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Abstract

Tactile object identification is essential in environments where vision is occluded or when
intrinsic object properties such as weight or stiffness need to be discriminated between. The
robotic approach to this task has traditionally been to use rigid-bodied robots equipped with
complex control schemes to explore different objects. However, whilst varying degrees
of success have been demonstrated, these approaches are limited in their generalisability
due to the complexity of the control schemes required to facilitate safe interactions with
diverse objects. In this regard, Soft Robotics has garnered increased attention in the past
decade due to the ability to exploit Morphological Computation through the agent’s body
to simplify the task by conforming naturally to the geometry of objects being explored.
This exists as a paradigm shift in the design of robots since Soft Robotics seeks to take
inspiration from biological solutions and embody adaptability in order to interact with the
environment rather than relying on centralised computation.

In this thesis, we formulate, simplify, and solve an object identification task using Soft
Robotic principles. We design an anthropomorphic hand that has human-like range of
motion and compliance in the actuation and sensing. The range of motion is validated
through the Feix GRASP taxonomy and the Kapandji Thumb Opposition test. The hand
is monolithically fabricated using multi-material 3D printing to enable the exploitation of
different material properties within the same body and limit variability between samples.
The hand’s compliance facilitates adaptable grasping of a wide range of objects and features
integrated distributed tactile sensing. We emulate the human approach of integrating
information from multiple contacts and grasps of objects to discriminate between them.
Two bespoke neural networks are designed to extract patterns from both the tactile data and

the relationships between grasps to facilitate high classification accuracy.
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Introduction

1.1 Motivation

There are many seemingly trivial tasks undertaken by humans that continue to escape the
capabilities of robots. One such example is the task of blindly reaching into a bag of distinct
objects with the intention of selecting one and retrieving it. From the human perspective,
in order to select and subsequently grasp the desired object from the bag successfully, the

task can be broken down into the following set of challenges:

1. Entering the bag and approaching the objects without the affordance of visual informa-

tion.

2. Physically exploring the unstructured contents of the bag without risk of damaging
either the objects or the person whilst acquiring tactile information from contact with

the objects.
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3. Executing a stable grasp of any object in the bag despite complex dynamic interactions

in the unstructured environment.

4. Manipulating the object either to achieve a more stable grasp or to explore salient
features around the object’s body and then using multiple grasps to form, develop, and
reinforce beliefs over the object’s classification, comparing with the representation in

memory.

Over millenia, humans have evolved to exploit Morphological Computation throughout
our body to approach and achieve a task like this. Morphological computation is the
concept that the body’s morphology can be used to simplify and inform interactions with
the environment whilst reducing the amount of explicit central computation required [1].
Fig. 1.1 illustrates the implications of this concept, whereby the transfer of information
and stimuli exists between each system, rather than simply between the central controller
(the brain) and the mechanical/sensory systems. Specifically, the body dynamics enable
sensory-motor coordination such that the way in which the mechanical system interacts with
the environment directly shapes how the sensory system perceives it [2, 3]. For humans,
these body dynamics arise in a multitude of ways when undertaking the posed task, including
but not limited to: the specific morphologies of the 4 main tactile receptors in the skin, that
are each specialised to detect different stimuli for contact discrimination [4]; the natural
filtering and passive compliance in the epidermis, dermis, and hypodermis to modulate the
signals reaching the receptors [5]; the compliance in the joints and skin to conform naturally
to the geometry and stiffness of objects being grasped and reduce incident impulses for
safe interaction during contact [6, 7]; the ability to selectively stiffen the joints from soft
contact for surface detection and safe exploration to output greater forces for grasping [8];
and the synergies between the 21 degrees of freedom (DOFs) in the hand to simplify and

generalise the control of the motions and poses of the hand [9-11]. These features provide us
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Figure 1.1: The implications of embodiment on the interaction between a robot and its environment.
Taking into account the body’s dynamics with the environment and the effect of the mechanical system
on the sensory system represents a paradigm shift in robotic design. This design approach allows
for sensory-motor coordination where the morphology of the body structures and shapes the sensors’
response. From [12]. Reprinted with permission from AAAS.

with a high degree of confidence in the safety of interactions, the ability to classify between
objects, and the adaptability to conform naturally to the shape of any object, ensuring a
stable grasp. Furthermore, humans practise and perfect tasks such as these over many
years as we develop. There is a vast difference between an adult’s ability to exploit these
morphological features compared to an infant.

