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Cable Route Planning in Complex Environments Using Constrained Sampling

Abstract

We presenta routeplanningalgorithmfor cableandwire layouts
in complex environments. Our algorithm precomputesa global
roadmapof theenvironmentby usinga variantof theprobabilistic
roadmapmethod(PRM) andperformsconstrainedsamplingnear
the contactspace. Given the initial and the �nal con�gurations,
we computeanapproximatepathusingthe initial roadmapgener-
atedon thecontactspace.We re�ne theapproximatepathby per-
forming constrainedsamplinganduseadaptive forwarddynamics
to computea penetration-freepath. Our algorithmtakes into ac-
countgeometricconstraintslike non-penetrationandphysicalcon-
straintslikemulti-bodydynamicsandjoint limits. Wehighlight the
performanceof our planneron differentscenariosof varyingcom-
plexity.

Keywords: motionplanning,adaptive dynamics,articulatedbod-
ies,cablerouteplanning

1 Intro duction

Designingcableandwire layoutsis often a complex and tedious
processin building construction.Incorrectcableandwire layouts
canbecostlydueto poorplanningandmayrequiresigni�cant mod-
i�cations anddesignreviews. Currentpracticesincludescaledpro-
totypesontowhich thecable(or wire) layout is constructedby us-
ing routeplanningalgorithmsfor motionlessrigid cablesegments.
CAD systemsareoftenusedto assisttheprocessduring theearly
designstage.In thesesystems,thepathsof thecablesor wiresare
�rst calculated,thenrigid segmentsareput throughthesepathsto
simulatecableor wire layout. However, currentCAD systemsdo
not take into accountthecable's or wire's dynamicspropertiesand
their interactionwith theenvironment.

To thebestof ourknowledge,thereis verylittle or nowork doneon
cable(or wire) routingthat includesbothrealisticphysicalsimula-
tion andmotionplanning.Cableandwire routingcanbeposedas
a robotmotionplanningproblemto computethepathfor a highly
articulatedanddeformablerobot,i.e. thecable(or thewire). How-
ever, the dimensionalityof the con�guration spaceof sucha de-
formablerobot is very high. In addition,the simulationof highly
articulatedanddeformablebodiescanbeexpensive andtime con-
suming.

1.1 Main Results

In thispaper, wepresentanovel approachfor cableroutingin com-
plex environments. We assumethat the cablecanbe modeledas
a highly articulatedrobotwith multiple links andmany degreesof
freedom(dofs).

Our route planningalgorithm is basedon a variant of PRM that
samplesnearthesurfacesof theobstaclesin theworkspace.It ini-
tially generatesrandomsamplesat the cornersand edgesof the
environment.If apathcannotbefound,it sampleson theobstacles
byusingrayshootingapproach.Theresultingglobalroadmapcom-
putedthis way lies neartheC-obstaclesin thecon�gurationspace,
alsoknown asthecontactspace[Latombe1991]. This roadmapis
thenusedastheguidingpathto planthemotionof theentirecable.
Duringthesimulation,wheneveracollisionoccursbetweenthe�rst
link of the cableandthe environment,the initial path is adjusted
basedon “constrainedsampling”, which recomputesa new node
nearthe contactspace. Our methodexpandsthe initial roadmap
from a nodebelongingto thecontactspace(computedfrom a con-
tact point) and �nds a new nodearoundthe neighborhoodof the
contactingnodeusing the projectionmethod[Wilhelmsen1976].
In order to simulatecabledynamics,we usean adaptive forward
dynamicsalgorithm[Redonetal.2005]thatselectsthemostimpor-
tant joints to performboundederrordynamicsimulationin a hier-
archicalmanner. Moreover, wedevelopef�cient collisionhandling
techniquesto resolvethecontactsfor theremaininglinks duringthe
simulation.

Our algorithm achieves realistic simulation resultsand performs
eachsimulationstepat interactive rates.Wehave implementedand
testedour systemon AlienwareAMD AthlonTM 64 X2 Dual-Core
with 2:41GHzProcessor4800++and2GBof RAM. Ouralgorithm
cansimulateapathfor cablesconsistingof 200-300links (or dofs)
at interactive rates(averaging60 fps) in modestlycomplex envi-
ronmentswith tensof thousandsof polygons. Our adaptive dy-
namicsalgorithmprovidessigni�cant performancegain compared
to theprior linear-time forwarddynamicsalgorithms.In addition,
our constrainedsamplingtechniquegenerateseffective anduseful
samplesneartheobstacles,suchasthewalls,doorways,andaround
othersupportstructures.

1.2 Overview

The rest of the paperis organizedas follows. In Section2, we
brie�y survey the prior work on motion planningfor deformable
robots,cablesimulationandcablerouting. We give an overview
of our approachin Section3. We presentour cablesimulation
algorithmbasedon adaptive forward dynamicsin Section4. We
describeour planningalgorithmin Section5 andhighlight its per-
formancein Section6.

2 Previous Work

In thissection,wegiveabrief overview of prior work in cablesim-
ulation,cableroutingandmotionplanningfor deformableobjects.

