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Abstract

Incrementalheuristic seach methodscan often replan
pathsmud fasterthan incrementalor heuristic search
methodsandividually, yetare simpleto use Sofar, they
haveonly beenusedin mobile roboticsto move a robot
to givengoal coordinatesin unknownterrain. Asfar as
we know incrementaheuristicseach methodshavenot
yetbeenappliedto the problemof mappingunknowrter-
rain. In this paper we therefore describehow to apply
our incrementalheuristic seach methodD* Lite, that
combinesdeasfromLifelong PlanningA* and Focussed
D*, to mappingunknownterrain, which is rather non-
trivial. We thencompae its runtime againstthat of in-
crementakearch andheuristicseach alone demonstat-
ing the computationabene ts of their combination. By
demonstating the versatility and computationabene ts
of incrementalheuristic search, we hope that this un-
derexploitedtechniquewill be usedmore oftenin mobile
robotics.

1 Intr oduction

Mobile robotsoftenhaveto replanquickly astheirknowl-
edgeof the world changes. In this case,an incremen-
tal heuristicsearclcanreplanmuchfasterthancomplete
searchedrom scratch: an incrementalsearchremem-
bersinformationfrom previous searcheso speedup the
search,and a heuristicsearchusesheuristicknowledge
to focus the searchand thus speedit up. Researchers
from mobile roboticshave, sofar, exploitedtheir combi-
nationonly for goal-directechavigationin unknown ter
rain[3, 15, 12, 5, 6], whereAnthory Stentz'Focussed*
[14] algorithmcorvincingly demonstratetheadwantages
of incrementaheuristicsearchsinceit solvesthis search
taskwith a speedupf oneto two ordersof magnitude(!)
over repeatedd* searcheswhich is importantto avoid
therobotsbeingidle. However, Focussed* is verycom-
plex andthus hardto understandanalyze,and extend.
For example,while Focussed* hasbeenwidely usedas
ablack-boxmethod |t hasnotbeenextendedby otherre-
searchersWe believe thattwo achievementsareneeded
to make incrementaheuristicsearchmethodsmorepop-
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ular in mobile robotics. First, one needsto devise sim-
pler incrementaheuristicsearchmethodshat have well
understoodheoreticalproperties.In previous work, we
have thereforedevelopedD* Lite [9], a combinationof
ideasfrom Lifelong PlanningA* [8] and Focussed*
[14]. D* Lite implementsthe samenavigation strateyy
asFocussed* butis algorithmicallydifferent.It is sim-
pler, easierto understandeasierto analyzeandeasierto
extendthan Focussed*, yetis moreefcient. For ex-
ample,D* Lite hasfewerlinesof code(withoutary cod-
ing tricks) thanFocussed*, usesonly onetie-breaking
criterion when comparingpriorities, and doesnot need
nestedf-statementsvith complex conditionsthatoccupy
up to threelines each. Thus,we useD* Lite in this pa-
per Secondpneneedgo demonstrat¢he advantageof
incrementalheuristic searchmethods,suchas D* Lite,
for additionalnavigationtasks. In this paper we there-
fore demonstratdow D* Lite canbeappliedto mapping
tasks. We believe that this is the rst demonstratiorof
how incrementaheuristicsearchmethodsor, moregen-
erally, heuristicsearchmethodscanbe usedfor this task.
We thencomparghecomputationabene tsof theincre-
mentalheuristicsearctperformedby D* Lite to theones
of heuristicbut nonincrementasearcheandincremental
but nonheuristicsearches.By demonstratinghe versa-
tility andcomputationabene ts of incrementaheuristic
searchfor mappingof unknowvn terrain,we hopethatthis
undereploitedtechniquewill be usedmoreoftenin mo-
bile robotics.

