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Abstract

Incrementalheuristic search methodscan often replan
pathsmuch faster than incrementalor heuristic search
methodsindividually, yet are simpleto use. Sofar, they
haveonly beenusedin mobileroboticsto move a robot
to givengoal coordinatesin unknownterrain. As far as
weknow, incrementalheuristicsearch methodshavenot
yetbeenappliedto theproblemof mappingunknownter-
rain. In this paper, we therefore describehow to apply
our incrementalheuristic search methodD* Lite, that
combinesideasfromLifelongPlanningA* andFocussed
D*, to mappingunknownterrain, which is rather non-
trivial. We thencompare its runtimeagainst that of in-
crementalsearch andheuristicsearch alone, demonstrat-
ing the computationalbene�tsof their combination.By
demonstrating theversatility andcomputationalbene�ts
of incrementalheuristic search, we hope that this un-
derexploitedtechniquewill beusedmore oftenin mobile
robotics.

1 Intr oduction

Mobile robotsoftenhaveto replanquicklyastheirknowl-
edgeof the world changes. In this case,an incremen-
tal heuristicsearchcanreplanmuchfasterthancomplete
searchesfrom scratch: an incrementalsearchremem-
bersinformationfrom previoussearchesto speedup the
search,anda heuristicsearchusesheuristicknowledge
to focus the searchand thus speedit up. Researchers
from mobileroboticshave,sofar, exploitedtheir combi-
nationonly for goal-directednavigation in unknown ter-
rain[3, 15, 12, 5,6], whereAnthony Stentz'FocussedD*
[14] algorithmconvincingly demonstratestheadvantages
of incrementalheuristicsearchsinceit solvesthis search
taskwith a speedupof oneto two ordersof magnitude(!)
over repeatedA* searches,which is importantto avoid
therobotsbeingidle. However, FocussedD* isverycom-
plex and thus hard to understand,analyze,and extend.
For example,while FocussedD* hasbeenwidely usedas
ablack-boxmethod,it hasnotbeenextendedby otherre-
searchers.We believe that two achievementsareneeded
to make incrementalheuristicsearchmethodsmorepop-

ular in mobile robotics. First, oneneedsto devise sim-
pler incrementalheuristicsearchmethodsthathave well
understoodtheoreticalproperties.In previous work, we
have thereforedevelopedD* Lite [9], a combinationof
ideasfrom Lifelong PlanningA* [8] and FocussedD*
[14]. D* Lite implementsthe samenavigation strategy
asFocussedD* but is algorithmicallydifferent.It is sim-
pler, easierto understand,easierto analyzeandeasierto
extendthanFocussedD*, yet is moreef�cient. For ex-
ample,D* Lite hasfewer linesof code(withoutany cod-
ing tricks) thanFocussedD*, usesonly onetie-breaking
criterion when comparingpriorities, anddoesnot need
nestedif-statementswith complex conditionsthatoccupy
up to threelines each.Thus,we useD* Lite in this pa-
per. Second,oneneedsto demonstratetheadvantagesof
incrementalheuristicsearchmethods,suchas D* Lite,
for additionalnavigation tasks. In this paper, we there-
foredemonstratehow D* Lite canbeappliedto mapping
tasks. We believe that this is the �rst demonstrationof
how incrementalheuristicsearchmethodsor, moregen-
erally, heuristicsearchmethodscanbeusedfor this task.
Wethencomparethecomputationalbene�tsof theincre-
mentalheuristicsearchperformedby D* Lite to theones
of heuristicbut nonincrementalsearchesandincremental
but nonheuristicsearches.By demonstratingthe versa-
tility andcomputationalbene�tsof incrementalheuristic
searchfor mappingof unknown terrain,wehopethatthis
underexploitedtechniquewill beusedmoreoftenin mo-
bile robotics.

2 D* Lite ReplanningMethod

D* Lite [9], shown in Figure1, is anincrementalversion
of the heuristicsearchmethodA* and combinesideas
from Lifelong PlanningA* andFocussedD*. It imple-
mentsthesamenavigationstrategy asFocussedD* but is
algorithmicallysimpler. In particular, it movestherobot
from its currentvertex to a givengoalvertex on a given
graphasfollows: It alwaysmovestherobotona shortest
pathfrom its currentvertex to thegoalvertex, andreplans
the shortestpath when the edgecostschange. (In the
pseudocode,we have includeda commenton line
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The pseudocodeusesthe following functionsto managethe priority queue:U.Top ��� returnsa vertex with the
smallestpriority of all verticesin priority queue � . U.TopKey ��� returnsthe smallestpriority of all verticesin
priority queue � . (If � is empty, thenU.TopKey ��� returns � �����
	 .) U.Insert���
����� insertsvertex � into
priority queue� with priority � . U.Update���
����� changesthepriority of vertex � in priority queue� to � . (It
doesnothingif thecurrentpriority of vertex � alreadyequals� .) Finally, U.Remove ����� removesvertex � from
priority queue� .
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Figure 1: D* Lite (optimizedversion)

