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Abstract— The autonomousexecutionof manipulation tasks in
unstructur ed, dynamic envir onments requires the consideration
of various motion constraints. Any motion performed during the
manipulation task has to satisfy constraints imposedby the task
itself, but alsohas to considerkinematic and dynamic limitations
of the manipulator, avoid unpredictably moving obstacles,and
observe constraints imposed by the global connectivity of the
workspace. Furthermor e, the unpredictability of unstructur ed
envir onments requires the 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
autonomousmobile manipulation and their respective 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 unstructuredanddynamicenvironments.Todaythese
robotspredominantlyperformtasksbasedon mobility. But the
potentialof augmentingautonomousmobility with manipula-
tion skills is signi�cant [4]. To achieve autonomousmobile
manipulation,robotshave to perform complex, task-oriented
motion in unpredictablychangingenvironments.To address
this problem,we presenta novel motiongenerationtechnique,
calledelastic roadmap. Elastic roadmapsgeneraterobust and
globally task-consistentmotion in dynamicenvironments.To
validatethe approach,we presentexperimentswith a mobile
manipulatoranda stationaryrobot arm.

In the context of autonomousmobile manipulation,motion
is subjectto numerousconstraints.1) The task imposescon-
straintsthatcanbeexpressedaspositionor forceconstraintsat
the end-effector. 2) Kinematicand dynamicconstraints,such
as joint and actuationlimitations, restrict the manipulator's
motioncapabilities.3) Posturalconstraintsrepresentsecondary
taskconstraintsthat canimprove someperformancemetric of
themanipulator. Generally, they expressa desired,subordinate
behavior thatshouldnot interferewith taskexecution.4) Reac-
tiveobstacleavoidanceimposesmotionconstraintsin response
to changesin the environment. These constraintsprevent
collisions but cannotaddressglobal connectivity constraints.
5) Globalmotionplannersconsiderconstraintsimposedby the
globalconnectivity of freespace.Only globalconsiderationof
connectivity canprevent the susceptibilityto local minima.

The maintenanceof these� ve typesof motion constraints
requiresfeedbackto accommodatemodelingerror, uncertainty
in sensingand execution, and the dynamic aspectsof the

environment.The requiredfrequency of feedbackdependson
the constraintandthe application.In autonomousmobile ma-
nipulation,feedbackrequirementsrangefrom severalhundred
timespersecondfor taskconstraintsto aboutoncepersecond
for global motion constraints.A successfulmotion generation
approachfor autonomousmobile manipulationhasto address
all � ve typesof motionconstraintsandin additionsatisfytheir
respective feedbackrequirements.

We proposea novel framework for feedbackmotion plan-
ning [26] thatcombinestheadvantagesof planningandcontrol
to addressthe motion requirementsin autonomousmobile
manipulation.Frommotionplanningthis framework takesthe
conceptof a roadmap[22] to representglobal connectivity
information. Every milestonein the roadmaprepresentsthe
attractorof a local potentialfunction.By sequencingattractors
in accordancewith global connectivity information, we can
generatea globalnavigationfunction.This navigationfunction
permitsthe integration of control-basedmethodswith global
connectivity information throughthe useof task-level, multi-
objective control. The resultingmotion framework addresses
all motionconstraintsthatarisein autonomousmobilemanip-
ulation and their respective feedbackrequirements.

I I . RELATED WORK

The literatureconcerningrobot motion is extensive. We re-
strict thediscussionto work that incorporatesmultiple motion
constraintsrelevant to autonomousmobile manipulation.

a) Control: Controlmethods[15] specifymotionbehav-
ior usingpotentialfunctionsde�ned in therobot's statespace.
Eachpotentialfunctionrepresentsa speci�c motionconstraint
or motion objective. Objectives can be combinedinto multi-
objective motion by combiningthe respective potential func-
tions. Control-basedmethodsdescendthe gradient of such
a combinedpotential function to achieve the desiredmotion
behavior. Theuseof feedbackduringgradientdescentrenders
motiongenerationrobust to externaldisturbancesat high rates
of feedback,but alsomakesit susceptibleto local minimal in
the combinedpotentiallandscape.

