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Abstract— The autonomousexecutionof manipulation tasksin
unstructur ed, dynamic ervironments requires the consideration
of various motion constraints. Any motion performed during the
manipulation task hasto satisfy constraints imposedby the task
itself, but alsohasto considerkinematic and dynamic limitations
of the manipulator, avoid unpredictably moving obstacles,and
obsewe constraints imposed by the global connectvity of the
workspace. Furthermor e, the unpredictability of unstructured
ernvironmentsrequiresthe continuous incorporation of feedback
to reliably satisfy theseconstraints. We presenta novel feedback
motion planning approach, called elastic roadmap framework,
capable of satisfying all of the motion constraints that arise in
autonomous mobile manipulation and their respectve feedback
requirements. This framework is validated with simulation ex-
periments using a mobile manipulation platform and a stationary
manipulator.

I. INTRODUCTION

Autonomousrobots are beginning to addressreal-world
tasksin unstructuredand dynamicervironments.Today these
robotspredominantlyperformtasksbasedon mobility. But the
potentialof augmentingautonomousnobility with manipula-
tion skills is signi cant [4]. To achiese autonomousmobile
manipulation,robots have to perform comple, task-oriented
motion in unpredictablychangingervironments.To address
this problem,we presenta novel motion generatiortechnique,
called elasticroadmap Elastic roadmapsyenerateobust and
globally task-consistenmotion in dynamicervironments.To
validatethe approachwe presentexperimentswith a mobile
manipulatorand a stationaryrobot arm.

In the context of autonomousnobile manipulation,motion
is subjectto numerousconstraints1) The taskimposescon-
straintsthatcanbe expressedspositionor force constraintsat
the end-efector. 2) Kinematic and dynamicconstraintssuch
as joint and actuationlimitations, restrict the manipulators
motioncapabilities 3) Posturakonstraintsepresensecondary
task constraintghat canimprove someperformancemetric of
the manipulator Generallythey expressa desired subordinate
behaior thatshouldnotinterferewith taskexecution.4) Reac-
tive obstacleavoidanceimposegnotionconstraintsn response
to changesin the ernvironment. These constraints prevent
collisions but cannotaddressglobal connectvity constraints.
5) Globalmotion plannersconsiderconstraintdmposedby the
global connectity of free spaceOnly global consideratiorof
connectvity can preventthe susceptibilityto local minima.

The maintenancef these ve typesof motion constraints
requiresfeedbackto accommodatenodelingerror, uncertainty
in sensingand execution, and the dynamic aspectsof the

ervironment.The requiredfrequeng of feedbackdependson
the constraintandthe application.In autonomousnobile ma-
nipulation,feedbackrequirementsangefrom severalhundred
timespersecondor taskconstraintdo aboutonceper second
for global motion constraintsA successfumotion generation
approachfor autonomousnobile manipulationhasto address
all vetypesof motionconstraintandin additionsatisfytheir
respectie feedbackrequirements.

We proposea novel framework for feedbackmotion plan-
ning [26] thatcombineghe advantage®f planningandcontrol
to addressthe motion requirementsin autonomousmobile
manipulation From motion planningthis framework takesthe
conceptof a roadmap[22] to representglobal connectvity
information. Every milestonein the roadmaprepresentghe
attractorof alocal potentialfunction. By sequencingttractors
in accordancewith global connectvity information, we can
generate global navigationfunction. This navigationfunction
permitsthe integration of control-basednethodswith global
connectvity informationthroughthe useof task-level, multi-
objective control. The resultingmotion framework addresses
all motion constraintghat arisein autonomousnobile manip-
ulation and their respectie feedbackrequirements.

Il. RELATED WORK

The literatureconcerningrobot motionis extensie. We re-
strict the discussiorto work thatincorporatesnultiple motion
constraintselevantto autonomousnobile manipulation.

a) Contwol: Controlmethodq15] specifymotion beha-
ior usingpotentialfunctionsde ned in therobot's statespace.
Eachpotentialfunctionrepresents speci ¢ motion constraint
or motion objective. Objectives can be combinedinto multi-
objective motion by combiningthe respectie potentialfunc-
tions. Control-basedmethodsdescendthe gradient of such
a combinedpotential function to achieve the desiredmotion
behaior. The useof feedbaclkduring gradientdescentenders
motiongeneratiorrobustto externaldisturbancest high rates
of feedbackput alsomakesit susceptiblego local minimal in
the combinedpotentiallandscape.

