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Abstract

We presenta datastructureand an algorithm for
real-timepathplanningof a humanoidrobot. Due
to the many degreesof freedom,the robotsshape
andavailableactionsareapproximatedfor �nding
solutionsef�ciently . The resulting3 dimensional
con�guration spaceis searchedby the A* algo-
rithm �nding solutionsin tenthsof asecondonlow-
performance,embeddedhardware. Experimental
resultsdemonstrateour solution for a robot in a
world containingobstacleswith differentheights,
stairsandahigher-level platform.

1 Intr oduction
Path-planningis oneof the fundamentalproblemsin mobile
robotnavigation.It hasbeenshown longbeforethattheprob-
lemof moving anobjectthroughspaceis PSPACE-hard with
a time complexity exponentialin the degreesof freedomof
theobject[Latombe,1991]. In mobile robotsthedegreesof
freedomareusuallysmall(threeor less)whichopenstheap-
plicationof a rangeof searchtechniquesspeci�cally tailored
to the problem. If onecanneglect orientation,e.g.a cylin-
drical holonomicsystem,theresulting2 dimensionalcon�g-
urationspacecanbesearchedef�ciently by A*, D* [Stentz,
1995], or dynamicprogramming[Buhmannetal., 1995].

Humanoidrobotswhile beingmobileallow for morethan
theusualthreedegreesof freedom.Their feetcanbeplaced
with a greaterchoiceandthechangeof bodypostureallows
to overcomeobstacleswhere wheeledrobots fail in pass-
ing through. This enableshumanoidsto steponto objects
[Kuffneret al., 2002], climb up anddown stairs[Hirai et al.,
1998; Gutmannet al., 2004], stepover obstacles[Guanet
al., 2004], or crawl underneathobjects[Shiller et al., 2001;
Kanehiroetal., 2004].

Thehigherdegreesof freedomcanbetacklede.g.by prob-
abilisticroadmaps[Kavraki etal., 1996]. However, if onecan
employ anon-probabilisticapproachby �nding asuitableap-
proximationthenthesolutioncanbeseenpreferabledueto its
deterministicnature.Onepossibleapproximationis to model
therobotasa cylinder or by its convex hull which allows for
ef�cient collisionchecking[Okadaet al., 2003].

Careshouldbetakenthoughnot to over-simplify theprob-
lem. Humanoidrobotsarenon-holonomic,i.e. they cannot

turn in placewithout requiringadditionalspace.The trajec-
tory of thebodycenterdescribesa curvesimilar to a car-like
robot,althoughthe turn radiusis generallyquitesmall. It is
possibleto accountfor the extra turning spacein a cylinder
modelof the robot enlargedby twice the turn radius[Li et
al., 2003;Sabeet al., 2004]. However suchan approxima-
tion is overly pessimisticandpreventstherobotfrom passing
throughnarrow spaceaswewill show.

Discretizingthe possibleactionsof the robot into a small
set of well-chosenactions, e.g. different foot placements,
leadsto anotherway for �nding solutionsef�ciently . The
inducedsearchgraphgrows exponentiallywith the number
of stepsandthus,only a small numberof foot stepscanbe
exploredin a real-timesystem[Lorch et al., 2002]. Sucha
foot-stepplanningsystemis neverthelessa valuabletool in
a hybrid systemwherea higherlevel plannerprovidesway-
pointsfor this sub-system[ChestnuttandKuffner, 2004].

Shiller et al. [2001] discretizetheactionsandorientations
of a digital �gure thatcanwalk forward,sideways,turn and
crawl. They maintainanobstaclespacefor eachcombination
of actionandorientationand�nd solutionsef�ciently for tra-
jectoriesof severaltensteps.

Wecomputeatrajectoryfor thebody-centerof ahumanoid
robotby approximatingtheshapeof therobotusingmultiple
cylindersanddiscretizingcon�gurationsinto asetof orienta-
tions. Whenfollowing this trajectory, thenext few foot steps
arecomputedusingananalyticalmethod.This enablesa hu-
manoidrobotto �nd pathsof up to a few metersin real-time
andincludesactionssuchassidewayswalking throughnar-
row spaceandclimbingupanddown stairs.

Our work differs from Shiller's in thatwe do not planbe-
haviorsbut selectthebehavior dependingontheenvironment
whenfollowing a found path,e.g.stair-climbing over a sill.
We alsomaintainonly oneobstaclespaceandshow how to
performcollision checkingef�ciently . Lastbut not least,our
systemis demonstratedon a real robot wherestereorange
dataincrementallyupdatesa representationof theworld.

