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Abstract The autonomous execution of mobile manipula-
tion tasks in unstructured, dynamic environments requires
the consideration of various motion constraints. The task
itself imposes constraints, of course, but so do the kine-
matic and dynamic limitations of the manipulator, unpre-
dictably moving obstacles, and the global connectivity of
the workspace. All of these constraints need to be updated
continuously in response to sensor feedback. We present
the elastic roadmap framework, a novel feedback motion
planning approach capable of satisfying all of these motion
constraints and their respective feedback requirements. This
framework is validated in simulation and real-world experi-
ments using a mobile manipulation platform and a stationary
manipulator.
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1 Introduction

Autonomous mobile manipulation is the branch of robotic
research concerned with the development of integrated sys-
tems capable of autonomously performing general manipu-
lation tasks in unstructured and dynamic environments. Cur-
rent robots have already revolutionized manufacturing, ex-
plored the surface of Mars, automated biology laboratories,
and enabled safer and more effective surgeries. But in all
of these robotic success stories robots either perform spe-
cialized tasks in controlled environments or are teleoperated
by humans. True autonomy for general tasks remains be-
yond our reach. At the same time, the potential of replicating
these success stories in unstructured environments and for
general and variable tasks is enormous (Brock and Grupen
2005). Robots could help address many societal problems,
such as the need to care for an aging population, the urgency
to monitor environmental pollution and remove contamina-
tion, the pressure to reduce health care costs while improv-
ing the quality of service, and the necessity to respond to
economic pressures for manufacturing in small batch sizes.

What are the obstacles that have to be overcome for au-
tonomous robotic systems to perform general mobile ma-
nipulation tasks in unstructured environments? Prominently
among them is certainly the need to continuously perceive
the environment and to incorporate feedback about those
perceptions into the ongoing actions of the robot. Such feed-
back is necessary to robustly, reliably, and successfully per-
form tasks in unstructured environments. In this paper, we
are concerned with this issue in the context of motion gen-
eration and execution.

In autonomous mobile manipulation, the motion per-
formed by a robot to achieve a task is subject to numerous
constraints. We will discuss these constraints using an exam-
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ple task. Consider a mobile manipulator that has to inspect
a gas pipe for leaks.

1. Task constraints: The task imposes constraints on
the robot’s motion, most often expressed as position or
force constraints at the end-effector. For the pipe inspec-
tion task, assuming that a camera is located at the end-
effector, the robot has to maintain spatial proximity to
the pipe as well as a proper orientation of the camera
to keep the pipe in the field of view. Task constraints
generally have the highest feedback requirements; force
control, for example, can require feedback rates of about
1000 Hz.

2. Kinematic and dynamic constraints: The limitations
of physical mechanism, such as joint and actuation lim-
itations, have to be considered when generating the ro-
bot’s motion. Reaching a joint limit may mean that the
end-effector task cannot be maintained and the pipe will
exit the camera’s field of view.

3. Posture constraints: Subordinate task constraints may
be imposed on the robot’s motion to improve some per-
formance metric. For example, in the pipe inspection task
it is desirable for the manipulator to remain in the center
of its workspace so as to maximize the mobile manip-
ulator’s ability to perform other motions without losing
sight of the pipe.

4. Reactive obstacle avoidance: The necessity to avoid
moving obstacles also imposes constraints on the robot’s
motion. The mobile manipulator may encounter unpre-
dictably moving obstacles during its inspection task and
has to avoid them.

5. Global motion: To support the execution of the end-
effector task, the mobile manipulator has to perform a
gross motion that requires the consideration of global
connectivity constraints imposed by the environment.
While the end-effector task may be fully defined by a tra-
jectory in the proximity to the pipe, the entire mobile ma-
nipulator has to move through the environment in such a
way that the constraints imposed on the end-effector can
always be maintained.

A successful motion generation approach for autonomous
mobile manipulation has to address all five types of mo-
tion constraints and also satisfy their respective feedback
requirements. In addition—to accommodate modeling er-
ror, uncertainty in sensing and execution, and the dynamic
aspects of the environment—sensing feedback has to be in-
corporated into the motion generation continuously. The re-
quired frequency of feedback varies with the specific con-
straint and the application. In autonomous mobile manipula-
tion, feedback requirements can range from several hundred
times per second for task constraints to about once per sec-
ond for global motion constraints.

Existing approaches to control or motion planning are not
able to satisfy these requirements. Control methods are sus-
ceptible to local minima in the controller’s potential func-
tion and therefore cannot guarantee that the resulting motion
meets global task constraints. Planners, on the other hand,
are too computationally intensive to incorporate feedback at
the rates required for task constraints. This is particularly
apparent when one considers tasks for which the robot’s
end-effector has to move on a specified trajectory. Plan-
ners suitable for this problem require complex computation
to meet the resulting end-effector constraints (Oriolo 2005;
Stilman 2007; Tang et al. 2005; Yao and Gupta 2007).

We present a novel motion generation technique, called
elastic roadmap (Yang and Brock 2006). Elastic roadmaps
generate robust and globally task-consistent motion in dy-
namic environments. They represent a novel framework for
feedback motion planning (LaValle 2006) that combines the
advantages of planning and control to address the motion re-
quirements in autonomous mobile manipulation. From mo-
tion planning this framework takes the concept of a roadmap
(Kavraki et al. 1996) to represent global connectivity infor-
mation. Based on this information, the elastic roadmap ap-
proach composes a hybrid system of robust, task-specific
controllers. This hybrid system represents a global, task-
specific, multi-objective navigation function. The resulting
motion framework addresses all of the motion constraints
discussed above while satisfying their respective feedback
requirements. The framework is able to generate motion in
free space as well as in contact with the environment. We
demonstrate the effectiveness of the proposed framework in
simulation and in real-world experiments on a mobile ma-
nipulation platform.

2 Related work

The literature concerning robot motion is extensive. We re-
strict the discussion to work that incorporates multiple mo-
tion constraints relevant to autonomous mobile manipula-
tion.

2.1 Control

Control methods (Franklin et al. 1994) specify motion be-
havior using potential functions defined in the robot’s state
space. Each potential function represents a specific motion
constraint or motion objective. Objectives can be combined
into multi-objective controllers by combining the respective
potential functions. Control-based methods descend the gra-
dient of such a combined potential function to achieve the
desired motion behaviors. The use of feedback during gra-
dient descent renders motion generation robust to external
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disturbances at high rates of feedback but also makes it sus-
ceptible to local minima, especially in the combined poten-
tial landscape.

The operational space framework (Khatib 1987) achieves
complex, multi-objective behavior (Sentis and Khatib 2005)
for manipulation tasks by combining potential functions
with nullspace projections. These projections ensure that
subordinate motion objectives do not interfere with superior
ones. The resulting motion satisfies the motion constraints
and their feedback requirements for autonomous mobile ma-
nipulation, with the exception of global connectivity con-
straints. Control-based methods are subject to local minima
and cannot guarantee the successful attainment of a particu-
lar motion objective.

