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Abstract

We study a greedy mappingmethodthat always moves the
robot from its currentlocationto the closestlocationthatit has
notvisited(or obsered)yet, until theterrainis mapped Although
onedoesnot expectsucha simple mappingmethodto minimize
the travel distanceof the robot, we presentanalyticalresultsthat
shaw (perhapssurprisingly)thatthetravel distanceof therobotis
reasonablymall. Thisis interestingbecausgreedymappinghas
anumberof desirablgpropertieslt is simpleto implementandin-
tegrateinto completerobotarchitectureslt doesnotneedto have
control of the robot at all times, takesadvantageof prior knowl-
edgeaboutpartsof the terrain (if available),andcanbe usedby
severalrobotscooperatiely.

1 Intr oduction

Mappingis an importanttask for mobile robotsand a
large numberof mappingmethodshave beendevelopedfor
them,bothin roboticsandin theoreticalcomputerscience
[7,18 11,15 3, 6,10,19,20, 24, 2,8,9, 16,25, 23,4, 21,
22). A goodoverview is givenin [26]. In this paper we
shav that greedymappingmethodsare easyto implement
andeasyto integrateinto completerobot architecturesAt
thesamdime, planningis ef cient andresultsn shorttravel
distance®f therobot. We studyGreedyMapping,asimple
sensobasedplanningmethodthatalwaysmovestherobot
from its currentlocationto the closestlocationthatit has
not visited (or obsenred) yet, until the terrainis mapped.
GreedyMappingassumeshat the location of the robotis
alwaysknown, for example,from GPSdata. It is greedy
becauséts plansquickly gaininformationbut do not take
thelong-termconsequences themovementdnto account.
Yet, we will shav thatthe travel distanceof therobotare
reasonablghort. GreedyMappinghasthe following desir
ableproperties:

This work extendspreviouswork by SvenKoenigandYuri Smirnov
William Halliburton programmedthe robot and performedthe experi-
ments. The Intelligent Decision-MakingGroupis partly supportecby an
NSFAwardundercontractl|S-9984827.The views andconclusionson-
tainedin this documenfare thoseof the authorsand shouldnot be inter
pretedasrepresentinghe of cial policies,eitherexpressedr implied, of
the sponsoringrganizationandagencie®r theU.S.government.

Theoretical Foundation: GreedyMappinghasasolid
theoreticalfoundationthat allows oneto characterize
its behaior analytically For example,it is guaranteed
to mapterrainunderrealisticassumptionandits plan-
executiontime canbe analyzedormally, aswe shaov
in this paper

Simple Integration into Robot Architectures:

GreedyMappingis simpleto implementandintegrates
well into completerobotarchitectureslt is robustwith

respecto theinevitableinaccuracieandmalfunctions
of otherarchitectur&eomponentskFor example,it does
not needto have control of therobotatall times. This

is importantbecauseearchmethodsshouldonly pro-

vide adviceon how to act andwork robustly even if

thatadviceis ignoredfrom timeto time[1]. For exam-
ple,if arobothasto re-chageits batterieguringmap-
ping, thenit mighthave to preempimappingandmove

to a known power outlet. Once restarted the robot
shouldbe ableto resumamappingfrom the powerout-
let, insteadof having to returnto the locationwhere
mappingwas stopped(which could be far awvay) and
resumdts operationfrom there. GreedyMappingex-

hibits this behaior automatically

Prior Knowledge: GreedyMappingtakesadwantage
of prior knowledgeaboutpartsof the terrain(if avail-
able)sinceit usesall of its knowledgeabouttheterrain
whendeterminingwhich urvisited (or unobsered)lo-
cation is closestto the robot and how to get there
quickly. It doesnotmatterwhetherthisknowledgewas
previously acquiredby therobotor providedto it.

Distributed Search: Mapping tasks can be solved
with several robots that each run Greedy Mapping
andsharetheir maps,therebydecreasinghe mapping
time. Cooperatre mappingis a currentlyvery active
researctarea[5, 27].

