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Abstract— Manipulating deformable objects arises in
daily life and numerous applications. Despite phenomenal
advances in industrial robotics, manipulation of deformable
objects remains mostly a manual task. This is because of
the high number of internal degrees of freedom and the
complexity of predicting its motion. In this paper, we apply the
computationally efficient position-based dynamics method to
predict object motion and distance to obstacles. This distance
is incorporated in a control barrier function for the resolved
motion kinematic control for one or more robots to adjust their
motion to avoid colliding with the obstacles. The controller has
been applied in simulations to 1D and 2D deformable objects
with varying numbers of assistant agents, demonstrating
its versatility across different object types and multi-agent
systems. Results indicate the feasibility of real-time collision
avoidance through deformable object simulation, minimizing
path tracking error while maintaining a predefined minimum
distance from obstacles and preventing overstretching of the
deformable object. The implementation is performed in ROS,
allowing ready portability to different applications.

I. INTRODUCTION

Imagine the effort it takes to pour granular materials from
a sack into a hopper, place a sticky composite sheet onto a
mandrel without wrinkles, or construct a tent using flexible
poles (as shown in Fig. 1). These are all tasks that require the
manipulation of deformable objects. They become manage-
able, or feasible, when multiple arms collaboratively perform
the task. The desire to improve human ergonomics and
increase efficiency motivates the exploration of using robots
to assist in deformable object manipulation (DOM). DOM is
beyond the capability of traditional industrial robots as the
flexible dynamics of the load is difficult to characterize and
predict, and cannot be directly controlled by the robot [1].

Consider the manipulation of deformable objects by a
group of agents, categorized as assistants and a single lead.
The goal is for the assistants to follow the leader close to
a desired configuration without touching the environment or
overstretching the object. This scenario occurs in composite
layup where the lead agent focuses on pressing the fabric
securely onto the mandrel and removing wrinkles, and the
assistant agents hold up the free portion of the fabric to steer
free from the mandrel while keeping the fabric sufficiently
lax to avoid impeding lead agent’s action. The challenge for
the assistant agents is to predict the shape of the deformable
load while reacting to the lead agent’s motion so they can
adjust their own motion to satisfy the task requirement.
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Fig. 1: Example deformable material handling tasks.

This paper applies position-based dynamics (PBD), an
efficient simulation tool of flexible dynamics commonly
used in graphics. The nearest distance of the deformable
object to the environment is incorporated into a control
barrier function (CBF). PBD is also used to generate the
numerical gradient of the distance function needed in CBF.
The collision avoidance CBF combined with the stretch-
constraint CBF is used in the quadratic-programming (QP)
based resolved motion control for the assistant robots to
follow the lead agent while observing the CBF constraints.

DOM using multiple robot arms has been considered
in [2], but the focus is more on maintaining tension than
collision avoidance. CBF has been used in DOM [3], but
more as a planning tool than real-time control. Our approach
combines an efficient graphic simulation engine with multi-
agent CBF control into a novel, unified control framework to
ensure operation safety and lead following in DOM. PBD and
CBF-based robot control are implemented as ROS packages
to facilitate translation to practice.

II. RELATED WORK

A. Position Based Dynamics

There are multiple approaches to deformable object mod-
eling in the literature, including mass-spring systems (MSS),
position-based dynamics (PBD), and finite-element methods
(FEM) [4]. All these methods have deficiencies: MSS is
inaccurate for large deformations and unstable, PBD lacks
physical interpretability, and FEM is computationally ex-
pensive. The As-Rigid-As-Possible (ARAP) method [5] is
suitable for elastically deforming objects but less so for
highly deformable objects like ropes or fabric [6]–[10].

An important limitation of PBD, iteration-dependent stiff-
ness, was addressed in the extended version, XPBD [11],
making it more suitable for robotic DOM [12]–[17]. How-
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ever, these studies only employed PBD/XPBD without the
small substep updates introduced in [18], which further
improve convergence and stability.