Operational space control will play an important role in
the elastic roadmap approach. Elastic roadmaps apply this
versatile and effective control method to a representation of
the connectivity of the environment. This connectivity in-
formation enables the elastic roadmap framework to avoid
local minima, thereby overcoming the limitations of purely
control-based approaches.

2.2 Sampling-based motion planning

Motion planning methods take a different approach to mo-
tion generation than control-based methods. Motion plan-
ners construct a global representation of the free configu-
ration space to determine a valid motion. Among a large
number of global motion planning techniques (Choset et
al. 2005; LaValle 2006), sampling-based motion planners
(Kavraki et al. 1996; Kuffner and LaValle 2000) currently
represent the dominant planning paradigm. Global motion
planners have been extended to specifically address con-
straints arising in manipulation (Siméon et al. 2004; Stil-
man 2007) or in the context of dynamic environments (Gar-
ber and Lin 2002; Hsu et al. 2000; Gayle et al. 2007; Jail-
let and Siméon 2004; Kallmann and Matarić 2004; Leven
and Hutchinson 2002; van den Berg and Overmars 2005;
Vannoy and Xiao 2004; Zucker et al. 2007). However, these
methods are not computationally efficient enough to incor-
porate feedback at rates of up to 1000 Hz; such rates are
required to satisfy task constraints in the context of au-
tonomous mobile manipulation, in particular for motion in
contact with the environment.

To improve the computational efficiency of sampling-
based motion planners, researchers have developed a num-
ber of informed, adaptive sampling strategies. They lever-
age the information acquired during planning to guide the
selection of future configuration space samples. Guidance
can be derived from information about local features of the
configuration space (Hsu et al. 2005b; Morales et al. 2004;
Zucker et al. 2008) or from global information about the en-
tire configuration space and its known free space connectiv-
ity (Burns and Brock 2005; Jaillet and Siméon 2008). Other

strategies use predefined motion primitives to bias sam-
pling (Hauser et al. 2006) or limit the degrees of freedom
that the sampler has to consider (Juan Cortés and Siméon
2008). Planners that use such adaptive sampling strategies
generally outperform those that employ simpler, fixed sam-
pling strategies. Nevertheless, the resulting gain in computa-
tional efficiency does not suffice to enable planning and re-
planning at the rates required to satisfy the motion require-
ments laid out above. This holds true in particular when the
tasks that are considered require the end-effector to move
along a specified path rather than just to reach a goal con-
figuration (Oriolo 2005; Stilman 2007; Tang et al. 2005;
Yao and Gupta 2007).

We believe that motion planners based on configuration
space sampling carry an unnecessary computational bur-
den that prevents them from satisfying the motion require-
ments of autonomous mobile manipulation. These planners
attempt to determine connectivity information, which de-
rives from the workspace description of the environment, in
configuration space. However, the projection of workspace
geometry into the robot’s configuration space obscures in-
formation that would be easily accessible directly in the
workspace. As a result, configuration space can be highly
complex, even if the workspace and the robotic mechanism
are rather simple. To alleviate sampling-based planners of
this unnecessary complexity, some planners employ adap-
tive sampling strategies that rely on workspace information.

Workspace information provides a key ingredient for
computationally efficient planning in high-dimensional con-
figuration spaces. It can be obtained with little compu-
tational effort and has been shown to greatly accelerate
the planning process. For example, workspace informa-
tion has been used to adapt the sampling density of mo-
tion planners in order to place samples more densely in
regions with narrow passages (Kurniawati and Hsu 2004;
van den Berg and Overmars 2004; Yang and Brock 2004).
This has resulted in substantial performance improvements.
Even greater improvements can be achieved when planners
decompose the overall planning problem into a workspace
problem and a configuration space problem. The workspace
problem can be solved efficiently and the resulting infor-
mation aids in solving the more complex planning problem
in configuration space. The resulting planners can address
some of the most complex motion planning problems with
high computational efficiency (Brock and Kavraki 2001;
Yang and Brock 2005; Plaku et al. 2007; Diankov et al.
2008). But even these planners are not generally capable of
satisfying the motion constraints required for autonomous
mobile manipulation.

The elastic roadmap approach presented in this paper
makes extensive use of workspace information. It uses this
information to improve the feedback rates for the com-
putation of global connectivity information. We will show
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this leads to a motion generation approach suitable for au-
tonomous mobile manipulation.

It should be noted that the elastic roadmap approach
does not represent an alternative to sampling-based mo-
tion planners but instead complements them. Moreover, we
will later discuss how sampling-based motion planners can
be employed within the elastic roadmap framework. Also,
the elastic roadmap framework is inherently incomplete and
may fail even when a valid path exists; in those cases
sampling-based motion planners can be employed to over-
come the incompleteness of elastic roadmaps. Details of this
are discussed in Sect. 4.8.

2.3 Feedback motion planning

Feedback motion planners explicitly account for the fact
that the information available during planning may be im-
precise, that the environment may change during motion
execution, and that motion execution results in uncertainty
about the state of the robot. Rather than determining a spe-
cific solution path, feedback motion planners construct a
local minima-free potential function based on global in-
formation (LaValle 2006). This can be achieved with nav-
igation functions (Rimon and Koditschek 1992), numeri-
cal navigation functions (Barraquand and Latombe 1991),
harmonic potential functions (Connolly and Grupen 1993;
Sato 1987), or by composing a series of local potential func-
tions (Burridge et al. 1999; Chen and Hwang 1998). The
potential function defines appropriate motion commands for
the entire permissible state space of the robot. The robot’s
motion is then generated by descending the resulting poten-
tial function. Once a global potential function has been com-
puted, the planner can determine motion commands while
sensors update the state of the world. A variety of feedback
motion planners exist for low-dimensional or static configu-
ration spaces (Choi and Latombe 1991; Conner et al. 2006;
Lindemann et al. 2006; Yang and LaValle 2003).

Changes in the environment or in the robot’s task inval-
idate a computed global potential function. As a result, a
computationally complex re-computation of this function is
required. Therefore, feedback motion planners that recom-
pute global potential functions from scratch cannot satisfy
the feedback requirements of autonomous mobile manipu-
lation.

An alternative approach to feedback motion planning
performs incremental modification of potential functions.
This enables the continuous incorporation of sensor infor-
mation into the motion generation process while at the same
time providing update rates of the potential function that
satisfy the requirements of autonomous mobile manipula-
tion. The earliest of these approaches is the elastic band
framework (Quinlan and Khatib 1993), which assumes that a
global motion planner has determined a motion that satisfies

the task-requirements. Local methods subsequently modify
this motion incrementally in response to feedback from the
environment.