Ourapproximationsof con�gurationspaceandactionsare
presentedin thenext section.Section3 brie�y describesour
approachfor generatinganavigationmapfor collisioncheck-
ing. Section4 detailsour applicationof the A* algorithm
for pathsearching.ExperimentalresultsonSony'shumanoid
robot QRIO aredescribedin Section5. Finally, we discuss
limitationsandextensionsof ourapproachin Section6.



2 Con�guration Spaceand Actions
Therobotmovesin a 2 dimensionalworld. Obstacles,differ-
ent�oor levelsandstairsareprojectedontooneplane.Wedo
not neglect theorientationof the non-holonomicrobot, thus
the con�gurationsspaceC is 3 dimensional. For allowing
ef�cient searchwe discretizeC into a regulargrid of evenly
spacedcellsusing8 differentorientations:

C = X � Y � �
X ; Y = f i � cs j 0 � i < ng (1)

� = f i � 45� j 0 � i < 8g

wherecs de�nesthecell sizeandn thenumberof cells.
We restrictthemovementof therobot'sbodycenterto the

following six actionsA = f forward, backward, turn-left,
turn-right, side-left,side-rightg. For eachactionthe transi-
tion in C is givenfor orientations0� and45� in Figure1. For
otherorientationsthetransitionsareanalogous.

When concatenatingturn-left (or turn-right) actions,the
resultingtrajectorydescribesa curve, seeFigure2(a). The
turnactionsthusmodelthenon-holonomicconstraintof ahu-
manoidwherechangingthe orientationrequiresextra space
for turning. If weapproximatethiscurvewith anarcof acir-
cle,we�nd thatthecell sizecscoincideswith theturnradius
of therobotandthereforecs shouldbechosenassuch.

The shapeof the robot is approximatedby two cylinders
sharingthe sameaxis as shown in Figure 2(b). Cylinders
allow for fastcollision checkingandthesmallercylinder for
thelegsenablestherobotto passcloseto low obstacleswhere
upperbodyandarmsareabovetheobstacle.

Thecylindersarea tight �t to theshapeof therobotstand-
ing still. Whentherobotmoves,however, additionalspaceis
neededfor thetransitionin C asbodyandlegsareswinging
while walking. Figure3 shows snapshotsof the robotwhen
moving forward,turning left andsteppingsideways. We ac-
countfor theadditionalspacebyenlargingthecylindersatthe
startandendcon�gurationsdependingon the action. Both,
upperandlower, cylindersareenlargedby thesameamount.
Only whenwalking sideways,no additionalspaceis needed.
As we will seein Section5 this enablesthe robot to pass
throughnarrow spaceby choosingthesidewayswalk.

It is worth notingthatthehumanoidrobotdoesnot neces-
sarilyneedto beableto exactlyperformthe6 actionsde�ned
in this section.For example,therobotcouldwell useseveral
foot stepsfor performingthe45� rotationin our turn actions.
Theonly requirementis that theenlargedcylinderscover all
thespacetherobotrequiresfor completingthe45� turn.

forward backward turn-left turn-right side-left side-right

Figure1: Changein con�gurationfor our6 actions.
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Figure2: (a)Turnaroundbyconcatenating4 turn-leftactions.
(b) Multi-cylindermodelfor approximatingrobotshape.

Onemight think of ourapproachto bespeci�cally tailored
to humanoidsastheproposedactionsandthecell sizematch-
ing the turn radiusareprobablyonly found for this kind of
robot. While this seemsto be true, the contribution of this
work is to demonstratetheabilitiesof suchasystemin acom-
plex real-world environment.We will discussthelimitations
andpossibleextensionsof our approachin Section6.

3 Navigation Map and Collision Checking
Collision checkingis oneof thecrucial factorsin pathplan-
ning. Cylindermodelsof robotsallow to performthis check
in constanttime if the distanceto the nearestobstacleis
known; thedistanceis simply comparedto the radiusof the
cylinder. Our two cylinder modelallows to checkfor colli-
sionin thesameamountof time.

For ef�cient collision checkingwe make thefollowing as-
sumptionsabouttheworld therobotis navigatingin:

1. Theworld is partitionedinto �oor andobstacles.
2. Floor is planarandhorizontal(elseit is anobstacle).
3. Therearenomultiple �oor levelsat thesamelocation.
4. The robot is able to distinguishbetween�oor andob-

staclesandcancanestimatetheir relative positionand
heightusingits sensors.