Theseadwantagesexplain why GreedyMappingis an
interestingmappingmethodto study GreedyMappingis
probablyone of the rst mappingmethodsthat cometo
mind whenempirical roboticsresearcherguickly needto
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Figurel: PossibleBehavior of GreedyMapping

implementa mappingmethod,andversionsof it have been
usedon robots. For example,it appearghat a versionof
GreedyMappinghasbeenusedonanomad-classur-guide
robotthatofferedtoursto museunvisitors[28].

The contrikbution of this paperis to provide a theoretical
foundationfor GreedyMappingin form of an analysisof
the travel distanceof therobot. Clearly GreedyMapping
is too simplea mappingmethodto minimizethetravel dis-
tance.However, we derive boundson the travel distancen
ary terrainthat shav thatthe travel distances reasonably
small. The purposeof this paperis to shav thateven sim-
ple mappingmethodscanperformwell andthusto provide
somerelief to empirical roboticsresearchersvho want to
keeptheir navigation systemssimpleandthusdo not want
to implementcomplex mappingmethodwon theirrobots.

2 Analysisof the Travel Distance

In thefollowing, we analyzethe travel distanceof robots
that use GreedyMapping. To makethe mappingtaskas
hard as possible,we assumethat the robot hasno initial
knowledgeof the topologyof the mapandthatits sensors
provide information only aboutits closevicinity. We as-
sume for clarity, thatthe robotis omni-directional point-
sized,equippedvith only aradialshort-distanceensorand
capableof errorfree motion andsensing.The sensoron-
boardtherobotuniquelyidentify its locationandthe neigh-
boringunobstructedocations.This assumptioris realistic,
for example,if thelocationslook sufciently differentor if
therobothasGPSor asimilarlocalizationrmethodavailable.

To analyzehemappingproblemformally, we formulate
it asa graphcoverageproblemsimilar to the one studied
in [12]. Therobothasto mapaninitially unknavn, nite,
undirectedgraphG = (V;E). Therobotbegins at some

designatedtartvertex. Whentherobotis ata vertex v, it

learnsthe verticesadjacentto v (thatis, the verticescon-
nectedto vertex v by an edge),andcanidentify thesever

ticeswhenit obseresthemagainat a later point in time.

GreedyMappingalwaysmovestheroboton a shortespath
fromits currentvertex to aclosesurvisitedvertex. It termi-

nateswvhenit knows of no unvisitedvertices.GreedyMap-

ping mustterminate sinceeachtime it movesfrom the cur

rentverte to the closesurvisitedverte, it visits onemore
vertex, andthereareonly a nite numberof them. At ter-

mination,GreedyMappinghasvisited all verticesthatcan
bereachedrom the startlocationandthushasmappedhe
connectedomponenbf thegraphthatcontainghe startlo-

cation.In thefollowing, we assumavithoutlossof general-
ity thatthegraphis stronglyconnectedin thiscase Greedy
Mappingmapsall of the graph. Figure1 shavs a possible
behaior of GreedyMappingon a subsebf a simplegrid.

NotethatGreedyMappingis not constrainedo workingon

gridsbut canbeusedon arbitrarygraphsjncludingVoronoi
diagramd17].

In the following, we analyzethe worst-casdravel dis-
tanceof GreedyMappingasafunctionof thenumberof ver
ticesof thegraphbecaus@a smallworst-casdravel distance
providesa goodperformanceyuaranteén all terrains. We
do not takethe planningtime into accountbecauseobots
move so slowly thatthetotal problemsolvingtime is com-
pletelydominatedoy thetravel distance.

2.1 Lower Bound onthe Travel Distance

A lower bound on the worst-casetravel distanceof
GreedyMappingcanbeestablishety example.In thissec-
tion, we presenta graphG = (V; E) for which the worst-
casetravel distanceof GreedyMappingis ( posiid~jVj)
stepg13]. ThegraphmakesGreedyMappingtraversethe
samepathrepeatedlforwardandbackwardandthis travel
distanceis large comparedo the numberof edgeghatare
necessaryo misleadGreedyMapping into this behaior.
Our examplegraphis planarsincemapsandotherkinds of
graphsusedin roboticsoftenhave this property

Theorem 1 Theworst-caseraveldistanceof GreedyMap-
pingis ( eebvl=jVj) stepson strongly connectedindi-

rectedgraphsG = (V; E), evenif they are planar.