The elastic strip framework (Brock and Khatib 2002)
extends the elastic band framework. It is able to generate
global, task-consistent obstacle avoidance and posture be-
havior for a mobile manipulator (Brock and Khatib 2002).
Both elastic bands and elastic strips combine the advantages
of control-based approaches with a predetermined global
motion. However, neither of these methods can recover from
an invalidation of the global motion.

The elastic roadmap frameworks represents important
progress relative to elastic strips. In contrast with elastic
strips, the elastic roadmap framework is a global approach
to motion generation. Elastic strips incrementally modify a
path from a single, given homotopy class. Changes in the
environment can therefore lead to invalid or arbitrarily bad
motions. In contrast, the elastic roadmap framework contin-
uously re-plans globally and therefore generates paths from
all homotopy classes while optimizing an specified opti-
mality criterion. The elastic roadmap framework thus com-
bines the benefits of elastic strips with those of global, al-
beit incomplete, motion planning. This means that elastic
roadmaps address a motion constraint that could not be han-
dled by elastic strips.

3 The elastic roadmap framework

The elastic roadmap framework relies on the following two
main ideas:

1. The elastic roadmap framework shifts the boundary be-
tween planning and control. Traditionally, motion gen-
eration combines planning and control in some way. In
most cases, a planner first determines a complete path
or trajectory, which is then executed using a controller.
In this traditional division, the planner determines a pre-
cisely specified motion, expressed as a curve in configu-
ration space. Control is then relegated to minimizing the
error introduced by uncertainties in sensing and actua-
tion relative to the desired motion. This division of labor
between planning and control has the disadvantage that
each time the environment changes, the planner has to
recompute the solution, possibly throwing away most of
the motion determined previously. In dynamic environ-
ments, this will lead to unnecessary computation.

In the elastic roadmap framework, the role of plan-
ning is to determine an approximate, global understand-
ing of the connectivity of free space. This connectivity
information is then used to generate a hybrid system of
task-specific controllers. It is this hybrid system then that
at execution time generates the actual motion performed
by the robot.
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As it relies on hybrid systems, the elastic roadmap
framework shares the advantages of other feedback plan-
ners. It does not determine a single path but instead an
infinite number of possible solutions, captured by the
hybrid system of controllers. From these solutions, the
framework can select the most appropriate one based on
feedback about the environment, the state of the robot, or
the state of the robot’s task. As a result, task-constrained
motion execution becomes robust in dynamically chang-
ing environments and in the presence of uncertainty.

But the elastic roadmap framework also differs from
other feedback planners (LaValle 2006) in an important
respect. Most feedback planners are designed to provide
guarantees about characteristics of the motion they pro-
duce. Such guarantees are highly desirable from an al-
gorithmic point of view. However, the ability to produce
such guarantees hinges on the assumption that the envi-
ronment is perfectly known. In autonomous mobile ma-
nipulation this assumption is not realistic. Consequently,
any guarantees would be meaningless in practical sce-
narios. The elastic roadmap framework explicitly recog-
nizes the futility of making assurances based on incom-
plete and uncertain information. Instead, it consciously
trades algorithmic completeness for computational effi-
ciency to satisfy the motion requirements of autonomous
mobile manipulation. The result is an approach to motion
generation that—in contrast to other feedback planners—
generates feedback plans for robots with many degrees of
freedom at interactive rates.

2. To generate global feedback plans at interactive rates, the
elastic roadmap framework relies on workspace informa-
tion to determine and maintain configuration space con-
nectivity. The connectivity of the workspace is obvious
from its geometric description. The connectivity of con-
figuration space, however, arises from a convolution of
workspace geometry with the kinematic structure of the
robot. This convolution renders the resulting space high-
dimensional and complex. Some information about the
configuration space connectivity, however, can directly
be inferred from the workspace representation of the en-
vironment. The elastic roadmap framework leverages this
fact to obtain a partial and approximate representation
of the configuration space connectivity by examining the
robot’s workspace. This connectivity information is then
used to construct a hybrid system of controllers, as will
be described in the next section.

The elastic roadmap framework constantly updates
its connectivity information based on changes observed
in dynamic environments. To maintain interactive rates,
these updates are also performed based on workspace in-
formation. Details of this procedure are provided in the
next section.

These two ideas—shifting the boundary between plan-
ning and control and leveraging workspace information to

understand configuration space connectivity—are realized
in the elastic roadmap framework through the following two
algorithmic concepts.

Elastic roadmap: In general, roadmaps are data structures
that capture global connectivity information in graphs. The
graph consists of collision-free configurations, called ver-
tices or milestones, and of collision-free paths between those
vertices, the edges of the graph. Conventional roadmaps rep-
resent a static view of free configuration space connectivity:
once a milestone or an edge is added to the roadmap, neither
will be changed or removed. In contrast, an elastic roadmap
moves its milestones and updates their connectivity to adapt
to changes in the environment. The visual effect resulting
from the continuous modification of the roadmap gives rise
to the name elastic roadmap.

Elastic roadmaps also differ from conventional roadmaps
in that they are represented in workspace. A milestone is a
virtual placement of the robot in the model of the environ-
ment. An edge of the roadmap connects two milestones if
workspace information indicates that a controller is able to
generate a motion that moves the robot from one to the other.

More formally, an elastic roadmap is a multigraph, con-
sisting of a set of milestones M = {m1, . . . ,mn} and an or-
dered relation C : Φ × M × M → {true, false}. The relation
C(φ,mi,mj ) replaces the notion of edges; it holds true for
two milestones mi,mj if a feedback controller φ ∈ Φ is able
to move the robot from milestone mi to mj ; otherwise it is
false. Two milestones can be connected by multiple edges,
differing in the controller associated with them. The relation
C captures the known connectivity of the roadmap at any
point in time, based on the set of available controllers Φ .

Navigation function: The relation C(φ,mi,mj ) holds for
two milestones if a feedback controller φ is able to move
the robot from mi to mj . In this view of a roadmap, every
milestone mi is associated with a local potential function for
which it is the attractor. Milestone mj is connected to mi if
mj is within the region of attraction of the potential func-
tion associated with mi . An elastic roadmap thus defines a
hybrid system of potential functions. Given a particular goal
state, the connectivity of the roadmap determines how a hy-
brid system can compose a set of local potential functions
into an approximate, global navigation function.

The elastic roadmap changes in response to perceived
changes in the environment. Existing milestones are updated
in a task-consistent manner, i.e. in such a way that all con-
straints remain satisfied. New milestones are added to the
roadmap when changes in the environment or the discov-
ery of new obstacles make this necessary. The connectivity
among milestones is also updated based on whether or not
the controller φ associated with the connecting edge. As we
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will show later in this paper, the associated computations
can be performed at frequencies suitable for the feedback
requirements of autonomous mobile manipulation.

