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Abstract—Modular continuum soft arms represent an emerg-
ing class of robotic systems characterized by flexible, highly de-
formable structures. Designing shape controllers for these arms
poses significant challenges due to their modeling complexity and
hyper-redundant nature. Our goal is to develop a scalable control
framework for modular arms, where each module is self-contained.
Starting from distributed control theory, we assign a collaborative
controller to each soft module. Through collaboration among mod-
ules, the framework enables the system to achieve the desired tip po-
sition and shape. Each controller relies on the minimal model, such
as the Constant Curvature, of its self-contained module and the
local transformation shared by adjacent modules. We present three
kinematic control strategies - Consensus, Bipartite Consensus, and
Formation Control - for a modular continuum soft arm, that pro-
gressively relax constraints to achieve more complex, adaptable
shapes. In addition, we develop a decentralized curvature-based
dynamic controller to manage dynamic coupling among modules.
The validation is carried out through numerical analysis and dy-
namic simulations of soft arms with varying numbers of modules.

Index Terms—Modeling, control, and learning for soft robots,
distributed robot systems.

I. INTRODUCTION

OFT robotics [1] aims to use soft and smart materials
to create more compliant robot structures, enhancing the
safety of physical interactions with the environment. The field
of continuum soft arms is particularly expanding, represent-
ing a new generation of flexible arms inspired by muscular
hydrostats [2]. These arms utilize continuous deformation to
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Goal: Shape Control under Tip Position Regulation

Fig. 1. Distributed framework for shape control of modular continuum soft
arms. The left side illustrates the modular soft arm achieving Shape Control
under Tip Position Regulation. Each module (M;) collaborates with adjacent
controllers (A;) via communication channels (¢;). The zooms shows the infor-
mation used by the A;: the geometrical model of i*" module, denoted by the
variables k;, ¢;, and s;, and the shared local position p;_1 and p;41.

achieve novel capabilities compared to traditional rigid robots:
dexterity, interaction ability, and environmental adaptability.
Achieving this requires effective shape control in real-world
applications, particularly in unstructured and cluttered environ-
ments where adaptability is necessary. However, designing a
shape controller for these arms presents significant challenges
due to their complex modeling, material properties, and wide
range of potential technological solutions [3], [4]. One such
technological solution is modular continuum soft robots [5],
where the model and control are inherently dependent on the
number of modules.

We aim to design a scalable control framework for a generic
number of soft arm modules, i.e., independent of the module
count. To achieve this, we create self-contained modules in terms
of control that operate autonomously and communicate locally
to ensure the desired overall behavior. This allows modules
to be added or removed without altering the modeling and
control phases. We present a distributed control approach for
modular continuum soft arms. The distributed framework [6],
summarized in Fig. 1, consists of the linear topology graph rep-
resenting the controller network. The generic agent A; controls
the self-contained soft module M. Agents collaborate through
communication channels ¢; to achieve the global behavior, i.e.,
the desired shape. Each module must know the local position
of its adjacent ones. Moreover, each controller requires only
its module’s model, ensuring the self-contained property and
allowing the robot to be represented with a minimal model, such
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as Constant Curvature (CC) [7]. This significantly minimizes
the modeling effort and simplifies the control law, reducing
the control algorithm’s computational complexity. Finally, our
distributed algorithm requires only the local relative tip position
of the modules, allowing us to achieve the agreement directly on
the configuration vector. We strive to achieve a Shape Control
(SC) under Tip Position Regulation (TPR), i.e., leveraging the
redundancy degrees of the soft robot to create a feasible shape
with respect to the desired tip position. To accomplish the task,
we introduce a comprehensive control framework composed of
a kinematic controller and a dynamic controller. The former
control approach consists of adapting three well-known dis-
tributed kinematic strategies from the multi-vehicle community
- Consensus, Bipartite Consensus, and Formation Control - to a
modular continuum soft arm. They progressively relax the con-
straints to allow more complex and adaptable shapes. The three
developed control laws enable the same tip position to be reached
with different shapes. They are applied incrementally during the
validation process, with each law building on the previous one to
progressively enhance shape complexity, maintaining the same
desired tip position. The latter is a decentralized curvature-based
dynamic controller that guarantees desirable behavior during the
transient state.

