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Abstract

Toward Predictable Tendon Driven Soft Robots: Methods in Friction,

Design, and Simulation

Christopher-Denny Matte, Ph.D.

Concordia University, 2025

Soft robots have unique properties such as inherent compliance, safety, and adapt-

ability, which make them attractive for applications in unstructured and human-

centric environments. However, their nonlinear mechanical properties and geomet-

ric complexity pose significant challenges in modelling, design, and simulation. In

addition, the unique qualities of cable-driven grippers which mimic muscle tendons,

provide high force density and greater control, bring their own challenges.

This thesis addresses three critical interrelated challenges which limit the scala-

bility and reliability of tendon-driven soft robotic grippers: (1) the lack of accurate

cable friction modelling for elastic surface contacts, (2) the cost and inefficiency of the

design process for task-specific grippers, and (3) the absence of real-time simulation

tools that accommodate hyperelastic and multi-material behaviour.

First, a novel friction model is proposed that captures the asperity behaviour

between cables and elastic surfaces. Unlike existing friction models developed for rigid

systems, this formulation accounts for deformation-dependent force transmission and

can be calibrated with as few as nine data points. When validated experimentally, the

model reduced tip prediction error from 16.1% (baseline) to 2.8% for a soft robotic

finger with three joints.

Second, a grasp-based product classification framework is introduced. The frame-

work maps food items to a small set of human-inspired grasp types. This classification

supports a modular and reconfigurable gripper design strategy that balances versatil-

ity with task-specific performance. A streamlined design pipeline integrates human

demonstration data, kinematic modelling, stiffness and cable placement optimization

to rapidly generate custom gripper configurations. The resulting modular gripper was
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validated across 15 diverse food items, achieving trajectory tracking accuracy exceed-

ing 97%, with a reconfiguration time under five minutes and full fabrication cycles

under 24 hours.

Third, to support simulation-informed design and control, a novel geometry-based

simulation framework is developed to efficiently model nonlinear, hyperelastic de-

formations. By embedding strain energy-dependent stiffness into element-wise pa-

rameters, the approach dynamically captures material behaviour without updating

the global stiffness matrix, thereby maintaining the computational speed advantage

geometry-based solvers have. This method enables rapid simulation of complex ge-

ometries with arbitrary amounts of materials. Thus, addressing current limitations

which restrict existing geometry-based methods to two linear materials.

Collectively, the work presented in this thesis contributes new theoretical models,

computational methods, and experimental frameworks that enable faster, more reli-

able, and more adaptable design of soft robotic grippers. These contributions address

key bottlenecks in friction characterization, design scalability, and material simulation,

and provide a pathway toward broader industrial adoption of soft robotics.
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Chapter 1

Introduction

1.1 Background

As automation continues to expand across various industries, robotic systems must

evolve to handle an increasingly diverse array of objects. A critical component en-

abling these interactions is the end-effector, the interface between the robot and its

environment. End-effectors are specifically designed for tasks such as welding, in-

spection, and, most commonly, grasping. Grasping mechanisms, or robotic grippers,

are widely utilized in industries ranging from agriculture and automotive manufac-

turing to pharmaceuticals. These applications typically involve securing, manipulat-

ing, or transporting objects in pick-and-place operations, which are fundamental in

assembly, disassembly, and material handling. Industries such as recycling, where

hazardous materials necessitate robotic solutions, and food processing, where hygiene

and throughput are paramount, continue to drive advancements in gripper design.

The effectiveness of a robotic gripper is dictated by the specific requirements of its

Figure 1.1: Different types of robotic grippers: a) Typical rigid jaw
gripper by Schunk; b) Compliant rigid gripper by ROBOTIQ; c) Bio-
inspired tendon-based soft robotic gripper for blackberry harvesting[1];

d) Suction-based gripper by OnRobot
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application, influencing its geometry, actuation mechanism, and material selection.

High-load and high-precision applications demand rigid grippers typically made of

metal. However, industries that deal with objects of varying size, shape, and material

properties prioritize adaptability. In collaborative robotics, where humans and robots

share workspaces, safety considerations further impact gripper design, often favouring

softer materials that enhance predictability and compliance. For example, the RBO

Hand 3, a pneumatically actuated soft robotic gripper, has demonstrated safe and

versatile grasping in human-robot collaboration scenarios [2]. Similarly, industries that

handle fragile and irregularly shaped objects, such as agriculture and food processing,

benefit from grippers with compliant, deformable structures that mitigate the risk of

damage.

Rigid grippers, commonly used in industrial pick-and-place applications, rely on

precise motion control and force sensing to function effectively (Fig.1.1 a). However,

their performance deteriorates in high-mix environments such as prosthetics and food

handling, where object variability complicates grasping strategies. Ensuring accurate

and reliable manipulation in these environments necessitates extensive sensing and

computation, increasing system complexity and reducing operational efficiency. To

address these limitations, researchers have explored modifications to rigid grippers

by incorporating compliance through underactuated mechanisms (Fig.1.1 b). These

designs improve adaptability while maintaining a degree of rigidity for structured

tasks. Despite these advancements, rigid grippers still struggle to balance precision,

adaptability, and ease of control, particularly in scenarios where object fragility and

unpredictability are dominant factors [3].

The food industry exemplifies the challenges of robotic grasping, as robotic adop-

tion has lagged behind sectors such as automotive and electronics manufacturing.

Unlike standardized industrial components, food products vary significantly in shape,

texture, and mechanical properties, making them difficult to handle with traditional

rigid grippers. Soft robotic grippers have demonstrated superior performance in food

handling by conforming to objects without requiring precise force control, reducing

damage and increasing efficiency [4]. The gripper developed by Gunderman et al.[1]

for blackberry harvesting, seen in Fig.1.1 c), demonstrates the potential of a tendon-

driven soft grippers in adaptive grasping tasks. These grippers have been successfully
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deployed for tasks such as gripping delicate fruits, baked goods, and irregularly shaped

produce, showcasing their potential to revolutionize automation in this sector.

Beyond food handling, soft robotic grippers have proven valuable in diverse ap-

plications requiring compliance and adaptability. In recycling and waste sorting, soft

grippers have been used to grasp deformable materials such as plastics and textiles, ar-

eas where traditional rigid grippers struggle [5]. Similarly, in the biomedical field, soft

grippers have been integrated into minimally invasive surgical systems and prosthetic

devices to provide gentle yet secure manipulation of biological tissues [6]. Uniquely,

most soft robots achieve movement through distributed actuation within flexible ma-

terials [7]. Their ability to deform is directly influenced by their shape and material

composition, allowing for tunable motion characteristics. By strategically adjusting

geometry or material placement, engineers can program specific movements, enabling

innovative robotic designs with enhanced adaptability and functionality.

Since soft robots rely on material compliance to achieve dexterous movement, the

choice of actuation method plays a crucial role in their performance. Pneumatics,

shape memory alloys, and tendon-driven mechanisms are among the primary means

of actuation, each offering distinct advantages. Suction-based end-effectors have been

widely adopted due to their simplicity and low cost, yet their effectiveness is limited

when handling moist, porous, or irregularly shaped items (Fig.1.1 d). Tendon-driven

soft grippers are particularly attractive due to their superior force control, high force

density, low noise, and compactness. Unlike pneumatic grippers, which operate in

an on-off fashion, tendon-driven systems enable fine-tuned tension regulation, making

them more suitable for complex manipulation tasks. This level of control is especially

valuable in applications that mix precise deformation and compliance. Tendon driven

soft grippers can uniquely leverage biomimicry, the ability to mimic nature, to emulate

the gold standard of adaptable grippers, the human hand [3]. As industries increas-

ingly demand manipulators that combine adaptability, precision, and gentle handling,

advancing tendon-driven soft robotic grippers becomes essential for unlocking the next

generation of versatile, human-like robotic grasping.
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1.1.1 Problem statement

Despite their many advantages, soft robotic grippers face significant challenges that

hinder their widespread industrial adoption. A primary obstacle is the trade-off be-

tween performance and the time and cost required for their design [8]. Unlike rigid

robots, which benefit from well-established mathematical frameworks such as Denavit-

Hartenberg (DH) parameters for kinematic modelling, soft robots lack a standardized

modelling approach. Rigid robotic systems can be systematically designed, analyzed,

and controlled using repeatable mathematical tools, enabling efficient validation of

preliminary requirements. In contrast, soft robots, characterized by continuous de-

formable bodies, distributed actuation, and an effectively infinite number of degrees

of freedom (DoF), cannot be represented using DH parameters.

As a result, soft robotic systems often rely on simulation-based approaches [9]

or data-driven machine-learning techniques [10, 11] to predict their behaviour after

fabrication. This reliance limits the ability to develop transferable, repeatable de-

sign methodologies, forcing researchers and engineers to depend on trial-and-error

processes guided by intuition and experience. Furthermore, without a general math-

ematical model to describe soft robot deformation, accurately estimating internal

forces—particularly in tendon-driven systems where cables interact with elastic sur-

faces—remains a significant challenge.

1.2 Research Scope and Objectives

This thesis aims to address critical gaps in tendon-driven soft robotic grippers by

focusing on three key areas. First, it investigates the complex interactions between

tendons and deformable surfaces, a crucial yet under explored aspect of tendon-driven

soft robotics. Second, it explores strategies to reduce the reliance on trial-and-error

in gripper design. Finally, it seeks to improve the accuracy of simulation methods,

enabling more reliable predictive modelling of soft robotic behaviour.

1.2.1 Cable friction

A fundamental challenge in tendon-driven soft robotics lies in accurately modelling

how friction develops between tendons and deformable surfaces—especially in the
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presence of compliance and surface irregularities. In designing a three-joint finger with

uniform closing when actuated by a single cable, the instinctive approach ensures all

joints share the same geometry and loading point, as depicted in Fig. 1.2a. This design

aims to achieve equal tension at each joint, a notion supported by various kinematic

models in existing literature [11, 12, 13]. However, Fig. 1.2e reveals that when the cable

is pulled, and the finger closes, the joints closer to the actuation point undergo more

significant deformation. Contrary to our intuition, which assumes uniform tension

across joints, this outcome challenges the initial design assumption. In my analysis, I

identified that the oversight of internal force distribution in models is a crucial factor,

particularly the significant impact of friction between elastic surfaces, which cannot

be disregarded.

The frictional dynamics of cables play a crucial role in influencing the position-

ing and response of objects [14, 15]. Despite its significant impact, friction is of-

ten overlooked in modelling due to its complexity [9, 12, 16]. In cable-driven soft

robotics, where cables interact with elastic surfaces, it becomes imperative to ac-

count for cable and surface deformation when analyzing friction behaviour. As three-

dimensional (3D) printing gains prominence as a fabrication method for soft robotic

applications, various factors such as new geometries, and surface characteristics (in-

cluding layer lines, finish, and potential print artifacts) substantially influence the

frictional behaviour of a cable traversing its surface. The commonly employed Cap-

stan model [17, 18, 19] relates the difference in incoming tension to the outgoing

tension based on the deflection or number of cable wraps around an arbitrary cylin-

der. A more recent model by Heap et al. [20] considers the viscoelastic behaviour of

the cable and consolidates various findings. Despite the advancements in these mod-

els, my preliminary investigation, utilizing a kinematic model incorporating friction,

reveals shortcomings in both the Capstan model (Fig. 1.2b) and Heap et al.’s model

(Fig. 1.2c) in fully capturing the frictional effects present in soft robots.

These models assume the necessity of a normal force for friction to occur, implying

zero friction when the angle is zero. However, the high asperity of the cable and the

contact surface results in some adhesion forces even when normal forces are negligible.

The research question guiding this area of my thesis is: How to integrate the inherent

asperity and elasticity of the contact surface in cable-actuated soft robots into the
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Figure 1.2: Effect of friction model on the simulation of a soft robotic
gripper. a) 3D printed TPU soft gripper with three joints, b) soft
gripper simulated using Capstan friction at 20mm of actuation, c)
soft gripper simulated using Heap et al.’s friction model at 20mm of
actuation, d) soft gripper simulated using my friction model at 20mm

of actuation, e) soft gripper at 20mm of actuation.

modelling of friction behaviour?

1.2.2 Design

Design exploration is a foundational challenge in soft robotics, where actuator place-

ment, geometry, and material distribution deeply influence performance. In the ab-

sence of robust simulation tools or predictive frameworks, gripper design often depends

on iterative trial-and-error, limiting scalability and slowing innovation. This thesis,

in part, examines how a grasp-centric, biomimetic approach can streamline design for

food-handling applications, where repeatability and adaptability are both critical yet

difficult to balance.

Soft robotic grippers for food handling can be broadly categorized into generic and

specialized grippers. Generic grippers are designed for versatility, capable of handling

a wide range of products without customization [21]. However, their adaptability

comes at the cost of precision, making them inadequate for delicate or high-precision

tasks. Specialized grippers, on the other hand, can be designed to handle fragile

items like eggs and berries, as well as challenging conditions such as sticky, wet, or

high-precision operations [1]. While they offer superior performance for specific ap-

plications, they come with major drawbacks: high cost, limited adaptability, and

inefficiencies in mixed-product environments. In food automation, one of the most

pressing challenges is overhead changeover time–the significant effort required to re-

configure robotic grippers when switching between different products. This bottleneck
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severely limits automation efficiency and scalability. Worse still, even identical food

items can vary in size, ripeness, and stiffness, further complicating the handling pro-

cess. With the food industry operating on low profit margins, the high cost and lack

of adaptability in current robotic grippers make widespread automation economically

unfeasible for many manufacturers. Without a breakthrough in flexible, cost-effective

gripper technology, the advancement of food automation will remain impeded. There

is an urgent need to develop robotic grippers that combine the versatility of generic

systems with the precision of specialized design–while remaining affordable and easy

to reconfigure.

I observe that, despite the diversity of object shapes, humans rely on a finite set

of grasp types. The primary variations arise from differences in applied force and the

extent of hand closure required to accommodate the object’s size. For instance, the

same grasp type can be used to gently hold an egg or firmly grip a hammer. Feix et

al. [22] identified 17 general human grasp types, though most daily tasks rely on a

subset of 6 to 9 common grasps, such as power, pinch, tripod, and lateral grasps. In the

food industry, I anticipate that an even smaller subset will suffice, given the repetitive

and task-specific nature of food handling. However, a key challenge in industrializing

soft robotic grippers is balancing performance with the time and cost involved in

their design, primarily due to the reliance on lengthy trial-and-error processes [8].

Moreover, grasping is not solely about achieving a final shape; the motion trajectory

leading to the grasp is equally critical, as it directly influences grasp stability, efficiency,

and adaptability [23]. Thus, the second research question addressed in this thesis is:

How can we cost-effectively customize and optimize a path-dependent gripper for each

grasp-based product mix while maintaining a simple and scalable actuation strategy?

1.2.3 Simulation

Simulation plays a critical role in reducing the trial-and-error inherent in soft robotic

design, yet current tools often struggle to balance speed with the accuracy required for

modelling complex, non-linear materials. As soft robots increasingly rely on hyperelas-

tic materials and embedded actuators, the need for real-time, high-fidelity simulations

has become urgent.
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The Finite Element Method (FEM) has been used for decades to simulate defor-

mations of solids, flows of liquids and gases, as well as thermal responses of systems.

The applications also include the simulation of soft robots, surgical processes, and

animation. This has allowed medical fields, exploration, and video games to simulate

more realistic behaviours and phenomena. Additionally, this has enabled designers

to simulate before needing to fabricate, allowing for a more freeform understanding

of their tasks and solutions. Current research aims to increase the performance of

FEM solvers to allow for realistic deformations at real-time speeds. Current solutions

aim to either reduce the computational load by linearizing complex material proper-

ties [24, 25] or simplifying the three-dimensional (3D) models [26, 27]. All of these

aim to have real-time simulation for their respective applications while maintaining

robustness. However, the need for interactive, complex, and non-linear simulation has

made current solutions unintuitive or unable to incorporate both accuracy and speed.

New simulation methods have been proposed to increase simulation speed, but at

the cost of accuracy, such as position and projection dynamics [28]. These simulations

ensure visual plausibility while decreasing computational cost. Dealing directly with

nodal displacements instead of classical Newtonian methods limits the number of cal-

culations required. Mostly used in computer graphics, they have also been adapted for

engineering practices as well for the simulation of smart materials and more intuitive

actuation of soft robots [29, 30].

