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Abstract— Disassembly-basedmotion planning (DBMP) is a
novel and ef cient single-query, sampling-basedmotion planning
approach for free- ying robots. Disassembly-basednotion plan-
ning uses workspace information to determine the workspace
volume of a potential solution path and usesthis information to
exclude large portions of con guration spacefrom exploration.
It also identi es the most constrained placementsof the robot
along the potential solution path. Theseplacementsare referred
to as assembliesbecausethey are highly constrained by the
ervironment, much like parts in an assemblyare constrained.
The constraints limit the possiblemotions of the robot and thus
can be exploited to further limit con guration spaceexploration.
The use of thesetwo sourcesof workspace information permits
the solution of many practical problems with very limited
con guration spaceexploration. This reduction in con guration
spaceexploration results in performance improvements of sev-
eral orders of magnitude, compared to state-of-the-art motion
planning methods. For non-free- ying robots, disassembly-based
motion planning performs at leastas well as the sampling-based
motion planning method it is basedon.

I. INTRODUCTION

We presenta novel sampling-basedsingle-querymotion
planningmethodfor free- ying robots.The proposedlanner
systematicallyeducegheamountof con gurationspacet has
to exploreto solve a particularmotion planningproblem.This
is accomplishedy an analysisof the workspaceThe planner
uncovers structure in the workspaceand usesit to guide
con guration spaceexploration. This structureis exploited in
two ways:

a) Exploiting Wbrkspace Connectivity: Since the
workspace is of constant and low dimensionality its
connectiity canbe computedvery ef ciently. We determine
a volume of free work spacethrough which the robot can
plausibly move from the initial to the nal con guration. The
volume is referredto as tunnel Plausibility is determined
basedon a simple geometriccriterion. The exploration of the
high-dimensionalcon guration spacecan then be restricted
to those regions that representcon gurations of the robot
in which it intersectswith the free workspacevolume. This
generally eliminates large portions of con guration space.
Moreover, the workspacetunnel also includesinformation of
the distribution of obstaclesalongthe path. This information
is essentialin choosing appropriate sampling algorithms
(below). The details of this procedure are presentedin
Sectionlll-A.

b) Exploiting Geometric Constaints: The compleity
of con guration spaceregions varies over the con guration
spacein most realistic applications.Becausethe variation is

unknavn apriori, this propertygivesriseto the narrav passage
problem in sampling-basednotion planning: the sampling
density for the entire con guration spacehasto be chosen
suchthat the mostdif cult narrov passagealongthe solution
pathcanbe solved. As aresult,mary computationatesources
arewastedin lessdif cult regionsof the con guration space.
Rather than being adwersely affected by narrov passages,
the proposedmotion planning approach exploits them to
acceleratemotion planning. The ervironmentimposesmary
geometricconstraintson a collision-free con guration inside
a narrav passagethus we view sucha con guration as an
assembly The geometricconstraintsof an assemblygreatly
facilitate disassemblyasthey limit the possibledirectionsof
motion andthusthe amountof con guration spacethat hasto
be explored.The proposedlanneruseshis insightto improve
the ef ciency of motion planning.The detailsof how narrov
passagesre found, how assembliesre determinedand how
they aredisassembledre givenin Sectionlll-B.
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Fig. 1.  Decompositionof a path planning problem into disassembly
problems:a) initial and nal con gurations of a robot; b) an “assembled”
stateis determinedbasedon information aboutthe workspaceconnectvity;
¢) constraintsimposedby the environment are usedto solve disassembly
problems; d) the motion planning problem is solved by connectingthe
disassemblgequencet theinitial and nal con gurationsin anopenregion.

By combining these two ways of exploiting workspace
structure, we obtain a very efcient motion planner We
demonstratéhe mainideaswith an exampleasfollows: given
a motion planning problem showvn in Figure 1a), workspace
information is obtained and used to determinethe spatial
location of a narrav passagelong a potential solution path.
A collision-free con guration of the robot inside the narrav
passages obtained,as shovn in Figure 1b). We consider
this con guration to be an assembledstate of the robot.



The correspondinglisassemblyproblemcan be solved much
more ef ciently than the assemblyproblem by exploiting
the geometricconstraintsimposedby the environment (see
Figure 1c). Finally, the disassembledtatesare connectedo
the initial and nal con gurations. This resultsin the overall
solution path shavn in Figure 1d). This can be done very
efciently, becausethe intermediateregions contain mostly
free space.This principle also appliesin environmentswith
multiple narrav passages.