2.1 Cable Simulation

Cablesimulationhasbeenstudiedin therecentyears.Hergenrother
andDahnepresentanalgorithmfor thereal-timesimulationof vir-
tual cables[Hergenrotherand Dahne2000]. Their simulationis
basedoninversekinematics.They modelthecableby usingconsec-
utivecylindersegmentsthatareconnectedby ball joints. Giventhe
startandgoalpositionsof thecable,their algorithmcalculatesthe
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shapeof the cableby consideringenergy minimization. In prac-
tice, their algorithm is fast and applicableto interactive applica-
tions. However, their approachdoesnot simulatethedynamicsof
thecableanddoesnot performcollision handling,which is essen-
tial for realisticapplications.

Loock and Schomerdescribean applicationof rigid body simu-
lation to assemblytasksin virtual environmentsand extend their
systemto real-timesimulationof deformablecables[Loock and
Schomer2001]. They model the cableas a chain of rigid seg-
ments. The cable simulation is achieved by using mass-spring
modelwith generalizedsprings. They usestiff linear springsand
torsionspringsto preserve thelengthof thecable.

GregoireandSchomerpresenta numericallystableandphysically
accuratesimulationtool for onedimensionalcomponentsin [Gre-
goireandSchomer2006]. They modelthebendingandtorsionus-
ing theCosseratmodelandthey useageneralizedspring-masssys-
temwith a mixedcoordinatesystemfor thesimulation. However,
theirsimulationis slow for modelinglongcables.For example,the
simulationtime for cablethathas300pointsis around128ms.

2.2 Cable Routing

Thedesignof cableharnessis acomplex andcostlyprocess.Many
approacheshave beenproposedto automatethe designprocess.
Conru[Conru 1994] describea systemto routecableharnessus-
ing geneticalgorithms.The geneticalgorithmsareusedto search
routeswhich arecloseto the global minimum. The cableharness
routing problemis decomposedinto generatinga harnesscon�g-
urationandcomputinga routefor theharnessin theenvironment.
Bothof theseproblemsaresolvedusinggeneticalgorithms.

Holt et al.[Holt et al. 2004] presenta virtual reality systemto aid
cableharnessdesigners.Theirapproachfocusesonusageof human
engineer'sknowledgein thedesignprocess.Theirgoalis to provide
an engineerwith interactive tools to designa human-in-the-loop
system.

Bothof theseapproachesdonotconsiderthephysicalpropertiesof
thecable.They assumethatthecableiscomposedof rigid segments
andthenumberof segmentscanbeadjustedby theuser.

2.3 Motion Planning for Articulated and De-
formable Robots

Motion planningis a well studiedproblemin robotics.Most of the
work hasbeenon rigid or articulatedrobotswith a few degreesof
freedom.Our variantof PRM andconstrainedsamplingis similar
to the OBPRM algorithm[Amato et al. 1998] andlocal planning
in the contactspace[RedonandLin 2005], althoughour realiza-
tion is quitedifferent.In addition,we incorporatephysicalandme-
chanicalconstraintsusingadaptive forward dynamicsandcontact
handling,whereasprior algorithmmostlydealwith geometriccon-
straintssuchasnon-penetration.

Thereis relatively lesswork on motion planningfor deformable
objects. Someof the earlierwork on deformablerobotsincluded
specializedalgorithmsfor bendingpipes[Sun et al. 1996], cables
[Nakagaki andKitagaki 1997]andmetalsheets[NgugenandMills
1996]. Hollemanet al. [Holleman et al. 1998] presenta proba-
bilistic plannercapableof �nding pathsfor a �e xible surfacepatch,
modeledasalow degreeB�ezierpatch,usinganapproximateenergy
function to modeldeformationof the part. Guibaset al. [Guibas
et al. 1999] describea probabilisticalgorithmfor a surfacepatch,
modeledas the medialaxis of the workspace.Anshelevich et al.

[Anshelevich etal.2000]presentapathplanningalgorithmfor sim-
ple volumessuchaspipesandcablesby usinga mass-springrep-
resentation.Lamirauxet al. [LamirauxandKavraki 2001]propose
a probabilisticplannercapableof �nding pathsfor a �e xible ob-
ject undermanipulationconstraints.The deformationof object is
computedby usingtheprinciplesof elasticenergy from mechanics
whichmakesthemotionplanningdif�cult for handlingtheendcon-
straintsand�nding minimumenergy curves.In [Moll andKavraki
2004],a differentcurve parametrizationtechniqueis usedfor han-
dling low-energy con�gurations. In addition,contactpointswith
simpleobstaclesareconsideredin �nding a minimal energy curve
con�guration.However, �nding theexactcontactpointsthatmakes
thecurve at minimumenergy is still a dif�cult task. Bayazitet al.
[Bayazit et al. 2002] describea two-stageapproachthat initially
computesanapproximatepathandthenre�nes thepathby apply-
ing geometric-basedfree-formdeformationto the robot. Gayleet
al. [Gayle et al. 2005] presentan algorithmfor pathplanningfor
a �e xible robotin complex environments.Thealgorithmcomputes
collision free pathsbasedon physical and geometricconstraints.
Thecollisiondetectionbetweendeformableobjectandtheenviron-
ment is achieved by using graphicsprocessors.Sahaet al.[Saha
andIsto2006]presentamotionplanningtechniquefor themanipu-
lationof deformablelinearobjects.Theapplicationof theirmethod
in self-knottingandknottingaroundsimplestaticobjectsby using
coordinatingdual robot armsis illustratedin the paper. The mo-
tion planningalgorithmdependson the geometricalmodelof the
deformableobject and the robot arms. It doesnot considerany
physicalpropertiesof thedeformablelinearobject. Many of these
algorithmsexploit geometricpropertiesandoften do not consider
thephysicalconstraintsof therobot,suchascollisiondetectionand
contacthandling. Somerecentapproachesdeal with generalde-
formablerobotsandenvironments[Rodriguezet al. 2006],but do
not modelfriction andmotionconstraints(e.g. joint limits) which
could be necessaryto realisticallymodel the interactionbetween
thecableandtherestof theenvironment.

