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Soft robotics has grown exponentially during the past two decades due to the possibility of

expanded manipulation capabilities over existing rigid robots in complex, unstructured

environments. Additionally, soft robots can mitigate current safety risks associated with rigid

robots due to their softness. The inspiration for soft robotics has been mainly due to the many

examples from nature, such as the agile environmental interactions of the elephant trunk and

octopus tentacles. Over the past two decades, several applications ranging from underwater

operations to minimally invasive surgeries to space operations have been identified for soft

robots. Motivated by these, the overall objective of this dissertation is to study and develop

control frameworks for high-fidelity motion control of soft robotic systems. This entails

exploiting generalized dynamics models for robust/adaptive control strategies for achieving

various operational tasks involved in non-ideal environments, utilizing integrated sensing

technologies, and investigating control of underactuated soft robotic systems.

This dissertation delve into passivity-based adaptive task space control for soft robots,



mitigating uncertainty in the parameters as accurate parameter estimation is particularly hard in

soft robotic systems. Further, this approach is extended to task space bilateral teleoperation of a

soft follower-rigid leader system exploiting null space velocity tracking to achieve sub-task

goals such as conforming to the degree of curvature limits in the soft robot. An enhanced

dynamics model is also introduced tailored for planar soft robots and elaborate on

passivity-based robust control methods for task space trajectory tracking within this context.

This enhanced dynamics model is subsequently extended to encompass 3D spatial soft robots

and a comprehensive framework for passivity-based robust task space bilateral teleoperation is

discussed. Extensive numerical simulations and experiments are conducted to illustrate the

efficacy of these proposed control frameworks. Moreover, to deploy soft robots in the real

world, this dissertation study integrated sensing and control of soft robots and a stretchable

soft-sensing skin for proprioception s introduced. The mapping from the strain signal to the

curvature degree is estimated using a recurrent neural network. Further, an adaptive control

framework for curvature tracking is proposed, leveraging the soft stretchable sensing skins and

providing experimental evidence of its successful application.

This dissertation also introduces a novel robotic system known as the hybrid rigid-soft

robot, composed of serially attached rigid and soft links, offering a fusion of the dexterity

inherent to soft robots with the precision and payload capacity associated with rigid

counterparts. Notably, the study demonstrates that well-established passivity-based adaptive and

robust control techniques can effectively apply to this unique class of robots. A soft inverted

pendulum with a revolute base is also introduced, establishing a scientific foundation and a

methodological approach for introducing innovative soft robots in various practical applications.

An energy-based controller is discussed for the swing-up and stabilization of the soft inverted



pendulum system, highlighting the efficacy of the controller through simulations. Further, a

comprehensive control architecture is developed for the swing-up and stabilization of a class of

underactuated mechanical systems, including the soft inverted pendulum, by applying output

partial feedback linearization and linear control techniques that avoid switching between

controllers. The utility of this control architecture is illustrated using numerical simulations on

the soft inverted pendulum.

These research endeavors collectively contribute to advancing the understanding of soft

robotics and developing effective control strategies for various dexterous soft robotic systems.
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Chapter 1: Introduction

1.1 What are soft robots?

Conventional rigid robots are typically programmed for ef�cient execution of speci�c

tasks in controlled environments [1]. However, their adaptability in response to unexpected

changes is often limited due to the rigidity of their structural materials. Soft robots, on the other

hand, are systems capable of autonomous behavior fabricated from materials that have low

elastic moduli, in the range of those of biological materials (104–109Pa) [2]. Moreover, unlike

traditional rigid robots, soft robots typically do not have actuated joints in their structure, and

the motions are achieved by continuous deformation of the soft body [3]. Consequently, they

exhibit a high degree of freedom in engaging with their surroundings �exibly and safely and

swiftly adapting to abrupt alterations in their operating context. This is precisely what is

observed in biological systems. Thus, the inspiration for the development of soft robots has been

the robust and agile environmental manipulation by animals, such as the octopus's varied use of

tentacles and elephant's dexterous trunk [4, 5, 6].

From a robotics application standpoint, the compliance and dexterity of soft robots can

be utilized for effective manipulation in unstructured environments. Moreover, these robotic

systems could reduce the harm that could be done in the case of contact, thanks to the softness of

the body, thus potentially mitigating safety risks associated with the classical rigid robots [7]. The
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potential applications of soft robots are numerous and they include minimal invasive surgery [8],

endoscopy [9], inspection tasks [10], search and rescue [11, 12], locomotion [13] and agriculture

harvesting [14] among others.

1.2 Soft robotics: the research �eld

Figure 1.1: Research directions in the �eld of soft robotics.

Soft robotics is an interdisciplinary �eld that amalgamates various branches of knowledge,

including biology, material science, continuum mechanics, and robotics, all with the

overarching goal of addressing fundamental questions while yielding practical applications [3].

In the pursuit of advancing soft robotics, numerous hardware platforms have been put forth,

each demonstrating improved reliability and increased functionalities [15]. This evolution has

predominantly concentrated on the technological aspects of the �eld, resulting in a diverse array

of hardware solutions. However, this profusion has introduced a new challenge – the need to

formulate ef�cient control strategies capable of leveraging the unique properties of soft robots.

To that end, the researchers have investigated different modeling and control frameworks for

soft robots. Moreover, to realize the complete autonomy of soft robots, it is also essential to

equip them with advanced proprioception (sensing capabilities) that do not hinder their inherent

properties. In view of these aspects, four main research directions can be identi�ed in the soft
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robotics �eld - hardware design, modeling, sensing and control, as illustrated in Figure 1.1. This

dissertation primarily explores the controls development research avenue, which in fact is

closely intertwined with modeling as well as sensing. A brief discussion on the recent advances

in these related aspects are given below.

1.2.1 Analytical modeling

A soft body is an in�nite-dimensional dynamic system, making it a challenge to articulate

the kinematics and dynamics of the soft robot in a way that is amenable to control theoretical

formulations. Over the past two decades, several reduced-order mathematical models have been

proposed [3, 5], as summarized below.

The piecewise constant curvature (PCC) formulation is the most widely used modeling

approach for soft robots [3]. It reduces the dimensionality of the soft robot by assuming it to be

composed of a �nite number of segments, each with a time-dependent constant curvature (CC)

[16]. The CC segments are attached so that the resulting curve is differentiable everywhere. To

describe each segment, only three parameters are required: the degree of curvature, the arc angle

or the length of the segment, and the bending plane. The PCC formulation was initially used

to analyze the kinematics of soft robots and has been studied extensively [16, 17, 18]. A few

PCC dynamics models have also been proposed [19, 20, 21, 22]. Recently, a modeling approach

proposed by Della Santina et. al. [22], which models a PCC soft robot as if it were a rigid robot

using an augmented formulation, has opened avenues to implement and test traditional control

algorithms that were developed for rigid robots.

Another popular modeling approach for soft robots is based on Cosserat rod theory. This
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represents a body as a stack of in�nitesimal solid bodies, making it in�nite dimensional [23].

Reduced order models have been developed by using constraints on the deformations, such as

assuming PCC of segments or by including only a �nite number of solid bodies in the model [24].

Both kinematics [25, 26] and dynamics models [27, 28] have been shown leveraging Cosserat

rod theory, and they have proven to be more accurate than simpli�ed PCC models. However,

solving the resulting partial differential equations of these models for control applications remains

cumbersome.

The authors in [29, 30] proposed Finite Element Method (FEM) based approaches for

modeling soft robots under quasi-static conditions, and ref. [31] proposed a dynamic model

using a linearized FEM. However, the drawback of FEM is the high dimensionality due to the

�ne mesh required for an accurate approximation. Among other models, there are also dynamics

models using Ritz-Galerkin methods [32] and models employing discretizations of a continuum

rod with lumped parameters [33]. Recently, a soft robot dynamics model based on polynomial

curvature was introduced [34], which enables additional degrees of freedom in modeling. It was

used to model a soft inverted pendulum with af�ne curvature [35].

1.2.2 Control

Soft robot control can be categorized into two main groups: kinematic controllers and

dynamic controllers. Kinematic control exclusively focuses on the robot's posture, disregarding

any consideration of forces. Consequently, this approach relies on a steady-state model,

allowing it to execute control based solely on position or velocity/acceleration parameters. On

the other hand, dynamic control considers the system's dynamics, incorporating physical forces
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like inertia and gravity. As a result, dynamic control can attain a higher level of precision than

kinematic controllers and offers greater versatility in enabling force-based interactions with the

robot's environment.

Among kinematic controllers, the authors in [36] introduced an adaptive visual servo

controller based on a PCC formulation without requiring knowledge of the actual values of the

manipulator's length. A closed-loop position controller using a FEM-based kinematic model

was demonstrated in [37]. The authors in [38] introduced a real-time closed-loop kinematic

controller for con�guration space trajectory tracking using a PCC formulation.