Effectively, the proposedplannerdivides the con guration
spaceinto threetypesof regions:a) the regionsof con gura-
tion spacethat are not exploredat all, becausehey represent
con gurationsthatdo not intersectthe workspaceunnel,thus
irrelevant to the path query b) dif cult regions or narrov
passagesi.e., regions in which the constraintsimposedby
workspaceobstacleson collision-free con gurations can be
exploited to perform disassemblyand c) open regions that
canbe solvedvery ef ciently . By performingthis division, the
proposedlannercandistribute samplingdensitiesaccordingly
and acceleratecon guration spaceexploration signi cantly,
yielding tremendougperformancemprovementsover existing
sampling-basegath planners.

Performanceimprovementsfor the proposedplanner are
mostpronouncedor free- ying robots,becauséor thesetypes
of robotsthe con guration spacecan most effectively be di-
videdinto thethreeaforementionea@ateyories.For othertypes
of robots, the performanceof decomposition-basedotion
planningwill be equivalentto thatof the underlyingsampling-
basedmotionplanningapproachHowever, we believe thatthe
principle of exploiting structureto rendercon guration space
explorationis generaland canleadto otherefcient planners
for the generalmotion planningproblem[5].

Il. RELATED WORK

The original probabilistic roadmap(PRM) approach[12]
givesriseto the narrav passag@roblem:pathsthroughnarrov
passages con guration spacecaneithernot be found, or the
samplingdensityfor the entire con guration spacehasto be
prohibitively high. To alleviate this problem,someapproaches
perform sampling informed by workspaceinformation. By
producingsamplesin the proximity of the medial axis of the
workspacethe likelihood of generatingcollision-freesamples
can be improved [9]. Information obtainedin the workspace
canalsobe exploitedto locally adaptthe samplingdensity[8],
[14], [19], [21].

Decomposition-baseghotion planningmethodg4], [8] de-
composethe motion planningprobleminto a low-dimensional
and a high-dimensionalsubproblem.The low-dimensional
motion planning problem can be solved efciently in the
workspaceThe solutionto this problemcapturesconnectvity
informationin the workspacerelevantto the high-dimensional
planning problem.By exploiting this information, a solution
to the overall motion planning problem can be computed
efciently. The methodproposedn this paperdiffers from [8]
in thatit replaceshe computationof the generalized/oronoi
diagram with an efcient and localized sphere expansion;

it further differs in that it can easily handle geometrically
comple robots(sinceit avoidsthe“orientation” phase)and—
most importantly—it differs in that it decomposesnotion
planningproblemsnto disassemblproblems Generally plan-
nersattemptto nd pathsinto narrav passagesin contrast,
disassembly-baseglanning r st identi es narrav passages
in the workspaceto then nd con guration spacepathsout
of them, greatly facilitating the motion planning process.
Whereadn [8] the focusis on exploiting workspacanforma-
tion in easyregions of the workspace decomposition-based
motion planning uses workspaceinformation to solve the
narrov passagesf a motion planningproblem.Furthermore,
since decomposition-basenhotion planningis entirely based
on sampling-basedechniqueswe can maintain probabilistic
completenesguarantees.

A numberof enhancedamplingstratgjies for multi-query
motion planning have beenproposed1], [3], [7], [10], [16].
Thesemethodsexploit local con guration spacepropertiesto
identify samplesbelieved to contritute to a useful roadmap.
Single-queryplannersguide the exploration of con guration
spacebasedon a particular motion planning query [2], [6],
[11], [13], [18]. They employ heuristicsto reducethe region
of con guration spaceexplored during planning.

In this section,we describethe disassembly-basehotion
planningapproachDBMP). First, we explain how workspace
information can be obtainedef ciently. Then,we presentthe
methodsof using this information to reducethe amountof
con guration spacethat must be explored to solve a given
motion planningproblem.

DISASSEMBLY-BASED MOTION PLANNING

A. Obtaining Workspacelnformation

A robot sweepsout a workspacevolume asit moves from
aninitial to the nal con guration. If this workspacevolume
were known, the exploration of con guration space could
be restrictedto the subsetof con gurations at which the
robot is containedwithin this volume. Decomposition-based
approacheso motion planningcomputean approximationof
this workspacevolume, called a workspacetunnel [4]. The
exploration of con guration spacecan then be restrictedto
those con gurations for which the robot partially overlaps
with thetunnel. The setof qualifying con gurationsrepresents
a small subsetof the overall con guration spaceand conse-
guently exploration can be performedmuch more ef ciently .
Disassembly-basenhotion planning usesthe sameidea, and
thus belongsto the family of decomposition-basedhotion
planningapproaches.

1) Sphee expansion: The workspacetunnel is computed
using a sphereexpansionalgorithm. The detailsof this algo-
rithm are given elsavhere [4]; here, we outline the general
idea. The purposeof the sphereexpansionalgorithm is to
determinea continuousworkspacevolume throughwhich the
robot might be able to move from its initial position to its
nal position. Intuitively, sphereexpansionis a wavefront
propa@tion algorithmwith adaptve stepsizes.