However, these simulations mainly deal with linear phenomena. Some material’s

behaviour depends on their deformed state, meaning their properties and relations

need to be updated at every time-step to match their current state. Hyperelastic ma-

terials are a class of elastomers that exhibit non-linear material properties and rely on

their instantaneous rigidity as a function of strain to dictate their stiffness. This di-

rectly applies to soft robots as they are mainly made using hyperelastic material such

as silicone, rubbers, or 3D printed polymers [31, 32, 33, 34]. This is also true for surgi-

cal simulations requiring the modelling of flesh [35]. Their deformation is dictated by

the actuation mechanism and the material distribution within the robot. It is currently

possible to simulate specific deformations of soft robots given proper constraints and

inputs. However, generally, simulations are not fast enough to be all-encompassing or

able to interact in real-time. Some methods proposed faster simulation but failed to
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depict large deformation accurately or are limited in applications [36].

Recently, Kwok et al. [29] proposed using geometry-defined finite elements (GDFE)

to express actuations of smart materials in a geometric form. Contrary to traditional

FEM, the global matrix in GDFE is not updated during the deformation, which is a

key for fast computational speed. This concept was then adapted by Fang et al. [30]

to show that actuations typically used for soft robots can be treated as changes in

geometry. Their work demonstrated the approach could lead to a real-time simulation

of soft robots and a significant performance increase over FEA while maintaining the

current state-of-the-art stability and speed. Although their work proved that geometry

could exhibit the behaviours of two materials simultaneously, it is also the maximum

number of materials the method can handle and the property of the materials must

be linear. Thus, the current state-of-the-art simulation is still missing the ability to

simulate more than two materials as well as hyperelastic materials.

Despite the current limitations, I observed that the method is promising in terms

of versatility. It can represent different actuations and material properties by only

changing the geometric target shapes. This motivates my research to answer the

following research question: How to express the non-linear material behaviour through

the shape functions on a local level, such that the computational speed is not affected?

1.3 Thesis Structure

By bridging fundamental research with practical applications, this thesis expands the

scientific understanding of tendon-driven soft robots and improves their feasibility for

industrial deployment, ultimately advancing both the theoretical and applied aspects

of soft robotic grippers. The rest of the thesis will be broken down into four main

sections. Chapter 2 will discuss works related to soft robots, the modelling of cable

friction, on soft robotic grippers, and their simulation. Chapter 3 pertains to the

development of a novel friction model between an elastic cable and an elastic surface.

While Chapter4 presents a design pipeline for creating soft robotic grippers within the

context of the food industry. Chapter 5 will discuss a geometric framework for the

simulation of hyperelastic materials. Each chapter is broken down further into their
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respective subsections outlining their contributions, methodologies and implementa-

tions. Chapter 6 will summarize and elaborate on the future of these works.
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Chapter 2

Related Work

2.1 Cable Friction

2.1.1 Modelling of Friction

Amonton’s law states that the friction force is proportional to the applied force F =

µN . Bowden et al. [37] state that this model is ideal for plastically deforming metals

but does not account for changing surface areas and viscoelastic behaviour as seen with

cables. In 1951, the power law was introduced to account for the viscoelastic behaviour

in the form of F = ³Nn [38] and later confirmed by Howell et al. in 1953 [39]. n

represents the viscoelastic behaviour, and a value of n = 1 for a plastic contact is

in agreement with Amonton’s law. The latter paper gives an approximate range of

0.67 < n < 1, where a lower value for n means a more elastic contact. In addition,

it observes the dependence on the initial loading of the cable and the ratio between

the cable radius and the radius of the cylinder. Jung et al. [40] proposed a theoretical

numerical model with rigidity, non-linear friction, and extensibility and later added the

power law friction model [41]. However, this model is complex and requires a 4th order

Runge-Kutta approximation. Additionally, obtaining the parameters for the model,

such as the Poisson ratio and Young’s modulus, can be challenging. Heap et al. [20]

simplified and experimentally validated the model proposed by Jung et al. [41] for a

braided line over a metal rod with deflection angles from 16Ã to 40Ã (8 to 20 wraps)

and loads ranging from 20N to 120N . These ranges are significantly higher than

those used in soft robotics and represent a concentric loading case where the pinion is

squeezed uniformly. Despite research demonstrating the effects of loading tension and

radius ratio between the surface and the cable, the current ASTM standard [42] still
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recommends simply using the Capstan model, which only considers cable deflection.

Current research indicates that cable deflection, initial loading, radius ratio, and cable

speed affect the friction model in some capacity. However, there is limited research

on softer frictional surfaces and their effect on cable friction.

2.1.2 Friction in tendon-driven Soft Robots

Salvietty et al. [12] chose to ignore friction entirely in their attempt to create a math-

ematical model for trajectory planning of an underactuated gripper, as it was too

complicated to implement. Similarly, in some state-of-the-art FEM simulation meth-

ods for soft robots, friction is often omitted, contributing to errors due to uniform

bending of joints in cable-driven soft grippers and fingers [16, 9]. However, it is not

always possible to limit the effect of friction by incorporating pulleys and minimising

the amount of deflection in the cable. Applications such as under-actuated hands

require the cable to deflect throughout the actuation while slipping over guides made

of metal, plastics, or rubbers [43]. Others, such as continuum robots, require a flexible

actuation method to enable their unique deformation, but are greatly affected by the

friction behaviour of the cable [13, 44].

Adding to the complexity, 3D printing has become increasingly popular in man-

ufacturing soft robots as the feasibility and diversity of flexible materials continue

to expand. As soft robot deformation is directly linked to its geometry, 3D printing

allows for more complex designs and more complex actuations. Within this space,

PLA is widely considered one of the most popular 3D printing plastics for the fused

filament manufacturing (FFF) method, and NinjaFlex is a popular TPU filament for

FFF that exhibits an extensive strain range of up to 600%, ideal for the field of soft

robotics [45, 46, 47]. Soft robotic applications typically see reduced actuation forces,

as the robot’s stiffness is significantly lower than in rigid applications. The expected

actuation forces range from 0.2N to 20N [23, 48, 3]. As soft robots exhibit large de-

formation, cable deflection can be high. However, most applications, such as grippers,

are made up of several segments in which the cable experiences a deflection below

90o [12, 3]. Thus, the total deflection may be large, but the deflection over individual

friction contacts stays relatively low.
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2.1.3 Experimental methodology

Cable friction has been studied for varied applications, each with its own testing

approach, and it is important to develop a test rig that is most similar to the desired

use case [49]. For example, experimental studies on yarns with driven rollers will use

one roller followed by a tensor sensor, a friction surface, a pulley and finally another

driven roller to pull the thread [50]. Ghosh et al. [51] used a more complicated setup

with twisting of the yarn to test the effect of velocity on the fibre friction in the twisting

and threading operation. Another testing method involves a sheet of cloth under a

sled to falsify the validity of Amonton’s law [52]. Podolsky et al. [53] investigated

the addition of cable guides attached to their robot end effector in hopes of reducing

friction and developed a test stand emulating their robot. In summary, previous

research demonstrates that a test methodology and stand should resemble the desired

application. To my knowledge, no studies have been performed on identifying cable

friction over softer material or in the context of soft robotic applications.

2.2 Gripper Design

2.2.1 Soft grippers in food industry

Soft robots have become synonymous with grippers for the food industry. Their

ability to grasp fragile objects and conform to a wide range of non-standard geometries

present many advantages over their rigid counterparts. Soft robotic grippers come in

many different formats. Some notable grasping mechanisms are suction, enveloping,

and finger-based soft robots [54]. Without going through an exhaustive list of all

available grippers in each category, we will present some examples as well as the

benefits and limitations of each approach. Suction-based grippers represent the most

compact option as they only require contact with a single surface. However, they are

susceptible to air leakage if the contact between the membrane and the surface is not

well established [55]. This can be due to non-standard shapes, porous structures or

liquids found on the object. There are also commonly combined with other gripping

approaches to increase their capabilities, like by combining a finger and a suction

cup [56]. However, this increases the weight and complexity of the gripper.
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Enveloping grippers cover most of a target’s surface, are generally actuated using

a single actuator, and can grasp various shapes given certain trade-offs. If objects

are spherical, such as tomatoes, apples, eggs, and grapes [54, 57, 58], then the cir-

cumferential gripper works very well. However, as shapes deviate, deformation of the

gripper around the object is required, meaning the object needs to be stiffer and not

get damaged as it indents itself into the gripper. Additionally, as the gripper mostly

uses friction to lift objects, weight can be an issue.

One of the most popular grippers in the field of soft robotics are finger-based

grippers as they can be cost effective, relatively easy to fabricate and serve as an

adaptable component to more complex configurations. Current soft robotic grippers

are typically composed of an array of the same finger in different layouts, as developed

by Schmalz [59], Soft-Gripper [21], or Rochu [60]. The design approach of these

products is on creating a singular soft robotic finger which can replicated and arranged

in various generic layouts [61]. Although being able to select from multiple layouts

can be seen as positive, it also adds significant overhead. A new layout will change the

mass, center of gravity, collision profile, grasping strategy, and require recalibration

and validation of the system. A large portion of the finger based grippers have 2 to 4

fingers equally distributed around the centre of a palm, or opposing each other [62].

By utilizing a parallel finger arrangement, this configuration can effectively handle

cylindrical items such as bananas, cucumbers, and eggplants [63], while a centred

configuration is better for spherical foods like apples, oranges, and kiwis. Finger-based

grippers can also be used to grab loose items such as noodles [64]. Many actuation

methods can be used, from tendons to pneumatics and even magnets [65] depending

on the design objective.

2.2.2 Design of finger-based grippers

The design of soft robots poses unique challenges due to their near-infinite degrees

of freedom, non-linear material behaviour of elastomers, and the variety of available

manufacturing and actuation methods. This combination creates a highly complex

design space. To simplify the problem, soft robotic fingers are often modelled as

discrete systems, where the points of deformation are represented as joints [12, 13, 11].
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This approach allows researchers to understand and exploit the unique behaviours of

compliant structures in a localized manner.

A significant area of research focuses on controlling joint stiffness, which directly

influences finger deformation. Some works address this by manipulating the material

distribution within joints, effectively developing meta-materials [66]. Others inves-

tigate the effects of joint geometry on stiffness and deformation [67]. Another work

added functionality to the finger by adding a layer jamming mechanism to dynamically

increase joint stiffness to stabilize grasped objects [68]. While these studies provide in-

sights into parameters and mechanisms influencing joint behaviour, they often rely on

abstract performance metrics, neglecting the grasp shape. The approaches that prior-

itize the final shape of the gripper, often derived from force distribution on the object

being grasped. For instance, works utilizing conformation and adaptive structures [69]

or topology optimization methods given a desired input and output force [70]. How-

ever, these strategies don’t consider how the gripper deforms to achieve the desired

shape.

A parallel strategy is to replicate the behaviour of human fingers, which intu-

itively adapt to grasping tasks. Salvietti et al. [12] demonstrated the potential of

joint-based, tendon-actuated soft robotic fingers by optimizing joint stiffnesses to re-

produce the trajectory of a hypothetical sixth finger’s tip. Expanding on this, my

previous work [71] introduced a friction model for elastic cables on elastic surfaces,

and modifying the cable routing path within a soft finger to replicate tip and joint

trajectories for an arbitrary grasp strategy. Similarly, Connolly et al. [72] used a pneu-

matic soft robot to mimic the deformation path of a human finger. While effective,

this work lacked explicit motivation the chosen deformation path. Li et al. [73] more

recently worked on this limitation by investigating the kinematics and motion patterns

of human fingers to understand their underlying grasp strategies.

Beyond individual fingers, most soft robotic hands are developed for prosthetic

applications, where priorities include geometry, weight [3], cost [74], and actuation

mechanisms [75]. Some works incorporate embedded sensors to determine the current

configuration of the hand [76]. Zhou et al. [77] extended this concept by controlling

actuation based on object sensing, allowing fingers to adaptively deform until contact

is achieved. However, this approach focuses on reactive grasping strategies driven by
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sensory feedback rather than proactive, structure-driven grasp strategies.

2.3 Simulation of Soft Robots

As the complexity of designs and the need for more accurate simulations increases, sim-

ulation solutions will have to adapt and increase their performance for non-traditional

actuations and use cases. When modelling the human body, many parts can be treated

as non-linear materials for more accurate simulation, such as the extensors and ten-

dons in the human hand [35]. Some soft robots also utilize the non-linear behaviour

to enable unique deformations [78], while others require accurate, fast simulation for

topology optimization [79]. With the complexity of near-infinite degrees of freedom

allowed by soft robots, fast and accurate simulations must be developed to enable

non-heuristic control [80].

The traditional analysis methods for physical systems involved using Newton’s

second law to accumulate forces and solve for accelerations. This translates into ve-

locities and, finally, positions of nodes. This process is time-consuming and requires

a deep understanding of all the inputs and phenomena happening in the simulation.

This has lead to the pursuit of different discretization methods and simulation frame-

works. There have been some voxel-based approaches [26, 81], others try to simplify

the calculations by implementing various forms of mass-spring systems [82, 25]. Model

reduction techniques which mapped larger, more complex meshes to reduced meshes,

increased performance with minimal loss of accuracy [83, 36, 27]. Although these

methods improve the traditional approach in terms of speed, many sacrifice accuracy

or robustness in terms of material properties in exchange for visual plausibility.

Work has also been done in terms of material research and quantification. Some

research has focused on simplifying non-linear material behaviour and developing new

models to reduce the computational cost. Some models have been created using

principle stretches to generate spline-based material curves [84]. Others have used

linear regression of hyperelastic materials to better estimate the Hessian matrix for

optimization, which would reduce the number of times the global stiffness matrix

would need to be recomputed [24]. Smith et al. [85] propose a new method to get a

more stable energy term from the Neo-Hookean formulation, which results in more
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stable and probable deformations for hyperelastic material. With the advancement

in neural networks and deep learning, non-linear material behaviour has also started

being modelled and studied to reduce computation time [86].

A simpler approach to FEM coined in 2007, position dynamics, was proposed to

deal with nodal positions for simulation directly [87]. This would remove much of

the calculations and enable a new way of thinking about interactions, dynamics and

simulations. A subdivision of position dynamics is the interpretation of the nodes

or elements as geometry constraints that can be mixed and solved. This allowed to

quickly characterize a designer or modeller’s understanding of deformation without

requiring in-depth knowledge on what forces would cause this [88]. This was further

extended upon with the notion of as rigid as possible deformation, geometric elements

that purely focused on maintaining their initial shape [89]. A survey on position-based

dynamics highlighted the use of goal positions instead of internal constraints to match

initial shapes to deformed configurations [28]. Shape functions for target deformations

were introduced for further applications of the geometry-based approach [90]. The ap-

proach also led to new optimization frameworks such as the local-global approach [91]

which was fine-tuned by Bouaziz et al. [92] and presents new constraints based on

geometry. This enabled the simulation of smart materials through a shape matching

algorithm [29] and coining of the term Geometry-Driven-Finite-Element. A more in-

teractive and intuitive way of modelling soft robot interactions was developed, showing

a performance leap for the state of the art simulation through the help of GDFE [30].

Although these methods provide a new way of defining deformations, they cannot

simulate non-linear material behaviours without utilizing traditional FEA methods.



18

Chapter 3

Modeling Elastic Cable-Surface

Friction for Soft Robots

3.1 Introduction

A fundamental challenge in tendon-driven soft robotics lies in accurately modelling

friction between cables and deformable surfaces. Additionally, the use of 3D print-

ing as a predominant manufacturing option for soft robots creates new paradigms,

surface interactions and material combinations that have yet to be explored. Cable

friction is influenced by surface compliance, contact asperity, and deformation. This

motivates the central question of this chapter: How to integrate the inherent asperity

and elasticity of the contact surface in cable-actuated soft robots into the modelling of

friction behaviour? Building upon the observation that a decrease in cable tension

corresponds with an increase in surface area and thus its adhesion effect, the objective

is to test the hypothesis that the asperity behaviour of an elastic contact surface with

an elastic cable demonstrates a negative linear relationship with the holding tension.