2 D* Lite Replanning Method

D* Lite [9], shovnin Figurel, is anincrementalersion
of the heuristicsearchmethodA* and combinesideas
from Lifelong PlanningA* andFocussed*. It imple-
mentsthe samenavigationstratgy asFocussed* butis
algorithmicallysimpler In particular it movestherobot
from its currentvertex to a given goal vertex on a given
graphasfollows: It alwaysmovestheroboton a shortest
pathfromits currentvertex to thegoalvertex, andreplans
the shortestpath when the edgecostschange. (In the
pseudocode,we have includeda commenton line 33
abouthow therobotcandetecthatthereis no pathbut do



The pseudocodeisesthe 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.lnsert insertsvertex  into
priority queue  with priority . U.Update changeshe priority of vertex in priority queue to . (It
doesnothingif thecurrentpriority of vertex  alreadyequals .) Finally, U.Remae remavesvertex  from
priority queue .

procedure CalculateKey
01 return

procedur Initialize
02 H
03

04 forall
05

06 U.Insert

procedure UpdateVertex

07 if ( AND U.Update
08 elseif AND U.Insert
09 elseif AND U.Remae
procedure ComputeShortestPath

10 while U.TopKey Calculatekey OR
11 U.Top ;

12 U.TopKey

13 Calculateley

14 if

15 U.Update

16 elseif

17

18 U.Remae

19 for all

20 if

21 Update\értex

22 else

23

24

25 for all

26 if

27 if

28 Update\értex

procedure Main

30 |Initialize ;
31 ComputeShortest®h ;
32 while

33 I*if thenthereis no known path*/

35 Moveto H
36 Scangraphfor changededgecosts;
37 if ary edgecostschanged

40 for all directededges with changecedgecosts
41 H

42 Updatethe edgecost

43 if (

44 if

45 elseif

46 if

47 Update\értex

48 ComputeShortestith

Figure 1. D* Lite (optimizedversion)

not prescribewhatit shoulddoin this case.)The pseudo
codeusesgthefollowing notation. denoteghe nite set
of verticesof the graph. denoteghe current
vertex of therobot,initially thestartvertex, and

denoteghe goalvertex. denoteghe setof
successorsf . Similarly, denotes
the setof predecessorgf . de-
notesthe costof moving from to . The

heuristics estimatethe distancebetweenvertex
and . D* Lite requiresthat the heuristicsbe non-
negative and satisfy for all vertices
and
for all vertices . The heuristicsareguaran-
teedto have thesepropertiesf they have beenderivedby
relaxingthe graph,whichwill almostalwaysbethecase.
We can prove a variety of propertiesaboutD* Lite, in-
cluding its correctnessef ciency, and similarity to A*.
Its correctnessfor example,follows from the following

theorem.

Theorem1 ComputeShortest#ih  always terminates

and one can then follow a shortestpath from

to by always moving from the current vertex

starting at , to any successor that minimizes
until is reached(tiescanbebroken

arbitrarily).

A detaileddescriptionof D* Lite is givenin [9] andthe
proofof Theoreml is givenin [7].

3 GreedyMapping with D* Lite

We now shov how D* Lite canbe usedto implement
GreedyMapping [10], a simple but powerful mapping
stratgyy that hasrepeatedlybeenusedon mobile robots
by differentresearchgroups[16, 10, 13]. GreedyMap-
ping discretizederraininto cellsandthenalwaysmoves
the robot from its currentcell to a closestcell with un-
known blockagestatusuntil theterrainis mappedIt has
anumberof desirablepropertiesuchas:

Small Mapping Time: GreedyMappinghasasolid
theoreticalfoundationthat allows oneto character
ize its behaior analytically For example,onecan
provethatits mappingtimeis reasonablgmalleven
thoughtherobotmovesgreedily[10].