The main contribution of this work is the design of a scalable
control framework based on self-contained modules to perform
SC with TPR. This is achieved by introducing: i) three dis-
tributed kinematic control strategies for modular continuum soft
arms in 3D space, relying solely on relative position as the com-
municated information, namely, Consensus, Bipartite Consen-
sus, and Formation Control; ii) a decentralized, curvature-based
dynamic controller. Finally, dynamic validation is performed
in the Soft Robot Simulator (SoRoSim) [8] framework on a
3-module and 5-module soft robot arm.

II. RELATED WORKS

Unlike rigid robotics, the state of the art in modeling and
control of soft robots has yet to reach a gold standard. In terms
of modeling, the research community proposes many techniques
to manage the infinite Degrees of Freedom (DoFs) and the strong
non-linearities of the dynamics. In [3], the Authors grouped
the modeling approaches into four classes: (i) Continuum Me-
chanics models, (ii) Geometrical models, (iii) Discrete Material
models, and (iv) Surrogate models. The main goal is to address
a trade-off between the accuracy and computation efficiency of
the model.

With the advancement of models in recent years, numerous
studies have emerged that address soft robot model-based con-
trol [2], [4], [9]. The design of kinematic and dynamic controllers
is particularly challenging for soft robot applications, primarily
due to the complexity of the model and the multitude of potential
technological solutions.

Closed-loop kinematic controllers are based on differential
kinematic inversion, and they allow for performing TPR or SC,
considering only the steady-state behavior. In [10], [11] and [12],
a controller based on a geometric model is presented to perform
TPR. In [13], perform a tip pose trajectory control using the
Geometrically Exact Model. Finally, in [14], SC is performed
for a three-dimensional robot.

The dynamic controller also guarantees the desired behav-
ior during the transient state. With the centralized approach,
the controller needs the entire dynamic model. In [15], the
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authors design a three-dimensional control framework based on
the Augmented Formulation of Piecewise Constant Curvature
(PCC), performing a tip trajectory. Similarly, [16] introduces
a sliding mode approach for TPR. Shape control is also per-
formed directly with the dynamic model, as in [17], and [18].
Finally, [19] presents a TPR and SC separately, with the use of
dynamics. These approaches are centralized, suffer from model
complexity, and are not scalable for modular structures. Notably,
the model complexity of the modular continuum soft arm can
increase substantially as the dimensionality of the actuator and
configuration spaces grows.

In recent years, decentralized and distributed strategies have
emerged as a class of both kinematic and dynamic controllers,
aimed at reducing the number of DoFs directly managed by a
centralized controller. In [20], position control is performed with
a decentralized kinematic controller for a modular soft structure.
In[21], adistributed consensus strategy is used to perform a TPR
using a kinematic PCC model with 2D Augmented Formulation.
In [22] and [23], Doroudchi et al. design the dynamic distributed
controller to regulate the tip position with Euler-Bernoulli
and Cosserat models, respectively. Recently, a decentralized
approach to the sensing system was proposed in [24], while
in [25], the authors presented a distributed kinematic control
strategy to robustly regulate the orientation of the soft arm
tip.

Our solution is based on distributed system control [6]. This
approach was born for multi-vehicle systems [26] or swarm
robotics to ensure the desired behavior of the entire system
through local interaction rules. In our work, the multi-robot
systems are composed of N controllers, i.e., agents, that com-
mand each module of the soft arm. Graph theory [27] serves as
a fundamental tool for systematically representing distributed
systems, providing natural abstractions for how information is
shared among agents in a network. The proposed strategies are
based on Consensus [6, Chap. 3] and [21], Bipartite Consen-
sus [28], [29], and Formation Control [6, Chap. 6].

