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Non-Prehensile Object Transport by Nonholonomic
Robots Connected by Linear Deformable Elements
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Abstract—This paper presents a new method to automatically
transport objects with mobile robots via non-prehensile actions.
Our proposed approach utilizes a pair of nonholonomic robots
connected by a deformable tube to efficiently manipulate objects
of irregular shapes toward target locations. To autonomously
perform this task, we develop a local integrated planning and
control strategy that solves the problem in two steps (viz.
enveloping and transport) based on the model predictive control
(MPC) framework. The deformable underactuated system is
simplified by a linear kinematic model. The enveloping problem is
formulated as the minimization of multiple criteria that represent
the enclosing error of the object by the variable morphology
system. The transport problem is tackled by formulating the non-
prehensile dragging action as an inequality constraint specified
by the body frame of the deformable system. Reactive obstacle
avoidance is ensured by a maximum margin-based term that
utilizes the system’s geometry and the feedback proximity to
the environment. To validate the performance of the proposed
methodology, we report a detailed experimental study with vision-
guided robotic prototypes conducting multiple autonomous object
transport tasks.

Index Terms—Nonprehensile manipulation; Motion control;
Object transport; Deformable agents; Nonholonomic systems.

I. INTRODUCTION

Manipulation of rigid objects has a rich history in robotics,
where many important results have been achieved in the last
few years. Traditional approaches—relying on fixed-base robot
arms with customized end-effectors—can only be used with
objects that satisfy special conditions. For example, geometries
suitable for grasping [1] or flat surfaces for suction lifting
[2]. Mobile robots can perform manipulation tasks without the
need to use end-effectors [3], e.g., they can transport objects
by dragging them through deformable ropes or cables. This
type of (non-prehensile) strategy is useful in alleviating some
of the drawbacks of traditional approaches, as it enables to
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Fig. 1. (a) Ocean Cleanup system using two deformable wings to collect
debris. (b) Conceptual model of our proposed approach to envelop and
transport an irregular object.

manipulate objects with un-graspable geometries, increases the
operation range of the transportation task, and combines the
power of multiple robots to move larger loads, among others.
Consequently, these types of strategies are potentially useful
in many important applications, such as clearing debris from
water [4] (Fig. 1. (a)), transporting materials in construction
sites [5], or even in domestic cleaning tasks [6]. Despite its
evident practical value, the development of non-prehensile
controls that exploit deformable materials to indirectly manip-
ulate objects is still an understudied problem in the robotics
community.

Many researchers have studied the automatic transportation
of objects by mobile agents considering several types of
configurations (see [7] for a comprehensive literature review).
For agents equipped with arms or grippers, the task can be
collaboratively performed by the robot fleet through forma-
tion control strategies [8]. This approach was used in [9],
[10], where motion planning algorithms were developed to
manipulate both rigid and deformable objects with multi-
robot systems. These strategies have also been formulated
using constrained optimization subject to kinematic/dynamic
constraints. For simple agents that lack active grippers, a
common method to transport the load is to physically enclose it
with the robots’ structure while maintaining a fixed formation
throughout the path to ensure a stable mobile grasp [11].

In contrast to gripper-based approaches, the use of drag-
ging/pushing enables the transport of objects with fewer and
mechanically simpler robots. A key challenge with these
strategies is the presence of uncertain frictional forces [12],
which complicate the object’s positioning. Several works have
tried to address this issue. For example, [13] proposes a model
predictive control (MPC) for nonholonomic robots taking
into consideration the constraints associated with the pushing
direction, [14] describes an algorithm to compute the optimal
contact points to ensure the object’s maneuverability along
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the path, [15] presents a complete behavioral, reactive, and
centralized framework for a multi-agent system to push a set
of objects, [16] addresses the transport of non-rigid loads
by using differentiable soft-body physics engines, to name
a few instances. These previous works have established a
solid foundation for the non-prehensile manipulation problem.
Besides, the application of the passive structure, especially
deformable materials, has shown potential in object transport.
[17] developed a cooperative path-planning framework for
a robot duo tethered by a flexible net to gather scattered
objects. [18] also proposed a ball-string-ball structure used
for transporting small objects. However, more research is still
needed to develop non-prehensile models/controls for mobile
agents composed of deformable elements. The aim of this
paper is to provide a solution to this open problem.