not prescribewhatit shoulddo in this case.)Thepseudo
codeusesthefollowing notation.
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. The heuristicsareguaran-
teedto havethesepropertiesif they havebeenderivedby
relaxingthegraph,whichwill almostalwaysbethecase.
We canprove a variety of propertiesaboutD* Lite, in-
cluding its correctness,ef�ciency, andsimilarity to A*.
Its correctness,for example,follows from the following

theorem.

Theorem1 ComputeShortestPath
q

r always terminates
and one can then follow a shortestpath from dKe�f�g(h�f

to d[k(l:g�m by always moving from the current vertex d ,
starting at d1e�f�g(h�f , to any successord

•

that minimizes
oKq

dX€�d

•

rW‹u•

q

d

•

r until d!k(l�g#m is reached(tiescanbebroken
arbitrarily).

A detaileddescriptionof D* Lite is given in [9] andthe
proofof Theorem1 is givenin [7].

3 GreedyMapping with D* Lite

We now show how D* Lite can be usedto implement
GreedyMapping [10], a simple but powerful mapping
strategy that hasrepeatedlybeenusedon mobile robots
by differentresearchgroups[16, 10, 13]. GreedyMap-
ping discretizesterraininto cellsandthenalwaysmoves
the robot from its currentcell to a closestcell with un-
known blockagestatus,until theterrainis mapped.It has
a numberof desirablepropertiessuchas:

Ž Small Mapping Time: GreedyMappinghasasolid
theoreticalfoundationthat allows oneto character-
ize its behavior analytically. For example,onecan
provethatits mappingtimeis reasonablysmalleven
thoughtherobotmovesgreedily[10].

Ž Action Recommendations: Greedy Mapping
makes only action recommendationsand can thus
coexist with othercomponentsof a robot architec-
turethatalsomakeactionrecommendations.For ex-
ample,it doesnot needto have controlof the robot
at all times. If a robothasto re-chargeits batteries
duringmapping,for instance,thenit might have to
preemptmappingandmove to a known power out-
let. Oncerestarted,GreedyMapping is ableto re-
sumemappingfrom thepoweroutlet,insteadof hav-
ing to returnto thecell wheremappingwasstopped
(which couldbefar away) andresumeits operation
from there.

Ž Prior Knowledge: GreedyMapping takes advan-
tageof prior knowledgeaboutpartsof theterrain(if
available)sinceit usesall of its knowledgeaboutthe
terrainwhenit determineswhichcell with unknown
blockagestatusis closestto the robot and how to
get therequickly. It doesnot matterwhetherthis
knowledgewaspreviously acquiredby therobotor
providedto it.

Ž Distrib uted Search: Mappingtaskscanbe solved
with several robotsthat eachrun GreedyMapping
andsharetheir maps,therebydecreasingthe map-
ping time. Cooperative mappingis a currentlyvery
active researcharea[4].



GreedyMappingfrequentlyneedsto determinea short-
estpathfrom thecurrentcell of therobotto aclosestcell
with unknownblockagestatus.In thefollowing,weshow
how D* Lite canbeusedto implementGreedyMapping
ef�ciently . This is the �rst demonstrationof how incre-
mentalheuristicsearchmethodscan be usedto imple-
mentGreedyMapping. Themethodis rathernon-trivial
andis, to thebestof ourknowledge,the�rst ef�cient im-
plementationof GreedyMappingto date.