Even with the benefits afforded by the hand’s morphology, tactile sensing is inherently
a local process and single contacts are rarely sufficient to distinguish between objects. In

this case, humans will adapt the hand’s pose and take repeated touches of the object to seek
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out and detect variations between objects [13]. We use the sensory-motor coordination to
modify the contacts with the objects for specific somatosensory receptor triggering whilst
integrating the signals to build up a representation of the contact, which is compared to stored
representations in memory to identify the object [5, 14-16].

Whilst humans’ development has exploited compliance and body dynamics to enable
us to simplify the approach towards complex tasks such as the one proposed, development
of robotic systems has traditionally focussed on the deployment of rigid-linked agents with
discrete joints. To approach the same task, these agents require complex control schemes
to manipulate each joint’s DOFs precisely. While some elements of the proposed task
have been achieved in traditional robotics, their lack of generalisability and safety stems
from the necessity of explicit control.

Due to the rigidity in traditional robotic arms and hands, they are most commonly kept
remote from unstructured environments due to the risk posed and the precision required in
their safe deployment [17]. Indeed, they have to approach cluttered environments timidly,
since unpredicted impact can easily damage either the robot or its environment [18]. In
this regard, the task of grasping diverse objects stably in any given pose presents a complex
challenge for robots, demanding an end-effector with high dexterity or adaptability to
accommodate the diverse geometries involved. Here, dexterous is used to refer to designs
with a high number of DOFs and extensive range of motion in the joints. For highly dexterous
designs, achieving a stable grasp on any object in any presented pose necessitates complex
solutions that utilise a constant feedback loop between sensing and actuation to conform to
the specific object’s shape and material properties [19]. Typically, these designs are applied
to grasping tasks within constrained environments, such as only having a narrow range of
objects to grasp or grasping objects in a single pose [20]. Only recently has the diversification
of a graspable object set been achieved [21]. For the grasp planning in these instances, an

object is localised and/or identified using vision before an explicit planner formulates the
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reach, pose, and grasp posture [22]. However, whilst the use of vision in this application has
demonstrated widespread success, oftentimes, we are faced with environments with visual
occlusion. In this regard, the problem of contact and feature detection is well-motivated
for the application of tactile sensing [23].

Tactile sensing unveils the potential to attain richer information about an object’s proper-
ties, such as its weight, stiffness and friction [24]. Indeed, a number of factors significantly
affect the likelihood of success in this task. Primarily, the gripper has to be able to
interact with any object in any pose. Whilst this is indeed possible with rigid-linked end-
effectors, it relies on the integration and sychronisation of positional or force feedback to
detect contact and precisely adapt the effector pose accordingly to ensure both safety in
contact and successful grasping [25]. For example, limited solutions have demonstrated
success by taking feedback from positional encoders and force/torque sensors at the discrete
joints [26]. This proprioceptive feedback can be applied both to the control of the grasp
and the object identification itself. However, the control of many DOFs is not trivial and
introduces complexity to ensure successful grasps are achieved for a variety of objects,
limiting the generalisability of the application. Secondly, tactile object identification is
inherently contingent on the amount and type of physical contact between two parties,
such as normal or shear forces [22]. In this regard, contact between two rigid surfaces
restricts sensory stimulation and requires precise alignment between contact faces to enable
successful detection.

Whilst there has been over 100 years of designs presented for anthropomorphic hands
with recent application towards object identification, the vast majority are limited in their
generalisability by the requirement for complex control schemes as discussed [27]. In contrast,
with the advent of Soft Robotics, recent work has looked to target adaptability over dexterity.
This paradigm shift is motivated by taking inspiration from biological solutions to implement

the Morphological Computation that was discussed previously to focus more on how the
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characteristics of the body can be used to simplify tasks by embodying the intelligence and
allowing the morphology to shape the sensory input and the mechanical output [28-31].

Soft materials and compliant joints are intrinsically connected to adaptability since
designers can exploit the passivity of their design to conform to the shape of the environment
with minimal control complexity [32]. This concept enables the agent to offload control
from central computation and, rather, to embody it within the agent’s materials and geometry
to achieve greater conformability, and perception in the environment [2]. Through this
embodiment, deployment in unstructured environments without prior knowledge becomes
possible, as it enables leveraging physical interactions for favorable object-environment
interactions instead of solely relying on rejecting or avoiding external disturbances [33, 34].
Bonilla et al. [18] explored this concept in the context of a manipulation paradigm and how
the exploitation of structural softness enables complex interactions with the environment
as shown in Fig. 1.2; by using soft materials in anthropomorphic hands, robots can use the
contact with the environment favourably rather than having to avoid it timidly.