To computea workspacetunnel, we use a wavefront of
free spacesphereswith maximumradius.Initially, the largest
sphereof free spacecenteredat a referencepoint of the robot
in its initial positionis computed.The radius of this sphere
is determinedby the distanceof the referencepoint to the
closestobstacle.The surface of the sphereis sampledand
maximal spheresof free spacecenteredat the samplepoints
aredeterminedIf the sizeof a spheredoesnot allow the robot
to move throughit, it is not expandedfurther The remaining
spheresarekeptin a priority queue,with the highestpriority
assignedo the sphereclosesto the nal positionof therobot.
This processs referredto as sphereexpansion.Expansionof
the highest-priorityspherds performeduntil a spherecontains
the referencepoint of the robot in its nal position. The
priority assignment®f the spheresdeterminethe exploration
patternof the workspace Different heuristicscan be applied
to attainthe fastestexploration of the workspace.

During sphereexpansion,the parent/childrelationship of
spheredgs maintained.The resultingdatastructureis a tree of

anotherworkspacetunnel has beenobtained(seeFigure 3).
This algorithmwill explore alternatve tunnelsuntil the entire
workspacehasbeenexamined.
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Fig. 3. For theinitial tunnel(a) no assemblycould be found. An alternatve
tunnel (b) is computed.

It should be noted that the computation of workspace
information doesnot rely on ary specic planning method
and the connectvity information computedis helpful to all

spheresThe root spherecontainsthe referencepoint of the sampling-basedotion plannersOncea candidatenvorkspace
robotin its initial position.The sphere®f thetunnelrepresent tunnelhasbeencomputedsamplingis restrictedto thetunnel.
apathfrom theroot of thetreeto the leaf containingtherefer  In the following, we will presenta particularsampling-based
encepointin the nal positionof the robot. Figure2 shavsa motionplannerbasedon disassembliethat exploits additional

resultingfree spacetunnel. The line sggmentsconnectingthe
centersof the spheresalong the tunnel are referredto asthe
spineof the tunnel.
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Fig. 2. Workspacetunnelcomputedusing sphereexpansion,connectingthe
initial position of the robot in the bottom, left part of the environmentand
the nal positionin the right part.

In contrastto other approacheghat use workspacein-
formation [14], [19], [21], the sphere expansion provides
information aboutworkspaceconnectity for a speci ¢ path
query; exploration of the entire workspaces not necessary

2) Exploring alternative tunnels: The sphere expansion
methoddescribedabove determinesa workspacevolume that
connectgheinitial to the nal con gurationandhasa certain
minimum diameter The requiremenf minimum diameteris
not sufcient to ensurethata particulartunnelalso containsa
valid solutionto the planningproblem.Shouldthe plannerat
a later stagediscover that no such path exists, an alternatve
tunnel hasto be considered Such alternatve tunnelscan be
computedwith a small modi cation to the sphereexpansion
algorithmdescribedn the previous section.

If con gurationspacesamplingidenti es a particularregion
of theworkspacdunnelasblocked, the correspondingpheres
of the tunnelare marked andtheir childrenare removed from
the queue. Sphere expansion then resumesnormally until

information obtainedin the workspace.

B. SolvingNarrow Passa@es as Disassemblies

Sofar, we have determineda workspacdunnelusingsphere
expansion.We now describehow this tunnel can be usedto
solve the correspondingnotion planningproblemef ciently .

1) Finding narrow pass@es: An assemblyrepresentsa
placementof the robot inside a narrov passagen the work
space.To nd assembliesparrov sectionsof the computed
tunnel are considered A sectionis narraw, if the radius of
spheresn this sectionis belov athreshold.This thresholdis a
parametepf the proposedapproachlt caneasilybe estimated
basedon the geometryof the robot [4].

Oncenarrav passageareidenti ed, local spheresxpansion
is performedto improve the understandingf the workspace
nearby In the implementation sphereexpansionexploresthe
areareachedby the robot end-efector with the base x ed
in the smallestspherein the narrov region. To divide the
motion planningprobleminto disassemblyroblemsthe most
dif cult regions of the tunnel must be identi ed. This can
be accomplishedby using the watershedalgorithm applied
to the union of spherescontainedin the tunnel and the
additionalspheresbtainedin the additionalexploration[19],
[20]. The result will be a set of spheresrepresentingeach
narrav passagelabeledby the narrov passagehey belong
to. Spheresbetweentwo adjacentnarrov passagesire also
labeledaseasyregionsdistinctly, asarethespheresonnecting
the initial andthe nal positionto the rst and last narrov
passagelongthe tunnel.

