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A Robot-Object Unified Modeling Method for
Deformable Object Manipulation in
Constrained Environments

Hao Deng
and Zeyang Xia

Abstract—Deformable object manipulation (DOM) holds
significant importance in a variety of robotic applications.
However, due to the absence of computationally efficient
and accurate models, manipulating such objects remains a
challenge. This complexity arises from the intricate laws of
deformation and the high dimensionality of shape states.
While prevailing solutions address DOM primarily using
explicit servo-control methods in a model-free manner for
task-specific local shape attainment, these methods falter
when confronting more complicated tasks that demand
global model-based planning. In response, we present a
unified modeling method for DOM planning within con-
strained environments. Our approach integrates manipulat-
ing motions, object shapes, and environmental constraints
into a singular physics-based deformation model, ensur-
ing accurate computation of a unified robot-object state at
each computational phase. By harnessing the alternating
direction method of multipliers-based parallel numerical
recipe with a learning-based sim2real parameter estimation
strategy, we achieve superior computational efficiency and
modeling accuracy. The detailed numerical evaluations and
sim-to-real experiments show that our model outperforms
the existing methods on DOM tasks with an updating rate
>25 FPS and a relative deformation error <10%. Further-
more, we demonstrate the practical utility of our model in
planning a global manipulation task.
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[. INTRODUCTION

EFORMABLE object manipulation (DOM) has given rise
D to an emerging set of robotic applications in recent years
[1]. Notable examples include cable or tube routing in industries
[2], [3], [4], soft tissue handling in surgical procedures [5], [6],
[7], and the preparation of metal appliances in biomechanics [8].

Using the typical DOM task illustrated in Fig. 1 as an example,
itis evident that the general objective of a DOM task is to achieve
a specific spatial distribution or to mold the object into a desired
morphological shape. This endeavor can be abstracted into an
object manipulation and control problem in an obstacle space, as
shown in Fig. 2. Here, the object’s shape is both the objective of
planning and a constraint for the robot(s). Therefore, a key aspect
of addressing this problem is to predict the shape outcomes from
potential robot actions.

Existing solutions for DOM can be categorized based on how
object shape outcomes are sourced: from online observation or
offline theoretical analysis. These categories are: 1) backward
online visual servo control and 2) forward offline model-based
planning.

The first category simplified the approach by sidestepping
the complexity of the underlying physical laws. Solutions here
intuitively extract shape features from specific points of interest
within the object using external sensors. Based on these data,
they determine how the robot(s) should move the object in order
to converge to a desired shape, adhering to a predefined explicit
control policy [11], [12], [13], [14], [15], [16]. However, these
visual servoing methods operate on a “look and move” pattern,
which makes it challenging to predict whether the desired shape
is attainable due to the absence of global constraint informa-
tion. As a result, this first category of solutions is suitable for
local shape control in unobstructed space but struggles in more
complicated scenarios, like those with obstacles, as illustrated
in Fig. 2.

By contrast, solutions in the second category advocate the
necessity of global planning. Such strategies account for un-
foreseen stationary obstacles, formulating global offline models
that prioritize high autonomy and complete collision-free tra-
jectories. However, global planning, especially when involving
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Fig. 1. lllustration of a typical type of DOM task. (a) Cable routing in
aircraft manufacturing [9]. (b) Cable routing between docking adapters
[10].
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Fig. 2. General purpose of typical DOM tasks: An object manipulation
and control problem in an obstacle space.

the use of search-based planners, mandates a forward prediction
model. At present, constructing such models, particularly when
they include deformable objects, remains a formidable challenge
[17]. In light of this, our present article concentrates on resolving
the fundamental modeling problem in DOM.

When a robot interacts with a deformable object, its actions
both move the object and change its shape. In contrast to the
6-DOF motion of a rigid body in SE(3), the geometry of the
deformable object occupies a continuously dynamic space, the
calculation of which depends on its critical material compo-
sition, referred to as the deformation calculation. From the
technical aspect of DOM, three primary challenges emerge
when constructing a global offline model: 1) the totally differ-
ent continuous geometry and the more complicated underlying
physics of deformation; 2) the disparity between simulations
and real-world applications (sim2real); and 3) the high degrees
of freedom (DoF).

To address the first challenge, extensive research spanning
from mechanical engineering to computer graphics (CG) has
been undertaken. The finite element method (FEM), widely
employed in mechanical engineering, shows its advantage in
high physical fidelity. However, the accuracy of a classic FEM
is computationally expensive [14]. There have been studies
[18], [19] on computational acceleration, while there is still a
significant delay of several orders of magnitude. CG character
animation solutions adopt considerably simplified underlying
laws, such as the mass-spring-systems (MSSs) [21], the position-
based-dynamics (PBD) [22], and the projective dynamics (PD)
[23]. However, most CG methods have a clear limitation: they
yield scenes that are visually plausible but not physically ac-
curate. Even though the PD method attempted to introduce
extra physics-based constraints implicitly, its high efficiency will
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easily be lost in our DOM scenarios due to a dynamic constraint
from the robot. Given how a robot interacts with a deformable
object, it is crucial that deformation calculations respond almost
instantaneously to robotic operation while maintaining a rea-
sonable accuracy level. To date, there have been few reports on
models that combine both rigid robots and deformable objects
in one unified world.