III. MODELING MODULAR CONTINUUM SOFT ARMS

The control method relies on a kinematic and dynamic model
that satisfies the following assumptions: (i) the kinematic model
must yield a Jacobian matrix such that its pseudo-inverse exists;
(i1) it must provide an inverse kinematics solution that can
uniquely reconstruct the agent’s configuration (i.e., its state)
from the relative position and orientation between adjacent
agents; and (iii) the dynamic model must include an actuation
matrix for which the pseudo-inverse exists. The proposed control
strategies are applicable to any model [3] that meets these
assumptions. An example of such a model is the PCC representa-
tion, which captures the dominant deformation modes - namely
curvature and elongation - using a minimal parameterization [4].

A. PCC With Exponential Coordinates

The most commonly used steady-state model is the PCC, a
geometric model [3]. PCC robots are modeled as consisting
of a finite number of curved links described by arc param-
eters [7], [11], [15]. This model accurately approximates the
robot when the manipulator is uniform, symmetrically actuated,
with minimal external loading and negligible torsional and shear
effects [2]. With our framework, each module is independently
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modeled as a CC segment, ensuring a compact formulation that
reinforces the practicality of this approach.

1) Kinematics: The most compact and numerically ro-
bust [30] representation [7] is that with exponential coordinates
based on Lie Group Theory [31]. The configuration vector

for each CC segment is defined as q; = [k;  ¢; si]T € R3,
where k; € R is the curvature, ¢; € [—, 7] is the angle of the
plane containing the arc, and s; € R™ is the arc length. The latter
is inserted into the state vector to model the degree of elongation
strain, which is very significant for actuated soft robots. The
transformation [11] is parameterized by the twist vector {; and
(2 € RO, The former refers to the transformation on the z axis
by the ¢; angle, and the latter to the transformation about the
local y axis by the ; angle, recalling that 6; = k;s;. Finally,
each homogeneous transformation T'; € SFE(3) is defined as

T, = eéuﬁzefzsi — 060i o (P3+Daki)s; , 1)

fori=1,2,..., element of the

standard canonical basis for R®. We define (-) as the hat op-
erator [31]. Moreover, it is possible to extract the analytical
expression of the Jacobian matrix J; € R%*3 [11] for the i*"
segment. It is important to note that the Jacobian matrix remains
well-defined as the curvature approaches zero, meaning the limit
is finite and no singularity occurs.

2) Dynamics: We focus on the dynamics from the CC formu-
lation for a single segment, aligned with our objectives. Similar
to the general case, obtaining the dynamic model combining
differential kinematics with the system’s physical characteristics
using the Lagrangian formalism:

B(qi)d; + C(qi,4i)4i + G(q:) + K(q,)
+ D(qi,qi) = A(qi)T . 2)

B(q;) € R3*3, C(qi,q;) € R**3, and G(q;) € R? are iner-
tia, Coriolis, and gravitational terms, respectively. Unlike rigid
robots, additional terms such as stiffness K(g;) € R® and
damping D(q;,q;) € R are included. These matrices are ap-
proximated linearly, assuming constant stiffness and damping
factors along the robot’s length. Finally, A(q;) € R3*? is the
actuation matrix and 7; € R" is the generalized control forces.
Considering the actuation system described in [32], we assume
the system is fully actuated and derive the differential map from
the configuration space to the actuation space. The interactions
with the external environment are not considered in this work.

m, and where v; is the j

IV. CONTROL ARCHITECTURE

A. Control Framework Definition

The soft arm consists of self-contained modules at the hard-
ware level. Each module features independent actuation, such
as pneumatic or tendon-driven systems, and is equipped with
embedded local sensors, e.g., IMUs [24], [25]. Modules must be
capable of exchanging relative position information with neigh-
boring units, for instance, via wireless communication. These
modules are controlled by agents that know the local position of
the module tip and share this information with adjacent ones.

The modules are described by a base frame and a tip frame,
where the base frame of agent ¢ coincides with the tip frame
of agent (i — 1). This ensures continuity of the transformation
between modules, as shown in Fig. 1. The agent Nth is the
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Formation Control

Consensus Bipartite Consensus

Fig. 2. A three-module robot reached the desired final tip position with
different shapes. We incrementally generalize the obtainable shape: Arc-like
using Consensus, S-shape with Bipartite Consensus, and any feasible shape with
Formation Control. The variable k represents the curvature of the i** module,
and the star represents the desired tip position.

leader. Tt knows the tip pose with respect to the {5} frame and
leads the other agents accordingly with the position error.