Proof: ConsidertheplanargraphG = (V; E) shovnin Figure2,

whichis avariationof agraphin [14]. It consistsf a stemwith

severalbranchesEachbranchconsistof two parallelpathsof the
samelengththatconnectthe stemto a singleedge. The leavesat
theendsof thesesingleedgesarecrucialto “fooling” GreedyMap-
ping. Whenthe robottraversesone of the parallelpaths,Greedy
Mappingmight chooseto returnto the stemalongthe otherpath
without®rstexploring theleaf.

We saythatthe lengthof a branchis the lengthof eachof its
two paths. The stemhaslengthn" for someintegern 3 and
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Figure2: PlanarGraphG forn = 3

n | traveldistance iVi "a’e'jswe
3 207 80 2.587500

4 2279 778 2.929306

5 31253 9612 3.251457

6 515085 144014 3.576631

7 9928271 2542528 3.904882

8 21913099 51744018 4.234905

9 544810062 1193201300 4.565953
10 | 15061728353 | 30753086422 4.897631

Tablel: Travel Distanceof GreedyMapping

consistsof the verticesvo; v1;:::;van. For eacpjn_te%er_i with
1 i ntherearen" ' branchexof length _"n’ each
(includingbranchef lengthzero). Thesebranchesttachto the
stemattheverticesv; i forintegersj; if i is even,then0 |

n" ' 1,otherwisel j n" '.Thereisoneadditionalsingle
edgethatattachedo vertex vo. Thestartvertex is van .

GreedyMappingcanchooseo breaktiessoasto behare asfol-
lows: startatvertex vnn , traversethewhole stemandall branches,
but bypassall the leavesat their ends,andthentraversethe addi-
tional edgeattachedo vertex vo, asshavn in Figure2. At this
point, GreedyMapping againtraversesthe whole stem, visiting
theleavesof thebrancheof lengthO. It thenswitchesdirections
and travels alongthe whole stemin the oppositedirection, this
time visiting the leaves of the branchef lengthn, andsoforth,
switchingdirectionsrepeatedlylt completests explorationwhen
it ®nally visitstheleaf of thelongestbranch.

To summarizethe leavesat the endsof the branchesretried
outin theorderindicatedin Figure2. Thetotal travel distancds
( n"*1) stepssincethestemoflengthn" istraversech+ 1times.
Tobeprecisethetotaltravel distancés (n"** + 3n"*2  8n"*! +
2n? n+3)=(n® 2n+ 1)stepslt holdsthatjVj = ( n")since
jVi=(3n"*2 5n"*1 p"h4+n" 14202 2n+2)=(n? 2n+1).
Thisimpliesthatn = ( log’?oé"j{,j) since for all suf®cientlylarge
n, it holdsthat

log(n™) nlogn

_ nlogn _
loglog(n") logn + loglogn

logn

It follows that the total travel distanceis ( n"*') =

(njVi) = ( mblt=jVj) steps. =

We alsoperformeda simulationthatcon rmed ourtheo-
reticalresultsforn 6. Table1 shawvs how theratio of the
travel distanceandthenumberof verticesincreasessn in-
creasesOurgraphscanbeadaptedo differentassumptions
aswell. For example,we have assumedhattherobotcan
identify only the verticesadjacento its currentvertex. The
graphcan easily be adaptedo sensorswith larger looka-
headssayof x vertices by replacingeachedgewith x con-
secutve edgesthat are connectedvia x 1 intermediate
vertices.

