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Abstract— Disassembly-basedmotion planning (DBMP) is a
novel and ef�cient single-query, sampling-basedmotion planning
approach for fr ee-�ying robots. Disassembly-basedmotion 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 spacefr om exploration.
It also identi�es the most constrained placementsof the robot
along the potential solution path. Theseplacementsare referred
to as assembliesbecause they are highly constrained by the
envir onment, much lik e 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 impr ovements 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 least as well as the sampling-based
motion planning method it is basedon.

I . INTRODUCTION

We presenta novel sampling-based,single-querymotion
planningmethodfor free-�ying robots.The proposedplanner
systematicallyreducestheamountof con�gurationspaceit has
to explore to solve a particularmotionplanningproblem.This
is accomplishedby ananalysisof theworkspace.Theplanner
uncovers structure in the workspaceand uses it to guide
con�guration spaceexploration.This structureis exploited in
two ways:

a) Exploiting Workspace Connectivity: Since the
workspace is of constant and low dimensionality, its
connectivity can be computedvery ef�ciently . We determine
a volume of free work spacethrough which the robot can
plausiblymove from the initial to the �nal con�guration. The
volume is referred to as tunnel. Plausibility is determined
basedon a simplegeometriccriterion.The explorationof 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 obstaclesalong the path.This information
is essential in choosing appropriate sampling algorithms
(below). The details of this procedure are presentedin
SectionIII-A.

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

unknown apriori, thispropertygivesriseto thenarrow passage
problem in sampling-basedmotion planning: the sampling
density for the entire con�guration spacehas to be chosen
suchthat the mostdif�cult narrow passagealongthe solution
pathcanbesolved.As a result,many computationalresources
arewastedin lessdif�cult regionsof the con�guration space.
Rather than being adversely affected by narrow passages,
the proposedmotion planning approachexploits them to
acceleratemotion planning.The environment imposesmany
geometricconstraintson a collision-freecon�guration inside
a narrow passage,thus we view such a con�guration as an
assembly. The geometricconstraintsof an assemblygreatly
facilitatedisassembly, as they limit the possibledirectionsof
motionandthustheamountof con�guration spacethathasto
beexplored.Theproposedplannerusesthis insightto improve
the ef�ciency of motion planning.The detailsof how narrow
passagesare found, how assembliesaredetermined,andhow
they aredisassembledaregiven in SectionIII-B.

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 about the workspaceconnectivity;
c) constraintsimposedby the environment are used to solve disassembly
problems; d) the motion planning problem is solved by connecting the
disassemblysequencesto theinitial and�nal con�gurationsin anopenregion.

By combining these two ways of exploiting workspace
structure, we obtain a very ef�cient motion planner. We
demonstratethemain ideaswith anexampleasfollows: given
a motion planningproblemshown in Figure 1a), workspace
information is obtained and used to determinethe spatial
location of a narrow passagealong a potentialsolution path.
A collision-freecon�guration of the robot inside the narrow
passageis obtained,as shown in Figure 1b). We consider
this con�guration to be an assembledstate of the robot.



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

Effectively, the proposedplannerdivides the con�guration
spaceinto threetypesof regions:a) the regionsof con�gura-
tion spacethat arenot exploredat all, becausethey represent
con�gurationsthatdo not intersecttheworkspacetunnel,thus
irrelevant to the path query, b) dif�cult regions or narrow
passages,i.e., regions in which the constraintsimposedby
workspaceobstacleson collision-free con�gurations can be
exploited to perform disassembly, and c) open regions that
canbesolvedvery ef�ciently . By performingthis division, the
proposedplannercandistributesamplingdensitiesaccordingly
and acceleratecon�guration spaceexploration signi�cantly,
yielding tremendousperformanceimprovementsover existing
sampling-basedpathplanners.

Performanceimprovementsfor the proposedplanner are
mostpronouncedfor free-�ying robots,becausefor thesetypes
of robotsthe con�guration spacecan most effectively be di-
videdinto thethreeaforementionedcategories.For othertypes
of robots, the performanceof decomposition-basedmotion
planningwill beequivalentto thatof theunderlyingsampling-
basedmotionplanningapproach.However, we believe thatthe
principle of exploiting structureto rendercon�guration space
exploration is generalandcan leadto otheref�cient planners
for the generalmotion planningproblem[5].