Assumption1 is general,2 rules out inclined surfacesand
treatsthemlike obstacles,3 is true for mostbut a few envi-
ronmentsandenablestheuseof a 2.5Dmapfor representing

forward turn sideways

Figure3: Spacerequiredfor performinganaction.Enlarged
uppercylindersapproximatetheadditionalspaceneeded.



theworld. Finally, assumption4 is a practicalconsideration
andcanbeachievede.g.by planeextractionfrom rangedata.1

Undertheseassumptions,therobot is ableto build a �oor
andobstacleheightmapF OG of its environment. We em-
ploy a combinationof a 3D occupancy grid with a 2.5D�oor
heightmapwhererangedatafrom stereovision is segmented
into planesandintegratedin aprobabilisticway [Gutmannet
al., 2005]. Eachcell in F OG holdsa typeanda height:

F OG : (x; y) 7! (t; h); (2)

with x 2 X ; y 2 Y; t 2 T = f f loor; obstacle;unknowng,
andh 2 R is theheightof the�oor or obstacle.

Fromthis mapa navigationgrid NAV is computedstoring
re�ned �oor typesanddistancesto nearestobstacles:

NAV : (x; y) 7! (t0; d) (3)

where t0 2 T 0 = T [ f stair s; borderg and d 2 R is the
clearance,i.e. the distanceto the closestobstaclefor t0 2
f f loor; stair sg. NAV re�nes thetypeof F OG(x; y) = (t; h)
for t = f loor in thefollowing way. Let U(x; y) bea neigh-
borhoodaroundposition(x; y) and� ĥ bethemaximumab-
solutedifferencein �oor heightto cellsin U(x; y):

� ĥ = max
(x 0;y 0)2 U (x;y ) ;F OG(x 0;y 0)=( f loor ;h 0)

jh � h0j: (4)

There�ned typeis thencomputedas:

ref ine(f loor) =

8
<

:

f loor; � ĥ � df loor

stair s; df loor < � ĥ � dstair s

border; dstair s < � ĥ
r ef ine(t) = t; t 6= f loor

(5)

wheredf loor is themaximumstepheightfor regularwalk and
dstair s thecorrespondingonefor climbingupor down stairs.

There�nementof �oor cellsallows to treatstairsandbor-
dersdifferentlyfrom regular�oor . Wewill makeuseof stairs
in path-planningby assigninga different cost for traversal.
Bordersaretreatedsimilar to obstaclesandassuchprevent
therobotfrom gettingcloseto or overtheendof a �oor layer.

The clearanceof a cell is de�ned in the following way.
For a cell (x; y) with F OG(x; y) = (f loor; h) we com-
putethe differencein height � h(x0; y0) to cell (x0; y0) with
F OG(x0; y0) = (t0; h0), r ef ine(t0) 2 f obstacle;borderg:

� h0(x0; y0) = h0 � h: (6)

This height differencethen decideswhich cylinder of our
two-cylinder modelcomesinto effect for computingthedis-
tanced0(x0; y0) to thisobstacle,or if it canbeignored:

d0(x0; y0) =

(
e � r l ; 0 � � h0(x0; y0) < hl
e � ru ; hl � � h0(x0; y0) � h
1 ; otherwise

(7)

wheree =
p

(x0 � x)2 + (y0 � y)2 is theEuclideandistance
betweenthe cells, and r l , ru and hl , hu are the radii and
heightsof thetwo cylindersasdepictedin Figure2 (b).

1It shouldbe possibleto relax theseassumptionsandallow for
inclined surfaces. However, the model for representingthe world
would becomemorecomplicatedwhich is why we do not consider
themin this paper.
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Figure4: Examplenavigationmapfor a simulatedworld.

Theclearanced(f loor) of cell (x; y) is thende�ned asthe
minimumdistanceto all obstaclesandborders.

d(f loor) = min
(x 0;y 0)2 X � Y;NAV(x 0;y 0)=( t 0;� ) ;t 02f obstacle;bor der g

d0(x0; y0) (8)

Thecomputationof thisvaluecanbeimplementedef�ciently
by regiongrowingof obstaclesandbordersuntil apresetmax-
imum distanceis reached.