Considering dynamic controllers, a majority of the state-of-the-art dynamic controllers are

open-loop due to the complex nature of the models, which have a high computational cost for

closed-loop control. Feedforward position control of soft robots using PCC-based dynamic

models has been proposed [20, 34, 39]. Using the augmented formulation introduced in [21],

dynamic feedback controllers for soft robots have been designed for curvature and surface

tracking using an impedance controller [21, 22, 40]. A posture controller using a PCC-based

dynamics model has been proposed [41] and a sliding mode controller for tracking [42]. All of

these controllers assumed perfect knowledge of the soft robot models. To handle uncertainty in

dynamic parameters, a task space adaptive control for soft robots has been proposed in [43].

Using an augmented model, the curvature space adaptive control of soft robots has been

proposed in [44]. Con�guration space trajectory tracking using an interval-arithmetic-based

robust controller was proposed [45]. Recently, in [46], a nonlinear adaptive position and

stiffness controller for pneumatic soft robots was proposed.

The interested reader is referred to the recent survey papers [3, 5] for a comprehensive

review on soft robot modeling and control.
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1.2.3 Proprioception

Much work on developing embedded sensing for soft robots has emerged in recent years

[47]. Some studies demonstrated the use of commercially available �ex sensors embedded in

soft robots to measure the bending of the body [48, 49, 50, 51]. However, a drawback of these

commercial �ex sensors is their potential to stiffen the soft bodies since they lack the same level

of softness as the robot itself [52, 53]. As a result, various research groups have turned their

focus to creating soft embedded sensors that preserve the mechanical compliance of soft robots,

thus avoiding this issue [53, 54, 55]. The review paper [56] discusses soft pneumatic actuators

fabricated entirely with additive manufacturing methods with self-sensing capability. Recent

efforts in embedded sensing technology have used polydimethylsiloxane (PDMS) �lled with

carbon nanotubes (cPDMS) [52, 57]. Another approach presented in [58] employs off-the-shelf

conductive silicone elastomer sheets that are laser-cut into Kirigami patterns and subsequently

bonded to the soft robot's skin, resulting in soft piezoresistive silicone sensors. These sensors

have been employed to predict the steady-state 3D con�guration of the soft robot through the

application of a trained Recurrent Neural Network (RNN). This strategy has been harnessed for

developing data-driven disturbance observers to estimate external forces acting on soft robots

[59].

1.2.4 Challenges and opportunities

Due to the complexity of the behavior of the soft body, it has been a challenge to articulate

suitable models to describe the dynamics of the soft robots. A few exact models based on

Cosserat rod theory and reduced order models based on certain assumptions on the curvature of
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the robot (constant or polynomial) have emerged in the literature for soft robots. However, the

ef�cacy of these models in control aspects has not been thoroughly investigated, for example,

the susceptibility of these dynamic models when presented with external forces. Additionally, as

soft robots are inherently in�nite dimensional, any reduced-order modeling will introduce some

form of underactuation in the model. However, these reduced-order models are often assumed to

be fully actuated in the considered order. While most of the proof of concept work in the

literature has demonstrated the effectiveness of these fully actuated approximations, the

downside is that relying on a coarse approximation during control design might result in

performance decline and instability. Also note that the designing of control frameworks for soft

robots has been under-developed due to the lack of adoptable dynamic models developed for

soft robots. The exact models are computationally costly for implementing real-time controllers,

while the reduced-order models might be unrealistic for practical implementations.

Furthermore, the existing controllers developed for soft robots assume the perfect knowledge of

the robot model. These might fail if the controllers are not tuned perfectly due to the

uncertainties arising from the parameters, such as the stiffness and damping of the soft robot.

Furthermore, the actuation limits (such as applicable maximum pressure for a pneumatically

actuated soft robot) and the con�guration space limits (such as the curvature limits) should also

be considered in developing the control frameworks as these in�uence the controller's

performance.

Given these challenges in soft robotics, a crucial focus lies in developing control strategies

that empower soft robots to perform precise and controlled movements in the presence of

continuous interactions with unstructured and dynamic environments. These control strategies

must demonstrate robustness, allowing them to handle uncertainties introduced in the model.
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Furthermore, effectively addressing underactuation in soft robots remains a signi�cant aspect of

research and development of this class of robots. This necessitates the incorporation of

underactuation into control strategies by considering the distinctive dynamics of soft robotic

systems, where there are fewer control inputs than con�guration variables. Achieving control in

such systems demands innovative approaches and methods that leverage these robots' inherent

compliance and �exibility, allowing them to accomplish tasks in ways that traditional rigid

robots cannot.

1.3 Scope and contributions of the dissertation

The primary scope of this dissertation revolves around the dynamic control of soft robotic

systems. In pursuit of this, and motivated by the above challenges and opportunities, this

dissertation contributes to the soft robotics �eld by investigating the following key challenges:

• Uncertainty mitigation and robust stabilization of soft robots:exploring methods to address

uncertainties and ensure the robust stabilization of soft robotic systems.

• Practical embodied sensing:exploring the application of stretchable soft sensors for

providing feedback in the motion control of soft robots.

• Dexterous and precise manipulation of hybrid rigid-soft robots:exploring the

manipulation capabilities of hybrid rigid-soft robots, focusing on their dexterity and

precision while studying the impact of uncertainties and use different actuation modalities

to achieve task space tracking.
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• Swing-up and stabilization of underactuated soft robots:exploring strategies for swinging

up and stabilizing a novel underactuated soft robotic model, speci�cally the soft inverted

pendulum with a revolute base.

1.3.1 Contributions

By addressing the challenges identi�ed above, this dissertation aim to contribute to

advancing knowledge and capabilities in soft robotics. The main contributions of this

dissertation are listed in detail below.

Given uncertainty mitigation and robust stabilization of soft robotic systems, this

dissertation investigates classical passivity-based adaptive control and passivity-based robust

control approaches for task space trajectory tracking of soft robotic manipulators and show their

utility for control of soft robots. This is the �rst time such passivity-based controllers were

investigated for soft robot control. Moreover, this dissertation introduce an enhanced modeling

framework for multi-link soft robots, which captures the inertia effects of the soft robots.

Further, these passivity-based task space controllers are extended for bilateral teleoperation

frameworks, which were studied for the �rst time.

Considering enabling the soft robots to be deployed in non-ideal scenarios in the real

world, this dissertation investigates the utilization of proprioceptive sensing to obviate the need

for external sensors such as motion capture cameras for curvature measurements. To that end, a

stretchable soft-sensing skin retro�tted to a soft robotic segment is introduced for the degree of

curvature estimation. The utility of this sensor is demonstrated by employing a passivity-based

adaptive controller for curvature tracking. This demonstrates, for the �rst time, the utilization of
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soft sensing skins for precise control of soft robots.

Given dexterous and precise manipulation, a novel robotic system is introduced, a hybrid

rigid-soft robot composed of serially attached rigid and soft links. This robot would provide both

the dexterity of soft robots and the precision and payload capacity of a rigid robot. One challenge

in controlling these hybrid robots is that there could be increased uncertainty in parameters,

including the actuation parameters. This dissertation demonstrates that the well-known passivity-

based adaptive control and robust control can be utilized to address this challenge. Further, if the

hybrid robots are constructed to be redundant manipulators, it is shown that the null space velocity

of this class of robots can be used for obstacle avoidance sub-task.

As a �rst step toward understanding how softness impacts the control performance of

underactuated soft systems, this dissertation introduces a novel system coined as a soft inverted

pendulum with a revolute base and study the swing-up and stabilization of this system.

Motivated by swing-up controllers developed for classical underactuated systems, a two-stage

control method is investigated: an energy-based swing-up controller and a linearized stabilizing

controller. Using theoretical proofs and numerical simulations, this dissertation shows that this

soft inverted pendulum with a revolute base can be stabilized upright, a feat never achieved in

the literature before. Further, a single continuous control strategy is introduced to enlarge the

region of attraction of a linear controller for the swing up and stabilization of a class of

underactuated systems, which includes the SIPR system, employing output partial feedback

linearization and a linearized controller. The motivation lies in introducing controllers for

underactuated pendulum-like systems that avoid switching between controllers. Indeed this

continuous controller is formulated in a general way which can be applied toclass-I

underactuated systems.
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1.4 Outline of the dissertation

Chapter 2 discusses passivity-based adaptive task space control of soft robots and its

extension for bilateral teleoperation of soft robots. This chapter also introduces the simulation

environment used for most of the numerical simulations presented in this dissertation. In

Chapter 3, an enhanced dynamics model for planar soft robots is introduced, and passivity-based

robust control for task space trajectory tracking of planar soft robots is discussed. Chapter 4

extends the enhanced dynamics model to 3D spatial soft robots, and a passivity-based robust

task space bilateral teleoperation framework is discussed. An adaptive control framework for

curvature tracking is introduced in Chapter 5 utilizing soft stretchable sensing skins and

experimentally demonstrating successful curvature tracking control. In Chapter 6, a novel

robotic system is introduced, coined as a rigid-soft hybrid robot composed of serially attached

rigid and soft links. This robot would provide both the dexterity of soft robots and the precision

and payload capacity of a rigid robot. It is demonstrated that the well-known passivity-based

adaptive and robust control can be utilized for this class of robots. Chapter 7, introduces a soft

inverted pendulum with a revolute base that could provide both scienti�c evidence and a

prescribed methodology to introduce novel soft robots in several compelling applications in

robotics and control education, agriculture, and health. An energy-based controller for swing-up

and stabilization is discussed for the soft inverted pendulum system, illustrating the designed

controller's ef�cacy using simulations. Moreover, in Chapter 8, a control architecture for the

swing-up and stabilization of a class of underactuated mechanical systems is developed, which

includes the soft inverted pendulum, by employing output partial feedback linearization and

linear control. Chapter 9, adds the concluding remarks, providing a summary of the
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contributions, discussing the limitations, and noting possible future research directions.