The operationalspaceframeavork [23] achieses comple,
multi-objective behavior [30] for manipulationtasksby com-
bining potential functions with nullspaceprojections.These
projectionsensurethat subordinatemotion objectives do not
interfere with superior ones. The resulting motion satis es
the motion constraintsand their feedbackrequirementsin
autonomousnobile manipulationwith the exceptionof global
connectvity constraintsControl-basednethodsare subjectto



local minima and cannotguaranteghe successfubttainment
of a particularmotion objective.

b) Motion planning: Motion plannersconstructa global
representatiorof the free con guration spaceto determine
a valid motion. Among a large number of global motion
planningtechniqueq12], [26], sampling-basednotion plan-
ners [22], [24] currently representthe dominant planning
paradigm. Global motion plannershave been extended to
speci cally addressconstraintsarising in manipulation[32]
or in the context of dynamic ernvironments[16], [17], [20],
[21], [27], [34], [35]. However, thesemethodsare currently
not computationallyef cient enoughto incorporatefeedback
at ratesrequiredto satisfy task constraintsin the context of
autonomousmobile manipulation,such as force control, for
example. The accelerationof global motion planning tech-
nigueshasthusbeenan active areaof researct7]. Oneof the
promisingdirectionsin this areais theinclusionof workspace
information to guide sampling[25], [33], [38]. The elastic
roadmapapproactpresentedn this paperwill make extensve
use of workspaceinformation to improve the feedbackrates
for the computationof global connectvity information.

¢) Feedbak motionplanning: Feedbacknotionplanners
constructa local minima-free potential function basedon
globalinformation[26]. This canbe achieved with navigation
functions[29], numericalnavigation functions[2], harmonic
potential functions [14], or by composinga seriesof local
potential functions basedon global information [8], [10],
[11], [13], [36]. Once such a global potential function has
beencomputed,thesemethodsare able to satisfy all of the
motion constraintsnentionedabove. However, changesn the
ervironmentor taskwill invalidatea computedglobalpotential
function. Since the computationof this function for robots
with mary degreesof freedomis computationallycomple,
this type of approachcannotsatisfythe feedbackrequirements
of autonomousmobile manipulation. The proposedelastic
roadmapframework overcomeshis limitation.

d) Integration of local and global methods: The elastic
band framavork [28] assumeghat a global motion planner

has determineda motion that satis es the task-requirements.

Local methodssubsequentlynodify this motionincrementally
in responseto feedbackfrom the ervironment. The elastic
strip framework [6] extendsthe elastic band frameawvork and
hasbeenusedto demonstrataylobal, task-consistenbbstacle
avoidanceand posturebehaior on a mobile manipulator[6].
Both of theseapproachesombinethe advantagef control-
basedapproachesvith a predeterminedjlobal motion. How-
ever, neitherof thesemethodscanrecover from aninvalidation
of the global motion.

Decomposition-basednotion planning [5] also combines
global and local methods.Initially, global connectvity infor-
mationin the workspaceis capturedin a navigation function
for the manipulators end-efector. This navigation functionis
combinedwith control-basednethodsto generatethe robot's
motion, satisfyingall consideredmotion constraintsand their
feedbackrequirementsHowever, the fact that the navigation
functionis computedin the workspaceand only for the end-

effector limits the applicability of the approach.

The proposedelastic roadmapframavork can be seenas
a natural progressionin this line of research.lt combines
local andglobal methodsinto a reactive approacho feedback
motion planning.