2.2 Discussionof the Lower Bound

No mappingmethodcanbesureto omniscientlyfollow a
bestpossiblegpathin hindsight.To judgehow goodits travel
distanceis, we thereforeneedto compareit to othermap-
ping methods. Depth- rst searchis sucha method. It al-
waysmaovestherobotfrom its currentvertex to anadjacent
urvisitedvertex. If suchavertex doesnotexist, it leavesthe
currentvertex alongthe edgewith which it wasenteredor
the rst time (backtracking). It terminatesvhenit knows
of no urvisited vertices. Its worst-casédravel distances at
mosttwice thenumberof verticessinceeachstepeithervis-
its a previously urvisitedvertex (which canhappenat most
oncefor eachvertex) or backtrackgromavertex (whichcan
alsohappenat mostoncefor eachverte). In the previous
section,we have shavn that the worst-casdravel distance
of GreedyMappingis superlineain thenumberof vertices.
Thus,it is notaworst-cas@ptimalmappingmethod.How-
ever, it hasadvantagesver depth- rstsearchFor example,
depth- rst searctdoesnotresumemappingfrom the powver
outlet after a robothasmovedto rechage itself but rather
requiresthe robotto returnto the locationwheremapping
wasstopped.Seconddepth- rst searchcannotbe usedby
severalrobotscooperatiely. Third, depth- rst searchdoes
nottakeadvantageof prior knowledgeaboutthegraphto di-
rectthe searchfor example,if partof theterrainis already
known andthusdoesnot needto getmappedWhile depth-

rst searchcanbe modi ed to tackle someof theseprob-
lems[31], theseattemptshave sofar resultedn impractical
robotnavigationmethods.

2.3 Upper Bound on the Travel Distance

Even thoughthe travel distanceof GreedyMappingis
not optimalin the worstcase,it is our experiencethatit is
reasonablgmallin practice.ln thefollowing, we shav that
the disadwantageof GreedyMappingin termsof its worst-
casdravel distancds smallcomparedo the optimalworst-
casetravel distancewhich is linear in the numberof ver
tices. Thisjusti es its useon mobilerobots.

It is easyto seethat the worst-casdravel distanceof
GreedyMappingis atmostjV j2 stepsonstronglyconnected



undirectedgraphsG = (V; E). Sincetherobotalwaysfol-
lowsashortespathto theclosesurvisitedverte, it reaches
anothemreviously urvisited vertex after at mostjVj steps.
Sincethereareonly jVj vertices,it canrepeatthis stepat
mostjVj timesuntil it hasvisited all vertices,resultingin
the upperbound. However, this quadraticupperboundon
the worst-casdravel distanceof GreedyMappingleavesa
largegapwith thelinearoptimalworst-caséravel distance.
We now narrav the gapby proving a tighter upperbound
of only O(jVj37?) stepson strongly connectedindirected
graphsG = (V;E).

Theorem 2 Theworst-casdraveldistanceof GreedyMap-
ping is O(jVj372) stepson strongly connectedundirected
graphsG = (V;E).

Proof: Letc (0 i jVj 1)denoteheithpreviouslyunvisited
vertex that GreedyMapping visits. c° is the startvertex of the
robot. OnceGreedyMappinghasvisitedcV! !, it hasvisitedall
verticesat leastonceandstops.LetLi (1 i jVj 1)denote
thenumberof stepswhenthe robotmovedfromc * toc' afterit
visitedc' ? for the®rsttime. Notetkﬁlto Li  jVj. Then,the
travel distanceof GreedyMappingis ') *L; steps.

Letd, (O i < jVj 1,v 2 V) denotethe lengthof a
shortestpathfrom v to the closestunvisited vertex directly after
therobot®rstvisitedd. Notethat0 di, jVj andthatd, is
nondecreasipg i . Fu_rthermoredLi = Lisg for0 i< jvj L
De®ne' = ,,d, (0 i< jVj 1). NotethatO :
jVj? andthat ' is nondecreasin@ i. The mainideabehindour
proof is thatthe travel distanceof the robotis large only if mary
of theL; arelarge. Eachlarge L; resultsin largeincreasesrom

" 2t0 ' 1. However, thereis a limit on how largethe ; can
get,whichforcesthetravel distanceof therobotto be small.