In the initial exploration process, exploiting the passive compliance of soft materials
allows for energy dissipation when in contact with objects [29, 35]. The dissipation leads
to intrinsically safe designs that ensure the risk of damage to either party is naturally
reduced [36]. In this regard, the implementation of soft joints or linkages provides a significant
advantage over traditional robotic end-effectors in facilitating safety during exploration, as
they do not require the same precise adaptations during contact for safe interactions.

Once safe contact has been made with the object, the next step is to be able to perform
a static and stable grasp of a diverse set of objects. Enhancing the dexterity of an end-
effector with the compliance of soft materials enables this object diversification, from greater
geometric variability to including a range of stiffness [27, 37, 38]. The passive compliance
allows the hand to conform naturally to the shape of the object and solutions using soft

end-effectors have shown that, in the framework of a static relationship between agent, object,
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Figure 1.2: The manipulation paradigm highlighting the difference between rigid and soft manipula-
tors. The colours in (a) and (b) are reflected respectively in (c) and (d). A rigid-bodied hand has to
approach manipulation timidly and plan only to contact where a good quality grasp can be achieved.
Conversely, a soft daring hand actively seeks out contact with the environment to exploit information
from complex interactions and passively shape the hand. Reproduced with permission from [18]
©2014 IEEE.

and environment, they can grasp a wide range of objects with only open-loop control [39].
By extension, objects can be presented in a variety of poses or centre offset positions and
the soft end-effector is still able to execute a successful grasp without control or positional
adjustments [40]. Furthermore, the softness of the material allows for a greater surface
area of contact between the gripper and the object, increasing the friction in the grasp and
therefore improving the likelihood of grasp success.

Within the context of tactile sensing and utilising softness at the point of contact, as
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stated before, maximising physical contact between two parties is crucial for acquiring
comprehensive tactile data for object identification. The amount of contact can be understood

in terms of two aspects:

1. The surface area between the end-effector and the object. By designing a system that
naturally conforms to the shape of the object under scrutiny, the surface area between
the agent and object can be increased [41]; this is achieved within a Soft Robotic design
by the bulk conformability in the contact and the compliance between the sensors and

the object.

2. The spatial distribution of sensors on the end-effector. In this case the distribution of
the sensors relates to the number and density of sensors placed around the end-effector;
by distributing the sensors across the entire surface area in contact, a greater number

are likely to be stimulated for data acquisition at any given contact [42-44].

Furthermore, the combination of these two factors, conforming to the object and detecting the
surface across that contact, facilitates the acquisition of patterns in the tactile data that would
be otherwise missed by rigid-bodied agents. In effect, the adaptability of the end-effector to
the object’s geometry shapes the data to simplify the inference for object recognition [45-48].

Although sensing in compliant grippers can provide a solid foundation for accurate
object identification, tactile sensing inherently only provides local information. Relying
solely on one grasp risks missing salient features necessary for accurate identification or
confusing sets of similar geometry for one another [49]. While using distributed sensing
rather than purely tip sensing can mitigate this issue to some extent [50, 51], the human
approach can be emulated by integrating information from multiple grasps across the surface
of the body. This holds even greater promise for improving accuracy rates as the knowledge
of the object morphology is developed. However, achieving this goal requires developing

a Bayesian framework capable of integrating subsequent information to build upon prior
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knowledge, as well as a physical system that is able to adapt to any pose that the object
is presented in as discussed previously.

This thesis seeks to explore and develop the abilities of Soft Robots to exploit morpho-
logical computation to simplify the task of tactile object identification. Inspiration is taken
from the human approach of using compliance in the joints and skin to conform naturally to
the objects under scrutiny and ultimately formulate a multi-grasp identification procedure.

Two overarching questions are formed to be answered and to structure the thesis:

1. How can the principles of Soft Robotic actuation and sensing be implemented to design
a hand that combines human-like dexterity with a high degree of adaptability to grasp
a wide range of objects with just a simple control scheme and tactile feedback? This
is addressed in Chaps. 2 and 3, in exploring actuation and fabrication methodologies,

and designing a soft anthropomorphic hand with integrated distributed tactile sensing.