3 Overview

In this section,we give an overview of our planningalgorithm.
We introducethe notationusedin the remainderof the paperand
presentour framework to solve motion planningasa constrained
dynamicalsystemandmodeltherobotasanarticulatedchainwith
ahighnumberof dofs.

3.1 Notation

Weassumethateachcablecanbemodeledasasequenceof mrigid
bodiesconnectedby m� 1 2-dof revolute joints. The joints are
implementedastwo 1-dof revolute joints, oneof which is rotated
90 degreesaboutthe centralaxis of the cable. The con�guration,
C(t), of the cableat time t can be describedas a vector of joint
anglesalong with the position and orientationof the baseof the
robot.Thepositionof thehead(�rst link) of thecableis represented
by Chead(t), which is thepositionandorientationof this link.

We assumethat the setof obstaclesare rigid and they are repre-
sentedasO = f o1;o2; :::g in the workspace,W. A roadmap,G =
f V;Eg, in the free workspace,the spaceexternalto the obstacles,
consistsof a milestonesV = f v1;v2; :::g andlinks E = f e1;e2; :::g.
A path in this roadmapis an acyclic sequencethat connectstwo
milestones.

ProblemFormulation: Theproblemcanbestatedasfollows: Find
a sequentialsetof cablecon�gurationsC(t1),...,C(t f ) suchthatno
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C(ti) intersectswith any obstaclein O, andC(ti) is neartheobsta-
cles,whereC(t1) andC(t f ) arethe initial and�nal con�gurations
of therobot(cable)respectively.

3.2 Cable Simulation

When simulating a cable, there are a numberof considerations
which must be accounted�rst. First, to model a realistic cable,
we assumethat its length will not changeduring the simulation.
This holdssincelittle or no stretchingwill occurin mostwiresand
cableswhenforcesareappliedto theends.

In addition,our simulationmustpreserve geometricandmechani-
cal propertiesof thecableitself. This primarily accountsfor pen-
etrationswith the environmentandalsowith itself aswell aspre-
venting a cablefrom bendingtoo much. To ef�ciently simulate
thecable,we take advantageof adaptive forwarddynamicsfor ar-
ticulatedbodies[Redonet al. 2005] and develop a new collision
handlingmethod.

Our plannerappliesseveralconstraintsto thecablein orderto en-
surethatit cansuccessfullyreachits goal.Pathconstraintsareused
to move it alonga speci�ed path,andcollision constraintsensure
thatit is penetrationfreeandalsoenforcesjoint angles.

3.3 Motion Planning

Our planningalgorithmbuilds uponconstraint-basedmotionplan-
ning (CBMP)proposedby [GarberandLin 2002].

This approachinvolves two main stages;a roadmapgeneration
stageand an executionstage. The �rst stageis largely doneas
a precomputationstepand is respondsiblefor �nding a guiding
path throughthe environment. This guiding path doesnot need
to becompletelycollision freewith respectto the robot. Thesec-
ondstageusesconstraineddynamicalsimulationto move therobot
alongthis guiding pathtoward the goal. This allows the robot to
locally adapttheguidingpathto its own structure.

Thereareseveraladvantagesto theCBMPapproach.Guidingpath
generationis both ef�cient and simple, while the path itself also
automaticallyensuresthatbothgeometricandphysicalconstraints
arepreserved.For ourproblem,thisallowsthecableto movealong
asimpleguidingpathwithoutviolating its constraints.

4 Cable Simulation

Thegeometricandphysicalcharacteristicsof thecablesshouldbe
simulatedrealisticallyandef�ciently for real-timeapplications.In
this section,we �rst stateour assumptionsandthebasicrepresen-
tationfor modelingcables,thenwe describeour approachfor sim-
ulatingcabledynamics.