Acquiring accurate physical parameters for real-world ap-
plications can be elusive, often necessitating additional tuning
efforts to decrease the sim2real mismatches. Two main strategies
have been proposed in the literature to bridge the gap. The first
is an online correction strategy, which uses the measured shape
data to rectify cumulative errors [24], [25]. This method allows
for direct adjustments to particles of interest within the object
according to the more accurate online tracking data. However,
its applicability is limited when transitioning to new DOM tasks
because the model parameters remain static. The other strategy
uses a learning-based approach for parameter identification.
Online measurement data are fed into a learning-based agent,
which then estimates any uncertainties or property mismatches.
The updated model with tuning parameters can then cater to a
broader range of scenarios. However, given the challenges previ-
ously discussed, efficient data collection for training—whether
from simulations or physical robot interactions—remains an
impediment. The training process for these agents can, thus,
be tedious, hindered by the scarcity of accessible DOM dataset
[24].

Even if both of the above challenges are surmounted, the
model established is not readily applicable for DOM task plan-
ning. The object’s state derived from the deformation model
can encompass DoFs as high as the tens of thousands, and such
extensive DoFs inevitably lead to the “curse of dimensionality”
for motion planers [26]. Regarding this challenge, the study in
[17], [27], and [28] purposed a reduced state representation.
Yet, the conundrum of balancing calculation accuracy, compu-
tational efficiency, and MOR DoF-state output remains an open
question.

In summary, a forward model-based prediction with global
planning offers a distinct edge in DOM tasks, especially in con-
strained environments. However, constructing a global model
that encompasses deformable objects is still challenging. This
difficulty has led to a distinct divide between the description and
modeling of rigid robots and deformable objects. We witness that
many practical DOM tasks are still directly performed manually
on a physical system or through a repetitive trial-and-error
pattern.

Therefore, we introduce a unified modeling framework for
both rigid and deformable entities in this article. Within this
structure, robot actions, object states, and environmental con-
straints are all integrated into a singular physical model, facilitat-
ing the computation of unified robot-object states. Building upon
this unified model, a global searching-based offline planning can
be performed for general DOM tasks. Our purposed framework
is substantiated through rigorous numerical and sim-to-real ex-
periments.

The principal advancements offered by our research are as
follows.
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Fig. 3. Overall framework with our purposed unified modeling method for DOM. A general DOM task can be accomplished via conducting a global

model-based planning to generate valid trajectory and further sending to robot control for execution. Here, for better illustration, we use a cuboid

object as an example.

1) Introduction of a general framework for concurrently de-
scribing the states of rigid robots and deformable objects.
Within this framework, we propose a hyper-FE-based rep-
resentation for the deformable component. This approach
ensures both accurate state calculation and the MOR of
the resulting state, laying the groundwork for subsequent
planning.

2) Deployment of a parallel numerical approach, termed the
alternating direction method of multipliers (ADMM)-PD,
which leverages implicit underlying physics to resolve the
dynamic model both efficiently and accurately.

3) Development of a parameter estimation strategy to mini-
mize any model-reality mismatch.

The rest of this article is organized as follows. Section II
delves into the overall framework we have advanced for global
model-based planning as well as its mathematical preliminar-
ies. Section IIT depicts the three main modules of our unified
modeling method: a hyper-FE model representation, a parallel
numerical recipe, and a learning-based parameter estimation
strategy. Performance validations are demonstrated in Section
IV, followed by selected practical case study in Section V.
Finally, Section VI concludes this article.

Il. FRAMEWORK AND PRELIMINARIES
A. General Framework of Global Model-Based Planning

In this article, we tackle a general DOM task to obtain
a deterministic model for planning. As illustrated in Fig. 3,
the model-based planning is incorporated into unified robot-
object state prediction in an offline phase. The term “unified”
specifically refers to a model containing the robot, deformation
object, and all environmental constraints synchronously. For a
deformable object, we aim to build a three-layer hyper-FE model
(block A in Fig. 3) from the initial CAD data and necessary
material properties. Then the hyper-FE model will be used in a
physics-based model (block B in Fig. 3) to compute deformation.
After that, we also conduct a parameter estimation (block C in
Fig. 3) for a new object in an online phase. In this phase, the
error between the offline computation and online tracking shape
is fed to a neural network for parameter estimation.

B. Mathematical Expressions of Unified Modeling

For generalization and simplicity, we select the DOM, where
a dual-arm robot manipulates an object with a known obstacle.

\*‘ ]

grasped segments collision segments ' free deformed segments

Fig. 4. Description of a DOM task: A dual-arm robot manipulates
object with a known obstacle.
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Fig. 5. Unified rigid-deformable object modeling strategy in which two
different mechanisms are coupled through mutual interactions.