2. How can the embodied intelligence afforded by the adaptability within that hand be
exploited to formulate, simplify and solve a multi-grasp tactile object identification
task? This is addressed in Chaps. 4 and 5, in the application of the soft hand to
grasping a set of objects from all poses and developing two neural networks for object

identification based on the tactile data from those grasps.

1.2 Thesis Structure and Contributions

Chapter 2: Preliminary Investigations and Soft Actuator Design

For the design of a hand that can be applied to the complex task that was outlined in Sec. 1.1,
the work in this thesis seeks to design an actuator that demonstrates inherent compliance, is

easily fabricable with high repeatability, can be simply controlled, and achieves comparable
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actuation speed to a human finger. This will allow for the levels of adaptability that facilitate
simplifying grasping the diverse set of objects.

The field of Soft Robotics has rapidly expanded over the last decade, producing a wide
range of new actuation methodologies that have the potential to be applied to the design of
the hand [52, 53]. The preliminary work in Chap. 2 examines the new and diverse approaches
that have been presented in the field [37, 54]. The approaches are compared and contrasted
and pneumatic actuation is chosen as it suits this design criteria most closely.

Having chosen pneumatic actuation for the actuator, this thesis then explores the properties
of the novel materials and fabrication methodologies that can best facilitate the behaviours
that are desired in the actuator. In particular, it is desirable to be able to incorporate
multiple materials within the same body to enable hybrid rigid-soft designs with carefully
chosen material behaviours through the body [55]. Furthermore, this works also seeks
to simplify the overall fabrication and component integration process, and maximise the
repeatability between samples.

Through these preliminary investigations, multi-material polyjet 3D-printing and pneu-
matic actuation were identified as best-suited for the overall task [56]. The concepts were
applied to develop a bi-directional actuator. The contributions of this work compared

with the state of the art are:

1. The application of multi-material polyjet printing to the fabrication of an actuator,

achieving simplified manufacturing and improved repeatability.

2. The easily implemented variable stiffness and tunable force output that enables greater

force output and multiple control modes.

The chapter concludes with the presentation of the paper that was published in conference

proceedings at TAROS 2021.
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Chapter 3: Soft Hand Design

For the purpose of grasping a diverse range of objects, the work in this thesis seeks to produce
a gripper that can combine both dexterity and adaptability [38]. In this regard, human hands
are well known for their ability to perform a wide range of tasks, from fine manipulation to
heavy lifting, and so are well suited towards this task [27, 57]. In Chap. 3, the kinematics
required for human-like dexterity are justified, which, in part, is derived from the opposability
of the thumb, and motivates the inclusion of an active palm [58—61]. This dexterity is then
combined with the adaptability contributed by the soft materials and actuation methodology
investigated in the previous chapter (Chap. 2) to produce a soft anthropomorphic hand.

In addition to the structure and motion of the hand, the thesis investigates the integration
of soft sensing systems that will form the basis for the object identification task that is
formulated in Chap. 4. As with the actuation, this work seeks to develop an inherently
compliant sensing scheme that is easily integrated into the body of the hand [41]. As discussed
in Sec. 1.1, distributing the sensing around the hand enables greater tactile information to
be gained from each object interaction, and inspiration is taken from human behaviour to
determine the sensor placement [62].

The combination of the hand and sensing system culminates in the overall design of
a monolithic 3D-printed hand with integrated distributed tactile sensing. The contribu-

tions of the hand are:

1. A monolithic multi-material 3D-printed body, which facilitates the exploitation of the

different selected materials and significantly reduces fabrication complexity.

2. Integrated, distributed soft pneumatic tactile sensing for large-scale contact detection

across the surface of the hand.

3. An active palm to achieve human-like dexterity through enhanced thumb opposition.
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This work was published in RA-L 2022 and the paper is included.

Chapter 4: Multi-Grasp Tactile Object Identification

As humans, we take multiple touches and grasps of an object to develop a tactile profile
of an object, especially in the case that local information may not be sufficient to discern
between similar object classes. In Chap. 4, the thesis first reviews how soft grippers and
hands can be applied to tactile object identification and subsequently investigate how they
can mimic the multiple grasps that humans use to improve on those solutions [26, 39, 63,
64]. The thesis then looks into how machine learning and neural networks have been applied
to classify objects based on tactile data from soft robotic grippers and hands. The complex
interrelations that emerge within the acquired data in tactile object identification can be well
evaluated with the analysis provided by these tools [26, 65].