To perform the task, our proposed system is composed of
two nonholonomic mobile bases linked by a flexible tube
that provides a large contact area (or multiple interaction
points) with the object. This feature enhances the system’s
manipulation capabilities, yet its non-rigid nature complicates
the development of planning and control algorithms. Note
that most existing methods are designed for rigid systems
with a fixed morphology [19]. To deal with this non-rigid
nature, this paper proposes a new integrated planning and
control strategy based on the MPC framework for deformable
mobile agent systems, which provides efficient local motion
control while incorporating obstacle avoidance and object
manipulation capabilities. The proposed solution is divided
into two stages: enveloping, where the object is enclosed by
the tube, and transport, where the object is pulled towards a
receptacle. The original contributions of this work are outlined
as follows:

1) We formulate a constrained optimization problem of
the enveloping task based on a gradient update rule
that balances two optimization targets: the position and
orientation of the flexible mobile system.

2) We derive an inequality constraint for the non-prehensile
actions of the overall transportation system (combining
the manipulated object and the flexible agent) that effi-
ciently provides the pulling directions to reach the goal.

3) We design a new maximum-margin-based obstacle avoid-
ance method for this deformable robot that prevents
“hugging” an obstacle.

A series of real-world experiments are conducted to evaluate
the performance of this new methodology in handling a diverse
range of objects and obstacles.

II. PRELIMINARIES AND PROBLEM STATEMENT

A. Flexible Mobile System

The proposed system has two parts: active control compo-
nents (two nonholonomic mobile robots) and passive deforma-
tion components (a deformable tube). The motion state of the
end robot i is represented by pi = [xi, yi, θi]

T ∈ R3, i = 1, 2,
of which the kinematic is

ṗi =

ẋi

ẏi
θ̇i

 =

cos θi 0
sin θi 0
0 1

[vi
ωi

]
= R(θi)ui (1)

where (xi, yi) is the position and θi is the orientation of the
robot i. And vi and ωi are the linear and angular velocities
of each robot, respectively. The input control is represented as
ui = [vi, ωi]

T.
The connected tube is a type of pneumatic tubing manu-

factured using polyurethane (PU) material, featuring an outer
diameter of 6 mm and an inner diameter of 4 mm. The
elasticity of the tube allows it to be easily bent by the two
end robots. In our task, the longitudinal stretching of the
tube is negligible and only the bending in our 2D platform is
considered. The ring components are used to connect the tube
end and the end mobile robots. This passive joint is not rigidly
attached to the robot so that the tube end can rotate freely.
Then, the shape of the tube is not affected by the orientation
of the robots θi. Thus, the configuration of the tube depends
only on the controllable positions of the two mobile robots,
which makes the effect of nonholonomic properties of mobile
robots negligible.

B. Enveloping Problem Statement

The first challenge addressed here is to model the kinematics
of the proposed flexible mobile system and control it to
envelop the target object without collision. To simplify the
representation of the deformable tube, m points are evenly
selected as the feature points of the tube, of which the state
is represented by qj = [xf

j (t), y
f
j (t)]

T ∈ R2, j = 1, · · · ,m. It
is noticed that to get the middle point of the tube directly, the
number m must be odd. We model the curved geometry of the
deformable tube as an unknown nonlinear function q = f(ψ),
where q = [qT

1,q
T
2, · · · ,qT

m]T ∈ R2m denotes the position of
the feature points, and ψ = [x1, y1, x2, y2]

T ∈ R4 represents
the feedback position of the mobile bases. With this function,
we obtain the following shape-motion model of the system:

q̇ =
∂f

∂ψ
ψ̇ = J(ψ)ψ̇ (2)

for J(ψ) ∈ R2m×4 as the Jacobian matrix, whose analytical
computation requires knowledge of the physical parameters of
the tube, which are hard to obtain in practice. This structure
can be numerically estimated from feedback data [20]. In this
paper, the Least Square Method is used to fit the dynamic
model (2) and to estimate the Jacobian matrix J(ψ), based on
the sampled data of position changes of the feature points and
end robots during the sample time ∆t: ∆q = q(t+∆t)−q(t)
and ∆ψ = ψ(t+∆t)−ψ(t).