I1l. ELASTIC ROADMAP FRAMEWORK

The elastic roadmapframework is a robust and ef cient
framawork for feedbackmotion planningin dynamicenviron-
ments.It addresseall motion constraint§or autonomousno-
bile manipulationandtheir respectie feedbackrequirements.
To accomplishthis, the elasticroadmapframeawvork relies on
the following mainideas:

a) Elastic roadmap: Corventional roadmaps capture
global connectvity information in graphs consisting of
collision-freevertices(milestones)and edges.Once addedto
the roadmap,neither milestonesnor edgesare changed.In
contrastan elasticroadmapmovesits milestonesandupdates
their connectvity to adaptto changesn the ervironment.The
modi cation of milestonesis performedin a task-consistent
manner relying on methods from task-level control. The
roadmapthus always representgask-consisteninotions. The
visual effect resultingfrom the continuousmodi cation of the
roadmapgives rise to the name elastic roadmap.An elastic
roadmapconsistsof a setof milestones
and an orderedbinary relation . The
relation replacesthe notion of edges;it holds for
two milestones if afeedbackcontrolleris ableto move
therobotfrom  to

b) Navigation function: The relation holds
for two milestonesif a feedbackcontrolleris able to move
the robot from to . In this view of a roadmap,every
milestone is associatedvith a local potentialfunction for
which it is the attractor Milestone is connectedo if

is within the region of attractionof the potentialfunction
associatedvith . An elasticroadmapthus de nes a hybrid
systemof potential functions. Given a particular goal state,
the connectvity of the roadmapdetermineshow a hybrid
systemcan composea set of local potential functions into
an approximate global navigation function.

¢) Usingworkspacenformationto determinamilestones:
To improve the ef ciency of global motion planning, mary
researcherdhave directed their efforts towards making the
constructionof roadmapanore ef cient. Notableadwvancesin
this areahave comefrom the consideratiorof workspacenfor-
mation[25], [33], [37], [38]. The elasticroadmapframenork
determineghe entireroadmapdirectly in workspaceavoiding
the computationally costly constructionof a con guration
spaceroadmap This stepis the key to satisfyingthe feedback
requirementgor global motion constraints.

The proposedramework's ef ciency in maintainingglobal
connectvity information comesat the price of completeness.
In fact, the frameavork consciouslytradescompletenessor
computationalefciency. We believe that within the con-
text of a particular application,such as autonomousmobile
manipulation, this tradeof is justied. The evaluation of



such an incomplete,application-speci cmethodthen hasto
be performedin the contet of application-speci cplanning
problems. To validate the proposedapproach,we present
three experimentalscenariosin SectionV. Thesescenarios
can be viewed as characteristicof a broad class of tasks
in autonomougnobile manipulation.Our resultsobtainedin
thesescenariosdemonstratehat the degree of completeness
achieved by the proposedframevork remainsadequatefor
our application. At the sametime, they demonstratethat
the framawork is able to satisfy all motion constraintsand
their feedbackrequirements A more detailed discussionof
completenesss givenin SectionlV-H.

IV. AN ELASTIC ROADMAP IMPLEMENTATION

We now describea speci ¢ implementationof the elastic
roadmapframework proposedn Sectionlll. This implemen-
tation should be viewed as a proof of concept.The specic
algorithmiccomponent®f theimplementatiorwill be subject
of future investigations.

A. Task-lerel contmol

Task-level control[23] is a corvenientand powerful method
of generatingmulti-objectve behaior for robotic systems.
Ratherthan specifyingjoint trajectories,this framewvork per
mits direct control of the manipulators end-efectors,greatly
facilitating programmingfor kinematically redundantrobots.
Task-level controlalsopermitsthe task-consistergxecutionof
subordinatédehaiors, exploiting nullspaceprojections.Given
an end-efector task, expressedas a force ;s acting on
the end-efector, and given an arbitrary subordinatebehaior,
expressedsa vectorof joint torques , we candeterminehe
torque to achieve taskandsubordinatebehaior asfollows:

1)

where . representsa projectioninto the nullspaceof the
end-efector Jacobian sk This projection ensuresthat the
subordinateébehavior will not alter task behavior, i.e., it will
resultin task-consistenmotion.

This principle of nullspaceprojectionscan be extendedto
cascaden arbitrary numberof hierarchicalbehaiors [30]. If
behaior resultsin torque , thetorque

task task task

)

combinesthese behaiors in such a way that behaior
doesnot affect behavior  if . In equation2, is
the nullspaceprojection associatedvith the task Jacobianof
behaior . Here,we adoptthe more compactnotationof the
control basis[19] to describesuch cascadechullspacesWe
associatea control primitive with eachtorque . If a
control primitive  is executedin the nullspaceof the control
primitive , wesaythat is performedsubjectto , written
as . We cannow rewrite equation2 as

®3)

This task-level framewvork with nullspaceprojectionssenesas
the underliningcontrol schemefor the elasticroadmapframe-
work. Torquescomputedusing this framework are appliedto
the robot to generatdats motion.