The adaptability of the hand developed in Chap. 3, enabled it to grasp a set of objects
from any presented pose and gain tactile information from these grasps using the integrated
sensing. The morphology and compliance of the hand helps to shape the tactile data that
is acquired by conforming to the geometry of the object to enable accurate identification.
The tactile data from these grasps is passed through an encoder-decoder architecture and,
importantly, the grasp order in the data is randomised to prevent any reliance from forming
in the identification process.

The contributions of this identification methodology are:

1. Object classification based on information gained from multiple grasps that achieves

higher accuracy than single-grasp identification solutions.

2. A data structure and architecture (EDAMS) that enforces geometric separation in the

latent space.
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3. Pose-invariant identification, where each object can be identified in any presented

position.

This work was presented at Robosoft 2023 and the corresponding paper is provided.

Chapter 5: Bayesian Framework for Open-Ended Object Identification

In Chap. 5 this thesis develops upon the object identification work in the previous chapter
in two significant ways. Firstly, the work seeks to develop an open-ended classification
procedure whereby any number of grasps can be taken to inform the identification process.
Secondly, a 2D embedding for subsequent vision-analogous classification is implemented
to improve the accuracy at a low number of grasps.

To allow for any number of grasps to be input, rather than the limited number in the
prior methodology, the chapter explores how Recurrent Neural Networks (RNNs) have been
implemented across a range of applications to use a form of short-term memory [66]. This
memory enables us to maintain a running update of the classification output and implement a
Bayesian framework for object classification, influenced by the output of the network on the
previous grasp [67, 68]. The prior prediction is concatenated into the network and data is
sequentially acquired until satisfactory belief in the output of the classification is achieved.

Whilst the shortcomings of actual visual identification have been recognised, the means
of feature extraction from images have been studied in depth and are well documented
in the literature [69—71]. Tactile identification can use these methods analogously since
object features can also trigger across proximal taxels leading to similar distinguishable
patterns [24]. Chap. 5 looks to exploit these similarities by using convolutional layers to
extract local features from an embedded 2D representation of the tactile data.

Chap. 5 develops a new model for the analysis of the data acquired in Chap. 4. By

using an RCNN-based network (ROSE-Net), it is shown that the prior classification belief
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distribution can be concatenated with the innovation data to inform future predictions and
form a 2D embedding for vision-analogous spatial feature extraction. The contributions

of this methodology are:

1. A novel recursive network that leverages on work developed in visual object identifica-

tion.

2. An open-ended framework that is capable of processing any number of grasps sequen-

tially with monotonically increasing classification accuracy.

3. Improved accuracy in pose-invariant object identification compared to the previous

work.

This work has been submitted to Science Advances and is currently under review.

1.3 Publications
The following publications were based on the work presented in this thesis:

* O. Shorthose, L. Scimeca, A. Albini and P. Maiolino, “Exploiting Deep Learning to
Achieve Multi-Grasp Pose-Invariant Object Recognition with a Soft Hand”, Under

review in Science Advances

¢ O. Shorthose, A. Albini, L. Scimeca, L. He and P. Maiolino, “EDAMS: An Encoder-
Decoder Architecture for Multi-grasp Soft Sensing Object Recognition”, in IEEE 5th

International Conference on Soft Robotics (RoboSoft). 2023

* O. Shorthose, A. Albini, L. He and P. Maiolino, “Design of a 3D-Printed Soft Robotic
Hand With Integrated Distributed Tactile Sensing”, in IEEE Robotics and Automation

Letters, 7(2), 3945-3952. 2022
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* O. Shorthose, L. He, A. Albini, and P. Maiolino, “Design of a Multimaterial 3D-Printed
Soft Actuator with Bi-directional Variable Stiffness”, in Annual Conference Toward

Autonomous Robotics Systems: Vol. 13054 LNAI (pp. 238-248). Springer. 2021



Preliminary Investigations and Soft Actuator

Design

The rapid emergence of Soft Robotics in the last decade has been largely enabled by the
development of novel fabrication and actuation methodologies [30]. These methodologies
have paved the way for a whole host of material and actuator behaviours that were previously
unachievable. Specifically within these behaviours, this work seeks to exploit the compliance

that facilitates safe and adaptable actuation.