The incorporation of the Cosserat rod model into PBD
for physically accurate simulation of deformable 1D (linear)
objects was proposed in [19], but it increases computational
complexity compared to fabric simulation with PBD [20]. A
unifying zero-stretch, bending, and twisting constraint and a
direct solver for acyclic simulations were proposed in [21].
Although this approach is more accurate, the direct solver
cannot be used for applications that require simulating a lin-
ear object held at multiple points. Replacing the direct solver
with the standard PBD Gauss-Seidel updates enables cyclic
applications, albeit at the cost of slower convergence com-
pared to simplified methods. Our implementation leverages
the unifying constraint from [21] for linear objects and in-
corporates small substep updates for accurate and faster con-
vergence in simulations of a broad set of deformable objects.

B. Control Barrier Functions

CBFs are essential for enforcing safety constraints in
robotic systems, facilitating collision avoidance and safe
navigation [22]–[27]. They modify the control input as
necessary to ensure the system remains in a safe state. This
is particularly crucial for DOM, which involves challenges
related to maintaining object integrity and avoiding collisions
due to the high degrees of freedom and unpredictable motion
of deformable objects.

Recent works [3], [28] utilize CBFs for multi-agent robotic
DOM tasks. However, these implicitly consider the object
state by using geometric shapes as constraints for the sim-
ulated object or focus only on robot-robot interactions, as
opposed to human-robot interactions. A recent study used
a bounding box structure to abstract the state of fabric and
prevent collisions with obstacles, but this method requires a
model identification process in addition to the object simula-
tion [29]. Therefore, using CBFs for DOM is challenging due
to the dynamic geometry of the object and the dual need to
prevent overstretching while avoiding collisions. Our work
explicitly considers the deformable object state using real-
time efficient object simulations to predict action effects and
avoid potential collisions.

III. PROBLEM STATEMENT

Consider two types of agents in R3 space: assistants
(pf ) and a leader (pl). Each assistant, viewed as a
velocity-controlled robot end-effector, operates on the input
u = ṗf ∈ R3. The leader, either hand-held or teleoperated
via a robotic gripper by a human, is considered a measurable
exogenous input. The predominant goal for each controllable
agent is to synchronize with a target pose in real-time,
which is determined by the leader’s current pose. This target
position is articulated as pt = pl + pr0 ∈ R3. The assistant
agent aims to preserve its relative pose pr = pf − pl, such
that it remains congruent with the initial relative pose pr0 at
the reference time t = 0. The efficiency of this synchronous

leader-following operation can be quantified by the error:

e = pt − pf . (1)

From a safety perspective, the operation must be executed
such that it avoids any collisions between the object and the
environment. Simultaneously, it should avoid overstretching
and maintain a safe distance between the agents. We assume
the leader’s current position is known to all assistants. Detec-
tion mechanisms include human-body tracking sensors when
the object is directly manipulated by a human, or a fusion of
position-tracking systems and end-effector kinematics during
robot-assisted teleoperations.

IV. PBD BASED MODELING OF DEFORMABLE OBJECTS

Deformable objects, such as 1D ropes or 2D cloths, are
modeled as a spatial discretization of N particles. For 2D
objects, particles are located at the vertices of a triangulated
mesh structure, while 1D objects, with length L, are repre-
sented as a sequence of particles [21], discretized into N
line segments of length li = L/N, i ∈ {1, 2, . . . , N}. The
state of a deformable object x ∈ R3N is represented by the
3D locations of these particles or the center positions of the
line segments. Due to discretization, the holding point of an
agent corresponds to a single particle position; therefore, for
any agent, xi = pi, where i is the particle id and also the
agent’s identity.

Our PBD implementation, detailed in Algorithm 1, in-
corporates small substeps [18] updates for all object types
and utilizes a unifying zero-stretch bending twisting [21]
constraint for 1D objects, while employing stretch and bend-
ing constraint solvers for 2D objects. The implementation is
available publicly1, and its constraint solvers enable simu-
lation of behaviors for objects with varying material prop-
erties by adjusting stiffness parameters. For 1D objects, we

