto anearthquak or othercauses).

The problemof coveragecanbe consideredas a static
or more generally as a dynamic problem. The static
coverage problem is addressedby algorithms [2], [3],
[4] which are designedto deploy robot(s) in a static
con guration, such that every point in the ervironment
is underthe robots' sensorshadaev (i.e. covered)at every
instant of time. Clearly, for completestatic coverageof
an ervironment the robot team should be larger than a
critical size (dependingon ervironmentsize, compleity,
androbot sensorranges)Determiningthe critical number
is dif cult or impossibleif the ervironmentis unknavn a
priori. Dynamiccoverage on the otherhand,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 singlerobotin anunknawn,
planar ervironment. The environmentis assumedto be
large enough sothatcompletestatic coverageof the envi-
ronmentis not possible.The robot mustthus continually

move in orderto obsene all pointsin the ervironment
frequently In otherwordswe studythe dynamiccoverage
problemwith a singlerobot.

Exploration,a problemcloselyrelatedto coverage has
beenextensiely studied[6], [7]. The frontier-basedap-
proach[6] concernstself with incrementallyconstructing
a global occupang map of the ervironment. The mapis
analyzedto locate the 'frontiers' betweenthe free and
unknown space.Exploration proceedsn the direction of
the closestfrontier'. The multi-robotversionof the same
problemwas addressedn [8]. The problemof coverage
was consideredrom the graphtheoreticviewpointin [9],
[1Q]. In both casesthe authorsstudy the problem of dy-
namicsinglerobot coverageon an ervironmentconsisting
of nodesand edges(a graph). The key result was that
the ability to tag a limited numberof nodes(in some
casesonly one node)with unique markers dramatically
improved the cover time. We notethat [9], [10] consider
the coverageproblem, but in the processalso createa
topologicalmap of the graphbeing explored.

Our algorithm differs from the above mentionedap-
proachesn a numberof ways.We useneithera map,nor
localizationin a sharedframe of referenceOur algorithm
is basedon deploymentof static,communication-enabled,
markersinto theernvironmentby therobot. For purpose®f
analysisin this paperwe treat this collection of markers
as nodesof a graph even though no explicit adjacenyg
lists are maintainedat eachmarker. There are four key
differencesbetweenour algorithm andthe work reported
in [9], [10]:

1) We do not assumethe robot can navigate from one
marker to another(i.e. from one nodeto anotherin
thegraph).Therobotdoesnotlocalizeitself, nor has
amapof the ervironment(the structureof the graph
correspondingo the ervironmentis 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 markersis used.

3) We assumethat eachmarker being droppedoff is
capableof simple computationand communication;
in [9], [10], the markers are passie - they neither



Sensors | Laser

A, 4

Behaviors| (ObstacleAvoidance )
—( SearchBeacon )

—>[ Controller DeployBeacon )

|
y
Actuators  (Motor Command )

Fig. 1. SystemArchitectureshaving Robot Behaviors

| Compass

computenor communicate.

4) We do notassumehat markersneedto beretrieved,;
in [9], [10] retrieval and reuseof markers by the
robotis implied.

The markerswe use,actassupportinfrastructurewhich
the mobile robot usesto solve the coverage problem
ef ciently. Therobotexploresthe ervironment,andbased
on certain local criteria, drops a marker into the envi-
ronment, from time to time. Each marker is equipped
with a small processorand a radio of limited range.Our
algorithm performsthe coveragetask successfullyusing
only local sensingandlocal interactiondbetweerthe robot
and marlers.

We comparethe performancenf our algorithmwith two
theoreticabpproachesarandomwalk (RW), anda depth-
rst searchDFS).We alsocompareour algorithmandthe
limited marker-basedyraphalgorithmgivenin [9]. Oural-
gorithm performssigni cantly betterthan[9] andis close
to the performancef DFS (known to be optimalwhenthe
graphis given).Our algorithmsigni cantly outperformsa
randomwalk of the ervironment,as expected.We report
on trials with a simulatorwhich showv similar results.

[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 each marker acts
as a local signposttelling the robot which direction to
go next. However, the robot treats this information as
a recommendationand combinesthis advice with local
rangesensingto make a decisionaboutwhich direction
to actually pursue.