Consider that a deformable object is physically grasped by a
dual-arm-manipulator at ends and interacts with an arbitrary
obstacle in a region contact manner, as illustrated in Fig. 4. Here,
we use a cuboid object as an example, and note that the DOM
can be extended to multirobots with more obstacles.

During the entire manipulation process, contact regions are
grasped rigidly and the obstacle is known. Let a manipulating
motion Ax be defined as a sequence of each end-effector
transition poses {dx} in SE(3), and AS represents the shape
change of the object from its initial state Sy to a desired state
&1, respectively. A general DOM task can be described as

Az = {§z} & AS =8y — S|. (1)

To couple the rigid mechanism on the left side of (1) and the
deformable mechanism on the right side of (1) in a unified
description world, we then proposed a unified rigid-deformable
object modeling strategy as illustrated in Fig. 5. In which, two
different dynamic models are constructed for the rigid robot
and deformable object. With known environment configuration,
the robot, object, and obstacles can interact mutually through
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robotic manipulation and collision. Each dynamic solver can be
triggered by the global updater to calculate the corresponding
state.

In terms of the rigid robot, classic robotics provides complete
methods for modeling and dynamic state solving. On this basis,
our following work will focus on the modeling of deformable
object and their interaction.

Some fundamental expressions are described as follows.

1) Robot State: Consider a serial rigid manipulator R with
k DOFs. The robot state can be represented by the pose of its
end-effector(s) as © = x;(0y), where 6} represents the joint
states and all are known for control propose.

2) Object State: Consider a deformable object consisting of
n vertices and m tetrahedrons from standard FE discretization.
The object state based on the work in [29] can be represented by
the positions of vertices g, and calculated by solving a nonlinear
optimization problem

q = arg min (
q

where s = g + hv + R* M ! fo, v = q is the velocities, M
is a constant diagonal mass matrix, f.yx sums all external force
contributions, h is the time step size for the implicit Euler time
integration scheme, || - ||  is the Frobenius norm, and E(q) is the
potential term that determines the internal relationship between
vertices.

3) Robot-Object Unified State: The overall state of vertices
within all segments as shown in Fig. 4 can be expressed as

8 = ; qnfkllsz (3)

contact free

qii;- - §QIk1|‘I21§"' ;QZk2|Q1;"'

robot

where the term robot represents the grasped segments with k;
vertices, the term contact represents the collision segments with
ko vertices, and the term free contains all other vertices in free
deformed segments. The robot and contact terms are referred to
the external constraints of object deformation.

If we define a linear operator 7(-) that maps the poses of
end-effectors into the locations of vertices in the grasped sege-
ments, Q(-) that maps the poses of obstacles into the locations of
vertices in the collision segements, respectively, and use notation
X to indicate the locations of free vertices, we can rewrite the
overall state of the object as

S = [T($) 5 Q (mobs) 7X] (4)

where s is the pose of the obstacle in SE(3) and is constant.
Here, we define a combination of robot, object, and obstacle,
as a unified robot-object state.

C. Problem Formulation of Deformable Dynamic Model

A forward model-based prediction can be described as: given
{x,x,xTops} as an input, the task is to estimate a mapping
from the states of end-effectors {ax,x} to the motion of free
vertices { X, X }. Note that this process is dynamic. The problem
can then be formulated as calculating all vertex states of the
deformable object {q’} under robot manipulation {0?} and the
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environmental constraint { gy }

1

q = arg I’Ilqll’l e

! @9, + 20

.. potential
nertia

st. Gq=T (x(0)) and Lqg= Q (xobs) (5

where G'is a k; x n matrix selecting all grasped vertices, and L
is a ky X m matrix selecting the vertices involved in a collision.

Remark 1: Solving the problem in (5) involves finding the
equilibrium between the inertia and potentials terms, taking
constraint inputs into account.

Ill. RoBOT-OBJECT UNIFIED MODELING METHOD

In (5), all variables of g are high-dimensional, and E(q) is
nonlinear, making it challenging to find the solution in a com-
putationally efficient manner. In this section, we will depict our
proposed method to address this issue via robot-object unified
modeling. First, we introduce a hyper-FE model representation
to achieve a tradeoff between accuracy and dimensionality re-
duction in state description. Then, the ADMM-based parallel
numerical solution is introduced for efficient computation of
robot-driven deformation. Three types of constraints for con-
structing E(q) are formulated using the same projection tech-
nique in PD. After that, a learning-based parameter estimation is
adopted to minimize model-reality mismatches, enhancing the
accuracy.

A. Representation Using Hyper-FE Model

We aim to reduce DOFs based on the geometry of various
regions. and propose a new hyper-FE model consisting of three
coupled layers. As shown in block A of Fig. 3. The triangular
surface layer and a tetrahedral volume layer are first generated
through standard meshing from the CAD file of an object in
its initial state. Subsequently, an interactive surface layer with
equidistant features sampled over the surface layer is extracted
using the farthest point sampling method [30].