An example of sucha labelingis given in Figure 4. Fig-
ure4 a) shavstheinitial and nal positionof therobotandthe
ervironmentwith a narrav passagekigure4 b) illustratesthe
tunnel computedby sphereexpansion.The spheresobtained



by the local expansionand the labeling determinedby the
watershedalgorithmare shovn in Figure 4 c).
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Fig. 4. Decompositiorof the motion planningproblembasedon assemblies:
a) the initial and nal position of a robot; b) workspacetunnel connecting
the initial and nal positions;c) spheresare addedto improve workspace
understandingaround narrav passagesspheresare labeled as the narrav
passagend openregions (distinguishedwith differentcolorsin the gure);
d) the assembledstate of the robot decomposeghe motion planning into
two subproblemsmoving from the assembledstateto the initial and nal
con gurations.

2) Findinganassembly:An assemblyis foundby sampling

robot con gurationsin the proximity of the narrov passage.

Uniform samplingis adequatein this situation, becausethe
entire region has roughly uniform compl«ity. To generate
a sampleinside the narrov passagdor free- ying robots,a
value for the rotational degreesof freedom of the robot is
generatediniformly at random.In addition, a referencepoint
on the robot and a random point inside the volume of the
narrov passageare chosen.The translationalcomponentof
the robot's con guration is determinedsuch that thesetwo
points coincide.

Since an assemblyshould representa highly constrained,
collision-freeplacemenbf therobot, we requirethatthe robot
be either completelycontainedinside the narrov passageor
can reachacrossit. In the latter case,we require that two
pointsof therobotbe containedn spheresvith differentlabels
outsidethe narrav region. An example of sucha placement
canbe seenin Figure4 d). Collision-freesampleghat do not
fulll this criterion are rejected.If more than one assembly
is discovered after a certain numberof sampleswe choose
a setof connectecassembliesandomlyto disassemblelf no
assemblycan be found, a new tunnelhasto be computed.

3) Performingdisassembly:So far only a very small frac-
tion of the con guration spacehasbeenexplored by uniform
sampling.Theseregionscorrespondo narrov passageslong
a workspaceaunnelconnectingthe initial andthe nal con g-
uration. This computationakxpenseis necessaryhowever, to
solve the mostdif cult partsof the motion planningproblem.
The resulting assembliesgive us much information about
solutions for the remaining disassemblyproblems.We will
use the con guration of the assemblyto bias our sampling
schemefor disassemblyThe samplingschemeis motivated
by two insights:

1) the translationalcomponentof the disassemblymotion

should be biasedto mave the robot out of the narrav
passagendinto an openregion, and

2) dueto the constraintdmposedby the ervironment,only
small incrementalmotionsshouldbe attempted.

Pseudo code for the proposed sampling procedure for
diffusion-baseddisassemblyis shavn in Figure 5. Given a
setA of connectedassembleglacementof the robot inside
the narrov passagethis procedurebuilds a roadmap for
each disassemblysubproblem.Since assembliesare strictly
constrainedby the ernvironment, samplesare obtained by
small perturbationsof milestonesalready presentedin the
roadmap.This effectively usesthe information containedin
the initial assemblyand subsequentiythe entire roadmapto
reducecon guration spaceexploration by limiting samplesn
the regions likely containingcollision-free placementf the
robot. While the rotationalcomponenis perturbedrandomly
the translationalcomponentof the con guration is perturbed
with a biastowardsthe openregionsof workspaceaepresented
by thetunnel. This biasexploits workspacenformationto fur-
ther reducecon guration spaceexploration, since promising
directionsfor translationaimotionsare sampledmoredensely

DISASSEMBLE (assemblie®\, tunnel T)
initialize roadmapR to containassemblieA
while robot hasnot left narrov passage
randomly selectmilestonem from R
randomly selectdirectiond towardsopenregionin T
perturb translationof m biasedby d to obtainm?®
perturb rotationalcomponentsf m° to obtain m®
if m%is collision free
if r 2 R exists so that m®canbe connectedo r
insert m®andedge(r; m®y into R
Fig.5. Pseudaodefor disassemblyA represents list of assembledtates,

T refersto the workspaceunnel,R designates roadmapm; m%m%r are
con gurations.

By selectingcon gurations for perturbationuniformly at
randomin the roadmapR, ratherthan in a biasedfashion
as in other approacheq11], [13], we effectively achieve a
bias towards promising regions of con guration space.This
can be seenas follows. Sincethe con guration spaceregion
under considerationrepresentsa narrov passagegollision-
free sampleswill be rare. Once a collision-free samplehas
beenfound, its neighborhoodis likely to contain additional
free placementsof the robot. This probability increasesas
con gurations move away from the assembledstate, effec-
tively introducinga biasfrom constrainedegionstowardsless
constrainedegions. This biasis desirablefor disassembly

An assemblyis consideredto be disassembledonce the
robothasbeenremored from the narrav sectionof the tunnel.
Consecutie disassembledon gurationsalongthe tunnelare
connectedisingthe traditional PRM framavork with uniform
sampling [12]. Only samplesin proximity to the relevant
sectionof the workspaceareretained Consequentlythe PRM
framework is only appliedto a small and openregion of the
con guration spaceand a small roadmapsufce to nd a



solution.

