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Abstract— Motion-planning problems can be solved by
discretizing the continuous con guration space,for exam-
ple with graph-basedor cell-basedtechniques. We study
rapidly exploring random trees(RRTs) as an example of
graph-basedtechniquesand the parti-game method as an
example of cell-basedtechniques.We then proposeparti-
gamedirected RRTs (PDRRTS) as a novel technique that
combines them. PDRRTs are based on the parti-game
method but use RRTs as local controllers rather than the
simplistic controllers usedby the parti-game method. Our
experimental results showv that PDRRTs plan faster and
solve more motion-planning problemsthan RRTs and plan
faster and with lessmemory than the parti-game method.

|. INTRODUCTION

Motion planning[1] involves nding trajectoriesin
high-dimensionalcontinuouscon guration spaces for
example, by using discrete searchmethodsafter dis-
cretizingthe con guration spacesCon guration spaces
can be discretizedin different ways, for example with
roadmapor cell-decompositiortechniques:

Roadmap techniques[2] [3] [4] determinegraphs
that lie in freespaceand representits connectity.
Systematictechniquesare not well suited for high-
dimensionakpacesAn exampleis techniqueghat con-
struct Voronoi graphs. Consequently researcheraise
samplingtechniques An exampleis rapidly exploring
randomtrees(RRTs) [5], a simplebut versatileroadmap
techniquethat builds trees. Sampling techniquesare
typically probability-completemeaningthat they nd
a trajectory if one exists, with a probability that ap-
proachesne astheir run time increases.

Cell-decompositiontechniques[6] [7], on the other
hand, decomposethe con guration spaceinto cells.
They are typically systematic and thus resolution-
complete, meaningthat they nd a trajectory if one
exists within the minimum resolutionof the decompo-
sition. Uniform terrain discretizationscan prevent one
from nding a planif they aretoo coarse-graine@nd
resultin large spaceghat cannotbe searchecf ciently
if they are too ne-grained. Consequentlyresearchers
use nonuniform terrain discretizations An example is
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the parti-game method [8], a reinforcement-learning
methodthatstartswith a coarseerraindiscretizatiorand
re nes it during executionby splitting cells only when
andwhereit is neededfor example,aroundobstacles).
In this paper we proposea novel techniquethat
combinesthe adwantagesof RRTs and the parti-game
method. Our parti-game directedRRTs (PDRRTs) are
basedon the parti-game methodbut use RRTs aslocal
controllers PDRRI s differ from recentwork thatstudied
hybrids of two different samplingtechniquessuch as
RRTs and probabilistic roadmaps[9], becausethey
provide a systematiovay of improving the performance
of RRTs. The maininsightof this paperis preciselythat
the combinationof samplingand systematidechniques
canresultin very powerful motion-planningechniques.
Dependingon their parametersPDRRI's can behae
like RRTs, the parti-game method, or a hybrid. Our
experimentalresultsshov that PDRRT's can plan faster
and solve more motion-planningproblemsthan RRTs
becausethe parti-game method directs the searches
performedby the RRTs, which allows PDRRT's to solve
more motion-planningproblemswith small passages.
Our resultsalso shov that PDRRT's can plan fasterand
with lessmemorythan the parti-game methodbecause
RRTs are more capablecontrollersthan the simplistic
controllersusedby the parti-gamemethodwhich allows
PDRRT s to split fewer cellsthanthe parti-gamemethod.
The paperis organizedasfollows. Sectionll provides
a brief descriptionof RRTs andthe parti-gamemethod.
Sectionlll introducesour PDRRI method.SectionlV
presentsthe experimentalsetup of our comparisonof
PDRRTs, RRTs and the parti-game method,and Sec-
tion V presentour results.SectionVI describeseveral
possible improvementsof basic PDRRTs that extend
their applicationsSectionVIl presentselatedwork and
SectionVIll presentddeasfor future work.