Additionally, some preliminaries and supplemental material are included in Appendix A.
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Chapter 2: Adaptive Task Space Control of Soft Robots

In this chapter, a passivity-based adaptive task space control framework is developed for

soft robots under the PCC hypothesis leveraging theaugmented formulation[22]. Further, a

bilateral teleoperation (leader-follower) framework for soft robots is also introduced. A

simulation study and an experimental investigation of the proposed control algorithms on a

planar soft robot are conducted and the results are discussed pointing out the important

observations.

2.1 Overview

Dynamics models proposed for soft robots have been based on PCC formulation [19, 20,

21, 22], Cosserat rod theory [28] and Ritz-Galerkin models [32] among others [33, 60]. Using

these available models, several control frameworks for soft robots have been developed [5, 22].

However, most of them require exact knowledge of the system parameters, which is hard to

estimate accurately, especially in soft robots. One approach to mitigate the uncertainty in the

parameters is to utilize adaptive control techniques [61]. In the literature, there have been several

previous work on adaptive control of soft robots. A model reference adaptive control for soft

robots [62] has been used in an open-loop inverse dynamic feedforward controller to follow

reference trajectories in the degree of curvature space. A model-based sliding mode controller has

13



been developed for curvature tracking [41, 63]. Recently, the authors in [44] proposed adaptive

control for curvature tracking in 3D soft robots. However, these dynamic controllers are not

designed to track task space trajectories. There has been a kinematic adaptive controller for soft

robots proposed for task space trajectory tracking [64], but such kinematic controllers might fail

under considerable dynamic effects.

This chapter proposes a passivity-based adaptive controller for task space trajectory

tracking of soft robots considering a redundant inextensible soft robot under PCC hypothesis.

The dynamic model of the soft robot is approximated to a rigid robot with elastic joints using

the recently introducedaugmented formulation[22]. Then the task space adaptive controller is

developed using classical methods by following [61].

Further, as an extension, based on the adaptive task space controller, an adaptive task

space bilateral teleoperation (ATSBT) framework for soft robots is proposed. Although the state

of the art on control and motion planning of soft robots have grown recently, bilateral

teleoperation of soft robot systems has not been addressed adequately [65]. On the other hand,

for rigid link robotic systems bilateral teleoperation frameworks have been extensively studied,

such as in systems with dissimilar kinematics [66], parameter uncertainty [67], constant /

non-constant communication time delays [68, 69], etc. The redundancy of the follower robot

has also been used to achieve secondary objectives such as singularity avoidance and collision

avoidance while tracking the robot tip [67]. Among the very few work on teleoperation of soft

robots, a telerobotic system for telesurgeries has been proposed in [70]. However, only a

kinematic formulation was proposed. A task space teleoperation framework considering the

dynamics for an extensible soft robot using feedback linearization was been proposed in

[41, 71]. The authors also have utilized the null space velocity of the redundant follower robot to
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achieve singularity avoidance as a sub-task. A model based nonlinear control strategy was

utilized to achieve asymptotic task space tracking between the leader device and the soft

follower robots [72]. However, all these works did not include any feedback from the follower

robot to the leader robot, and hence the robots were not controlledbilaterally. Furthermore,

dynamic uncertainty was not considered in the literature on teleoperation of soft robots.

In the proposed ATSBT in this chapter, it is considered that the leader robot is a non-

redundant rigid manipulator. The follower robot is considered to be a redundant inextensible soft

manipulator under the PCC hypothesis. The end-effector is modeled as a lumped mass at the soft

robot's tip. The ATSBT framework is introduced using classical control strategies developed for

rigid robots. This dissertation demonstrates for the �rst time that passivity-based adaptive task

space controllers [67] can be constructively utilized forbilateral teleoperationof a rigid leader

robot and a soft follower robot. Consequently, the need for exact knowledge of the rigid leader

or the soft follower robots' parameters is obviated. This is not only useful when the soft robot's

model parameters cannot be exactly measured but also in the case when the inertial parameters of

the end effector are not knowna priori. Additionally, the null space velocity tracking is utilized

to achieve sub-task goals such as conforming to degree of curvature limits in the soft robot. This

work on bilateral teleoperation of soft robots was presented in [73].

The rest of the chapter is organized as follows. Theaugmented formulationof the soft

robot is explained in Section 2.2. Then passivity-based adaptive control for task space trajectory

tracking of soft robots is discussed in Section 2.3. The ATSBT framework for the soft robotic

system is introduced in Section 2.4. In Section 2.5, the simulation environment is introduced and

the simulation results are discussed. Finally, in Section 2.6, the experimental setup and the results

for the proposed control frameworks for the soft robotic system are illustrated.
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2.2 Augmented formulation of soft robots

This section brie�y explains the mathematical model of the considered soft robot, which is

a planar soft manipulator. The dynamics of the soft robot is formulated as a Lagrangian system

through an approximated dynamically consistentaugmented formulationusing the methods

introduced by Santina et al.,[21, 22]. The interested reader is referred to [22] for the complete

derivation.

It is assumed that the soft robot is composed ofn inextensible segments and each segment

has a CC along the central axis of the segment which is time varying. To form the soft robot,

thesen CC segments are attached together in such a way that the resulting curve is differentiable

everywhere. Under this hypothesis a single variable per segment, namely the degree of curvature,

is suf�cient to describe the segment's con�guration in space. This model is known as the PCC

model and is commonly used in soft robotics to reduce the in�nite dimensionality of the soft

robot [16].

The augmented robot model of this PCC robot is represented as a rigid link robot with a

sequence of revolute and prismatic (R and P) joints with elasticity using theaugmented

formulationthat connects the kinematic and approximated dynamic properties of the PCC soft

robot to a conventional rigid robot system. Let the total number of joints per CC segmentl and

de�ne the generalized coordinates for the PCC robot in this representation as� 2 Rnl which is

called as theaugmented con�guration. The continuously differentiable map,� : Rn ! Rnl

connects the augmented con�gurations to the PCC robot model con�gurations (degree of

curvature space).

Consider thei th CC segment as shown in Figure 2.1a. Let us denote the degree of
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(a) (b)

Figure 2.1: The PCC robot and the augmented robot as RPPR links are superimposed and shown
here. The soft robot segments are shown in red. Panel (a) shows thei th segment superimposed
RPPR model and panel (b) illustrates the representation of a soft robot manipulator with three
CC segments with an end effector of lumped massme at the tip.

curvature asqsi , which would be the con�guration variable of this segment. Under the

hypothesis of inextensible segments, the length of the segment is assumed to be constant and is

denoted byL si . The mass,msi , of the segment is assumed to be lumped at the center of the

main chord connecting the ends of the CC segment.

In this work the augmented robot is represented as a sequence ofl = 4 joints (RPPR) and

is illustrated in Figure 2.1a. The augmented representation of this RPPR link representation is

� i = [ � i 1; � i 2; � i 3; � i 4]> and the kinematically and dynamically consistent connection map is

de�ned as,

� i = � (qsi ) =
� qsi

2
; L si

sin(qs i
2 )

qsi
; L si

sin(qs i
2 )

qsi
;

qsi

2

� >

As the PCC robot is a sequence ofn such CC segments joined together, the complete
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con�guration of the equivalent rigid robot model would be a sequence of RPPR links,

� = � (qs) =
�
� (qs1)> ; � (qs2)> ; : : : ; � (qsn )>

� >

Figure 2.1b illustrates a PCC robot comprised of three CC segments which also carries an end-

effector approximated as a lumped mass at the end of the robot with massme.