I I . RELATED WORK

The original probabilistic roadmap(PRM) approach[12]
givesriseto thenarrow passageproblem:pathsthroughnarrow
passagesin con�gurationspacecaneithernot befound,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 medialaxis of the
workspace,the likelihoodof generatingcollision-freesamples
can be improved [9]. Information obtainedin the workspace
canalsobeexploitedto locally adaptthesamplingdensity[8],
[14], [19], [21].

Decomposition-basedmotion planningmethods[4], [8] de-
composethemotionplanningprobleminto a low-dimensional
and a high-dimensionalsubproblem.The low-dimensional
motion planning problem can be solved ef�ciently in the
workspace.Thesolutionto this problemcapturesconnectivity
informationin theworkspacerelevant to thehigh-dimensional
planningproblem.By exploiting this information, a solution
to the overall motion planning problem can be computed
ef�ciently . Themethodproposedin this paperdiffers from [8]
in that it replacesthe computationof the generalizedVoronoi
diagram with an ef�cient and localized sphereexpansion;

it further differs in that it can easily handle geometrically
complex robots(sinceit avoidsthe“orientation”phase);and—
most importantly—it differs in that it decomposesmotion
planningproblemsinto disassemblyproblems.Generally, plan-
nersattemptto �nd pathsinto narrow passages.In contrast,
disassembly-basedplanning �r st identi�es narrow passages
in the workspaceto then �nd con�guration spacepathsout
of them, greatly facilitating the motion planning process.
Whereasin [8] the focusis on exploiting workspaceinforma-
tion in easyregions of the workspace,decomposition-based
motion planning uses workspaceinformation to solve the
narrow passagesof a motion planningproblem.Furthermore,
sincedecomposition-basedmotion planningis entirely based
on sampling-basedtechniques,we can maintainprobabilistic
completenessguarantees.

A numberof enhancedsamplingstrategies for multi-query
motion planninghave beenproposed[1], [3], [7], [10], [16].
Thesemethodsexploit local con�guration spacepropertiesto
identify samplesbelieved to contribute 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 spaceexploredduring planning.

I I I . DISASSEMBLY-BASED MOTION PLANNING

In this section,we describethe disassembly-basedmotion
planningapproach(DBMP). First, we explain how workspace
informationcanbe obtainedef�ciently . Then,we presentthe
methodsof using this information to reducethe amountof
con�guration spacethat must be explored to solve a given
motion planningproblem.

A. ObtainingWorkspaceInformation

A robot sweepsout a workspacevolumeas it moves from
an initial to the �nal con�guration. If this workspacevolume
were known, the exploration of con�guration spacecould
be restricted to the subsetof con�gurations at which the
robot is containedwithin this volume. Decomposition-based
approachesto 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.Thesetof qualifying con�gurationsrepresents
a small subsetof the overall con�guration spaceand conse-
quently exploration can be performedmuch more ef�ciently .
Disassembly-basedmotion planningusesthe sameidea, and
thus belongs to the family of decomposition-basedmotion
planningapproaches.

1) Sphere expansion: The workspacetunnel is computed
using a sphereexpansionalgorithm.The detailsof this algo-
rithm are given elsewhere [4]; here, we outline the general
idea. The purposeof the sphereexpansionalgorithm is to
determinea continuousworkspacevolumethroughwhich the
robot might be able to move from its initial position to its
�nal position. Intuitively, sphereexpansion is a wavefront
propagation algorithmwith adaptive 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 position is computed.The radiusof this sphere
is determinedby the distanceof the referencepoint to the
closestobstacle.The surface of the sphereis sampledand
maximal spheresof free spacecenteredat the samplepoints
aredetermined.If thesizeof a spheredoesnot allow therobot
to move throughit, it is not expandedfurther. The remaining
spheresarekept in a priority queue,with the highestpriority
assignedto thesphereclosestto the�nal positionof therobot.
This processis referredto assphereexpansion.Expansionof
thehighest-prioritysphereis performeduntil a spherecontains
the referencepoint of the robot in its �nal position. The
priority assignmentsof the spheresdeterminethe exploration
patternof the workspace.Different heuristicscan be applied
to attain the fastestexplorationof the workspace.