Il. BACKGROUND

In this section,we describeboth RRTs andthe parti-
gamemethodin sufcient detailto beableto describan
thefollowing sectionhow to combinethem.We describe



the parti-gamemethodin greaterdetailthanRRTs since
roboticsresearchersendto be lessfamiliar with it.

A. RRTs

RRTs[5] build atreein freespacestartingat the start
point. They repeatedlygeneratea randomsamplepoint
and then grow the tree by adding an edgeof a given
length from the vertex on the tree that is closestto
the samplepoint toward the samplepoint. RRTs can
be biasedto grow toward the goal by returningthe goal
point (insteadof a randompoint) as samplepoint with
small probability RRTs overcomethe problemsof ear
lier roadmaptechniquessuchasprobabilisticroadmaps
[3], by biasingtheir searchtoward unexplored regions
of the freespaceThereexist a numberof variationsof
basicRRTs, for examplebi-directionalversions thattry
to connecta treethatis grown from the startto the goal
with onethatis grown in the oppositedirection[10].

B. The Parti-GameMethod

The parti-game method[8] discretizescon guration
spaceinto cells of nonuniformsize,wherethe cells are
hyperrectanglesof the samedimensionasthe con gu-
rationspaceThefollowing descriptionassumes$or sim-
plicity thatthe con guration spaceis a two-dimensional
terrain.The parti-gamemethodthenstartswith aninitial
coarseterrain discretizationand assumesthat it has
several local controllersavailable in eachcell, namely
one for eachneighboringcell. Thesecontrollers must
be provided by the user The parti-gamemethodmakes
the optimistic default assumptiorthat the execution of
each controller from ary point in the cell eventually
reachessome point in the intended neighboring cell
(with a costthat equalsthe Euclideandistancebetween
the centerof the cells). However, this assumptionis
not completely justi ed since the parti-game method
usesvery simplistic controllers that just aim for the
centersof the intendedneighboringcell and can thus,
for example, get blocked by obstaclesOncethe parti-
game methodhas selecteda controller it continuesto
usethe samecontrolleruntil it eithergetsblocked by an
obstacleor entersanew cell. It usesaminimaxsearcho
determinewhich controllerto usein eachcell to reach
the cell that containsthe goal point, underthe current
assumptionaboutthe effects of the controllers.It does
this by determiningthe minimax goal distanceof each
cell and assigningit the controller that minimizes its
minimax goal distance.

2 If the parti-game method nds a solution, it exe-
cutesit until it eitherreacheghe cell that contains
the goal point (it doesnot needto reachthe goal
pointitself) or the currentlyusedcontrollerhasone

of the following unexpectedeffects:it either does
not leave the currentcell within a given amount
of time or it leaves the currentcell but reachesa
cell different from the intendedneighboringcell.
If the currently usedcontroller hasan unexpected
effect, the parti-game method recordsthe newly
obsened effect and,from now on, assumeshatthe
executionof the currentcontroller from ary point
in the currentcell canalsoresultin the samecell
thatthe currentexecutionresultedin. The obsenred
effects overwrite the default assumptioraboutthe
effects. The parti-game methodthen usesanother
minimax searchto determinethe controllerto use
in eachcell underthe currentassumptionsboutthe
effects of the controllers,and repeatshe process.
2 |f the parti-gamemethoddoesnot nd a solution,
thenit assumeshatthe terraindiscretizationis too
coarse-grainedt thereforere nes the terrain dis-
cretizationby splitting all cells that are unsohable
(that is, have an in nite minimax goal distance),
have a size that is larger than the minimum cell
size, and border at least one solvable cell - to
try to make them solvable. It also splits all cells
that are solvable, have a size that is larger than
the minimum cell size, and border at least one
unsohable cell - to ensurethat neighboringcells
have similar sizes.Eachcell is split into two cells
perpendiculatto its longestaxis. (The axis of the
split is chosenrandomly for squarecells.) The
parti-gamemethodagain assumeshatit hasseveral
local controllersavailablein eachnew cell, namely
one for each neighboring cell. It further makes
agin the optimistic default assumptionthat the
executionof eachcontrollerfrom ary pointin the
new cell eventually reachessomepoint in the in-
tendedneighboringecell. This assumptiommalkesthe
currentcell solvable. It thenusesanotherminimax
searchto again determinewhich controllerto usein
eachcell underthe currentassumptionsboutthe
effects of the controllers,andrepeatshe process.