Each marker has a stateassociatedvith 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

particulardirection was explored by the robot previously.
A counterC is associatedvith eachdirection; it stores
the time sincethat particulardirection was last explored.
Whenthe robotis in the vicinity of a marker, the marker
emits a suggesteddirection the robot should take. This
impliesthattherobot's compassandthe marker's compass
agredocally on their measuremernf direction.Giventhe
coarsecoding of directionwe have chosen this is not a
problemin realistic settings.The algorithm usedby the
markersto computethe suggestediirectionis simple. All
OPEN(directions are recommendedrst (in order from
Southto West), followed by the EXPLOREDdirections
with largestlast updatevalue (largestvalue of C).

The mobile robot is programmedusing a behaior-
basedapproacH11]. Arbitration [12] is usedfor behaior
coordination. Priorities are assignedto every behaior
a priori. As shovn in Figure 1, there are four beha-
iors in the system:ObstacleAvoidance , AtBeacon ,
DeployBeacon and SearchBeacon . In addition to
priority, every behaior has an activation level, which
decides,given the sensoryinput, whetherthe behaior
shouldbein anactive or passve state(1 or O respectiely).
Eachbehaior computeghe productof its activationlevel
andcorrespondingriority andsendgheresultto the Con-
troller, which picks the maximumvalue, and assignsthe
correspondindpehaior to commandhe Motor Controller
for the next cycle.

The robot rememberghe identi cation of the marker
it heardmostrecently If, during motion, a nev marker
is heard, (i.e. the robot moved to the communication
zoneof a differentmarker), AtBeacon is triggered.This
behaior analyzesthe data messageseceved from the
currentmarker and orientsthe robot along the suggested
direction. In addition, the robot sendsan updatemessage
to the marler telling it to mark the directionfrom 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 range sensorfor obstacleslf the
scandoesnot returnary obstaclesthe robot proceedsn
the suggestedlirection, while sendingan updatebeacon
messagd€uponreceving this messagéhe currentmarker
updateghe stateof correspondinglirectionto EXPLORED
and resetsthe correspondingC value). If, however, the
suggesteddirection is obstructed(somethingis in the
way), AtBeacon sendsa broadcastmessageupdating
the marker with this informationandrequestsa new sug-
gesteddirection. ObstacleAvoidance is triggeredif
anobstacles detectedn front of therobot,in which case
an avoidancemaneuer takes place. SearchBeacon is
triggeredafter AtBeacon choosesndpositionstherobot
in a certain direction. The task of SearchBeacon is
to travel a predetermineddistance.DeployBeacon is
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triggeredif the robotdoesnot receve a suggestior(i.e. a
recommendedirectionto traverse)from ary beacorafter
a certaintimeout value. In this casethe robot deploys a
new beaconinto the environment.Note thatthe algorithm
andthe architecturegor the robotand marker are similar
to those presentedin [5]. The major differenceis the
addition of the last-neighborupdaterule, which reduces
redundansuggestiongnd hence,improvescoverageper
formance.

1. THE GRAPH MODEL

For purpose®f analysis,we consideran openerviron-
ment (with no obstacles)In this case,given our marker
deploymentstratgy describedn the previous section,we
can model the steady state spatial con guration of the
markersasa regular squardattice. In the generalcasethe
deployed nodeswould form a graphG = (V;E), where
V is a setof vertices(e.g. non overlappingareasof the
ervironment)andE is a setof edgeswhich connectareas
of the ernvironment. The cover time [13], is the time it
takesarobotto visit every nodein the graph.The problem
of coverageon the graphis to minimize the averagecover
time consideringevery elementof V asa startingpoint.

In the most simple case where the ernvironment is
unknawn, andlocalizationcannotbe used.andthereareno
markers available,the problemof coveragecanbe solved
by randomwalk (RW). It hasbeenshovn [13] that the
cover time of a randomwalk on a regular graph of n
nodesis boundedbelow by n In n andabove by 2n2. If we
assumethat passve markers can be used,and the graph
G = (V;E) is known (a topological map is available)
and the robot has marlers of three independentcolors,
thenthe problemof coveragecanbe solved optimally by
applying DFS which is linear in n. DFS assumeghat all
resourcesare available - markers, map, localization and
perfectnavigation.

