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Abstract— Manipulating deformable linear objects (DLOs)
to achieve desired shapes in constrained environments with
obstacles is a meaningful but challenging task. Global planning
is necessary; however, accurate models of DLOs required by
planners are difficult to obtain, and the inevitable modeling
errors probably result in task failure if the robot simply open-
loop executes the planned path. In this abstract, we propose
a coarse-to-fine framework to combine global planning and
local control for dual-arm manipulation of DLOs, capable
of precisely achieving desired configurations and avoiding
potential collisions between the DLO, robot, and obstacles. Both
simulations and real-world experiments demonstrate that our
framework can robustly achieve desired DLO configurations in
constrained environments with imprecise DLO models, which
may not be reliably achieved by only planning or control.

I. INTRODUCTION

Deformable linear objects (DLOs) are common in human
life [1]; however, there are new challenges coming from the
deformable properties of DLOs when applying classical ma-
nipulation methods [2], [3]. We focus on a general problem
of DLO manipulation: dual-arm manipulating a DLO from
a start configuration to a desired (goal) configuration. In
our previous work [4], [5], we have proposed an adaptive
controller which can achieve DLO shape control in unob-
structed environments. In this work, we further deal with a
more complex and practical scenario: manipulating DLOs in
constrained environments with obstacles (see Fig. 1).

A series of works have studied the DLO shaping from the
perspective of control [6]–[10]. However, these control-only
methods usually consider a simplified scenario: no obstacles
exist, and the robot end-effectors can move freely without
considering the arm bodies; moreover, local controllers can-
not prevent DLOs from falling into local optimal shapes.

Global path planning is necessary for manipulating DLOs
in constrained environments. Existing studies have proposed
different DLO models and incorporated them into classical
high-dimensional path planning methods [11]–[13]. Paths of
DLO configurations from the start to the goal are planned,
and corresponding end-effector trajectories are extracted for
open-loop executions [14]–[16]. However, the planning-only
methods are more affected by the inevitable DLO modeling
errors than control, since no real-time feedback compensates
for the errors. The planned end-effector trajectory may not
move the DLO exactly along the expected configuration path,
which may cause failures of the actual execution. As a result,
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Fig. 1. Overview of the proposed framework for dual-arm manipulation
of DLOs in constrained environments with obstacles, in which the global
planning and local control complement each other to robustly achieve
complex tasks even using imprecise DLO models. The collision avoidance
of both the DLO and robot body is considered in the planning and execution.

most of these approaches are restricted to simulations with
sufficiently accurate models.

To overcome the shortcomings of the existing methods, we
propose a new framework that combines both global planning
and local control, with the structure shown in Fig. 1. The
planner efficiently computes a coarse and global collision-
free path to the desired configuration, based on a simple
yet effective DLO model; Then, the controller tracks the
planned path as guidance while using closed-loop feedback
to compensate for the modeling errors in the planning phase
and locally avoid obstacles. Specifically, for the planner, we
use an RRT planning framework with a DLO energy model
for projecting a random DLO configuration to a stable one;
for the controller, we formulate it as a model predictive
control (MPC) problem with artificial potentials. The full
paper and video are available on the project website1.

McConachie et al. [17] proposed another framework for in-
terleaving planning and control for manipulating deformable
objects. Their controller first attempts to perform tasks di-
rectly; if their deadlock predictor predicts the controller will
get stuck, their planner will be invoked to move the object to
a new region. Note that their aim and combination approach
is different from ours: first, their planner uses a more
simplified model called “virtual elastic band" focusing on
the overstretch of deformable objects caused by grippers or
obstacles; second, their planned path of grippers is open-loop
executed without local adjustment using real-time feedback;
as a result, the DLO may be over-compressed or hooked by
obstacles. In contrast, our method considers the full DLO
configurations both in planning and control, and employs
feedback control during the whole manipulation process.

Notations in this abstract: The DLO configuration is

1Project website: https://mingrui-yu.github.io/DLO_planning
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represented by multiple feature points along the DLO. The
position of the kth feature is represented as xk ∈ ℜ3.
The configuration of the DLO is represented as x :=
[x1; · · · ;xm] ∈ ℜ3m , where m is the number of the fea-
tures. The joint position of the dual-arm robot is represented
as q ∈ ℜn, where n is the degrees of freedom (DoFs) of the
robot. The configuration vector of the robot end-effectors is
represented as r ∈ ℜ12. The control input u to the system
is the joint velocity of the dual-arm robot, as q̇ = u.