Figure 1 illustrates the behaior of the parti-game
methodin a two-dimensionalterrain. The circle marks
thelocationof robotandthe crossmarksthe goalregion.
The robot initially moves up and getsblocked. It then
moves right (that is, towards the centerof the lower
right cell) andgetsblocked again (a). At this point, the
lowerleft cell becomesinsohable.Thelower-left cell is
now an unsohable cell that borderssolvable cells and
the upperleft and lowerright cells are solvable cells
that border an unsohable cell. Thus, thesethree cells
are split. The robot now moves up and gets blocked
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Fig. 1.

immediately It thenmovesright andagain getsblocked
immediately Finally, it movesdown (b) and eventually
succeedsn moving to the goal point (c).

The parti-game methodcan also be usedas a multi-
guery plannerby maintainingthe terrain discretization
betweerqueries|f it repeatediysolvesthe samemotion-
planningproblem,for example,thenit re nesits terrain
discretizationover time until it corvermges to both a
terraindiscretizationanda trajectory All future queries
thenreturnthis trajectory Figure 2 shavs an example.

I1l. PARTI-GAME DIRECTED RRTs

Fig. 3. Examplewhere PDRRTs ®nd a trajectoryto the intended
neighboringcell evenif the parti-gamemethodfails

We now describea novel techniquethat combineshe
adwantagesof RRTs and the parti-game method. Our
parti-game directed RRTs (PDRRTs) are basedon the
parti-game method but use RRTs as local controllers.
PDRRTs can potentially plan faster and solve more
motion-planningoroblemsthanRRTs becausehe parti-
game method directs the searchesperformedby the
RRTs, which allows PDRRT's to solve more problems
thanRRTs in terrainwith low e-goodnes$11], wheree
is the minimum fraction of spacevisible over all points.
An exampleis terrainwith small passage?DRRT's can
also potentially plan fasterand with lessmemorythan
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Examplebehaior of the parti-gamemethod

the parti-gamemethodbecauserRRTs are more capable
controllersthan the simplistic controllersused by the
parti-gamemethod which allows PDRRT s to split fewer
cellsthanthe parti-gamemethod.The controllersof the
parti-gamemethodjust aim for the centerof theintended
neighboringcell and can thus easily get blocked by
obstacleseven if the neighboringcell can be reached.
This canmalke the currentcell unsohableandthusresult
in the parti-gamemethodsplitting cells. Figure 3 shavs
an examplewherethe simplistic controllersof the parti-
gamemethodgetstuckbut RRTs easily nd atrajectory
to the intendedneighboringcell, namelythe uppercell.

PDRRTs useRRTs aslocal controllersin the follow-
ing way after the parti-game method has determined
which neighboringcell to move to: The start point is
the currentpoint andthe goal point is the centerof the
intended neighboringcell. We impose a limit on the
numberof nodesin the RRTs (we use250) to limit the
searchtime. In addition, we could imposea bounding
box beyond which the RRTs cannotgrow althoughwe
did not do this in our experiments Wheneer the RRTs
add a node to the tree that belongsto the intended
neighboringcell, then the searchterminatesand they
return the trajectory to that node. If the RRTs fail
to nd a trajectory to the intended neighboring cell
within the limit on the numberof nodesthey couldjust
return failure, similar to the casewhen the simplistic
controllers of the parti-game method get blocked by
obstaclegndthusfail to leave the currentcell. However,
we found that we canreducethe run time of PDRRI's
if our RRTs returna trajectoryto that nodein the tree
that belongsto a different neighboringcell and whose
Euclideandistanceto the goal point is minimal, similar
to the casewhenthe simplistic controllersof the parti-
game method leave the current cell but reacha cell
thatis differentfrom the intendedneighboringcell. Our
RRTs thereforereturn failure only if all nodesin the
tree belongto the currentcell whenit reacheghe limit