Sec. 2.1 discusses the Soft Robotic actuation methodologies that have the potential to
be applied to the further design of the soft hands. After identifying pneumatic actuation as
being best suited, Sec. 2.2 then explores the methods of fabricating soft pneumatic actuators.
Variable stiffness methodologies that are used to increase the output force of an actuator

are identified in Sec. 2.3. The paper that was presented at TAROS 2021 is given in Sec. 2.4

16
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with further information about the undertaken work given in Sec. 2.5. The chapter finishes
with a brief discussion of the limitations of the actuator and modifications that were made

for the later design of the soft hand in Sec. 2.6.

2.1 Actuation Methodologies

There has been a wide range of methodologies proposed for Soft Robotic actuation [37, 38,
54, 72]. Each one aims to exploit soft materials to build robotic bodies that conform to the
environment, and are robust, safe, and impact resistant [73—75]. In this work, the primary
focus in design is on a methodology that allows for a high degree of compliance, will provide
inherent adaptability in deployment, has comparable speed to human fingers [59], and is
simple and repeatable to fabricate. The most commonly employed techniques are broken

down in [72] and the main methods can be summarised as follows:
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As a result of evaluating these design criteria, pneumatic FEAs were implemented in
the work presented in this thesis. A deeper review into the state of the art within the field

of FEAs is presented in the paper in Sec. 2.4.

2.2 Fabrication Methodologies

2.2.1 Enabling Soft Robotic Design

Whilst multiple fabrication methodologies have been proposed for FEAs, the majority of
designs are fabricated using casting and/or 3D printing. Casting is the process of pouring a
liquid material into a mould, which is then left to cure before the mould is either removed
physically or chemically [89, 93]. This process is commonly used in the production of
silicone rubber parts but also allows for the integration of other components such as sensors
between fabrication steps [94]. It shows great promise within Soft Robotics because the
materials can be cheaply acquired and easily implemented. However, it has a number of
drawbacks. The fine margins in the ratios of the materials that are mixed for curing, along
with the imperfections from degassing the solution and the use of moulds requiring fine
alignment, can lead to high variability between samples [95]. Additionally, it has been shown
that a component manufactured with casting and 3D printing has higher performance in the
printed sample when using the same material for both methods [96].

3D printing had its advent in the mid-1980s and involves layer-by-layer fabrication of a
body based on a digital model [97, 98]. Within Soft Robotics, FDM, SLA, SLS and polyjet
have been used, each with their own respective advantages and disadvantages [55, 99].

FDM is the most common method used in Soft Robotics due to its low cost and ease
of use [100, 101]. It works by heating and extruding a thermoplastic through a nozzle,

which sets upon cooling [102, 103]. However, it is limited in the materials that can
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be used, and the resolution of the printed parts is often low [104]. Furthermore, FDM
components often experience delamination, which may not be a critical issue for many
mechanical applications. However, in pneumatic applications, delamination can quickly
lead to leakages, rendering the component useless. SLA and SLS have both received much
less attention as the costs of production and complexity of fabrication significantly reduce
the accessibility of the manufacturing techniques. A few solutions have been presented,
but they are only capable of producing single material components [105], which severely
limits the ability to exploit different material behaviours without relying on post-fabrication
integration of different bodies.

Polyjet printing is a relatively new technology that has been used in Soft Robotics to
produce monolithic multi-material components. Photopolymers are jetted onto a build tray,
blended and cured with UV light for high-resolution printing [99, 103]. Through this process,
the printers are able to achieve high-resolution printing (16um [106]). Typically, the mix
of photopolymers is between a rigid and a soft material and, by specifying the ratio of
these, the shore hardness of the material can be chosen. By corollary, the stiffness, tensile
strength, and other material properties can be chosen. These materials can then be seamlessly
blended to allow for the exploitation of complex material behaviours [107]. Furthermore,
the high accuracy and dissolvable support material allow for the integration of complex
internal geometries that are not possible with other methods of additive manufacturing.
This enables the design of the cavities for fluidic actuation and pneumatic sensing which
will be detailed in subsequent sections.

Due to the benefits listed above, polyjet printing was chosen to develop the pneumatic
actuator. However, because the available materials have only recently been developed, at the
time of the start of this project, they were not well characterised in the literature. Therefore,
in order to be able to use the materials in simulations and actuator design, tensile testing of

the catalogue of available polyjet materials was undertaken. The factors affecting material
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properties are presented in Sec. 2.2.2 and the testing is detailed in Appendix 6.