During sphereexpansion,the parent/childrelationshipof
spheresis maintained.The resultingdatastructureis a treeof
spheres.The root spherecontainsthe referencepoint of the
robot in its initial position.Thespheresof thetunnelrepresent
a pathfrom theroot of thetreeto theleaf containingtherefer-
encepoint in the �nal positionof the robot.Figure2 shows a
resultingfree spacetunnel.The line segmentsconnectingthe
centersof the spheresalong the tunnel are referredto as the
spineof the tunnel.

Fig. 2. Workspacetunnelcomputedusingsphereexpansion,connectingthe
initial position of the robot in the bottom, left part of the environmentand
the �nal position in the right part.

In contrast to other approachesthat use workspacein-
formation [14], [19], [21], the sphere expansion provides
information aboutworkspaceconnectivity for a speci�c path
query;explorationof the entireworkspaceis not necessary.

2) Exploring alternative tunnels: The sphereexpansion
methoddescribedabove determinesa workspacevolumethat
connectsthe initial to the �nal con�guration andhasa certain
minimum diameter. The requirementof minimum diameteris
not suf�cient to ensurethat a particulartunnelalsocontainsa
valid solution to the planningproblem.Shouldthe plannerat
a later stagediscover that no suchpath exists, an alternative
tunnel has to be considered.Suchalternative tunnelscan be
computedwith a small modi�cation to the sphereexpansion
algorithmdescribedin the previous section.

If con�gurationspacesamplingidenti�es a particularregion
of theworkspacetunnelasblocked,thecorrespondingspheres
of the tunnelaremarked andtheir childrenareremoved from
the queue. Sphereexpansion then resumesnormally until

anotherworkspacetunnel has beenobtained(seeFigure 3).
This algorithmwill explore alternative tunnelsuntil the entire
workspacehasbeenexamined.

Fig. 3. For the initial tunnel(a) no assemblycould be found.An alternative
tunnel (b) is computed.

It should be noted that the computation of workspace
information does not rely on any speci�c planning method
and the connectivity information computedis helpful to all
sampling-basedmotionplanners.Oncea candidateworkspace
tunnelhasbeencomputed,samplingis restrictedto thetunnel.
In the following, we will presenta particularsampling-based
motionplannerbasedon disassembliesthatexploits additional
informationobtainedin the workspace.

B. SolvingNarrow Passagesas Disassemblies

Sofar, we have determineda workspacetunnelusingsphere
expansion.We now describehow this tunnel can be usedto
solve the correspondingmotion planningproblemef�ciently .

1) Finding narrow passages: An assemblyrepresentsa
placementof the robot inside a narrow passagein the work
space.To �nd assemblies,narrow sectionsof the computed
tunnel are considered.A section is narrow, if the radius of
spheresin this sectionis below a threshold.This thresholdis a
parameterof theproposedapproach.It caneasilybeestimated
basedon the geometryof the robot [4].

Oncenarrow passagesareidenti�ed, local sphereexpansion
is performedto improve the understandingof the workspace
nearby. In the implementation,sphereexpansionexploresthe
area reachedby the robot end-effector with the base�x ed
in the smallestspherein the narrow region. To divide the
motionplanningprobleminto disassemblyproblems,themost
dif�cult regions of the tunnel must be identi�ed. This can
be accomplishedby using the watershedalgorithm applied
to the union of spherescontained in the tunnel and the
additionalspheresobtainedin the additionalexploration[19],
[20]. The result will be a set of spheresrepresentingeach
narrow passage,labeledby the narrow passagethey belong
to. Spheresbetweentwo adjacentnarrow passagesare also
labeledaseasyregionsdistinctly, asarethespheresconnecting
the initial and the �nal position to the �rst and last narrow
passagealong the tunnel.

An exampleof sucha labeling is given in Figure 4. Fig-
ure4 a) shows theinitial and�nal positionof therobotandthe
environmentwith a narrow passage.Figure4 b) illustratesthe
tunnel computedby sphereexpansion.The spheresobtained



by the local expansionand the labeling determinedby the
watershedalgorithmareshown in Figure4 c).

Fig. 4. Decompositionof themotionplanningproblembasedon assemblies:
a) the initial and �nal position of a robot; b) workspacetunnel connecting
the initial and �nal positions;c) spheresare addedto improve workspace
understandingaround narrow passages,spheresare labeled as the narrow
passageand openregions (distinguishedwith different colors in the �gure);
d) the assembledstate of the robot decomposesthe motion planning into
two subproblems:moving from the assembledstateto the initial and �nal
con�gurations.