C. ConnectingDisassemblies

By concatenatingdisassemblysequence®btainedby the
proposedsampling schemeand intermediatepaths obtained
usinga localizedPRM planner a solutionto the initial motion
planningproblemcanbedeterminedA localizedPRM planner
usesthe samplingschemedescribedn Sectionlll-B.2, instead
of a uniform samplingscheme.This restrictsthe generation
of samplego the region of interestby ensuringthat the robot
intersectswith the relevant workspaceregion.

D. Probabilistic Completeness

Due to spacelimitations we can only provide high-level
argumentsfor the probabilisticcompletenessf disassembly-
basedmotion planning.Ultimately, we deferto the complete-
nessproof for probabilistic roadmapmethodswith uniform
sampling[17] and shav that the algorithmic differencesbe-
tween the two motion planning methodsdo not affect the
proof.

Our agumentrequiresthat all applied samplingmethods
are probabilistically complete;uniform samplingful lls this
requiremen{17]. Theimplementatiordescribedn Sectionlll
usesuniformsamplingto nd assembliedJniform samplingis
alsousedin easyregions.To ensuregprobabilisticcompleteness
for uniform sampling,we can shav that restrictingsampling
to workspacetunnelsdoesnot affect completeness.

For disassemblies dif cult regions,however, a diffusion-
basedtechniqueis employed. To shav completenesgor the
disassemblystep, we require that a certain fraction of the
samplesplaced during disassemblyare placed uniformly at
randomin the disassemblyregions; we then use the same
argument as for uniform sampling. (In practice, we found
thatthe samplingmethoddescribedn Sectionlll-B.3 is much
moreef cient thanuniform sampling.We did not obsenre ary
problem instancesolvable by uniform sampling, but not by
using the disassemblymethod.)

To argue probabilistic completenesswe have to make an
additional modi cation to the motion planner presentedin
Sectionlll. This modi cation addressethe specialcasewhen
the robot has to perform a motion for the purposeof re-
orientingitself. Sucha situationcanarisewhentheinitial and
nal con gurationlie in thesamedif cult region. Thisdif cult
region can containa valid workspacetunnel, but might not
allow the robotto performthe requiredmotion to assumethe
goal con guration. However, a solution path may still exist.
Sucha solution path would lead the robot from the dif cult
region into an easyregion for re-orientationand then back
into the dif cult region. The workspace-baseéxploration of
con guration spacewould not generatesuch a path, since
it only generatessamplesalong non-overlappingworkspace
tunnelsconnectingheinitial and nal placemenbf therobot.
To nd sucha solution path, the workspaceexploration will,
after all otherworkspacetunnelshave beenrejected,generate
a tunnel consistingof the entire workspace(see Figure 6).
At this stage,the proposedplannerwould still benet from

the different sampling densitiesin different regions of the
con guration space The advantagegainedfrom therestriction
of samplingto a particularcon guration spaceregionswould
be lost. Effectively, the planneris transformedrom a single-
queryto a multi-query planner

Fig. 6. A workspacetunnelresultingfrom a sphereexpansionin the entire
workspace.

Given these modi cations to the algorithm, we rely on
the completenesgroof for probabilistic roadmap methods
with uniform sampling[17] to arguethatdecomposition-based
motion planningis probabilisticallycomplete.

IV. EXPERIMENTAL RESULTS

To evaluate the proposedplanner we compareit with
six prevailing sampling-baseglanning methods:probabilis-
tic roadmap (PRM) method with uniform sampling [12],
PRM with Gaussiansampling [3], PRM with the bridge
test[10], visibility-basedPRM [16], rapidly-exploring random
trees(RRTConnect)[13], andlazyPRM][2]. RRTConnectand
lazyPRM can be viewed as the most commonly usedsingle-
guery approachesSince disassembly-baseghotion planning
(DBMP) is a single-querymethod, these plannersare most
appropriatfor comparisonWe alsocomparehe performance
of disassembly-basethotion planning with common multi-
guery planners.Our experimentsindicate that in someenvi-
ronmentsthese multi-query plannersoutperformthe single-
qguery planners(RRT and lazyPRM), but not disassembly-
based motion planning. An additional comparisonof the
proposednethodwith a sampling-basedotion plannerusing
an approximatedmedial axis (aMAPRM [21]) can be found
in [22].

The implementationused for the experimentsis based
on the Motion Stratgy Library (MSL) [15]. This library
containsimplementation®f PRM with uniform samplingand
RRTConnect.Othermotion plannersusedin the experimental
evaluationwere integratedinto MSL.