To test this hypothesis, four different material interactions, consisting of two ca-

bles and two surfaces, are evaluated. The selected cables include a generic twine and

a braided fishing line, while the friction surfaces are made of Polylactic Acid (PLA)

plastic and thermoplastic polyurethane (TPU), common 3D printing materials used in

soft robotic applications. A unique test setup and process are developed to measure a

cable’s incoming and outgoing tension passing over an elastic frictional surface. Mul-

tiple tests are performed at varying angles of cable deflection and loading cases. The

results are analyzed using established models, and my novel formulation is presented
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in this chapter. To validate the new model, the fingertip trajectory of a 3D-printed

soft gripper is tracked and compared to a kinematics formulation. Finally, I designed

a soft robotic finger which emulates our intuition of uniform deformation by utilizing

my new model and optimizing the routing path of the cable within the finger. The

contributions of this work are summarized as follows:

1. I propose a novel friction formulation to account for the asperity behaviour of

the friction surface and accurately model how an elastic cable slides over an

elastic surface.

2. I develop a new method and test setup to efficiently determine the friction

coefficient for soft robotic applications with a few data points to reduce the

number of physical tests needed.

3. The design of a soft robot given a grasp strategy is demonstrated through the

optimization of the routing path of the cable actuation.

The chapter is structured as follows: Section 3.2, I describe my testing method-

ology, test stand, kinematic model, and introduce the different cable friction models.

The experimental test results and the performance of varying friction models, includ-

ing the Capstan model, Heap et al.’s model, and my new formulation are presented

in Section 3.3. Section 3.4 presents the design of a soft robotic finger given a grasp

strategy. Finally, Section 3.5 presents this chapter’s conclusion.

3.2 Methodology

3.2.1 Materials and Experimental Setup

Previous research shows that friction between a cable and a cylindrical surface depends

on many factors. These factors include the cable and cylinder material, the applied

load, the cylinder’s radius, and the testing procedure’s speed. In this work, the

variables investigated are the contact surface materials made of PLA (generic) and

a TPU (NinjaFlex), as well as two different cables: 1.5mm⌀ polypropylene (PP)

twine and a 0.25mm⌀ polyethylene (PE) braided fishing line. The other parameters

are constants based on commonly used parameters in soft robotic applications: the
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Figure 3.1: a) Friction convention for a cable sliding over a cylindri-
cal surface. b) Polypropylene twine. c) Polyethylene braided fishing

line.

radius of the contact surface of 3mm and a cable actuation speed of 40mm/min.

Figure 3.1 displays the cables and conventions used for this chapter. The incoming

and outgoing tensions of the cable are T1 and T2, respectively. Angle d¹ is defined

as the change in the angle of the cable over the friction surface. For simplicity, the

holding force will always be T2, while the pulling force and the direction of slip will

always be toward T1.

The test stand is a modification of the ASTM D3108 standard [42] for determining

the friction coefficient between yarn and solid material and can be seen in Fig. 3.2.

As the wrap angle is significantly less, changes constantly during use, and the contact

surface is not a perfect cylinder, four modifications are made to the ASTM D3108 test

stand. The first change is to use a linear stage to pull the cable to ensure constant

speed instead of a winding spool. The second is that instead of moving only the friction

surface to change angles, a guide pulley can also easily be raised or lowered. Third,

the friction surface is modular and can easily be replaced with different geometries or

materials based on the use case. Lastly, the load is established by a known hanging

weight instead of a tensioning pulley. These changes create a compact, modular, and

flexible test setup that can easily adjust for different contact angles, loads, materials,

and geometries. T1 is determined by a load cell connected to the linear stage, in this

case, an ESM750 tensile test machine. The cable under investigation is connected to

the load cell and passes over the pulley and then over a rounded 3D printed surface of

PLA or TPU, detail A in Fig. 3.2. The print orientation of the contact surface mimics

the optimal print orientation of the grippers used for validation in Section 3.3. As such,

parts are printed on their sides such that the layer lines run parallel to the direction of
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Figure 3.2: Cable friction test stand: a) CAD model, and b) Physical
setup. The linear stage raises the load cell, pulling the cable over a
pulley and friction surface in detail A. T2 is set by attaching known

weights to the other end of the cable.

the cable with a layer height of 0.2mm. The end of the cable is subsequently attached

to known weights, which dictate the tension T2. By comparing T1 to T2, it is possible

to obtain the effect of friction on the selected material combination at different angles

and loading scenarios. A total of 45 test cases were performed. Theta is incremented

from 10o to 90o in increments of 10o, and incrementing T2 in steps of 200g from 200g

to 1kg. Note that this test stand is entirely modular and can be adapted to multiple

materials and contact surface geometries.

3.2.2 Kinematic Formulation

The mathematical formulation for the kinematics of a two-dimensional soft finger

can be expressed as the system of forces acting on the finger [12]. It is possible to

relate the cable displacement d directly to the joint configuration q as d = d(q). This

relationship can be further linearised for small deformations: ¶d = D(q)¶(q), where

D(q) is the Jacobian of d(q). For this study, it is assumed that there are no other
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contacts with the finger, both acceleration and velocity are relatively low, and the

effect of gravity is negligible compared to the finger stiffness. As such, the Jacobian

becomes a transformation matrix [93], and we can describe the forces F acting on the

finger as vector Äa:

Äa = DTF (3.1)

The resistive forces Äp(∆q) with respect to the rest position q0 can be expressed

as a function of their current configuration, i.e. ∆q = q0− q. By combining the forces

acting on the system and the resistive forces, the system can be expressed as:

Äa + Äp(∆q) = 0 (3.2)

Similarly, by only considering small variations, this relationship can be linearized:

¶Äp = −Kq¶q (3.3)

Therefore, the system can be approximated as Äa = Kq(q)¶q. The relation intro-

duces a symmetric and positive definite joint stiffness matrix Kq. In the general case,

Kq depends on the geometry, material properties, and configuration of the joint. For

a given design, Kq is constant. More specifically, the stiffness of an individual joint is

assumed to be a torsion spring and expressed as:

Kq,j =
EI

l × rj
(3.4)

Where E is the Young modulus of the material, I is the moment of inertia, and l

is the length of the joint. The Young’s modulus of the TPU is 21.89MPa based on

my print settings of 100% infill using a line infill pattern [94]. The distance from the

center of the joint to the contact point is represented by rj and is included directly in

Kq to convert the moment generated into a force.

Friction Consideration

The effect of cable friction is commonly expressed as a ratio between the tensions of

a cable deflecting over a surface, i.e. Rf = Ti/Ti+1. In this chapter, Rf is defined by

either the Capstan model, Heap et al.’s model, or my model. Each model is further
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Figure 3.3: Free-body diagram of joint model.

described in section 3.2.3. To ensure the actuation force is equal to the resultant

forces of the system, we can first calculate the tension at the tip as Tn = Ta/Rf ,

where n is the number of routing or contact points the cable must pass over. It is

noted that Rf can be used to compare any two points on a cable regardless of the

number of contact points it passes over, as long as the total deflection between them is

considered. Working backwards from there, we can calculate the friction forces acting

on each routing point as Ff,i = Ti−Ti+1. To achieve equilibrium, the actuator tension

must be equal to the tension in the finger, resulting in equation 3.5 below:

Ta =

n−1
∑

i=1

Ff,i + Tn (3.5)

From this equation, we can populate the force vector Äa applied to the system of

joints from Eq.3.2, where Äa,0 = Ta is the force from the actuator, Äa,m = Tn is the

resultant force at the tip of the finger and m is the number of joints. The friction

force at a contact point that contributes to the bending of the joint is calculated by

first taking the angle ³j between the tension vector
−−−−→
Pj,tPj,b and the vector connecting

the joint and the contact point
−−−→
JjPj,t, depicted in Fig.3.3. The force contribution to

joint deformation is Äa,j = Ff,j · sin(³j). It is noted that Rf is dependent on the

configuration of the system; as such, the model is path dependent and must be solved

by incrementally increasing or decreasing the actuation force. The resulting equation

to calculate the force contribution to joint deformation is:
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Äa,j = T2(j+1)−1(Rf − 1)sin(³j) (3.6)

This equation considers all losses in tension between Pj,t and Pj+1,t as contributing

to the deformation of joint j. Thus, Rf should also be calculated as the tension ratio

between Pj,t and Pj+1,t.

Cable Contact

To determine if friction occurs, contact detection between the cable and the passage

is done by calculating the distance of the current routing point to a line formed by

the previous and next routing point. As the passage is cylindrical, once cut to make

room for the groove, an elliptical shape remains, where the minor axis is the same

as the initial radius, and the major axis is extended. If the distance is less than the

major axis length minus the cable radius, then there is no contact between the cable

and the body, and thus there is no friction.

3.2.3 Friction Models

Capstan Model

The Capstan model is one of the oldest cable friction models, dating back to the 1780s,

and is still the most popular model because of its elegance. The ASTM D3108 stan-

dard currently recommends it and is stated to be sufficient to determine the friction

interaction between a cable and a friction surface [42]. The formulation transforms

Amonton’s law of friction, which correlates normal force to friction force, into a multi-

plicative relationship between holding and pulling tension. By discretizing a cylindri-

cal surface into infinitely small linear segments using the small angle approximation,

the capstan model simplifies the relation between the two tensions as being factors of

the total deflection angle, ¹ in radians, of the cable over the contact surface multiplied

by a friction coefficient µ raised to the exponential, as depicted in Eq. 3.7 below. This

model assumes that the friction coefficient between two surfaces is constant and that

the friction factor Rf is solely a function of the deflection angle.

Rf,capstan = eµ¹ (3.7)
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Heap et al. Model

Research published since the 1950s [39] has demonstrated that the material character-

istics of the cable also affect the friction factor. The formulation refined by Heap et al.

builds upon the observation that cable rigidity will also affect Rf . This observation

takes into account two factors. The first is the total bending radius r = rc + rs of the

cable, which describes the contact surface area with the deflection angle, where rc is

the cable radius and rs is the surface radius. The second is the effect of the holding

tension on the friction factor. The increase in load compresses the small contacts

into larger areas, decreasing the effect of friction as is consistent with elastic deforma-

tion [95]. This model proposes an effective friction coefficient µe, which decreases as

the load increases. This formulation now requires two coefficients to fit the data, ³

and n, and includes T2 as an independent variable alongside ¹.

Rf,Heap = eµe¹

µe = ³(
r

T2
)1−n(

ln (1 +K)

K
)

K = −³(1− n)(
r

T2
)1−n¹

(3.8)

Figure 3.4: Comparison of the friction models to the Twine & TPU
data. Left: Capstan Model with a unique µ for every load, Middle:

Heap et al., Right: my model.

My Model

Previous models have considered the behaviour of the cable in relation to the friction

factor. However, the role of the contact surface has not been explored. In soft robotics,

we no longer deal with a rigid polished surface, as in previously developed models. We
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must consider how an elastic and relatively rough surface affects friction. Combining a

fibrous surface with a 3D-printed surface creates a higher asperity contact. Therefore,

it is theorised that a baseline adhesion force exists, described as a hook-and-loop

interaction. Meaning that friction still exists even if the normal force is zero, i.e., ¹ = 0.

It is noted from previous models that an increase in tension reduces the asperity of

the cable due to deformation and thus reduces the effective friction coefficient. Based

on the assumption that the asperity of the contact surface follows a similar negative

logarithmic behaviour a new term is added to Heap et al.’s model. The coefficient

ϵ represents the initial friction effect, and the decrease of this force is captured by

¼ ln (T2). The proposed formulation is described below in Eq. 3.9.

Rf,Ours(¹, T2) = eµe¹+ϵ−¼ ln (T2) (3.9)

where µe has the same formulation as Eq.3.8 composed of coefficients ³ and n, and ¹

is the deflection angle of the cable.

3.3 Results

In this section, I present the results of the experimental tests. I initially investigated

the combination of a twine cable and a TPU friction surface. I fit the data using the

Capstan friction model, Heap et al.’s friction model and my new formulation. The

fitting performance alongside the tip position estimation using the kinematics model

in Sec. 3.2.2 is presented for the three friction models. Three additional material

combinations are also tested to validate the formulation: twine & and PLA, Braid &

PLA, and Braid & TPU.

3.3.1 Twine & TPU Fitting

Figure 3.4 shows the twine and TPU combination test data for all three mathematical

models. The x-axis denotes the deflection angle, and the y-axis represents the tension

ratio Rf . The different plots correspond to the various loading conditions. From the

experimental data, it is clear that two factors affect the ratio between the input and

output tension. The first is that an increase in deflection angle increases the tension

ratio, as noted by most cable friction formulations, and the second is the effect of the
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load T2. As T2 increases, it is seen that the tension ratio decreases. It should also be

observed that as lim¹→0Rf (¹, T2) ̸= 1, meaning there still exists some form of friction

despite no normal force.

Fitting the data using only the Capstan equation is ill-advised as a single value

for µ only considers the effects of the deflection angle and not the properties of the

materials interacting. A unique value of µ is calculated for every load T2 to obtain a

valid fitting. The results of the multiple fittings can be seen in Fig. 3.4. Even with

accounting for several friction coefficients, the average error is 4.1%, and a max error

of 12.3%. Heap et al.’s model addresses one of the limitations of the Capstan model by

including the effects of T2 on the cable in the formulation. Additionally, its coefficients,

³ and n, can be fitted to all test cases simultaneously to obtain one equation for the

combination of materials. In the case of twine and TPU, the coefficients are ³ = 0.427

and n = 0.731. The results of this fit can be seen in Fig. 3.4. Although this is a more

general approach that accounts for both deflection and loading, it still has the property

of the Capstan model, where the formulation converges aggressively to a Rf of 1 with

smaller deflection angles. The average error of Heap et al.’s formulation is 4.12% with

a maximum error of 12.33%. The fitting error is very similar to the capstan model,

demonstrating that the formulation extends the capstan model for multiple load cases

and achieves an R2 value of 0.902.

Our model was fitted to the data obtained from the twine and TPU experiments,

demonstrating a strong fit. The coefficients for the model are ³ = 0.319, n = 0.799,

ϵ = 0.176 and ¼ = −0.052. The average error is 2.2%, with a max error of 6.26% and

a R2 value of 0.966. The model is nearly twice as accurate as the previous models.

The increase in accuracy can be attributed to the ability to capture the friction when

¹ is small, allowing my model to shift along the y-axis. This results in a relatively

flatter curve than the other two models, and thus does not overcompensate for higher

values of ¹.

3.3.2 Other Material Combinations

To validate the generality of my model, I explore three additional contact types.

Namely, twine & PLA, braid & PLA, and braid & TPU. The braided cable is signif-

icantly thinner than the twine cable and less extensible. PLA is significantly stiffer
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Figure 3.5: Fitting of my model to the data for Left: Twine & PLA,
Middle: Braid & TPU and Right: Braid & PLA.

Table 3.1: Fitting performance of the Capstan, Heap et al.’s, and
my model using 45 data points for each material configuration.

Average Error Max Error R2

Model Capstan Heap Mine Capstan Heap Mine Capstan Heap Mine

Twine &
TPU

4.10% 4.12% 2.20% 12.26% 12.32% 6.26% 0.902 0.902 0.966

Twine &
PLA

4.59% 4.60% 2.55% 12.56% 12.59% 7.73% 0.754 0.751 0.925

Braid &
TPU

3.69% 3.72% 1.67% 9.95% 10.00% 5.09% 0.637 0.628 0.914

Braid &
PLA

2.13% 2.19% 1.07% 7.55% 7.42% 3.32% 0.726 0.704 0.925

than TPU; however, it is still ductile and elastic when compared to metals that are

traditionally investigated. Additionally, it will also have similar 3D-printed surface

roughness. The three new combinations are tested using the same procedure outlined

in Sec. 3.2. The resulting fit can be seen in Fig. 3.5, and the errors of all three friction

models are reported in Table 3.1. The constants for the different fittings of my model

are listed in Table 3.2. The four combinations of materials have an average error of

less than 1.9% and a maximum error of less than 7.7% using the new model. The

Capstan model has already been shown to be inadequate as it does not account for

cable loading. Heap et al.’s model has an average error of 3.7% and a maximum error

of 12.6%. Although its average error is low, the average R2 is worse at 0.746 compared

to the new model’s value of 0.932.
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Table 3.2: Constants for my model

Materials ³ n ϵ ¼

Twine & TPU 0.3195 0.7990 0.1761 −0.0521

Twine & PLA 0.2456 0.7104 0.1575 −0.0356

Braid & TPU 0.1595 0.7446 0.1673 −0.0525

Braid & PLA 0.1211 0.5047 0.1236 −0.0450

Figure 3.6: Tip position of soft robotic finger at different cable ac-
tuation lengths comparing the accuracy of the Capstan model, Heap

et al.’s model, and my model.