Consider a generated hyper-FE model containing ¢ triangular
faces with n; vertices, m tetrahedrons with n vertices, and
the interactive surface with n, sampled vertices. By control-
ling the fineness of meshing and sampling, we ensure that
n, <K ny < n for reducing dimensionality. Denoting the states
of vertices within the interactive surface, triangular surface,
and tetrahedral volume as {q; 1, {q'}, and {q'}, respectively,
we have ¢’ C g! C q'. Therefore, {g} will be updated from
{q"'}, which can be calculated under constraints from {qjc }. The
updating procedures of the hyper-FE model are summarized in
Algorithm 1.

Remark 2: The significance of our proposed hyper-FE model
is to use a specific DOFs-reduction but intercoupled model to
achieve a tradeoff between accuracy and dimension reduction.

B. Computation of Robot-Driven Deformation

1) ADMM-Based Parallel Numerical Solution: The ADMM
is renowned for its highly parallelizable performance in solving
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Algorithm 1: Hyper-FE model Updating Scheme.

Input: A hyper FE-model H and motion mapping 7~
: Initialize {q}}, {g¢} and {q'} from #

while model_loop is running do

modify {q%} from collision_checker

extract and update {qf }

receive motion 7" to update {q;}

establish all constraints

compute new {q'} from the theoretical model
update {g.}

end while

Output: Updated hyper FE-model H

R A A ol

optimization problems of a specific form [31]

argmin f (q) + g (z) st. Ag+ Bz =C. 6)
q,z

In our scenario

2
F(@) = g5 [ @) ™
For the term E(q), by comparing (6) and (7), we find that if a
projection matrix .S exists suchthat Sq = z,theng(z) := E(q)
and W (Sq — z) =0, where W is a user defined weighting
matrix. Consequently, A=W S, B=-W,C =0.

The remaining task involves constructing E(q) for different
constraint types and performing a local-global iteration process.

2) Constraints of Deformation: The unified modeling in Sec-
tion II-B identifies three kinds of constraints determining the
object deformation. Our objective is to model each constraint
and obtain matrix S for constructing of g(z).

a) Strain energy constraints: Material deformation is
classified into elasticity or elastoplasticity depending on the
deformed shape relative to a reference shape postexternal con-
straints removal. Consider the jth tetrahedral element, illustrated
in Fig. 4. Defining the states of its four vertices as g}, where ¢ de-
notes time and ¢ = 1, 2, 3,4, we derive its deformation gradient
as F =D,D,!, with D :=(q! —q},¢5 — q},q} — q}) as
the deformed shape matrix at time ¢ and D,,, := (¢" — q9, ¢ —
4%, g% — qY) as the reference shape matrix.

For elastic materials, strain energy is stored in all deformed
elements and calculated using constitutive models. We opt for
Neo-Hookean model for its simplicity and low computational
cost [32]. The strain energy density over the jth element is
expressed as

v, =

D=

(I, —log(I5) —3)+ %logz (I3) ®)

with I} = tr(X2) = Y. 02, I3 = det(X?) = [[ 02, and  and
A as the Lame coefficients, calculated from material properties
of Young’s modules and Poisson’s ratio, respectively. Here, o,
i = 1,2,3 is the singular value of F = UXVT.
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As the strain energy density remains constant over each
element, the elastic strain energy constraints are summed as

E.(q) =) V¥, )
j=1

where V; represents the volume of each tetrahedron in its refer-
ence shape.

For elastoplastic materials, the object will be shifted to a
new reference shape once the plastic strain begins to develop.
Based on the plastic flow theory [33], wherein a total strain is
divided into elastic and plastic parts expressed as F* = F! F!,
the remaining elastic portion is calculated as follows.

We first assume that the yield surface remains unchanged
during a pure plastic phase fromstep ¢ to ¢ + 1. Using the current
F!, we obtain anext nominal elastic part: F = (F;f,)_1 .
The singular value decomposition of this part is expressed as
Uit EGVE’IT. Then, a clamp operation on each entry of X,
formulated as 3 = (2. — C(X.))” helps obtain a local plastic
part: FLH = UHSVEHHT where v = v(1 — ka) represents
the ratio indicating the portion of the exceeded elastic part
transitioning to plasticity. The variables v, , and « signify the
flow rate, hardening rate, and a tuning variable associated with
the time integration step, respectively. C(-) denotes a champ
operation governing the singular values within the range of
yield criterion C. The remaining elastic part then defined as:
Fit! = prey(Fie)

With the initial condition Fffo = I are given, F'* and F'*t!,
Fi+lig calculated through iterations and an elastic strain energy
model in (9) can be established.

b) Robotic manipulation constraints: These con-
straints are considered “hard” compared to material strain con-
straints, as they directly influence the movement of the grasped
vertices. To formulate this hard constraint in terms of energy, we
assume that each involved vertex is anchored to a certain target
position by a zero-length spring with an infinite stiffness.