The dynamics of the augmented robot model including the end-effector is then found using

Euler-Lagrangian methods for rigid robots [74] as,

M (� ) •� + C(�; _� ) _� + G(� ) = � � J >
� Fext (2.1)

whereM (� ) 2 Rnl � nl is the inertia matrix,C(�; _� ) _� 2 Rnl is the Coriolis and centrifugal terms

matrix, G(� ) 2 Rnl is the gravity vector,� 2 Rnl is the augmented control input vector. Here,

the task space of the robot is considered to beRp wherep � n and let the end-effector position of

the robot to beX s(t; � ). Fext 2 Rp is the external forces by the environment on the end-effector

of the soft robot and are mapped through the JacobianJ� = @Xs(� )=@�.

In order to propose control algorithms to the soft robot, one needs to derive the dynamics

of the PCC robot evolving on� = � (q). This is done by calculating the augmented con�guration

derivatives�; _�; •� with regard toq; _q;•q as� = � (q), _� = J� (q) _q and •� = _J� (q; _q) _q + J� (q)•q and

substituting them in (2.1). HereJ� (q) 2 Rmn � n represents the JacobianJ� (q) = @�(q)=@q. Then

the resulting equation is pre-multiplied withJ >
� yielding the dynamic equation,

M s(q) •qs + Cs(qs; _qs) _qs + Gs(qs) = � s � J T
s (qs)Fext (2.2)
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where,

M s(qs) = J >
� (qs) M (� (qs)) J� (qs)

Cs(qs; _qs) = J >
� (qs) M (� (qs)) _J� (qs; _qs) + J >

� (qs) C(� (qs); J� (qs) _qs) J� (qs)

Gs(qs) = J >
� (qs) G(� (qs))

� s = J >
� (qs) �

Js(qs) = J� (� (qs))J� (qs)

Finally, in order to incorporate the compliance of the soft robot, linear elastic and dissipative

terms are introduced to the dynamic equation (2.2). Then, the complete dynamics of the soft

robot in the Lagrangian form is derived as,

M s(qs) •qs + Cs(qs; _qs) _qs + Ds _qs + K sqs + Gs(qs) = � s � J T
s Fext (2.3)

where, dampingDs = diag(di ) 2 Rn� n and stiffnessK s = diag(ki ) 2 Rn� n are usually

determined through system identi�cation. Here diag(�) denotes the diagonal matrix. Speci�c

properties of Lagrangian systems which are utilized in this dissertation is included in Appendix

A.2 for completeness.
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2.3 Passivity-based adaptive control for task space trajectory tracking

Consider the direct forward kinematicshs(�) : Rn ! Rp which maps the con�guration

space to the task spaceRp. Thus, the end effector position and the velocity are de�ned as,

X s(t) = h(qs); _X s(t) = Js(qs) _qs

where,Js(qs) = @hs (q)
@qs

2 Rp� n is the Jacobian matrix. LetX d(t) be the desired reference task

space trajectory. Then, the tracking error is de�ned as,

es(t) = X s(t) � X d(t):

In order to drive the tracking error to approach origin, the trajectories of the system is restricted

to the sliding surface,

ss(t) = J +
s (qs) _es(t) + J +

s (qs)� es(t) (2.4)

where,� 2 Rp� p is a positive de�nite gain matrix. Here,J +
s , J >

s (JsJ >
s )� 1 2 Rn� p is the

pseudo inverse ofJs and satis�es the propertyJsJ +
s = In whereIn is then � n identity matrix.

Note that whenss = 0,

_es(t) = � JsJ +
s � es(t) + J (In � J +

s Js) s = � � es(t) (2.5)
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and hence, the errors will reach the origin whenss = 0. Let us de�ne signals,

vs = _qs � ss

as = •qs � _ss:

Assuming uncertainty in the parameters, let us use the notation(̂�) to denote the estimated values

and ~(�) to denote the estimation error. Using the linearity in parameters property (Property A.3)

of Lagrangian systems for the system (2.3), one can de�ne the regressor(Ys (qs; _qs; vs; as)) and

parameter(� s) vector pair for the estimated systems,

Ys(qs; _qs; vs; as)�̂ s = M̂ s(qs)as + Ĉs(qs; _qs)vs + D̂svs + K̂ sqs + Ĝs(qs): (2.6)

Here time invariant uncertainties in the dynamic terms, stiffness, damping and actuator

parameters are assumed. Thus, the parameter vector� s is a constant.

Following the adaptive control approach [61], the control input for the soft robot is de�ned

as,

� s = Ys(qs; _qs; vs; as)�̂ s � K 0ss (2.7)

whereK 0 is a positive de�nite diagonal gain matrix. The closed loop system can be found by

substituting the proposed control (2.7) in the soft robot dynamics (2.3), and using (2.6),

M s(qs) _ss + Cs(qs; _qs)ss + Dsss + K 0ss = Ys(qs; _qs; vs; as) ~� s (2.8)

21



where~� s = �̂ s � � s. Let the adaptation law for the parameter estimation de�ned as,

_̂� s = � � sY >
s ss (2.9)

where� s is a positive de�nite symmetric gain matrix that needs to be tuned.

Theorem 2.1 Consider the closed loop system (2.8) with the parameter adaptation law (2.9) and

sliding surface (2.4). In the absence of any external wrenches, the task space position error(es)

and velocity error( _es) asymptotically reach the origin while the parameter estimation error( ~� s)

remains bounded.

Proof of Theorem 2.1 Consider a Lyapunov like function for the system de�ned as,

V =
1
2

�
s>

s M sss + ~� >
s � � 1

s
~� s

�
� 0

DifferentiatingV with respect to time yields,

_V =
1
2

s>
s

_M sss + s>
s M s _ss + ~� >

s � � 1
s

_~� s

=
1
2

s>
s

_M sss + s>
s

�
� Csss � Dsss � K 0ss + Ys

~� s

�
+ _~� >

s � � 1
s

~� s

Using the skew symmetry property (Property A.2) and using the chosen adaptation law (2.9) one

can obtain,

_V = � s>
s Dsss � s>

s K 0ss � 0:

22



AsV � 0 and _V � 0, lim t !1 V is �nite. Therefore,s 2 L 2 andss; ~� s 2 L 1 . From (2.8), noting

the properties of Lagrangian systems, it is observed that_ss 2 L 1 . Therefore, sincess 2 L 2 and

_ss 2 L 1 , one can show thatss ! 0 ast ! 1 . Now from (2.5),es; _es ! 0 onces = 0.

2.4 Adaptive task space bilateral teleoperation framework

The proposed ATSBT framework is developed based on the Lagrangian formulation of the

soft follower robot and the rigid leader robot as given by (2.3) and (2.10) assuming the leader

is non-redundant and the follower is redundant. Similar methods as in [67] is followed in this

dissertation to derive the framework.

2.4.1 The rigid manipulator : leader robot

This section introduces the mathematical model of the leader robot which is modeled as a

rigid serial link manipulator withp links. In the absence of friction, the dynamics of the leader

robot can be written in the usual Euler-Lagrangian form as [74],

Mm (qm )•qm + Cm (qm ; _qm ) _qm+ Gm (qm ) = � m + J >
m (qm )Fh (2.10)

whereMm (qm ) 2 Rp� p is the inertial matrix,Cm (qm ; _qm ) _qm 2 Rp collects the centrifugal and

Coriolis terms withCm (qm ; _qm ) 2 Rp� p expressed in Christoffel symbols andGm (qm ) 2 Rp is

the gravitational force vector.qm 2 Rp is the generalized con�guration variables which in this

case are the relative joint angles and� m 2 Rp is the generalized force vector.
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2.4.2 Control design

The ATSBT framework is designed in this section. Subscriptsj = m; s are used for concise

representation where, subscriptm refers to the rigid leader robot and subscripts refers to the

soft follower robot. Similar to Section 2.3, consider the mapshm (�) : Rp ! Rp andhs(�) :

Rn ! Rp which map the con�guration spaces to the task spaceRp. In this work the direct

forward kinematics of the robots are utilized as these maps and the robot tip positions and their

velocities are de�ned as,X j = hj (qj ) and _X j = Jj (qj ) _qj respectively. Here,Jj (qj ) = @hj (qj )
@qj

are

the Jacobian matrices.

Following the passivity-based adaptive control approach [61], assuming time invariant

uncertainties in the inertia and Coriolis/centrifugal terms, the control inputs for the rigid leader

and soft follower robots are given as,

� m = M̂m (qm )am + Ĉm (qm ; _qm )vm + Ĝm (qm ) � K msm � J T
m �� m

� s = M̂ s(qs)as + ( Ĉs(qs; _qs) + D̂s)vs + K̂ sqs + Ĝs(qs) � K 0ss � J T
s �� s (2.11)

where(̂�) indicates the estimates for the corresponding terms.K m andK 0 are positive de�nite

diagonal matrices that needs to be tuned and�� j are the coordinating control. The signalsaj , vj

andsj , and coordinating controls�� j are de�ned subsequently.