3.3.3 Tip Trajectory Matching

The example presented in Fig. 1.2 in the introduction shows a gripper with uniform

joint geometries, uniform material properties, and a cable routing path, which ensures

that all joints have the same rj . This was selected as a test case to test the intuition of

uniform deformation and isolate for the effect of friction. Using the kinematic model

from Sec. 3.2.2 and the different friction models for Rf in Eq.3.6, we can see that

at 20mm of actuation, only my model (Fig. 1.2d), resembles the experimental case

(Fig. 1.2e). To further illustrate the accuracy of the models, I compared the trajectory

of the fingertip throughout the actuation. A single finger from the gripper is reprinted,

and the location of each joint and fingertip is tracked using markers and recorded using

a video camera. The image data is then processed to calculate the position of the

joints, tip, and joint angles throughout the deformation. The theoretical behaviour of
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the different friction models is simulated using the mathematical formulation outlined

in Sec. 3.2.2, and the resulting tip position is plotted alongside the experimental values

in Fig. 3.6 at different actuation lengths L. The resulting tip position error for the

Capstan model is 9.74%; for Heap et al., it is 8.05% and 1.23% for my model.

At the start of the actuation, all three models performed similarly. As a joint

deforms, the cable deflection increases, thus Rf increases. Therefore, any additional

force from the actuator is decreased by Tn = Ta/Rf . The critical observation is

that, in the experimental case, the joint closest to the point of actuation deforms

significantly more than the other joints. Therefore, Rf must be significant at the

beginning of the actuation. From Fig. 3.4, we can see that both the Capstan model

and Heap et al.’s model have a much higher Rf when ¹ is large, compared to my

model. However, friction is path-dependent; its effects get compounded the more the

finger is deformed. An equilibrium is reached for every increment of ∆Ta, not for the

total force in the system. If friction is underestimated, this compounding effect lags,

and a more uniform deformation occurs. This experiment highlights the impact of

the friction factor when ¹ = 0, which is captured by my new formulation. It should

also be noted that although Heap et al.’s model has a relatively low average fitting

error of 4.1%, the large initial error, maximum error, and the path dependency of soft

robotic applications make it unsuitable.

3.3.4 Minimum Tests Required

As there is currently no predictive model for the friction interaction between two

elastic materials, experiments such as the one presented in this chapter are necessary

to fit any mathematical model. Therefore, limiting the number of experiments to

obtain a reliable fitting is important. The fitting process was performed on the four

test cases using only 9 data points instead of the original 45 to demonstrate the

lower limit of the required tests. As the model has several logarithmic terms and an

exponential aspect, having data points that represent the future use case is important.

Extreme extrapolation of either of the design variables, be it weight or angle, could

lead to asymptotes in the fitting where either there is a cross over one of the axes

or infinite values for Rf . The recommended points are the minimum and maximum

expected loads and an additional data point splitting the range. Similar logic is used
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Table 3.3: Error of my model using 9 points, difference from 45 data
points in brackets.

Materials Average Error Max Error R2

Twine & TPU 2.20% (−0.04) 6.26% (+0.64) 0.966 (+0.001)

Twine & PLA 2.54% (+0.39) 7.74% (+1.88) 0.925 (−0.033)

Braid & TPU 1.66% (+0.2) 5.08% (+0.06) 0.913 (−0.026)

Braid & PLA 1.07% (+0.21) 3.31% (+1.02) 0.925 (−0.030)

for the selection of angles. The weights selected are 200g, 600g and 1000g, and the

angles used are 10o, 50o and 90o. Table 3.3 details the results of the fitting. The

results show that using 9 data points accurately depicts the friction interaction for

all four material combinations. Additionally, performing the same validation with the

soft gripper gave an error of 1.12% compared to 1.23% for the 45 data point case.

This results in a difference of 0.115mm within the measurement error margin. Thus,

drastically lowering the required data points did not change the new model’s accuracy

over the entire range of experimental values.

3.4 Design of Soft Finger

Using the formulation presented in this chapter, a soft gripper that follows a tip path

or a grasping strategy can be designed. For this work, a grasping strategy refers

to the order in which the joints deform and dictates the initial contact points with

objects and the force distribution. Looking at the example from Sec. 3.3.3 reproduced

in Fig. 3.7a, where the cable was equidistant to each joint, meaning ri = 8.5mm for

all routing points, the first joint deforms the most, then the second and finally the

third. This order of joint deformation would be preferred in power grasp applications,

but undesired for precision pinching applications. This section aims to demonstrate

that carefully placing cable routing points makes it possible to change the grasping

strategy arbitrarily. The selection of the routing points will dictate both the effect of

friction and the moment applied to each joint. Specifically, the objective is to select

the distance of the routing points to have all joints deform uniformly throughout the

actuation of 20mm. The routing points are defined as the entrance and exit for each

joint. The location of the entrance and exit points are dictated by their distance from

their joint along the opening, as can be seen in Fig. 3.7a. In this example, the finger



32 Chapter 3. Modeling Elastic Cable-Surface Friction for Soft Robots

Figure 3.7: a) Finger with uniform routing path where r1 = r2 =
r3 = r4 = r5 = r6 = 8.5mm. b) Finger with cable routing path
optimized to obtain uniform joint deformation throughout actuation.
Top: Comparison of the joint deformation vs. actuation length. Mid-
dle: CAD model with respective positions of cable routing distances
ri. Bottom: Snapshots of video recording during actuation. All mea-

surements are in millimetres.

has three joints, and thus six independent variables to be optimised. The distance

between joints is set as a constant 35mm; all joints have the same stiffness and have

a 90 deg opening. The finger’s width is 13mm, and the thickness of the joint is 3mm.

The kinematic model from Sec. 3.2.2 is implemented in Python and the SciPy.optimize

library is used for the optimisation. The Sequential Least Squares Programming

(SLSQP) method is the minimisation algorithm, with bounds set from 4mm → 12mm

for each routing point. The error is obtained by calculating the average deformation of

the three joints qavg,i in each iteration i as the cable is slowly pulled over n iterations

until the actuation length reaches 20mm. The difference qj,i−qavg,i for all three joints

are summed, and the root-mean-square error (RMSE) is calculated from those values

as outlined in the equation below:
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RMSE =

√

√

√

√

1

n

n
∑

i=0

3
∑

j=0

|qj,i − qavg,i| (3.10)

After optimization, the routing point distances obtained from the closest to the actu-

ator to the farthest are 5.23mm, 4.00mm, 7.13mm, 7.29mm, 12.00mm, and 10.96mm,

resulting in an RMSE of 4.7 for the objective of all joints deforming equally through-

out the deformation. The design is 3D printed, and its deformation is compared to

the theoretical model in Fig. 3.7b. The RMSE of the theoretical model and exper-

imental is 6.1. As multiple non-linear effects occur simultaneously, it is interesting

to note the strategy used to attempt this objective. As joints deform, the contact

angle for the cable will significantly increase the effect of friction. As such, the joints

furthest from the actuator must have the largest moment arm. However, since friction

has an exponential correlation with deformation, there is a crossover point where the

joints closer to the actuator start rapidly deforming, and those further away begin to

slow down. In particular, the crossover point occurs at 12.3mm of the actuation in

this example. Interestingly, the optimised result has r2 < r1, resulting in a smaller

moment arm, leading to slower deformation at the start. However, it increases the

cable deflection at r2, leading to a more significant frictional effect. As such, the

optimizer is aware that it is impossible to have completely uniform joint deformation

in the presence of friction throughout a large deformation with a single actuator and

is actively controlling the crossover point to minimize the error. The intuition that

all joints should deform equally has not only been proven wrong due to friction but

has also been shown to require a significant change in the routing path to counter its

effect.

3.5 Conclusion

Developing a predictive model for cable friction poses significant challenges. Previ-

ous research has proposed mathematical models for elastic-rigid contacts prevalent in

the textile industry. However, an understanding of elastic-elastic contacts, essential

for soft robotics, is currently lacking. This work introduces a novel methodology to

evaluate friction between an elastic cable and a 3D printed soft material, mimicking
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standard contacts in soft robots. Given the complexity of factors, such as 3D printing

parameters, surface finish, and cable and surface material properties, establishing a

predictive friction model requires experimental tests. Thus, the presented methodol-

ogy is simple and fast. While the friction model, requires only 9 data points for high

accuracy.

The pairing of twine and braided cable to PLA and TPU demonstrated a unique

behaviour that current friction models could not characterise. The experiments show

that the Capstan model is inadequate for modelling friction in soft robotics appli-

cations, as it cannot capture the tension dependency. Similarly, the state-of-the-art

model could not capture the asperity effects of low loads and cable deflection. My

novel mathematical model considers the contact surface’s asperity behaviour, increas-

ing the fit accuracy at small ¹ and tension values. This new model demonstrated a

reliable fit with an average R2 value of 0.932 in all cases compared to an average value

of 0.746 for Heap et al.’s model, directly translating into a more accurate simulation

of a soft robotic gripper. My model showed a 1.23% error for tip position prediction

compared to a 8.05% error for Heap et al.’s model. Deformation in soft robots is

gradual and is informed by their current state; any error in the estimation of the

current state will be compounded into the estimation of the following state. With the

mathematical model presented, it was also shown that the design of a soft robot given

a grasping strategy is possible by simply modifying the routing path.
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Chapter 4

Grasp Strategy-Driven Soft

Robotic Grippers for Food

Industry Applications

4.1 Introduction

The objective of the work presented in this chapter is to apply group technology to

develop a grasp-based product mix, where products are grouped based on their grasp

type. By designing grippers which mimic the human hand, tailored to each product

mix, I aim to minimize the need for frequent gripper reconfiguration or reprogram-

ming. Within a given grasp-based mix, product variations–such as differences in size

or texture–do not necessitate gripper redesigns, enabling a modular approach where

a single optimized gripper can handle multiple items efficiently. A major advantage

of this approach is that it enables a simplified actuation strategy, eliminating the

need to control each joint independently to achieve different grasp types. Instead, the

gripper’s passive compliance and structural adaptability allow it to conform to var-

ious objects within its assigned grasp category. This simplification not only reduces

control complexity but also enhances reliability, cost-effectiveness, and scalability in

industrial applications, making frequent product changeovers more feasible. In this

chapter, I present a design pipeline for developing a tendon-driven, 3D-printed, mod-

ular, hand-mimic soft gripper tailored for the food industry. This pipeline is designed

to reduce development time and costs while ensuring adaptability and effectiveness

in handling a diverse range of food items. For testing, a diverse set of food items
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with distinct geometries, sizes, weights, and surface characteristics were selected. The

design process starts by observing human grasping actions, and capturing natural in-

teraction patterns with these objects. They are then analyzed to identify and classify

grasp strategies, which serve as the basis for grouping food products according to their

handling requirements. After that, the joint deformation data is leveraged to optimize

the cable routing path and joint stiffness of the tendon-driven soft robotic fingers. The

goal is to ensure the fingers follow the natural grasp trajectory observed in human

demonstrations while minimizing actuation force. A kinematic model, adapted from

previous work [71], is further refined to account for the behaviour of hyperelastic

materials, enabling accurate prediction of the soft robotic finger’s motion. The op-

timization process was applied to each finger across the identified grasp strategies.

Following optimization, the fingers were individually 3D-printed and validated to en-

sure they accurately followed the target trajectories. Once validated, the fingers were

mounted onto a modular palm structure, assembling a complete gripper. The fully

assembled hand was then tested on the same set of food items to verify its versatility

and grasping performance. The key contributions of this chapter are as follows:

1. A grasp-based product mix concept that categorizes food products according to

their required grasp type. This classification approach enhances robotic adapt-

ability in food automation by minimizing the need for frequent gripper recon-

figuration.

2. A streamlined design pipeline that integrate human demonstration data, grasp

strategy optimization, and kinematic modeling. This pipeline significantly re-

duces development time and cost while ensuring effective and adaptable food

handling.

3. An optimization framework that improves gripper performance by incorporating

hyperelastic material properties, optimized cable routing paths, and joint stiff-

ness tuning. These enhancements minimize actuation force and improve grasp

stability and efficiency.

The experimental results demonstrate that the optimization process effectively repli-

cates the intended grasp types and their corresponding motion paths. Additionally,
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the 3D-printed grippers successfully grasp and manipulate the selected food items,

confirming their functionality and adaptability.

The chapter is structured as follows: Section 4.2, describes how I obtained the

grasping path, introduces the kinemtatic model, optimization scheme and modular

hand. The validation of the optimized fingers, and soft robotic hand are presented in

Section 4.3. Section 4.4 discusses the performance of the each grasp on the totality of

the item set and potential improvements to the design. Finally, Section 4.5 presents

the chapter’s conclusion and suggests areas for future research.

4.2 Methodology

4.2.1 Grasp-based Product Mix

To create the grasp-based product mix, we start by observing a user grasping a care-

fully selected set of food items, chosen to encompass a wide range of physical proper-

ties. The selection includes small, delicate items such as grapes and eggs, alongside

larger, more robust objects like oranges and apples. Deformable foods, like bananas

and sausages, contrast with rigid and brittle items, such as cracker sheets and frozen

pizza, each requiring varying levels of grip force and control. Textural diversity is also

represented, ranging from the smooth surface of cheese slices to the rough, uneven

exterior of a muffin. Some items, like vine tomatoes or clusters of grapes, introduce

irregular, multi-part structures that require intricate finger coordination, while others,

such as a bag of chips, present challenges due to their flexible, air-filled packaging.

This selection reflects the complexity of real-world grasping tasks by incorporating a

broad spectrum of shapes, textures, and structural properties, ensuring a comprehen-

sive dataset that covers diverse handling requirements. Specifically, the objects used

in this study vary in shape (e.g., spheres, cylinders, string-like forms, and rectangles),

weight (ranging from 5g to 600g), texture (smooth, dimpled, or rugged), and size

(with final grasp openings spanning from 1cm to 10cm). This wide variety captures

the intricacies of food handling and the corresponding adjustments needed for effective

robotic grasping.

Each grasp is analyzed by tracking the movement of individual finger joints through-

out the motion. The sequence of joint flexion, the extent of their movement, and the
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coordination between fingers provide valuable insights into the type of grasp being

employed. By examining these joint movement patterns, we can identify the grasp

strategy used for each object. From observing the user grasping the 15 selected ob-

jects, three primary grasping approaches were identified. The first and most common

involved a relatively uniform deformation across all joints, which corresponds to the

power grasp. This grasp is characterized by near-simultaneous flexion of all finger

joints, forming a strong enclosure around the object for secure handling. The second

approach focused on the deformation of primarily the proximal joint, corresponding

to the pinch grasp. This grasp typically involves early activation of the thumb and

index finger, though other fingers may also contribute with similar motion, making

it ideal for handling small or delicate items. The third approach involved significant

deformation of the middle and distal joints, with minimal movement in the proximal

joint, corresponding to the hook grasp. This grasp is particularly suited for handling

objects with handles or those requiring a more controlled, less enclosing grip. The

objects are categorized by grasp type and presented in Table 4.1.

Table 4.1: Objects and their grasp types.

Mix Objects

Power egg, orange, muffin, apple, sausage, banana, baloney

Pinch grape, cheese slice, cheese cake, cracker sheet, frozen pizza, bag of chips

Hook tomato vine, grape vine

4.2.2 Gripper Design and Modelling

To streamline the gripper design process, the gripper is structured to closely replicate

the human hand’s form and function. First, the gripper’s dimensions and topology are

derived from human hand anatomy, using joint locations and bone segment lengths

to guide its structure (Fig. 4.1). This biomimetic approach ensures that the gripper

maintains natural articulation and movement patterns, optimizing its adaptability for

various grasping tasks. To facilitate modularity and easy interchangeability, the fingers

are attached to the palm using mortise-and-tenon joints. This design choice ensures

that individual fingers can be replaced without altering the overall geometry, actuation

mechanism, or weight distribution of the gripper. The thumb design is inspired by

Zhou et al. [96] but has been adapted to fit seamlessly within the gripper’s palm
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Finger Metacarpal Proximal Middle Distal

Thumb 60 mm 40 mm 30 mm -

Index - 45 mm 27 mm 23 mm

Middle - 50 mm 30 mm 25 mm

Ring - 47 mm 28 mm 24 mm

Little - 38 mm 20 mm 20 mm

Figure 4.1: Parametric 3D hand model developed based on human
hand anatomy.

structure while maintaining ergonomic efficiency. All fingers maintain a consistent

width of 15 mm, except for the little finger, which is slightly narrower at 12 mm

to better match human proportions. The gripper is 3D-printed using fused filament

fabrication (FFF). The fingers are made from flexible TPU for soft grasping, while

the palm is printed from rigid PLA for stability.