This control framework is scalable and does not depend on
the number of agents. The modular kinematic chain can be
expanded or reduced without altering the agents’ control law.
Moreover, the agents can be different: the only aspect of the
model considered is the differential kinematics and the dynamic
model of the associated module. It should be underlined that
the model in the control law refers only to one module, strongly
reducing the computational cost of a single control law, as shown
in detail in Section IV-G.

In Fig. 2, an example of the final configuration of the soft
arm is presented, with generalization and softening of the con-
straints moving from left to right. Indeed, with Consensus,
each module is coplanar and reaches the same curvature. With
Bipartite Consensus, the coplanarity constraint is removed, i.e.,
¢ and k variables, resulting in adjacent modules having equal
magnitudes but opposite signs. In Formation Control, we ob-
tain the generalization of the shape control strategy. The only
requirement is the feasibility of the shape given the desired tip
position.

B. Communicated Information Reduction

Simplifying the control law in a distributed control framework
shifts complexity to communication, which depends on network
topology and message minimization. A global fixed frame is
commonly used for distributed control, though it is not the only
solution. Adopting a strategy without a global frame [26], [33]
reduces communication and simplifies the physical interpreta-
tion of relative positions. This is possible because the CC model
assures, given a robot tip pose, a single configuration vector,
excluding singular configurations. This approach eliminates the
need for rotation matrices, with positions expressed in local
frames, reducing the number of shared messages among agents.
With a model limited to elongation and curvature, the strategy
ensures agreement on tip positions and configuration vectors.
This allows us to recast the formulation within the framework
of a SC task, extending beyond the previously introduced TPR
approach.

C. Consensus Control for Arc-Like Shape With TPR

Building upon the work presented in [21], we extend the con-
sensus formulation to a 3D framework for modular continuum
soft robots, and generalize it to include additional strain degrees
of freedom, such as the stretch component. Moreover, we adopt
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the communication reduction strategy described in Section IV-B
to achieve agreement directly on the configuration vector. This
enables us to reinterpret the formulation in the context of a SC
task, going beyond the previously presented TPR approach.
We start from the differential kinematics J;q; = (Tl-T,Zl)V,
where (-)V is the vee operator [31]. To determine the linear ve-
locity p; of the tip of the ith segment expressed in the local base
frame {S;_;}, we pass through the explicit expression of T';,
inverting the previous equation. Hence, the p; expression [11]
is equal to

o ~ Jvi . Jvi . .
pi = [Isxs —Di {J ] gi = G; [J } gi=Jpiq;.

3)

where J, ; € R3*3 is the Jacobian on which the proposed kine-
matic control laws are based. The expression of the i™ controller,
based on the Consensus strategy, is equal to

Gi=J, |- (pi—p) +KE|, €5
JEN;
where J;i denote the Moore—Penrose pseudo-inverse of the

Jacobian, and NV is the set of neighbors of the i™ module. More-
over, p, represents the position of the i agent expressed in its
base local frame. We define the tip position error E = p%, — p{,
and the control gain IC; = —Rév_le, if = N, and 033,
otherwise. R} ™! is the rotation matrix from the world frame
{So} to last module base frame {Sx_1}, and K, is the control
gain. The control law for the /N'th agent includes a proportional
term to correct the tip position error. Starting from [21], we
introduce the following proposition.

Proposition IV.1: Let p; denote the local position vector of
segment 7" in its local base frame. The distributed control law
in (4) establishes a consensus protocol for the vectors p;, with
an input term defined by the error E between the robot’s tip and
the target position.