Using the properties of Lagrangian systems one can de�ne the regressor-parameter vector
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pair (Property A.3) for the estimated systems,

M̂m (qm )am + Ĉm (qm ; _qm )vm + Ĝm (qm ) = Ym (qm ; _qm ; vm ; am )�̂ m

M̂ s(qs)as + ( Ĉs(qs; _qs) + D̂s)vs + K̂ 0qs + Ĝs(qs) = Ys(qs; _qs; vs; as)�̂ s

The tracking errors for the leader system and soft follower system are de�ned as

em (t) = X s(t � Ts) � X m (t);

es(t) = X m (t � Tm ) � X s(t):

Constant communication time delays ofTs and Tm are assumed here. The signals

am (t); vm (t); sm (t) for the leader andas(t); vs(t); ss(t) for the follower are as follows (omitting

the dependencies due to brevity):

sm = � J � 1
m � mem + _qm

vm = _qm � sm = J � 1
m � mem

am = •qm � _sm = _J � 1
m � mem + J � 1

m � m _em

ss = � J +
s � ses + _qs � (I n � J +

s Js) s

vs = _qs � ss = J +
s � ses + ( I n � J +

s Js) s

as = •qs � _ss = _J +
s � ses + J +

s � s _es +
d
dt

[(I n � J +
s Js) s]

(2.12)

where� j are properly chosen positive de�nite matrices and s 2 Rp is the negative gradient of
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an appropriately de�ned convex function which is utilized for the sub-task control (see Appendix

A.4). J +
s , J T

s (JsJ T
s )� 1 2 Rn� p is the pseudo inverse ofJs and satis�es the propertyJsJ +

s = Ip.

HereI i , for i = n; p is thei � i identity matrix. The coordinating controls�� j are de�ned as,

�� j = kr j (� � j ej + _X j ) � kJ j _ej (2.13)

wherekr j andkJ j are positive gains that need to be chosen properly.

The closed loop dynamics of the system is found by substituting the proposed controls

(2.11) to (2.3) and (2.10). Then, using the linear parameterizability of the Lagrangian dynamics

(Property A.3),

Mm (qm ) _sm + Cm (qm ; _qm )sm + K msm = Ym (qm ; _qm ; vm ; am ) ~� m � J T
m �� m + J T

mFh

M s(qs) _ss + Cs(qs; _qs)ss + Dsss + K 0ss = Ys(qs; _qs; vs; as) ~� s � J T
s �� s � J T

s Fext

(2.14)

where~� j = �̂ j � � j . The adaptation law for the parameter estimation is de�ned as,

_̂� m = � � mY T
m sm ;

_̂� s = � � sY T
s ss (2.15)

where� m and� s are positive de�nite symmetric gain matrices.

First, the free motion case is considered when there is no human operator force on the

leader and there is no environmental force on the follower (i.e:Fh = Fe = 0). Following the
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proof of Theorem 3.1 of [67], assuming thatJm is full rank and operated under free motion of the

closed loop teleoperation system (2.13) – (2.15), the tip of the soft follower robot asymptotically

tracks the tip position and velocity of the rigid leader robot. i.e:ei ; es ! 0 and _em ; _es ! 0 as

t ! 1 .

Next, the case when the human operator exerts a force on the leader and/or the follower

robot experiences environmental forces is considered. Here it is assumed that both the human

operator and the remote (follower) environment are passive with respect to the inputsFh(t),

Fe(t) and outputsrm = Jmsm , r s = Jsss. Hence, there exist constantskh; ke 2 R+ such that

�
Rt

0 F T
h (� )rm (� )d� 6 � kh and

Rt
0 F T

e (� )re(� )d� 6 � ke.

Similarly to the free motion, assuming thatJm is full rank and the human operator and

the remote environment are passive with respect to the inputsFh(t), Fe(t) and outputsrm , r s it

can be shown that the closed loop teleoperation system described by (2.13) – (2.15) will drive

ei ; es ! 0 and _em ; _es ! 0 ast ! 1 .

2.5 Simulation study

This section presents the simulation results for the proposed adaptive controller for soft

robot task space trajectory tracking and the proposed bilateral teleoperation framework. First,

the general simulation environment for the soft robot will be introduced and subsequently the

simulated scenarios and the results are illustrated.
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2.5.1 Simulation environment: simulating the soft robot

Since exact models of soft robots are hard to simulate, a FEM approach is utilized to

simulate a planar soft manipulator. While, this model is a hyper-redundant system which lies

outside the PCC hypothesis, it validates the control performance even outside the assumed PCC

hypothesis.

A planar soft robot comprised of three actuated CC segments operating on the horizontal

plane with a �xed base at the origin is considered in the simulations. All the three actuated

segments of the soft robot are considered to be identical with a mass of1kg and a length of

1m. Each segment is discretized into six equal rigid links (each with mass0:083kg and length

0:167m) connected through linear torsional spring-dampers with parallel axes. The states of the

FEM, qsim ; _qsim 2 R18 are mapped to the states of the soft robot modelqs; _qs 2 R3 by summing

the corresponding states of the �nite elements in one segment as,

qs =

"
6X

j =1

qsim j ;
12X

j =7

qsim j ;
18X

j =13

qsim j

#>

_qs =

"
6X

j =1

_qsim j ;
12X

j =7

_qsim j ;
18X

j =13

_qsim j

#>

:

For a particular CC segment, the FEM is actuated providing the same torque input for all the joints

in the FEM of that segment. This results in an actuation mapping between the FEM actuation

� sim 2 R18 and the soft robot actuation� s 2 R3 de�ned as� sim = A� s. Here the transmission
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matrix A 2 R18� 3 de�ned as,

A =

2

6
6
6
6
6
6
4

I6;1 O6;1 O6;1

O6;1 I6;1 O6;1

O6;1 O6;1 I6;1

3

7
7
7
7
7
7
5

where I6;1 is the 6 � 1 unity vector ([1; 1; 1; 1; 1; 1]> ) and O6;1 is the 6 � 1 null vector

([0; 0; 0; 0; 0; 0]> ). Each torsional spring-damper in the FEM is considered to have a stiffness of

3 Nm/rad and a damping of1:2 Nms/rad. Thus, assuming identical stiffness and damping in the

CC segments, the torsional damping of each CC segment is found out to bedi = d = 0:2

Nm/rad resulting in the systems damping to beDs = 0:2 I 3� 3 Nms/rad and torsional stiffness is

ki = k = 0:5 Nm/rad resulting in the systems stiffness to beK s = 0:5 I 3� 3 Nm/rad. The

Robotics System Toolbox in Simulink is used to simulate the FEM of the soft robot.

2.5.2 Simulation results for adaptive task space trajectory tracking

In this simulation study, the uncertainty was assumed in the soft robot's segment masses

(mi ), torsional stiffness (ki ) and torsional damping (di ). Note that, the end effector is omitted in

the dynamics used for this simulation. Thus the parameter vector was chosen as

� s = [ m1; m2; m3; k; d]> and the initial estimates for the parameters were set to

�̂ s(0) = [1 :2; 0:8; 1:3; 0:1; 0:1]> which are different from the nominal values. The control gains

were set to � = 0 :75, � = 7 and K 0 = 2. The soft robot was initialized at

qs(0) = [ � 0:15; 0:1; 1:5]> rad and_qs(0) = [0 ; 0; 0]> rad/s. A predetermined reference trajectory

(X d(t)) as shown in Table 2.1 was used over a period of100s for task space trajectory tracking.

29



Table 2.1: Reference trajectory for task space trajectory tracking used in the simulation study

Time / s Reference trajectory (X d(t) ) / m

0 � t < 20 [� 1:1 � 0:5 sin(t=2) ; 2:1 + 0:5 cos(t=2)]>

20 � t < 30 [0:1t � 3:1 � 0:5 sin(10); 2:1 + 0:5 cos(10)]>

30 � t < 40 [� 0:1 � 0:5 sin(10); 0:05t + 0:6 + 0:5 cos(10)]>

40 � t < 60 [� 0:1 � 0:5
�

sin(10) � sin( (t � 40)�
5 )

�
; 2:1 + 0:5

�
cos(10) + cos((t � 40)�

5 )
�

]>

60 � t < 70 [� 0:1t + 5:9 � 0:5 sin(10); 2:6 + 0:5 cos(10)]>

70 � t < 80 [� 1:1 � 0:5 sin(10); � 0:05t + 6:1 + 0:5 cos(10)]>

80 � t � 100 [� 1:1 � 0:5 sin(10); 2:1 + 0:5 cos(10)]>

The trace of the soft robot's tip trajectory along with the reference trajectory in the task

space is illustrated in Figure 2.2a. Considerably high tracking errors over the initial10s as seen in

Figure 2.2b might be due to the fact that the parameters are being updated and has not converged.