Query 1. No. of cells: 574, Trajectorylength: 387. Query 2. No. of cells: 574, Trajectorylength: 62.
a

Query4. No. of cells: 574. Trajectorylength: 52. Query6. No. of cells: 574, Trajectorylength: 44

Fig. 2. The behaior of the parti-game methodfor a sequencef identical motion-planningqueriesfor a zero-link (point) robot in a terrain
of size 100£ 100 with a stepsize of the local controller of one anda minimum cell size of three.The startlocationis at the bottom left.

on the numberof nodes.

If thelimit on the numberof nodesis small, thenthe
RRTs needto stronglybiastheir searchtoward the goal
point to have a chanceto nd a trajectoryto it. On the
otherhand,if thelimit on the numberof nodesis large,
then they should not strongly bias their searchtoward
the goal point to avoid getting stuck in local minima.
We thereforebias our RRTs to grow toward the goal
point by returningthe goal point (insteadof a random
point) as samplepoint with the following probabilities
that dependon the limit N on the numberof nodes:

8 .
< Pma)_( if N- Nmin
P= : M(Ni Nmin) + Pmax if Nmin < N < Nmax
Pmin if N, Nmax

wherePmax Pmin, Nmax @nd Nmin are parametersvith
Pnax > Pmin and Nmax > Nmin. We use Pnax = 1:00,
Prin = 0:05, Nmax= 200 and Nmin = 50. To summarize,
the larger the limit on the numberof nodes,the less
greedythe local controllersare. Dependingon both this
value and the minimum cell size, PDRRI's can behae
like RRTs, the parti-gamemethod,or a hybrid. PDRRT's
behae like RRTs if both parameterdiave large values
andlik e the parti-gamemethodif both parameterhave
smallvalues.Thisis anadwantageof PDRRTs becauseét
allows themto behae morelike RRTs for easymotion-
planningproblemsandmorelik e the parti-gamemethod
for hardermotion-planningproblems.

IV. EXPERIMENTAL SETUP AND IMPLEMENTATION

In order to comparePDRRTs, RRTs and the parti-
game method,we used motion-planningproblemsfor
planararticulatedrobots[12]. An n-dimensionalplanar
articulatedrobot has n revolute joints and operatesin
n+ 2-dimensionalcon guration space(one dimension
for eachof the joint anglesandtwo dimensiondor the

x andy coordinate®f oneof thejoints). Thus,whenwe
referin the following to a 5D motion-planningoroblem,
we meanone with a three-link robot in planarterrain.
Each link is of the samelength and thus the robots
getlongerasthe numberof dimensionsincreasesThe
kinematic constraintswere given by a limited angular
rangefor eachjoint andthe needto avoid self-collisions.
No dynamicconstraintswere enforced.The robotsop-
eratedin differentkinds of terrain, shavn in Figure 4.
Terrain (a) is a modi cation of the one from [13]
andrequiressuddenchangesn direction,especiallyfor
higher dimensionalcases.Terrain (b) and (c) are from
[14] andhave narrav passagesTerrain(d) is from [15]
and somavhat easierthan the other onesbut, like the
otherones,still hasa small e-goodnessWe usedthese
particularmotion-planningoroblemsasthey allow usto
testthe scalingof the variousmotion-planningmethods
with respectto the dimensionalityof the con guration
spacewithout changingthe basicnatureof the motion-
planningproblemsor losing generality The goal region
of eachterrain was speci ed by rangesof allowable
joint anglesand rangesfor the x and y coordinates.
To measurethe distancebetweentwo points in the
con guration spacewe usedthe weightedsum of the
squaredlifferencef theirn+ 2 coordinateg“weighted
Euclideandistance™).Our weightsscaledthe difference
of eachpair of coordinateso rangefrom zeroto one.For
example,the weightsof all joint angleswere 1=(2p).