A k; x nmatrix S, selecting all k; vertices involved, is used
to express a positional constraint as

k 2

Ep(a,p) = 5 [Spa — plr (10)

where pe R* denotes target positions to fix or kinematically

control the object. The k = oo when any vertex is out of target

and S, is dynamically assembled upon determining the grasping

points (GPs). The GPs from the object are detected by collision

checking between the gripper and object when robotic manipu-
lation applies.

c) Collision constraints: In the updating loop, the colli-
sion detection algorithm takes the current triangular surface state
{qL} as input and computes any penetration with an arbitrary
obstacle in the global environment. To prevent penetration,
repulsive forces are applied to each vertex on the contact surface.
However, to generate such forces is computationally expensive.
In our work, any occurring collision is converted into positional
constraint for all vertices within the corresponding contact area.
For a given collision constraint arising from an arbitrary contact
j, a k; x n matrix S, selects the involved k; vertices. Here,
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pe R3 denotes the target positions of vertices where the obstacle
and object can be geometrically separated via penalty method.
The k becomes infinite when a vertex is in the penetrating area,
which can be detected through collision checking between the
object and the environment. We then apply (10) to each collision
constraint.

We process the collision handling and robotic manipulation
reception in Steps 3 and 5 of Algorithm 1, respectively.

Remark 3: One significance of the proposed unified model
that couples all components in one world is its ability to detect
any interaction resulting from valid manipulation and obstacle
collision. This capability is crucial for forward-prediction in
global planning.

3) Computation of Robot-Driven Deformation: The iteration
process of ADMM is performed as follows:

¢ = e (F(@)+ 3 W (Sa '+ @)} ) an

t+1 . l t+1 — ) (12
z —argmzln(g(z)—i—2||W(Sq z—&-u)HF
(12)

attl = al + (Sqtt! — 2 (13)

where @ = W~ !u and u are the scaled dual variable [31].
Locally solving (11) and (12) requires each gradient to vanish
at " 1! or z"*!, leading to

¢t = A (Ms+2STWIW (2 - at)) (14

Vg (") = WIW (Sq'™" — 2" + at) (15)
where A := M + h2STW " W S can be precomputed.

We summarize the entire procedure for solving problem (6)
using the ADMM numerical solution in Algorithm 2. A notable
aspect is that the z-update in (15) and u-update in (13) can be
implemented in parallel by substeps z; and u;, respectively, on
a multithread CPU or GPU, enhancing computational perfor-
mance.

C. Parameter Estimation

For a given deformable object, its shape can be observed by
a set of feature vertices and denoted as S := [q1; - - - ; gcq). Let
= represent a vector of material parameters for our constructed
model M. The theoretically computed shape is denoted as S=
M (E), and the real shape, obtained from online measurement, is
represented as Sy Hence, our task is to find a set of parameters
S that best fits the predicted shape to the real shape. This task
can be equivalent to finding a solution to the problem expressed
as

Best = argnl_}n IM(E) - StrueHz (16)
where & comprises the parameters (p, A, p), with p representing
the element density.

To solve this problem, we have employed a cross-training
method based on convolutional neural network (CNN) to es-
timate these material parameters. During each training round,
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Algorithm 2: Robot-Driven State Update Using ADMM.

Input: Current positions g* and velocities v*
1: Let s = q* + hvt + K2 M~ f..,
2: Locally modify s according to {q’}
3: Initialize ¢ = s and uw =0
4: for i = 1 to numlterations do
5: for each constraint term j in constraints do
6
7
8
9

update z; using Eq. 15
update u; using Eq. 13

end for

Update g using Eq. 14
10: if convergence criterion then
11 ‘ Terminate the iterations
12: end if
13: end for
14: Let g = q

Output: Updated positions g'*" and velocities v**"

the estimated outputs are fed into a simulator to regenerate a
new set of predictions. A performance assessment module then
evaluates whether the problem in (16) has converged.

The key modules involved in solving the above problem are
described as follows:

1) Neural Network Design: We have constructed a 5-layer
CNN as the nonlinear mapping module. In the network, ReLU
is used as the activation function for the convolutional layers,
and tanh is used for the full-connected layer. A max-pooling
operation is applied after each convolution. The model is trained
for 1000 iterations with a batch size of 8, using the Adam
optimizer [34] with a learning rate of 1073 and a weight decay
of 1073. A softmax heatmap activation is applied to the output
of 3 neurons as a fully connected layer. Our network is trained
using the mean square error (MSE) as the loss function, defined
as: MSE = %Z(YZ — 171)2 where Y; and Y; represent the mea-
sured and estimated shape features, respectively, and n is the
number items in the training dataset. Here, Y is from the online
measured set, and Y; is obtained from {q?} in the hyper-FE
model.

2) Data Augmentation: Collecting a training dataset manu-
ally from the physics-based simulator can be time-consuming,
despite the high computational efficiency of our proposed mod-
eling method. To train a CNN typically requires a huge amount of
data, prompting us to implement data augmentation techniques
to enlarge the simulation dataset.