3.1 ProblemRepresentation

Themappingproblemcanbeformulatedasa graphcov-
erageproblem,for example,by imposingaregulareight-
connectedgrid over the terrain. The verticesof the re-
sulting directedgraphcorrespondto cells andareeither
blockedor unblocked. Therobotmovesalongtheedges
of thegraphbut cannotmoveontoblockedvertices.The
robotknowsthegraphbut initially doesnotknow exactly
which verticesareblocked. It canutilize initial knowl-
edgeabout the blockagestatusof verticesin caseit is
available. For example,Figure 2 (left) shows a terrain
with someprior knowledgeabouttheblockagestatusof
cells, andFigure3 (left) shows the correspondinggrid.
Black cells(vertices)areknown to beblockedandwhite
cellsareknown to beunblocked. Grey cellshave anun-
known blockagestatusthattherobotneedsto determine.
Therobothasanon-boardsensorthat reportstheblock-
agestatusof cellscloseto it, includingtheblockagesta-
tus of the cells adjacentto the currentcell of the robot.
GreedyMappingremembersthis informationandusesit
to alwaysmovetherobotonashortestunblockedpathto
a closestcell with unknown blockagestatus.In Figure2
(left), thecellsarelabeledwith their distanceto a closest
cell with unknown blockagestatus.Therobot follows a
shortestunblockedpathfrom its currentcell to a closest
cell with unknown blockagestatusby alwaysmoving to
anadjacentcell sothat it greedilydecreasesthedistance
of its currentcell. The arrow shows sucha path. While
following thispath,therobotisguaranteedto discoverthe
blockagestatusof at leastonecell with unknown block-
agestatusandis thusguaranteedto make progresswith
mapping. This is so becauseit will eventuallyobserve
the blockagestatusof the cell it navigatesto if it does
not gain informationaboutthe blockagestatusof other
cells earlier. Figure2 (right) shows that a robot with a
sensorrangeof two cellsobservesthatcell B5 is blocked
afterit movesonecell to theeastalongtheplannedpath.
Whenevertherobotgainsinformationabouttheblockage
statusof cells, the shortestunblockedpathfrom its cur-
rent cell to a closestcell with unknown blockagestatus
canchange,eitherbecausetheclosestcell with unknown
blockagestatuschangesor thepathto it changes.Simi-
larly, whenever therobotdeviatesfrom theplannedpath,
theshortestunblockedpathfrom its currentcell to aclos-
est cell with unknown blockagestatuschangesbecause
its currentcell is no longeron theplannedpath. In both
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Figure 3: Graphsfor theExampleMappingTask

cases,GreedyMappingneedsto recalculateashortestun-
blockedpathto aclosestcell with unknownblockagesta-
tus.Figure2 (right) showsthenew path.

GreedyMappingcouldbeimplementedwith any shortest
pathalgorithm.In thefollowing, we explainhow we im-
plementit with D* Lite andwhy this is a goodidea.We
introducea new vertex (that becomesthe goal vertex of
D* Lite) andthenconstructtheso-calledextendedgraph
asfollows: First,theextendedgraphcontainsall edgesof
the original terraingraph(grid), exceptthoseedgesthat
gofrom verticesthatareknownto beunblockedor poten-
tially unblockedto verticesthatareknown to beblocked.
This ensuresthat the plannedpath is unblocked. (The
extendedgraphcontainsedgesof the terraingraphthat
go from verticesthat are known to be blocked to other
vertices. This is importantin casethe robot has,dueto
sensoror position uncertainty, mistakenly classi�ed an
unblocked vertex as blocked and then, due to actuator
uncertainty, deviatesfrom the plannedpathandreaches
this vertex. Therobotbelievesthat it canleave this ver-
tex only if theedgesof theextendedgraphthatgo from
it to otherverticeshave not beendeleted.)Someof the
edgesjust describedaredeletedfrom theextendedgraph
(by settingtheir cost to in�nity) whenthe robot discov-



ersadditionalblockedcells. Second,theextendedgraph
containsalsoedgesthatgofromany vertex with unknown
blockagestatusthatcanbereachedwith oneedgetraver-
sal from verticeswith known blockagestatusto thenew
vertex. This ensuresthat theplannedpathreachesa ver-
tex with unknown blockagestatusand, from there, the
new vertex. Someof theedgesjust describedareadded
to or deletedfrom the extendedgraph(by settingtheir
cost to oneor in�nity , respectively) whenthe robot dis-
coversthe blockagestatusof additionalcells. Figure3
shows theextendedgraph(right) thatcorrespondsto the
graph(left) that modelsthe terrainin Figure2 (left). A
shortestunblockedpathon the extendedgraphfrom the
currentvertex of therobotto thenew vertex corresponds
to a shortestunblocked path on the terrain graphfrom
the currentvertex of the robot to a closestvertex with
unknown blockagestatus,andvice versa.Thus,Greedy
Mappingcandeterminea shortestunblocked path from
the currentvertex of the robot in the terraingraphto a
closestvertex with unknown blockagestatusby �nding a
shortestpathin theextendedgraphfrom thecurrentver-
tex of therobot to thenew vertex. Thus,D* Lite canbe
appliedto the extendedgraphwhere dKe�f�g#h�f corresponds
to the currentvertex of the robot and d1k(l�g�m corresponds
to the new vertex. This way it �nds the path in the ex-
tendedgraphthat is shown in Figure3 (right). This path
correspondsto thepathin theterraingraphthatis shown
in Figure3 (left) andthepathin theterrainthatis shown
in Figure2 (left).