In [9] the problem of coverageis consideredin the
contxt of mapping a graph-like environment with n
vertices. Their algorithm explores the ervironment and
constructsa topologicalmap on the y . The assumptions
of the algorithmarethat the robot hask(k < n) marlkers,
and perfectlocalizationand navigation within the graph.
The cover time of their algorithmis boundedby O(n?).
It is importantto note that the problemaddressedn [9]
is more complex thansimple coverage sincethey build a
map while 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 experimentswvas
computed.The resultsof the experimentsare presentedn
Figure2. The gure alsoshovsthenlogn curve andthe
n? curve for reference Theseexperimentslead us to

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

While our algorithmis designedor coveragejt canbe
appliedto theproblemof mappingaswell. In orderto con-
structa completemapof a graphG underthe assumption
that a robot executesour algorithm, a robot hasto visit
every vertex of the graphand follow every direction of
every marker (which would guarantedahat every edgeis
traversedand mapped).Supposeour algorithm executes
on a graph G once. It is obvious that every verte is
coveredandat leastonedirectionper marker is markedas
explored. Thus, after the rst executionof the algorithm,
the number of unexplored directions at every vertex is
at mostd 1, whered is the maximumdegreein G.
Note, that at a given vertex, while there are unexplored
directions, an algorithm will chooseone in sequence.
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Hence,after at mostd executionsof the algorithm every
vertex would be covered and every direction would be
marked as explored,implying that every edgeis covered
aswell. Thus,the mappingtime M T canbe boundedby:

MT d miax(CTi) Q)

whered is the largestvertex degree(4 in our case)and
CT; isthei th covertime. This leadsus to

Conjecture 2: Our algorithm producesa map of the
ervironmentin asymptotictime fasterthan O(n logn).

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

Figure 2b shaws that the asymptotic performanceof
our algorithm is similar to DFS. Note that in order
to determinethe color of neighboringvertices and to
navigate perfectly from nodeto node,DFS assumeghat
the map of the environmentis available and the robot
is localized. Our algorithm, on the other hand, doesnot
have accesdo global information and the robot doesnot
localizeitself. Themarkers usedin our algorithmaremore
complicatedthanthoseusedin DFS, andthe cover times
are asymptoticallysomeavhat larger than the cover times
of DFS.

In [9] the algorithm builds a topological map of the
ervironment and assumesperfect navigation (and thus,
localization) on the graph within constructedmap. The
markers arevery simple (the only functionis to mark the
vertex) and the robot cannotdifferentiatebetweenthem.
In addition to markers the algorithm assumeshat there
existsalocal enumeratiorof edgesThe covertime of this
algorithm,however, is boundedoy O(n?). Our algorithm,

on the otherhand,doesnot have a mapandtherobotdoes
notlocalizeitself. Anotherimportantdifferenceis thatwe
assumeahatthe numberof markers availableto usis equal
to the numberof vertices.In addition,the markers usedin

our algorithmaremorecomple, sincethey keepa certain
stateperdirection,andareuniquelyidenti able. Thecover
time of our algorithm, hawever, is conjecturedo be less
thann logn. Thus,the apparentradeoff is usinga large
numberof "smart” markers (and no global information
or localization) vs. a limited numberof simple markers
(with mappingand partial localizationwithin the graph).
The covertime achiezed by our algorithmis clearly better
However, if the markers are a precious resource,the
algorithmdescribedn [9] would be preferred.