The operationalspaceframework [23] achieves complex,
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
autonomousmobilemanipulation,with theexceptionof global
connectivity constraints.Control-basedmethodsaresubjectto



local minima and cannotguaranteethe successfulattainment
of a particularmotion objective.

b) Motion planning: Motion plannersconstructa global
representationof the free con�guration spaceto determine
a valid motion. Among a large number of global motion
planningtechniques[12], [26], sampling-basedmotion 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 environments[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-
niqueshasthusbeenanactive areaof research[7]. Oneof the
promisingdirectionsin this areais the inclusionof workspace
information to guide sampling [25], [33], [38]. The elastic
roadmapapproachpresentedin this paperwill make extensive
useof workspaceinformation to improve the feedbackrates
for the computationof global connectivity information.

c) Feedback motionplanning: Feedbackmotionplanners
construct a local minima-free potential function basedon
global information[26]. This canbe achievedwith navigation
functions [29], numericalnavigation functions [2], harmonic
potential functions [14], or by composinga seriesof local
potential functions based on global information [8], [10],
[11], [13], [36]. Once such a global potential function has
beencomputed,thesemethodsare able to satisfy all of the
motion constraintsmentionedabove. However, changesin the
environmentor taskwill invalidateacomputedglobalpotential
function. Since the computationof this function for robots
with many degreesof freedomis computationallycomplex,
this typeof approachcannotsatisfythefeedbackrequirements
of autonomousmobile manipulation. The proposedelastic
roadmapframework overcomesthis limitation.

d) Integration of local and global methods:The elastic
band framework [28] assumesthat a global motion planner
hasdetermineda motion that satis�es the task-requirements.
Local methodssubsequentlymodify this motionincrementally
in responseto feedbackfrom the environment. The elastic
strip framework [6] extendsthe elasticband framework and
hasbeenusedto demonstrateglobal, task-consistentobstacle
avoidanceandposturebehavior on a mobile manipulator[6].
Both of theseapproachescombinethe advantagesof control-
basedapproacheswith a predeterminedglobal motion. How-
ever, neitherof thesemethodscanrecover from aninvalidation
of the global motion.

Decomposition-basedmotion planning [5] also combines
global and local methods.Initially, global connectivity infor-
mation in the workspaceis capturedin a navigation function
for the manipulator's end-effector. This navigation function is
combinedwith control-basedmethodsto generatethe robot's
motion, satisfyingall consideredmotion constraintsand their
feedbackrequirements.However, the fact that the navigation
function is computedin the workspaceandonly for the end-

effector limits the applicability of the approach.
The proposedelastic roadmapframework can be seenas

a natural progressionin this line of research.It combines
local andglobalmethodsinto a reactive approachto feedback
motion planning.

I I I . ELASTIC ROADMAP FRAMEWORK

The elastic roadmapframework is a robust and ef�cient
framework for feedbackmotion planningin dynamicenviron-
ments.It addressesall motionconstraintsfor autonomousmo-
bile manipulationand their respective feedbackrequirements.
To accomplishthis, the elastic roadmapframework relies on
the following main ideas:

a) Elastic roadmap: Conventional roadmaps capture
global connectivity information in graphs consisting of
collision-freevertices(milestones)andedges.Onceaddedto
the roadmap,neither milestonesnor edgesare changed.In
contrast,an elasticroadmapmovesits milestonesandupdates
their connectivity to adaptto changesin theenvironment.The
modi�cation of milestonesis performedin a task-consistent
manner, relying on methods from task-level control. The
roadmapthus always representstask-consistentmotions.The
visualeffect resultingfrom thecontinuousmodi�cation of the
roadmapgives rise to the nameelastic roadmap.An elastic
roadmapconsistsof a set of milestones
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. An elasticroadmapthusde�nes a hybrid
systemof potential functions. Given a particular goal state,
the connectivity of the roadmapdetermineshow a hybrid
systemcan composea set of local potential functions into
an approximate,global navigation function.

c) Usingworkspaceinformationto determinemilestones:
To improve the ef�ciency of global motion planning, many
researchershave directed their efforts towards making the
constructionof roadmapsmoreef�cient. Notableadvancesin
thisareahavecomefrom theconsiderationof workspaceinfor-
mation[25], [33], [37], [38]. The elasticroadmapframework
determinestheentireroadmapdirectly in workspace,avoiding
the computationally costly constructionof a con�guration
spaceroadmap.This stepis thekey to satisfyingthe feedback
requirementsfor global motion constraints.