B. Creating milestones

A roadmaphasto capturethe connectity of free con g-
uration spaceto allow the solution of motion queries.The
adequateplacementof milestonescritically determinesthe
quality of a roadmapFor sampling-basedhulti-query motion
planning, prior work shaws that the adequag of milestones
is largely determinedby their visibility properties,i.e., the
amountof free con guration space‘visible” to them [18].
Milestones with large visibility provide better coverage of
con guration space.This has motivated heuristicsfor plac-
ing samplesin con guration space[31]. Another sampling
heuristicattemptgo placemilestonesloseto the boundaryof
con guration spaceobstacleq1], following the intuition that
solutionpathscircumnavigatetheseobstaclesWhensampling
in con guration space however, visibility propertiesand ob-
stacleboundariesare unknavn, makingit dif cult to a priori
selectmilestoneswith favorableproperties.

The elasticroadmapframavork generatesnilestonesased
on workspaceinformation aboutobstaclesMore speci cally,
milestonesare generatedor con gurationsin which the robot
is in proximity to workspaceobstaclesFor such con gura-
tions, the correspondingpoint in con guration spacemustbe
closeto the boundaryof the correspondingon guration space
obstacleOurtechniqueor generatingnilestoness thereforea
specialcaseof otherobstacleooundarysamplingheuristicq1].

It is notsufcient for the elasticroadmagramework to gen-
eratemilestonesthat are collision free. Adequatemilestones
alsohave to satisfytaskconstraintsThesetaskconstraintsare
speci edin termsof the robot's end-efectorandmay limit its
position or orientation.This is illustratedin Figure 1, where
theend-efectoris constrainedy the taskto remainpositioned
on the horizontalline, effectively constrainingtwo positional
degreesof freedom.

Fig. 1. Four task-consistenmilestonesassociatedvith a simple obstacle.
The task consistsof maoving the end-efector along the line.

To describemilestonegeneratiorin thecontext of the elastic
roadmapframework, we distinguish betweentwo kinds of
tasks:end-efectorplacemen{the end-efectorpositionis only
constrainedatthe nal con guration)andposition-constrained
end-efector motion (at leastone of the translationaldegrees
of freedom of the end-efector is constrainedby the task).
For end-efector placementtasks, we reducethe notion of
con guration spacecoverageto workspaceeachabilityfor the



end-efector: if an elastic roadmapallows us to reachevery
workspacelocation with the robot's end-efector, we have
achieved workspacecoverage.The motion for the remaining
links of the robot will be generatecby powerful task-lesel
controllers[30].

Our ability to place the end-efector in ary position and
orientationis limited by obstacles.Our milestone creation
method for placementtasks thus considers possible end-
effector placementsn the proximity to the surface obstacles.
We needto determinearoadmapghat permitsthe motionof the
end-efectorfrom ary featureon the obstacleto ary otherfea-
ture on the sameobstacle Sincethe motion betweerobstacles
is by de nition obstacldree,a collectionof suchroadmapsgor
all obstacleswould allow us to achieve workspacecoverage
for end-efector placementasks.

We now describea naive approachto the creationof mile-
stonesfor end-efector placementtasksbasedon workspace
obstacles.This approachsenes as a proof-of-conceptfor
the elasticroadmapframeavork. More sophisticatednilestone
creationmethodswill be the subjectof future investigations.

Workspaceobstaclesare decomposednto corvex regions;
theseregions are then approximatedby boundingboxes. We
selecteachof the cornersof the boundingbox as well as
the centersof the edgesas obstaclefeatures.Thesefeatures
are chosenso that the end-efector can move freely between
adjacentfeatures.To createmilestonesassociatedvith these
obstaclefeatureswe pick a nearbycon guration anddragthe
end-efectortowardsthefeature Thecontrollerusedto achiere
this is given by:

(4)

where poswre describesa posture potential for kinematic
conditioning of the robot, aidance performsreactive obsta-
cle avoidance, sk describesa task potential, feature iS the
potentialthat maintainsproximity betweenthe robot and the
obstacldeature, qiision iS ableto preventimminentcollisions,
and inematic Preventsthe manipulatorfrom reachingits joint
limits. The resultingmilestonesare addedto the roadmap.If
the obstacldeaturecanbereachedy the end-efectorwithout
collisions, the milestoneis consideredvalid.