Note that (8) only appliesfor cells whereN AV (x; y) =
(f loor; �). For othertypest 2 T theclearancesaresetto:

d(obstacle) = � r l ; d(unknown) = 1 : (9)

For therobotbeingableto standat a givenposition(x; y)
with NAV(x; y) = (�; d), theclearanced mustbe positive in
ordernot to collidewith anobstacle.For unknown terrainwe
areoptimisticin thattherecouldbea �oor heightwell above
all obstaclesandthusignoreobstacles.

We cande�ne thefreecon�gurationspaceCf r ee as

Cf r ee = f (x; y; � ) 2 C j NAV(x; y) = (�; d); d > 0g: (10)

As an exampleFigure4(a)shows a simulatedworld fully
observedby anidealsensor. TheresultingNAV grid is shown
in Figure4(b). Floor heightsaredrawn in white, yellow and
green,stairsare marked with brown crosses,the border is
�lled in brown, andobstaclesareblack. Differentshadesof
grayshow theclearanceof cellswherebrightercellsindicate
a largerclearancethandarker ones.Notehow the taller ob-
staclein thebottomright growsmoreto thebottomandright
of themap(wherethedistanceto the �oor is larger thanh l )
andlessto thehigherlevel �oor .

4 Path-Planning
We have now the basictools for de�ning the path-planning
problemin our domain. Let c;c0 2 C be con�gurations.
The transitionc0 = succ(c;a) for a singleactiona 2 A is
given in Figure1. We de�ne succ for a sequenceof actions
a1a2 : : : am in a recursivewayas

succ(c;a1a2 : : : am ) = succ(succ(c;a1); a2 : : : am ): (11)

In orderto testwhetheractiona is applicablein con�gura-
tion c, we checkthetypeandclearanceof c in NAV:

app(c;a) = allow(c;a)^ (12)
clear(c;r a) ^ clear(succ(c;a); r a)

whereallow(c;a) forbids certainactionsdependingon the
typet0 in NAV at thepositionof c (e.g.wedonotallow back-
ward andsidewayswalk in unknown terrainandonly allow



forward walk on stairs),r a is additionalspacerequiredfor
executionof a (seeFigure3), and
clear(c;r ) = d > r; c = (x; y; �); NAV(x; y) = (�; d): (13)

We alsode�ne appona sequenceof actionsa1a2 : : : am

app(c;a1a2 : : : am ) = (14)
app(c;a1) ^ app(succ(c;a1); a2 : : : am ):

andcall thesequenceapathif (14)holds.
The problem of path-planningfor given start and goal

con�gurations cstar t ; cgoal 2 Cf r ee is then to �nd a path
� = a1a2 : : : am suchthat

cgoal = succ(cstar t ; � ): (15)
Problemsfor which a pathexists arecalled solvable. In

generaltherecanbemorethanonesolutionfor a givensolv-
ableproblem.Weareinterestedin anoptimalpath,i.e.apath
�̂ thatminimizesa costfunctiong over thepath:

�̂ = argmin
�

g(cstar t ; � ): (16)

In oursystemwefoundthefollowing costfunctionvaluable:
g(c;a1) = ga(a1) + gt 0(c0) + go(c0) (17)

g(c;a1a2 : : : am ) = g(c;a1) + gc(a1; a2) + (18)
g(c0; a2 : : : am )

wherec0 = succ(c;a1), ga is a costdependingon theaction
(e.g. forward walk haslesscost thansidewayswhich takes
moretime),gt 0 acostdependingonthetypet0 in theNAV grid
(f loor is preferredoverstair s andunknown), gc aconstant
for changesin action(the robot might have to do additional
foot steps),and go considersthe clearanceof c0 in NAV in
orderto prefersaferpathsmoredistantfrom obstacles:

go(c) = ĝo max(dmax � d;0): (19)
Heredmax is themaximumclearanceabovewhichnofurther
improvementin safetyis expected,d is de�nedasin (13),and
ĝo is a prede�nedconstant.

We employ the well-known A* algorithmfor �nding so-
lutions. A* maintainsa priority queuewherecandidatesare
rankedaccordingto anevaluationfunctionf composedof the
costfunctiong andanestimatedheuristich to cgoal :

f (cstar t ; � ) = g(cstar t ; � ) + h(succ(cstar t ; � )) : (20)
For our chosendiscretizationof C we can employ the fol-
lowing heuristicwhich is optimisticanda largercostestimate
thantheEuclideandistance:

h(c) = ĝa �
�

� x � � y +
p

2� y; � x > � y
� y � � x +

p
2� x; � x � � y

(21)

where� x = jx � xg j and� y = jy � ygj areabsolutecoordi-
natedifferencesfrom c = (x; y; �) to cgoal = (xg; yg; �) and
ĝa is theminimumactioncost.