1https://github.com/burakaksoy/deformable_manipulations

Algorithm 1: Small Substep XPBD Simulations
while simulating do

for numSteps (usually = 1) do
h← ∆t/numSubsteps
for numSubsteps do

for each body/particle do
xprev ← x
v ← v + hfext/m
x← x + hv
qprev ← q
ω ← ω + hI−1(τext − (ω × (Iω)))
q← q + h 1

2 [ωx, ωy, ωz, 0]q
q← q/|q|

if Obj is 2D then
solveStretchConstraints(Obj)
solveBendingConstraints(Obj)

if Obj is 1D then
solveStretchBendingTwistingConstraints(Obj)

for each body/particle do
v ← (x− xprev)/h

∆q← qq−1
prev

ω ← 2[∆qx,∆qy,∆qz ]/h
ω ← ∆qw ≥ 0 ? ω : −ω
addDamping() (optional)
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specify Young’s modulus, torsion modulus, and zero-stretch
stiffness. For 2D objects, we specify stretching and bending
compliance parameters. Although not directly analogous to
real physical parameters for 2D sheet-like objects, these pa-
rameters provide a way to achieve visual correspondence and
accurate stretching force feedback readings. Even though 2D
objects are simulated using two constraint-solving processes,
they are inherently less complex to simulate than 1D objects.
This is because 1D objects are simulated using rigid body
segments, which incorporate rotational dynamics, whereas
2D objects are simulated using only positional calculations
on point mass particles. We consider the quasi-static state of
the objects, and the optional addDamping operation in the
algorithm allows us to quickly absorb oscillatory behaviors.

V. CONTROLLER DESIGN

A. Nominal Controller

The control actions must steer the robot to the target pose,
reducing the error in (1) to zero. We propose the following
nominal controller for each controllable agent i:

unom,i = kpei = kp(pr0,i + xl − xi), (2)

where kp is a positive control gain.

B. Control Barrier Functions

The nominal controller unom is responsible for primary
task execution but does not account for critical safety
considerations, such as collision avoidance with the
obstacles, preventing overstretching of the transported
object, and regulating the proximity between agents.
Addressing these concerns is essential to ensure the system
operates effectively and safely. To complement the nominal
controller’s output, we propose incorporating CBFs. These
mathematical constructs are chosen for their robustness
and flexibility [3], making them particularly well-suited for
imposing safety requirements on our system. Their applica-
tion ensures that key performance objectives are maintained
while simultaneously preserving essential safety properties.

1) Collision Avoidance: We propose the following CBF
for collision avoidance:

hcoll(x) = f(x)− doffset, (3)

where doffset ∈ R is a user-defined offset distance from the
surface, and f is assumed to be a locally Lipschitz continu-
ous function representing the minimum distance between the
object and the environment. The time derivative of (3) is

ḣcoll(x,u) =
∂h

∂x
ẋ = ∇f(x)g(x,u), (4)

where g defines the system dynamics as ẋ = g(x,u). For the
validity of (3) as a CBF, we need ∇f(x) ̸= 0 when hcoll = 0,
meaning that a state change in at least one of the particles of
the object must result in a variation in the minimum distance
to the obstacle when the current minimum distance is doffset.
With this assumption and by the definition of CBF [23], the
constraint for collision avoidance is derived as

∇f(x)g(x,u) ≥ −αcoll(h
coll(x)), (5)

where α(h(x)) is an extended class K∞ function.
Calculating the closed-form expression for ∇f(x)g(x,u)

is complex due to the nonlinear nature of the deformable
object. To address this, we define the Jacobian Jcoll(x) =
[Jx, Jy, Jz] ∈ R1×3 to approximate:

∇f(x)g(x,u) ≈ Jcoll(x)u, (6)

and numerically calculate its values by using the multiple
PBD simulations of the object in real-time. This finite dif-
ference approximation allows us to deduce a linear constraint
for collision avoidance as

[Jx, Jy, Jz]u ≥ −αcoll(h
coll(x)). (7)

This method not only simplifies the problem but also ensures
robust and real-time applicability in our system.