Forall0 z Lisa (1 i< jVj 1),thereisatleastone
vertex X atadistanceof z edgesfrom vertex ¢ whenthe robot
visitedc' for the@®rsttime. Thisis so,sincetherobotthenmoved
on a shortestpathto ¢ ** andthe pathhadlengthLi.1 . Then,
Lin  z+ di, becausanurnvisitedvertex wasonly di, steps
awayfrom x, whentherobotvisitedc' for the®rsttime,andx; is
z stepsaway from ¢'. Furthermored, ;>  z because' wasstill
urvisitedwhentherobotvisitedc' * for the®rsttime, andd is z
stepsaway from x, (becauséhegraphis undirected) Puttingthe
two inequalitietogetherit holdsthatdl, di,* Lia 2z

Sincethed!, arenondecreasingi, it holdsfor1 i < jVj 1
that
Xt .
L (d, d.h
z=0
B+ 2
max(Li+1  2z;0) %:
z=0

Summingoveri resultsin

R 2 (Li+ )2

. Vi 2 0 jVj2

0=jvj*

i=1

Pivi 1 .

We cannow bound ., “Li. ThgvaluesL; (2 i
jVi 1) areconstrainedyl; _Oand V) '(Li)2 4jVj2.
Calculusshavsthatmaximizing 1Y) * L subjecto thesecon-
straintssachievedbyL; = 2jVj= jVj 2 2 jVj+3forall

2 i jvi LThus, M) 'L (Vi 2@ jVi+23)
g\_/j3_:2 + 3jV|. Fingdly, thetravel distanceof GreedyMappingis
Miti= L+ UL 2Vt 4y

2.4 Discussionof the Upper Bound

Our analysisin the previous sectionshaved that the
worst-casdravel distanceof GreedyMapping,althoughnot
optimalin the worstcase|is reasonablysmall. It might be
even smalleron graphswith restrictedtopologies. For ex-
ample,onourrobot,we usegreedymappingin conjunction
with regular grids. In this case,all verticeshave a small
(bounded)degree. We currentlydo not know whetherthis
decreasetheworst-caséravel distanceof GreedyMapping
and,if so,by how much. Furthermorethe robothassome
initial knowledgeof thetopologyof themapsinceit knows
thatthe graphis a subsebf aregular grid. This allows the
robotto move to the closestunobseredcell ratherthanthe
closestunvisitedcell, which doesnot changeour analytical
results. Assume for example,the following scenario.The
robot operateson a graphwhoseverticescan be blocked.
The robot alwaysobseres the statusof its currentvertex
and all adjacentvertices,and canthen move to ary adja-
centunblockedvertex. The robot knows which graphit
operateson but initially doesnot know which verticesare
blocked. It hasto determinethe statusof eachvertec (un-
lessthat is impossiblefrom the startvertex of the robot).
To dothis, it usesaversionof GreedyMappingthatalways
moves towardsthe closestunobsered verte, thatis, the
closestvertex with unknown status. This is the versionof
GreedyMapping that we implementedon a robot except
thatwe useda sensowith a muchlargerrange.Now con-
sidergraphsof thetopologydescribedn Section2.1 except
thateachleaf vertex (includingthe vertex atthe endof the
edgeattachedo vertex vp) is replacedby anedge.All ver
ticesareunblocked.If n 6, thenthe versionof Greedy
Mappingthatalwaysmovestowardsthe closesunobsered
vertex behaesexactly asdescribedn Section2.1.

3 A Simplelmplementation

We have implementedsreedyMappinganaNomad150
robot using a Sick LMS200 laser scanner The purpose
of the implementationwas not to demonstrate complete
andrealisticmappingscenario.Rathey it wasto shawv that
GreedyMappingis easyto implementandeasyto integrate
into completerobotarchitectures.