2) Findinganassembly:An assemblyis foundby sampling
robot con�gurations in the proximity of the narrow passage.
Uniform sampling is adequatein this situation,becausethe
entire region has roughly uniform complexity. To generate
a sampleinside the narrow passagefor free-�ying robots,a
value for the rotational degreesof freedom of the robot is
generateduniformly at random.In addition,a referencepoint
on the robot and a randompoint inside the volume of the
narrow passageare chosen.The translationalcomponentof
the robot's con�guration is determinedsuch that thesetwo
pointscoincide.

Since an assemblyshould representa highly constrained,
collision-freeplacementof therobot,we requirethat therobot
be either completelycontainedinside the narrow passageor
can reach acrossit. In the latter case,we require that two
pointsof therobotbecontainedin sphereswith differentlabels
outsidethe narrow region. An exampleof sucha placement
canbe seenin Figure4 d). Collision-freesamplesthat do not
ful�ll this criterion are rejected.If more than one assembly
is discovered after a certain numberof samples,we choose
a setof connectedassembliesrandomlyto disassemble.If no
assemblycanbe found, a new tunnelhasto be computed.

3) Performingdisassembly:So far only a very small frac-
tion of the con�guration spacehasbeenexploredby uniform
sampling.Theseregionscorrespondto narrow passagesalong
a workspacetunnelconnectingthe initial andthe �nal con�g-
uration.This computationalexpenseis necessary, however, 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 disassembly. The samplingschemeis motivated
by two insights:

1) the translationalcomponentof the disassemblymotion

shouldbe biasedto move the robot out of the narrow
passageand into an openregion, and

2) dueto theconstraintsimposedby theenvironment,only
small incrementalmotionsshouldbe attempted.

Pseudo code for the proposed sampling procedure for
diffusion-baseddisassemblyis shown in Figure 5. Given a
setA of connectedassembledplacementsof the robot inside
the narrow passage,this procedurebuilds a roadmap for
each disassemblysubproblem.Since assembliesare strictly
constrainedby the environment, samplesare obtained by
small perturbationsof milestonesalready presentedin the
roadmap.This effectively usesthe information containedin
the initial assemblyand subsequentlythe entire roadmapto
reducecon�guration spaceexplorationby limiting samplesin
the regions likely containingcollision-freeplacementsof the
robot. While the rotationalcomponentis perturbedrandomly,
the translationalcomponentof the con�guration is perturbed
with a biastowardstheopenregionsof workspacerepresented
by thetunnel.This biasexploits workspaceinformationto fur-
ther reducecon�guration spaceexploration, sincepromising
directionsfor translationalmotionsaresampledmoredensely.

DISASSEMBLE (assembliesA, tunnelT)
initialize roadmapR to containassembliesA
while robot hasnot left narrow passage

randomly selectmilestonem from R
randomly selectdirectiond towardsopenregion in T
perturb translationof m biasedby d to obtainm0

perturb rotationalcomponentsof m0 to obtainm00

if m00 is collision free
if r 2 R exists so that m00canbe connectedto r

insert m00andedge(r; m00) into R

Fig. 5. Pseudocodefor disassembly;A representsa list of assembledstates,
T refersto theworkspacetunnel,R designatesa roadmap;m; m 0; m00; r are
con�gurations.

By selectingcon�gurations for perturbationuniformly at
random in the roadmapR, rather than in a biasedfashion
as in other approaches[11], [13], we effectively achieve a
bias towards promising regions of con�guration space.This
can be seenas follows. Sincethe con�guration spaceregion
under considerationrepresentsa narrow passage,collision-
free sampleswill be rare. Once a collision-free samplehas
beenfound, its neighborhoodis likely to contain additional
free placementsof the robot. This probability increases,as
con�gurations move away from the assembledstate,effec-
tively introducinga biasfrom constrainedregionstowardsless
constrainedregions.This bias is desirablefor disassembly.

An assemblyis consideredto be disassembled,once the
robothasbeenremovedfrom thenarrow sectionof thetunnel.
Consecutive disassembledcon�gurationsalongthe tunnelare
connectedusingthe traditionalPRM framework with uniform
sampling [12]. Only samplesin proximity to the relevant
sectionof theworkspaceareretained.Consequently, thePRM
framework is only appliedto a small and openregion of the
con�guration spaceand a small roadmapsuf�ce to �nd a



solution.