The experimentalenvironmentsusedfor the evaluation of
disassembly-basenhotion planning are shavn in Figure 7.
The two left-most ervironmentsin Figure 7 contain two
chambersconnectedby a narrov passage.The initial and
goal con gurationsarelocatedin differentchambersThe two
ervironmentsonly differ in the width of the narrav passage.
Theseervironmentsare usedto demonstratéhat, in contrast
to the other planners,the performanceof disassembly-based
motion planningis only mamginally affectedby the width of
the narrav passage.



Fig. 7.

connecteduy a narrav passagéwe considertwo passagesf differentsize: 0:1m
boundedby abox (12m  4:5m  4:5m) andthe two partsof free spaceare connectedy a long tunnel (2:5m

Experimentalervironments:In the rst environmenton the left is boundedby a box (12m

4:5m
0:5m and0:1m

4:5m) and containstwo partsof free space
1:0m  1:0m). The secondervironmentis
1:0m  1:0m); this tunnelis longerthan

0:5m

the PA10 robot, which hasa total lengthof 1.3m.Thethird environmentis boundedby abox (12m  7:5m  4:5m) andthe tunnelconnectingthe lower two

chambershasa sizeof 0:1m  0:375m

The fourth environmentis boundedby a box (12m  10m

The secondpicture from the left in Figure 7 shavs an
ernvironmentin whichthelengthof thenarrov passagexceeds
thelengthof the robot. This experimentillustratesthat narrav
passagesan be solved ef ciently, irrespectie of their sizes.

The next ervironment containsthree chambers,of which
the two bottom chambersare connectedoy a passagehat is
very narrov for the robot. DBMP identi es this tunnelasan
areacontaininga possiblesolution path. Whenthe processof

nding an assemblyfails, the alternatve tunnelis found and

a solution path along the correspondingvorkspacevolumeis
computedThisillustratesDBPM's ability to handlethefailure
of nding anassemblyor the appropriatedisassembly

Theright-mostervironmentin Figure7 representsn of ce
building with hallwaysandof ces. A projectionof the model
into the planeis shavn. The robot movesbetweenthe rooms,
connectedby the hallway. This experimental environment
illustrateshow large portions of the con guration spacecan
be excludedfrom motion planning basedon workspacecon-
nectity.

Fig. 8. Robotsusedin the experiments.Left: free- ying Mitsubishi PA-
10 with 13 degreesof freedom,total length 1:317m; Right: free ying 102
degree-of-freedonrobot, composedof 33 links (0:1dmm  0:0125mm
0:0125mm , total length2:9m) with ball-joints.

We ran experimentswith a thirteen degree-of-freedom,
free- ying PA10 robot and a 102 degree-of-freedomrobot
(Figure 8). Experimentalresultsare reportedin Tablel. Our
method outperformsother plannersnot only with respectto
overall planningtime, but alsowith respecto the size of the
resultingroadmapAs discussedn Sectionlll, DBMP spends
most of the computationalresourcesnding assembliesand
disassemblinghem, i.e., solving thoseparts of the planning
problem that are considereddif cult. Only very limited re-

0:375m; both passagesonnectingthe upperchamberto the lower chambershave a size of 0:1m
4:35m) and containsseveral rooms.The doorshave width of 0:5m.

im 1m.

sourcessufce to connectdisassembledtatesthrough easy
regions. This indicatesDBMP distributes the computational
resourcesaccordingto the dif culties of the regions. As a
result,the roadmapcontainsmostsamplesn dif cult regions,
wherea densesamplingis requiredto capturethe connectvity

of the restrictedfree spaceln openregionsvery few samples
sufce to captureconnectvity.

The experimentswith the 102 degree-of-freedomrobot
demonstratehe ability of DBMP to solve planningproblems
in highdimensionaton gurationspaceslin theof ce erviron-
ment, moretime is spentconnectingpathsin the easyregions
because¢heroomsandthecorridoraresmallwith respecto its
size.In [22], we alsodemonstrateéhe effectivenessof DBMP
appliedto rigid body robots.

PRMwith uniform sampling, PRM with Gaussiarsampling,
PRM with bridge test, and visibility-based PRM are multi-
guery planners.They explore the entire con guration space.
It thereforeis not surprisingthat disassembly-basernhotion
planning can outperform these methods. It is notewvorthy,
however, thatthesemulti-querymethodsn someernvironments
outperformthe single-querymethodsRRTConnect[13] and
lazyPRM [2]. We offer the following explanation:RRTCon-
nect prefersto drive con guration spaceexploration towards
unexplored and openregions. It thus has dif culties to nd
pathsfrom open regions into narrav passageslt also suf-
fers from the translation-rotationdiscrepang problem [7].
LazyPRM,on the otherhand,biasesexplorationof con gura-
tion spacebasedon proximity to the straightline connecting
initial and nal con guration of the planning problem. The
experimentalervironmentsusedin this papercontaina narrov
passag¢hathasto betraversedto solve the planningproblem.
If this narrav passageas “far away” from the straightline,
lazyPRM is forced to exhaustvely explore large regions of
the con guration space.