Action Recommendations: Greedy Mapping
makes only action recommendationand can thus
coexist with othercomponentf a robot architec-
turethatalsomake actionrecommendationg-or ex-

ample,it doesnot needto have control of the robot
atall times. If arobothasto re-chageits batteries
during mapping,for instancethenit might have to

preemptmappingand move to a known power out-

let. OncerestartedGreedyMappingis ableto re-

sumemappingirom thepoweroutlet,insteacf hav-

ing to returnto the cell wheremappingwasstopped
(which couldbe far awvay) andresumeits operation
from there.

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

Distrib uted Search: Mappingtaskscanbe solved
with several robotsthat eachrun GreedyMapping
and sharetheir maps,therebydecreasinghe map-
ping time. Cooperatie mappingis a currentlyvery
active researclareal4].



GreedyMappingfrequentlyneedsto determinea short-
estpathfrom the currentcell of therobotto aclosestcell
with unknowvn blockagestatus.In thefollowing, we shov
how D* Lite canbe usedto implementGreedyMapping
efciently. Thisis the rst demonstratiorof how incre-
mental heuristic searchmethodscan be usedto imple-
mentGreedyMapping. The methodis rathernon-trivial
andis, to thebestof ourknowledge the rst ef cient im-
plementatiorof GreedyMappingto date.

3.1 ProblemRepresentation

The mappingproblemcanbe formulatedasa graphcov-
erageproblem,for example by imposinga regulareight-
connectedyrid over the terrain. The verticesof the re-
sulting directedgraphcorrespondo cells andare either
blocked or unblocked. Therobot movesalongthe edges
of the graphbut cannotmove ontoblockedvertices.The
robotknowsthegraphbut initially doesnotknow exactly
which verticesare blocked. It canutilize initial knowl-
edgeaboutthe blockagestatusof verticesin caseit is
available. For example,Figure 2 (left) shawvs a terrain
with someprior knowledgeaboutthe blockagestatusof
cells, and Figure 3 (left) shaws the correspondinggrid.
Black cells (vertices)areknown to be blockedandwhite
cellsareknown to be unblocled. Grey cellshave anun-
known blockagestatusthatthe robotneedgo determine.
Therobothasan on-boardsensotthat reportsthe block-
agestatusof cellscloseto it, includingthe blockagesta-
tus of the cells adjacentto the currentcell of the robot.
GreedyMappingremembershis informationandusesit
to alwaysmove theroboton a shortesunblocledpathto
a closestcell with unknown blockagestatus.In Figure2
(left), thecellsarelabeledwith their distanceto a closest
cell with unknowvn blockagestatus. The robot follows a
shortestunblocked pathfrom its currentcell to a closest
cell with unknownvn blockagestatusby alwaysmoving to
anadjacentell sothatit greedilydecreasethe distance
of its currentcell. The arrov shavs sucha path. While
following thispath,therobotis guaranteetb discoverthe
blockagestatusof at leastonecell with unknowvn block-
agestatusandis thusguaranteedo make progresswith
mapping. This is so becausét will eventuallyobsene
the blockagestatusof the cell it navigatesto if it does
not gain information aboutthe blockagestatusof other
cells earlier Figure 2 (right) shavs that a robot with a
sensorangeof two cellsobsenesthatcell B5 is blocked
afterit movesonecell to theeastalongthe plannedpath.
Wheneertherobotgainsinformationabouttheblockage
statusof cells, the shortestunblocked pathfrom its cur-
rent cell to a closestcell with unknown blockagestatus
canchangegitherbecausehe closestcell with unknown
blockagestatuschangesor the pathto it changes.Simi-
larly, whenevertherobotdeviatesfrom the plannedpath,
theshortesunblockedpathfromiits currentcell to aclos-
estcell with unknaovn blockagestatuschangesecause
its currentcell is no longeron the plannedpath. In both

H = cell known to be blocked M = cell known to be blocked

[0 = cell with unknown blockage status [ = cell with unknown blockage status
O = cell known to be unblocked [ = cell known to be unblocked

® = current cell of the robot ® = current position of the robot

- = planned path - = planned path

Figure 2: ExampleMappingTask

Terrain Graph Extended Graph

@ = vertex known to be blocked

O = vertex with unknown blockage stat
QO = vertex known to be unblocked

® = current vertex of the robot

+ = planned path

O = vertex
® = current vertex of the robot
- = planned path

Figure 3: Graphsfor the ExampleMappingTask

cases@GreedyMappingneedgo recalculateashortestin-
blockedpathto aclosestell with unknovn blockagesta-
tus. Figure2 (right) shavs the new path.