Figure3: TheMaze

We usedGreedyMappingin conjunctionwith a simple
8-connectedyrid, the cells of which hada size of 10 cen-
timetersby 10 centimeters All processingvasperformed
on-boardthe roboton a ToshibaPentiumMMX 233 MHz
laptop running Redhat6.2 Linux. The robot interleaved
sensingplanning,and movement. Sensingconsistedof a
full 180degreescarnwith thelaserscannerlinitially, all cells
of thegrid weremarkedasunobsered. Thecellsthatcorre-
spondedo detecteabstaclesveremarkedasobseredand
untraversable. Obstacleswere surroundedby traversable
cellswith a large cost, to biasthe robot away from them.
The other cells sweptby the sensorwere markedas ob-
sened andtraversable. Cells at distanceone from obsta-
cleshadtraversalcostten, cells at distancedwo or three
from obstacleshad traversalcost ve, and cells at larger
distancedrom obstacleshad traversalcostone. Planning
founda shortespathfrom the currentlocationof therobot
to the closestunobseredcell, the rst actionof whichwas
executed. Then,the cycle repeateduntil all cellshadbeen
obsened or the shortesipathto the closestunobseredcell
hadin nite cost. The whole systemwasimplementecby
onegraduatestudenfrom scratchin acoupleof days,which
demonstratethat GreedyMappingis really easyto imple-
mentandintegrateinto completerobotarchitectures.

We usedthe robotto mapa mazeof size 28 by 20 feet
that we constructedout of polystyreneinsulationon the
ground oor of ourbuilding. We let therobotmapthemaze

vetimes. All ve experimentsweresuccessful Figure3
shavs atop view of the maze. Figure4 shavs a snapshot
of the mapduringmapbuilding, togetherwith the shortest
pathfrom the currentocationof therobotto aclosestunob-
senedcell. Thepartof themazethatcorrespondto thepart
of themapshaowvn in the screershotis outlinedin Figure3.

Thesimpleversionof GreedyMappinganalyzedn this
paperassumeshatthereis neitherpositionnor sensomun-
certainty The assumptiorthat thereis no positionuncer
tainty makesGreedyMappingwell suitedfor outdoornav-
igationin conjunctionwith GPS.This assumptiorwasnot

start

~g——=0bstacle

~g—space close to obstacles
~g==unknavn

--=freespace

robot

Figure4: ScreerShotof Part of the Map

justi ed in our experimentssincethe locationof the robot
was estimatedusing a simple dead-reckonindechnique.
The map shavn in Figure 4 shavs someof the resulting
inaccuraciesHowever, the runswerenot long enoughfor

this to becomea problem. Theassumptiorthatthereis no

sensomncertaintywasjusti ed. The Sick laserscannelis

highly accurateandhassufcient resolutionandrangeac-

curag.

4 Conclusions

In thispapeywe studiedGreedyMapping,asimplemap-
pingmethodthatalwaysmovestherobotto theclosestoca-
tion thatit hasnotvisited (or obsered)yet, until theterrain
is mapped. We analyzedthe worst-casdravel distanceof
GreedyMapping using a graph-theoretidramevork. We
shavedthattheworst-casdravel distanceof GreedyMap-
ping is not optimal sinceit is superlineain the numberof
verticeswhile the worst-casdravel distanceof depth- rst
searchis only linearin the numberof verticesjVj. How-
ever, we alsoshowvedthatthe worst-casdravel distanceof
GreedyMappingis at moston the orderof jV |32 stepsin
generahndthusthatits performancealisadwantages small.
This upperboundprovidesatheoreticajusti cation for us-
ing GreedyMappingin practiceespeciallysinceit hasava-
riety of advantageover alternatve mappingmethods.For
example,it is simpleto implementandintegrateinto com-
pleterobotarchitecturestesumesnappingfrom the power
outletaftertherobothasmovedto rechageitself insteadof
having to returnto thelocationwheremappingwasstopped
(which couldbefar avay), takesadvantageof prior knowl-
edgeaboutpartsof theterrain(if available),andcanbeused
by several robotscooperatiely. In future work, we intend
to closethe gapbetweerthe upperandlower boundsof the
worst-casdravel distancethatthe resultspresentedn this
paperwereableto reducebut could not yet eliminate. We



alsointendto analyzemorecomplicatednappingmethods
includingthosethatcandealwith sensouncertaintyandthe
resultingpositionuncertainty{29, 30]. We believe thatthe
analysigpresentedhereprovidesa goodstartfor thisvenue.
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