Different from the existing research, the proposed system
has little requirement for the shape of the objects due to
the application of the deformable tube. The contact point or
surface of contact between the tube and the target object is not
predetermined strictly, which holds greater significance when
dealing with objects of irregular shapes. Thus, as shown in the
left subfigure of Fig. 2, the target object can be represented
by its minimum enclosing circle in 2-D. The position of the
target object is defined as the center point pt of the minimum
enclosing circle with the radius rt.
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Fig. 2. (left) Illustration of the envelope completion status and the minimum
enclosing circle of the irregular object. (right) The relative orientation between
the target object and our system during the enveloping progress

To explain the enveloping task, the virtual geometric center
point pv of the proposed system (shown in the left subfigure
of Fig. 2)) is given, which is defined as

pv =
1

m+ 2

 2∑
i=1

χi +

m∑
j=1

qj

 (3)

where χi = [xi, yi]
T is the position of the mobile robot. We

note that the proposed system can only handle the target object
within a certain size that can be represented by:

rt < min (∥qj − pv∥, ∥χi − pv∥ − re) (4)

where re is the radius of the end mobile robot. Besides,
considering that this system can only envelop the target
from its “open” side that has no tube connected, the relative
orientation of the system to the target object is considered and
regarded as another target of the optimization. As shown in the
right subfigure of Fig. 2, the direction of the system (the green
arrow) is defined as the vector from the middle feature points
qM of the tube to the virtual middle point χM of the two
end robots, while the yellow arrow shows the relative direction
between the object and the flexible mobile agent system. Then,
the relative orientation θ is defined as the angle between these
two vectors, which can not be obtained by the camera directly
and is calculated by

θ = arccos
(

r1 · r2
∥r1∥∥r2∥

)
(5)

where r1 = pt − qM , r2 = χM − qM , with χM =
(χ1 + χ2) /2 and qM = q(m+1)/2. Then, the enveloping task
can be defined as follows.
Problem 1. Develop an MPC-based control method for the
flexible mobile agent system (1)–(2), to automatically envelope
an irregular-shaped object (i.e., pv → pt and θ → 0) whose
dimension satisfies (4), and to reactively avoid any collisions
with the object, obstacles, and the bounded environment.

C. Transport Problem Statement

As for the transport process, the challenge is to control the
motion of the transported object pulled by the tube to the target
receptacle. The transported object and the flexible mobile
agent system are regarded as one new transport system. We
assume that inertial forces are negligible or quickly absorbed
by the frictional effects, i.e., quasi-static assumption. Due to

Fig. 3. Schematic overview of the framework for the enveloping task

the slip between the tube and the transported object and the
complex physical properties of the tube, the whole transport
system has a highly unstable and nonlinear dynamic. For this
new system, the position of the object pt is regarded as part of
the state instead of the shape of the tube. Similarly, we define
the kinematics model of the transported object as

ṗt = Jt (ψ) ψ̇ (6)

where Jt(ψ) ∈ R2×4 represents how end mobile robots
change the motion of the transported object during transport.
The matrix Jt(ψ) must be updated in real-time because the
object is not fixed to the tube and may slide along it. We still
use the update algorithm in [20] to update the matrix Jt(ψ)
using the visual feedback information.

The target receptacle is given as a rectangle zone Rz , of
which the geometry center is represented by Tz ∈ R2. Then,
the transport problem can be given as:

Problem 2. Develop an MPC-based local control method
for the whole transport system described by (1) and (6), to
automatically deliver the transported object into the receptacle
(i.e., pt ∈ Rz), while avoiding collisions.

III. METHODOLOGY

In our framework, the optimization problems of envelop-
ment and transport tasks are formulated, and the real-time
update methods of the MPC algorithm are given.