Second, to design a gripper that closely mimics human grasping, we model its

deformation based on natural hand motions observed in key grasp types. Using the

MediaPipe Hand Landmarker [97], we track joint positions as users perform each

grasp in free space, without an object. This data is then mapped to finger kinematics,

providing a basis for designing grasp strategies that align with natural human mo-

tion. To simulate the motion of the soft robotic gripper, we adopt the friction-aware

kinematic model developed for cable-driven soft robots [71]. This model builds on

the pseudo-rigid body framework, representing the soft finger as a sequence of rigid

segments connected by V-groove joints (Fig. 4.2), each approximated as a torsional

spring. The torque at each joint Jj is calculated as the cross product between the

moment arm r2j+1–the distance from the joint to the cable path–and the perpendicu-

lar component of the cable tension T2j , representing the mechanical leverage applied
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Figure 4.2: Annotated diagram of a soft robotic joint showing the ca-
ble routing points, cable tensions T , distances from the routing points

to the joint r, joint thickness h, and joint deflection angle ¹.

by the tendon force at that point. A key aspect of the model is its friction-aware

capability, which accurately accounts for cable tension loss at each routing point.

These routing points represent the entrance and exit positions of the tendon at each

joint, associated with distances {r}. At a given routing point (e.g., at r2j+1), the fric-

tional force is expressed as the difference in cable tensions before and after the joint:

Ff,2j+1 = T2j − T2j+1. Cable friction across a deflection point is typically modeled

by a tension ratio : T2j = RfT2j+1. The friction model governing this interaction is

expressed as:

Rf (ϕ, T2j+1) = eµeϕ+ϵ−¼ ln (T2j+1) (4.1)

where

µe = ³(
r

T2j+1
)1−n(

ln (1 + ·)

·
), with · = −³(1− n)(

r

T2j+1
)1−nϕ

This model takes into consideration of the deflection angle (ϕ) of the cable over a

surface, the asperity behaviours of both the cable and the surface. It employs an

effective friction coefficient µe defined by parameters ³ and n for cable asperity, and

ϵ and ¼ ln(T2j+1) for surface asperity reduction. In this work, the friction surface

is TPU and the cable is a generic braided fishing line. Following the calibration

procedure [71], their values are obtained via nine experimental tests: ³ = 0.27049,
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n = 0.82038, ϵ = 0.06483, and ¼ = 0.00851, with an average error of 1.12% and an

R2 of 0.987.

While prior work [71] assumed a linear stiffness for each joint, TPU exhibits hy-

perelastic behavior, with its tangent modulus decreasing by approximately 82% under

45% strain [94]. To account for this nonlinearity, we express Young’s modulus as a

strain-dependent function:

E(ϵ) = aϵ2 + bϵ+ c

where a = 110.08 MPa, b = −89.33 MPa, and c = 21.89 MPa. In addition, strain

varies across the joint height under bending:

ϵ(y) = » · y

where » is the curvature and y is the distance from the neutral axis. Therefore, unlike

the previous work [71] that assumed a constant spring stiffness, we derive the effective

torsional stiffness by integrating the stress-induced moments across the cross-sectional

area:

Kj =
w

l

∫ hj/2

−hj/2
E(ϵ(y))y2dy, (4.2)

where w, hj , and l represent the width, height, and length of joint j, respectively–with

w and l remaining constant across all joints. Expanding this, we derive:

Kj =
wh3j
4l

(

a»2h2j
20

+
c

3

)

(4.3)

This formulation enables dynamic estimation of joint stiffness during actuation, allow-

ing the model to accurately predict the strain and response of the soft robotic fingers

under different grasping conditions.

4.2.3 Trajectory-Aware Optimization

The objective of the optimization is to design a soft robotic finger that can accurately

replicate the deformation path–and thus the grasping strategy–captured from a human

demonstration, while simultaneously minimizing the required actuation force to ensure

an efficient and practical design. As illustrated in Fig. 4.3, this is achieved through two
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Figure 4.3: Joint thicknesses h and cable distances r are design
variables used to tune the soft finger’s deformation ¹tj to match the

target user trajectory ¹̂
t

j .

key design variables: First, by tuning the joint thickness hj , which directly influences

the torsional stiffness Kj of each joint. Second, by adjusting the cable routing point

locations, defined by distances r2j and r2j+1, which control the moment arm through

which the cable force generates torque at each joint. Together, these parameters define

how the finger deforms under actuation, and thus how closely it mimics the intended

motion.

Following methods similar to prior work [72, 73], human grasp trajectories are

recorded via video, capturing representative motions for each grasp type. Using the

Hand Landmark Detection feature in MediaPipe Studio [97], the Cartesian positions

of hand joints are extracted frame by frame. To make the optimization process inde-

pendent of specific finger geometry and reduce computational complexity, this data

is transformed into joint space. For each joint, a pair of vectors is formed: one from

the previous landmark to the joint, and another from the joint to the next landmark.

The joint angle ¹j is then computed via the dot product between these vectors. By
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assuming each joint behaves as a pure revolute joint, bending in only one direction,

the system is reduced to a single degree of freedom per joint. This significantly sim-

plifies the optimization problem, reducing the number of variables by half compared

to working in Cartesian space (where both x and y coordinates would be required),

and thereby enhancing optimization speed and efficiency.

The optimization process is designed to balance two key objectives: trajectory

fidelity and actuation efficiency. The primary goal is to ensure that each joint achieves

the correct angular deformation at each stage of the finger’s motion. This is quantified

using the trajectory error ET , which measures the deviation between the simulated

joint angles ¹tj , computed using the kinematic model in Sec. 4.2.2, and the target joint

angles ¹̂
t

j over n time steps:

ET =

√

√

√

√

1

3n

n−1
∑

t=0

2
∑

j=0

(¹tj − ¹̂
t

j)
2 (4.4)

The second objective is to minimize the required actuation force, defined simply as

EF = Fa, where Fa is the force applied at the base of the actuation cable. The overall

cost function is expressed as a weighted sum of these two objectives:

min(E) = É1ET + É2EF (4.5)

Here, É1 and É2 are weighting coefficients that determine the relative importance of

trajectory accuracy versus force efficiency. In this study, trajectory fidelity is prior-

itized, and the weights are set to É1 = 2 and É2 = 1. The optimization framework

is implemented in Python, using the ‘SciPy.optimize’ library. The Sequential Least

Squares Programming (SLSQP) method is selected for its ability to handle nonlinear

constraints and bounds. The kinematic model serves as the simulation engine that

relates design parameters to finger motion and force requirements. To ensure anatom-

ical plausibility and manufacturability, the design space is bounded: joint thickness h

is constrained between 2.5 mm and 5 mm, and the cable offset distances r are limited

to the range of 5 mm to 13 mm.

It is important to note that the problem is highly nonlinear and multi-objective.
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While increasing compliance (by reducing joint stiffness) reduces the required actua-

tion force, it simultaneously exacerbates frictional losses, particularly at joints farther

from the actuator. This creates a trade-off where optimizing for lower actuation force

can negatively affect trajectory accuracy, especially due to the cumulative frictional

effects along the tendon path. These competing dynamics highlight the complexity of

designing efficient yet accurate soft robotic fingers, and the importance of incorporat-

ing both mechanical and actuation behavior into the optimization process.

4.3 Results

The human demonstration data was captured using a Google Pixel 8 smartphone, and

the hand landmarks, including joint positions, were extracted using the Hand Land-

mark Detection feature in MediaPipe Studio on a desktop computer equipped with a

12th Gen Intel i7-12700K processor and 32 GB of RAM. The parametric model of the

gripper was created in Fusion 360, utilizing the Parameter I/O add-in to automati-

cally import design parameters from a CSV file. A custom Python script, developed

in PyCharm, was used to perform the finger kinematics calculations, execute the

optimization process, and update the CAD geometry accordingly. The gripper com-

ponents were fabricated using a Prusa Mk3S FFF 3D printer equipped with a Hemera

extruder. The fingers were printed from flexible TPU (NinjaFlex, 85A Shore hardness)

to ensure compliant grasping, while the palm was printed from rigid PLA to provide

a stable base for actuation. To minimize friction and enhance tendon routing, the fin-

gers were printed with layer lines aligned to the cable sliding direction. The tendons

themselves were made from 0.25 mm polyethylene braided fishing line, selected for its

flexibility and tensile strength. For experimental validation, finger actuation was per-

formed using an ESM 750 tensile test machine, enabling precise position control and

consistent actuation speed. This setup ensured repeatable deformation measurements

and accurate comparisons between optimized trajectories and physical performance

4.3.1 Optimized Finger

As detailed in Section 4.2.2, natural human hand motions serve as a foundation for

designing soft grippers that closely replicate human grasping behavior. To this end,
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Parameter Power Grasp Hook Grasp Pinch Grasp

h0 2.55 5.00 2.50

h1 3.18 2.76 4.27

h2 3.36 3.63 4.45

r0 5.38 5.13 12.22

r1 5.74 5.15 12.99

r2 7.58 7.85 5.01

r3 7.91 8.21 6.59

r4 11.58 11.69 5.59

r5 11.81 11.93 5.83

Figure 4.4: Optimized finger parameters for the power, hook, and
pinch grasps. h represents joint thickness, and r denotes the cable’s

distance from the joint. All dimensions are in mm.

the user was asked to perform the three key grasp types in free space. Figure 4.5 illus-

trates representative snapshots captured at three distinct moments (start, midpoint,

and near completion) during each grasping motion. Additionally, the corresponding

deflections of the index finger’s three joints–proximal (J0), middle (J1), and distal

(J2)–are plotted in solid lines against the total joint deflection (J0 + J1 + J2). Clear

distinctions among the grasp types emerge from these plots. In the power grasp, all

joints flex simultaneously and uniformly. In contrast, the hook grasp primarily in-

volves deformation of the distal and middle joints, with minimal movement of the

proximal joint. Lastly, the pinch grasp mainly engages the proximal joint (J0), with
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Figure 4.5: Comparison of joint deflection between the recorded
human grasp (solid lines) and the optimized finger motion (dashed
lines) for (a) Power grasp, (b) Hook grasp, and (c) Pinch grasp. J0, J1,
and J2 represent the proximal, middle, and distal joints, respectively.
The accompanying images show snapshots of each grasp at three key

moments, from top to bottom: start, mid-motion, and final grasp.

significantly smaller deflections observed in the middle and distal joints. These charac-

teristic joint behaviors closely align with those observed during grasping interactions

with actual objects.

The optimization framework presented in Section 4.2.3 was subsequently applied to

refine each finger design by adjusting the cable routing paths and joint thicknesses, en-

suring that the resulting deformation closely matched the recorded human trajectories

while minimizing the required actuation force. The resulting optimized finger designs,

along with their corresponding parameter values, are presented in Fig. 4.4. Figure 4.5

illustrates the performance of these designs, where the solid lines represent the joint

angles extracted from human demonstration, and the dashed lines correspond to the

simulated trajectories of the optimized soft fingers. Overall, the optimized fingers ex-

hibit strong alignment with the human motion data. However, a noticeable deviation

occurs in the proximal joint (J0) during the hook grasp, where the trajectory diverges

beyond a total joint deflection of approximately 100◦. In the human data, J0 shows a

sudden reduction in deformation rate at this point–an effect that the optimized finger

cannot reproduce due to the system’s single-point cable actuation, which lacks the

ability to modulate force distribution dynamically along the finger. Additionally, the
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human joint deflection trajectories display non-uniform and fluctuating rates of mo-

tion, likely due to natural inconsistencies in human grasping behavior or inaccuracies

in landmark tracking. For example, in the power grasp, the proximal joint (J0) ini-

tially deforms rapidly up to 45◦, then slows down, while the distal joint (J2) shows a

pattern of quick deformation, followed by a showdown and a second rapid increase. In

contrast, the optimized joint angles follow smooth, continuous curves, reflecting the

effects of constant, linear cable actuation. Despite these differences, the optimized

finger trajectories remain remarkably close to the target paths, particularly given the

simplicity of the single-tendon actuation system. This demonstrates the capability of

the model to effectively approximate complex human motion using a computationally

efficient and physically realizable design. Quantitatively, the trajectory errors (ET )

for the optimized fingers were 6.59 for the power grasp, 5.53 for the hook grasp, and

3.76 for the pinch grasp.

Additionally, we observe similar deformation patterns across fingers within each

grasp type, allowing us to generalize the optimized finger design across multiple fingers

without recalculating for each one individually. This approach ensures design uni-

formity while significantly reducing computational complexity. However, the thumb

exhibits distinct behaviours that depend explicitly on the grasp type. While its de-

formation patterns in the power and pinch grasps are similar, the critical difference

is its interaction with other fingers. Specifically, during the power grasp, the thumb

flexes without directly contacting other fingers, whereas, in the pinch grasp, it ac-

tively engages with them to form a precise and stable grip. Recognizing these subtle

distinctions allows targeted customization through minor design adjustments rather

than extensive recalibration. This maintains simplicity in the overall gripper design

and fabrication, while ensuring optimal performance for each grasp strategy.

4.3.2 Physical Validation

To validate the proposed optimization approach, an optimized finger for each grasp

type was 3D-printed and experimentally tested to confirm its ability to replicate the

intended trajectories and deformation patterns. For accurate tracking, small green

markers were positioned at the apex of each joint, with an additional marker placed
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Figure 4.6: Comparison of 3D printed optimized finger against
recorded inputs. a) Example of 3D printed soft robotic finger with
markers for deformation mapping; b) Power grasp, c) Hook grasp, and

d) Pinch grasp.

at the fingertip, as illustrated in Fig. 4.6a. During testing, each finger was actu-

ated using a linear stage, and the resulting deformation was captured through video

recordings. These videos were subsequently processed to isolate and track the mark-

ers’ positions throughout the actuation cycle. Figures 4.6b, c, and d present a direct

comparison between the experimentally measured finger trajectories and the target

deformation paths derived from the original human demonstration data. Quantita-

tive analysis showed close agreement between the experimental outcomes and the

desired trajectories. Specifically, the power grasp exhibited an average error of 3.16%

with a maximum deviation of 5.67%. The hook grasp yielded even better precision,

showing an average error of 0.69% and a maximum deviation of 1.50%. Similarly,

the pinch grasp demonstrated high accuracy, with an average error of 1.44% and a

maximum deviation of 3.73%. The results from this validation indicate that more

complex grasps–those involving multiple joints and larger displacements–tend to ex-

hibit slightly increased errors. Nevertheless, the overall performance across all grasp

configurations confirms that our modeling and optimization approach effectively pre-

dicts and replicates realistic finger motions. Thus, the presented method provides a

robust and versatile tool for designing and accurately fabricating soft robotic grippers

tailored to various grasping strategies.
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Figure 4.7: Images showing the gripper performing grasps on various
objects using the three identified strategies. On the left, the power
grasp is demonstrated with (a) an orange, (b) a muffin, (c) a banana,
and (d) an egg. In the center, the hook grasp is shown handling (e)
a grapevine and (f) a tomato vine. On the right, the pinch grasp is
used to hold (g) a grape, (h) a sealed cheesecake, (i) a cracker sheet,

and (j) a bag of chips.

4.3.3 Hand Verification

To verify the functionality and adaptability of the assembled soft robotic gripper,

experimental tests were conducted using representative food items grouped into grasp-

based product mixes (Table 4.1). These product mixes were determined by observing

and analyzing natural human grasping behaviors, enabling the robotic gripper to

closely replicate realistic hand motions and grasp strategies. During testing, each

grasp type–power, pinch, and hook–was evaluated using objects specifically selected

to match their respective handling categories. The experiments assessed the gripper’s

ability to securely grasp objects with varying geometries, textures, and fragility. A

successful grasp was defined by two criteria: first, securely picking up the object

without slippage or damage; second, maintaining a stable hold for a defined period

(approximately 5 seconds).