Proof: Starting from the differential kinematic definition in
(3), we write the i'" velocity vector in {S;_; } frame as

pi=GiJiqi=J,iq;, (5)
Now, we substitute the control law defined in (4), in (5) to obtain

pi:_Z(pi_p]

JEN;

where it has been used the identity J , ;J ;1 = I3,3.To achieve
a compact matrix formulation, it is necessary to define the

collection P := [(p1)" (p2)" (pN)T]T, and IC :=

T o . .
(03,3 Ody3 ... ICy] . Now, it is possible to write the
compact expression in matrix form as

P=_-CP+KE, (7

where it has been defined £ = L @ I3, where L € RV*N jg
a Laplacian matrix of the graph associated with the communi-
cation network of the robot’s segments, and & is the Kronecker
product. It is a linear consensus system driven by signals E. []

With the Consensus without the global frame, the magni-
tudes of all the position vectors p; converge to the agreement
value. Furthermore, considering the CC model, the agreement
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is reached also in terms of the configuration vector. This ob-
servation ensures the convergence to the Arc-like Shape of the
controlled distributed system. An example of the obtained final
configuration is shown on the left side of Fig. 2.

Proposition IV.2: The distributed control law (4) ensures that
the position of the robot t1p pY globally exponentially converges
to the target position pCl

Proof: Starting from (7), we extract the last row of the dy-
namics to explicitly write the expression of the p

—(pn —pNn-1) + KNE. (8)

Obtaining consensus between the modules, we delete the first
hand-right term; while remembering the definition of /Cp, the
resulting equation is p = —K p»E. Given a fixed target, i.e.,
P} = 0, we rewrite the previous equation as E+K »E =0,
which is exponentially stable to the equilibrium (E = 0) for
any positive gains. (]

PN =

D. Bipartite Consensus Control for S-Shape With TPR

Starting from the formulation presented in [28], we gener-
alize the Consensus strategy with the Bipartite Consensus. It
allows for achieving an alternative feasible shape of the soft
arm, specifically, the S-shape, characterized by a serpentine
curve. This occurs due to a form of disagreement among agents,
explicitly referred to as an ’agreed dissensus’, obtained through
the generalization of classic graph theory: signed graph [29].
In terms of control, it represents an extension of the previous
strategy obtained through the assignment of negative weights to
the graph edges. This is possible because the graph is connected
and structurally balanced [28]. Hence, considering the state
of the network as the local position of the i agent and the
choice of the frames, each weight of the network is equal to

wi; = [1 =1 1] Itis possible to write the control law

qi=J —Z (pi —wi; Op;) +IGE| , (9

JeN;

where the ® operator represents the product element by element.
The structurally balanced condition allows us to conclude that
the controlled system with the Bipartite Consensus strategy has
the same spectral properties [28] as the controlled system with
the Consensus strategy, and then, the tip position error converges
exponentially.

In a network of three agents, agent 2 has the same magnitude
of k and ¢ as agents 1 and 3, but with the opposite sign in
the final configuration, as shown in the middle of Fig. 2. This
highlights that the system’s constraints are relaxed with this
strategy, removing the coplanarity constraint, and allowing the
modules to achieve an opposite curvature and form the desired
S-shape.

E. Formation Control Shape Control Under TPR

In this section, we present the main contribution of our work.
Building on the results from [6], and leveraging the control
framework introduced in Sections IV-A and IV-B, we extend the
Consensus approach by adopting a Formation Control strategy.
This strategy enables us to perform SC under the sole assumption
that the desired shape is feasible for the target tip position.
Generalization is achieved at the expense of a large amount of
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requested information. The task is described in terms of the final
tip position and the relative position between the neighboring
agents. The desired shape must belong to the feasible set of
arm shapes, maintaining the desired tip position, defining the
set of translational and rotational invariant formations [6]. The
formation control law obtained is equal to

- Z [(pi

JEN;

qi=J, — D)) — zijell FIGE|,  (10)

where 2 ref € R3 is the desired relative configuration between
two neighbor agents defined in the local frame. The desired
relative configurations define the constraints in terms of shape
and can be defined as 2;j ret = Di ref — Py ret-

Theorem IV.1: The distributed control law in (10) establishes
a formation control strategy with an input term defined by the
error E/ between the robot’s tip and the target position, assuring
the asymptotic convergence to a translational invariant desired
shape.