Our implementation of RRTs uses the RRTExt
methodwith uni-directionalsearch10], similarto [16].
(It cannotuse the RRTExt methodwith bi-directional
searchsince our motion-planningproblemshave goal
regions rather than goal points.) It uses kd-trees to
efciently nd the vertex on the tree that is closestto
the samplepoint [17]. The RRTs were biasedto grow
towardthe goalpointby returningthe goal point (instead



Fig. 4. Testterrains(a)-(d)

of arandompoint) assamplepoint with probability 0.05.

Our implementationof the parti-game method uses
kd-treesto nd the neighborsof a cell efciently. It
usesan efcient single-passmethodto calculate the
minimax goal distanceq18]. The local controllersare
implementedasfollows: Therearetwo actionsfor each
dimensioravailable,whichincreaseor decreasés value
by one step size. The parti-game method selectsthat
action that reducesthe weightedEuclideandistanceto
the centerof the intendedneighboringcell the most. It
thenselectghis actionrepeatedlyaslong asit continues
to reducethe weightedEuclideandistance.lt selectsa
new action and repeatsthe processwhenit no longer
reducegheweightedEuclideandistancelt returnswhen
the currentcell is exited or a given amountof time has
passedThis way of selectingactionsresultedin a better
trajectory quality than other action-selectiorstratgjies
that we experimentedwith.

Finally, our implementationof PDRRT's re-usedour
implementationsof RRTs and the parti-game method
whenever possible.

V. EXPERIMENTS AND RESULTS

We evaluated PDRRTs, RRTs and the parti-game
method accordingto the number of motion-planning
problemsthey could solve and, for the onesthat they
could solwe, the time taken and the quality of the
resulting trajectory We used a step size of two for
the RRTs and a minimum cell size of ve for the
parti-game method. The same parameterswere used
for the PDRRTs. Thesestepand cell sizeswere found
to be optimal for both the PDRRI and the stand-
alone algorithms. Table 8 shaws the run times of the
three motion-planningmethodsin our test terrains (a
dashindicatesthat at leastone of the motion-planning
problemscould not be solved within the cut-off time
of 60 CPU minutes),Table 10 shaws the lengthsof the
resultingtrajectoriesand Table 9 shawvs the numberof
cells generatedy PDRRTs andthe parti-gamemethod,
in all casesaveragedover all motion-planningproblems
that they solved in 20 runswithin the cut-off time.

(@) (b)

Fig. 5. Solvability example:(a) RRTs and (b) PDRRT's

Goal

Fig. 6. Randomlygeneratederrainwith a four-link robotat the start
location (upperright corner)and a small squareat the goal location
(lower-left corner)

A. Solvability

Earlier, we had hypothesizedthat PDRRT's are able
to solve more motion-planningproblemsthan RRTSs.
IndeedPDRRT's solved more motion-planningporoblems
within the cut-off time than RRTs and the parti-game
method,for example problemswith four-link robotsin
terrain (c) and, as shawvn in Figure 5, four-link robots
in terrain (b). For the latter motion-planningproblems,
PDRRTs generate35 cells in 3514.00secondsbefore
they nd a trajectory PDRTTs appearto be at least
as good as RRTs and the parti-game method. (Note
that we formulatedthis statementarefully becausehe
run time of PDRRIs was closeto the cut-off time in
somecaseswhere PDRRT's solved all motion-planning
problemsbut the other methodsdid not.) To be able



Solvability
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Fig. 7. Number of motion-planningproblemssolved in random
terrain
Terrain Parti-Game RRTs PDRRTs
Method