GreedyMappingcouldbeimplementedvith any shortest
pathalgorithm.In thefollowing, we explain how we im-
plementit with D* Lite andwhy thisis a goodidea. We
introducea new vertex (thatbecomeshe goal vertex of
D* Lite) andthenconstructhe so-calledextendedgraph
asfollows: First,theextendedgraphcontainsall edgeof
the original terraingraph(grid), exceptthoseedgeshat
gofrom verticeghatareknown to beunblockedor poten-
tially unbloclkedto verticesthatareknown to beblocked.
This ensureghat the plannedpathis unblocked. (The
extendedgraphcontainsedgesof the terrain graphthat
go from verticesthat are known to be blocked to other
vertices. This is importantin casethe robot has,dueto
sensoror position uncertainty mistalenly classi ed an
unblocled vertex as blocked and then, due to actuator
uncertainty deviatesfrom the plannedpath andreaches
this vertex. Therobotbelievesthatit canleave this ver-
tex only if the edgesof the extendedgraphthat go from
it to otherverticeshave not beendeleted.) Someof the
edgegustdescribedaredeletedirom the extendedgraph
(by settingtheir costto in nity) whenthe robotdiscov-



ersadditionalblockedcells. Secondthe extendedgraph
containsalsoedgedhatgofrom ary vertex with unknowvn
blockagestatusthatcanbereachedvith oneedgetraver
salfrom verticeswith known blockagestatusto the new
vertex. This ensureghatthe plannedpathreachesa ver-
tex with unknowvn blockagestatusand, from there,the
new vertex. Someof the edgegust describecareadded
to or deletedfrom the extendedgraph (by settingtheir
costto oneor in nity , respectiely) whenthe robot dis-
coversthe blockagestatusof additionalcells. Figure 3
shaws the extendedgraph(right) thatcorrespondso the
graph(left) thatmodelstheterrainin Figure2 (left). A
shortestunblocled path on the extendedgraphfrom the
currentvertex of therobotto the new 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
Mapping candeterminea shortestunblocled path from
the currentvertex of the robotin the terraingraphto a
closestvertex with unknawvn blockagestatusby nding a
shortespathin the extendedgraphfrom the currentver-
tex of therobotto the new vertex. Thus,D* Lite canbe
appliedto the extendedgraphwhere corresponds
to the currentvertex of the robotand corresponds
to the new vertex. Thisway it nds the pathin the ex-
tendedgraphthatis shawvn in Figure 3 (right). This path
correspondso the pathin theterraingraphthatis shavn
in Figure3 (left) andthe pathin theterrainthatis shovn
in Figure2 (left).

D* Lite can use heuristicinformation to speedup its
search,in form of estimatesf the distancesf vertices
from the currentvertex of the robot, which can be ob-
tainedeasilyfor GreedyMapping. D* Lite canalsouse
information from previous searcheso speedup its cur
rent search. Figure 2 demonstratesiow reusinginfor-
mation can potentially save searcheffort in the context
of GreedyMapping. The left part of the gure shaws
the distanceof all cellsthatareknown to be unbloclked
to a closestcell with unknavn blockagestatus. The
right part of the gure shavs the samedistancesafter
the robot moved one cell to the eastalong the planned
pathandgainedinformationaboutthe blockagestatusof
cell B5. All but threedistancegshavn in bold) remain
unchangedndthereforedo not needto getrecomputed
eventhoughthe pathchangesompletely This suggests
thatreusinginformationfrom previous searcheganpo-
tentially reducethe searchtime of heuristicsearchmeth-
odsfor GreedyMapping. For example ,whenreplanning
the shortestpath in Figure 3 (right), D* Lite only ex-
pandsthe threeverticesthat correspondo cells whose
distancego a closestcell with unknovn blockagestatus
have changedhamelyB2, B3, andB4), wherewe say
thatD* Lite expandsavertex whenit executedines 16-
28 andthuscalculateghe g-valueof the vertex, similar
to whatA* doeswhenit expandsa vertex. Onthe other
hand,A* expands ve verticesevenwith the bestpossi-