Since our shape coding uses the relative features from the
hyper-FE model, we employ transformation data augmentation
by generating new observation of object shape in different
known coordinates. It is implemented as follows: for a set of
collected feature vertices {q;}"V in their original world frame
W, a new coordinate W, is generated by randomly trans-
forming relative to world frame V. The feature vertices are
transformed into a new set of data {g;}"Yand then sent to the
CNN for training. Noted that such data augmentation operation
allows for generating infinite new data without changing the
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Validation experiment design and setup. (a) Numerical experiments in simulation and real-world physical experiments are designed to

evaluate the efficiency and accuracy of our proposed method. (b) Developed simulator with our method integrated, where the dynamic engine can
be easily configured. (c) Real-world physical system for DOM online manipulation.

actual object shape and its corresponding manipulation action.
Thus, our model can be trained with a limited amount of real
simulation, mitigating the over-fitting problem.

3) Data Collection for Training CNN and Estimation: During
the first-time online phase of a DOM task, a script is executed to
manipulate the object with a given set of actions while collecting
the motion sequence of the object. Using the same script, an
offline data collection in the simulation is also executed. With
the collected data, we obtain the estimated material parameters.
In subsequent offline phases, the simulator receives the updated
set of parameters to perform more accurate deformation com-
putations.

IV. VALIDATION EXPERIMENTS AND RESULTS

In this section, we introduce our experimental design and
setup, followed by the experiments conducted in simulation and
areal-world physical system to evaluate the performance of our
purposed modeling method.

A. Experiment Design and Setup

To quantitatively evaluate our purposed method, we have
designed two groups of experiments, including numerical exper-
iments in simulation for performance comparison with existing
methods, and real-world experiments using a physical robotic
system to assess the overall modeling accuracy. The design is
illustrated in Fig. 6(a).

In the numerical experiments, we define a manipulating mo-
tion for each object, then compute the corresponding robot-
driven deformation in the developed simulator using our pur-
posed method and selected existing ones, respectively. Simi-
larly, for real-world experiments, we execute the object motion
in a physical robotic system as defined in numerical experi-
ments. The shapes throughout the entire manipulating process
are tracked and recorded in a time sequence using an optical
measurement system.

Three types of deformable objects are used in our experi-
ments, including elasticity, plasticity, and elastoplasticity. The
detailed configuration of these objects is listed in Table II of
the Appendix. We sourced parts of the theoretical material
parameters from existing data [35] and others from product
property manuals.

To implement our experimental design, we first developed
a DOM simulator [see Fig. 6(b)] based on Gazebo with ROS
[36], and realized our purposed method as a plugin for Gazebo.

All the simulations discussed in this article were executed on
an 8-core 16-thread Intel i7 processor with TBB [37] support,
without the use of additional GPU acceleration. After that, we
developed a dual-arm physical robotic system [see Fig. 6(c)],
which features two manipulators (dual-Staubli TX90) equipped
with a pair of pneumatic grippers. An optical measurement sys-
tem (NDI Polaris Vega ST) is used to track real-time positions of
laser-reflective feature markers. Additionally, a ceiling-mounted
RGB camera is used to capture a global view of the scene. All
the hardware components are integrated via high-speed Ethernet
under ROS with ROS-Industrial [38].

To evaluate the results from both the simulation and the
physical system, we use the following evaluation metrics:

a) Metrics for computational efficiency: The updat-
ing rate, indicative of computational efficiency, represents the
maximal number of iteration loops per second for deformation
computation. It is calculated from the statistical elapsed time of
the global cycle from steps 2 to 9 in Algorithm 1.

In this article, we adopt a baseline for computational efficiency
aligned with standards prevalent in animation, specifically, a
minimum updating rate of 24 frames per second (FPS).

b) Metrics for modeling accuracy: We evaluate the
modeling accuracy from two perspectives: theoretical prediction
accuracy and the sim2real measurement accuracy. The relative
deformation error is defined as

S - Strue
2 % 100%

e a7
| Sruell

g =

where S and S wue are the evaluated and true shape.

For the assessment of theoretical prediction accuracy, we
consider results from standard FEM software used in engineer-
ing practices as the true values, which can be easily calculated
from the same mesh and material properties. Similarly, for the
assessing sim2real measurement accuracy, the true values are
obtained from the online measurement. In this article, with
reference to the relative deformation error associated with visual
servoing enhanced by learning methods, as reported in [15] and
[39], we establish a 10% baseline for sim2real measurement
accuracy.

For a fair performance comparison of our proposed method
with existing methods, obstacles will not be considered in the
following experimental implementation. However, the capabil-
ity to handle obstacle constraints will be demonstrated in a case
study in Section V.
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Performance evaluation experiments for comparison with existing methods in simulation and real-world physical system. (a1) and (a2)

Bending cylinder at each end about its vertical axis crossing the centroid. (b1) and (b2) Bending a sheet at each short-edge about its minor
centerline. (c1) and (c2) Twisting a cuboid stick at each end about its center axis. (d1) and (d2) Extrusion a flexible cable at each end along its
horizontal direction. (e1) and (e2) Bending a metal wire at a point about a vertical axis.