2) Overstretching Avoidance: Yet minimally invasive over
the nominal controller, the collision avoidance system may
separate two agents beyond the deformation limit of the
carried object. We define the following CBF to avoid over-
stretching the object as a restriction on the maximum distance
between the agent held points i and j (i ̸= j):

hstretch
ij (x) = dmax

ij − ∥Lijx∥, (8)

where dmax
ij ∈ R is a user-defined maximum distance be-

tween agents, and Lij := [0, . . . ,−I3,0, . . . , I3,0, . . .]
⊤ ∈

R3×3N , is a selection matrix with zeros except the ith and
the jth elements which are identity matrices −I3 and I3
respectively2. The time derivative of candidate CBF (8) is

ḣstretch
ij (x,u) =

−(Lijx)
⊤

∥Lijx∥
Lijg(x,u) = −aij(ẋj − ẋi),

(9)
where (Lijx)

⊤

∥Lijx∥ is denoted as aij which is corresponding to
the unit direction vector from particle i to j.

Note that, for controllable agent i, ẋi is the control input
ui, and the velocity of agent j (ẋj), can be estimated by
tracking its position updates. Therefore, the constraint for
overstretching avoidance is derived as:

aij(ui − ẋj) ≥ −αstretch(h
stretch
ij (x)). (10)

3) Proximity Avoidance: To guarantee the safety of the
agents, we impose a minimum distance condition between
them. We define the following CBF to prevent getting too
close of two agent held points i and j (i ̸= j):

hprox
ij (x) = ∥Lijx∥ − dmin

ij , (11)

where dmin
ij ∈ R is user-defined minimum distance between

agents. The constraint derivation is similar to the one in
overstretching avoidance and for controllable agent i it is
obtained as:

− aij(ui − ẋj) ≥ −αprox(h
prox
ij (x)). (12)

2Therefore, Lijx = xj − xi gives the position vector from particle i to
particle j of the object.
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C. QP Based Controller

We combine the previous constraints into a quadratic-
programming (QP) based controller, which outputs the safe
control input ui for the manipulator:

Given unom,i, d
min
ij , dmax

ij ,

min
ui

1

2
∥γ(ui − unom,i)∥22 ,

s.t.: J(x)ui ≥ −αcoll(hcoll(x)),

aijui ≥ −αstretch(h
stretch
ij (x)) + aijẋj ,

− aijui ≥ −αprox(h
prox
ij (x))− aijẋj ,

− ∥ui∥∞ ≥ −umax.

(13)

where γ is a scaling factor to adjust the weights between axes
and umax specifies the maximum velocity. This controller
computes the closest control input to the nominal controller
for agent i that satisfies the collision and safety constraints.

VI. SOFTWARE ARCHITECTURE

The software architecture of the proposed method, imple-
mented in ROS, is shown in Fig. 2. It includes nodes within
the computer of agent i (blue background) and globally
accessible nodes, topics, and parameters (white background).
The architecture comprises Pose Perturbation, PBD Sim-
ulators, Minimum Distance Calculators, and Safe Velocity
Controller nodes.

The PBD-based simulation node estimates the actual ob-
ject state and predicts the object state post-agent actions to
approximate Jacobians in collision avoidance formulations.
This necessitates 3N + 1 simultaneous simulations, where
N is the number of agents. For real-time efficiency, sim-
ulations are implemented in C++ using Algorithm 1. The
calculated object states are then used to compute minimum
distances to obstacles by utilizing available environmental
obstacle data, employing the Discregrid [30] library for
Signed Distance Field calculations and an implementation
of Bounding Volume Hierarchies for efficient 3D search.
Subsequently, the velocity controller node, implemented as
a Python node, subscribes to the minimum distances and
implements the method described in Section V to produce
the agent’s velocity command. α(h(x)) function is selected
as a piecewise linear function. Action outcomes of the agents
are visualized using RViz, detailed in Section VII.

Fig. 2: Software architecture of the proposed method.

VII. SIMULATION RESULTS

The proposed approach was evaluated through simulations
of 1D (linear) objects (rope-like and stiff rod) and a 2D fabric
object, with single, double, and triple assistant agents, to
assess multi-agent applicability across four specific scenarios
(A supplementary video detailing manipulation scenarios is
available online3):

1) Rope-like object with a single assistant agent (Fig. 3),
2) Stiff rod object with a single assistant agent (Fig. 4),
3) Rope-like object with two assistant agents (Fig. 7),
4) Fabric object with three assistant agents (Fig. 8).