The resulting set of milestonesplace the end-efector on
obstaclefeatures Milestonesassociatedvith adjacenfeatures
are likely to be very similar. Furthermore the motion of the

posture avoidance task feature collision kinematic

end-efector betweentwo different featuresis unobstructed.

For mostof the adjacentfeaturesit will thereforebe possible
to employ atask-level controllerto generatehe motion from
onemilestoneto anadjacentnilestone Thisintuitive argument
will later be conrmed by our experimental results. It is
apparenthat the selectionof milestonesplays a critical role
in the performanceof the proposedframewnork and warrants
signi cant further investigation.

Milestonesfor position-constraineénd-efector motionare
createdin a similar fashion. Instead of draggingthe end-
effector towards the feature, we drag the closestpoint on
the robot towardsthe feature,while maintainingthe task con-
straints.In equatiord, theorderof feare@nd taskiS changed.

If the resulting milestonesatis es the task constraints,it is
consideredask-consistenfour task-consistermilestonegor
task-constraineénd-efector motion are shovn in Figure 1.

C. Maintaining milestones

Milestones continue to be controlled by their respectie
controllers(equationd). This permitsthemto reactto changes
in the ervironment.In particular whenthe obstacleassociated
with the feature moves, the milestone will move with it.
If these changescausethe milestoneto violate task con-
straints (for task-constraineand-efector motion), the mile-
stonechangests statusfrom task-consistento valid. If it vi-
olatescollision avoidanceconstraintor kinematicconstraints,
it is labeledasinvalid.

The computationalcompleity of milestone creation and
milestonemaintenances [9], where is the number
of degreesof freedom of the robot and  is the number
of milestonesgeneratedThis implies that the computational
complity of milestone maintenancds proportionalto the
geometriccompleity of the workspaceobstacles.

D. Determiningconnectivityamongmilestones

To completethe computationof an elastic roadmap,we
needto determinethe connectvity relation , Where

are milestones.

In our currentimplementationwe employ workspacevis-
ibility as a criterion for the connectvity of two milestones.
If two milestones and are mutually “visible,” we add

to the connectvity relationof the elasticroadmap.
Visibility betweenmilestonesis determinedby evaluating if
designatedhandle points (origins of the coordinateframes
attachedto eachlink) [37] on the respectie milestonescan
be connectedby straight, collision-free line segments.This
criterion is computationallyef cient and relatively accurate,
i.e., if the criterion determinesthat two milestonesare vis-
ible, a valid trajectory can be determinedusing task-level,
multi-objective control. In SectionlV-G, we discusshow the
planning methodrecovers from failure, should the visibility
criterion erroneouslylabel two milestonesas connected.

While this approximation of connectvity compromises
completenesgseeSectionlV-H), it allows usto leveragethe
power of task-lesel, reactize control asa local planneramong
milestones As we will seein our experimentalvalidation of
the framework (seeSectionV), this simple heuristic for the
connectvity relation can solve challengingmotion planning
problemsin dynamic ervironmentsin real time. In future
work, we will investigatemore sophisticatedand complete
workspacecriteriato determinethe connectity of milestones
in the elasticroadmap.

E. Extracting a navigationfunctionfrom the elasticroadmap

An elastic roadmapdoes not representexplicit con gu-
ration spacetrajectories.Instead,it continuously maintains
a graph, consisting of task-consistenimilestones(vertices)
and hypothesisabout the connectvity of these milestones
(edges).Similarly to other roadmap-basednotion planning



approachesgraph searchalgorithms can be usedto extract
a path in this graph that connectsthe initial and the nal

con guration of a motion planning problem (seeSectionlV-

F). In the elastic roadmapapproach,this path representsa
sequence of milestonesThe motionbetween
two milestones and can be generatedusing the
following task-consistentnulti-objective controller:

®)