D* Lite can use heuristic information to speedup its
search,in form of estimatesof the distancesof vertices
from the currentvertex of the robot, which can be ob-
tainedeasilyfor GreedyMapping. D* Lite canalsouse
informationfrom previous searchesto speedup its cur-
rent search. Figure 2 demonstrateshow reusinginfor-
mation canpotentially save searcheffort in the context
of GreedyMapping. The left part of the �gure shows
thedistancesof all cells thatareknown to beunblocked
to a closestcell with unknown blockagestatus. The
right part of the �gure shows the samedistancesafter
the robot moved one cell to the eastalong the planned
pathandgainedinformationabouttheblockagestatusof
cell B5. All but threedistances(shown in bold) remain
unchangedandthereforedo not needto get recomputed
eventhoughthepathchangescompletely. This suggests
that reusinginformationfrom previoussearchescanpo-
tentially reducethesearchtime of heuristicsearchmeth-
odsfor GreedyMapping.For example,whenreplanning
the shortestpath in Figure 3 (right), D* Lite only ex-
pandsthe threeverticesthat correspondto cells whose
distancesto a closestcell with unknown blockagestatus
have changed(namelyB2, B3, andB4), wherewe say
thatD* Lite expandsavertex whenit executeslines
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28� andthuscalculatestheg-valueof thevertex, similar
to whatA* doeswhenit expandsa vertex. On theother
hand,A* expands� ve verticesevenwith thebestpossi-

Figure 4: GreedyMappingin MissionLab

bletie-breakingcriterionandis thuslessef�cient thanD*
Lite.

3.2 Integration into Robot Ar chitectures

We integrated Greedy Mapping into a multi-task au-
tonomous robot architecturecalled MissionLab [11],
which is a versionof the AutonomousRobotArchitec-
ture(AuRA) [2]. AuRA is a hybrid systemthatconsists
of a schema-basedreactive systemat the low level anda
deliberative systembasedon �nite stateautomataat the
high level. Thereactive componentconsistsof primitive
behaviorscalledmotorschemata[1] thataregroupedinto
behavioral assemblages.Eachbehavior of a behavioral
assemblageproducesits own recommendationfor how
the robot shouldmove, in form of a vector. The robot
thenmovesin thedirectionof theweightedaverageof all
vectors.

We utilize that GreedyMappingmakesonly actionrec-
ommendationsand can thus coexist with other compo-
nentsof a robot architecturethat also make action rec-
ommendations.This allows us to implementmapbuild-
ing as a behavioral assemblageof threebehaviors that
takesasparameterstheboundsof theareathat therobot
needsto map: GreedyMappingis a behavior thatdirects
the robot towards a closestcell with unknown block-
agestatus;AvoidObstaclesis a behavior that repelsthe
robot from obstacles;andWanderis a behavior that in-
jectssomenoise. The weight of AvoidObstacleandthe
distancewithin which obstaclesaffect the robot are set
dependingon thesizeof the cells. For grids with small
(high-resolution)cells,theweightcanbesetto zerosince
GreedyMappingcandirectly take theobstaclesinto ac-
count. For grids with large cells, the weight canbe set
to apositivevaluewhile thedistancewithin whichobsta-
clesaffect the robot is madesmall in comparisonto the
cell size. This ensuresthat the robot successfullynavi-
gatesaroundsmall obstacles.The weight of Wanderis
con�guredsimilarly.

WeranGreedyMappingbothonaNomad15with aSick



Figure 5: AcquiredMap

LMS200laserscannerandin simulation.Figure4 shows
asnapshotof aMissionLabsimulationafterGreedyMap-
ping �nished mappingthegivenof�ce environment.The
terrainwasdiscretizedwith a granularityof 0.5 meters,
resultingin a mazeof size35 by 27. The robot started
at the cell labeledStartPlace.Its obstaclesensorhada
rangeof 8 metersandthecirclesin Figure4 show the�-
nal sensorreadings.The �gure alsoshows thepaththat
therobottook. It is rathercloseto theshortestpathnec-
essaryfor mappingthe terrain,which demonstratesthat
themappingtime of GreedyMappingis usuallyreason-
ablysmall.Figure5 showstheacquiredmap.Blackcells
areblocked,whitecellsareunblocked,andgrey cellsare
unreachable.Thus,their blockagestatuscannotbedeter-
minedby therobot. Theacquiredmapcorrespondswell
to theactual�oor plan.

