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Abstract

We presenta datastructureand an algorithm for

real-timepathplanningof a humanoidrobot. Due
to the mary degreesof freedom,the robotsshape
andavailable actionsare approximatedor nding

solutionsefciently. The resulting3 dimensional
con guration spaceis searchedby the A* algo-
rithm nding solutionsin tenthsof asecondnlow-

performance embeddechardware. Experimental
resultsdemonstrateour solution for a robot in a
world containingobstacleswith differentheights,
stairsanda higherlevel platform.

1 Intr oduction

Path-plannings oneof the fundamentaproblemsin mobile
robotnavigation. It hasbeenshaovn long beforethatthe prob-
lem of moving anobjectthroughspacds PSRACE-hard with

a time compleity exponentialin the degreesof freedomof

the object[Latombe,1991]. In mobile robotsthe degreesof

freedomareusuallysmall (threeor less)which opensthe ap-
plicationof arangeof searchtechniquespeci cally tailored
to the problem. If onecanngglect orientation,e.g.a cylin-

drical holonomicsystemthe resulting2 dimensionakon g-

urationspacecanbe searcheaf ciently by A*, D* [Stentz,
1999, or dynamicprogrammingBuhmanretal., 1995.

Humanoidrobotswhile beingmobile allow for morethan
the usualthreedegreesof freedom. Their feetcanbe placed
with a greaterchoiceandthe changeof body postureallows
to overcomeobstacleswhere wheeledrobots fail in pass-
ing through. This enableshumanoidsto step onto objects
[Kuffneretal., 2004, climb up anddown stairs[Hirai etal.,
1998; Gutmannet al., 2004, stepover obstacledGuanet
al., 2004, or crawl underneattobjects[Shiller et al., 2001;
Kanehiroetal., 2004.

Thehigherdegreesf freedomcanbetacklede.g.by prob-
abilisticroadmapg$Kavraki etal., 1996. However, if onecan
employ anon-probabilisti@pproactby nding asuitableap-
proximationthenthesolutioncanbeseermreferablaedueto its
deterministicnature.Onepossibleapproximatioris to model
therobotasa cylinder or by its convex hull which allows for
ef cient collision checking[Okadaetal., 2003.

Careshouldbetakenthoughnotto over-simplify the prob-
lem. Humanoidrobotsare non-holonomic,.e. they cannot

turnin placewithout requiringadditionalspace.Thetrajec-
tory of the body centerdescribes curve similar to a carlike

robot, althoughthe turn radiusis generallyquite small. It is

possibleto accountfor the extra turning spacein a cylinder

modelof the robot enlagedby twice the turn radius|[Li et

al., 2003;Sabeet al., 2004. However suchan approxima-
tion is overly pessimistiandpreventstherobotfrom passing
throughnarrov spaceaswe will shaw.

Discretizingthe possibleactionsof the robotinto a small
set of well-chosenactions, e.g. different foot placements,
leadsto anotherway for nding solutionsefciently. The
inducedsearchgraphgrows exponentiallywith the number
of stepsandthus,only a small numberof foot stepscanbe
exploredin areal-timesystem[Lorch et al., 2004. Sucha
foot-stepplanningsystemis neverthelessa valuabletool in
a hybrid systemwherea higherlevel plannerprovidesway-
pointsfor this sub-systeniChestnutandKuffner, 2004.

Shiller etal. [2001] discretizethe actionsandorientations
of adigital gure thatcanwalk forward, sidevays,turn and
crawl. They maintainanobstaclespacefor eachcombination
of actionandorientationand nd solutionsef ciently for tra-
jectoriesof severaltensteps.

We computeatrajectoryfor thebody-centeof ahumanoid
robotby approximatinghe shapeof the robotusingmultiple
cylindersanddiscretizingcon gurationsinto a setof orienta-
tions. Whenfollowing this trajectory the next few foot steps
arecomputedusingananalyticalmethod.This enablesa hu-
manoidrobotto nd pathsof upto afew metersin real-time
andincludesactionssuchas sidavayswalking throughnar
row spaceandclimbing up anddown stairs.