The power grasp configuration was experimentally tested using sphere-like (e.g.,

egg, orange, muffin, apple) and cylindrical objects (e.g., sausage, banana, baloney),

with some examples illustrated in Fig. 4.7a-d. The robotic hand consistently demon-

strated simultaneous and uniform joint deformation, accurately replicating the tra-

jectories derived from human grasp demonstrations. Across all tested objects within
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this grasp category, the hand reliably achieved secure and stable grips, closely align-

ing with intended grasping patterns. These results confirm the gripper’s capability

to effectively handle diverse product geometries, demonstrating its adaptability and

robustness within the power grasp category. For the hook grasp, validation experi-

ments involved handling items characterized by elongated, irregular, or thin profiles,

such as grape vines and tomato vines, as shown in Fig. 4.7e–f. During these tests, the

robotic gripper precisely reproduced the intended deformation pattern, predominantly

involving the distal and middle joints. It successfully grasped and maintained stable

contact at the targeted gripping points. A key observation is that grasping success

depends not only on the final joint configuration but also on the actuation trajectory

leading to it. Precise, controlled sequencing of distal and middle joint flexion was

essential to achieving a stable grip. Any significant deviation in actuation timing

or path could have resulted in premature closure at the distal joint or unintended

contact, potentially displacing or damaging the objects before establishing a stable

grip. This reinforces the importance of trajectory-aware grasping, where the sequence

and manner in which the fingers close are just as critical as the final grasp posture.

These experimental results highlight the gripper’s ability to achieve accurate, fingertip-

focused manipulation, confirming its suitability and effectiveness for handling objects

requiring precise and selective joint flexion. Finally, the pinch grasp configuration

was evaluated using delicate or flat items, such as grapes, eggs, cheese slices, cracker

sheets, and frozen pizza (examples shown in Fig. 4.7g-j). The gripper successfully

exhibited the intended deformation pattern, primarily concentrating joint flexion at

the proximal joint to achieve gentle yet secure grips. Experimental results demon-

strated reliable manipulation, as the gripper accurately grasped and held all targeted

food items. The only exception was the frozen pizza, weighing approximately 695 g

with a slick, challenging surface. Although the gripper initially grasped this item

successfully, the combination of significant weight and slippery surface texture led to

reduced grasp stability, making sustained holding difficult. This highlights potential

limitations of the pinch grasp configuration when handling heavier or particularly

challenging objects, pointing to future areas for refinement.

These experimental results confirmed that the assembled soft robotic hand success-

fully replicated the intended grasp types, demonstrating adaptability and versatility
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across various product mixes. The gripper consistently reproduced the target grasp

trajectories derived from human demonstrations, effectively handling objects with

diverse shapes, textures, and sizes. Although minor deviations occurred in grasps in-

volving heavier or challenging items, overall performance verified the robustness and

practical applicability of the design. These validation outcomes highlight the effec-

tiveness of our design and optimization pipeline, providing a clear pathway toward

modular, adaptable, and cost-effective soft robotic grippers optimized specifically for

grasp-based food-handling applications.

4.3.4 Time Statistics

The proposed design pipeline significantly accelerates the translation of real-world hu-

man grasping motions into optimized, fully functional 3D-printed soft robotic hands.

By leveraging a modular palm structure and parametrically optimized fingers, this

approach greatly reduces the iterative design time traditionally associated with soft

robotic gripper development. From input motion capture to a fully fabricated gripper,

the streamlined pipeline allows efficient production. The process begins by capturing

human grasp trajectories, followed by processing and analyzing the recorded motion

data to extract joint movement patterns. This entire capturing and analysis phase

is completed within a few minutes, after which the extracted trajectories are used

to generate optimized finger designs. The subsequent optimization process for each

finger, including updating the parametric model in Fusion 360, takes approximately

5 minutes. Each finger is then 3D-printed individually, requiring approximately 3.5

hours per finger. The thumb, due to its increased complexity and additional sup-

port structure requirements, takes approximately 5 hours to print. The palm com-

ponent, printed separately in rigid PLA material, requires approximately 3 hours.

Following fabrication, the modular design allows for quick assembly, with the entire

hand constructed and ready for use in approximately 5 minutes. In total, the en-

tire production–from grasp data acquisition and optimization to physical fabrication

and assembly–can be completed under 24 hours. Notably, since all grasp-based con-

figurations utilize a common palm structure and standardized interfaces, subsequent

grippers can be produced in under 15 hours by reusing existing designs and manufac-

turing only the necessary finger modules.
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Table 4.2: Grasping results for the three different grasps on all
objects. 7 represents a success, ● represents partial success, and

; represents failure to grasp.

Mix Objects Power Grasp Pinch Grasp Hook Grasp

P
o
w

e
r

Egg 7 7 ;

Orange 7 7 ;

Muffin 7 7 ;

Apple 7 7 ;

Sausage 7 7 7

Banana 7 7 ;

Baloney 7 ; ;

P
in

c
h

Grape ; 7 ;

Cheese Slice ● 7 ●

Cheese Cake 7 7 ;

Cracker Sheet 7 7 ;

Frozen Pizza ; ● ;

Bag of chips 7 7 ;

H
o
o
k Tomato Vine 7 7 7

Grape Vine 7 7 7

Success Rate: 80% 87% 20%

Additionally, similar to the tool-changing processes in CNC machining centers,

switching between grasp configurations can be performed either automatically or man-

ually in approximately 5 minutes. Users can quickly swap fingers by simply opening

the modular palm, removing the current fingers, inserting the new ones into their

corresponding slots, and securing them without additional adjustments. This capabil-

ity enables practical implementation in dynamic production lines that require rapid

transitions between different product mixes or grasp types, significantly enhancing

manufacturing flexibility and efficiency.

4.4 Discussion

4.4.1 Cross-Mix Grasping Performance

To assess the versatility, adaptability, and robustness of the robotic gripper, we evalu-

ate whether a grasp strategy optimized for one set of objects can effectively manipulate

items outside its originally intended category. For instance, testing whether a power

grasp can successfully handle objects typically classified under the pinch grasp cat-

egory. This cross-category evaluation helps determine the flexibility of each grasp
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strategy and whether a single gripper configuration can accommodate multiple prod-

uct mixes. By identifying overlaps in grasp effectiveness, this approach can potentially

minimize the need for frequent gripper reconfigurations, improving efficiency in real-

world applications.

Table 4.2 summarizes the performance of each grasp strategy across the tested

objects. The trials reveal that the hook grasp was the least versatile, successfully

grasping only three items, achieving a success rate of 20%. While it provided the most

secure and stable hold for the objects it could grasp, it required precise orientation

for some items, such as the cheese slice, where grasping success depended on specific

positioning. This highlights the trade-off between specialization and versatility—while

the hook grasp excels at specific tasks, it lacks adaptability for broader applications.

The pinch grasp demonstrated the highest success rate at 87%, failing only with the

baloney and frozen pizza. The baloney (70 mm in diameter, sealed in plastic film) was

too large to establish sufficient contact points and too slippery for a secure grip. The

frozen pizza posed challenges as only the fingertips made contact, failing to generate

enough friction for a stable hold. Despite these two cases, the pinch grasp proved

highly effective for most objects, particularly small and delicate items. The power

grasp achieved a success rate of 80%, effectively handling most items but struggling

with the grape and cheese slice. The grape was relatively too small for a power grasp,

making it difficult for the gripper to achieve sufficient enclosure. The cheese slice,

while graspable, exhibited partial success due to its soft and pliable texture, which

often caused deformation when gripped, reducing grasp stability.

These findings highlight the trade-offs between grasp specialization and general-

ization in robotic manipulation. While specialized grasps, such as the hook grasp,

provide superior stability for specific objects, they lack the versatility needed for han-

dling a broader range of items. In contrast, more adaptable grasp strategies, such

as the pinch and power grasps, can accommodate a wider variety of objects but still

require further refinement to effectively handle edge cases involving size constraints,

surface friction, and material compliance. A closer analysis reveals distinct perfor-

mance differences between these grasp types. The power grasp successfully handled

objects that the pinch grasp struggled with, such as baloney, which required a firm

and encompassing hold. Conversely, the pinch grasp effectively manipulated items
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that the power grasp failed to secure, such as grapes, which were too small for the

rigid power grip to enclose properly. However, for all objects that the hook grasp

successfully handled, either the power or pinch grasp was also able to achieve a sta-

ble hold. This suggests that the hook grasp does not provide unique advantages and

may be redundant in this product mix. These insights underscore the importance

of selecting the appropriate grasping strategies based on the task at hand. While

maintaining a diverse set of grasping modes can improve overall system performance,

minimizing redundancy and focusing on versatile and adaptable grasp strategies can

enhance efficiency and streamline robotic gripper designs for practical, real-world use

cases.

4.4.2 Modular Adaptability and Industrial Applications

The experimental validation of the soft robotic gripper provides key insights into the

interplay between grasp strategies, modular adaptability, and industrial scalability. By

categorizing objects into a grasp-based product mix, we demonstrated that a small

set of optimized grasp types can accommodate a wide range of food products. This

reinforces the principle of functional grasp redundancy, where rather than striving for

a single universal gripper, a multi-gripper framework with specialized, interchange-

able designs presents a more efficient and scalable alternative for robotic handling in

industrial applications. A major advantage of this approach is the rapid interchange-

ability of grippers, allowing for grasp-type transitions in approximately five minutes.

This capability is particularly valuable in automated food handling and packaging sys-

tems, where production lines frequently switch between different product types. The

ability to swap grippers without requiring mechanical reconfiguration or complex re-

programming ensures minimal downtime, making this method highly compatible with

dynamic, high-throughput manufacturing environments. Unlike conventional robotic

grippers that require customized end-effectors or software recalibration, the proposed

modular system enables seamless grasp reconfiguration simply by replacing the finger

modules, significantly enhancing operational flexibility.

Beyond reducing production delays, this modular approach also expands the fea-

sibility of task-specific robotic automation. The efficiency of the grasp-based product

mix framework suggests that industrial robotic handling systems could benefit from a
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multi-gripper strategy, where a limited set of specialized grippers is deployed instead

of attempting full anthropomorphic dexterity in a single design. This shift challenges

the traditional paradigm of general-purpose robotic hands, highlighting the advan-

tages of application-driven, rapidly deployable gripper solutions. Furthermore, the

ability to fabricate and deploy new gripper configurations within 24 hours introduces

exciting opportunities for on-demand customization in industrial robotics. This capa-

bility enables manufacturers to quickly adapt robotic systems to new product lines or

seasonal production shifts without requiring extensive hardware modifications. The

combination of rapid design iteration, modular adaptability, and efficient deployment

positions this approach as a scalable, cost-effective solution for robotic automation,

particularly in industries requiring highly flexible handling solutions, such as food

processing, logistics, and precision assembly.

4.5 Conclusion

The food industry presents a unique challenge for robotic automation due to the high

variability in product geometry, texture, and structural integrity. Unlike rigid indus-

trial parts, food items range from standard shapes such as spheres, cylinders, and flat

surfaces to irregular, delicate, and deformable structures. Traditional robotic grip-

pers struggle with this diversity, often requiring frequent reconfiguration and human

intervention to accommodate different handling needs. This work addresses these

limitations by introducing a novel design pipeline that leverages human motion data,

parametric optimization, and modular soft robotics to create adaptable robotic grip-

pers capable of emulating human grasping behaviours. The proposed pipeline enables

the rapid development of modular soft robotic hands by capturing human grasp trajec-

tories, optimizing joint stiffness and cable routing paths, and fabricating the grippers

via 3D printing. This approach allows for task-specific customization while main-

taining low input force requirements, closely mimicking natural grasping mechanics.

The interchangeable finger configurations enhance adaptability, allowing the gripper

to seamlessly switch between different grasping strategies based on product handling

requirements. The pipeline is also highly time-efficient, enabling the production of an
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initial gripper within 24 hours and facilitating the fabrication of new configurations

in under 12 hours to accommodate changes in the product mix.

To assess the effectiveness of this approach, the gripper was evaluated using 15 di-

verse food items, leading to the identification of three primary grasping strategies. Ex-

perimental results confirmed that individual fingers precisely followed their intended

trajectories, achieving an average accuracy of 97% or higher. The fully assembled

gripper was further validated through successful grasping trials, demonstrating its

capability to handle a wide range of objects, from small, fragile items (e.g., 1 cm

radius grapes) to larger, heavier objects weighing up to 750 g with complex geome-

tries. These findings reinforce the gripper’s adaptability, precision, and effectiveness

in high-mix environments, such as food processing and packaging, where versatility

and reliability are crucial. This work highlights the transformative potential of soft

robotic grippers in industries requiring highly flexible, scalable, and rapid-response

automation. The combination of modular design, efficient fabrication, and human-

inspired grasping offers a practical and deployable solution to robotic grasping. By

enabling customized gripper development at unprecedented speed, this method paves

the way for next-generation automation systems capable of seamlessly adapting to

evolving product requirements–a crucial capability for food handling, logistics, and

beyond.

4.5.1 Future Works

Future research can explore several critical directions to further enhance the perfor-

mance, reliability, and versatility of the proposed soft robotic grippers. One key area

of improvement is grip strength and contact reliability, which could be addressed by

integrating textured surfaces, high-friction materials, and compliant structures. For

instance, incorporating micro-textures, spikes, or nails into the gripper’s fingertips–

similar to designs like X-limb [3]–may improve grip stability on irregular surfaces.

Additionally, replacing the current NinjaFlex TPU material with higher-friction al-

ternatives such as silicone could enhance contact adhesion and reduce slippage. An-

other important consideration is the 3D printing orientation of the fingers. While the

current setup optimizes for manufacturing efficiency and minimal support material,

the alignment of layer lines with pulling forces inadvertently reduces surface friction.
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Modifying the print orientation or applying post-processing techniques (e.g., coatings

or texturization) could improve grip performance without compromising structural

integrity.

Another key avenue for improvement lies in optimizing grasping synergies across

all fingers. Ensuring uniform cable lengths and synchronized actuation could reduce

the number of actuators required, making the system simpler, more compact, and

energy-efficient while preserving its functional versatility. A more refined tendon-

driven mechanism could enhance force distribution, allowing for more natural and

adaptive grasping behaviors. This approach aligns with the broader goal of achieving

dexterous, human-like grasping with minimal mechanical complexity. The thumb’s

functionality is another area that warrants further refinement. While previous studies,

such as Zhou et al. [96], have established baselines for thumb geometry, opening

angles, and dimensions, future work should optimize thumb deflection in relation to the

movement of other fingers. This is especially crucial for low-actuation designs, where

a single actuator may control the entire hand. By integrating the thumb’s trajectory

into the global optimization process, its motion can be seamlessly coordinated with

finger flexion, ensuring that all grasping strategies–from power to precision grips–are

executed effectively. Additionally, exploring multi-actuation thumb designs or variable

stiffness structures could further broaden the range of grasp types the gripper can

accommodate.
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Chapter 5

Simulation of Hyper-Elasticity by

Shape Estimation
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Nomenclature

Ç System Energy

E Young’s Modulus

QΣDT Matrices obtained by singular value decomposition

U Strain Energy

5.1 Introduction

Simulation has become an essential tool in soft robotic design, helping reduce the

reliance on trial-and-error by enabling predictive modelling. However, accurately sim-

ulating the complex, non-linear behaviour of hyperelastic materials remains a major

challenge, especially when real-time performance is required. Traditional methods like

the Finite Element Analysis (FEA) offer high fidelity but often sacrifice speed, while

faster alternatives like position-based dynamics or geometry-defined finite elements

(GDFE) tend to simplify material behaviour, limiting accuracy. Recent advances in

GDFE show promise by representing actuation through changes in geometry rather

than updating system matrices, offering real-time performance with some trade-offs.

However, these methods are typically restricted to linear material models and a limited

number of material types. Motivated by this gap, this chapter explores the question:

How to express the non-linear material behaviour through the shape functions on a

local level, such that the computational speed is not affected?

To properly simulate hyperelastic materials, every element needs to be treated

individually and have its corresponding stiffness. Thus the number of materials is

only limited by the size and density of the mesh. Additionally, since the material

properties are dependent on current deformation, the initial material ratios cannot be

assumed to be constant at the start of the simulation. The shape blending method
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prescribes a shape factor for each element based on relative properties, as such the

shape factor of one element depends not only on their material characteristics but also

on the current state of other elements. This needs to be implemented on a time-step or

deformation dependent algorithm to ensure proper estimation of properties. This work

proposes a novel method to address the non-linear material properties and true multi-

material capability. Utilizing the GDFE framework, it is possible to translate material

models into a relation between two target shapes, a rigid shape based on the previous

state of the element and volume conservation of the current shape, that better reflect

realistic deformation. This is done by comparing each element’s rigidity relative to

one another and setting a ratio between a soft configuration and hard configuration.