3.3 Experiments

In thefollowing, we studyto which degreethecombina-
tion of incrementalandheuristicsearchthatD* Lite im-
plementsoutperformsincrementalor heuristicsearches
individually. We thus compareGreedyMapping with
D* Lite, D* Lite without heuristicsearch,andD* Lite
without incrementalsearch(that is, A*). We decided
not to include D* Lite without incrementaland heuris-
tic search(that is, breadth-�rst search)becauseit per-
forms so poorly that graphingits performancebecomes
a problem.Sinceall versionsof D* Lite move therobot
in the sameway, we only need to comparetheir to-
tal planningtime. Sincethe actualplanningtimes are
implementation-dependent,we insteadusethreeperfor-
mancemeasuresthat all correspondto commonopera-
tions performedby D* Lite and thus heavily in�uence
its planningtime: thetotal numberof vertex expansions,
the total numberof heappercolates(exchangesof a par-
entandchild in theheap),andthetotal numberof vertex
accesses(for example,to reador changetheir values).
Figure6 reports not only themeansof the threeperfor-
mancemeasuresbut also the corresponding95 percent
con�denceintervalsto demonstratethatour conclusions
arestatisticallysigni�cant.

We performexperimentsin 25 randomlygeneratedter-
rains of size 64 by 25 that are representedas eight-
connectedgridsandresembleof�ce environments.Since
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Figure 6: ExperimentalResults(1)

therobotis allowedto movediagonally, we calculatethe
heuristic approximationsof the distancesbetweentwo
verticesas the maximumof the absolutedifferencesof
their x andy coordinates.For example,the heuristicof
cellB4 is two in Figure2 (left) andonein Figure2 (right).
We usetheMissionLabsimulationto beableto average
theresultsover severalruns. We variedthesensorrange
of the robot to simulatebothshort-rangeandlong-range
sensors.For example,if thesensorrangeis four, thenthe
robotcansenseall blockedcells thatareup to four cells
in any directionaway from therobotaslong asthey are
not blocked from view by otherblockedcells. Figure6
shows the threeperformancemeasuresfor GreedyMap-
ping with D* Lite without heuristicsearchandD* Lite
without incrementalsearch(thatis, A*) aspercentdiffer-
encerelativeto GreedyMappingwith D* Lite. (Thus,D*
Lite alwaysscoreszero.) As canbeseen,thenumberof
vertex expansionsof D* Lite is alwaysfar lessthanthat
of theothertwo algorithms.Thisalsoholdsfor thenum-
ber of heappercolatesandvertex accesses,with the ex-
ceptionof sensorrangefour for theheappercolates.The
advantageof D* Lite over theothertwo searchmethods
seemsto increaseasthe sensorrangeincreases,that is,
the larger the numberof cells is whoseblockagestatus
the robot can sensewithout moving. This implies that
theadvantageof D* Lite increasesif therobotusessen-
sorswith longer ranges(which is importantsincelaser
scannerstendto bethesensorsof choicefor mapping)or
discretizesthe terrainin a more�ne-grainedway. Only
for the numberof vertex accessesis the differencebe-
tweenD* Lite andD* Lite without incrementalsearch
statisticallynot signi�cant althoughits meanis smaller
for D* Lite thanD* Lite without incrementalsearchfor
thelargersensorranges.
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Figure 7: ExperimentalResults(2)

We alsousethe samesetupto compareD* Lite andthe
original FocussedD*. Figure7 shows the threeperfor-
mancemeasuresfor GreedyMapping with both search
methodsanddemonstratesthat D* Lite performsbetter
thanFocussedD* with respectto all threemeasures.This
is consistentwith the resultswe reportedwhencompar-
ing D* Lite andFocussedD* for goal-directednavigation
in unknown terrain[9].

4 Conclusions

In thispaper, wehaveexplainedhow incrementalheuris-
tic searchmethodssuchas our D* Lite apply to map-
ping of unknown terrain,a new applicationof incremen-
tal heuristicsearch.Our resultsshow that the combina-
tion of incrementalandheuristicsearchthatD* Lite im-
plementsspeedsuptheplanningtimeoverincrementalor
heuristicsearchesindividually. Theseresultsdemonstrate
theversatilityandcomputationalbene�ts of incremental
heuristicsearch,anunderexploitedtechniquethatshould
beusedmoreoftenin mobilerobotics.
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