A. Enveloping Problem Formulation

To control the flexible deformable mobile agent system
to envelop the target object without any collision with the
obstacle and the target object in the bounded environment, we
present a novel MPC formulation to calculate the control input
ui of the two end robots, as shown in Fig. 3. The finite forecast
horizon is set as n steps with the sampling time Ts. This MPC
is constrained by (i) dynamics (1)–(2), (ii) bounds on control
input, (iii) position bounds, (iv) distance range between the two
end robots, (v) collision avoidance with the target object, and
(vi) obstacle avoidance with the environment. And (v) and (vi)
are designed as soft constraints in the objective function. The
optimal tasks contain the control input, the distance error and
the relative orientation. Then, for the predicted state estimate
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at each discrete-time instant k, this multi-task constrained
optimization problem is formulated as

min
u

F =

n∑
k=1

(αuFu[k] + αdFd[k] + αθFθ[k]

+αtFt[k] + αoFo[k]) (7a)
s.t. umin ≤ u[k] ≤ umax (7b)

ψmin ≤ ψ[k] ≤ ψmax (7c)
qmin ≤ q[k] ≤ qmax (7d)
dmin ≤ ∥χ1[k]− χ2[k]∥ ≤ dmax (7e)

where αu, αd, αθ, αt, αo are the weights of each term, umin ∈
R4, umax ∈ R4, ψmin ∈ R4, ψmax ∈ R4, qmin ∈ R2m, qmax ∈
R2m are all constant vectors, that give the range of variables
u, ψ, q, respectively. While dmin and dmax are the positive
constants, which gives the distance range between the two
end robots. The objective function (7a) is comprised of several
terms, each of which is explained as follows:

a) Control input term. To save the energy of the system, the
control input term Fu is formulated as

Fu[k] = u[k]TQuu[k] (8)

where u[k] = [v1[k], ω1[k], v2[k], ω2[k]]
T ∈ R4 is the pre-

dicted control input (velocity and angle velocity) of two end
mobile agents at k-th step, Qu ∈ R4×4 is the positive definite
matrix that can adjust the proportion of velocity vi and angular
velocity ωi of two end mobile robots.

b) Distance error term. This term can attract the flexible
mobile agent system towards the target object. As mentioned
in Problem 1, the envelope task requires pv converge to pt.
So, this term is represented as:

Fd[k] = (pv[k]− pt)
T
Kd (p

v[k]− pt) (9)

where Kd ∈ R2×2 is the positive definite matrix that can mod-
ify the ratio among various directions, pv[k] is the predicted
virtual geometric central point at k-th step.

c) Steer term. To realize the control of the relative orien-
tation, the steer term Fθ[k] is formulated as −cosθ[k]. The
calculation of the cosine factor is more straightforward, and
it also represents the error between the orientation of the
system and the direction needed to enclose the target object.
The steer term can drive θ to zero, indicating that the target
object is completely situated on the “open” side of the system.
Considering the symmetry of the tube, the r2 is orthogonal to
χ1 − χ2 and the modulus of r2 has no effect on this steer
term. So, r2 can be calculated as follows without involving
the tube shape information, which can reduce the influence of
the modeling error of the tube.

r2 = Rr(χ1 − χ2) =

[
0 −1
1 0

]
(χ1 − χ2) (10)

where Rr is the rotation matrix for 90° counterclockwise
rotation. One major challenge in optimizing a multi-task model
is the conflicting gradients, which impact the performance of
specific tasks [21]. To ensure the optimization of both targets
(the distance error and the relative orientation), it is crucial to
design the weights of Fd and Fθ, considering their distinct
units and ranges. Also, the two gradients both depend on

χi, so it is necessary to update the weights of these two
terms along the motion of this system. Thus, before each
iteration of the optimization, the weight αθ undergoes an
update by the following rule to ensure that both targets have
an equal influence on the direction of the objective function’s
optimization.