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-
tonomousrobot architecturecalled MissionLab [11],

which is a versionof the AutonomousRobot Architec-
ture (AuRA) [2]. AuRA is a hybrid systemthat consists
of a schema-baseatactive systemat thelow level anda
deliberatve systembasedon nite stateautomataat the
high level. Thereactive componentonsistsof primitive
behaiorscalledmotorschemat#l] thataregroupednto

behaioral assemblagesEachbehaior of a behaioral

assemblag@roducesits own recommendatiorior how

the robot shouldmove, in form of a vector The robot
thenmovesin thedirectionof theweightedaverageof all

vectors.

We utilize that GreedyMapping makesonly actionrec-
ommendationand can thus coexist with other compo-
nentsof a robot architecturethat also make actionrec-
ommendationsThis allows usto implementmapbuild-

ing as a behaioral assemblagef three behaiors that
takesasparametershe boundsof the areathatthe robot
needso map: GreedyMappings a behaior thatdirects
the robot towards a closestcell with unknovn block-
agestatus;AvoidObstacless a behavior that repelsthe
robot from obstaclesand Wanderis a behaior that in-

jectssomenoise. The weight of AvoidObstacleandthe
distancewithin which obstaclesaffect the robot are set
dependingon the size of the cells. For grids with small
(high-resolutionells,theweightcanbesetto zerosince
GreedyMappingcandirectly take the obstaclesnto ac-
count. For grids with large cells, the weight can be set
to a positive valuewhile the distancewithin which obsta-
clesaffect the robotis madesmallin comparisorto the
cell size. This ensureghat the robot successfullynavi-

gatesaroundsmall obstacles.The weight of Wanderis

con guredsimilarly.

WeranGreedyMappingbothonaNomad15with a Sick



Figure 5: AcquiredMap

LMS200laserscannerandin simulation.Figure4 shovs
asnapshobf aMissionLabsimulationafterGreedyMap-
ping nished mappingthegivenof ce ervironment.The
terrainwasdiscretizedwith a granularityof 0.5 meters,
resultingin a mazeof size 35 by 27. Therobot started
at the cell labeledStartPlace.lts obstaclesensorhad a
rangeof 8 metersandthe circlesin Figure4 show the -
nal sensorreadings.The gure alsoshaows the paththat
therobottook. It is rathercloseto the shortespathnec-
essaryfor mappingthe terrain, which demonstratethat
the mappingtime of GreedyMappingis usuallyreason-
ably small. Figure5 shavstheacquiredmap.Black cells
areblocked,white cellsareunblocked,andgrey cellsare
unreachableThus,their blockagestatuscannotbe deter
minedby the robot. The acquiredmapcorrespondsvell
to theactual oor plan.

3.3 Experiments

In the following, we studyto which degreethe combina-
tion of incrementakndheuristicsearchthat D* 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)becauset per
forms so poorly that graphingits performancebecomes
aproblem. Sinceall versionsof D* Lite move the robot
in the sameway, we only needto comparetheir to-
tal planningtime. Sincethe actualplanningtimes are
implementation-dependentie insteadusethreeperfor
mancemeasureghat all correspondo commonopera-
tions performedby D* Lite andthus heavily in uence
its planningtime: the total numberof vertex expansions,
the total numberof heappercolategexchange®f a par
entandchild in the heap),andthetotal numberof vertex
accessegfor example,to reador changetheir values).
Figure6 reports not only the meansof the threeperfor-
mancemeasuredut also the correspondind5 percent
con denceintervalsto demonstratehat our conclusions
arestatisticallysigni cant.