4 Instantiating the elastic roadmap framework

The elastic roadmap framework was described in abstract
terms in the previous section. It contains several so-far un-
specified algorithmic components. We will now describe
one particular choice for these components. In the discus-
sion of these components, we will also briefly mention alter-
native methods of implementation and discuss some of the
trade-offs. In Sect. 5 we then present experimental results for
this particular implementation of the elastic roadmap frame-
work.

4.1 Task-level control

Task-level controllers play a central role in our implemen-
tation of the elastic roadmap framework. They are used to
generate the robot’s motion but also to generate and main-
tain milestones. To facilitate the presentation of the elastic
roadmap implementation, we will first discuss these con-
trollers.

Task-level control (Khatib 1987) is a convenient and
powerful method for generating multi-objective behavior for
robotic systems. Rather than specifying explicit joint trajec-
tories, this framework permits control of the manipulator’s
end-effectors, greatly facilitating programming for kinemat-
ically redundant robots. Task-level control also permits the
task-consistent execution of subordinate behaviors through
the use of nullspace projections. Given an end-effector task,
such as the task of examining a pipe, the end-effector is con-
trolled by specifying an artificial potential field that keeps
the end-effector within the task constraints. Any deviation
from the task is translated into a force Ftask acting on the
end-effector. A subordinate behavior can be expressed as a
vector of joint torques Γ0 required to achieve the behavior.
We can now compose these two tasks in such a way that the
subordinate task is guaranteed not to interfere with the su-
perior task. The torque Γ to achieve task and subordinate
behavior can be computed as follows:

Γ = Jtask(q)F T
task + NT

task(q)Γ0, (1)

where NT
task represents a projection into the nullspace of the

end-effector Jacobian Jtask. This projection ensures that the
subordinate behavior will not alter task behavior, i.e., it will
result in task-consistent motion.

This principle of nullspace projections can be extended to
cascade an arbitrary number of hierarchical behaviors (Sen-

tis and Khatib 2005). If behavior i results in torque Γi , the
torque

Γ = Γ1 + NT
1 (q)

(
Γ1 + NT

2 (q)
(
Γ3 + NT

3 (q) (. . .)
))

(2)

combines these behaviors in such a way that behavior i does
not affect behavior j if i > j . In (2), NT

i is the nullspace
projection associated with the task Jacobian of behavior i.
Here, we adopt the more compact notation of the con-
trol basis (Huber and Grupen 1997) to describe such cas-
caded nullspaces. We associate a control primitive φi with
each torque Γi . If a control primitive φi is executed in the
nullspace of the control primitive φj , we say that φi is
performed subject to φj , written as φi � φj . We can now
rewrite (2) as

· · · � φ3 � φ2 � φ1. (3)

Considering the example of our pipe-inspection robot,
controller φ1, the highest-order controller, could be used to
avoid joint limits; φ2 then performs reactive obstacle avoid-
ance. The actual task is represented by controller φ3 and is
only executed if obstacles and joint limits can be avoided.
Posture behavior, such as keeping the end-effector in the
center of the manipulator’s workspace, can then be imple-
mented using a controller φ4, which is subordinate to all
others. Using these cascaded nullspace projections, it is pos-
sible to realize complex, multi-objective robot motion.

Task-level control with nullspace projections serves as
the underlying control scheme for the elastic roadmap
framework. It will enable us to quickly incorporate feed-
back while at the same time maintain necessary motion con-
straints. Such controllers will be used to generate and main-
tain milestones as well as to command the motion of the
physical robot.

4.2 Creating milestones

An elastic roadmap has to capture a sufficient portion of the
connectivity of free configuration space to allow the solution
of motion queries. Milestones play a central role in deter-
mining the quality of a roadmap, as they represent via points
for possible motions. We will first discuss the requirements
milestones have to satisfy to be useful and then explain how
these milestones can be created.

Milestones in an elastic roadmap not only have to be
collision-free, they also have to satisfy task constraints. The
task constraints of milestones are defined by the task. To
describe milestone generation, we distinguish between two
kinds of tasks: end-effector placement (the end-effector po-
sition is only constrained at the final configuration, but end-
effector orientation may be constrained throughout the mo-
tion) and position-constrained end-effector motion (at least
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Fig. 1 Four task-consistent milestones associated with a simple obsta-
cle. The task requires the end-effector to remain on the line

Fig. 2 Left: The UMass Mobile Manipulator (UMan) with ten degrees
of freedom; middle: Model of the real platform; right: Stationary robot
with four spherical joints for a total of twelve degrees of freedom

one of the translational degrees of freedom of the end-
effector is constrained by the task). For end-effector place-
ment tasks, we reduce the notion of configuration space cov-
erage to workspace reach-ability for the end-effector: if an
elastic roadmap allows us to reach every workspace location
with the robot’s end-effector, we have achieved workspace
coverage. The motion for the remaining links of the ro-
bot will be generated by task-level controllers (Sentis and
Khatib 2005), described in Sect. 4.1.

Example milestones for the pipe-inspection task are
shown in Fig. 1. The figure shows four task-consistent
milestones for UMan (UMass Mobile Manipulator, Fig. 2).
The pipe-inspection task falls into the category of position-
constrained tasks, as the end-effector is constrained on or
close to the horizontal line. All valid milestones in the
roadmap have to satisfy this constraint; otherwise they can-
not be used to generate task-consistent motion. In this ex-
ample, all milestones cluster around the pipe to satisfy task
constraints. For end-effector placement tasks, such as the
task of holding a glass of water upright, milestones would
be distributed throughout the workspace.

In addition to being collision-free and task-consistent,
milestones also have to be placed in such a way that they
can capture as much of the free space connectivity as possi-
ble. For sampling-based multi-query motion planning, prior

work shows that the adequacy of milestones is largely deter-
mined by their visibility properties, i.e., the amount of free
configuration space “visible” to them (Hsu et al. 2005a).
Milestones with large visibility provide better coverage of
configuration space. This has motivated heuristics for plac-
ing samples in configuration space (Siméon et al. 2000). An-
other sampling heuristic attempts to place milestones close
to the boundary of configuration space obstacles (Amato et
al. 1998), following the intuition that solution paths circum-
navigate these obstacles. When sampling in configuration
space, however, visibility properties and obstacle boundaries
are unknown, making it difficult to a priori select milestones
with favorable properties.

We need to determine a roadmap that permits the mo-
tion of the end-effector from any feature on an obstacle to
any other feature on the same obstacle. Effectively, this is
an obstacle-specific roadmap. Since the motion between ob-
stacles is by definition obstacle free, a collection of such
roadmaps around obstacles for all obstacles would allow us
to achieve workspace coverage for end-effector placement
tasks.