The proposedframework's ef�ciency in maintainingglobal
connectivity information comesat the price of completeness.
In fact, the framework consciouslytradescompletenessfor
computationalef�ciency. We believe that within the con-
text of a particular application,such as autonomousmobile
manipulation, this tradeoff is justi�ed. The evaluation of



such an incomplete,application-speci�cmethodthen has to
be performedin the context of application-speci�cplanning
problems. To validate the proposedapproach,we present
three experimentalscenariosin Section V. Thesescenarios
can be viewed as characteristicof a broad class of tasks
in autonomousmobile manipulation.Our resultsobtainedin
thesescenariosdemonstratethat the degreeof completeness
achieved by the proposedframework remainsadequatefor
our application. At the same time, they demonstratethat
the framework is able to satisfy all motion constraintsand
their feedbackrequirements.A more detaileddiscussionof
completenessis given in SectionIV-H.

IV. AN ELASTIC ROADMAP IMPLEMENTATION

We now describea speci�c implementationof the elastic
roadmapframework proposedin SectionIII. This implemen-
tation shouldbe viewed as a proof of concept.The speci�c
algorithmiccomponentsof the implementationwill besubject
of future investigations.

A. Task-level control

Task-level control[23] is a convenientandpowerful method
of generatingmulti-objective behavior for robotic systems.
Ratherthan specifyingjoint trajectories,this framework per-
mits direct control of the manipulator's end-effectors,greatly
facilitating programmingfor kinematically redundantrobots.
Task-level controlalsopermitsthetask-consistentexecutionof
subordinatebehaviors, exploiting nullspaceprojections.Given
an end-effector task, expressedas a force - task acting on
the end-effector, andgiven an arbitrarysubordinatebehavior,
expressedasa vectorof joint torques.0/ , we candeterminethe
torque . to achieve taskandsubordinatebehavior asfollows:
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where
8

5task representsa projection into the nullspaceof the
end-effector Jacobian

1

task. This projection ensuresthat the
subordinatebehavior will not alter task behavior, i.e., it will
result in task-consistentmotion.

This principle of nullspaceprojectionscan be extendedto
cascadean arbitrarynumberof hierarchicalbehaviors [30]. If
behavior : resultsin torque .
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combines these behaviors in such a way that behavior :

doesnot affect behavior D if :*EFD . In equation2,
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the nullspaceprojectionassociatedwith the task Jacobianof
behavior : . Here,we adoptthe morecompactnotationof the
control basis[19] to describesuch cascadednullspaces.We
associatea control primitive G
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This task-level framework with nullspaceprojectionsservesas
theunderliningcontrol schemefor theelasticroadmapframe-
work. Torquescomputedusing this framework areappliedto
the robot to generateits motion.

B. Creatingmilestones

A roadmaphasto capturethe connectivity of free con�g-
uration spaceto allow the solution of motion queries.The
adequateplacementof milestonescritically determinesthe
quality of a roadmap.For sampling-basedmulti-querymotion
planning,prior work shows that the adequacy of milestones
is largely determinedby their visibility properties,i.e., the
amount of free con�guration space“visible” to them [18].
Milestones with large visibility provide better coverageof
con�guration space.This has motivated heuristicsfor plac-
ing samplesin con�guration space[31]. Another sampling
heuristicattemptsto placemilestonescloseto theboundaryof
con�guration spaceobstacles[1], following the intuition that
solutionpathscircumnavigatetheseobstacles.Whensampling
in con�guration space,however, visibility propertiesand ob-
stacleboundariesareunknown, making it dif�cult to a priori
selectmilestoneswith favorableproperties.

The elasticroadmapframework generatesmilestonesbased
on workspaceinformationaboutobstacles.More speci�cally,
milestonesaregeneratedfor con�gurationsin which therobot
is in proximity to workspaceobstacles.For such con�gura-
tions, the correspondingpoint in con�guration spacemustbe
closeto theboundaryof thecorrespondingcon�gurationspace
obstacle.Our techniquefor generatingmilestonesis thereforea
specialcaseof otherobstacleboundarysamplingheuristics[1].

It is not suf�cient for theelasticroadmapframework to gen-
eratemilestonesthat are collision free. Adequatemilestones
alsohave to satisfytaskconstraints.Thesetaskconstraintsare
speci�ed in termsof the robot's end-effectorandmay limit its
position or orientation.This is illustrated in Figure 1, where
theend-effectoris constrainedby thetaskto remainpositioned
on the horizontalline, effectively constrainingtwo positional
degreesof freedom.

Fig. 1. Four task-consistentmilestonesassociatedwith a simple obstacle.
The taskconsistsof moving the end-effector along the line.