C. ConnectingDisassemblies

By concatenatingdisassemblysequencesobtainedby the
proposedsampling schemeand intermediatepaths obtained
usinga localizedPRM planner, a solutionto the initial motion
planningproblemcanbedetermined.A localizedPRMplanner
usesthesamplingschemedescribedin SectionIII-B.2, instead
of a uniform samplingscheme.This restrictsthe generation
of samplesto 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 probabilisticcompletenessof disassembly-
basedmotion planning.Ultimately, we defer to the complete-
nessproof for probabilistic roadmapmethodswith uniform
sampling[17] and show that the algorithmic differencesbe-
tween the two motion planning methodsdo not affect the
proof.

Our argumentrequiresthat all applied samplingmethods
are probabilistically complete;uniform samplingful�lls this
requirement[17]. The implementationdescribedin SectionIII
usesuniformsamplingto �nd assemblies.Uniform samplingis
alsousedin easyregions.To ensureprobabilisticcompleteness
for uniform sampling,we can show that restrictingsampling
to workspacetunnelsdoesnot affect completeness.

For disassembliesin dif�cult regions,however, a diffusion-
basedtechniqueis employed. To show completenessfor the
disassemblystep, we require that a certain fraction of the
samplesplacedduring disassemblyare placeduniformly at
random in the disassemblyregions; we then use the same
argument as for uniform sampling. (In practice, we found
that thesamplingmethoddescribedin SectionIII-B.3 is much
moreef�cient thanuniform sampling.We did not observe any
problem instancesolvable by uniform sampling,but not by
using the disassemblymethod.)

To argue probabilistic completeness,we have to make an
additional modi�cation to the motion planner presentedin
SectionIII. This modi�cation addressesthespecialcasewhen
the robot has to perform a motion for the purposeof re-
orientingitself. Sucha situationcanarisewhenthe initial and
�nal con�gurationlie in thesamedif�cult region.Thisdif�cult
region can contain a valid workspacetunnel, but might not
allow the robot to 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 easy region for re-orientationand then back
into the dif�cult region. The workspace-basedexploration of
con�guration spacewould not generatesuch a path, since
it only generatessamplesalong non-overlappingworkspace
tunnelsconnectingthe initial and�nal placementof 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 bene�t from

the different sampling densitiesin different regions of the
con�gurationspace.Theadvantagegainedfrom therestriction
of samplingto a particularcon�guration spaceregionswould
be lost. Effectively, the planneris transformedfrom a single-
query to a multi-queryplanner.

Fig. 6. A workspacetunnel resultingfrom a sphereexpansionin the entire
workspace.

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

IV. EXPERIMENTAL RESULTS

To evaluate the proposedplanner, we compare it with
six prevailing sampling-basedplanning 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 commonlyusedsingle-
query approaches.Since disassembly-basedmotion planning
(DBMP) is a single-querymethod,theseplannersare most
appropriatefor comparison.We alsocomparetheperformance
of disassembly-basedmotion planning with commonmulti-
query planners.Our experimentsindicate that in someenvi-
ronmentsthesemulti-query plannersoutperform the single-
query planners(RRT and lazyPRM), but not disassembly-
based motion planning. An additional comparisonof the
proposedmethodwith a sampling-basedmotionplannerusing
an approximatedmedial axis (aMAPRM [21]) can be found
in [22].

The implementationused for the experiments is based
on the Motion Strategy Library (MSL) [15]. This library
containsimplementationsof PRM with uniform samplingand
RRTConnect.Othermotion plannersusedin the experimental
evaluationwere integratedinto MSL.

The experimentalenvironmentsusedfor the evaluationof
disassembly-basedmotion planning are shown in Figure 7.
The two left-most environments in Figure 7 contain two
chambersconnectedby a narrow passage.The initial and
goalcon�gurationsarelocatedin differentchambers.Thetwo
environmentsonly differ in the width of the narrow passage.
Theseenvironmentsare usedto demonstratethat, in contrast
to the other planners,the performanceof disassembly-based
motion planning is only marginally affectedby the width of
the narrow passage.