However, as the time progresses the tracking error approaches zero. Figure 2.2c illustrates the

control torques under the proposed adaptive controller. Sudden spikes are observed initially as

well as in instances when the reference trajectory suddenly moves direction. Although such

control signals are possible in a simulation environment, in actual physical soft robot models

there might be actuation limits, thus inhibiting the performance of the controller. To investigate

such behavior, the proposed controller is tested in an experimental study (Section 2.6.2).

The evolution of parameter estimation is illustrated in Figure 2.3. Here, it is observed that

the parameters do not converge to their actual values, except for the stiffness value. Intuitively,

the convergence of the stiffness value to the actual value is required for steady state stability.

However, it can be seen that the other parameter values remain bounded, as expected.
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(a) Trace of the task space trajectory

(b) Tracking performance

(c) Control inputs

Figure 2.2: Simulation results for the trajectory tracking performance of the proposed adaptive
controller.
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Figure 2.3: Simulation results for parameter adaptation of the system parameters.
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2.5.3 Simulation results for ATSBT

This section presents the simulation results demonstrating the performance of the

proposed bilateral teleoperation framework. The rigid leader robot was composed of two links

with [1:55; 1:45]> m length and each weighing 1kg. The follower robot was a three segment soft

robot with the same parameters as described above in Section 2.5.1. The control gains were

constant throughout the simulations and were set to� m = � s = 0:75 � m = � s = 10,

K rm = K rm = 1, K jm = K js = 1 andK m = K 0 = 1. The human force and environmental

force were modeled as spring-damper forces. The spring and damper gains for the human force

was set to 50 N/m and 50 Ns/m. Thus, the exerted human force is calculated as

Fh(t) = 50( X desired � X m (t)) � 50 _X m (t), whereX desired is the desired location of the leader

robot to be moved to. Those gains for the environmental force is 1050 N/m and 10 Ns/m

resulting in exerted environmental forceFh(t) = 1050(X wall � X m (t)) � 10 _X m (t) with X wall is

the location of the environment obstacle. Considering the parameterization on the dynamics, the

rigid leader was parameterized using the minimum parameters as shown in [74] (see Appendix

A.3) and the soft follower was parameterized with respect to the masses of the segments and the

end-effector, the stiffness and damping as� s = [ m1; m2; m3; me; k; d]> . In the simulations, the

initial parameter estimates were selected to be� m (0) = [1 ; 1; 1]T and� s(0) = [1 ; 1; 1; 1; 1; 1]T .

2.5.3.1 Scenario with no environmental force

In this simulation study, the remote environment was free from any obstacles, thus the

follower robot was allowed to move freely. The initial conditions for the rigid leader robot was

qm (0) = [ �
4 ; �

4 ]T , _qm = [0; 0]T and that for the soft follower robot wasqs(0) = [ �
4 ; � �

4 ; �
6 ]T ,
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_qs = [0; 0; 0]T . The task space synchronization of the ATSBT with sub-task control for degree of

curvature limits is illustrated in Figure 2.4. The end-effector mass is 0.05kg for this simulation.

Initially no human force is exerted before 5s. Att = 5s the human operator moves the leader

to X m = [ � 1; 1]T exerting a force as described above. Att = 12s the human operator moves

the leader toX m = [1; 2]T . At t = 20s the system is set to operate in free motion. Figure 2.5

illustrates the degree of curvature evolution for this case. Figure 2.6 and Figure 2.7 illustrates the

same experiment with no sub task control.

2.5.3.2 Scenario with environmental interaction

In this simulation, a wall was assumed to be present atx = 0 in the remote environment.

Figure 2.8 depicts the task space teleoperation with sub-task control of curvature limits ofqs2 =

[� �; � ]> andqs3 = [ � �
2 ; �

2 ]> . The initial conditions for the leader and follower wereqm (0) =

[1:8; 1:0]> , _qm (0) = [0 ; 0]T , qs(0) = [2 :5; � 2:0; � 1:65]> and _qs(0) = [0 ; 0; 0]> . Initially, 0-5s

is in free motion. Then, att = 5s the human operator moves the leader toX m = [1:5; 1:5]>

exerting a force as described above. Att = 12s the human operator tries to move the leader to

X m = [ � 1; 1]> and att = 16s toX m = [1; 1]> . Finally, att = 24s the system is set to operate

again in free motion.

At aroundt = 13s the soft follower robot contacts the wall and the consequences of error

not converging and the force feedback at the leader robot side is clearly seen in Figure 2.8c

illustrating the performance of the proposed bilateral teleoperation framework.
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a) Synchronization inx direction.

b) Synchronization iny direction.

c) Synchronization error inx direction.

d) Synchronization error iny direction.

Figure 2.4: Simulation results for the ATSBT framework without environmental force with sub-
task control for degree of curvature limits.
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Figure 2.5: Simulation results for the ATSBT framework without environmental force illustrating
the degree of curvature evolution with sub-task control for degree of curvature limits.
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a) Synchronization inx direction.

b) Synchronization iny direction.

c) Synchronization error inx direction.

d) Synchronization error iny direction.

Figure 2.6: Simulation results for the ATSBT framework without environmental force and
without sub-task control.
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Figure 2.7: Simulation results for the ATSBT framework without environmental force illustrating
the degree of curvature evolution without sub-task control.
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(a) Robot tip positions

(b) Follower robot tip errors

(c) Forces on leader side

(d) Evolution of degree of curvature of segments with and without sub-task control

Figure 2.8: Illustration of the simulation results for ATSBT with environmental force and with
sub-task control for degree of curvature limits.
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2.6 Experimental investigation

This section presents the experimental results demonstrating the performance of the

proposed bilateral teleoperation framework. First the experimental setup is described.

Subsequently, the experimental results of the bilateral teleoperation scenarios are presented and

discussed.

2.6.1 Experimental setup

The experimental setup shown in Figure 2.9 consists of a pneumatically actuated pleated

type soft robot [75], OptiTrack motion capture system and two i7 16GM RAM Windows 10

laptops: one running the control algorithms on Matlab 2015 and the other simulating the rigid

leader robot for the bilateral teleoperation framework only.

2.6.1.1 The Soft Robot

The soft robot used in the experiments, as shown in Figure 2.10, comprises of three bi-

directional pleated type segments (n = 3) which were fabricated following methods outlined

in [75]. The robot was constrained to move on a horizontal table and ball transfers were used

underneath near the segment joints to reduce friction.

Each segment has twocompartmentsthat are individually actuated pneumatically. The

segments are assumed to deform with a constant curvature under the applied pressure. The

middle layerof each segment (the joint between the two compartments) is inextensible due to

the restrained material layer. The segment lengths along the inextensible middle layer were

measured to beL si = 0:125m. The segment massesmsi = 0:110kg were measured prior to
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Figure 2.9: The experimental setup consisting of A-soft robot, B-OptiTrack cameras for motion
capturing, C-PC for streaming motion capture data, D-pneumatic control unit, and E-laptop
simulating the leader robot and F-laptop running the main control algorithms.

Figure 2.10: The pleated type soft robot.

(a) (b)

Figure 2.11: Positioning of the markers is shown in panel (a). Panel (b) illustrates the degree of
curvature of the mid segment as seen using the motion capture system.
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joining the segments together. The material properties of each segment were assumed to be

identical. Therefore, for all the segments identical torsional stiffness ofki = k and damping of

di = d were assumed. The identi�cation of the nominal values ofk andd will be discussed

subsequently. As seen in Figure 2.11a, an unactuated end effector resembling a soft gripper of

massme = 0:050kg was attached to the tip of the soft robot (gripper was not actuated).

2.6.1.2 Degree of Curvature Estimation using Motion Capture

The positions of the end points of each segment was extracted using a Motion Capture

(MoCap) system (OptiTrack) by attaching clusters of markers on the segment ends as shown in

Figure 2.11a. The base of the soft robot was securely attached to the table so that experiments

could be conducted without re-calibration. The degree of curvature of each segment was

calculated using the properties of the dot product of the labeled marker positions as illustrated in

Figure 2.11b:

qsi = 2
�

�
2

� cos� 1

�
(a � b) � (c � b)
jja � bjj jj c � bjj

��
:

These labeled markers were assumed to be lying on the horizontal plane throughout the trial.

2.6.1.3 The Actuation Unit

The soft robot was actuated using a pneumatic controller unit based on the open source

hardware platform [76] with command inputs serially transmitted to the control board (Arduino

Mega). The compressed air to the unit was supplied by an external compressor at a constant

pressure of 20psi. The air pressure in the segments was regulated by Pulse-Width Modulation
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Figure 2.12: Relationship between the PWM signal and the applied torque

(PWM) using a frequency of 100Hz. The control input calculated by the controller, in terms

of a torque, was converted to a PWM signal for each segment using corresponding mappings.

At a given time instance, only one compartment out of the two in each segment is actuated. A

positive torque commanded one compartment while a negative torque commanded the opposite

compartment of the same segment.