αθ =
αd

2

2∑
i=1

(∥∥∥∥∂Fd

∂χi

∥∥∥∥/∥∥∥∥∂Fθ

∂χi

∥∥∥∥) (11)

The gradient of Fθ with respect to χi is calculated by:

∂Fθ

∂χi

= −zT
2

∂z1
∂χi

− zT
1

∂z2
∂χi

= −zT
2

∂z1
∂r1

∂r1
∂χi

− zT
1

∂z2
∂r2

∂r2
∂χi

(12)

= zT
2

(
I2 − z1z

T
1

)
∥r1∥

JM
i + (−1)izT

1

(
I2 − z2z2

T
)

∥r2∥
Rr

where z1 = r1/∥r1∥, z2 = r2/∥r2∥, and matrix JM
i ∈ R2×2

is the block of of J (ψ) at the (2i− 1)
th,(2i)th columns and

middle two rows. The gradient of Fd with respect to χi can
be obtained by:

∂Fd

∂χi

=
∂Fd

∂pv
∂pv

∂χi

= (pv − pt)
T (

KT
d +Kd

) ∂pv
∂χi

(13)

=(pv − pt)
T (

KT
d +Kd

) 1

m+ 2

(
I2 +

m∑
j=1

Jj
i

)

where Jj
i ∈ R2×2 is the block of J(ψ) at the (2i−1)th,(2i)th

columns and (2j − 1)th,(2j)th rows. In order to prevent the
steer term from restricting the flexibility of obstacle avoidance,
the steer term Fθ is activated only when the distance error falls
below a specific threshold da, which means the system initiates
a rotation towards the object, aligning itself to face the object
with the open orientation.

d) Target collision penalty term. It is imperative to avoid any
contact between the system and the object while executing the
enveloping task. Similar to the repulsive potential field utilized
in the artificial potential field approach [22], the collision
penalty term is designed as:

Ft[k] =

2∑
i=1

F d
t (χi[k]) +

m∑
j=1

F d
t (qj [k]) (14)

where

F d
t (q) =

 1
2kt

(
1
r0

− 1
∥q−pt∥

)2
∥q− pt∥ < r0

0 else
(15)

in which kt > 0 is the repulsive gain, and r0 is the allowed
minimal distance between the mobile system and the target
object. It is a soft constraint, which is equivalent to the
inequality ∥q − pt∥ ≥ r0. For feature points qj , r0 can be
set as the radius rt of the minimum enclosing circle. For
the end mobile robot χi, considering the radius of the robot,
r0 = rt + re. Besides, the weight αt is designed to be large
enough to ensure that this soft constraint will not be violated.

e) Obstacle avoidance term. The shape of the proposed
system must be taken into consideration as our system cannot
be perceived as a singular entity. The system is estimated to
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Fig. 4. The illustration of the margin between the flexible mobile agent system
and the obstacle, that shows two types of different hyperplanes: (left) the
hyperplane parallel to one side of the polygon conv; (right) the hyperplane
parallel to one side of the obstacle O

be a convex polygon conv = {χ1,q1, · · · ,qm,χ2}. And,
the perceived obstacle information is donated by a point
set O = {oi | i = 1, 2, · · · }, in which oi is the vertex or
the point on the boundary of the obstacle sensed by robots.
Hence, the max-margin method is introduced as a solution to
avoid the obstacle, drawing inspiration from the supporting
vector machine [23]. The following constrained quadratic
programming problem obtains the hyperplanes with the max-
margin between conv and O:

min 1
2∥w∥2,

s.t. zi
(
wTpi + b

)
≥ 1, ∀pi ∈ conv ∪O

(16)

where zi = 1 if pi ∈ conv, otherwise, zi = −1. And w ∈ R2

and b ∈ R are the parameters of the hyperplanes H− and
H+, as shown in Fig. 4. The inequality constraint ensures
that the obstacle and the agent system are positioned on the
opposite side of H− and H+, respectively. The margin d, also
known as the distance between H− and H+, can be calculated
by d = 2

∥w∥ . To maximize d, the optimization target is to
minimize ∥w∥. Then, by the Lagrangian multiplier method,
we can get

L(w,b,λ) =
1

2
∥w∥2 +

∑
pi∈conv∪O

λi

(
1− zi

(
wTpi + b

))
(17)

According to the KKT (Karush-Kuhn-Tucker) condition, the
Hyperplane H− can be represented as∑

pi∈conv∪O

λizip
T
i p+ 1 = 0 (18)

By solving the quadratic programming problem (16), the
hyperplane H− can be obtained in real time. Then, the obstacle
avoidance term is designed as follows:

Fo[k] =
∑

hi∈conv

Fh(hi) (19)

where Fh(hi) =

{
1 + cos

(
π d(hi)

dmin

)
, d(hi) < dmin

0, else
(20)

and with dmin > 0 as the minimum safe margin. And d(hi)
represents the distance between hi and the hyperplane H−,
which is calculated by

d(hi) =
(
wThi + b+ 1

)
/∥w∥ (21)

Fig. 5. Schematic overview of the framework for the transport task

The bump function Fh(hi) is a repulsive potential function
in the artificial potential field used in [24]. This function
specifically ensures that the repulsive potential is active only
when the distance d(hi) is smaller than the safety margin dmin.
Also, to ensure this soft constraint is not violated, the weight
αo needs to be large enough.

Constraints: The constraints (7b) are the limitations of ve-
locity and angular velocity. vi may have a positive or negative
value, indicating forward or backward movement respectively.
ωi also can be negative or positive, indicating a turn to the
left or right, respectively. The constraints (7c) and (7d) make
sure the flexible mobile agent system moves in the rectangular
bounded environment. Inequality (7e) expresses the distance
limits between two agents, which should be neither too close,
causing the collision, nor too far to extend the tube. So, this
range is related to both the length of the tube and the radius
of the mobile robots.

B. Transport Problem Formulation

After finishing enveloping the object, the next stage is
to transport the object to the target receptacle. During this
process, the controlled plant is the whole transport system
instead of the mobile agent. The new algorithm framework
is shown in Fig. 5. The corresponding optimization problem
of this process is constrained by (i) dynamics (1) and (6), (ii)–
(iv) and (vi) from the enveloping problem, and (vii) the new
pulling constraint. The optimal tasks are the distance error and
the control input. This optimization problem is built as

min
u

F̃ =

n∑
k=1

(
α̃uF̃u[k] + α̃dF̃d[k] + α̃oF̃o[k]

)
(22a)

s.t. umin ≤ u[k] ≤ umax (22b)
ψmin ≤ ψ[k] ≤ ψmax (22c)
dmin ≤ ∥χ1 − χ2∥ ≤ dmax (22d)
p̃min ≤ p̃t[k] ≤ p̃max (22e)

ybt [k + 1] ≥ 0 (22f)

where α̃u, α̃d, α̃o are the constant weights of each term.
Different from the enveloping process, this objective function
contains three parts. The control input term F̃u is the same as
(8). The distance error between the transported object p̃t and
the target zone Tz is represented by:

F̃d[k] = (pt[k]− Tz)
T
K̃d (pt[k]− Tz) (23)

where K̃d ∈ R2×2 is the positive definite matrix.
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Fig. 6. (left) The illustration of the margin between the whole transport
system and the obstacle. (right) The body frame of the transport system

As shown in the left subfigure of Fig. 6, considering the
object may occlude the tube in the view of the camera, the
detection of feature points of the tube might be challenging.
Also, due to the pulling force applied, the deformable tube be-
tween the object and the end robot will stretch and morph into
a nearly straight shape. Then, the entire system is considered as
a flexible triangle with the two end-robots and the object being
transported forming the three vertices of it. So, for the obstacle
avoidance term, the feature points qi are replaced by the center
point p̃t of the transposed object, the new convex polygon of
this system is convt = {χ1, p̃t,χ2} and the corresponding
obstacle avoidance term is:

F̃o[k] =
∑

hi∈convt

Fh(hi) (24)

Taking into account the distance between the center point of
the transported object and its boundary, the safety margin dmin
needs to be bigger compared to the enveloping process.