To describemilestonegenerationin thecontext of theelastic
roadmapframework, we distinguish betweentwo kinds of
tasks:end-effectorplacement(theend-effectorpositionis only
constrainedat the�nal con�guration)andposition-constrained
end-effector motion (at leastone of the translationaldegrees
of freedom of the end-effector is constrainedby the task).
For end-effector placementtasks, we reduce the notion of
con�gurationspacecoverageto workspacereachabilityfor the



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

Our ability to place the end-effector in any position and
orientation is limited by obstacles.Our milestone creation
method for placement tasks thus considerspossible end-
effector placementsin the proximity to the surfaceobstacles.
We needto determinearoadmapthatpermitsthemotionof the
end-effectorfrom any featureon theobstacleto any otherfea-
tureon thesameobstacle.Sincethemotionbetweenobstacles
is by de�nition obstaclefree,acollectionof suchroadmapsfor
all obstacleswould allow us to achieve workspacecoverage
for end-effector placementtasks.

We now describea naive approachto the creationof mile-
stonesfor end-effector placementtasksbasedon workspace
obstacles.This approachserves as a proof-of-conceptfor
the elasticroadmapframework. More sophisticatedmilestone
creationmethodswill be the subjectof future investigations.

Workspaceobstaclesare decomposedinto convex regions;
theseregions are then approximatedby boundingboxes.We
select each of the cornersof the bounding box as well as
the centersof the edgesas obstaclefeatures.Thesefeatures
are chosenso that the end-effector can move freely between
adjacentfeatures.To createmilestonesassociatedwith these
obstaclefeatures,we pick a nearbycon�guration anddragthe
end-effectortowardsthefeature.Thecontrollerusedto achieve
this is given by:

G posture
H

G avoidance
H

G task
H

G feature
H

G collision
H

G kinematic
	

(4)

where G posture describesa posture potential for kinematic
conditioning of the robot, G avoidance performsreactive obsta-
cle avoidance, G task describesa task potential, G feature is the
potential that maintainsproximity betweenthe robot and the
obstaclefeature,G collision is ableto preventimminentcollisions,
and G kinematic preventsthe manipulatorfrom reachingits joint
limits. The resultingmilestonesare addedto the roadmap.If
theobstaclefeaturecanbereachedby theend-effectorwithout
collisions,the milestoneis consideredvalid.

The resulting set of milestonesplace the end-effector on
obstaclefeatures.Milestonesassociatedwith adjacentfeatures
are likely to be very similar. Furthermore,the motion of the
end-effector betweentwo different featuresis unobstructed.
For mostof the adjacentfeaturesit will thereforebe possible
to employ a task-level controller to generatethe motion from
onemilestoneto anadjacentmilestone.This intuitiveargument
will later be con�rmed by our experimental results. It is
apparentthat the selectionof milestonesplays a critical role
in the performanceof the proposedframework and warrants
signi�cant further investigation.

Milestonesfor position-constrainedend-effectormotion are
createdin a similar fashion. Instead of dragging the end-
effector towards the feature, we drag the closestpoint on
the robot towardsthe feature,while maintainingthe taskcon-
straints.In equation4, theorderof G featureand G task is changed.

If the resulting milestonesatis�es the task constraints,it is
consideredtask-consistent. Four task-consistentmilestonesfor
task-constrainedend-effector motion areshown in Figure1.

C. Maintaining milestones

Milestones continue to be controlled by their respective
controllers(equation4). This permitsthemto reactto changes
in theenvironment.In particular, whentheobstacleassociated
with the feature moves, the milestone will move with it.
If these changescausethe milestone to violate task con-
straints(for task-constrainedend-effector motion), the mile-
stonechangesits statusfrom task-consistentto valid. If it vi-
olatescollision avoidanceconstraintsor kinematicconstraints,
it is labeledas invalid.

The computationalcomplexity of milestonecreation and
milestonemaintenanceis J �LK

�*&

[9], where K is the number
of degreesof freedom of the robot and

�

is the number
of milestonesgenerated.This implies that the computational
complexity of milestonemaintenanceis proportional to the
geometriccomplexity of the workspaceobstacles.

D. Determiningconnectivityamongmilestones

To completethe computationof an elastic roadmap,we
needto determinetheconnectivity relation � �
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In our current implementation,we employ workspacevis-
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to theconnectivity relationof theelasticroadmap.
Visibility betweenmilestonesis determinedby evaluating if
designatedhandle points (origins of the coordinateframes
attachedto eachlink) [37] on the respective 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 SectionIV-G, we discusshow the
planning methodrecovers from failure, should the visibility
criterion erroneouslylabel two milestonesasconnected.