Comparedo equation4, we have removed the control prim-
itive  feature and addedthe control primitive  gioba, Which is
responsibldor the global motion towardsthe next milestone.
We view the extractedsequencef milestonesas a hybrid
system.Controllersare usedto generatehe motion from
to until the robot hasapproachednilestone . The
hybrid systemthen discretely switchesto the controller that
movesthe robot from to , until the goal milestone
is reached.Note that throughoutthe entire motion all
milestonesaswell asthe motion betweerthemremainconsis-
tentwith all motion constraintsThe hybrid systemrepresents
an approximate)ocal-minimafree navigation function for the
given motion problem. The navigation function is composed
from simple, local potential functions by considering the
global connectvity information capturedin the roadmap|[8],
[10], [11], [13], [29], [36].
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F. Updatingthe elasticroadmap

The updateof the elasticroadmapconsistsof three parts:
milestone maintenance,connectvity update, and path ex-
traction. Milestone maintenancgSectionIV-C) is performed
continuouslyat high frequenciesto ensurethe maintenance
of task constraints.The resulting motion of the milestones
may invalidatethe connectvity informationrepresentedh the
roadmap.We now describehow the connectity is updated
and how a pathis extracted.Thesepartsof the algorithmare
also performedcontinuously but at a low frequeng that is
sufcient to satisfythefeedbackequirementsf globalmotion
constraints.

Given a roadmapwith  milestonesthere are potentially

visibility teststo performduringa connectvity update.
Due to the small computationakost of a connectvity check
and the low updatefrequeny associatedvith global motion
constraints,this is feasiblein practice.In the experiments
presentedn SectionV, the computationatostof connectvity
checkswas dwarfed by the cost of milestone maintenance.
In much larger ervironments,the cost of visibility
tests can be reducedto (assuminga uniform spatial
distribution of milestones)by restricting the adjaceng of
milestoneshasedon spatial proximity.

Graphalgorithms,suchasA*, canbe usedto extracta path
from a roadmap[3]. To selectpathswith certain favorable
propertiesthe relationshipbetweentwo connectednilestones
is labeled with the associatedtraversal cost. During the
execution of a task-constraineanotion, only task-consistent
milestonesare consideredduring path extraction. For end-
effector placementasks,it sufces for milestonego be valid,

i.e., collision-free. Invalid milestonesare excluded from the
connectvity updateas well as from the path extraction but
continueto be modi ed basedon their controllers.

G. Recwering from failure

We distinguishthreefailure modes.First, a motion canfail
becausethe task-level controlleris unableto nd a motion
betweentwo milestonesthat are connectedin the roadmap.
Second,changesin the ervironment may force the robot
to give up the task constraints,leading to task failure. For
both of thesefailureswe describerecovery strateies below.
The inability to nd a valid path, even after theserecovery
stratgieshave beenapplied,constituteghethird failure mode.
This last failure hasto be attributed to the incompletenessf
our method(seeSectionlV-H).

The rst failure mode occurswhen the robot is moving
betweentwo milestones.If a robot fails to make progress
without having reachedthe next milestone,the connection
is labeledas invalid. The continuouspath extraction process
will automaticallyobtaina new path andthe robot will start
moving alongthis path. Currently the two milestonesemain
unconnectablebut one could reconsiderthe connectionafter
the environmenthaschanged.

The secondfailure mode occurs during task-constrained
motion.If therobotor any of the milestonesn the currentpath
changetheir label from task-consistento valid or invalid, a
new pathhasto be computedThis occursautomaticallyduring
pathextraction.If a new pathwith task-consistentilestones
can be found, it is executed.If no such path can be found,
path extraction considersthe shortestpossiblerecovery path
through valid milestonesto a task-consistenmilestone.To
follow the recovery path, we usethe following controller:

(6)

Oncetherobotreaches task-consistenilestonetheoriginal
controller (Equation5) is usedto resumetask behavior.
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H. Completeness

The elasticroadmapframawork is an approacho feedback
motion planning that is incomplete by design. It does not
possessary of the completenespropertiesof sampling-based
planners.Neverthelessijt is temptingto comparethe elastic
roadmap framework to sampling-basedplanning methods.
Such a comparisonhowever, is dif cult to make, since the
planningproblemsaddressety thesetwo methodsarefunda-
mentally different. The elasticroadmapframenork explicitly
addressedask constraintsand feedbackrequirementsof a
speci ¢ applicationand permits the execution of motion in
dynamicernvironmentsundertheseconstraintslt is ableto do
sopreciselybecauseét sacri cescompletenessto our knowl-
edge, no sampling-basednethodis able to either consider
task constraintsin the generalityproposedhereor to address
explicit timing constraints.