II. GLOBAL PLANNING

The planner is first invoked to efficiently find a coarse
global collision-free path in constrained environments using
a simple yet effective DLO energy model.

A. Projection onto Stable DLO Configuration Manifold

The stable equilibrium configurations of a DLO are on a
lower-dimensional manifold of the raw configuration space
ℜ3m. As direct sampling from the manifold is unlikely, we
use projection methods to move a random sample in the raw
space onto its neighbor manifold [18]. Denote the potential
energy of an elastic DLO as E, which is assumed to be fully
determined by x. A stable equilibrium of the DLO with two
end poses fixed is where the DLO’s internal configuration
locally minimizes the potential energy E [11], [12]. Thus,
a random sample x0 can be projected onto the manifold by
formulating it as a local minimization problem of the energy
with x0 as the initial value:

xstable = argmin
x

E(x)

s.t. xk = x0
k, ∀k = 1, 2,m− 1,m

(1)

where the first two and last two feature points are
fixed to represent the fixed end poses in discrete DLO
models [19]. We denote such a process as xstable =
ProjectStableConfig(x0).

In this work, we use a simple mass-spring model [2] as
the energy model (Fig. 2(a)). In our experiments, we use the
same stiffness values in all the planning. We visualize two
examples of the ProjectStableConfig in Fig. 2(b) and 2(c).

B. Planning Algorithm

Our planning algorithm uses the same framework as the
Constrained Bi-directional Rapidly-Exploring Random Tree
(CBiRRT) method in [18]. Each node N in the trees contains
both the DLO configuration x and the robot configuration
q. The key modification is in the function Nreached =
ConstrainedExtend(Nfrom,Nto) in the CBiRRT. In each step
in the ConstrainedExtend, a new DLO configuration is
calculated by interpolating from the last reached configu-
ration xlast to xto with a small step size, where we use
linear interpolation for the centroid positions and spheri-
cal interpolation for the relative deformations irrelevant to
translations to keep the overall DLO shapes and avoid over-
compression [12]. The ProjectStableConfig is then applied
to project the interpolated configuration to a stable xnew.
The corresponding robot configuration qnew is obtained as
the inverse kinematics (IK) solution for the end poses of
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Fig. 2. (a) Illustration of the mass-spring model which models a DLO
as a series of masses connected by springs. The ith mass is connected to
(i±1)th masses by Type 1 springs and (i±2)th masses by Type 2 springs.
(b)(c) Illustrations of projecting a randomly sampled raw DLO configuration
to a stable configuration by locally minimizing the potential energy of the
mass-spring model as (1).

xnew. Finally, the successfully planned path is denoted as
P = {Nstart,N1, · · · ,Ngoal} and sent to the local controller
as a guiding global path.

III. MANIPULATION WITH LOCAL CONTROL

We apply an MPC to track the planned path as guidance
while using real-time feedback to adjust the robot motion.

A. Manipulation Process

Each node of the planned guiding path is regarded as an
intermediate desired configuration. If the distance between
the current and desired configuration is less than a threshold,
the control objective will be switched to the next planned
configuration. Besides, if the controller gets stuck, the global
planner will be invoked again to re-plan a path from the
current configuration to the final desired configuration.

B. Controlling to an Intermediate Configuration

The control input is specified as the locally optimal
solution of the following optimization problem:

min
u

J = λdlo
a Udlo

a (x(t+ δt)) + λdlo
r Udlo

r (x(t+ δt))

+ λarm
a Uarm

a (q(t+ δt)) + λarm
r Uarm

r (q(t+ δt))

+
1

2
uTKuu

s.t. CdofJ
armu = 0

uTKuu ≤ u2
max

(2)
where u is the control input, Udlo

a and Uarm
a are the attractive

potentials for driving the DLO to Ni.x and the arms to Ni.q,
and Udlo

r and Uarm
r are the designed repulsive potentials to

achieve local obstacle avoidance. The λdlo
a , λdlo

r , λarm
a , λarm

r

are weighting coefficients, and δt is the step interval. The Ku

is a weighting matrix for the input joint velocities. The first
equality constraint is to constrain the allowed DoFs of the
robot end-effectors for specific tasks, where Jarm is the robot
Jacobian matrix. We employ the method in [4] to predict the
DLO configuration at t + δt. When controlling to the final
desired configuration, the λarm

a is set to zero.