4.1 Assumptions and Representations

Cableshave variousmaterialpropertiesdependingon its typeand
usage.In thiswork,weassumethatacableconservesits lengthdur-
ing thesimulation. A cableconsistsof rigid segmentsthatcannot
bestretchedor sheared.Its lengthremainsconstantwhendragged
or pulled. Its crosssectionis undeformableandthe massof each
segmentis samealongthe entirecable. To modeleachcable,the
lengthof thecablecanbespeci�edby thenumberof rigid segments

or the lengthof eachrigid segment.By changingoneof thesepa-
rameters,the usercanmodelcablesof varying lengths.Basedon
theseassumptions,we canmodeleachcableasa chainof articu-
latedlinkages,i.e. asahighly articulatedrobot.

Theoptimalalgorithmfor computingthedynamicsof a kinematic
chaintakeslineartime [Redonetal. 2005].To approximateacable
well usinga highly articulatedchainwould requiremany linkages.
This computationcanbecomerathercostlyfor long cables.There-
fore,weusetheadaptiveforward dynamicsalgorithm[Redonetal.
2005]for cablesimulation.Themainadvantageof thisapproachis
that it lazily recomputesthe forward dynamicsof a cableby only
simulatingthe joints that bestapproximatesthe overall motion of
the entirechainwith boundederrors. The adaptive dynamicsau-
tomaticallyselectsactive joints basedon motion error metricsto
computean error-boundedapproximationof the articulated-body
dynamics.Theusercanchangethemotionerrormetricfor control-
ling thenumberof joints thatwill beactive or rigidi�ed duringthe
simulation.

Thecontacthandlingis alsoanimportantissuein cablesimulation.
Thecableshoulddeformrealisticallydueto contactsandthepen-
etrationshouldbepreventedwhenthereis a collision betweenthe
cableandthenearbyobstacles.Wedevelopapenalty-basedcontact
responsecapableof handlingjoint limits andotherexternalforces
alongwith a fastcollision detectionmethodto achieve sub-linear-
timecollisionhandlingfor multi-bodysystems.

Next we will describethebasiccomponentsof theadaptive multi-
bodydynamicsandcontacthandlingfor our cablesimulation.

4.2 Articulated-b ody dynamics

The adaptive dynamics algorithm is built upon Featherstone's
divide-and-conquer algorithm (DCA) [Featherstone 1999a],
[Featherstone1999b]. Featherstone's algorithm is a linear time
algorithmto computetheforwarddynamicsof anarticulatedbody
basedon the forces applied to it. The algorithm relies on the
following articulated-bodyequation:
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(1)
whereâi is the 6� 1 spatialaccelerationof link i, f̂ i is the 6� 1
spatialforceappliedto link i, b̂ i is the6� 1 biasaccelerationof link
i (theaccelerationlink i wouldhave if all link forceswerezero),� i
is the6� 6 inversearticulated-bodyinertiaof link i, and� i j is the
6� 6 cross-couplinginverseinertiabetweenlinks i and j.

TheDCA employs a recursivede�nition of anarticulatedbody: an
articulatedbodyis apairof articulatedbodiesconnectedby a joint.
The sequenceof assemblyoperationsis describedin an assembly
tree: eachleaf nodeof the assemblytreerepresentsa rigid body,
while eachinternalnodedescribesan assemblyoperation,i.e. a
subassemblyof thearticulatedbody. Therootnodeof theassembly
treerepresentsthecompletearticulatedbody.

Theforwarddynamicsof thearticulatedbodyarecomputedin es-
sentiallytwo steps.First, the main passrecursively computesthe
inverseinertias,theinversecross-couplinginertias,andthebiasac-
celerationsof eachnodein theassemblytree,from thebottomup.
Thentheback-substitutionpasscomputestheaccelerationandthe
kinematicconstraintforcesrelative to the principal joint of each
internalnodein the assemblytree,in a top-down way. Whenthe
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DCA completes,all joint accelerationsandall kinematicconstraint
forcesareknown.

4.3 Adaptive articulated-b ody dynamics

Featherstone's DCA is linear in thenumberof joints in thearticu-
latedbody:all nodeshave to beprocessedin eachpassof thealgo-
rithm, andeachjoint accelerationhasto becomputed.Determining
a pathor resolvingcontactsfor a highly articulatedbodycouldbe
prohibitively slow usinga typical forwarddynamicsalgorithm. In
orderto improvetheperformanceof theplanner, weincorporatethe
adaptive dynamicsalgorithmby Redonet al. [Redonet al. 2005]
to lazily simulatethe articulatedbody motion that bestrepresents
theoverall motionof the robotwith anerror-boundedapproxima-
tion. Essentially, this enhancedalgorithmallows us to systemat-
ically choosethe appropriatenumberof joints that aresimulated
in the articulatedbody, by automaticallydeterminingwhich joints
shouldbesimulated,in orderto provide a high-qualityapproxima-
tion of thearticulated-bodymotion.

Essentially, theadaptivealgorithmrelieson theproof thatit is pos-
sibleto computeanaccelerationmetricvalue

A (C) = å
i2C

•qT
i A i •q i (2)

i.e. aweightedsumof thejoint accelerationsin thearticulatedbody,
before computingthe joint accelerationsthemselves. Speci�cally,
they show thattheaccelerationmetricvalueA (C) of anarticulated
bodycanbecomputedfrom theforcesappliedto it:
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where	 i and	 i j are6� 6 matrices,p i is a6� 1 vector, andh is
in IR. Thecoef�cients 	 i , 	 i j , p i andh arecalledtheacceleration
metriccoef�cients of thearticulatedbody.