Proof: Starting from (3), we write the i velocity vector in
the local frame as in (5). Substituting the control law defined in
(10), we obtain

pi=—> Il

JEN;

—Pj) — Zijref] + IGE, (11)

where we used the identity JW;JLJ = I3.3. It is necessary to
use the previously defined vectors P and KC, with the addition
of Z.,, the collection of relative position vectors. Now, it is
possible to write a compact expression in matrix form:

P=_-LP+DZ+KE, (12)

where it has just been defined £. Likewise, D = D ® I343,
where D is the incidence matrix of the directed graph network
associated with the relative configuration definition. Compared
to the traditional definition of formation control [6], we conclude
that it is a linear formation control strategy driven by signals
E. Considering (11), and recalling the definition of z;; rer, we
rewrite the term inside the sumas .\ [(Pi — Pirer) — (Pj —
Djref)]. Now, defining the new variable v; = p; — Pj ref, it is
trivial that the term expressed in (11) is a consensus on the
variable ;. It can be write as LI, where I is the collection of 7;
fort =1,..., N.Itis possible to conclude that the collaborative
term has zero when the consensus is reached, obtaining the
desired shape of the modular continuum soft arm. O

Theorem IV.2: Assuming that the desired shape is feasible
with respect to the target tip position, the distributed control
(10) law ensures that the position of the robot tip p%; globally
exponentially converges to the target position pj.

Proof: To demonstrate the convergence of the tip position
error, we start from (12), extracting the last row of the dynamics
to explicitly write the expression of the p

Py =—(yv —vnv-1) + KNE.

Obtaining the desired translation invariant formation between
the modules, we delete the first hand-right term; while re-
membering the definition of /Cp, the resulting equation is
p?v = —KpFE. Given a fixed target, i.e., pg = 0, we rewrite
the previous equation as E+K »E = 0, whichis exponentially
stable to the equilibrium (E = 0) for any positive gains. g

13)
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FE. Decentralized Curvature-Based Dynamic Controller

Kinematic control does not account for dynamic behaviors
like gravity and module interactions, requiring a low-level dy-
namic controller. Thus, a dynamic model for each CC segment
is used, and a decentralized controller rejects disturbances,
such as unmodeled nonlinear interactions between agents. The
decentralized approach can be adopted [34] under two main
assumptions: i) each module is equipped with an independent
actuation system, and ii) the configuration vector exhibits low
velocities and accelerations, i.e., ¢ and §. The first assumption
holds due to the self-contained nature of the actuation system
in each module along the chain [5]. The second assumption is
justified by the fact that soft robots typically operate with lower
bandwidth during quasi-static tasks, mainly due to their inher-
ently lower stiffness and damping compared to rigid systems.
This latter condition supports the hypothesis that the dominant
coupling effect arises from the gravitational forces exerted by
the downstream modules. These disturbances change slowly,
and they can be treated as step disturbances. To mitigate them,
integral terms are added to the control law, effectively nullify-
ing errors. The decentralized curvature-based dynamic control
law is

i =Aq,) [K(q,)+ G (q,) + fo (eqi, €44)]

= K:peq i+ ’CDéq i+ T fot €y, ;dt.
th

(14)

where prD(ew-, éq z)
The term q; is the desired configuration of the module ¢
and e, ; = q; — q; is the configuraton vector error. The terms
K(q;) and G(q;) are, respectively, the stiffness and the
gravitational compensation term. The matrix A(qg;) is the
actuation matrix. Furthermore, ICp, Kp, and IC; are the
positive defined control gain matrices. The term I is equal to
N — i for each agent. The idea is to apply a larger integral gain
to the first module, gradually decreasing for subsequent modules
since the disturbance from the weight of downstream modules
is greater for those closer to the base of the arm. In [4], it is
shown the control law, in a centralized case, without the integral
term, has the same structure as a classic robot, controlled
by a nonlinear proportional-derivative regulator. Adding an
integral term preserves stability if the gain is sufficiently low.
This approach does not explicitly compensate for unmodeled
nonlinear interactions between agents but allows the error to
converge to zero due to the integral term.