IV. RESULTS

A. Simulations

1) Overall Performance: We first test the overall perfor-
mance of our method in three different tasks with different
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Fig. 3. Three simulated tasks for testing the overall performance of the
proposed method. The top row is the start configurations and the bottom row
is the goal configurations. The pictures are taken from actual manipulations.

TABLE I
PERFORMANCE OF OUR METHOD IN THE THREE SIMULATED TASKS.

Task Planning
success rate

Planning
time (s)a

Manipulation
success rate

Final task
error (cm)b

1 8/10 3.29 ± 1.45 8/8 0.55 ± 0.22
2 8/10 4.14 ± 4.31 8/8 0.55 ± 0.11
3 10/10 2.66 ± 1.25 10/10 0.60 ± 0.18

a,b The mean value ± standard deviation over the successful cases.

scenarios, DLO properties, and start/goal configuration, as
shown in Fig 3. The lengths of the DLOs are 0.5/0.4/0.6m
for Task 1/2/3, respectively. For each task, the planner tries
10 queries and all found paths are executed by the controller.
The performance is summarized in Table I.

2) Closed-Loop v.s. Open-Loop: We verify the signifi-
cance of the control module by comparing the manipulation
results of executing the planned path in an open-loop manner
and in a closed-loop manner using the proposed controller.

The quantitative tests use the same two scenarios as the
two cases in Fig. 5, and the DLO lengths are 0.4/0.6m.
Five different desired shapes are tested for each scenario,
and five paths are planned for each desired shape. Fig. 4
shows the results of the collision time during manipulations
and the final task errors. We also visualize the manipulation
processes of two specific cases in Fig. 5. As for the open-
loop executions, in the case shown in Fig. 5(a), the DLO
gradually deviates from the planned DLO path and finally
terminates at another stable but undesired shape; in the case
shown in Fig 5(b), unexpected collisions between the DLO
and obstacles happen and the DLO is hooked. The closed-
loop executions for both two cases are successful.

B. Real-World Experiments

Three representative tasks are achieved using the proposed
method, as shown in Fig. 6. In Task 1, the DLO needs to
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Fig. 4. Quantitative results of the comparison between the proposed closed-
loop framework and the open-loop manner. The bars with darker colors refer
to the mean values over all 25 manipulations, and those with lighter colors
refer to the standard deviations (std).
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Fig. 5. Two cases for illustrating the comparison between the open-loop
manner and proposed closed-loop manner using the same planned paths in
Scenario 1 and 2. The first column is the start configurations; the second
and third columns are the manipulation processes, where the blue lines and
translucent robots refer to the planned intermediate configurations and the
yellow lines and non-translucent robots refer to the real-time configurations;
and the last column is the final reached configurations, where the translucent
green points refer to the final desired DLO configurations.
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Fig. 6. Manipulation processes of the three real-world tasks. The
green+black circles refer to the final desired DLO configurations.

be rotated around 180 degrees; in Task 2, the planner in
[17] may fail, since the "virtual elastic band" connecting the
two end-effectors will not collide with the obstacle along
a straight-line robot path, but the actual DLO body will;
and in Task 3, the DLO needs to be manipulated from an
upper-semicircle shape to a lower-semicircle shape. A 0.3m-
long nylon rope, a 0.6m-long HDMI cable, and a 0.45m-long
electric wire are used in Task 1, 2, and 3, respectively. For
Task 3, we also show the comparison between the proposed
closed-loop manner and the open-loop manner using the
same planned path.

V. CONCLUSION

This abstract proposes a coarse-to-fine framework for
closed-loop manipulating DLOs with whole-body planning
and control, which considers both the feasibility and accu-
racy of long-horizon DLO manipulation tasks in constrained
environments. Please refer to the full paper [20] for details.
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