TABLE |
RESULTS OF COMPUTATIONAL EFFICIENCY AND THEORETICAL PREDICTION ACCURACY VALUATION

Updating rate (FPS)

Largest relative deformation error (%) ¢

Object
: Vega PBD GN-PBD ? PD Ours Vega PBD GN-PBD PD Ours
cylinder 8.08 40.05 60.07 10.47 25.18 1.21 6.62 5.33 1.56 1.38
board 8.72 40.62 60.86 10.02 25.76 3.78 24.36 19.54 4.83 4.67
cuboid 8.46 41.73 62.95 11.12 26.11 1.23 13.55 15.24 2.52 2.78
cable 8.65 42.25 63.58 12.35 28.45 4.55 29.82 28.56 6.73 6.63
wire 7.83 40.11 60.12 10.36 24.52 5.95 32.88 29.21 8.35 7.47

@Relative displacement errors are calculated using the standard FEM results as the true value. ®Training time is excluded.

The bold values indicate the best two groups of results for each metrics.

B. Experiment Implementation and Results

1) Numerical Experiments: Following the flow outlined in
Fig. 6(a), we compare our approach with four widely used FE-
based models from previous published work: Vega [40], PBD,
GN-PBD [41], and PD, each implemented as PhysicsPlugin and
preconfigured.

Five objects with given manipulating motions are defined as
follows. 1) A cylindrical stick undergoing a 7 /6 bending action
ateach end about its vertical axis crossing the centroid. 2) A sheet
experiencing a 7 /6 bending action at each short-edge about its
minor centerline. 3) A cuboid stick with a 7/6 twisting action
at each end about its central axis. 4) A flexible cable extended
by 10 mm at each end along its horizontal direction. 5) A metal
wire with a 7/2 bending at a given point about a vertical axis.
Eight feature markers are generated on each object’s contour
edge using equidistant sampling.

As illustrated in Fig. 7(al)—(el), we fetched the elapsed time
from iteration loops and recorded the positions of 8 feature
points (white solid balls) as predicted shape in the simulation. In
addition, for the metal wire, we calculated the final formed angle
using the method in [8]. We then evaluated the computational
efficiency and theoretical prediction accuracy by calculating the
updating rate and largest relative deformation error, as summa-
rized in Table I.

a) Result of computational efficiency: For objects
consisting of 11-15 k tetrahedra, our method achieves an
updating rate of approximately 26 FPS. This is compared to

8 FPS for Vega, 41 FPS for PBD, 62 FPS for GN-PBD, and 11
FPS for PD. Only our method and PBDs satisfy the > 24 FPS
updating rate requirement.

b) Result of theoretical prediction accuracy: Our
method exhibits theoretical modeling accuracies with errors
of 1.38%, 4.67%, 2.78%, 6.63%, and 7.47% for each type of
object, outperforming PBD (6.62%, 24.36%, 13.55%, 29.82,
and 32.88%) and GN-PBD (5.33%, 19.54%, 15.24%, 28.56,
and 29.21%). PD’s accuracies of 1.56%, 4.83%, 2.52%, 6.37%,
and 8.35% are comparable to ours, while Vega achieves
the highest accuracies of 1.21%, 3.78%, 1.23%, 4.55%, and
5.95%.

Our method outperforms existing ones in achieving both
fine computational efficiency and high prediction accuracy. In
particular, a nearly real-time updating rate enables our model to
handle dynamic DOM tasks, which is impossible for existing
online visual servoing control methods that rely on slow motion
to ensure a quasi-static condition.

2) Real-World Experiments: In the real-world experiments,
we applied the same robot trajectories used in the simulations
to a real-world physical robotic system, as illustrated in Fig.
7(a2)—(e2). We attached a set of laser reflective markers along the
contour edge line of the first four objects. The real-time location
feedback from the optical measurement system ensures the con-
sistency of distribution with the simulation. This setup allowed
us to track their 3-D transformation data in a time sequence. For
the metal wire, we also measured the final formed angle using
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Fig. 8. Results of model-based planning with target shape constraint
and obstacle constraint. (a1) and (a2) To insert a cable through a narrow
hole. (b1) and (b2) To assembly a sheet into a groove. (c1) and (c2) To
wrap a cable around a rigid rod. (d1) and (d2) To pack a flexible rod into
a rigid box.

a device in [42]. After coordinate registration, we obtained the
online measured shape states and calculated the largest relative
deformation error using the theoretical parameters and estimated
parameters, respectively.

a) Result of real measurement accuracy: Using the-
oretical parameters, the sim2real modeling accuracies are with
the errors of 15.96%, 33.75%, 25.81%, 36.08%, and 44.21%
for each respective object. After parameter estimation and test-
ing with new manipulating motions, the accuracies improve to
6.65%, 8.68%, 8.12%, 9.22%, and 9.63%. Here, we observed
a slight increase in error when estimating the metal wire. This
may result from measuring the final angle formed using our
developed device rather than optical measurement. Online mea-
surement of such metal wire remains a challenge. Generally, we
achieved a relative deformation error of < 10% in DOM tasks.