The accelerationmetric is usedto predict which nodeshave the
largestoverall accelerationduring the top-down backsubstitution
pass. Computationof joint accelerationsare restrictedto these
nodeswhile implicitly assumingthat the other joint accelerations
arezero. In effect, this allows us to determinean error-bounded
approximationof thearticulated-bodyacceleration,andevolve the
setof active jointsaccordingly.

In summary, theadaptive algorithmis ableto automaticallydeter-
minewhich jointsmovethemost,accordingto theaccelerationand
asimilarvelocitymotionmetric1, basedontheforcesappliedto the
articulatedbody.

4.4 Collision Handling

The collision detectionbetweenthe cableandthe environmentis
performedusinga hybrid boundingvolumehierarchy. We perform
two culling steps,basedon axis-alignedboundingboxes(AABBs)
andorientedboundingboxes(OBBs),to helplocalizepotentialcol-
lisions,beforeperformingintersectiontestsatthetrianglelevel. We
pre-computeandstoreonehierarchy of orientedboundingboxesfor
eachrigid cablelink andeachrigid environmentobstacle.We also
precomputeoneaxis-alignedboundingbox for eachobstaclein the

1In our implementation,weuseidentityweightmatrices.

Figure1: Constructionof anarticulatedbody. An articulatedbody
A is connectedto body B at the principal joint, j2, to form body
C. Theassemblytreefor C is shown beneaththebody. Forcesand
accelerationswhichgovernC 'smotionareshown.

environment. The OBB hierarchiesand AABBs of environment
obstaclesdonothave to beupdatedduringplanning.

At runtime,we determinethe intersectionsbetweenthe cableand
the environmentobstaclesusing the following collision detection
algorithm:

� AABB hierarchiesupdate: For eachmobile rigid link, we
determineaboundingAABB usingtherootOBB of theOBB-
Trees[Gottschalketal.1996].WethencomputeanAABB for
eachnodeof theassemblytree(i.e. for eachsubassemblyof
thearticulatedbody)usinga bottom-uppass.We thusobtain
oneAABB hierarchy perarticulatedbody, whosestructureis
identicalto theassemblytreeof thearticulatedbody.

� AABB culling: Using the AABB hierarchies,we detectpo-
tentiallycolliding rigid links andobjects.

� OBB culling: Whentwo rigid objectsarefoundto potentially
intersectafter theAABB culling step,we recursively andsi-
multaneouslytraversetheir OBB hierarchiesto help local-
ize potentialcollisionsbetweenpairsof triangles[Gottschalk
etal. 1996].

� Triangle/triangle intersection tests: Whenever two leaf-
OBBsarefoundto overlap,atriangle/triangleintersectiontest
is performedto determinewhetherthe trianglescontainedin
theleaf-OBBsintersect.Whenthey do,wereportthethecor-
respondingintersectionsegment.

After collisionsbetweenthecableandtheobstacleshave beende-
termined,thecollision responseis computedusingapenalty-based
approachasdescribedin Sec.4.5.3.

updatedateachframe.Initially, theAABB of eachlink in thecable
is updatedusingtherootOBB of theOBB-tree.

4.5 Constraint Forces

In our simulation,in addition to the internal forcesfor kinematic
constraints,wealsoapplyexternalconstraintforcesfor makingthe
cablemove alongthe computedpathandfor handlinginteraction
betweenthe cableand the obstacles.Next, we will describethe
formulationsof theseconstraintforces.
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4.5.1 Attraction Force to the Goal

To make the restof thecablefollow thecomputedpath,we apply
attractionforcesto the �rst link of thecablealongthedirectionof
the path. Initially, we discretizethe path into a sequenceof very
closemilestonesq i andthenwe apply attractionforce to the �rst
link of thecabletoconstrainit alongthepath.Thisforceisbasically
a springforcebetweenthe�rst link of thecableandthecomputed
path,andits magnitudeis proportionalto thedistancebetweenthe
�rst link of thecableandtheintermediategoalq i on thepath.

f Attraction
i = k(L i � L rest ) (4)

In this formulation,k is thespringconstant,L i is thedistancebe-
tweenthe milestoneq i andthe �rst link of the cable,andL rest is
the intendeddistancebetweenthe �rst link of the cableand the
milestoneq i . When this force becomeslessthan a userde�ned
threshold,we concludethatthecablereachedthemilestoneq i and
weresettheintermediategoalto q i+ 1.

4.5.2 Path Constraint Forces

In orderto constrainthemotionof theentirecablealongthecom-
putedpath,we applypathconstraintforcesto a subsetof the links
of thecable,asapplyingforce to eachlink is computationallyex-
pensive andinef�cient. We selectthelinks to beconstrainedbased
ontheirpositionwith respectto thecurvedportions(suchasaround
thecorners)of thepathfollowedby the�rst link of thecabledueto
theattractionforcesto thegoalcon�guration.