The torque-to-PWM signals mapping was identi�ed by a curve �tting process for each

compartment of the three segments. Considering the dynamic model of the soft robot (2.3), for

thei th segment, a step input of� si = � pwm resulted in a steady state represented by� i pwm = k � i pwm.

Here � i pwm is the steady state degree of curvature of the consideredi th segment andk is the

torsional stiffness.

Sending commands to only one compartment of a segment, the steady state degree of

curvatures (� i pwm) were recorded for different PWM signal values. Then the equivalent torque

being applied,� i pwm, was calculated hypothesizing the torsional stiffness of each segment to be

k = 1 Nm/rad. Finally, a third order polynomial curve �t was performed using this data for each

of the segments to obtain the mapping from torque to PWM signal. Figure 2.12 illustrates the

relationship between the PWM signals and the equivalent torque being applied for the individual
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compartments of the three segments. The nominal value of the torsional damping of a segment

d = 0:2 Nms/rad was calculated using a system identi�cation process by applying a unit torque

to each of the segment.

2.6.2 Experimental results for adaptive task space trajectory tracking

In this experimental study, the uncertainty was assumed in the soft robot's segment masses

(mi ), end- effector mass (me) torsional stiffness (ki ) and torsional damping (di ). Thus the

parameter vector was chosen as� s = [ m1; m2; m3; me; k; d]> and the initial estimates for the

parameters were set tô� s(0) = [0 :6; 0:6; 0:6; 0:05; 1; 0:2]> . The control gains were set to

� = 0 :075, � = 3 :5 andK 0 = 0:3. A predetermined reference trajectory as shown in Table 2.2

was used over a period of 30s for task space trajectory tracking. Figure 2.13a shows the task

space trajectories of the reference and the actual paths. The con�gurations of the soft robot

during the experiment is shown in Figure 2.13b.

2.6.3 Experimental results for ATSBT

The performance of the ATSBT framework is evaluated experimentally in this section. In

these experiments, the fabricated soft robot served as the follower device and a rigid manipulator

which was simulated due to the unavailability of such a robot served as the leader device. The

simulation was done using Matlab/Simulink 2019a in real time using the Simulink Desktop Real-

Time library block on a separate laptop (see Figure 2.9). The communication between the two

laptops, i.e. between the leader and follower robots was achieved through the TCP/IP protocol

over WiFi. The network time delays were measured to beTm = Ts = 0:004s.
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(a) Task space trajectories

(b) Sequenced photos of the task space trajectory tracking

Figure 2.13: Experimental results for task space trajectory tracking
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Table 2.2: Reference trajectory for task space trajectory tracking used in the experimental study

Time / s Reference trajectory (X r (t) ) / m

0 � t < 2 [� 0:16; 0:3]>

2 � t < 10:5 [� 0:16 + 0:02t; 0:3]>

10:5 � t < 11 [0:01; 0:3]>

11 � t < 15 [0:01; 0:3 � 0:02t]>

15 � t < 16 [0:01; 0:22]>

16 � t < 23:5 [0:01 + 0:02t; 0:22]>

23:5 � t < 25 [0:15; 0:22]>

25 � t < 29 [0:15; 0:22 + 0:02t]>

29 � t � 30 [0:15; 0:3]>

The simulated leader robot comprised of a 2-DoF rigid planar elbow robot and was modeled

according to [74] (see Appendix A.3). The link lengths were chosen asLm = [0:1895; 0:1895]> m

so that the leader robot and the soft follower robot has a similar task space. The masses and

inertia were chosen asmm = [0:2; 0:2]> kg andI m = [0:003; 0:003]> kgm2 respectively. The

human force was modeled as a spring-damper forces with spring and damper gains set to 150

N/m and 150 Ns/m respectively.

For the soft follower robot, the uncertainty was assumed in the segment masses, end

effector mass, torsional stiffness and torsional damping. Thus the parameter vector was chosen

as � s = [ ms1 ; ms2 ; ms3 ; me; k; d]> . The initial parameter estimates were set as

�̂ s(0) = [0 :5; 0:5; 0:5; 0:01; 2; 1]> which were different from the measured nominal values. The

control gains were constant throughout the experiments and were set to� s = 0:075, � s = 3:5,

K rs = 0:3, K js = 10 andK 0 = 0:3.
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The uncertainty in the rigid leader robot was assumed to be in the rigid robot's link masses

and in the link inertia. Thus the parameter vector was chosen as� m = [ mm1 ; mm2 ; I m1 ; I m2 ]> .

The initial parameter estimates were�̂ m (0) = [0 :05; 0:05; 0:001; 0:001]> . The control gains were

constant throughout the experiments and were set to� m = 0:75, � m = 5, K rm = 1, K jm = 12

andK m = 1.

2.6.3.1 Scenario with no environmental force

Here the soft follower robot was allowed to move freely with no environmental forces being

applied. The sub-task control of conforming to degree of curvature limits (see Appendix A.4) of

qsi = [ � 5�
9 ; 5�

9 ]> is considered. In the experiment,t = 0-5:5s is in free motion for both the robots

to synchronize. Then, fromt = 5:5-16:5s (phase 1.1) the human operator exerts a force to move

the leader towardX m = [0:001; 0:245]> . Fromt = 16:5-27s (phase 1.2) the human operator tries

to move the leader toX m = [0:2; 0:2]> and fromt = 27-35s (phase 1.3) toX m = [0:25; 0:001]> .

At t = 35s the system is set to operate again in free motion.

Figure 2.14 illustrates the results of this scenario without and with the sub-task control.

Figure 2.15 depicts the con�gurations of the soft robot during the experiment. It is clearly seen

from the sequenced photographs that the sub-task control forces the degree of curvatures of the

segments to be within the desired limits by altering the con�guration of the soft robot.
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Figure 2.14: Experimental results for the ATSBT without and with subtask control of conforming
to degree of curvature limits for the scenario with no environmental force.
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(a) without the subtask control

(b) with the subtask control

Figure 2.15: Sequenced photographs of the bilateral teleoperation scenario with no environmental
force.

Figure 2.16: Trace of the robots' tips for the ATSBT experiment with sub-task control of
conforming to degree of curvature limits for the scenario with no environmental force.
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2.6.3.2 Scenario with the soft follower interacting with an obstacle

In this scenario an obstacle of the form of a wall atx = 0:05 m appears during the trial

at t = 15s and the trial was conducted without attaching an end effector. In the initial0 - 5:5s

the robots operate in free motion. Fromt = 5:5-15:5s (phase 2.1) the human operator moves the

leader towardX m = [0:001; 0:245]> . Fromt = 15:5-21:5s (phase 2.2) the human operator tries

to move the leader toX m = [0:2; 0:2]> . The soft follower robot contacts the obstacle at around

t = 16:5s. Since the soft robot cannot move past the obstacle, the position errors between the

two robot tips do not approach zero. Therefore, the human operator continuously tries to push

toward the desired point despite the inability to move it any further. This is clearly illustrated in

Figure 2.17 bottom �gure showing that the environmental forces experienced by the soft robot

at the follower environment are re�ected onto the leader side. Fromt = 21:5-29:5s (phase 2.3)

the human operator moves the leader robot tip to the opposite direction of the obstacle, toward

X m = [0:01; 0:33]> . Now, it is observed that the tracking errors approach zero and the exerted

forces diminish. Att = 29:5s the system is set in free motion. Figure 2.17 presents the results of

this trial and Figure 2.18 illustrates the con�gurations of the soft robot and the obstacle. The force

feedback at the leader robot side is clearly seen in this experiment illustrating the performance of

the proposed bilateral teleoperation framework.
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Figure 2.17: The results of the ATSBT involving obstacle contact in the remote(follower)
environment. The forces experienced by the human is shown in the bottom plot.

Figure 2.18: Sequenced photographs of the ATSBT scenario with the soft follower interacting
with an obstacle.
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2.6.4 Discussion

The goal of the experimental investigation was to study the performance of the proposed

passivity-based task space controller and the ATSBT framework for a pneumatically actuated

soft robot. It should be noted that the reference trajectories and the target positions for all the

trials were carefully considered in order for the soft robot to be able to operate in the task space

spanned byqsi = [ � 5�
9 ; 5�

9 ]> for all the segments so that the sub task control of conforming to

degree of curvature limits ofqsi = [ � 5�
9 ; 5�

9 ]> can be utilized.

In the experiments, although the results were satisfactory, the slow movement of the soft

follower robot resulted in the follower robot not reaching the target reference positions in the

allotted time interval. However, this observed result illustrates the critical need for bilateral

teleoperation as the human operator isimmersedin the remote follower environment and is able

to respond to changes in the operational scenario.

The slow movement of the follower robot may be due to theslow responseof the pneumatic

actuation and also due to thehysteresis effectin the segments. Also spikes can be observed in the

input where the large torques that are generated due to thelocal singularitiesof the segments.