From the propertiesof the A* algorithmandour chosen
costandheuristicfunctionsit follows that A* �nds thecost
optimalpath�̂ accordingto (16) if a solutionexists.

An importantfactor for the ef�ciency of A* is to detect
whethera con�guration hasalreadybeenvisitedbefore. By
using a regular grid, we can pre-computethe searchgraph
(but not theoptimalpathssincetheenvironmentis unknown)
andcheckfor duplicatesin constanttime. This is anadvan-
tageover methodsthatbuild thetreeat thetime of searchas
checkingfor duplicatesneedsfurther processinge.g.by ap-
plying nearest-neighbormethods.

Robotspeci�cationsandgrid dimensions

r l = 60mm hl = 100mm df loor = 15mm cs = 40mm
ru =140mm r h = 500mm dstair s = 50mm n = 100

AllowedactionsdependingonNAV type

allow(c;a) f loor unknown stair s border obstacle
f orward true true true false false

tur n true true false false false
sideways true false false false false
backward true false false false false

Additional clearancer a dependingonaction

a f orward tur n sideways backward
ra 60mm 80mm 0 60mm

Costof actionga(a) dependingonorientation

ga(a) f orward tur n sideways backward
0� 1 1.1 1.3 2
45�

p
2 1.1 1:3

p
2 2

p
2

Costof actionat 0 dependingonNAV type

f loor unknown stair s border obstacle
gt 0(c) 0 0.5 1 1 1

Otherconstantsfor costfunction
gc(a; a) = 0 gc(a1; a2) = 0.25, a1 6= a2
dmax = 200mm ĝo = 3=dmax ĝa = 1

Table1: Parametersusedin our implementation

5 Results

We implementedour approachon QRIO, Sony's small hu-
manoidrobotwith 38degreesof freedom[Fujitaetal., 2003].
Therobot is equippedwith 3 MIPS R5000CPUsclockedat
400MHzandastereocamerasystemwith a45� �eld of view
providing disparity imagesat 12.5 fps. This stereodatais
segmentedinto planesfrom which our F OG andNAV grid
representationsareupdatedin real-time.

Table1 lists parametersusedin our implementationfor all
variablesintroducedin the previous sections.For stairswe
restrict actionsto forward walk only. Thus, the robot only
�nds pathson straightstaircasesunlessthereis a larger�oor
areawhereturnsarepossible.We forbid sidewaysandback-
wardwalk in unknown terrainbecausetherobotis notableto
seeinto its movingdirection.Wesetahighcostfor backward
motionsinceit is generallymoreunsafe.Costsareaddedfor
walking in unknown terrainandon stairswhich focusesthe
algorithmto searchfor a pathonknown �oor evenif thedis-
tancetraveledis largerthanwhenmoving onotherterrain.

For our experimentswe built a 4 meterslong and1 meter
widestagewhereseveralobstacles,a4cmhighsill, astaircase
with 4 stepseach3cmhigh,andahigher-level platformwere
arrangedasshown in Figure5.

We placedQRIO at the left endof thestageandlet it ob-
serve theenvironmentby rotatingon thespot.We thencom-
mandedthe robot to �nd and follow a path to a position 3
metersahead(the centerof the higher-level platform). Our
path-planningsystemcontinuouslyevaluatesthecurrentNAV



Figure5: Experimentalsetup.Severalobstaclesandasill are
placedonastage.A staircaseleadsto ahigher-levelplatform.

Planning time: 72 ms 0

25

50

75

100

125

150

175

200

Figure6: Path-planningin narrow environment:therobotde-
cidesto usesidewayswalk for passingthroughtheobstacles.
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Figure7: Path-planningover a sill: therobot �nds a straight
pathover thesill andthenmovesaroundthenext obstacle.
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Figure8: Path-planningto thehigherplatform: �rst therobot
alignswith thestaircaseandthenclimbsup in astraightway.

grid andsendspathsto a path-followingsystemwhich com-
putesthe next two foot stepsand feedsthemto the robot's
motioncontrolsystem.Figures6–8show 3 snapshotsof the
robot while moving on the stage. We usethe sameencod-
ing for �oor , border, stairsandobstaclesasbefore.Thecolor
indicatoron theright shows the �oor heightasestimatedby
therobot. Unknown spaceis left blank. Greendotsmarkthe
searchspaceof theA* algorithmwhile thepathis shownwith
bluearrows.Brown barsonthepathindicatestairtransitions.