While this approximation of connectivity compromises
completeness(seeSectionIV-H), it allows us to leveragethe
power of task-level, reactive control asa local planneramong
milestones.As we will seein our experimentalvalidation of
the framework (seeSectionV), this simple heuristic for the
connectivity relation can solve challengingmotion planning
problems in dynamic environments in real time. In future
work, we will investigatemore sophisticatedand complete
workspacecriteria to determinetheconnectivity of milestones
in the elasticroadmap.

E. Extracting a navigationfunctionfrom the elastic roadmap

An elastic roadmapdoes not representexplicit con�gu-
ration spacetrajectories.Instead, it continuouslymaintains
a graph, consisting of task-consistentmilestones(vertices)
and hypothesisabout the connectivity of these milestones
(edges).Similarly to other roadmap-basedmotion planning



approaches,graph searchalgorithmscan be used to extract
a path in this graph that connectsthe initial and the �nal
con�guration of a motion planningproblem(seeSectionIV-
F). In the elastic roadmapapproach,this path representsa
sequence
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of milestones.Themotionbetween
two milestones

� !

and
� !ON �

can be generatedusing the
following task-consistent,multi-objective controller:

G posture
H

G avoidance
H

G global
H

G task
H

G collision
H

G kinematic B (5)

Comparedto equation4, we have removed the control prim-
itive G feature and addedthe control primitive G global, which is
responsiblefor the global motion towardsthe next milestone.

We view the extractedsequenceof milestonesas a hybrid
system.Controllersareusedto generatethe motion from

� !

to
� !PN �

until the robot hasapproachedmilestone
� !ON �

. The
hybrid systemthen discretelyswitchesto the controller that
movesthe robot from

� !PN �

to
� !PN

> , until the goal milestone
�M�

is reached.Note that throughoutthe entire motion all
milestonesaswell asthemotionbetweenthemremainconsis-
tent with all motion constraints.The hybrid systemrepresents
an approximate,local-minimafree navigation function for the
given motion problem.The navigation function is composed
from simple, local potential functions by considering the
global connectivity information capturedin the roadmap[8],
[10], [11], [13], [29], [36].

F. Updatingthe elastic roadmap

The updateof the elastic roadmapconsistsof threeparts:
milestone maintenance,connectivity update, and path ex-
traction.Milestonemaintenance(SectionIV-C) is performed
continuouslyat high frequenciesto ensurethe maintenance
of task constraints.The resulting motion of the milestones
may invalidatetheconnectivity informationrepresentedin the
roadmap.We now describehow the connectivity is updated
andhow a path is extracted.Thesepartsof the algorithmare
also performedcontinuously, but at a low frequency that is
suf�cient to satisfythefeedbackrequirementsof globalmotion
constraints.

Given a roadmapwith K milestones,there are potentially
J �LK

>

&

visibility teststo performduringa connectivity update.
Due to the small computationalcost of a connectivity check
and the low updatefrequency associatedwith global motion
constraints,this is feasible in practice. In the experiments
presentedin SectionV, thecomputationalcostof connectivity
checkswas dwarfed by the cost of milestonemaintenance.
In much larger environments, the cost of J �LK

>

&

visibility
tests can be reducedto J �4K

&

(assuminga uniform spatial
distribution of milestones)by restricting the adjacency of
milestonesbasedon spatialproximity.

Graphalgorithms,suchasA*, canbeusedto extracta path
from a roadmap[3]. To selectpaths with certain favorable
properties,the relationshipbetweentwo connectedmilestones
is labeled with the associatedtraversal cost. During the
execution of a task-constrainedmotion, only task-consistent
milestonesare consideredduring path extraction. For end-
effectorplacementtasks,it suf�ces for milestonesto be valid,

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

G. Recovering from failure

We distinguishthreefailure modes.First, a motion canfail
becausethe task-level controller is unable to �nd a motion
betweentwo milestonesthat are connectedin the roadmap.
Second,changesin the environment may force the robot
to give up the task constraints,leading to task failure. For
both of thesefailureswe describerecovery strategies below.
The inability to �nd a valid path, even after theserecovery
strategieshavebeenapplied,constitutesthethird failuremode.
This last failure hasto be attributed to the incompletenessof
our method(seeSectionIV-H).

The �rst failure mode occurs when 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 automaticallyobtain a new path and the robot will start
moving alongthis path.Currently, the two milestonesremain
unconnectable,but one could reconsiderthe connectionafter
the environmenthaschanged.