IV. SIMULATION EXPERIMENTS

In our experimentswe usedthe Player/Stagg§14], [15]
simulation engine populatedwith a simulated Pioneer
2DX mobile robot equippedwith two 180 eld-of-view
planarlaserrange nders positionedback-to-backequiv-
alentto a 2D omnidirectionallaserrange nder), wireless
communicatiomanda setof markers. The implementation
of the algorithm in simulation proceedsas follows. The
robotexploresthe ervironmentin a directionsuggestedy
the last heardmarker until it doesnot receve a message
from ary of the marlkers. In this casea nev marker
is deplgyed into the ervironment. The robot continues
to explore as long as there are OPEN directions left.
If all regions are EXPLOREDthen the robot picks the
directionwhich wasleastrecentlyexplored.As discussed
in Sectionll, decisionsof which directionto explore next
are madeby the markers. The robots,however, may alter
thosedecisionsif real world obsenations (throughlaser
dataanalysis)of obstaclesare made.In addition,the last-
neighborupdaterule preventsthe robot from going back
in the direction from which it camerecently Valuesfor
communicationradiusand rangeof the laserwere setto
1500mmin the simulations.Figure 3 shavs the cover
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Fig. 4. Averagecover timesfor threedifferentgrid sizesin simulation.
Environmentsizesare 25m?, 49m? and 100m?.

timesfor the RW and our algorithm on ervironmentsof

different sizes:25m?, 49m? and 100m?. For every grid

size 50 experimentswere conductedfor both algorithms.
The experimentsshaw thatour algorithmoutperformsRW

andis morestable.In addition,Figure4 shavsthe average
cover timesfor threedifferentgrid sizes.Note the direct
correspondencbetweenthe resultsobtainedon the graph
world (Figure 3) and the resultsof the simulation. Both

supportour conjecturghatthe cover time of our algorithm
is lessthanO(nlogn).

V. DISCUSSION

We presentedan algorithm for the dynamic coverage
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
coveragetaskaregiven by randomwalk (the robothasno
informationandexploresrandomly)anddepth rst search
(a map of the ervironmentis availablein the form of a
graph)which solvesthe problemoptimally.

The data shavn in Figure 2, suggeststrongly that
our algorithm asymptotically outperformsthe k marker
algorithm presentedn [9]. This is due to two reasons.
In [9] it is assumedhat the numberof markers is limited
and that the localizationis perfectwithin the topological
map. Becauseof the limitation imposedon the number
of marlers, their approachassumesthat the robot is
capableof not only detectingthe markers, but also of
retrieving them. Our algorithm, on the contrary assumes
thatthe numberof markers is not limited*. In additionwe
restrict our solutionto the casewhereneithera map nor
localizationis used.

In addition, it is shavn in [9] that if the numberk
of available markers reduces,the cover time increases
rapidly. Therefore,in dynamic ervironmentsthe perfor
manceof the algorithm decreasesrasticallyeven if one
marker is destrgyed. Whereasin our algorithm such a

1This assumptiomight be reasonablén the light of moderntechnol-
ogy [16]

Fig. 6.
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Screenshotsof a preliminary experimentwith a robot and

problem does not exist, since a new marker will be
deployedin placeof the destrayed one automatically

We veri ed the performanceof our algorithm and its
asymptoticbehavior in simulation. There exists a direct
correspondencédetweenthe results obtained from the
theoreticalanalysis(coverageon the graph)andthe data
from simulationexperiments Note also, that even though
the lattice grid was consideredas a graph ervironment
for the theoreticalanalysis,in practice the network of
deployed markers is not requiredto be a perfect grid.
Figure5 shaws a seriesof screernshotstaken from one of
thetrials of the simulationin the 49m? ervironment.Note
alsothatthe performanceof 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 assumptionsan
affect cover time signi cantly. Simplealgorithmslike RW
or DFS canbe usedfor coverage but only in the extreme
casesas describedabove. In case,where mappingand
localizationare not available,but the numberof available
markers is unlimited, our algorithmappeargo outperform
others.

Currentlywe are conductingthoroughreal-robotexper
imentsto validateour algorithm.Figure6 shovs snapshots
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 markersfor otherbehaiors. One
example is recovery, when after being deployed, every
robotusesthe network to returnto "home base”.We have
madesomeprogresgowardsthis goal [17]. The propaga-
tion of informationthroughthe network of markerscould
also dramatically increaseperformanceof the coverage
algorithmitself (e.g. by dynamicallyadjustingthe marker
drop-off distance,optimally guide the robot towardsless
explored partsof the ervironment,etc.).
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