At eachiteration,we�nd thenearestlinks to thecurvedportionand
weapplyconstraintforcesto theselinks (seeFig. 2):

f Constraint
i = w curvature (x proj

i � x i)

kx proj
i � x ik

(5)

wherew curvature is a weight dependson the curvatureof the path
segmentthatnodei is constrained,xi is thepositionof nodei and
x proj

i is theprojectionof xi onpathsegment.

Figure2: Pathconstraintforce

4.5.3 Contact Handling Forces

Whenacollisionis detectedbetweenthecableandtheobstacledur-
ing the“Exact ContactDetermination”stepof thecollision detec-
tion algorithm,we applya forcein thedirectionof contactnormal
to keepthecableapartfrom thesurfaceof theobstacle.Let xi bethe

positionof contactlink i, xproj
i is theprojectionof xi on theobsta-

cle andNi is thenormalvectorat positionxproj
i . Thenthecollision

responseforce will be proportionalto the penetrationdistanced,
where

d = (x proj
i � x i)�N i (6)

andthecontacthandlingforcewill be

f Contact
i = kN id (7)

wherek is thecollisioncoef�cient.

Giventhebasicstepsof our cablesimulationmodule,we will next
describeour motion planningalgorithmandshow how our cable
simulationis usedin ourcablerouteplanning.

5 Motion Planning for Cable Layouts

Our cable route planning algorithm is composedof three key
phases:

1. GlobalRoadmapGeneration

2. GuidingPathEstimation

3. PathAdjustmentandConstrainedDynamicsSimulation

(a) If thereexistsa collision betweenthe �rst link andthe
environment, computethe next milestoneusing con-
strainedsamplingandmodify thepathaccordingly;

(b) For theremaininglinks,simulatethecablemotionusing
adaptive forward dynamicswith ef�cient contacthan-
dling andpositionalconstraints.

Next, wewill describeeachstepin moredetail.

5.1 Global Roadmap construction

Theprobabilisticroadmap(PRM) algorithmis commonlyusedfor
robotmotionplanning.Wedevelopavariantof PRMfor computing
theroadmapof theenvironment.For simplicity andef�ciency, we
�rst treatthecableasapoint robotandthenmakepathadjustments
usingconstrainedsamplingandconstraineddynamicssimulation.
Thisstrategy makestheroadmapconstructionfastandeffective.

5.1.1 Contact-Space Sampling

Oneof the importantaspectsof any randomizedroadmapplanner
is themethodusedto generatesamplesin thecon�gurationspace.
Sincetypically cablesandwiresshouldbeplacedin suchawaythat
they attractaslittle attentionaspossible,oneof oursamplinggoals
is to �nd samplesin thefreespacewhich arecloseto theobstacles
(e.g.onor nearthewall) andnearthecornersof thebuildings.

We achieve this goalby systematically�nding “corners”of a large
structure.This is doneby �rst computingtheintersectionsof three
or moreconstraintplanes(walls),thentheintersectionsof two con-
straintplanes. Randomsamplesare �rst taken at theselocations.
Thesepointsareshiftedaway from the walls by an amountd to
ensurethatthelocal planningcanconstructtheroadmapof theen-
vironment.After generatingthesamplesnearthecorners,we con-
structour roadmapandwe checkwhethera valid pathexists. If
thereis no viable path from the initial to the goal con�guration,
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thenextra milestonesaregeneratedby shootingrayson thesecon-
straintplanes(walls),which typically arethexy-, yz-, or xz planes
for abuilding.

5.1.2 Local Planning

Another importantstepin PRM is local planningwhich connects
collision-freenodes.We usea distance-basedapproachfor �nding
theedgesin the roadmapfrom a milestonevi . All milestonesthat
arewithin somesearchradiusof vi areplacedinto a neighborset,
N. For eachmilestonev j in N, we determineif thereis a straight
line segmentbetweenvi andv j thatdoesnot intersectwith any ob-
staclein O. For connectingtheinitial and�nal con�gurationto the
roadmap,wealsoplacethemin themilestonesetandperformlocal
planningfor themaswell.

5.2 Computing a Guiding Path

Once we have generateda roadmapthat provides the desired
amountof coverage,weuseit togeneratepathsbetweensomegiven
startandgoal con�gurations. We �rst link the startandgoal con-
�gurations to theroadmap.In particular, we addthestartandgoal
con�gurations to our graphas query nodesand createedgesbe-
tweenthesenodesandall othernodesreachablefrom them. After
thesenodeshave beenaddedwe canexecuteany graphsearchto
�nd a path from the start to the goal. We useDijkstra's shortest
pathalgorithmwith distancevaluesasweightsfor computingthe
initial path.