Constraints: The constraints (22b)–(22d) are the same as the
enveloping problem. The constraint (22e) is to make sure that
the transported object also moves in the rectangular bounded
environment. The inequality (22f) expresses the motion con-
straint of the pulling manipulation. The body frame σb is
shown as in the right subfigure of Fig. 6, where the origin
Ob is defined as the center of the transported object p̃t. The
direction of the Xb axis is determined by the two end mobile
robots, which is parallel to the vector χ1 −χ2. The predicted
next step position pb

t [k + 1] of the transported object under
the body frame σb[k] is calculated by

pb
t [k + 1] =

[
cosϕ[k] sinϕ[k]
−sinϕ[k] cosϕ[k]

]
(pt[k + 1]− pt[k]) (25)

where pb
t [k + 1] = [xb

t [k + 1], ybt [k + 1]]T ∈ R2, ϕ[k] is the
angle of the vector χ1 − χ2 in the world frame at the k-th
step and calculated by

ϕ[k] = atan2 (y1[k]− y2[k], x1[k]− x2[k]) (26)

The non-negative constraint of p̃t[k + 1] on Yb[k] direction
implies that the transported object will not move backward,
which ensures the pulling constraint. Through the inequality
(22f), the system can realize the forward pulling and the
rotating in place with the transported object as the center,
which shows the flexibility of our system.

Fig. 7. Details of the experimental platform used to validate the method.

IV. RESULTS

A. Setup

As shown in Fig. 7, we conducted this experimental
study on a bounded rectangular platform with a size of
140 cm×80 cm. The flexible mobile agent system consists of
two Mona robots [25] and one 30 cm-long deformable tube. By
the connected component, the end of the tube is attached to the
end robot but can rotate flexibly, making the shape of the tube
relatively fixed and suitable for transport. The top-view camera
obtains the state feedback information of the flexible mobile
agent system and the manipulated object. To get the shape
information of the tube, we add some red markers evenly on
the tube as the feature points and use the OpenCV libraries to
process the images and track the feature points. The number of
feature points considered the size of the target object to ensure
that the object could not pass between two adjacent feature
points. So, in our experiment, we used three feature points,
that is, m = 3. The receptacle zone is designed as a rectangle
zone at one corner of the platform. The Mona robots’ linear
velocity and angular velocity are regulated wirelessly by a host
PC. In our experiments, the time step of MPC is set as 0.15 s.
The prediction horizon N is 30, and the control step Ns is 4.
The max velocity of the robots is designed as 0.15m/s, and
the max angle velocity is 0.4 rad/s. The activated distance da
of the steer term is set as 0.35m. The distance constraints of
two mobile robots are set as dmin = 12 cm and dmax = 27 cm
to avoid the collision of two agents and the extend of the tube.

We solve the proposed nonlinear constrained optimization
problems (7) and (22) by Interior Point OPTimizer (IPOPT)
solver [26], which is a software library for large-scale nonlin-
ear optimization of continuous systems. Due to the control step
Ns = 4, the predicted control inputs of 5-th step and beyond
can be set as the initial guesses of the next optimization. The
initial values of control inputs without the predicted value
are set to zero. Videos of the experiments can be found at
https://vimeo.com/917007028.

B. Real-World Experiments

1) Experiments without Obstacles: First, the proposed algo-
rithm is evaluated by conducting tests using objects of various
shapes placed at different locations in an environment without
any obstacles. Fig. 8 illustrates the process of envelopment and
transportation of three different cases. The light snapshots are
the states during this process, while the dark snapshots are

https://vimeo.com/917007028
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Fig. 8. Snapshots of three experiments of different objects by our flexible
mobile agent system in the no obstacle situation a–c and the corresponding
quantitative results d–h

each task’s final configuration. The blue rectangle of the top
left corner is the target receptacle. Objects with diverse shapes,
including both convex and nonconvex shapes, are tested to
demonstrate the adaptability of our proposed system.

The quantitative experiment results are also given in Fig. 8
d–h. The superscript “p” presents the corresponding predicted
variable. When the direction error ∥pv − pt∥ and the relative
orientation θ are both close enough to zero, the enveloping
task is finished. In the experiment a, it is clear that the steering
term is activated at around 70 s, and the system starts rotating
to face the object with the “open” side. As shown in Fig. 8 g,
the error

∑m
j ∥qpj −qj∥, that represents the error in predicting

the position of the tube, is most fall in the 6 cm bound, which
is acceptable for our task. The position prediction errors of
the transported object are also depicted in Fig. 8 h, exhibiting
values close to zero and falling within the range of ±3 cm.
Remark. The model errors of the tube and transported objects
can not converge to zero strictly in experiments. The models
are not fixed and are affected by the relative configuration of
the system, which is not strictly quasi-static throughout the
motion process. However, the error of the proposed estimated
model is acceptable in our task.