In this implementation of the elastic roadmap framework,
we chose to generate milestones based on workspace infor-
mation about obstacles. More specifically, milestones are
generated for configurations in which the robot is in prox-
imity to workspace obstacles. For such configurations, the
corresponding point in configuration space must be close to
the boundary of the corresponding configuration space ob-
stacle. Our technique for generating milestones is therefore
a special case of other obstacle boundary sampling heuris-
tics (Amato et al. 1998).

Workspace obstacles are decomposed into convex re-
gions; these regions are then approximated by bounding
boxes. We select each of the corners of the bounding box as
well as the centers of the edges as obstacle features. These
features are chosen so that the end-effector can move freely
between adjacent features. To create milestones associated
with these obstacle features, we pick a nearby configuration
and drag the end-effector towards the feature. The controller
used to achieve this is given by:

φ = φposture � φavoidance � φtask � φfeature � φcollision

� φkinematic, (4)

where φposture describes a posture potential for kinematic
conditioning of the robot, φavoidance performs reactive obsta-
cle avoidance, φtask describes a task potential, φfeature is the
potential that maintains proximity between the robot and the
obstacle feature, φcollision is able to prevent imminent colli-
sions, and φkinematic prevents the manipulator from reach-
ing its joint limits. The resulting milestones are added to
the roadmap. Throughout the lifetime of the roadmap, each
milestone is continuously maintained by its controller φ.
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This enables the milestone to react to changes in the envi-
ronment. If the controller φ is able to move the end-effector
to the obstacle feature without collisions, the milestone is
considered valid. If in addition all task-constraints are met,
the milestone is considered task-consistent.

Each of the resulting milestones places the end-effector
on an obstacle feature. Milestones associated with adjacent
features are likely to be very similar. Furthermore, the mo-
tion of the end-effector between two different features is un-
obstructed. For most of the adjacent features it will therefore
be possible to employ a task-level controller to generate the
motion from one milestone to an adjacent milestone.

Milestones for position-constrained end-effector motion
are created in a similar fashion. To be able to continuously
enforce task and pose constraints at the end-effector, we sim-
ply ensure that some point on the robot is close to the obsta-
cle feature. In (4), the order of φfeature and φtask is changed.
If the resulting milestone satisfies the task constraints, it is
considered task-consistent. Four task-consistent milestones
for task-constrained end-effector motion that were generated
in this fashion are shown in Fig. 1.

This method of selecting milestones is one aspect where
the elastic roadmap consciously trades completeness for
computational efficiency. It is obvious that the selection of
milestones is critical for the quality of the elastic roadmap.
Using our workspace-based method, we can make no claims
of completeness for our approach (more on completeness in
Sect. 4.8). However, this method can handle realistic sce-
narios for autonomous mobile manipulation. It enables the
computationally efficient generation of new task-consistent
milestones when a new obstacle is discovered. As a result,
we are able to quickly update the elastic roadmap in re-
sponse to changes in the environment. We will demonstrate
this in our experimental validation in Sect. 5.

For scenarios in which the elastic roadmap implementa-
tion fails to find a valid motion, a more sophisticated method
of milestone generation is desirable. Such a method can rely
on the advances of sampling-based motion planners to gen-
erate localized, obstacle-based roadmaps. In other words,
the generation of milestones represents a natural interface
between the extensive research in sampling-based motion
planning and the elastic roadmap framework. The investi-
gation of this interface will be the subject of future work.

4.3 Maintaining milestones

The milestones in an elastic roadmap are continuously con-
trolled by their respective controllers (4). This permits them
to react to changes in the environment while possibly main-
taining task constraints. In particular, when the obstacle as-
sociated with the milestone moves, the milestone will move
with it. If these changes cause the milestone to violate task
constraints (for task-constrained end-effector motion), the

milestone changes its status from task-consistent to valid. If
it violates collision avoidance constraints or kinematic con-
straints, it is labeled as invalid. The status of a milestone
will become relevant when we explain how a particular se-
quence of controllers is extracted from an elastic roadmap
in Sect. 4.5.

The computational complexity of milestone creation and
milestone maintenance is O(nm) for each interaction of the
controller, where n is the number of degrees of freedom
of the robot and m is the number of milestones generated.
Efficient O(n) algorithms for dynamic control (Chang and
Khatib 2000) have to be applied to every one of the O(m)

milestones. This implies that the computational complexity
of milestone maintenance is proportional to the geometric
complexity of the workspace.

4.4 Determining connectivity among milestones

To complete the computation of an elastic roadmap, we need
to determine the connectivity relation C(φ,mi,mj ), where
mi,mj are milestones and φ is a controller. This relation
represents an edge of the roadmap.

In our current implementation, we employ workspace
visibility as a criterion for the connectivity of two mile-
stones. If two milestones mi and mj are mutually “visible,”
we add C(mi,mj ) to the connectivity relation of the elas-
tic roadmap. Visibility between milestones is determined
by evaluating if designated handle points (Yang and Brock
2004) on the respective milestones can be connected by
straight, collision-free line segments. This criterion is com-
putationally efficient, relatively accurate, and conservative,
i.e., if the criterion determines that two milestones are visi-
ble, in most cases a valid trajectory can be determined using
task-level, multi-objective control. In Sect. 4.7, we discuss
how the planning method recovers from failure, should the
visibility criterion erroneously label two milestones as con-
nected.

While this approximation of connectivity compromises
completeness (see Sect. 4.8), it allows us to use task-level,
reactive control as a local planner among milestones. Again,
the elastic roadmap consciously trades completeness for
computational efficiency. As we will see in our experimental
validation of the framework (see Sect. 5), this simple heuris-
tic for the connectivity relation can solve challenging motion
planning problems in dynamic environments in real time.
In future work, we will investigate more sophisticated and
complete workspace criteria to determine the connectivity
of milestones in the elastic roadmap.

4.5 Extracting a navigation function from the elastic
roadmap

An elastic roadmap does not represent explicit configura-
tion space trajectories. Instead, it maintains a graph of task-
consistent milestones (vertices) and hypotheses about the
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connectivity of these milestones (edges). Similarly to other
roadmap-based motion planning approaches, we use graph
search algorithms to extract a path in this graph that con-
nects the initial and the final configuration of a motion plan-
ning problem (see Sect. 4.6). In the elastic roadmap ap-
proach, this path represents a sequence m1,m2, . . . ,mn of
milestones. The motion between two milestones mi and
mi+1 can be generated using the multi-objective controller
φ stored in the edge C(φ,mi,mi+1). An example of such a
controller is given here:

φ = φposture � φavoidance � φglobal � φtask � φcollision

� φkinematic. (5)

Compared to (4), we have removed the control primitive
φfeature and added the control primitive φglobal, which is re-
sponsible for the global motion towards the next milestone.