Our work differsfrom Shiller's in thatwe do not plan be-
haviors but selecthebehaior dependingntheervironment
whenfollowing a found path, e.g. stairclimbing over a sill.
We alsomaintainonly one obstaclespaceandshov how to
performcollision checkingef ciently . Lastbut notleast,our
systemis demonstratean a real robot where stereorange
dataincrementallyupdatesa representationf theworld.

Our approximation®f con guration spaceandactionsare
presentedn the next section.Section3 brie y describesur
approacHor generating navigationmapfor collision check-
ing. Section4 detailsour applicationof the A* algorithm
for pathsearchingExperimentatesultson Sory's humanoid
robot QRIO aredescribedn Section5. Finally, we discuss
limitationsandextensionsof our approachn Section6.



2 Con guration Spaceand Actions

Therobotmovesin a2 dimensionalvorld. Obstaclesdiffer-
ent oor levelsandstairsareprojectecontooneplane.We do
not neglectthe orientationof the non-holonomiaobot, thus
the con gurations spaceC is 3 dimensional. For allowing
ef cient searchwe discretizeC into aregulargrid of evenly
spacectellsusing8 differentorientations:

C = X Y
X;¥Y = fi ¢csj0 i<ng 1)
= fi 450 i<8g

wherecs de nesthecell sizeandn thenumberof cells.

We restrictthe movementof the robot's body centerto the
following six actionsA = f forward, backward, turn-left,
turn-right, side-left,side-righg. For eachactionthe transi-
tionin C is givenfor orientation®0 and45 in Figurel. For
otherorientationghetransitionsareanalogous.

When concatenatingurn-left (or turn-right) actions,the
resultingtrajectorydescribesa curve, seeFigure 2(a). The
turnactionsthusmodelthenon-holonomiconstrainbf ahu-
manoidwherechangingthe orientationrequiresextra space
for turning. If we approximatehis curve with anarcof acir-
cle,we nd thatthecell sizecs coincideswith theturnradius
of therobotandthereforecs shouldbe choserassuch.

The shapeof the robotis approximatedy two cylinders
sharingthe sameaxis as shavn in Figure 2(b). Cylinders
allow for fastcollision checkingandthe smallercylinder for
thelegsenablegherobotto passcloseto low obstaclesvhere
upperbodyandarmsareabove the obstacle.

Thecylindersareatight t to the shapeof therobotstand-
ing still. Whentherobotmoves,however, additionalspaceds
neededor thetransitionin C asbodyandlegs areswinging
while walking. Figure3 shavs snapshot®f the robotwhen
moving forward, turning left andsteppingsidevays. We ac-
countfor theadditionalspaceby enlagingthecylindersatthe
startandend con gurationsdependingon the action. Both,
upperandlower, cylindersareenlagedby the sameamount.
Only whenwalking sideavays,no additionalspaces needed.
As we will seein Section5 this enablesthe robot to pass
throughnarrown spaceby choosinghe sidevayswalk.

It is worth noting thatthe humanoidrobotdoesnot neces-
sarily needto beableto exactly performthe 6 actionsde ned
in this section.For example therobotcouldwell useseveral
foot stepsfor performingthe45 rotationin ourturn actions.
The only requirements thatthe enlagedcylinderscover all
thespaceaherobotrequiresfor completingthe45 turn.
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Figurel: Changen con gurationfor our 6 actions.
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Figure2: (a) Turnaroundby concatenating turn-leftactions.
(b) Multi-cylinder modelfor approximatingobotshape.

Onemightthink of ourapproacho bespeci cally tailored
to humanoidsisthe proposedictionsandthecell sizematch-
ing the turn radiusare probablyonly found for this kind of
robot. While this seemgo be true, the contribution of this
work is to demonstratéheabilitiesof suchasystenin acom-
plex real-world ernvironment.We will discusghelimitations
andpossibleaxtensionf our approachin Section6.

3 Navigation Map and Collision Checking

Collision checkingis oneof the crucial factorsin pathplan-
ning. Cylinder modelsof robotsallow to performthis check
in constanttime if the distanceto the nearestobstacleis
known; the distances simply comparedo the radiusof the
cylinder. Our two cylinder modelallows to checkfor colli-
sionin the sameamountof time.