In all experiments, the agents functioned as velocity-
controlled robots interacting with designated particles. The
primary objective of each controller was to minimize the
error in (1), while maintaining safety via CBFs. The initial
positions of the manipulated objects and the trajectory of
the leader were deliberately chosen such that, without the
QP controller in (13), the object would inevitably collide
with obstacles. doffset was set to 0.05 m for 1D objects and
0.1 m for the 2D fabric object. Perturbations ∆x = ∆y =
∆z = 0.1 m were selected for each agent to simulate and
predict the impact of their action inputs. Although smaller
perturbation amounts may seem intuitively better for precise
Jacobian estimation, overly small perturbations can, in fact,
compromise the effectiveness of the Jacobian estimation
due to the deformable object’s discretization.

Fig. 3: Overlaid snapshots of rope-like object with a single assistant
simulation at (t = 30, 60, 130, 160 s). The assistant aims to maintain its
initial relative position to the leader, indicated by the arrow, while ensuring
object safety and preventing collisions with the grey ground.

Fig. 4: Overlaid snapshots of stiff rod object with single assistant
simulation at (t = 30, 60, 120, 150 s).
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(a) Rope-like Object Single Assistant (b) Stiff Rod Object Single Assistant

Fig. 5: Data plot of the controllers in the single assistant agent simulations.

(a) Controller of Particle 22 (b) Controller of Particle 44

Fig. 6: Data plots of rope-like object with two assistants simulation.
The controllers are identified by the ID number of the particle they grasp.
‘Distance-to-close-proximity’ measurements between agents are omitted,
as agents were consistently observed at safe distances from each other
throughout the experiment.

A. Single Assistant Agent Scenarios

The scenarios with a single assistant agent served as an
initial evaluation of the proposed method’s efficacy on linear
objects of varying stiffness (rope-like and stiff-rod) in a 2D
environment. In Fig. 3, we illustrated not only the particle
traces but also the perturbed simulations of the controlled
particle with green and blue curves. These curves represent
the object’s estimated state if the particle had moved by
∆y and ∆z in the +y and +z directions, respectively. We
also depicted the corresponding minimum distances with
line segments from the obstacle surface to the deformable
object. Fig. 5a illustrates how the controller prioritizes safety
parameters over nominal tracking behavior based on the
distances. Successful tracking was observed in the initial and
final 30 seconds of the simulation. However, as the obstacle
approached the doffset values from the surface, the tracking
performance deteriorated. Brief violations of these offsets
occurred due to system and feedback delays, as well as
the fast system dynamics relative to the robot’s maximum
allowed speeds. For example, in the rope-like object with
single assistant agent simulation at t = 42 s, the minimum
distance briefly dropped to 0.031 m due to the leader’s rapid
movement towards the obstacle. The velocity-constrained
controller could not instantly compensate for this reduction
in distance. This phenomenon was consistent across all sce-
narios. However, a slower leader movement eliminated such
violations, underscoring the necessity of setting an offset
value greater than zero for collision avoidance and other
CBFs to prevent the system from entering undesirable states.

3https://youtu.be/UDP4k-CMDKE

B. Multiple Assistant Agent Scenarios

To demonstrate multiple agent applicability, we tested the
rope-like object with two assistant agents. Each agent’s sep-
arate controller process achieved collaborative manipulation
and safety, using only their simulation world observations
without internal data sharing. A key limitation arises when
multiple agents are involved: there are instances when
perturbations on some agents do not impact the minimum
distance to the obstacle because other agents restrict
their global control capability on the object by holding it
independently. This stems from violating the ∇f(x) ̸= 0
requirement for CBF validity, detailed in Section V-B.