Insight on utilizing multiple materials allows for efficient implementation of hyper-

elastic material models within the framework. The contributions are:

1. A mathematical model between the shape factor and material properties is de-

fined and calibrated, which can be applied to convert stiffness into a geometric

quantity for simulation.

2. By computing the deformation’s strain energy for each element, their instanta-

neous stiffness can be determined to obtain its corresponding shape factor in

each step. Therefore, the framework can virtually work for infinite materials.

3. Hyper-elasticity is incorporated in the geometric computation by controlling

each element’s shape factor, allowing the global stiffness matrix to stay constant

throughout and thus maintaining the fast simulation speed.

The rest of this chapter is organized as follows. Section 5.2 will outline the

geometry-based approach. The methodology of hyperelasticity through geometry is

discussed in Section 5.3. Finally, Section 5.4 will go over the results and validation of

the chapter, followed by a conclusion in Section 5.5.

5.2 Background: Geometry-based Computing

To be self-contained and to facilitate the explanation of my developments, the geometry-

based approach [30] is summarized in this section. The approach utilizes a mesh M
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which is composed of m elements and n vertices. Each element’s shape, a hexahedron

for this work, is described by 8 vertices stored in matrix Vi. The subscript i repre-

sents the element to which these vertices belong. Each element has a desired shape

or configuration. This is determined by a blending operation based on the material,

which will be detailed later. For clarity, this blended shape will be denoted as VB

i

and referred to as the desired shape of an element. When constraints or forces are

applied to mesh M, they are transferred into each element, which is then deformed,

increasing the energy of the system. The energy is calculated as the difference between

the desired shape VB

i
, and the current shape Vi defined as

Ç(M) =

m
∑

i=1

diff(VB

i ,Vi). (5.1)

The algorithm tries to minimize the entire system’s energy while obeying all con-

straints using a two-step solver. The first step is a local step where each element Vi

is used to orient their corresponding desired shape VB

i
. A global step then aims to

solve an over-constrained linear problem.

5.2.1 Local Step

There exists a relationship between the current shape Vi and the desired shape VB

i
.

This step aims to solve for a rotational matrix Ri which can orient the element’s

original rigid shape VR

i
with the current shape Vi, minimizing the difference in shape

and energy. The equation characterizes the difference between both shapes:

U = Ωi||NVi −Ri(NVR
i )||, (5.2)

where Ωi represents the weight of the element based on its volume. Typically to match

two elements a full transformation matrix would be required. Here, matrix N is used

to center an element and remove the translation aspect of the comparison:

N(i, j) =











7/8 if i = j

−1/8 if i ̸= j
∀i, j ∈ (1, 2, ..., 8).

N relates each vertex to one another. In this sense, it is possible to compare the

N matrix to a traditional FEM local stiffness matrix. The transformation matrix T
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can then be reduced to a simple rotation and scaling matrix. Considering there are

8 vertices in an element, the problem is over-constrained and can be solved by the

least squared method to obtain the affine transformation, including both the scaling

and rotation elements. Since the blended shape will enforce the scaling, the only

characteristics of interest in T are the rotational properties. These can be found

through singular value decomposition (SVD). This results into SV D(T) = QΣDT,

where Q and D are the rotational components and Σ is the scaling matrix. Matrix Ri

from Eq. 5.2 can then be defined as R = QDT, keeping only the rotational elements.

Multiplying R with VR

i
determines the rigid configuration used in the shape blending

process to determine the desired shape VB

i
.

5.2.2 Global Solve

The summation of all the local steps creates an over-constrained system of linear

equations that can be efficiently solved for shown by this equation:

Ç =

m
∑

i=1

Ωi||NVi −R(NVB

i )|| = ||AV − p||. (5.3)

V is a 3D vector of all the current position of all vertices in the mesh, while p

is a 3D vector of the local solutions for each element. Equation 5.3 can be solved

iteratively [92] by firstly constraining V and solving for p, and then constraining p

and solving for V. This leads to a least square problem in the form of ATAV = ATp.

It is to be noted that matrix A is composed of solely matrix N, which means it is

constant. This allows for the matrix ATA to be precomputed at the start of the

simulation, making it extremely efficient. Additionally, where typical FEM requires a

3n×3n for ATA, this approach is only n×n since each axis can be solved individually

using the same global matrix. These two properties are part of the reason why this

method is attractive for simulation.

5.2.3 Shape Blending

The geometry-based formulation allows for setting a target shape VB

i
for each ele-

ment. In some instances, like as rigid as possible (ARAP) [89], an element will try

to stay rigid or similar to its original shape. In others, they might mimic a smart
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Figure 5.1: Visualization of physical properties with relation to
shape factor. A larger shape factor results in less deformation, similar

to having a larger Young’s Modulus.

material where they change shape to mimic deformation of a shape memory polymer

(SMP) [98]. When there are two different materials in consideration, an element’s

stiffness is formulated based on how much it cares about its original shape compared

to simply conserving its volume. As such, if one element cares about its original shape

more than another, it will better maintain its shape during the energy minimization

process. In the work of Fang et al. [30], two materials were stretched using a tensile

test. They had their relative elongation compared and fitted to a general equation

which assigned their relative stiffness using a shape factor É as depicted in Fig. 5.1.

Equation 5.4 depicts how the stiffness of an element i is defined in the geometry-

based approach. If the mesh is made of a singular material all Éi will be equal. If there

are two materials, than all elements of the first material will have its corresponding É1,

while the second material will have É2, both of which are determined experimentally.

VB

i = Éi ∗V
R

i + (1− Éi)V
v

i . (5.4)

Figure 5.2 depicts the reasoning behind this approach. Suppose the total strain

energy U given a certain elongation is determined. In that case, it could be reasoned

that under uniform loading conditions, two materials with different stiffness would

take an equal part in dividing the total strain energy when simulated together UT =

US + UR. As such, a rigid material that is twice as stiff as a softer material should

have a strain ϵR half as large as the other’s ϵS , while maintaining the area under the

curve equal, UR = US .
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Figure 5.2: Multi-material strain energy formulation.

The current limitation is that the calibration method of the previous work only

works for two materials. Additionally, the materials have to be linear, as the shape

factor is determined and set at the start of the simulation.

5.3 Methodology

A simple visual approach to calibrating relative material properties has been devel-

oped under the assumption the materials behaved linearly [30]. This gave similar

results to the real-world examples and demonstrated potential for the shape blending

approach. In simple deformation cases under minimal deformation, a linear model

for a single material could be used with high fidelity to define deformation. However,

hyperelastic materials present non-linear mechanical behaviour and cannot be ade-

quately defined using Hooke’s law. Due to most materials used in soft robotics, e.g.,

exhibiting hyperelastic material properties, a new formulation and approach need to

be developed to deal with non-linear material models. If the geometry-based approach

can extend to make every element have its own material, then it would be possible

to model hyperelasticity. However, when dealing with non-linear material models and

large deformation, the global stiffness matrix typically needs to be updated to reflect

the state of the deformation. This is a computationally expensive task that must

be performed after every step of the simulation. Therefore, the challenge here is to

accurately reflect material properties and non-linear phenomena without recomputing

the global stiffness matrix A to ensure the performance benefits this method offers
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persist.

Looking at Eq. 5.4 it can be seen that the shape factor É can determine how rigid

or soft an element is and directly dictate its stiffness. As such, introducing several

materials with different shape factors É is similar to having elements with different

stiffness E, creating a link between geometry and mechanical representations. This

allows tuning of an element’s properties locally without touching the global stiffness

matrix. A rigid element will try to maintain its previous shape during iterations, while

a soft element will simply try to keep its volume; thus, its shape may change more

freely. Nevertheless, another challenge is how É should be defined when there are

multiple materials. For hyperelastic materials, the stiffness of a material will change

based on its current deformation. As such, the shape factor É needs to be modified

at every step to reflect the non-linear material mechanics properly. Additionally, due

to the framework utilizing relative properties, the correlation between elements will

have to be updated as well.

If both these concerns are addressed, then any number of materials can be sim-

ulated and easily incorporated into the framework. The only metrics that change

between materials are the constants used to characterize the non-linear material mod-

els; the outputs and inputs are still the same and thus require no additional time for

new materials. Two aspects are required to implement non-linear material mechanics

to the framework properly:

1. Obtaining the tangent or Young’s modulus of a material at any given deforma-

tion

2. Efficiently normalize the relative material properties and assign an appropriate

É

5.3.1 Capturing Hyperelasticity

Material models for hyperelastic materials typically utilize strain-energy density to

describe mechanical behaviour and the relation between stress and strain. One of the

unique properties of hyperelastic materials is to undergo large strains under relatively

low stress and return to their original configuration with minimal plastic deforma-

tion [99]. Additionally, a hyperelastic material’s properties are dependent on the
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current deformation of the material [100]. As each element of a discretized model will

experience different strain, a unique stiffness is required for each, resulting in differ-

ent responses to loads and actuations. The phenomenon is further amplified when

multiple hyperelastic materials are simulated together as their individual non-linear

deformations will be based and compounded relative to one another. This necessitates

a more profound understanding of the material’s mechanics and how to emulate them

better.

The derivation of the strain energy can be obtained by the principal stretches of

the deformation gradient [101], which are then used to obtain the tangent modulus

of a hyperelastic material required for geometric models. The deformation gradient

tensor F represents all the required information for transforming an elements’ initial

shape to the current configuration. The determinant of F is the Jacobian J which

represents the change in volume of the element. To obtain the equivalent strain of an

element, the deformation gradient can be found by comparing the current shape of

the element Vi and the initial shape VR

i
.

The process is similar to the local step of the geometry-based framework, but the

scaling matrix is of interest here, i.e., SV D(F) = QΣDT, with

Σ =













¼1 0 0

0 ¼2 0

0 0 ¼3













Taking the principle diagonal of the Σ matrix gives the strain tensors in each axis

which are used to calculate the Von Mises equivalent strain:

ϵeq =
1

(1 + ¿)

√

(¼1 − ¼2)2 + (¼2 − ¼3)2 + (¼3 − ¼1)2)

2
(5.5)

where ¿ is the Poisson’s ratio. The tangent modulus can then be obtained by taking

the stress-stain curve’s derivative at ϵeq. Solving for every elements’ tangent modulus

allows for comparing elements and calculating relative material properties, creating

the inputs for the second criteria.
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5.3.2 Geometric Modeling of Hyperelasticity

As mentioned in Section 5.2.3, the stiffness of an element is done within the blended

shape by selecting a rigidity shape factor Éi between a rigid shape VR

i
and a volume

conserving shape Vv

i
. However, this is a geometric representation of stiffness with a

constant global stiffness matrix. Material mechanics and physical stiffness are typi-

cally handled in a global stiffness matrix that can be updated or modified during a

simulation to express non-linear phenomenons such as material properties, load distri-

bution or large deformations. The mechanical stiffness is typically reflected through

the Young’s Modulus, E, of the material. However, the geometric definition of rigidity

has a normalized scale from 1 for perfectly rigid, to 0 for an element that solely cares

about its volume; requiring mapping to reflect the mechanical implications accurately.

By that token, an element with a shape factor Éi of 0.9 compared to an element with

Éi equal 0.1 will not perform with the naive ratio of being 9 times stiffer.

Γ(RM ) ↦→ RG (5.6)

The mapping function Eq. 5.6 is required for both the mechanical and geometrical

stiffness to perform identically. The ratio of the two shape factors (i.e., RG = Éx/Éy)

corresponds to the desired ratio of its physical counterpart (i.e., RM = Ex/Ey), where

Ex and Ey are the Young’s modulus of two theoretical materials. Once developed, the

number of materials the software can handle can be endless. In this sense, hyperelastic

elements can also be modelled since every element will have a unique stiffness based

on its current deformation.

Mapping

The mapping process involved stretching a rectangular mesh to a pre-defined length.

The left half of the mesh has one shape factor Éleft, and the right side has another

shape factor Éright assigned to it. The input RG =
Éleft

Éright
was set from 1 to 90.

For example, RG = 30 means that the left side is 30 times stiffer than the right,

which can be achieved by setting the left side to 0.9 and the right side to 0.03. After

both sides have a shape factor assigned, it is stretched to 100% elongation and the

equivalent strain energy of both halves are recorded. The output is the ratio between
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Figure 5.3: Calibration of Young’s modulus ratio and geometric stiff-
ness ratio.

strain energies and is equivalent to the ratio of physical stiffness RM .The input for

the mapping is RG, and the strain energy obtained after a simulation is the output

RM . The right side’s É is modified, and the process is restarted. This generates an

uncalibrated relationship between the mechanical ratios and geometric ratios for each

case, that is plotted and fitted. The results of the uncalibrated simulation are shown

in Fig. 5.3 and demonstrate that the geometric stiffness is stiffer than the desired

mechanical response when comparing two linear materials. Comparing the geometric

ratio RG to the desired mechanical ratio RM showed a non-linear relation between

the two. Curve fitting was performed on the data to obtain a correlation. Eq. 5.7 is

used to map the ratio between Young’s Modulus RM , and the equivalent geometric

ratio RG which is used for the simulation.

RG = 0.0017R2
M + 1.42245RM − 0.4141 (5.7)

Elements are given their own relative stiffness ratio for the current step represented

by RM,i = Emax/Ei, where Emax is the largest tangent modulus, and Ei is the

tangent modulus of an element at its current deformation. Given that the relative

properties must be normalized, the maximum and minimum are identified and are

at the extremities of the weighting, whose ratio between Emax and Emin is given by

rmax = Emax/Emin. To center and normalize the local stiffness of elements around a
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ALGORITHM 1: Hyper-Elastic Calculation

Input: The rest shape VR and current positions Vi for investigated
elements and material. Number of elements m

Output: The local stiffness ratio É for blended shape VB

1 while i < m do

/* Calculate Equivalent Strain */

2 Compute F between VR

i
and Vi

3 Apply SVD to obtain principle strains ¼1,2,3

4 Use Eq. 5.5 to obtain equivalent strain
5 Record min and max tangent modulus, Ei,min,max

6 end

7 while i < m do

/* Match Stiffness Ratio */

8 Calculate minimum and maximum modulus ratio r
9 Compare element Ei to Emax

10 Solve for Éi using Eq. 5.8

11 end

shape factor É = 0.5, ratio h = rmax/(rmax + 1) is derived. Using the above notations

and equations, the geometric shape factor Éi for each element is calculated by

Éi =
h

RG,i
, (5.8)

where RG,i is obtained from the calibration Eq. 5.7. An outline of the process to

compute this shape factor is presented in Algorithm 1. It is to be noted that the

geometric formulation’s least square problem ATAV = ATp in the global step (5.2.2)

has a constant global matrix ATA regardless of the number of materials. The changes

in the shape factor Éi only update the right-hand side of the equation, i.e., the vector

p. This is because every element already requires its own Éi, and all the Éi can be the

same or different with no additional computational cost. The only added computation

is Algorithm 1 for non-linear materials. This step is equivalent in time to a single local

solve and is only performed periodically to ensure an accurate representation of the

material properties. Thus, it has a negligible impact on the overall performance.

Integration of non-linearity

Since the current rigidity is based on instantaneous deformation for hyperelastic ma-

terials, the converged deformation state of the previous step needs to be reflected in

the shape blending algorithm as well. To do this, an intermediary shape VP

i
can be
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calculated at each step to represent the previous deformation:

VP

i = (1− ³)VR

i + ³ ∗Viv, (5.9)

which denotes the relationship between the current volume conserved shape Vv

i
and

the initial rigid shape VR

i
. The ratio ³ is defined as ³ = ϵp/ϵc, where ϵp is the strain of

the previous step, while ϵc is the strain of the current shape. This allows the blending

method to capture an element’s state as a new reference point without overemphasiz-

ing the captured shape, thus reducing path dependency and risk of divergence. The

more a shape deforms, the lower the impact of the rigid shape, but it also prevents a

shape from completely diverging during an iteration as the energy will increase pro-

portionally if it changes too much. A modified version of Eq. 5.4 incorporates the new

metric. The blended shape is then defined as the shape factor É balancing both VP

i

and Vv

i
as shown below:

VB

i = Éi ∗V
P

i + (1− Éi)V
v

i . (5.10)

VB

i
is a blend of the element’s initial shape and the deformed shape. Here, ³

represents the instantaneous state of the element, while É is the relative stiffness of

the element. In this sense, a stiffer material will always try to maintain its shape, while

the softer will care more about volume with an approximate shape. An illustration of

the relationship between the shapes and physical meaning is shown in Fig. 5.4.