5.3 Simulation and Runtime Path Mo di�cation

Onceanestimatedpathis computed,we begin our simulationloop
with therobotin its initial con�guration. To make thecablefollow
thepathduringthesimulation,we applyour attractionforceto the
�rst link of the cablein the directionof the path. This makesthe
�rst link of thecablemovealongthedirectionof thepath,however
the restof the cabledoesnot alwaysfollow the approximatepath
dueto thedynamicsof thecable. In orderto constrainthemotion
of theentirecable,we applyadditionalpathconstraintforcesto a
subsetof the links of the cablewhich areselectedbasedon their
position with respectto the curved regions of the path segments
followedby the �rst link of thecable. This approachis similar to
�xing portionsof thecableagainstawall to ensureit remainsthere.

As thecabletraversesthepath,wecheckthecollisionsbetweenthe
cableandtheobstacles.If thereexistsacollisionbetweenthecable
andthe obstacles,we apply collision handlingalgorithmto avoid
thepenetrations.In addition,if thereis acollisionbetweenthe�rst
segmentof thecableandtheobstacles,we updatethecurrentpath
segmentby computinganew, constrainedmilestoneasdescribedin
Sec.5.4.

For eachsimulationor path-querystep,we applythefollowing al-
gorithm:

1. Apply attractionforce(Sec.4.5.1)to the�rst link of thecable
and positionalconstraintforces(Sec.4.5.2) to the selected
links in thecable;

2. Sumall forcesanddeformthe cableusingadaptive forward
dynamics(Sec.4.3);

3. Performcollision detection(Sec.4.4) betweencableandob-
stacles;

4. Apply contactresponse(Sec.4.5.3)to resolve thecollisions;

5. If thereexistsacollisionbetweenthe�rst segmentof thecable
andtheobstacle,updatethecurrentpathsegmentbetweenvi
andvi+ 1.

(a) Computenew milestonevnew using constrainedsam-
pling (theapproachis presentedin section5.4);

(b) Updatethepositionof milestonevi+ 1 to vnew;

(c) Checkcollision betweenthe new pathsegmentvi-vi+ 1
andtheenvironment.

Werepeatsteps(1) - (4) until apathis foundbetweentheinitial and
�nal con�gurations,vi andvf . If nopathis found,it is reportedand
theusercaneitheraddmoremilestonesor concludethatthereis no
safepath.Otherwise,weendthesimulationwhenit is reportedthat
theobjectis suf�ciently closeto the�nal con�guration.

5.4 Constrained sampling

Giventhecontactinformationbetweenthe�rst segmentof thecable
andthe obstacle,we candeterminethe local tangentspaceof the
obstaclesfor a givenpair of samplednodesneartheobstacles.We
usethis tangentspaceto constrainthesearchof a new nodewhen
wefoundanintersectionbetweenthe�rst link of thecable.andthe
obstacles.

AssumeCi is a con�gurationpoint in theroadmapandanexternal
force toward this con�guration is appliedto the robot. Let P =
(Px;Py;Pz)T denotethe Cartesiancoordinatesof the contactpoint
in the world frame. The contactpoint P correspondsto a point
on the �rst link of the robot, and is a 3-vector P(Ci) depending
on the con�gurationCi of thecableandtheenvironment. Let n =
(nx;ny;nz)T denotetheCartesiancoordinatesof thecontactnormal
in theworld frame,andassumethatthisnormalis directedtowards
theexteriorof theobstacle.Thelocalnon-penetrationconstraintis:

dP(Ci) � n � 0; (8)

wheredP(Ci) is thesmallvariationin thepositionof P correspond-
ing to a small variation d(Ci) aroundthe con�guration Ci of the
robot. This non-penetrationconstraintde�nes a polyhedralsetof
valid variations.Provided the robot in the con�gurationCi is in a
consistentstatewith no interpenetration,thevalid variationssetis
non-empty.
Becauseweuselinearconstraints,thesetof valid variationsis only
a local piecewise-linearcharacterizationof thevalid spacearound
thecon�gurationCi . This setof valid variationscanbeef�ciently
usedfor local planning.At runtime,whenever thereexist a contact
betweenthe �rst link of the robotandtheobstacle,we usetheset
of valid variationsto helpdetermineanew nodeCnew, by projecting
theintentionalvariationon thesetof valid variations.Morespecif-
ically, whenever a new tentative nodeCt is randomlychosenin the
neighborhoodof the contact-spacenode,we perform the follow-
ing operationsbeforecheckingits validity with a discretecollision
checker:

1. ComputethecorrespondingtentativevariationdCt = Ct � Ci .

2. ProjectthetentativevariationdCt onthesetof valid variations
to obtainthenew variationdC.

3. Setthenew milestoneCnew = Ci + dC

Theprojectionof the intentionalvariationdCt onto thepolyhedral
setof constraintsis performedby usingtheWilhelmsenprojection
algorithm[Wilhelmsen1976].
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Finally, wenotethatthecombinationof constrainedsamplingin the
contactspaceandsamplingby rayshootingallowsusto accumulate
obstacleconstraints:whenever a new nodeCnew is determinedby
extendinganodeCi , wecheckwhetherthenear-obstacleconstraints
of Ci , arestill valid in thenew con�gurationCnew. This occursfor
examplewhentherobotcomesin contactwith anobstacle.