G. Computational Complexity Analysis

This section highlights the theoretical computational com-
plexity of our control framework compared to the centralized
approach. We focus on the number of basic operations required
to compute the control input: vector summation, matrix-vector
multiplication, and matrix inversion via Singular Value De-
composition (SVD). The variables m, n, and N represent the
number of controlled spatial coordinates, the number of DoFs,
and the number of modules, respectively. For kinematic con-
trol, we compare the reduced communication-based framework
(Section IV-B) with the classic centralized law [11], neglect-
ing the invariant terms. The computational complexity for the
centralized kinematic control is O(min {m(nN)? m?nN}) +
O(mnN ), where the first term is the Jacobian pseudo-inversion,
and the second term is matrix-vector products. For the dis-
tributed, the complexity is O(min {mn?, m?n}) + O(mn) +
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Fig. 4.  Arc-like shape control using the Consensus. The results show the con-
vergence of the configuration vector to the same value for three state components
(a), (b), and (c) and the norm of the tip position error (d).

O(2,m)~y, where the additional term accounts for the collab-
orative component, with v = 0 for a single module arm, 1 for
two modules, and 2 for more. For dynamic control, the cen-
tralized complexity is O(bnN) + O(nN(nN)?) + O((nN)?),
where the terms correspond to vector sums, pseudo-inversion,
and multiplication of resulting terms. In our case b = 7. In
the decentralized case, the complexity is the same but without
dependence on V.

Our scalable framework maintains constant complexity (equal
to 105) as IV increases, while the centralized approach has linear
and quadratic contributions for kinematic and dynamic control,
respectively. The results are shown in Fig. 3.

V. SIMULATION RESULTS

A. Numerical Validation

These results are significant for validating the theoretical tools
and discussing performance. Figs. 4, 5, and 6 show the results
using Consensus, Bipartite Consensus, and Formation Control,
respectively. The three control strategies progressively enable
the robot to achieve increasingly complex shapes - Arc-like,
S-shape, and more generally, any feasible configuration - high-
lighting improvements in generalization through incremental
experiments. For this reason, the desired tip position remains
the same across all strategies, while the resulting shape varies,

and is given by [0.0723, —0.175, 0.574]T. For the Con-
sensus, we obtain an Arc-like shape through agreement among
agents in terms of configuration vectors and convergence to
the desired tip position, as shown in Fig. 4. Interestingly, the
modules follow a similar path, with the first and the second

a b
@ o (b)
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4 odule © —Module 3
2 0.2
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ts]

© (d)
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Fig. 5. S-shape control using the Bipartite Consensus. The results show the
convergence to the agreed dissensus behavior (a), (b), and (c) and the norm of
the tip position error (d).
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Fig. 6.  Shape control using the Formation Control strategy. The results show
the convergence to the desired configuration vectors (a), (b), and (c) and the
norm of the tip position error (d).

following the leader, i.e., the third module, with a certain de-
lay. To minimize this type of behavior, which can lead to an
overshoot, the idea is to maintain a low value of the propor-
tional gain, equal to 0.20, maintaining the balance between the
agreement and the proportional terms. The gain is tuned consid-
ering maintaining agreement, measured by the Laplacian poten-
tial [6]. This ensures a lower overshoot and a good convergence
time.

For the Bipartite Consensus, we show the results in Fig. 5.
Therefore, the final configuration vectors make the previously
described agreed dissensus behavior clear for the adjacent mod-
ules. The variables k and ¢ reach equal absolute values but with
opposite signs. This results in a greater required curvature com-
pared to the Consensus Strategy. Fig. 5(d) shows the convergence
to the desired tip position.

Fig. 6 shows the Formation Control results with the con-
vergence of the configuration vectors and the tip position.
This strategy allows for the performance of more gen-
eral and complex shapes, thanks to the addition of rela-
tive positions among modules. In this example, they are
equal to z1a e = [—0.043, —0.001, 0.044]" and 293 ref =
[0.036, —0.257, 0.327]".