Finally, to illustrate the sparsenessf roadmapsresulting
from disassembly-baseahotion planning,we shav the sam-
ples of a successfuroadmapin Figure 9. All milestonesof
theroadmaparealongthe workspacaunnelandmostof them
arecloseto the narrav passages.



Robot WorkspaceComputation Path Planning Total
Environment Planner Ts(s) Ny Ne N Ta Ty Te Tc(S) T(s) Factor
PRM N/A 18259 36516 | 29849130 | N/A N/A N/A 6962.02 6962.02 5481.9
Gaussian N/A 9075 18146 2968297 | N/A N/A N/A 1993.08 1993.08 1569.4
BridgeTest N/A 2361 4703 1997788 | N/A N/A N/A 983.74 983.74 774.6
Visibility N/A 53 103 2614581 | N/A N/A N/A 1526.12 1526.12 1201.7
RRTConnect N/A 12273 12272 804802 | N/A N/A N/A 1174.95 1174.95 925.2
lazyPRM N/A no pathfound after 20,000seconds > 15748.0
DBMP 0.08 14 26 1444 [ 027 | 092 0.00 | 1.19 [| 1.27 1.0
PRM N/A 1441 2878 269144 | N/A N/A N/A 148.02 148.02 208.5
Gaussian N/A 335 662 66086 | N/A N/A N/A 40.20 40.20 56.6
BridgeTest N/A 331 633 270557 | N/A N/A N/A 130.57 130.57 183.9
Visibility N/A 25 49 222557 | N/A N/A N/A 122.61 122.61 172.7
RRTConnect N/A 80 79 28591 | N/A N/A N/A 17.75 17.75 25.0
lazyPRM N/A 7816 | 373357 91228 | N/A N/A N/A 3128.96 3128.96 4407.0
DBMP 0.08 8 14 932 | 0.13 0.50 0.00 0.63 0.71 1.0
PRM N/A no path found after 20,000seconds > 3738.3
Gaussian N/A 1945 3854 492442 | N/A N/A N/A 381.02 381.02 71.2
BridgeTest N/A 473 869 352156 | N/A N/A N/A 164.76 164.76 30.8
Visibility N/A 64 107 331750 | N/A N/A N/A 199.13 199.13 37.2
RRTConnect N/A 8471 8470 657739 | N/A N/A N/A 700.90 700.90 131.0
lazyPRM N/A no path found after 20,000seconds > 3738.3
DBMP 3.77 13 24 1487 [ 0.08 | 150 | 0.00 | 1.58 [| 5.35 1.0
PRM N/A 2798 5590 3440460 | N/A N/A N/A 2029.61 2029.61 253.7
Gaussian N/A 894 1772 200279 | N/A N/A N/A 136.97 136.97 17.1
BridgeTest N/A 923 1781 1020581 | N/A N/A N/A 466.78 466.78 58.3
Visibility N/A 80 153 1251411 | N/A N/A N/A 684.25 684.25 85.5
RRTConnect N/A 5245 5244 501984 | N/A N/A N/A 383.24 383.24 47.9
lazyPRM N/A no pathfound after 20,000seconds > 2500.0
DBMP 1.36 43 84 6773 ] 045 | 436 | 1.83 ] 6.64 || 8.00 1.0
PRM N/A 2580 5510 6485085 | N/A N/A N/A 4082.56 4082.56 249.1
Gaussian N/A 1028 1993 209273 | N/A N/A N/A 170.60 170.60 10.4
BridgeTest N/A 589 1004 427681 | N/A N/A N/A 237.94 237.94 14.5
Visibility N/A 165 307 436722 | N/A N/A N/A 321.15 321.15 19.6
RRTConnect N/A 5934 5933 550687 | N/A N/A N/A 479.08 479.08 29.2
lazyPRM N/A no path found after 20,000seconds >1220.3
DBMP 10.80 39 76 4261 | 1.64 1.97 1.99 5.59 16.39 1.0
PRM N/A 1734 3456 370109 | N/A N/A N/A 3137.48 3137.48 330.3
Gaussian N/A 3977 7425 1268621 | N/A N/A N/A 11402.24 11402.24 1200.2
BridgeTest N/A 2309 4056 1036890 | N/A N/A N/A 7508.79 7508.79 790.4
Visibility N/A 41 64 317935 | N/A N/A N/A 2590.49 2590.49 272.7
RRTConnect N/A no pathfound after 20,000seconds > 2105.3
lazyPRM N/A no pathfound after 20,000seconds >2105.3
DBMP 2.00 7 12 1459 | 2.03 | 547 | 0.00 | 7.50 || 9.50 1.0
PRM N/A 3299 6514 1229858 | N/A N/A N/A 10612.4 10612.4 375.4
Gaussian N/A 1335 2358 343108 | N/A N/A N/A 3264.92 3264.92 1155
BridgeTest N/A 1563 2509 658825 | N/A N/A N/A 5345.59 5345.59 189.1
Visibility N/A 109 206 642390 | N/A N/A N/A 5577.04 5577.04 197.3
RRTConnect N/A no path found after 20,000seconds > 707.5
lazyPRM N/A no path found after 20,000seconds > 707.5
DBMP 7.44 23 44 2735 302 ] 1782 000 [ 2083 2827 1.0
PRM N/A 1407 2656 535469 | N/A N/A N/A 6239.24 6239.24 47.6
Gaussian N/A 1365 2309 324785 | N/A N/A N/A 3612.45 3612.45 27.6
BridgeTest N/A 1134 1618 356464 | N/A N/A N/A 3545.02 3545.02 27.0
Visibility N/A 182 324 512168 | N/A N/A N/A 5381.38 5381.38 41.1
RRTConnect N/A no pathfound after 20,000seconds > 152.6
lazyPRM N/A no path found after 20,000seconds > 152.6
DBMP 34.70 63 | 122 ] 8082 | 0.73 | 53.08 [ 4255 [ 96.36 || 131.07 1.0
TABLE |