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

1. Theworld is partitionedinto oor andobstacles.

2. Flooris planarandhorizontal(elseit is anobstacle).
3. Therearenomultiple oor levelsatthesamelocation.
4.

The robotis ableto distinguishbetween oor and ob-
staclesand can can estimatetheir relative positionand
heightusingits sensors.

Assumptionl is general,2 rulesout inclined surfacesand
treatsthemlike obstacles3 is true for mostbut a few ervi-
ronmentsandenableghe useof a 2.5D mapfor representing
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Figure3: Spacerequiredfor performinganaction. Enlamged
uppercylindersapproximatehe additionalspaceneeded.



theworld. Finally, assumptiort is a practicalconsideration
andcanbeachiesede.g.by planeextractionfrom rangedata®

Undertheseassumptionsthe robotis ableto build a oor
andobstacleheightmapF OG of its ervironment. We em-
ploy a combinationof a 3D occupanyg grid with a2.5D oor
heightmapwhererangedatafrom stereovision is sggmented
into planesandintegratedin a probabilisticway [Gutmannet
al., 2009. Eachcellin F OG holdsatypeandaheight:

FOG:(x;y) 7! (th); (2

withx 2 X;y2Y;t2T = ffloor, obstack;unknowng,
andh 2 R is theheightof the oor or obstacle.

Fromthis mapa navigationgrid NAV is computedstoring
re ned oor typesanddistancedo nearesbbstacles:

NAV: (x;y) 7! (t%d) ®3)

wheret® 2 TO =T [ fstair s;borderg andd 2 R is the
clearancej.e. the distanceto the closestobstaclefor t° 2
ff loor; stair sg. NAV re nesthetypeof F OG(x;y) = (t; h)
fort = floor in thefollowing way. Let U(x; y) beaneigh-
borhoodaroundposition(x; y) and fi bethe maximumab-
solutedifferencein oor heightto cellsin U(x; y):

fi= max ih hy: @

(x%y 92U (xy );F OG(x%y%=( f loor ;h0)

There ned typeis thencomputedas:

< floor; f d¥ 100r
refine(floor) =  stairs; dijor < A dstar s (5)
" border; dsair s <
refine(t) = t; t 6 floor

whered; oor isthemaximumstepheightfor regularwalk and
dstair s thecorrespondingnefor climbing up or down stairs.
There nementof oor cellsallowsto treatstairsandbor-
dersdifferentlyfrom regular oor . We will make useof stairs
in path-planningoy assigninga differentcostfor traversal.
Bordersaretreatedsimilar to obstaclesand as suchprevent
therobotfrom gettingcloseto or overtheendof a oor layer.
The clearanceof a cell is de ned in the following way.
For a cell (x;y) with FOG(x;y) = (floor;h) we com-
putethe differencein height h(x%y9 to cell (x%y9 with
FOG(x%y9 = (t%h9, refine(tY 2 f obstack;borderg:

hax%y9) = h° h: (6)

This height differencethen decideswhich cylinder of our
two-cylinder modelcomesinto effect for computingthe dis-
tancedy(x% y9 to this obstaclepr if it canbeignored:

e r; 0 hAx%y9)<h
dUx%y9) = e ry; o h(x%Y) h (7)
1; otherwise
wheree=p(x0 x)2 + (y° vy)ZistheEuclideardistance

betweenthe cells, andr,, r, andh,, h, arethe radii and
heightsof thetwo cylindersasdepictedn Figure2 (b).

LIt shouldbe possibleto relax theseassumptionsindallow for
inclined surfaces. However, the modelfor representinghe world
would becomemore complicatedwhich is why we do not consider
themin this paper
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obstacles :
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different
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Figure4: Examplenavigationmapfor a simulatedworld.

Theclearanceal(f loor) of cell (x; y) is thende ned asthe
minimumdistanceto all obstaclesandborders.
d(f loor) = min dix%y% (8)
(x%y 92X Y;NAV(x%y9=( t );t%2f obstacle;bor derg
The computatiorof this valuecanbeimplementecdef ciently
by regiongrowingof obstaclesndborderauntil apresetmax-
imum distances reached.

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

d(obstack) = ry; d(unknown) = 1 : (9)

For therobotbeingableto standat a givenposition(x; y)
with NAV(X;y) = (;d), the clearancad mustbe positive in
ordernotto collide with anobstacle For unknavn terrainwe
areoptimisticin thattherecouldbea oor heightwell above
all obstaclesandthusignoreobstacles.