(a) 2D 0.010 0.010 0.010

(a) 3D 0.070 1.410 0.360

(a) 4D 0.790 3.530 0.350

(a) 5D 2623.000 — 172.000

(a) 6D — — 2231.000 Terrain Parti-Game PDRRTs
(b) 2D 0.980 0.850 0.150 Method

(b) 3D 0.230 7.500 1.900 (@) 2D 41 1
(b) 4D 105.000 38.000 9.760 (a) 3D 32 10
(b) 5D 2171.000 — 24.900 (a) 4D 108 18
(b) 6D — — 3514.000 (b) 2D 574 31
(c) 2D 0.092 1.240 0.140 (b) 3D 70 80
(c) 3D 1.370 12.700 0.690 (b) 4D 504 276
(c) 4D 5.600 71.500 4.120 (c) 2D 103 30
(c) sb 2137.000 1483.000 531.000 (c) 3D 128 44
(c) 6D — — 3263.000 (c) 4D 488 80
(d) 2D 0.000 0.000 0.000 (dy 2D 26 1
(d) 3D 0.087 0.140 0.190 (d) 3D 35 1
(d) 4D 0.183 0.960 0.810 (d) 4D 48 6
(d) 5D 0.453 1.600 6.610 (d) 5D 568 120
(d) 6D 26.700 40.300 3.300 (d) 6D 1648 64
(d) 7D 302.000 930.000 172.000 (d) 7D 1936 192
Fig. 8. Runtimes(in seconds) Fig. 9. Cellsgenerated

to quantify the advantageof PDRRT's over RRTs more
precisely we testedall three motion-planningmethods
alsowith zero-to ve-link robotsin 500 planarterrains
that were obtainedby randomlygeneratingand placing
between8 to 16 rectangularobstaclesinto an empty
terrainof size100 by 100, resultingin 2D to 7D motion

planning problems. Figure 6 shavs an example. We

changedoththe stepsizeandthe minimum cell sizeto

onefor this experimentasit makesthelargestnumberof

motion-planningproblemssolvable.Figure7 shows that
PDRRTs solve more motion-planningproblemswithin

the cut-off time than RRTs. For example, they solve

15 percentmore motion-planningproblemsthan RRTs

for the ve-link robots. In comparisonto the parti-

gamemethod,PDRRTs seemto possessnly maginally

greatersolhability. Thedifferencein the caseof the ve-

link robotis 6 percentwhich is not signi cant.

B. RunTime

Table 8 shavs that PDRRT's seemto be fasterthan
RRTs and the parti-game methodif the dimensionality
of theterrainis sufciently large. This meansfor exam-
ple, thatPDRRT's solve moremotion-planningproblems
than RRTs without being slower.

Parti-GameMethod RRTs PDRRTs Parti-GameMethod
(post-processed)
78.00

523.20
4407.65
749.00
1369.20
31421.90
286.00
8045.65
17056.50
222.00

349.70

403.70

514.40
2221.10
12037.50

PDRRTs
(post-processed)
119.00
409.40
497.60
287.00
505.40
1123.90
302.00
606.30
7006.50
89.00
165.00
234.00
241.00
485.60
1183.60

Terrain

128.00
717.80
8307.00
3992.00
2287.90
156889.00
2430.00
12941.00
26460.00
272.00
499.80
833.70
917.70
3711.00
12782.10

111.95
216.22
341.93
307.00
505.00
763.00
299.00
504.00
744.00

58.90
203.00
329.00
417.00
525.00
625.00

121.0
497.90
520.30
735.00

6991.80
4264.60
1106.00
3746.30
15374.20
120.00
165.60
234.00
241.60
1879.70
6727.36

(a) 2D
(a) 3D
(a) 4D
(b) 2D
(b) 3D
(b) 4D
(©) 2D
(c) 3D
(c) 4D
(d) 2D

(d) 3D
(d) 4D
(d) 5D
(d) 6D
(d) 7D

Fig. 10. Trajectorylengths

C. Trajectory Quality

Table 10 shaws the lengths of the trajectories of
the three motion-planningmethods.RRTs producethe
shortesttrajectories followed by PDRRT's and eventu-
ally the parti-gamemethod.The trajectoriesof PDRRI's
and the parti-game method can be improved in two
differentways:

2 They can be improved with a simple post-
processingstep that removes cycles since both
motion-planningmethodscanmove backandforth
while splitting cells. Figure 2, for example,shavs
such loops and meanders,whose removal can
greatlyimprove the trajectory

2 They canalsobe improved by letting the motion-
planning methods repeatedly solve the same
motion-planningproblem.In this case,they re ne
the terrain discretizationand the trajectory over
time. The quality of the trajectoriestendsto im-
prove, althoughthe improvementis not monotonic
in time. For example, Figure 11 shavs how the
length of the found trajectory changesover time
for aone-linkrobotin terrain(c)wherethe motion-
planningmethodsrepeatediysolved the exactsame
motion-planning problem. The trajectory lengths
are smaller for PDRRTs than they are for the
parti-gamemethod.(For comparisonpurposesthe
averagetrajectorylengthis 504.00for RRTs.) They
converge to a constantvalue after 15 iterations
for PDRRI's and 40 iterationsfor the parti-game
methodif the trajectoriesare not post-processed,
and after 7 iterationsfor PDRRI's and 23 itera-
tions for the parti-game methodif the trajectories
are post-processed hus, they corverge earlierfor
PDRRTs thanfor the parti-game method.

The length of the trajectoriesfor a one-link robot
in terrain (c) is 3746.30 for PDRRI's without post-
processing.Ilt can be reducedto 606.30 with post-
processingandto 402.38by letting PDRRT's repeatedly
solve the samemotion-planningproblem.In this case,



post-processing fasterthanletting PDRRTs repeatedly
solve the samemotion-planningproblemandthe quality
of the resultingtrajectoryis only slightly worse.

D. MemoryConsumption

In general,it is dif cult to comparethe memory
consumptionof PDRRIs, RRTs, and the parti-game
method since RRTs and the parti-game method use
very different data structures.Table 9 therefore only
shavs the numberof cells generatecoy PDRRTs and
the parti-game method. Earlier, we have hypothesized
that PDRRIs generatefewer cells than the parti-game
method.This is indeedthe case.

VI. PDRRT EXTENSIONS

Researcherbave investigated variousimprovements
to RRTs and the parti-game method,all of which can
be usedin the context of PDRRI's aswell. Researchers
have, for example, investigated versionsof RRTs that
repeatedlytake stepstoward the samplepoint until an
obstacleis encounteredjnsteadof only a single step
[10]. They have also investigated versionsof the parti-
gamemethodthat split cellsin a differentway thanthe
versionusedby us [18]. Thereare otherwayshow one
canimprove PDRRTs. For example wheneer our RRTs
nd trajectoriesto the intendedneighboringcells, one
could cachethemfor later reuse.Wheneer our RRTS,
duringtheir search,nd trajectoriego neighboringcells
that are different from the intendedneighboringcells,
one can cachethem for later usein situationswhere
oneactuallywantsto reachthesecells.|f onecachedhe
RRTs insteadof the trajectoriespne could evenrecover
trajectoriedo the neighboringcells after cells have been
split. Theseimprovementscould potentially reducethe
run time of PDRRTs and are especiallyimportant for
multi-query planning.One could alsovary the stepsize
of the RRTs so that they use a small step size if the
sizesof the currentand intendedneighboringcells are
small and a larger stepsizeif they arelarge. The idea
behindthis suggestioris that small stepsizeswasterun
time in large cells but arenecessaryo nd trajectories
in small cells. For example,the stepsize shouldnot be
larger thanthe cell size. A simple heuristicthus would
be to setthe stepsizeto somefraction of the cell size
of the currentcell.