A characterizatiorof completenessf the elasticroadmap
would be mostusefulin the context of workspaceproperties.
This hasbeenproposedin [5], wherea minimum clearance



about the solution path is required for the method to be
complete.Sucha notion of completenessould be established
for theelasticroadmagframework by shaving thatthe selected
milestonescanbereachedrom the entirecon guration space,
excludingareaghatdo not provide sufcient clearancdor the
robot. Furthermore,such a notion would require workspace
connectiorstratgieswith provableperformancedo ensurethat
whentheregionsof attractionof milestonesverlap,task-lesel
planningwill nd a connectiortrajectory We will investigate
suchnotionsof workspacecompletenes# our future work.

V. EXPERIMENTAL EVALUATION

We demonstratethe performanceof the elastic roadmap
framawvork by performing simulation experiments.An ade-
guate experimentfor the evaluation of the elastic roadmap
approachshouldexhibit the following characteristics1) The
robot has to maintain an end-efector task throughoutthe
entire motion. 2) The motion shouldbe subjectto kinematic
or dynamic constraints.3) A solution has to dependon
global connectvity information. 4) The ervironment should
be dynamicandthe motion of obstacleshouldinterferewith
the motion. 5) The robot should be kinematically redundant
to permit the executionof multi-objective behaior. Following
thesecriteria, we have devised three experimentsfor the two
simulatedrobotsshowvn in Figure 2.

Fig. 2. Left: The UMassmobile manipulatorwith tenuda\]reesof freedom.
Middle: Model of the real platform. Right: Stationaryrobot with twelve
degreesof freedom.

In the rst experiment,the mobile manipulationplatform
hasto move its end-efector along a horizontal, linear path,
indicated by the horizontal line in imagesl1a) and 1e) of
Figure 3. During task execution, seseral obstaclesmove into
the platform's path. The directionof motion for the obstacles
is indicatedby the arrons. The sequenceof imagesl1b)-1d)
in Figure3 illustrateshow the elasticroadmapmaintainstask-
consistentworkspaceconnectvity and repeatedlygenerates
new sequence®f milestonesin responseo changesin the
ervironment. By following the approximatenavigation func-
tion constructedrom theroadmaptherobotmovesto thegoal
con guration in a task-consistentmanner i.e., by restricting
the end-efectorpositionto theline. Control primitivesprevent
collisions and keep the robot away from its joint limits.
All computationsare performedduring the simulation and
the motion is generatedn real time. The picturesrepresent
shapshot®f the ongoingexecution.

Notethatthe narrav passagebetweerthe moving obstacles
renderthis motion problem challengingfor motion planners

operatingin con guration space.Furthermoretheseplanners
alsohave dif culties to generatdask-consistentnotion,asthe
computationof the manifold of task-consistenton gurations
is computationallycomple.

In a secondexperimentwith the mobile manipulator we
demonstratetwo additional capabilities of the framework.
First, we shov that the frameawork is capableof generat-
ing task-consistentmotion even for force-controlledtasks,
i.e., motion in contact with the ervironment. This stands
in contrastwith other approachego motion generation[6],
[28], which require the entire manipulatorto move in free
spaceln the elasticroadmapframework, the only requirement
is that motion continuously satis es all motion constraints.
Theseconstraintsmay include force constraints.Second,we
demonstratethat the elastic roadmapframework is able to
automaticallyrecover from the violation of task-constraints.

In this experiment, the end-efector of the manipulator
tracksthe unknovn motionof anobjectbasedn force control.
This caninitially be achieved using task-level control alone,
sincethe goal con guration is connectedo the robot. As this
direct connectionis invalidatedby moving obstacledorming
a boxed caryon aroundthe manipulatoy the manipulatoris
unableto follow the moving object and hasto violate task
constraintsby letting go of the object.Image2b) in Figure3
illustrateshow the elasticroadmagrameavork thendetermines
a paththroughvalid but not task-consistenmilestonesto re-
attainthe task constraintsn image 2c).