We cande ne thefreecon gurationspaceCs  ¢e as

Ciree = f(X;y; )2 CjNAV(XY) = (;d);d> 0g: (10)

As an exampleFigure 4(a) shovs a simulatedworld fully
obsenedby anidealsensarTheresultingNAV grid is shavn
in Figure4(b). Floor heightsaredrawn in white, yellow and
green,stairsare marked with brown crossesthe borderis

lled in brown, andobstaclesareblack. Differentshadesof
grayshaow the clearancef cellswherebrightercellsindicate
a larger clearanceghandarker ones. Note how the taller ob-
staclein the bottomright growsmoreto the bottomandright
of the map (wherethe distanceto the oor is largerthanh;)
andlessto thehigherlevel oor.

4 Path-Planning

We have now the basictools for de ning the path-planning
problemin our domain. Let ¢;c® 2 C be con gurations.
Thetransitionc® = sucq(c;a) for asingleactiona 2 A is
givenin Figurel. We de ne succfor a sequencef actions
aiay ' :any in arecursvewayas
suco(c;azay:::am) = sucqsucdc;az);az:::am): (11)

In orderto testwhetheractiona is applicablein con gura-
tion ¢, we checkthetypeandclearancef cin NAV:

app(c;a) = allow(c;a)*
clear(c;ra) " clear(sucdc;a); ra)

(12)

whereallow(c;a) forbids certainactionsdependingon the
typet®in NAV atthepositionof ¢ (e.g.we do notallow back-
ward andsidevayswalk in unknawn terrainandonly allow



forward walk on stairs),r, is additionalspacerequiredfor
executionof a (seeFigure3), and

clear(c;r) =d>r; c=(xy; );NAV(x;y) = (;d): (13)
We alsode ne apponasequencef actionsa;a; ::: an
app(C;a1az:::am) = (14)
app(c;a;) N app(sucq(c;ai);az:::am):
andcall thesequencea pathif (14) holds.
The problem of path-planningfor given start and goal

con gurations Cetar t; Cgoal 2 Crree iS thento nd a path
= ajap:::am suchthat

Cgoal = SUCH(Cstart; ): (15)

Problemsfor which a path exists are called solvable In

generaltherecanbe morethanonesolutionfor a givensolv-

ableproblem.We areinterestedn anoptimalpath,i.e.apath
A thatminimizesa costfunctiong overthepath:

~ = argmin g(Cstar t; ):

In our systemwe foundthefollowing costfunctionvaluable:
g(ciar) = da(a) + Go(c) + Go(c) (17)
g(Cara:iiam) = g(Cian) + Ge(ar;a) +  (18)
9(c%az:::am)
wherec® = sucd(c;a;), ga is a costdependingon the action
(e.g. forward walk haslesscostthan sidavayswhich takes
moretime), g0 acostdependingonthetypet®in theNAV grid
(f loor is preferredover stair s andunknown), g. aconstant
for changesn action (the robot might have to do additional
foot steps),andg, considersthe clearanceof c®in NAV in
orderto prefersaferpathsmoredistantfrom obstacles:
() = Gomax(dmax d;0): (19)
Heredmax isthemaximumclearanceborvewhichnofurther
improvementn safetyis expectedd is de ned asin (13),and
0, is aprede nedconstant.

We employ the well-known A* algorithmfor nding so-
lutions. A* maintainsa priority queuewherecandidatesre
rankedaccordingo anevaluationfunctionf composeafthe
costfunctiong andanestimatecheuristich to Cyoa :

f(Cstar t; ) = O(Cstar t; ) + h(SucdCsar t; )): (20)
For our chosendiscretizationof C we canemploy the fol-
lowing heuristicwhichis optimisticandalargercostestimate
thanthe Euclideandistance:

- X ytnp2y, x>y

h(e) = Ga y  x+ P 2 X, X y
where x = jx Xgjand y=jy y,jareabsolutecoordi-
natedifferencesromc = (X;y; ) t0 Cgoa = (Xg;Yg; ) and
0, is theminimumactioncost.