In thebeginning thesystemhasto �nd a pathleadingbe-
tweentwo closeobstacles(seeFigure 6). Sincespacebe-
tweenthe obstaclesis narrow, forward walk is not possible
dueto thelackof therequiredclearancer f or war d. Therefore,
thesystemdecidesto walk sidewaysbetweentheobstacles.

After passingthroughthenarrow passage,therobotplans
a pathover the sill in the centerof the stage(seeFigure7).
For overcomingthesill, thesystememploys a separatelyde-
velopedstair-climbingmodule[Gutmannet al., 2004].

Finally, astherobotwalkscloserto thehigherplatform,it
�nds a pathon thestaircaseto thetargetlocation(Figure8).

Thetime requiredfor �nding a pathonour �x ed-sizecon-
�guration spacedependson the environmentand the path
length. In theexamplesabove the time for planningwasal-
waysbelow 100mson the robot's embeddedCPU. In order
to investigatetherun-timedependency onpathlengthweran-
domly selectedgoalcon�gurationsin the �nal mapafter the
robotreachedits target. If a pathto thegoalcouldbefound,
we recordedthe lengthof the pathandthe time neededfor
computation.Figure9 shows theruntimeversuspathlength
measuredon a PentiumIII, 1.4GHzcomputer. Althoughthe
curve shows a slopeat leastquadraticin pathlength,for our
chosendimensionsof C the runtime increasesonly slowly
anddoesnotexceed40msevenfor longerpaths.

Theworstcaserun-timeoccurswhenthegoal is placedat
an unreachablelocation,e.g.a freepositioncompletelysur-
roundedby obstacles.In this caseall but a few of the 8n2

= 80,000con�gurationshave to be examined. The robot's
embeddedprocessorneedscloseto 900msfor exploring this
searchspace(110msona PentiumIII, 1.4GHz).

6 Conclusion
We presentedand evaluateda path-planningalgorithm that
providescollision freetrajectoriesof up to a few metersfor a
humanoidrobotin a layeredenvironmentin realtime.
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Figure9: Time for path-planningdependingonpathlength.



In ourapproachunknown terrainis treatedin anoptimistic
way, i.e.theirclearingis assumedarbitrarylarge.As therobot
movescloserto unknown areaandobservesthesituation,the
navigationmapis re�ned andanew pathis plannedautomat-
ically. Thisallowsnavigationin unknown environments.

Ourperceptionsystemdistinguishesbetween�oor , border,
stairsandobstaclesandinterpretsthemin a meaningfulway
for path planning. We believe our approachadvancespre-
vious methodson simulatedworlds, andreal robot systems
with mainly reactive,shortdistancenavigationcapabilities.

The limitations of our approachare various. Our dis-
cretizationontoa grid is anapproximatecell decomposition
andassuchis only completeup to theresolutionof thegrid.
Furthermore,using only 8 orientationscan prevent �nding
pathsin certainenvironments,for examplein a narrow corri-
dororientedat anangleof 20� .

Ourapproachmaybeextendedto 2m orientations(m > 3)
by changingcell sizeandactionssuchthatrepeatedapplica-
tion of a turnactiondescribesacurvewith theminimumturn
radiusof therobot. Otheractionsmight move therobotover
morethanonecell in orderto alignwith thegrid.

Our setof actionsandthenavigationmapdo not consider
thepossibilityof steppingover an obstacle.We believe that
for sucha capability, a foot stepplannerusing precise3D
informationis of importance.However, our approachcould
be combinedwith sucha systemby marking obstaclesthe
robotcanstepoversimilar to aswe markstairs.

At current,only straightpathsareallowedonstairs.By in-
troducingnew actionsleft-forward andright-forward we can
also�nd pathsonspiralstaircasesat thecostof a higherrun-
time. In practice,we observed an increaseof about25% in
run-timefor the worst casescenariodescribedin Section5
whenaddingthesetwo actions.

We think it is alsopossibleto extendour approachto �nd
areaswheretherobotcancrawl underneathanobstacle.Our
current�oor andobstaclemapandthenavigationgrid, how-
ever, do not supportsucha detectionyet andhave to be ex-
tended�rst. We will follow this directionin thefuture.
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