VIl. RELATED WORK

PDRRTs relate to other researchdirectionsin mo-
tion planning.For example, PDRRT's use more sophis-
ticated local controllers than the parti-game method.
The effect of local controllershas beenstudiedin the
motion-planninditeraturein the context of probabilistic

roadmapg19], that repeatedlygenerateandomsample
pointsandthenusethe local controllersto connecthem
to the existing roadmap.Thus, roadmapscall the local
controllersmuch more frequentlythan PDRRT's, which
explains why they tend not to use sophisticatedand
thusslow local controllers.The cachingof resultsfrom
previousquerieshasbeenstudiedin themotion-planning
literature in the context of RRTs that maintain the
treesbetweenqueries[20], but theserapidly-exploring
randomforestsneedto prunethe treesto be efcient.
Thus, PDRRI's have the potential to be faster multi-
query plannersthan rapidly-exploring randomforests.

Algorithmsthatcombinesampleandcell-basedolan-
ning methodsexist in the literature. For example re-
searcherdiave usedharmonicfunctionsin conjunction
with potential elds [21]. However, the motion-planning
techniquemost closely relatedto PDRRT's usesRRTs
aslocal controllersfor probabilisticroadmapg9]. Both
motion-planningechniquesanbe usedassingle-query
and multi-query planners.Their main differenceis that
PDRRTs combinea systematidechniquewith RRTs (a
samplingtechnique)whereaghe othermotion-planning
technique combinesanother sampling techniquewith
RRTs. Disadwantagesof combiningtwo different sam-
pling techniquesare that the performanceof the result-
ing motion planneris very sensitve to the choice of
parametewaluesandcancompletelydegradein dif cult
ervironments,as was notedin both [9] and [22]. The
performanceof PDRRTs, in contrast,is more robust.
It is insensitve to exact parametervalues and does
not completelydegradein dif cult environmentssince
PDRRTs compensatéor the failure of RRTs by making
additionalcalls to the systematidechnique resultingin
smallercells andthusadditionalguidancefor the RRTSs.
Thus, our paperdemonstratethe ef cacy of combining
samplingand systematidechniquesn motion-planning
algorithms.

VIIl. FUTURE WORK

While PDRRTs solve moremotion-planningproblems
than RRTs, they remainonly probability-completebe-
causetheir local controllerscanfail to nd trajectories
betweercellsevenif they exist. It is futurework to make
themresolution-completeOne could, for example, rst
use the simplistic (but systematic)controllers of the
parti-game methodin every cell and, only if they falil,
then switch to the (sampling-basedRRTs. One could
also use quasi-randomnumber sequencesgspecially
incrementalsequencef?3], whengeneratind‘random”
samplepoints to grow the RRTs. This overcomesthe
disadantagesof sampling-baseanethodswhile main-
taining their strengthslt is alsofuture work to perform
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moreextensve experimentswith PDRRTs, for example,
with different motion-planningproblemsthan the ones
that we usedhere and for the proposedimprovements
of the basicPDRRI method.This is interestingbecause
the parti-game method has beenreportednot to work
well for manipulatottrajectory problems[24]. If this is
due to the fact that the simplistic local controllers of
the parti-game methodtend not to reachthe intended
neighboring cells in the presenceof non-holonomic
kinematic or dynamic constraints,then PDRRT's with
their more sophisticatedcontrollers might work well
even for manipulatottrajectoryproblems.In general,it
is importantto understandbetter when the parti-game
methodas well as motion-planningmethodsbasedon
the parti-gamemethod,suchas PDRRT's, performwell
andwhenthey do not.

IX. CONCLUSIONS

In this paper we proposedoarti-gamedirectedRRTs
(PDRRT's) as a novel techniquethat combinesrapidly
exploring random trees (RRTS), a graph-baseddis-
cretizationtechniqueandthe parti-gamemethod,a cell-
baseddiscretizationtechnique.PDRRTs are basedon
the parti-game method but use RRTs as local con-
trollersratherthanthe simplistic controllersusedby the
parti-game method.Our experimentalresultsshav that
PDRRTs plan fasterand solve more motion-planning
problems than RRTs and plan faster and with less
memorythanthe parti-gamemethod.We alsodescribed
several possibleimprovementsto basic PDRRTs that
extend their applicability including a versionthat uses
RRTs with variablestepsizes.
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