B. Simulations

This section shows the result obtained with the SoRoSim
MATLAB toolbox [8]. This second validation is also performed
to validate the dynamic control shown in Section I'V-F with the
path of the configuration vector planned by the kinematic con-
trollers shown in Section IV-C, IV-D, and I'V-E. The parameters
of each module are: L = 0.205m, D = 0.06 m, E = 10 MPa,
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Three-module robot simulations in SoRoSim with desired tip position equal to [0.0,

—0.168, 0.611]T. Figures (a), (b), and (c) show the final shape

for Consensus, Bipartite Consensus, and Formation Control, respectively, with the same final tip position. The figures (d), (e), and (f), show the shape error in terms

of the configuration vector and the tip position error.
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Fig. 8.  Five-module robot simulations in SoRoSim with desired tip position equal to [0.011, —0.370, 1.008] . Figures (a), (b), and (c) show the final shape

for Consensus, Bipartite Consensus, and Formation Control, respectively, with the same final tip position. The figures (d), (e), and (f), show the shape error in terms

of the configuration vector and the tip position error.

p = 1100 kg/m?, and = 0.05MPa - s. They represent, respec-
tively, the length of the module, the diameter of the cross section,
the Young modulus, the density, and the damping coefficient.
The gain matrices of the dynamic controller are chosen such
that their diagonal elements are of the same order of magnitude
as those of the stiffness matrix. The simulation environment
is based on a different model [8] - namely, the Geometric
Variable Strain (GVS) approach - compared to the one used in
our model-based controller. It considers the interaction among
modules and includes inertial and Coriolis terms, which our
controller assumes to be unmodeled dynamics and aims to reject
as disturbances. This aspect makes the validation of the dynamic
controller more significant. Moreover, the idea is to validate
the control framework for different soft arm setups, to analyze
how dynamic control rejects unmodeled interactions as they
increase. The validation is performed with two different robot
sets: 3-module and 5-module robots, both with identical modules
in terms of physical parameters.

For the former, the final configurations are shown in
Fig. 7(a), (b), and (c). The convergence to the desired shape

is present in Fig. 7, (d), (e), and (f), respectively, for Con-
sensus, Bipartite Consensus, and Formation Control. All the
performed tasks underline the shape’s convergence to the de-
sired one. The adopted controllers enable rapid convergence
to the desired target while effectively rejecting unmodeled
dynamics.

For 5-module robots, the oscillations increase, as expected.
With this setup, the interaction force between modules in-
creases in amplitude, leading to greater oscillations. Moreover,
as established in classical beam theory [35], the oscillation is
inversely proportional to the square of the beam length. This
results in a longer time required for convergence. Fig. 8(a),
(b), and (c) show the final configuration for the three strate-
gies, while Fig. 8(d), (e), and (f) illustrate the convergence
to the desired shape and tip position. The system achieved
good performance, converging to the desired behavior even
under this setup. This highlights that the dynamic interactions
between modules, though not explicitly known to the controller,
are effectively compensated for by the integral term of the
control.
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VI. CONCLUSION AND FUTURE WORKS

In this work, we present a novel, scalable control framework
for modular continuum soft arms. This framework enables the
creation of self-contained modules, each governed by a collabo-
rative controller to achieve the desired shape. Each controller
relies on a minimal model, such as the Constant Curvature
assumption, for its own module, while integrating local position
information shared by neighboring modules. We presented three
kinematic control strategies - Consensus, Bipartite Consensus,
and Formation Control - to achieve more complex and adapt-
able shapes while reaching the same tip position. The control
is performed in three-dimensional space and relies solely on
the relative local positions communicated among agents. Ad-
ditionally, we present a decentralized curvature-based dynamic
controller to manage the unmodeled nonlinear dynamic cou-
pling among modules. In conclusion, we validated the proposed
control framework through extensive numerical simulations.

Future investigations will focus on extending the proposed
framework to incorporate distributed dynamic control and to
generalize the treatment to models with additional strain modes,
such as the GVS model. Finally, experimental validation will be
carried out to demonstrate the effectiveness of the approach in
real-world scenarios.
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