The secondfailure mode occurs during task-constrained
motion.If therobotor any of themilestonesin thecurrentpath
changetheir label from task-consistentto valid or invalid, a
new pathhasto becomputed.Thisoccursautomaticallyduring
pathextraction.If a new pathwith task-consistentmilestones
can be found, it is executed.If no such path can be found,
path extraction considersthe shortestpossiblerecovery path
through valid milestonesto a task-consistentmilestone.To
follow the recovery path,we usethe following controller:

G posture
H

G avoidance
H

G task
H

G global
H

G collision
H

G kinematic B (6)

Oncetherobotreachesa task-consistentmilestone,theoriginal
controller (Equation5) is usedto resumetaskbehavior.

H. Completeness

The elasticroadmapframework is an approachto feedback
motion planning that is incompleteby design. It does not
possessany of thecompletenesspropertiesof sampling-based
planners.Nevertheless,it is tempting to comparethe elastic
roadmap framework to sampling-basedplanning methods.
Such a comparison,however, is dif�cult to make, since the
planningproblemsaddressedby thesetwo methodsarefunda-
mentally different.The elasticroadmapframework explicitly
addressestask constraintsand feedbackrequirementsof a
speci�c applicationand permits the execution of motion in
dynamicenvironmentsundertheseconstraints.It is ableto do
sopreciselybecauseit sacri�cescompleteness.To our knowl-
edge,no sampling-basedmethod is able to either consider
task constraintsin the generalityproposedhereor to address
explicit timing constraints.

A characterizationof completenessof the elasticroadmap
would be mostuseful in 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 completenesscouldbe established
for theelasticroadmapframework by showing thattheselected
milestonescanbereachedfrom theentirecon�gurationspace,
excludingareasthatdo not provide suf�cient clearancefor the
robot. Furthermore,such a notion would require workspace
connectionstrategieswith provableperformanceto ensurethat
whentheregionsof attractionof milestonesoverlap,task-level
planningwill �nd a connectiontrajectory. We will investigate
suchnotionsof workspacecompletenessin our future work.

V. EXPERIMENTAL EVALUATION

We demonstratethe performanceof the elastic roadmap
framework by performing simulation experiments.An ade-
quate experiment for the evaluation of the elastic roadmap
approachshouldexhibit the following characteristics:1) The
robot has to maintain an end-effector task throughout the
entire motion. 2) The motion shouldbe subjectto kinematic
or dynamic constraints.3) A solution has to depend on
global connectivity information. 4) The environment should
be dynamicandthe motion of obstaclesshouldinterferewith
the motion. 5) The robot shouldbe kinematically redundant
to permit theexecutionof multi-objective behavior. Following
thesecriteria, we have devisedthreeexperimentsfor the two
simulatedrobotsshown in Figure2.

Fig. 2. Left: The UMassmobile manipulatorwith ten degreesof freedom.
Middle: Model of the real platform. Right: Stationary robot with twelve
degreesof freedom.

In the �rst experiment,the mobile manipulationplatform
has to move its end-effector along a horizontal, linear path,
indicated by the horizontal line in images 1a) and 1e) of
Figure 3. During task execution,several obstaclesmove into
the platform's path.The directionof motion for the obstacles
is indicatedby the arrows. The sequenceof images1b)–1d)
in Figure3 illustrateshow theelasticroadmapmaintainstask-
consistentworkspaceconnectivity and repeatedlygenerates
new sequencesof milestonesin responseto changesin the
environment.By following the approximatenavigation func-
tion constructedfrom theroadmap,therobotmovesto thegoal
con�guration in a task-consistentmanner, i.e., by restricting
theend-effectorpositionto theline. Controlprimitivesprevent
collisions and keep the robot away from its joint limits.
All computationsare performedduring the simulation and
the motion is generatedin real time. The picturesrepresent
snapshotsof the ongoingexecution.

Notethatthenarrow passagesbetweenthemoving obstacles
renderthis motion problem challengingfor motion planners

operatingin con�guration space.Furthermore,theseplanners
alsohave dif�culties to generatetask-consistentmotion,asthe
computationof the manifold of task-consistentcon�gurations
is computationallycomplex.