From the propertiesof the A* algorithmand our chosen
costand heuristicfunctionsit follows that A* nds the cost
optimalpath” accordingto (16)if asolutionexists.

An importantfactor for the ef ciency of A* is to detect
whethera con guration hasalreadybeenvisited before. By
using a regular grid, we can pre-computethe searchgraph
(but notthe optimal pathssincethe ervironmentis unknawvn)
andcheckfor duplicatesn constantime. This is anadwan-
tageover methodshatbuild the treeat thetime of searchas
checkingfor duplicatesneedsfurther processinge.g. by ap-
plying nearest-neighbanethods.

(16)

(21)

Robotspeci cationsandgrid dimensions

r =60mm h; =100mm df jgor =15mm cs=40mm
ry =140mm rp =500mMmm dgir s =50mm  n =100

Allowedactionsdependingon NAV type
allow(c;a) floor unknown stair s border obstacke

forward true true true false false
turn true true false false false
sideways true false false false false
backward true false false false false
Additional clearance , dependingon action
a forward turn sideways backward
fa 60mm 80mm 0 60mm
Costof actiong, (a) dependingn orientation
Oa(a) forward turn sideways backward
0 1.1 1
45 pli 1.1 1:3&5 265

Costof actiona;e dependingpn NAV type
floor unknown stair s border obstaclke
go(c) O 0.5 1 1 1
Otherconstantgor costfunction

(2;8) =0 Oc(a;a2) =025, a; 6 &
dmax =200mm Qo = 3=dmax 6a=1

Tablel: Parametersisedin ourimplementation

5 Results

We implementedour approachon QRIO, Sory's small hu-
manoidrobotwith 38 degreef freedom[Fujitaetal., 2003.
The robotis equippedwith 3 MIPS R5000CPUsclocked at
400MHzanda stereccamerasystemwith a45 eld of view
providing disparityimagesat 12.5fps. This stereodatais
segmentedinto planesfrom which our F OG and NAV grid
representationareupdatedn real-time.

Tablel lists parametersisedin ourimplementatiorfor all
variablesintroducedin the previous sections. For stairswe
restrictactionsto forward walk only. Thus,the robot only

nds pathson straightstaircasesinlessthereis alarger oor

areawhereturnsarepossible.We forbid sidevaysandback-
wardwalk in unknovn terrainbecauséherobotis notableto
seeinto its moving direction. We seta high costfor backward
motionsinceit is generallymoreunsafe.Costsareaddedor
walking in unknawn terrainandon stairswhich focusesthe
algorithmto searchfor a pathonknown oor evenif thedis-
tancetraveledis largerthanwhenmaoving on otherterrain.

For our experimentswe built a 4 meterslong and1 meter
widestagewvhereseveralobstaclesa4cmhighsill, astaircase
with 4 stepseach3cmhigh, anda higherlevel platformwere
arrangedasshavn in Figure5.

We placedQRIO at the left endof the stageandlet it ob-
sene the ervironmentby rotatingon the spot. We thencom-
mandedthe robotto nd andfollow a pathto a position3
metersahead(the centerof the higherlevel platform). Our
path-planningystemcontinuouslyevaluateghe currentNAV



Figure5: Experimentabetup.Severalobstaclesandasill are
placedonastage A staircasdeadsto ahigherlevelplatform.
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Figure6: Path-planningn narrav ervironment:therobotde-
cidesto usesidavayswalk for passinghroughthe obstacles.
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Figure7: Path-planningover asill: therobot nds a straight
pathoverthesill andthenmovesaroundthe next obstacle.

]
]

7]

Planning time: 15ms o

Figure8: Path-planningo the higherplatform: rst therobot
alignswith the staircasendthenclimbsupin a straightway.