Furthermore, although the stiffness of the segments were assumed to be constant, they may

be changing with deformation. This time varying nature of the parameters are not handled by the

passivity-based adaptive control and it can impact the performance as well as the stability of the

bilateral teleoperation system. The frictional effects were neglected in the soft robot model as

well as in the control algorithms. However, there might have been a signi�cant friction between

the soft robot and the surface despite the addition of ball transfers.
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2.7 Summary

In this chapter, a task space adaptive control framework developed for PCC soft robots

leveraging theaugmented formulationwas presented. The adaptive controller guaranteed task

space trajectory tracking under time invariant parameter uncertainties. Further, an adaptive

bilateral teleoperation framework for task space synchronization for a system consisting of a

non-redundant rigid leader manipulator and a redundant PCC soft follower manipulator was

developed. The redundancy in the soft follower manipulator was exploited to achieve sub-task

objectives such as conforming to curvature limits while tracking the position of the leader robot.

The simulations and the experimental study demonstrated good task space tracking performance

and immersion in the remote environment.
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Chapter 3: Robust Task Space Control of Soft Robots

This chapter investigates the classical passivity-based robust control approach for task

space trajectory tracking of planar PCC soft robots. The developed controller leverages an

enhanced dynamics model for planar multi-link soft robots that considers the mass distribution

of the robot. The ef�cacy of the modeling and control framework is demonstrated using

numerical simulations and physical experiments.

3.1 Overview

As discussed in Chapter 2, most of the controllers developed for soft robots assume perfect

knowledge of the parameters. However, accurate parameter estimation in soft robots is hard. To

overcome this the researchers have recently developed adaptive and robust controllers for soft

robot curvature tracking [44, 45] and task space tracking [77, 78], getting inspiration from the

classical rigid robotics community [61, 79, 80, 81]. In this chapter passivity-based robust control

ideas [80] have been applied for soft robots for task space trajectory tracking.

The recent modeling approach proposed by the authors in [22], called theaugmented

formulation, which models a soft robot as if it was a rigid robot using an augmented rigid

formulation, has opened avenues to implement and test traditional control algorithms that were

developed for rigid robots. Indeed, this model was utilized in developing controllers in Chapter
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2. However, this model considers lumped masses; hence, it is not capturing the total effects due

to the soft body's inertia. In [82], the authors proposed a dynamics model for variable length

multisection continuum arms assuming a uniform linear density for the segments. Although this

method captures the inertia effects under the linear density assumption, it does not allow the

mass distribution across the width of the links. Recently, a modeling approach that considers the

mass distribution along the length and width of a soft link under af�ne curvature was introduced

in [35]. However, this approach was only limited to a single link soft robot. This chapter

proposes an enhanced dynamics model for PCC soft robots that considers the soft robot's mass

distribution along its body by considering the length and width of the soft robot links. This

modeling approach circumvents the inaccuracies caused by the lumped mass models that do not

consider the total inertial effects of the links.

The main contribution of this chapter is to demonstrate the theoretical and experimental

realization of robust trajectory tracking for planar PCC multi-link soft robots. The proposed

framework encapsulates the body's total inertial effects by considering the soft robot's mass

distribution along its length and width. Using numerical simulations and experiments on a

multi-link soft robot, the ef�cacy of the proposed control framework is demonstrated.

The rest of the chapter is organized as follows. The enhanced dynamics model is introduced

for a planar inextensible PCC soft robot in Section 3.2. The passivity-based robust controller

for task space tracking is developed in Section 3.3 leveraging the proposed enhanced dynamics

model. The simulation results are presented in Section 3.4 and the experimental results in Section

3.5.
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Figure 3.1: A planar PCC soft robot withn links is illustrated. The inextensible middle layer is
colored red.

3.2 Planar distributed mass soft robot model

This section introduces the kinematics and the dynamics of a planar inextensible soft robot

and considers the case wherein the base of the soft robot is �xed. First, the kinematics of the soft

robot is discussed and subsequently the dynamics model is introduced, which explicitly takes into

account the mass distribution of the planar soft robot. Note that since this section is considering

a planar soft robot, the task space has a dimension of two.

3.2.1 Kinematics

In this work, the soft robot is consideed to be PCC [16]. Thus, the soft robot is assumed to

be composed ofn inextensible segments and each segment is assumed to have a time-varying CC

along the length of the segment. To constitute the soft robot, thesen CC segments are attached
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so that the resulting curve is differentiable everywhere and is on a plane. Under this hypothesis, a

single variable per segment, namely the degree of curvature, is suf�cient to describe the segment's

con�guration in space. Letq(t) = [ q1(t); q2(t); :::; qn (t)]> be the curvatures of the soft segments.

The soft robot is oriented so that when all the links are straight, the robot aligns with the

y-axis. As shown in Figure 3.1, let the length of thei th segment along its central axis beL i and

its thicknessD i . The length of each segment is parameterized bys 2 [0; 1], such thatsL i is the

arc length along the segment's central axis to the points from thei th segment's base. Moreover,

the width of the segments is parameterized byd 2 [� 0:5; 0:5] such thatdDi is the lateral distance

to pointd on thei th segment from the central axis. At each points for any segmenti along the

soft robot's body, reference framesf Si
sg, with the superscripti denoting the considered segment

are attached. The base frame,f S0g, is �xed in space.

The orientation� i
s(t) of the reference framef Si

sg at a points along the central axis on the

i th segment with reference to the base framef S0g, can be written as the sum of integral of the

curvature,

� i
s(t) =

i � 1X

k=1

qk(t) +
Z s

0
qi (t)dl =

i � 1X

k=1

qk(t) + qi (t)s:

Thus the Cartesian coordinates
�
x i

s;d (t) ; yi
s;d (t)

�
at a general point on thei th segment

parameterized by(s; d) on the soft robot is given by,

x i
s;d(t) =

i � 1X

k=1

�
L k

Z 1

0
sin� k

s (t)ds
�

� dDi cos� i
s(t) + L i

Z s

0
sin� i

s(t)ds

yi
s;d(t) =

i � 1X

k=1

�
L k

Z 1

0
cos� k

s (t)ds
�

� dDi sin� i
s(t) + L i

Z s

0
cos� i

s(t)ds:

57



De�ne the direct forward kinematicsh(q) : Rn ! R2 which maps the con�guration space to the

task space,

h(q) =
�
xn

1;0 ; yn
1;0

� >

Thus, the end effector position and the velocity are de�ned as,X (t) = h(q) and _X (t) = J (q) _q,

where,J (q) = @h(q)
@q 2 R2� n is the Jacobian matrix.

3.2.2 Dynamics

This section derives the dynamics of the soft robot based on the Euler-Lagrange (E-L)

formalism. It should be noted that in this dynamics derivation, I do not assume any simplifying

assumptions on the mass distribution, such as uniform linear mass density [82] or concentrated

masses at discrete points [22, 43]. Instead, a normalized mass distribution� i (s; d) for each

segmenti is considered. In the following, where obvious, the time arguments are suppressed in

the expressions due to brevity and clear representation.

Following the E-L method, the inertia matrixM (q) 2 Rn� n is evaluated as,

M (q) =
nX

i =1

Z 1

0

Z 0:5

� 0:5
� i (s; d)r q(x i

s;d; yi
s;d)> r q(x i

s;d; yi
s;d)ddds

wherer q is the gradient operatorr q(�) = @(�)
@q. Then the centrifugal and Coriolis terms matrix

C(q; _q) 2 Rn� n is evaluated using the standard Christoffel symbols [74]. The gravitational
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potential energyPg 2 R of the soft robot is calculated by,

Pg =
nX

i =1

� Z 1

0

Z 0:5

� 0:5
mi g(x i

s;d sin (� ) + yi
s;d cos (� ))ddds

�

where � de�nes the direction of the gravitational �eld. Therefore the gravity terms vector

G(q0; � ) 2 Rn is evaluated as,

G(q) = r q (Pg) :

In this work, the elasticity of the soft robot is modeled through a continuous and

homogeneous distribution of in�nitesimal springs and dampers along the length of the soft

segments. Assuming a linear relationship for elastic parameters, the stiffness and damping terms

are Kq and B _q, respectively. Here the coef�cient of stiffnessK 2 Rn� n and damping

B 2 Rn� n are diagonal matrices with the stiffnesski and damping� i of the i th segment as the

diagonal elements respectively.

Finally, adding the stiffness and damping terms the complete dynamics are,

M (q)•q+ C(q; _q) _q+ B _q+ Kq + G(q) = � (3.1)

Here� 2 Rn is the control input and physically it is the effective torque applied on the soft links

causing them to bend with a CC.

Note that the soft robot dynamics in (3.1) is in the Lagrangian form, and hence it

encapsulates the properties of Lagrangian systems such as the skew symmetric property and the

linearly parameterizable property [74] as noted in Appendix A.2.
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