In a secondexperimentwith the mobile manipulator, we
demonstratetwo additional capabilities of the framework.
First, we show that the framework is capableof generat-
ing task-consistentmotion even for force-controlledtasks,
i.e., motion in contact with the environment. This stands
in contrastwith other approachesto motion generation[6],
[28], which require the entire manipulatorto move in free
space.In theelasticroadmapframework, theonly requirement
is that motion continuouslysatis�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-effector of the manipulator
trackstheunknown motionof anobjectbasedon forcecontrol.
This can initially be achieved using task-level control alone,
sincethe goal con�guration is connectedto the robot.As this
direct connectionis invalidatedby moving obstaclesforming
a boxed canyon aroundthe manipulator, the manipulatoris
unable to follow the moving object and has to violate task
constraintsby letting go of the object. Image2b) in Figure3
illustrateshow theelasticroadmapframework thendetermines
a path throughvalid but not task-consistentmilestonesto re-
attain the taskconstraintsin image2c).

In a third experiment,we demonstratethe effectivenessof
theelasticroadmapframework for a stationarytwelve degree-
of-freedommanipulator. The taskconsistsof moving theend-
effector to a goal location, while maintainingits orientation
(taskconstraint).This motion is performedin an environment
that containsa truss moving from right to left, as indicated
by the arrows in image 3a) in Figure 3. The sequenceof
images 3a)–3d) illustrates how the robot reachesits goal
location,while avoiding the moving trussandmaintainingits
end-effector orientation.As the trusskeepsmoving, it forces
the manipulatorto deviate from its goal location, repeatedly
triggering a replanningoperationthat results in a repeated
motion, similar to the oneshown in images3a)–3d).

All simulationswere performedon a PentiumIV 3.2GHz
PC with 1GB RAM anda 64MB DDR Radeon300 graphics
card.Thecomputationsassociatedwith themaintenanceof the
elasticroadmapandtheextractionof a pathcanbeperformed
at a frequency of approximately5-10Hz, therebysatisfying
the feedbackrequirementsfor global motion in the context of
autonomousmobile manipulation.

Theseexperimentsrepresentrealistic autonomousmanip-
ulation scenarios.The elastic roadmapframework is able to
maintainall requiredmotion constraintswhile satisfyingtheir
respective feedbackrequirements.Theseexperimentstherefore
demonstratethe effectivenessof the elastic roadmapframe-
work for the generationof constraint-consistentmotion for
autonomousmobile manipulationin dynamicenvironments.
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Fig. 3. Threeexperimentsto validatethe elasticroadmapapproach.In all experiments,lighter versionsof the robot representmilestonesof the roadmapthat
arepartof thecurrentsolutionpaths.Theconnectivity of thesemilestonesis indicatedby a dashedline. Thedarker robotsrepresenttheactualrobot in motion.
The directionof motion of obstaclesis indicatedby arrows. Experiment1: Images1a) and1e) show two perspectives of the samescene.The robot follows
the line with its end-effector, while moving obstaclesinvalidate the solution. The elastic roadmapframework repeatedlygeneratesglobal, task-consistent
motion plansuntil the robot reachesthe goal. Experiment2: The taskconsistsof following an objectmoving on an unknown trajectory. The following task
is achieved basedon force control. Moving obstaclesforce the robot to suspendthe force control task, loosing contactwith the object.The elasticroadmap
framework computesa pathto re-attainthe forcecontrol task,shown in image2c). This imagealsoshows the trajectorytaken by theobjectandits projection
onto the �oor . Experiment3: A stationaryrobot,operatingundera moving truss,reachesfor a goal locationwhile maintaininga constantorientationwith its
end-effector. The sequenceof imagesshows how the goal canbe reached.Continuedmotion by the trusswill repeatedlyforce the robot to move away from
the goal locationto avoid collision. The elasticroadmapframework repeatedlygeneratesmotionssuchasthoseshown in images3a)–3c)to re-attainthe goal
location.



VI. CONCLUSION

Motion in thecontext of autonomousmobilemanipulationis
subjectto numerousconstraints.Theseconstraintsareimposed
by the task, by kinematic and dynamic limitations of the
robot, by moving obstaclesin the environment, by global
the global connectivity of the workspace,andby subordinate
behaviors, such as posture control. Existing approachesto
motiongenerationfor autonomousmobilemanipulationeither
fail to addressall motion constraintssimultaneouslyor do not
meettherespective feedbackrequirements.We have presented
theelasticroadmapframework asa new approachto feedback
motion planning. This framework satis�es all of the afore-
mentionedconstraintsand their feedbackrequirements.Fur-
thermore,the framework is capableof generatingconstraint-
consistentmotion in dynamic environments in real time.
To achieve the computationalef�ciency, the elastic roadmap
framework makesseveral approximationsthat causeit to lose
the provable completenessmany other planning techniques
possess.However, our experimentalresults indicate that the
elasticroadmapframework is ableto solve challengingmotion
generationproblemsfor autonomousmobilemanipulatorsand
stationarymanipulatorarms.