In a more challenging scenario, we examined the
manipulation of a fabric object by three assistant agents
(Fig. 8). This scenario not only increased the number of
agents to three but also extended the demonstration to 3D,
involving a 2D fabric object space. While previous scenarios
primarily underscored obstacle avoidance capabilities, they
did not illustrate cases where multiple constraints approached
to violation. This scenario was meticulously crafted to set
the overstretching avoidance distance intentionally close
to violation, alongside the obstacle avoidance constraint
during motion. The plots in Fig. 9 depict this behavior. As
the minimum distance neared the specified offset of 0.1 m,
the obstacle avoidance behavior rapidly reduced the margin
for artificially tight overstretching offsets towards 0.0 m,
leading to the onset of high-frequency, small-amplitude
oscillations in the controllers’ distance readings. These
oscillations primarily stemmed from system delays, as each
controller relied on its observations of other agents’ actions,
and this information reached the controller nodes with
minor delays. These oscillations persisted until the object
regained a safe distance, resulting in minor violations of
the offset values during motion. Nevertheless, the proposed
method successfully ensured the safe object manipulation.

Overall, the tested scenarios underscore the efficacy of the
proposed method, where error minimization functioned as a
soft constraint. The application of CBFs ensured operational
safety by preventing collisions with obstacles and maintain-
ing the structural integrity of the deformable object, as agents
did not surpass the predefined maximum distance. Error
values converged to zero when the leader was stationary at a
safe distance from obstacles, with only minor tracking errors
observed during leader movement due to slight system delays
and the feedback-based nature of the nominal controller.

While not shown in simulations, the success of our method
heavily relies on the differentiability assumptions discussed
in Section V. Particularly in complex obstacle environments,
similar minimum distances to multiple points can lead to
oscillatory behavior as the controller produces conflicting
agent commands. A potential solution involves the controller
monitoring previous minimum distance points to recognize
these situations. Expanding the number of barrier functions
to account for all minimum distances simultaneously could
provide an escape from such stuck states, offering a recovery
mechanism with a small memory trade-off. Although our
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Fig. 7: (Left to right) Snapshots of rope-like object with two assistants simulation at (t = 20, 40, 120, 140 s).

Fig. 8: Snapshots of fabric object with three assistants simulation at (t = 100, 300, 750, 900 s).(Top: Perspective; Bottom: YZ Projection)

(a) Controller of Particle 14 (b) Controller of Particle 210

(c) Controller of Particle 224

Fig. 9: Data plots of fabric object with three assistants simulation.

approach uses a local controller, addressing more complex
challenges may require shifting to global planning methods.

Execution times on a laptop (Intel i9-10885H, Nvidia
GTX 1650 Ti Max-Q) are provided in Table I. Despite the
increased number of QP solvers, execution times remained
below 10 ms, affirming the suitability for real-time appli-
cations. As explained in Section IV, the PBD modeling of
1D objects is slower compared to 2D objects, but this did
not significantly impact real-time application suitability. The

sophisticated 3D distance calculation method mentioned in
Section VI with C++ implementation, mitigates potential
performance bottlenecks in minimum distance calculations
for both 2D and 3D application spaces.

Object Type Num. of Sim. Obstacle Min. Dist. QP
& Number Particles/ Iter. Verts./ Calculation Solver
of Robots. Segments (ms) Faces (ms) (ms)

1D - 1 Rob. 28 1.5 86 0.3 8.2
1D - 2 Rob. 45 2.0 86 0.4 9.0
2D - 3 Rob. 225 0.2 12 0.4 9.1

TABLE I: Average execution times of ROS nodes in milliseconds

VIII. CONCLUSION
This study proposed a novel approach for real-time manip-

ulation of deformable objects using multiple robot agents, ad-
dressing a critical requirement in both industrial and domes-
tic applications. Our approach, integrating CBFs, PBD sim-
ulations, and ROS, successfully ensured operational safety,
minimized tracking error, and provided a versatile solution
for controlling various deformable objects, as demonstrated
in the simulations. While assuming static obstacles and
neglecting holding point orientations, initial real-world trials
show promise, as evidenced in the supplementary video for
a single assistant agent scenario. Future work will focus
on expanding these trials to more complex scenarios and
additional physical agents. Ultimately, this study marks a
significant step towards towards practical applications, en-
hancing efficiency and safety in human-robot collaboration
and deformable object manipulation.
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