2) Experiments with Obstacles: To test the performance
of obstacle avoidance, a series of manipulation tasks with
obstacles of different shapes are conducted. Fig. 9 presents
four sets of experimental results. A snake-shaped obstacle
(Fig. 9. a) and a rectangular obstacle (Fig. 9. b–d) are used to
represent the non-convex and convex obstacles, respectively.
To avoid overlapping snapshots, the enveloping and transport
processes of d have been divided into d. 1 and d. 2. The
performed experiments involve obstacle avoidance on the
lateral sides of the two end robots (Fig. 9. a, d) and on the side

of the tube (Fig. 9. b, c) during the enveloping task. Fig. 9. c, d
also shows the avoidance of obstacles during the transportation
process. As shown in Fig. 9. e–f, two optimization targets
of the enveloping problem, the distance error ∥pv − pt∥ and
the relative orientation θ, have both converged to zero. Also,
the transported objects are positioned within the designated
area with permissible deviations. In conclusion, our system
has completed the task of envelopment and transport with
obstacles of varying shapes and target objects positioned
differently.

Fig. 9. Snapshots of experiments of the proposed method applied in different
obstacle situations a–d and the corresponding quantitative results e–g.

Remark. The chattering of the two mobile robots is mainly
due to measurement errors, such as position or orientation,
and inaccurate predictive models. Using mobile robots with
stepping motors such as e-puck2 and an optical motion capture
system of location may help to improve performance.

Remark. Our framework has the potential to be applied to
multiple object manipulations. This is possible if the object
clusters can be enclosed within a disk that adheres to the size
constraint (4) for the enveloping task and if the geometric
center of these object clusters can be continuously detected in
real-time throughout the transportation process. A brief related
experiment can also be found in the above video link.

3) Comparison: For obstacle avoidance during the envelop-
ing process, the comparison of our maximum margin method
and the classic Artificial Potential Field (APF) is conducted,
and the results are given in Table I and Table II of Fig. 10. In
APF, the repulsive potential fields in [27] of each feature point
qj and the two agent robots χi are considered and added to
the objective function (7a). The comparison experiments are
conducted using rectangular obstacles of varying sizes, made
up of different numbers of cubes. The two methods use the
same state feedback and the same safe margin. Failure cases
of APF in Fig. 10 show that the two ends of the tube tend
to extend in different directions when sensing the obstacles.
It is primarily due to the conflicting repulsive potential fields
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Fig. 10. Comparison of our proposed obstacle avoidance method and APF
under different size obstacles. In the failure cases, the light snapshots are the
initial position of our system.

that exist within different components of the system with a
linear shape. In contrast, our proposed approach exactly avoids
this potential hazard. Moreover, the computation time required
to solve the optimization problem (7) once, resulting in the
determination of the subsequent control inputs for the next four
steps, is presented in TABLE II. Ours has shorter computation
times, which is more significant when dealing with a system
with more feature points.
Remark. Infeasibility problems may occur in optimization-
based frameworks. The constraints in our frameworks are
mainly physical limitations that can not be relaxed. Consid-
ering that the weights of the terms in the objective function
reflect the relative priorities of the multiple objectives, tem-
porarily removing them with lower weight may help identify
a feasible solution for an infeasible optimization problem.

V. CONCLUSION

In this paper, the problem of nonprehensile object manipu-
lation by the proposed flexible mobile agent system has been
addressed. The proposed system consists of two mobile end
robots linked by a deformable tube, which shows the potential
for object manipulation by the deformable material. The
corresponding local planning and control frameworks of the
proposed new system for object enveloping and transport are
presented and successfully tested with real experiments. The
position and orientation requirements and obstacle avoidance,
nonprehensile manipulation are all formulated and integrated
into the optimization problem.

Our work shows the possibilities and challenges associated
with nonprehensile manipulation using the combination of
deformable materials and mobile robots. In future work, to
utilize this system’s flexibility, the path planning algorithm
considered nonholonomic properties will be further developed,
which can effectively handle complex or crowded scenarios
and manipulate multiple objects.
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