ACKNOWLEDGMENTS

This work is supportedin part by the National Science
Foundation(NSF) undergrantsCNS-0454074,IIS-0545934,
and MIT/NASA cooperative agreementNNJ05HB61A. The
authorswould like to thank the anonymous reviewers and
Nancy Amato for their helpful comments.

REFERENCES

[1] N. Amato, B. Bayazit,L. Dale,C. Jones,andD. Vallejo. OBPRM: An
obstacle-basedPRM for 3D workspaces.In Robotics:TheAlgorithmic
Perspective. AK Peters,1998.

[2] J. BarraquandandJ.-C.Latombe.Robotmotionplanning:A distributed
representationapproach.Intl. J. of RoboticsResearch, 10(6):628–649,
1991.

[3] R. Bohlin andL. E. Kavraki. Path planningusingLazy PRM. In Proc.
Intl. Conf. onRoboticsandAutomation, volume1, pages521–528,2000.

[4] O. Brock and R. Grupen. Final report for the NSF/NASA Work-
shop on Autonomous Mobile Manipulation (AMM). http://www-
robotics.cs.umass.edu/amm/results.html,November2005.

[5] O. Brock andL. E. Kavraki. Decomposition-basedmotion planning:A
framework for real-timemotion planningin high-dimensionalcon�gu-
ration spaces.In Proc. Intl. Conf. on Roboticsand Automation, 2001.

[6] O. Brock and O. Khatib. Elastic strips: A framework for motion
generationin human environments. Intl. J. of Robotics Research,
21(12):1031–1052,2002.

[7] B. BurnsandO. Brock. Toward optimal con�guration spacesampling.
In Proceedingsof Robotics:Scienceand Systems(RSS), 2005.

[8] R. R. Burridge, A. A. Rizzi, and D. E. Koditschek. Sequentialcom-
position of dynamicallydexterousrobot behaviors. Intl. J. of Robotics
Research, 18(6):534–555,1999.

[9] K.-S. Chang and O. Khatib. Operationalspacedynamics:Ef�cient
algorithmsfor modellingandcontrolof branchingmechanisms.In Proc.
Intl. Conf. on Roboticsand Automation, pages850–856,2000.

[10] P. C. ChenandY. K. Hwang. SANDROS: A dynamicgraphsearchal-
gorithmfor motionplanning.IEEE Trans.on RoboticsandAutomation,
14(3):390–403,1998.

[11] W. Choi and J.-C. Latombe. A reactive architecturefor planningand
executingrobotmotionswith incompleteknowledge.In Proc. Intl. Conf.
on Intelligent Robotsand Systems, volume1, pages24–29,1991.

[12] H. Choset,K. M. Lynch, S. Hutchinson,G. Kantor, W. Burgard,L. E.
Kavraki, andS. Thrun. Principlesof RobotMotion. MIT Press,2005.

[13] D. C. Conner, A. A. Rizzi, andH. Choset.Compositionof localpotential
functions for global robot control and navigation. In Proc. Intl. Conf.
on Intelligent Robotsand Systems, pages3546–3551,2003.

[14] C. I. Connolly and R. A. Grupen. One the applicationsof harmonic
functionsto robotics.Journal of RoboticSystems, 10(7):931–946,1993.

[15] G. F. Franklin, J. D. Powell, andA. Emami-Naeini.Feedback Control
of DynamicSystems. Addison-Wesley, third edition, 1994.

[16] M. Garber and M. C. Lin. Constraint-basedmotion planning using
Voronoi diagrams. In Proc. of the Workshop on the Algorithmic
Foundationsof Robotics, 2002.

[17] D. Hsu, R. Kindel, J.-C. Latombe,and S. Rock. Randomizedkinody-
namicmotionplanningwith moving obstacles.In Proc.of theWorkshop
on the Algorithmic Foundationsof Robotics, pages247–264,2000.

[18] D. Hsu, J.-C. Latombe, and H. Kurniawati. On the probabilistic
foundationsof probabilistic roadmapplanning. In Proceedingsof the
InternationalSymposiumof RoboticsResearch, 2005.

[19] M. Huber and R. A. Grupen. A feedbackcontrol structurefor on-line
learning tasks. Roboticsand AutonomousSystems, 22(3-4):303–315,
1997.
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