Graph search in the elastic roadmap can be guided by
a number of criteria. A sequence of controllers that goes
through an invalid milestone is rejected. If the task imposes
specific constraints on the end-effector, only milestones can
be visited that satisfy those task constraints. This ensures
that the resulting motion maintains task constraints at all
times. In addition, graph search can be guided by optimality
criteria, such as path length, path duration, or posture con-
straints. Due to the fact that elastic roadmaps are represented
in low-dimensional spaces, their size is much smaller than
configuration space roadmaps. Consequently graph search is
computationally efficient and can be performed many times
per second.

We view the extracted sequence of milestones as a hybrid
system. Controllers are used to generate the motion from mi

to mi+1 until the robot has approached milestone mi+1. The
hybrid system then discretely switches to the controller that
moves the robot from mi+1 to mi+2, until the goal mile-
stone mn is reached. Note that throughout the entire mo-
tion all milestones as well as the motion between them re-
main consistent with all motion constraints. The hybrid sys-
tem represents an approximate, local-minima free naviga-
tion function for the given motion problem. The navigation
function is composed of simple, local potential functions by
considering the global connectivity information captured in
the roadmap (Burridge et al. 1999; Chen and Hwang 1998;
Choi and Latombe 1991; Conner et al. 2003; Rimon and
Koditschek 1992; Yang and LaValle 2003).

This notion of a hybrid system enables the elastic
roadmap to never have to compute an explicit configuration
space trajectory. This has two advantages. First, in a dy-
namic environment much of the computation of an explicit
trajectory is wasted, as it will never be executed. Second, the
use of controllers to represent motion enables the continuous
and computationally inexpensive, continuous consideration
of feedback about all motion constraints.

4.6 Updating the elastic roadmap

An update of the elastic roadmap consists of three parts:
milestone maintenance, connectivity update, and navigation
function extraction. Milestone maintenance (Sect. 4.3) is
performed continuously at high frequencies (several hun-
dred times per second) to ensure the maintenance of task
constraints. The resulting motion of the milestones may
invalidate the connectivity information represented in the
roadmap. It is therefore necessary to continuously recom-
pute the connectivity of the roadmap.

Updates are performed as follows: Given a roadmap with
n milestones, there are potentially O(n2) visibility tests to
perform during a connectivity update. Due to the small com-
putational cost of a connectivity check and the low update
frequency associated with global motion constraints, this is
feasible in practice. In the experiments presented in Sect. 5,
the computational cost of connectivity checks was dwarfed
by the cost of milestone maintenance. In much larger envi-
ronments, the cost of O(n2) visibility tests can be reduced
to O(n) (assuming a uniform spatial distribution of mile-
stones) by restricting the adjacency of milestones based on
spatial proximity and by confining updates to regions of the
workspace in which changes were perceived.

Path extraction, the final step of a roadmap update, is de-
scribed in Sect. 4.5 and is also performed continuously, but
at a lower frequency of approximately 1–3 Hz. This means
that several times per second a new global plan is computed;
this is more than sufficient to satisfy the feedback require-
ments of global motion constraints.

4.7 Recovering from failure

We distinguish three failure modes. First, a motion can fail
because the task-level controller is unable to find a motion
between two milestones that are connected in the roadmap.
Second, changes in the environment may force the robot to
give up the task constraints, leading to task failure. For both
of these failures we describe recovery strategies below. The
inability to find a valid path, even after these recovery strate-
gies have been applied, constitutes the third failure mode.
This last failure has to be attributed to the incompleteness of
our method (see Sect. 4.8). As mentioned before, this fail-
ure type presents a natural interface with more complete ap-
proaches to motion generation. When no valid path can be
found using the elastic roadmap, the robot could interrupt
its motion to invoke a more complete planner for the invalid
edges in the roadmap.

The first failure mode occurs when the robot is moving
between two milestones. If a robot fails to make progress
without having reached the next milestone, the connection
is labeled as invalid. The continuous path extraction process
will automatically obtain a new path and the robot will start
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moving along this path. Currently, the two milestones re-
main unconnectable, but one could reconsider the connec-
tion after the environment has changed.

The second failure mode occurs during task-constrained
motion. If the robot or any of the milestones in the current
path change their label from task-consistent to valid or in-
valid, a new path has to be computed. This occurs auto-
matically during path extraction. If a new path with task-
consistent milestones can be found, it is executed. If no such
path can be found, path extraction considers the shortest
possible recovery path through valid milestones to a task-
consistent milestone. To follow the recovery path, we use
the following controller:

φposture � φavoidance � φtask � φglobal � φcollision � φkinematic.

(6)

Once the robot reaches a task-consistent milestone, the orig-
inal controller (5) is used to resume task behavior.

4.8 Completeness

The elastic roadmap framework is an approach to feedback
motion planning that is incomplete by design. It does not
possess any of the completeness properties of sampling-
based planners. Nevertheless, it is tempting to compare
the elastic roadmap framework to sampling-based planning
methods. Such a comparison, however, is difficult to make,
since the planning problems addressed by these two methods
are fundamentally different. The elastic roadmap framework
explicitly addresses task constraints and feedback require-
ments of a specific application and permits the execution of
motion in dynamic environments under these constraints. It
is able to do so precisely because it sacrifices completeness.
To our knowledge, no sampling-based method is able to ei-
ther consider task constraints in the generality proposed here
or to address explicit timing constraints.

A characterization of completeness of the elastic roadmap
would be most useful in the context of workspace properties.
This has been proposed in Brock and Kavraki (2001), where
a minimum clearance about the solution path is required for
the method to be complete. Such a notion of completeness

could be established for the elastic roadmap framework by
showing that the selected milestones can be reached from
the entire configuration space, excluding areas that do not
provide sufficient clearance for the robot. Furthermore, such
a notion would require workspace connection strategies with
provable performance to ensure that when the regions of at-
traction of milestones overlap, task-level planning will find
a connection trajectory. We will investigate such notions of
workspace completeness in our future work.

5 Experimental evaluation

We demonstrate the performance of the elastic roadmap
framework by performing both simulation and real-world
experiments. An adequate experiment for the evaluation of
the elastic roadmap approach should exhibit the following
characteristics:
(1) The robot has to maintain an end-effector task through-
out the entire motion. (2) The motion should be subject to
kinematic or dynamic constraints. (3) A solution has to de-
pend on global connectivity information. (4) The environ-
ment should be dynamic and the motion of obstacles should
interfere with the motion. (5) The robot should be kinemat-
ically redundant to permit the execution of multi-objective
behavior. Following these criteria, we have devised three ex-
periments for the two simulated robots shown in Fig. 2 and
one real-world experiment on our UMass Mobile Manipula-
tor, our 10 degrees-of-freedom experimental platform.