V. PRACTICAL CASE IMPLEMENTATION

In this section, we delve deeper into showcasing the practi-
cality of our method for DOM tasks with constraints.

Since our method can model the unified states of robots
and objects while efficiently managing interactions between
deformable objects and arbitrary environmental obstacles, it
is fully capable of complex tasks in clutter. We first designed
two types of subtasks to show the model-based planning with
the target shape constraint and obstacle constraint, respectively,
in simulation. Then, a complete routing task with both target
shape and obstacle constraints was planned and conducted in
both simulation and the real-world physical system. The detailed
results are as follows.

a) Target shape constraint: We created two simulation scenar-
ios, where a flexible cable is to be manipulated to pass through
a hole [see Fig. 8(al) and (a2)] in a base and a sheet is to be
manipulated to match a groove for assembling [see Fig. 8(bl)
and (b2)]. By integrating the model predictive control (MPC)
method [43], our method could predict the intermediate desired
shapes of the objects, similar to existing visual servoing control
methods, successfully achieving the final target.

b) Obstacle constraint: In another two scenarios, where a rod
was introduced as an obstacle, around which a flexible cable
needed to be wrapped [see Fig. 8(c1) and (c2)] and a box was
introduced as an obstacle, in which a flexible rod needed to be
packed [see Fig. 8(d1) and (d2)]. The simulation results show

IEEE/ASME TRANSACTIONS ON MECHATRONICS, VOL. 29, NO. 6, DECEMBER 2024

Simulation Real-world

Planning

Fig. 9. Results of model-based planning with both obstacle and
shape constraints for routing an avionics cable to connect two docking
adapters.

that our method can handle complex manipulating motions while
considering interaction constraints imposed by obstacles.

c) Both obstacle and shape constraints: As illustrated in
Fig. 9, we demonstrated a more complicated robotic cable rout-
ing task. A dual-arm robot was tasked to route an avionics cable,
connecting two docking adapters, and navigating several bulk-
head handrails. To solve this, we integrated our model with the
sampling-based methods, RRT-Connect [44] and MPC within
the Movelt framework for global planning. The execution of this
intricate task in both our developed simulator and the real-world
physical robotic system underscored the efficacy of our proposed
method. Our approach proved adept at model-based planning for
DOM task in constraint environments, heralding a new frontier
in endowing robots with higher autonomy.

VI. CONCLUSION

In this article, we addressed a general manipulation problem
for deformable objects in constrained environments using a
dual-arm manipulator and particularly focused on modeling for
task planning. To address this problem, we proposed a unified
robot-object modeling method, achieving fine computational
efficiency and high modeling accuracy for robot-driven defor-
mation computation. Our method is based on a hyper-FE-model
representation and a local-global parallel updating strategy. An
ADMM-based parallel numerical solution and learning-based
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Material Parameters ° FE Info.
Obi Dimension Densit Y N aqul Tensil h
t ens1 oung s modules . . ensile strengt
Jec (mm) z 8 Poisson’s ratio g Vertex num.  Element num.
(kg/m?) (M Pa) (M Pa)
cylinder P38 x 350 54 2 0.32 1.32 3986 15645
sheet 370 x 8.5 x 185 38 1 0.20 0.24 4441 14783
cuboid 325 x 28.5 x 28.5 1800 22 0.49 5.5 3747 14595
cable ®7 x 1000 1600 4100 0.29 65 4007 13796
wire 0.04 x 0.06 x 100 7960 194020 0.30 520 3727 11331
YParts of the initial material parameters are from the data for engineering materials in [35] and others are from product property manuals.
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Fig. 10. Theoretical and estimated material properties using the tetrahedron ID as x-coordinate and the material property as y-coordinate. Each

straight-line y = i, y = 1, and y = p indicates the initial property and any deviation from the straight-line indicates the theoretical error compared

to its estimated value.

parameter estimation are utilized for better efficiency and im-
proved modeling accuracy. Numerical evaluations and real-
world experiments show that our proposed model outperformed
existing methods and can be implemented for practical DOM
tasks.

The concept of our research follows the classic roadmap of
robot manipulation, which roughly includes modeling, offline
planning, online execution, and control. This article focused
on the basis of modeling, and we would like to continuously
work on problems of object-in-the-loop manipulation planning
and DOM manipulation from simulation to the real-world in
the future. In addition, the perception of deformable objects
is still a very challenging topic, which is beyond the scope of
this article. Recently, some marker-free approaches have been
reported. These approaches can serve as the foundation of our

method in terms of parameter estimation and modeling accuracy
evaluation. Moreover, we emphasize that our modeling method
is general for any DOM task and does not require a quasi-static
condition. Thus, it can receive relatively fast manipulation and
predict a dynamic material response. With the advantages of
both efficiency and accuracy, our method can be integrated with
neural networks to achieve performance improvements.

APPENDIX
DETAILED CONFIGUTATION OF OBJECTS

The detailed configuration of all used objects are listed
in Table II. And a fine estimation material parameter dis-
tribution for each element in our experiments is given
in Fig. 10.
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