5.4 Results

Three tests were performed to validate the framework and its ability to simulate non-

linear material properties. The first demonstrates the ability to simulate multiple

linear materials simultaneously. The second experiment compared the ability of the

software to simulate non-linear materials and its performance. Finally, the last ex-

periment validated the framework’s ability to simulate two 3D printed hyperelastic

filaments in a tensile test while highlighting linear models’ inadequacy for such mate-

rial. The first and second tests are compared to an industry FEA solver Abaqus. All

simulations were performed on the same machine with an Intel i7-7700HQ CPU at
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Figure 5.4: Visual representation of the blended shape V B and how
it is composed. The previous shape V P is based on a composition of

the rigid shape V R and Volume preserved shape V V .

2.80GHz, and 16GB of DDR4 RAM. The framework was coded in C++ and utilizes

the open-source Eigen library [102] for solving.

The hyperelastic materials used for validation are Cheetah and NinjaFlex fila-

ments. The physical samples were printed on an Ender 5 printer using the Flexion

Extruder. The extruder is specifically designed for direct drive extrusion of flexible fil-

aments. These filaments were then printed into a standard shape to be passed through

tensile tests using the ESM 750S. These tests generated the stress-strain curves for

each material. The pieces were printed at 100% infill, with 3 walls and grid infill. The

printing parameters for the Cheetah were 60mm/s, at 230 degrees, while the NinjaFlex

was printed at 40mm/s and 240 degrees and 105% flow. Both were printed at 0.2mm

layer height. Fig. 5.5 shows the stress-strain curves for the tensile tests for both Nin-

jaFlex and Cheetah. To capture the material properties from the stress-strain data,

it is fitted to different hyperelastic models. The third-order Ogden model [103] was

used to fit the data, depicted as follows:

W =

3
∑

i=1

2µi

³2
i

(¼³i

1 + ¼³i

2 + ¼³i

3 − 3), (5.11)

and the constants found for each material is listed in Table 5.1. This model is used in

Abaqus to simulate hyperelastic materials. To allow a direct and simple calculation

of the tangent modulus at any given strain to be used in my method, a polynomial

was also fit to the test data for each material. The polynomial fitting equation for
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Figure 5.5: Stress-strain tensile test data of NinjaFlex and Cheetah
filaments

Table 5.1: Ogden Constants for Abaqus

Constants NinjaFlex Cheetah

µ0 0.187297 −5.497378
µ1 0.091893 2.499418
µ2 3.397167 12.259373
³0 1.940480 3.303409
³1 4.009788 3.722506
³2 −1.512803 −4.762911

NinjaFlex and Cheetah are presented in the following respectively.

ÃNinja =− 0.13ϵ6eq + 1.53ϵ5eq − 6.91ϵ4eq + 15.02ϵ3eq − 15.7ϵ2eq + 8.67ϵeq

ÃCheetah =− 0.11ϵ6eq + 1.49ϵ5eq − 7.69ϵ4eq + 19.9ϵ3eq − 26.6ϵ2eq + 19.13ϵeq

Both the polynomial fit and the Ogden model fit the test data with high similar-

ity. Additionally, both the geometric framework and Abaqus utilized linear Hexadra

("brick") elements.

5.4.1 Multi-material Linear Comparison

Our work proposes a new method to address multiple materials simultaneously that

extends past a two material limit. This is important as hyperelastic materials, when

discretized, represent individual non-linear material properties for every element,
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Figure 5.6: Multi-material validation for linear materials comparing
my framework with Abaqus. a) A 50×5×5 bar is displaced vertically
from the right while maintaining orientation and planerity. The bar is
subdivided into 5 different materials with different Young’s Modulus;
from left to right: 100KPa, 80KPa, 60KPa, 40KPa, and 20KPa. b)
Results of my framework; c)Results from Abaqus; d)Overlaid results

of my framework in color and Abaqus outlined in black.

meaning the number of elements represents the number of individual materials to

be simulated. The framework is validated by simulating five different linear materials

in bending and comparing it to the same simulation in Abaqus, as shown in Fig. 5.6.

A bar measuring 50 × 5 × 5cm composed of 1250 elements is bounded on the left

and displaced vertically on the right. The right-hand side is constrained to prevent

rotation but allow horizontal displacement. The bar’s material distribution, starting

from the left, is: 100KPa, 80KPa, 60Ka, 40KPa, and 20KPa; each representing a

unique stiffness. The expected result is for the softer materials to exhibit more sig-

nificant deformation and curl than the stiffer materials on the left. Fig. 5.6 d) shows

a good correlation with the commercial software. The simulation demonstrates the

ability to handle multiple materials without the need to calibrate each one individu-

ally. When comparing displacement of every node, a 3% average displacement error is

observed. The Abaqus simulation took 71.4 seconds to perform, while my framework

took 11.3 seconds. It is to be noted that as the deformation was increasing the conver-

gence time for the Abaqus simulation also increased, demonstrating one of the issues

with traditional FEA. Computation time in my framework stayed relatively constant

throughout. Its been demonstrated, that the materials’ mechanics were directly con-

verted to geometric stiffness and into a shape factor for each material. This example

could be repeated with as many simultaneous materials as desired, demonstrating new

capabilities compared to previous work.
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Figure 5.7: Rotation comparison between (a) Abaqus and (b) the
framework. Left half is composed of Cheetah, right half is composed

of NinjaFlex. The colors represent displacement.

5.4.2 Rotational Comparison

The geometric framework’s hyperelastic capabilities were compared to Abaqus in this

example. A rotation simulation shown in Fig. 5.7 was performed where the left half

of a bar was characterized as Cheetah, while the right side was formed of NinjaFlex.

Both simulations had a size of 20 × 5 × 5cm and an element count of 500. A 90-

degree rotation of the right plane was performed in both Abaqus and the geometry-

framework, matching nodes were compared to verify accuracy. An average difference

in nodal placement after deformation was noted to be only 3%, with a maximum

difference between both simulations of 6%. The Abaqus simulation took 19.35 seconds

to perform, while my method took only 4.19 seconds. This demonstrates agreeable

results between both cases, while having a significant speed increase.

5.4.3 Multi-Material Hyperelastic Tensile Test

To validate the material models and the simulation framework for hyperelasticity, a

tensile test with multiple materials: Cheetah and NinjaFlex, was performed. Both

specimens are joined together thermally and mechanically during the printing process

and are of equivalent length. The percent elongation of both materials is measured

by keeping track of the joining line between the materials using visual processing.

Figure 5.8 shows the experimental set-up and results. Two simulations were performed
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Figure 5.8: Experimental set-up for multi-material tensile test. The
gauge length of each material is 20mm; NinjaFlex in orange, Cheetah

in white.

to show the effects of hyperelastic properties on a mesh of 500 elements. The first

with linear behaviour using the tangent modulus at rest. The second test used the

polynomial material curves outlined earlier. The simulation results of both linear

and hyperelastic materials are depicted in Fig. 5.10. A clearer picture can be seen

of non-linear material properties when observing Fig. 5.9, where the strain of the

hyperelastic Cheetah seems to be on an up-turn near the end, and the trend of the

hyperelastic NinjaFlex is on a down-turn. This signifies the NinjaFlex is at a point

of stiffening in its material curve, while the Cheetah’s stiffness is relaxing. Compared

to the linear simulation, where there is no change throughout the deformation. This

kind of interaction becomes all the more prevalent as the number of materials increase.

This leads to potentially drastic different configurations for soft robots compared to

linear material modelling. This will change the final positioning but also the path the

robot will follow.

From Table 5.2, the difference between the hyperelastic simulation and the exper-

iment is only -1.3% in terms of the location of the material joint, the linear simulation
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Figure 5.9: Graphical representation of the multi-material hypere-
lastic tensile test. Red depicts NinjaFlex, gray is cheetah.

Figure 5.10: Cheetah(white) and NinjaFlex(orange) filaments in ten-
sion at 100% elongation. a)Linear simulation of my framework; b)
Hyperelastic simulation in my framework; c) Experimental results; d)

Hyperelastic Abaqus results.
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Table 5.2: Comparison of Multi-Material Tensile Test

Tests Position (Error) Cheetah Strain
(Error)

NinjaFlex Strain
(Error)

Experimental 31.5% 26.8% 168.8%

Linear Sim 39.5% (25.4%) 56.9% (112.3%) 142.3.8% (-15.7%)

Hyperelastic Sim 31.1% (-1.3%) 23.9% (-10.8%) 174.8% (3.6%)

Abaqus Hyper 34.7% (11.6%) 38.8% (62.3%) 161.2% (-7.8%)

shows a difference of 25.4%. When looking at individual strain, the difference for

Cheetah is -10.8%, while the linear simulation shows an error of 112.3%. This can be

explained by the quick softening of the NinjaFlex relative to the Cheetah, illustrating

the non-linear behaviour. When comparing to the experimental results, Abaqus per-

formed worse than my framework. Through simulating this experiment on Abaqus, it

was clear that the interface between materials became problematic when large defor-

mations occurred. Abaqus took 27.2 seconds for the simulation, while my framework

took 18.3 seconds. A 1.49x speed increase is observed. However, the error for Abaqus

is 11.6% compared to -1.3% for my method.

5.5 Conclusion

This chapter has formulated a novel method for characterizing non-linear and hyper-

elastic material properties to a geometry-based approach. In this method, material

properties can directly and efficiently be integrated into a local shape blending tech-

nique dynamically with negligible performance decrease. The calibration for multiple

materials was done based on the equivalent strain energy experienced during uni-axial

tensile tests. As such, a direct relation with the mechanical properties of the material

could be established and used in the geometry framework. This allowed for a more

complete understanding and selection of the shape factor, enabling the direct imple-

mentation of material curves. Through the multi-material tensile test, 3D printed

specimen were deformed and fitted to obtain material properties. These were com-

pared to a linear model and demonstrated significant differences in results between the

two. This further highlights the need for non-linear models for 3D printed filaments

and their incorporation in simulation. Compared with standard FEA, the rotational
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test also showed agreeable results while still maintaining previous performance bench-

marks established by the geometry-based approach.
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Chapter 6

Conclusion

Soft robotic grippers have potential to significantly improve automation in indus-

tries requiring adaptability, compliance, and safe human interaction. However, their

widespread adoption has been hindered by challenges in modelling, design, and simula-

tion—particularly in tendon-driven systems, where the interaction between cables and

elastic surfaces introduces complex, nonlinear behaviours. This thesis helps address

these limitations by contributing a new formulation for cable friction, a gripper de-

sign framework, and improving simulation accuracy, providing a foundation for more

efficient and predictable soft robotic systems. By bridging gaps between fundamen-

tal research and practical implementation, these advancements are a meaningful step

forward for standardized, repeatable, and scalable design processes, bringing tendon-

driven soft robots closer to widespread adoption.

Cable friction has been heavily researched for over a century. However, only rela-

tively recently have applications been found where elastic cables interact with elastic

surfaces. This thesis contributes to the understanding of this interaction by propos-

ing a friction formulation that also accounts for the asperity behaviour of the friction

surface. Additionally, a new experimental methodology is introduced to efficiently de-

termine the friction coefficient for soft robotic systems with minimal data, significantly

reducing the reliance on time-consuming physical testing.

Building on this foundation, a structured design pipeline for tendon-driven soft

robotic grippers is developed. The second component of this thesis focuses on ef-

ficiently narrowing the gripper design space by introducing a grasp-based product

mix concept, which categorizes food products based on their required grasp type.

This classification enhances adaptability in food automation by reducing the need for
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frequent gripper reconfiguration. With a more focused design domain, a streamlined

development pipeline is proposed, integrating human demonstration data, grasp strat-

egy optimization, and kinematic modelling. This approach significantly reduces both

development time and cost while ensuring that the resulting grippers remain effective

across a range of handling tasks. Finally, an optimization framework is introduced

to further enhance gripper performance by incorporating hyperelastic material prop-

erties, optimizing cable routing paths, and tuning joint stiffness. These refinements

minimize actuation force requirements while improving grasp stability and overall

efficiency.

The final component of my thesis extends the current state-of-the-art simulation

framework for soft robots by formulating an efficient computation scheme for incorpo-

rating hyper-elasticity within a geometric representation. This approach ensures that

the global stiffness matrix remains constant throughout the simulation, preserving

computational efficiency while accurately capturing nonlinear material behaviour. A

mathematical model is established to define and calibrate the relationship between

shape factors and material properties, enabling stiffness to be represented as a ge-

ometric quantity. By evaluating the strain energy of each deformation element, the

framework dynamically determines instantaneous stiffness values and updates the cor-

responding shape factors at each step. As a result, the method remains applicable

across an effectively infinite range of materials.

This thesis has taken significant steps toward solving fundamental challenges in

tendon-driven soft robotics, providing new methodologies that improve friction mod-

elling, streamline gripper design, and enhance simulation accuracy. Yet, these con-

tributions are only the beginning. The future of soft robotics promises to be one

of interdisciplinary innovation—where mechanics, materials science, artificial intelli-

gence, and bio-inspired engineering converge to create machines that are more adapt-

able, efficient, and intelligent than ever before. The journey ahead is filled with open

questions, but each one presents an opportunity to push the boundaries of what soft

robotics can achieve.
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6.1 Future Work

The contributions of this thesis lay a strong foundation for future research, opening

up several exciting directions that can deepen our understanding and expand the

capabilities of tendon-driven soft robotic grippers.

The friction model developed in this thesis has proven effective in capturing the

behaviour of elastic cables interacting with elastic surfaces under typical conditions

found in tendon-driven soft robots. Future research can extend this model to incor-

porate actuation speed as a parameter while expanding the range of tested loads and

angles. As soft robotic materials allow for significant deformation under tension, an

increase in frictional contact area could lead to a more nuanced model—potentially

drawing inspiration from V-belt friction mechanics. Additionally, improvements in the

experimental setup, such as more sensitive measurement devices, could enhance visu-

alization of the stick-slip transition, providing deeper insight into frictional dynamics.

Another crucial direction is the study of cyclic loading, as repeated actuation and

relaxation may alter internal friction forces over time, affecting the robot’s long-term

performance and deformation path. Furthermore, real-world industrial applications

will introduce wear on soft surfaces, reducing asperity effects and changing friction

coefficients.

The gripper design methodology established in this thesis provides a streamlined

approach to transferring human grasping strategies into soft robotic systems, signif-

icantly improving design efficiency. Future work can enhance the gripper design by

incorporating textured gripping surfaces or silicone-based friction coatings to improve

contact stability. Another promising avenue is optimizing grasping synergies across

all fingers, ensuring coordinated actuation that minimizes the number of actuators re-

quired while preserving dexterity. Further refining the thumb’s capabilities—through

additional degrees of freedom, variable stiffness tuning, or multi-actuation configu-

rations could dramatically expand the range of feasible grasps, making soft robotic

hands even more adaptable for complex manipulation tasks.

The simulation framework presented in this thesis introduces a novel approach

to representing hyperelastic materials through a geometric shape factor, enabling ac-

curate simulations without the computational burden of continuously updating the
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global stiffness matrix. This technique can be extended in several ways. First, intro-

ducing multiple local stiffness metrics could better capture complex, multi-directional

loading scenarios. Further refinement could incorporate anisotropic effects, temperature-

dependent behaviour, and strain rate considerations. Another exciting direction is in-

tegrating 3D-printed metamaterials and lattice structures into the framework, treating

them as tunable digital materials whose stiffness and deformation properties can be

algorithmically optimized. The speed of my simulation framework could be leveraged

to allow for rapid, performance-driven material distribution and topology optimiza-

tion. Additionally, existing research on digital material formulations [104] suggests the

potential for real-time iterative updates to material properties, which could be seam-

lessly integrated into this framework for adaptive soft robotic systems that adjust

their properties dynamically based on external forces and operational conditions.
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