6 Results

In this section,we presenttheresultsof our approachon threedif-
ferentbenchmarksof varying complexity. Below areour bench-
markscenarios:

� Bridge Model- This modelconsistsof over 5,000polygons
and the cableis representedas a 280-link robot with 5,000
polygons.

� HouseModel-This modelconsistsof over 14,500polygons
and the cableis representedas a 280-link robot with 5,000
polygons. The househasfour roomsand thereis only one
entryto thehouse.

� Building Model-Thismodelconsistsof over18,200polygons
and the cableis representedas a 280-link robot with 5,000
polygons. The building hasseven �oors andeach�oor has
different shapesand dimensions. In order to illustrate the
cablesimulationand planningvisually, we place the cable
aroundtheoutsideof thebuilding.

� Car Model-Thismodelconsistsof over19,668polygonsand
thecableis representedasa 280-link robotwith 5,000poly-
gons.Thismodelis obtainedfrom theMPK modeldatabase.

Our algorithm runs at interactive rates,averagingabout 60 fps.
Fig. 3 illustratesthe timings of our planningand samplingtech-
niquein detail.

In our simulation,in orderto make thecablefollow theexactpath,
we appliedpositionalconstraintsto the selectedjoints basedon
their position insteadof applying constraintto eachlink. Fig. 4
illustratesthecomparisonof thesimulationtimefor positionalcon-
straints.

We alsocomparedour algorithmby changingthe samplingtech-
niquein our simulation. Insteadof constrainedsampling,we use
randomsamplingin 3D. In constrainedbasedsampling,we gen-
eratedsamplesnearthe corners,edgesandwalls, andwe applied
constraintsamplingduring the simulation. However, in random
samplingthesamplesarerandomlygeneratedin 3D. Fig. 5 shows
thetiming comparisonof two samplingtechniques.

To demonstratethe pathquality generatedby our algorithmwith
constrainedsamplingin the contactspacevs. usingrandomsam-
pling in our approach,we show a comparisonimagehighlighting
thedifferencein pathquality for theBridge in Fig. 6. Notice that
constrainedsamplingresultsin bettercableplacementthanrandom
samplingfor cablerouteplanning.

We also include additionalsequencestaken from our simulation
runs(seeFig. 7–10).Our cablerouteplanningalgorithmis ableto
automaticallycomputerealisticpathsfor thesemodestlycomplex
models.Our algorithmusingconstrainedsamplingsystematically
�nds milestoneswhichareeitheronor nearto theobstacles(walls,
corners,structuralsupports,etc.) and the cablemovesalong the
pathnaturallyusingour adaptive multi-body dynamicsat interac-
tive rates.

Figure6: Pathquality comparisonon theBridgeModel usingour
algorithmwith constrainedsamplingin thecontactspace(Top)and
with randomsampling(Bottom). Notice that the cable is better
placednearthe supportstructureson the bridgewith constrained
sampling.Usingrandomsampling,thecableis simply routedfrom
its initial con�guration to the �nal con�guration throughunclut-
teredspaceandtheplacementof thecableappearsratherawkward.

7 Conclusion

Wepresentanovel algorithmfor planningof cablelayoutsin com-
plex environments.Weproposeavariantof PRMusinganovel con-
strainedsamplingcoupledwith afastadaptiveforwarddynamicsal-
gorithmandef�cient collisionhandling.Ourapproachis applicable
to many applications,suchaswire routing. We have demonstrated
ouralgorithmonfour interestingscenariosandtheinitial resultsare
ratherpromising.

Our currentapproachhassomelimitations. We �rst performcon-
strainedsamplingfor theheadof thecableandthentherestof the
cablefollows by adaptively computingits forward dynamicswith
contacthandlingfor theentirecable.Thisalgorithmdoesnotguar-
anteea physically-correctmotion anddeformationat all time, but
an error-boundedapproximation.Nevertheless,the resultingpath
is alwaysvalid andcollision free.

Thereareseveral directionsfor future investigation. It is possible
thatwe cantightly integratetheadaptive forwarddynamicsframe-
work with constrainedsampling.This mayresultin a morerobust
system,but athighercomputationalcosts.Wecanapplycontinuous
collision detectionto the cablesimulationduring the pathfollow-
ing.

We would alsolike to explorecablerouteplanningfor cableswith
multiplebranches,whichcanbeusefulin somereal-world applica-
tions. In addition,weplanto applyour algorithmto morecomplex
environments,suchasa power plant. We would like to further im-
prove theroadmapconstructionandcollisiondetectionfor massive
modelsconsistingof many millions of geometricprimitives.
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Figure3: Performancefor differentbenchmarks

Figure4: Comparisonof applyingpositionalconstraintsto eachlink in thecablevs. selectedlinks
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Figure5: ComparisonbetweenConstrainedBasedSampling(CBS)andRandomSampling

Figure7: Cablerouteplanningon theBridgeModel

Figure8: Cablerouteplanningon theHouseModel

Figure9: Cablerouteplanningon theBuilding Model
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Figure10: Cablerouteplanningon theCarModel
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