Fig. 7. Experimentalenvironments:In the �rst environmenton the left is boundedby a box (12m � 4:5m � 4:5m) and containstwo partsof free space
connectedby a narrow passage(we considertwo passagesof differentsize:0:1m � 0:5m � 0:5m and0:1m � 1:0m � 1:0m). The secondenvironmentis
boundedby a box (12m � 4:5m � 4:5m) andthe two partsof free spaceareconnectedby a long tunnel(2:5m � 1:0m � 1:0m); this tunnel is longerthan
thePA10 robot,which hasa total lengthof 1.3m.The third environmentis boundedby a box (12m � 7:5m � 4:5m) andthe tunnelconnectingthe lower two
chambershasa sizeof 0:1m � 0:375m � 0:375m; both passagesconnectingthe upperchamberto the lower chambershave a sizeof 0:1m � 1m � 1m.
The fourth environmentis boundedby a box (12m � 10m � 4:35m) andcontainsseveral rooms.The doorshave width of 0:5m.

The secondpicture from the left in Figure 7 shows an
environmentin which thelengthof thenarrow passageexceeds
the lengthof therobot.This experimentillustratesthatnarrow
passagescanbe solved ef�ciently , irrespective of their sizes.

The next environment containsthree chambers,of which
the two bottom chambersare connectedby a passagethat is
very narrow for the robot. DBMP identi�es this tunnelas an
areacontaininga possiblesolutionpath.Whenthe processof
�nding an assemblyfails, the alternative tunnel is found and
a solutionpathalongthe correspondingworkspacevolumeis
computed.This illustratesDBPM's ability to handlethefailure
of �nding an assemblyor the appropriatedisassembly.

Theright-mostenvironmentin Figure7 representsanof�ce
building with hallwaysandof�ces. A projectionof the model
into the planeis shown. The robot movesbetweenthe rooms,
connectedby the hallway. This experimental environment
illustrateshow large portionsof the con�guration spacecan
be excludedfrom motion planningbasedon workspacecon-
nectivity.

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-freedomrobot, composedof 33 links (0:1mm � 0:0125mm �
0:0125mm , total length2:9m) with ball-joints.

We ran experiments with a thirteen degree-of-freedom,
free-�ying PA10 robot and a 102 degree-of-freedomrobot
(Figure 8). Experimentalresultsare reportedin Table I. Our
methodoutperformsother plannersnot only with respectto
overall planningtime, but alsowith respectto the sizeof the
resultingroadmap.As discussedin SectionIII, DBMP spends
most of the computationalresources�nding assembliesand
disassemblingthem, i.e., solving thosepartsof the planning
problem that are considereddif�cult. Only very limited re-

sourcessuf�ce to connectdisassembledstatesthrough easy
regions. This indicatesDBMP distributes the computational
resourcesaccordingto the dif�culties of the regions. As a
result,the roadmapcontainsmostsamplesin dif�cult regions,
whereadensersamplingis requiredto capturetheconnectivity
of the restrictedfree space.In openregionsvery few samples
suf�ce to captureconnectivity.

The experiments with the 102 degree-of-freedomrobot
demonstratethe ability of DBMP to solve planningproblems
in highdimensionalcon�gurationspaces.In theof�ce environ-
ment,moretime is spentconnectingpathsin the easyregions
becausetheroomsandthecorridoraresmallwith respectto its
size.In [22], we alsodemonstratethe effectivenessof DBMP
appliedto rigid body robots.

PRMwith uniformsampling,PRMwith Gaussiansampling,
PRM with bridge test, and visibility-basedPRM are multi-
query planners.They explore the entire con�guration space.
It thereforeis not surprising that disassembly-basedmotion
planning can outperform these methods. It is noteworthy,
however, thatthesemulti-querymethodsin someenvironments
outperformthe single-querymethodsRRTConnect[13] and
lazyPRM [2]. We offer the following explanation:RRTCon-
nect prefersto drive con�guration spaceexploration towards
unexplored and open regions. It thus has dif�culties to �nd
paths from open regions into narrow passages.It also suf-
fers from the translation-rotationdiscrepancy problem [7].
LazyPRM,on theotherhand,biasesexplorationof con�gura-
tion spacebasedon proximity to the straightline connecting
initial and �nal con�guration of the planning problem. The
experimentalenvironmentsusedin this papercontaina narrow
passagethathasto betraversedto solve theplanningproblem.
If this narrow passageis “f ar away” from the straight line,
lazyPRM is forced to exhaustively explore large regions of
the con�guration space.