ExperimentalResults

Comparisorof a PRM plannerwith uniform sampling(PRM), a PRM plannerwith Gaussiarsampling(Gaussian)a PRM plannerwith bridgetest
BridgeTest, a visibility-basedPRM (Visibility), an RRTConnectplanner a lazyPRM plannerand a disassembly-baseghotion planning (DBMP).
Ts representghe time to computethe workspaceconnectity information; Ny denotesthe numberof verticesin the roadmap,Ne refersto the
numberof edgesin the roadmapN¢ speci esthe total numberof collision checks,T, is thetimeto nd assembliesn the narrav passage(s)Tq
representshe time to disassemblé¢he robot from assembliesTe denoteshe time to connectcon gurationsin easyregions, T givesthe duration
of roadmapconstructionand T is the add-uptime consumption Factor indicatesthe time consumptiorratio betweenother plannersand DBMP.
All timesareaveragedover tenruns,givenin secondsThe experimentswere performedon a PentiumlV 3.2GHzPC with 1GB RAM anda 64MB
DDR Radeon300 graphicscard.



(1]
(2]

(3l

Fig. 9.  Sample placementfor disassembly-basethotion planning: The (4]
planningproblemrequiresthe PA10 robotto move from oneroomto another

in the oor ervironment. Left: the workspacetunnel connectingthe initial

and goal positionsof the robot. Right: milestonesof the resultingroadmap
projectedinto the workspace.There are clustersof milestonesinside the [5]
narrav passagesThis indicatesthat most computationtime is spentsolving

the dif cult portionsof the motion planningproblem.

6]

[7]
V. CONCLUSION

Disassembly-basednotion planning is a single-query 18]
sampling-basedotion planningmethodfor free- ying robots
that outperformsexisting motion planningtechniquedy sev- [l
eral orders of magnitudefor mary realistic scenarios.We
presentextensive experimental evidence in support of this [10]
argument, comparingthe performanceof disassembly-based
motion planning with several state-of-the-arsampling-based
motionplannersFor stationaryrobotsthe planneris capableof  [11]
achiezing performancemprovementsandwill alwaysperform

at least as well as the underlying sampling-basednotion (1]
planningapproach.

Disassembly-basecthotion planning derives its ef ciency [13]
from the exploitation of workspaceinformation. This infor-
mationis usedto identify con guration spaceregionsthatare
likely to containthe solution path. By restricting exploration
to theseregions, only a small fraction of con guration space
needto be explored, signi cantly increasingthe efciency of  [19]
the motion planningprocess. [16]

To restrict con guration space exploration, two distinct
types of workspaceinformation are exploited. Connectvity
informationfrom the workspaces usedto identify a tunnelof
freeworkspacdikely to containa solutionpath.Con guration  [18]
spaceexploration can then be restrictedto con gurationsin
which the robot intersectsthis workspacetunnel. Note that
this aspectof the proposedplanner can be applied as a [19]
pre-processingtepto any sampling-basednotion plannerto
signi cantly improve its performance.

Workspaceinformation is further usedto identify narrov  [20]
passagesA collision-free placementof the robot inside a
narrov passages consideredan assemblybecausegjeometric [21]
constraintsof the ervironment limit the motions the robot
canperform.The constraintdmposedby the ervironmentcan
in turn be exploited to limit con guration spaceexploration, [22]
resultingin further performancamprovements.

(14]

(17]
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