grid andsendgpathsto a path-followingsystemwhich com-
putesthe next two foot stepsand feedsthemto the robot's
motion control system.Figures6—8 shawv 3 snapshotsf the
robot while moving on the stage. We usethe sameencod-
ing for oor, border stairsandobstaclessbefore.The color
indicatoron theright shovs the oor heightasestimatedoy
therobot. Unknown spacas left blank. Greendotsmarkthe
searctspaceof the A* algorithmwhile thepathis shavnwith
bluearrows. Brown barsonthe pathindicatestairtransitions.
In the beginning the systemhasto nd a pathleadingbe-
tweentwo close obstacleqseeFigure 6). Sincespacebe-
tweenthe obstacleds narraw, forward walk is not possible
dueto thelack of therequiredclearance or war g- Therefore,
thesystemdecidego walk sidevaysbetweerthe obstacles.
After passinghroughthe narronv passagetherobotplans
a pathover the sill in the centerof the stage(seeFigure 7).
For overcomingthesill, the systememploys a separatelyde-
velopedstair-climbingmodule[Gutmannetal., 2004.
Finally, astherobotwalks closerto the higherplatform, it
nds apathonthe staircaseo thetargetlocation(Figure8).
Thetime requiredfor nding a pathonour x ed-sizecon-
guration spacedependson the ervironmentand the path
length. In the examplesabove thetime for planningwasal-
waysbelonv 100 ms on therobot's embeddedCPU. In order
toinvestigatégherun-timedependengon pathlengthwe ran-
domly selectedyoal con gurationsin the nal mapafterthe
robotreachedts tamget. If a pathto the goal could be found,
we recordedthe length of the pathandthe time neededor
computation.Figure9 shavs the runtimeversuspathlength
measuredn a Pentiumlll, 1.4GHzcomputer Althoughthe
curve shows a slopeat leastquadraticin pathlength,for our
chosendimensionsof C the runtime increaseonly slowly
anddoesnot exceed40 msevenfor longerpaths.
Theworstcaserun-timeoccurswhenthe goalis placedat
anunreachabldocation,e.g.a free positioncompletelysur
roundedby obstacles.In this caseall but a few of the 8n?
= 80,000con gurations have to be examined. The robot's
embeddegrocessoneedscloseto 900msfor exploring this
searctspacg110msonaPentiumlll, 1.4GHz).

6 Conclusion

We presentecand evaluateda path-planningalgorithm that
providescollision freetrajectoriesof up to afew metersfor a
humanoidrobotin alayeredervironmentin realtime.

40 T
35
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25T
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151
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0 1 1 1 1
0 10 20 30 40 50 60

Path length in cells
Figure9: Time for path-planninglependingn pathlength.



In our approachunknown terrainis treatedn anoptimistic
way, i.e.theirclearingis assumedrbitrarylarge. As therobot
movescloserto unknovn areaandobsenesthe situation,the
navigationmapis re ned anda new pathis plannedautomat-
ically. This allows navigationin unknavn ervironments.

Our perceptiorsystemdistinguishebetweenoor , border
stairsandobstacleandinterpretsthemin a meaningfulway
for path planning. We believe our approachadvancespre-
vious methodson simulatedworlds, andreal robot systems
with mainly reactve, shortdistancenavigation capabilities.

The limitations of our approachare various. Our dis-
cretizationonto a grid is an approximatecell decomposition
andassuchis only completeup to the resolutionof the grid.
Furthermoreusing only 8 orientationscan prevent nding
pathsin certainervironmentsfor examplein a narron corri-
dor orientedatanangleof 20 .

Ourapproachmaybeextendedo 2™ orientationgm > 3)
by changingcell sizeandactionssuchthatrepeatedapplica-
tion of aturnactiondescribes curve with theminimumturn
radiusof therobot. Otheractionsmight move therobotover
morethanonecell in orderto align with thegrid.

Our setof actionsandthe navigationmapdo not consider
the possibility of steppingover an obstacle.We believe that
for sucha capability a foot step plannerusing precise3D
informationis of importance.However, our approactcould
be combinedwith sucha systemby marking obstacleshe
robotcanstepover similarto aswe markstairs.

At current,only straightpathsareallowedon stairs.By in-
troducingnew actionsleft-forward andright-forward we can
also nd pathsonspiral staircasestthe costof a higherrun-
time. In practice,we obsenedanincreaseof about25% in
run-time for the worst casescenariodescribedn Section5
whenaddingthesetwo actions.

We think it is alsopossibleto extendour approachto nd
areaswvheretherobotcancrawl underneattanobstacle Our
current oor andobstaclemapandthe navigationgrid, how-
ever, do not supportsucha detectionyet andhave to be ex-
tendedrst. Wewill follow this directionin the future.
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