In the first experiment, the mobile manipulation platform
has to move its end-effector along a horizontal, linear path,
indicated by the horizontal blue line in Fig. 3. During task
execution, several obstacles move into the robot’s path. The
direction of motion for the obstacles is indicated by the ar-
rows. The sequence of images in Fig. 4 illustrates how the
elastic roadmap maintains task-consistent workspace con-
nectivity and repeatedly generates new sequences of mile-
stones in response to changes in the environment. By follow-
ing the approximate navigation function constructed from
the roadmap, the robot can move to the goal configuration in
a task-consistent manner, i.e., by restricting the end-effector
position to the line. Control primitives prevent collisions and

Fig. 3 First experiment: The
end-effector of UMan is
constrained to follow a line
while obstacles move through
the work space
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Fig. 4 (Color online) UMan
performs a task that requires the
end-effector to traverse a line in
space. Multiple moving
obstacles obstruct UMan’s path.
Collision-free and
task-consistent motion is
generated based on the elastic
roadmap framework

(a) The initial desired motion is indicated by the
red dashes. It directly connects the current position
of the actual robot to the milestone at the goal lo-
cation. The robot on the right starts moving into
UMan’s path, as indicated by the arrow

(b) A new motion is selected from the elastic
roadmap. It goes through two more milestones, in-
dicated by the transparent robots and circumnavi-
gates the moving obstacle

(c) Due to the motion of the three robots (indi-
cated by the arrow), a new motion is shown. It
goes through three milestones of the roadmap (not
shown) before reaching the goal position

(d) As the three robots continue their motion, an-
other robot starts to move (again indicated by the
arrows). Yet another motion is selected from the
elastic roadmap

keep the robot away from its joint limits. All computations
are performed during the simulation and the motion is gen-
erated in real time. The pictures represent snapshots of the
ongoing execution.

Note that the narrow passages between the moving ob-
stacles render this motion problem challenging for mo-
tion planners operating in configuration space. Further-
more, these planners also have difficulties to generate task-
consistent motion, as the computation of the manifold of
task-consistent configurations is computationally complex.
In the elastic roadmap framework, neither of these difficul-
ties poses a problem.

The transition from Fig. 4(b) to (c) exemplifies the impor-
tant difference between elastic roadmaps and elastic strips.
In the elastic strip framework the path would continue to
deform to the right for as long as the small mobile robot
continues to move. The elastic roadmap framework, in con-
trast, combines the incremental path modification of elastic
strips with global motion replanning. As a result, a new path

is computed, passing the mobile robot on the left, as shown
in Fig. 4(c).

It is also important to note that replanning is performed in
the full configuration space of the robot. From this specific
experiment it might appear as if replanning is performed in
a two-dimensional subspace, only considering the base of
the robot. This is not the case. All degrees of freedom are
used to respond to obstacles, there is no decomposition of
the configuration space to render planning more efficient.
(The example was chosen so that we would be able to easily
recreate it on a real robot, see below.)

In a second experiment with the mobile manipulator,
we demonstrate two additional capabilities of the elastic
roadmap framework. First, we show that the framework
is capable of generating task-consistent motion even for
force-controlled tasks, i.e., motion in contact with the en-
vironment. This stands in contrast with other approaches
to motion generation (Brock and Khatib 2002; Quinlan and
Khatib 1993), which require the entire manipulator to move
in free space. In the elastic roadmap framework, the only
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requirement is that motion continuously satisfies all motion
constraints. These constraints may include force constraints.
Second, we demonstrate that the elastic roadmap framework
is able to automatically recover from the violation of task-
constraints.

In this experiment, the end-effector of the manipulator
tracks the unknown motion of an object based on force con-
trol. This can initially be achieved using task-level control
alone, since the goal configuration is connected to the robot.
As this direct connection is invalidated by moving obstacles
forming a boxed canyon around the manipulator, the manip-
ulator is unable to follow the moving object and has to vio-
late task constraints by losing contact with the object. Image
2b in Fig. 5 illustrates how the elastic roadmap framework
then determines a path through valid but not task-consistent
milestones to re-attain the task constraints in image 2c.

In a third experiment, we demonstrate the effectiveness
of the elastic roadmap framework for a stationary twelve
degrees-of-freedom manipulator. The task consists of mov-
ing the end-effector to a goal location, while maintaining its
orientation (task constraint). This motion is performed in an
environment that contains a truss moving from right to left,
as indicated by the arrows in Fig. 6. The sequence of im-
ages illustrates how the robot reaches its goal location, while
avoiding the moving truss and maintaining its end-effector
orientation. As the truss keeps moving, it forces the manipu-
lator to deviate from its goal location, repeatedly triggering
a replanning operation that results in a repeated motion, sim-
ilar to the one shown in the figure.

These simulation experiments were performed on a Pen-
tium IV 3.2 GHz PC with 1 GB RAM and a 64 MB DDR
Radeon 300 graphics card. The computations associated
with the maintenance of the elastic roadmap and the extrac-
tion of a path can be performed at a frequency of approx-
imately 5–10 Hz thereby satisfying the feedback require-
ments for global motion in the context of autonomous mo-
bile manipulation.

To demonstrate the effectiveness of the elastic roadmap
framework in real-world scenarios, we implemented the al-
gorithms described above on UMan, our experimental plat-
form for autonomous mobile manipulation. We applied the
elastic roadmap framework to a line-following task, moti-
vated by the pipe inspection example. This task requires
UMan to move its end-effector along a horizontal line in
its workspace to reach a given goal position. At the same
time the robot has to avoid a stationary and a moving obsta-
cle. Throughout the motion, joint limits and singularities are
avoided. Posture constraints are imposed on the motion to
keep the wrist in the middle of the joint range.

Snapshots of the experiment are shown in Fig. 7; a video
is provided as supplementary material. Figure 7(b) best il-
lustrates the experimental setup. Each of the sub-figures is
divided into three parts. The left of each images shows the

(a) UMan maintains constant force contact with a
cube moving through the environment. Three mo-
bile robots move into UMan’s path and prevent it
from maintaining contact with the cube

(b) The elastic roadmap generates a motion
through three valid but not task-consistent mile-
stones until a task-consistent milestone can be
reached and the task can be resumed

(c) UMan has resumed the task and maintains
constant-force contact with the object. The figure
also shows the objects trajectory in space (blue)
and projected into the ground plane (green)

Fig. 5 (Color online) UMan has to maintain constant force contact
with an object floating through space. The task is specified by the
object’s motion. During motion execution, moving obstacles prevent
UMan from maintaining contact. The elastic roadmap determines the
fastest way to resume the task and executes the corresponding motion

experiment with a wide field of view. The black line of the
floor represent a projection onto the ground plane of the
virtual line the end-effector has to follow. The top right of
each image shows a close-up on UMan’s end-effector. In
Fig. 7(b) a red laser point can be seen on a white sphere
held in UMan’s end-effector. This laser point stems from a
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Fig. 6 (Color online)
A stationary robot with four
spherical joints (twelve degrees
of freedom) is performing an
end-effector placement task in
the presence of a moving truss.
The goal is indicated by the red
cube. The images show a
sequence in which the robot
reaches the goal. As the truss
keeps moving to the left, the
robot will be forced to deviate
from its task-constraint,
triggering another round of
planning with the elastic
roadmap. The sequence of
images would repeat as the truss
keeps moving