In a third experiment,we demonstratehe effectivenessof
the elasticroadmapframenork for a stationarytwelve degree-
of-freedommanipulator The task consistsof moving the end-
effector to a goal location, while maintainingits orientation
(task constraint).This motionis performedin an ervironment
that containsa truss moving from right to left, as indicated
by the arrowns in image 3a) in Figure 3. The sequenceof
images 3a)—3d) illustrates how the robot reachesits goal
location, while avoiding the moving trussand maintainingits
end-efector orientation.As the trusskeepsmoving, it forces
the manipulatorto deviate from its goal location, repeatedly
triggering a replanningoperationthat resultsin a repeated
motion, similar to the one shovn in images3a)-3d).

All simulationswere performedon a PentiumlV 3.2GHz
PCwith 1GB RAM anda 64MB DDR Radeon300 graphics
card.Thecomputation@ssociatedvith the maintenancef the
elasticroadmapandthe extractionof a pathcanbe performed
at a frequeng of approximately5-10Hz, thereby satisfying
the feedbackrequirementgor global motionin the context of
autonomousnobile manipulation.

Theseexperimentsrepresentrealistic autonomousmanip-
ulation scenarios.The elasticroadmapframework is able to
maintainall requiredmotion constraintswhile satisfyingtheir
respectie feedbackequirementsTheseexperimentsherefore
demonstratehe effectivenessof the elastic roadmapframe-
work for the generationof constraint-consistenmotion for
autonomousnobile manipulationin dynamicervironments.



Side View of 1a) Goal
:. «
_5 ’ 1e) 38.)
la) .
+« Object
3b
1b) 2a) )
0”..
1c) 2b) 3c)
Object
Trajectory
A
=
1d) 2c) 3d)

Fig. 3. Threeexperimentso validatethe elasticroadmapapproachln all experimentsighter versionsof the robot represenmilestonef the roadmapthat
arepartof the currentsolutionpaths.The connectiity of thesemilestoness indicatedby a dashedine. The darker robotsrepresenthe actualrobotin motion.
The direction of motion of obstacleds indicatedby arrons. Experimentl: Imagesla)and 1e) shav two perspecties of the samescene.The robot follows
the line with its end-efector, while moving obstaclesinvalidate the solution. The elastic roadmapframeavork repeatedlygenerateglobal, task-consistent
motion plansuntil the robot reacheshe goal. Experiment2: The task consistsof following an objectmaving on an unknavn trajectory The following task
is achieved basedon force control. Moving obstacledorce the robot to suspendhe force control task, loosing contactwith the object. The elasticroadmap
framavork computesa pathto re-attainthe force control task,shavn in imageZ2c). This imagealsoshaws the trajectorytaken by the objectandits projection
ontothe oor. Experiment3: A stationaryrobot, operatingundera moving truss,reachegor a goallocationwhile maintaininga constantorientationwith its
end-efector The sequencef imagesshavs how the goal canbe reached Continuedmotion by the trusswill repeatedlyforce the robotto move away from
the goallocationto avoid collision. The elasticroadmapframevork repeatedlygeneratesnotionssuchasthoseshavn in images3a)—3c)to re-attainthe goal

location.



VI. CONCLUSION

Motion in the context of autonomousnobile manipulations
subjectto numerougonstraintsTheseconstraintareimposed
by the task, by kinematic and dynamic limitations of the
robot, by moving obstaclesin the ervironment, by global
the global connectvity of the workspaceand by subordinate
behaiors, such as posture control. Existing approacheso
motion generatiorfor autonomousnobile manipulationeither
fail to addressall motion constraintssimultaneouslhor do not
meetthe respectie feedbackequirementsWe have presented
the elasticroadmapframenork asa new approactto feedback
motion planning. This framework satis es all of the afore-
mentionedconstraintsand their feedbackrequirementsFur-
thermore,the framework is capableof generatingconstraint-
consistentmotion in dynamic ervironments in real time.
To achieve the computationalef ciency, the elasticroadmap
framavork makes several approximationghat causeit to lose
the provable completenessnary other planning techniques
possessHowever, our experimentalresultsindicate that the
elasticroadmapframework is ableto solve challengingmotion
generatiorproblemsfor autonomousnobile manipulatorsand
stationarymanipulatorarms.
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