We perform experimentsin 25 randomlygenerateder-
rains of size 64 by 25 that are representeds eight-
connectedyridsandresemblef ce environments.Since

percent of extra vertex expansions
180

Performance of D* Lite 160
without Incremental Search (A*)

and D* Lite without Heuristic Search 140
Relative to D* Lite (in percent) / A

A - D* Lite without incremental search (A*) 120
B - D* Lite without heuristic search
100 \

80
0

5 10 15 20 25
sensor range

percent of extra vertex accesses
80 80

B
60 z 60
40 . 40

-40 -40
0 5 10 15 20 25 0 5 10 15 20 25
sensor range sensor range

percent of extra heap percolates

Figure 6: ExperimentaResultq1)

therobotis allowedto move diagonally we calculatethe
heuristic approximationsof the distancesbetweentwo
verticesas the maximumof the absolutedifferencesof
their x andy coordinates.For example,the heuristicof
cellB4istwoin Figure2 (left) andonein Figure2 (right).
We usethe MissionLabsimulationto be ableto average
theresultsover severalruns. We variedthe sensorange
of therobotto simulateboth short-rangeandlong-range
sensorsFor example,if thesensorangeis four, thenthe
robotcansenseall blocked cellsthatareup to four cells
in ary directionaway from the robotaslong asthey are
not blocked from view by otherblocked cells. Figure6
shaws the threeperformancemeasuregor GreedyMap-
ping with D* Lite without heuristicsearchand D* Lite
withoutincrementakearchthatis, A*) aspercendiffer-
encerelatveto GreedyMappingwith D* Lite. (Thus,D*
Lite alwaysscoreszero.) As canbe seenthe numberof
vertex expansionf D* Lite is alwaysfar lessthanthat
of theothertwo algorithms.This alsoholdsfor the num-
ber of heappercolatesand vertex accessesyith the ex-
ceptionof sensorangefour for the heappercolatesThe
advantageof D* Lite over the othertwo searchmethods
seemdo increaseasthe sensorrangeincreasesthatis,
the larger the numberof cells is whoseblockagestatus
the robot can sensewithout moving. This implies that
theadwantageof D* Lite increasesf the robotusessen-
sorswith longer ranges(which is importantsincelaser
scannersendto bethesensor®f choicefor mapping)or
discretizeghe terrainin a more ne-grainedway. Only
for the numberof vertex accessess the differencebe-
tweenD* Lite andD* Lite without incrementalsearch
statisticallynot signi cant althoughits meanis smaller
for D* Lite thanD* Lite without incrementakearchfor
thelargersensoranges.
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We alsousethe samesetupto compareD* Lite andthe
original Focussed*. Figure7 shaws the threeperfor

mancemeasuregor GreedyMapping with both search
methodsand demonstratethat D* Lite performsbetter
thanFocussed* with respecto all threemeasuresThis

is consistentvith the resultswe reportedwhencompar

ing D* Lite andFocussed* for goal-directedhavigation
in unknown terrain[9].

4 Conclusions

In this paperwe have explainedhow incrementaheuris-
tic searchmethodssuchas our D* Lite apply to map-
ping of unknawn terrain,a new applicationof incremen-
tal heuristicsearch.Our resultsshav that the combina-
tion of incrementakndheuristicsearchthat D* Lite im-
plementspeedsiptheplanningtime overincrementabr
heuristicsearchemdividually. Theseaesultsdemonstrate
the versatility andcomputationabene ts of incremental
heuristicsearchanundereploitedtechniquehatshould
be usedmoreoftenin mobilerobotics.
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