Finally, to illustrate the sparsenessof roadmapsresulting
from disassembly-basedmotion planning,we show the sam-
ples of a successfulroadmapin Figure 9. All milestonesof
theroadmaparealongtheworkspacetunnelandmostof them
arecloseto the narrow passages.



Robot WorkspaceComputation Path Planning Total
Environment Planner Ts (s) N v N e N c Ta Td 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 path found after 20,000seconds > 15748.0
DBMP 0.08 14 26 1444 0.27 0.92 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 1.50 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 path found after 20,000seconds > 2500.0
DBMP 1.36 43 84 6773 0.45 4.36 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 path found after 20,000seconds > 2105.3
lazyPRM N/A no path found after 20,000seconds > 2105.3
DBMP 2.00 7 12 1459 2.03 5.47 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 3264.92 115.5

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 3.02 17.82 0.00 20.83 28.27 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 path found 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 42.55 96.36 131.07 1.0

TABLE I

ExperimentalResults
Comparisonof a PRM plannerwith uniform sampling(PRM), a PRM plannerwith Gaussiansampling(Gaussian),a PRM plannerwith bridgetest
BridgeTest, a visibility-basedPRM (Visibility), an RRTConnectplanner, a lazyPRM plannerand a disassembly-basedmotion planning(DBMP).
Ts representsthe time to computethe workspaceconnectivity information; N v denotesthe numberof verticesin the roadmap,N e refers to the
numberof edgesin the roadmap,N c speci�es the total numberof collision checks,Ta is the time to �nd assembliesin the narrow passage(s),Td
representsthe time to disassemblethe robot from assemblies,Te denotesthe time to connectcon�gurationsin easyregions,Tc gives the duration
of roadmapconstruction,and T is the add-uptime consumption.Factor indicatesthe time consumptionratio betweenother plannersand DBMP.
All timesareaveragedover ten runs,given in seconds.The experimentswereperformedon a PentiumIV3.2GHzPC with 1GB RAM anda 64MB
DDR Radeon300 graphicscard.



Fig. 9. Sampleplacementfor disassembly-basedmotion planning: The
planningproblemrequiresthePA10 robot to move from oneroom to another
in the �oor environment.Left: the workspacetunnel connectingthe initial
and goal positionsof the robot. Right: milestonesof the resulting roadmap
projected into the workspace.There are clustersof milestonesinside the
narrow passages.This indicatesthat most computationtime is spentsolving
the dif�cult portionsof the motion planningproblem.

V. CONCLUSION

Disassembly-basedmotion planning is a single-query,
sampling-basedmotionplanningmethodfor free-�ying robots
that outperformsexisting motion planningtechniquesby sev-
eral orders of magnitudefor many realistic scenarios.We
presentextensive experimental evidence in support of this
argument,comparingthe performanceof disassembly-based
motion planningwith several state-of-the-artsampling-based
motionplanners.For stationaryrobotstheplanneris capableof
achieving performanceimprovementsandwill alwaysperform
at least as well as the underlying sampling-basedmotion
planningapproach.

Disassembly-basedmotion planning derives its ef�ciency
from the exploitation of workspaceinformation. This infor-
mationis usedto identify con�guration spaceregionsthat are
likely to containthe solution path.By restrictingexploration
to theseregions,only a small fraction of con�guration space
needto be explored,signi�cantly increasingthe ef�ciency of
the motion planningprocess.

To restrict con�guration space exploration, two distinct
types of workspaceinformation are exploited. Connectivity
informationfrom theworkspaceis usedto identify a tunnelof
freeworkspacelikely to containa solutionpath.Con�guration
spaceexploration can then be restrictedto con�gurations in
which the robot intersectsthis workspacetunnel. Note that
this aspect of the proposedplanner can be applied as a
pre-processingstepto any sampling-basedmotion plannerto
signi�cantly improve its performance.

Workspaceinformation is further usedto identify narrow
passages.A collision-free placementof the robot inside a
narrow passageis consideredan assembly, becausegeometric
constraintsof the environment limit the motions the robot
canperform.Theconstraintsimposedby theenvironmentcan
in turn be exploited to limit con�guration spaceexploration,
resultingin further performanceimprovements.
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