(a) The robot is shown in its initial configu-
ration. The arrow indicates the direction of
motion of the truss

(b) The elastic roadmap contains a valid
path through three milestones, shown as
transparent robots. The red line connects
the origin of the end-effector along the
milestones contained in the solution to the
planning problem

(c) This image shows an intermediate step
during the robot’s motion. The truss’ mo-
tion continues

(d) The robot has reached its goal location

laser pointer mounted on a tripod. The light ray emanating
from the laser pointer represents the virtual line the robot
has to follow. As long as the laser pointer is visible on the
white sphere in UMan’s hand we can be sure that the task
constraint is satisfied. Finally, the bottom right shows the
robot’s view of the world and the part of the elastic roadmap
that represents the current solution to the motion generation
problem. The blue line represents the task constraint and
corresponds to the ray of laser light. Transparent robots, con-
nected by a red line on the ground plane, indicate the path
extracted from the elastic roadmap. The orange cylinder rep-
resents the stationary obstacle. As the experiment proceeds,
a second, mobile orange cylinder appears and forces UMan
to extract a different path from the elastic roadmap.

UMan perceives the stationary and the moving obstacle
using its laser range finder. It also uses the laser range finder
to localize itself. This enables UMan to compensate for slip-
page of the wheels, which is necessary for it to stay on the
virtual line throughout the experiment.

The experiment proceeds as follows. Figure 7(a) shows
the initial configuration of the robot. In Fig. 7(b) the robot is
still stationary but has attained the task constraint: the laser
point is visible on the sphere. The elastic roadmap gener-
ated a hybrid system consisting of three milestones, the fi-
nal one being the goal configuration. This feedback plan has
UMan pass the orange cylinder on the right side, seen from

the observer’s perspective. Figure 7(c) shows how a second
orange cone has moved into the robot’s path. The current
hybrid system is about to become invalid. In Fig. 7(d) the
moving obstacle has cut off the path to the right of the sta-
tionary obstacle. Passing both obstacles on the right would
force UMan to give up the task. The elastic roadmap frame-
work extracts a new hybrid system that is able to maintain
the task constraint. This new hybrid system has UMan pass
the stationary obstacle on the left. Figures 7(e) and (f) show
how UMan then proceeds to execute the motion described
by the hybrid system until the end-effector reaches the goal-
configuration on the line.

This experiment demonstrates that the elastic roadmap
framework is able to maintain the motion constraints for au-
tonomous mobile manipulation. All computations are per-
formed in real-time. Throughout the entire experiment, the
laser point remains on UMan’s end-effector. This is fur-
ther illustrated in Fig. 8, which shows as a function of
time the x-, y-, and z-coordinate of the operational point
in the center of the white sphere. The graph shows that the
y-coordinate of the end-effector smoothly changes from its
original position until the end of the five-meter virtual line
has been reached. The changes in slope in the curve for the
y-coordinate correspond to the switches among attractors.
These switches either occur because a new hybrid system
was generated in response to environmental changes or be-
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Fig. 7 Line-following
experiment on the real robot

(a) (b)

(c) (d)

(e) (f)

cause one of the milestones was reached during the mo-
tion. The x- and z-coordinate remain basically unchanged
throughout the entire experiment. At t = 28 seconds there is
a small dip in the curve for the x-coordinate, caused by the
robot getting close to a joint limit. To avoid the joint limit,
the joint limit controller takes over, briefly suspending the
task and causing the dip. The joint limit is avoided and the
task controller takes over once again, resuming the motion
along the line. Note that the x-coordinate in the graph is
recorded based on the localization of the base. Other small
discontinuities in the graph for the x-coordinate are caused
by a combination of controller error (negligible) and discrete
changes in the x-coordinate due to re-localization.

Figure 9 shows the errors in the end-effector coordinates,
again as a function of time. The errors are determined based

on the encoder measurements relative to the localized base
of the experimental platform. The errors remain for the most
part are less than 2 cm. At t = 28 seconds, the switch in con-
troller priorities and the resulting suspension of task execu-
tion results in an error magnitude of 3 cm.

Figure 10 shows the path of the center of UMan’s base
in the x/y-plane. UMan first attempts to pass the stationary
obstacle on one side and is then forced by the moving obsta-
cle to pass it on the other side. After the evasive maneuver,
there is no need for the base to move back to the original
x-coordinate, as all task and posture constraints are satis-
fied.

These experiments, and in particular the experiment on
the real robot, represent realistic autonomous manipula-
tion scenarios. They demonstrate that the elastic roadmap
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Fig. 8 (Color online)
End-effector trajectory

Fig. 9 (Color online)
End-effector errors

Fig. 10 UMan base trajectory
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framework is able to maintain all motion constraints of au-
tonomous mobile manipulation while satisfying their re-
spective feedback requirements. These experiments, there-
fore, demonstrate the effectiveness of the elastic roadmap
framework for the generation of constraint-consistent mo-
tion for autonomous mobile manipulation in dynamic envi-
ronments.

6 Conclusion

Motion in the context of autonomous mobile manipulation
is subject to numerous constraints. These constraints are im-
posed by the task, by kinematic and dynamic limitations of
the robot, by moving obstacles in the environment, by the
global connectivity of the workspace, and by subordinate
behaviors, such as posture control. Existing approaches to
motion generation for autonomous mobile manipulation ei-
ther fail to address all motion constraints simultaneously or
do not meet the respective feedback requirements.

We presented the elastic roadmap framework as a new
approach to feedback motion planning. This framework sat-
isfies all of the aforementioned constraints and their feed-
back requirements. Furthermore, the framework is capable
of generating constraint-consistent motion in dynamic en-
vironments in free space and in contact with the environ-
ment in real time. To achieve the required computational ef-
ficiency, the elastic roadmap framework relies on two key
ideas. First, it shifts the boundary between planning and con-
trol, relying on global planning to understand the connec-
tivity of the space and on multi-objective operational space
controllers to determine a motion for the robot that satisfies
task and posture constraints and performs reactive obstacle
avoidance. Second, the elastic roadmap framework relies on
workspace information to efficiently determine and main-
tain connectivity information about the environment. This
connectivity is captured in a roadmap that can be interpreted
as a hybrid system of multi-objective controllers. The con-
trollers determine the motion and represent the continuous
part of the hybrid system. The discrete component switches
between the controllers based on global connectivity infor-
mation.

We presented experiments on a simulated mobile manip-
ulator and a simulated stationary robot as well as on a real-
world mobile manipulator. These experiments demonstrate
that the elastic roadmap framework is a powerful motion
generation framework which is well-suited for motion gen-
eration in the context of autonomous mobile manipulation.
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