2.2.2 Polyjet Material Characterisation

Polyjet printing was invented in 1998 by Objet Geometries Ltd., which was subsequently
acquired by Stratasys in 2012. Due to the relatively recent advent of the technology, there is
little characterisation of the materials in the literature and the material properties between
papers and manufacturer’s documentation are not consistent [107—111]. Through the work
that has been done, it has been discovered that polyjet materials are highly variable depending

on a set of factors.

Firstly, the layout of the pieces in the print bed has been shown to vary the elastic modulus,
tensile strength, and visco-hyperelasticity. Primarily, the orientation of the components affects
these factors - specimens printed in the X-direction have the highest tensile strength and
elastic modulus, Y-direction components were comparable but lower, but those printed in the
Z-direction were significantly weaker in all tests [112—114]. The orientations of the pieces
are shown in Fig. 2.1 from Abayazid et al. [113] and the print head moves primarily in the
X-direction. The streaks shown in the inlay are characteristic of polyjet printing and are
indicative of material property differences based on orientation. Additionally, the proximity
of the printed pieces to each other in the Y-direction affects the material properties [106, 115].
The closer the pieces are to each other in the Y-direction, the higher the elastic modulus. This
is primarily due to the UV dispersion between pieces when they are closer together curing
the same component multiple times per layer. These factors can generally be controlled by
the user, but further complex reasons to do with the printer’s jetting algorithms that cannot

be easily modified are discussed in the literature [115].

Beyond these factors, the material properties vary over time and with increased exposure

to UV. Of course, UV is required to cure the materials initially, but as the material ages,
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Figure 2.1: Layout of test samples in tensile testing undertaken to characterise polyjet printed samples.
Reproduced with permission from Abayazid et al. [113].

the material loses its elastic properties and increases in tensile strength [114]. This is a
significant problem for the materials as this makes long-term utility unpredictable and parts
must be stored out of direct light.

Whilst polyjet printing enables monolithic multi-material printing, the interfacial rela-
tionships between different materials are complex. For a designer, it is important to know
whether to design abrupt material changes or to implement gradation between them. Mueller
et al. [107] found that the material mixing is at the micro-scale rather than the molecular scale
and therefore can be viewed akin to a conventional composite material with strengthening
fibres distributed through the body. Additionally, they showed that local anisotropy has
to be considered when designing the material interfaces to prevent warping. Lumpe et
al. [116] showed that there is great variability and unpredictability when measuring the
tensile properties of interfaces. Solutions to this have been proposed as including a transition
zone between materials or embedding the materials within each other at the transition.

Due to the conflicting material properties’ data, tensile testing of the materials was

undertaken to characterise some of their basic mechanical properties. Standard ASTM D638
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protocols were followed for the tests. These are presented in Appendix 6 and were used

to form the basis of the simulations in this chapter and the next.

2.3 Variable Stiffness

As stated in Sec. 2.1, FEAs have been utilised to great effect within Soft Robotics designs
but are often limited to a low force output. However, simply increasing the internal pressure
to increase the force may cause perforations in the soft casing materials. To solve this
shortfall, variable stiffness can be implemented in a variety of ways [117, 118]. The
application of variable stiffness can be generally split into using semi-active actuators that
vary their elasticity or fully active actuators to achieve antagonism. These can further
be split into combinations of the same methodologies presented in Sec. 2.1 which are
presented in Table 2.2. This work seeks to increase the force output whilst maintaining

the simplicity of fabrication.
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Jamming-based semi-active actuators have been proposed by incorporating extra material
into the body of the actuator to modulate their mechanical properties upon variation of the
internal pressure of the chamber [119]. This concept was brought to the forefront of Soft
Robotics designs by Brown et al. [120] with the Universal gripper. The concept works by
reversibly removing the free space around the jamming media to force them together, thereby
increasing the shear forces between them and increasing the stiffness of the body. This
process is illustrated in Fig. 2.2. Since Brown’s work, it has commonly been applied to
granular, layer and fibre jamming [121]. The main benefit of these actuators is that they have
been shown to increase the output force of the system significantly without modifying the
original shape of the actuator, which makes them well suited to a range of Soft Robotics
applications. Furthermore, the control required to vary the stiffness is straightforward and
does not increase the complexity of the system substantially. However, they require the
integration of additional components which can complicate the fabrication process, and
(especially in granular jamming) the behaviour can be unpredictable depending on the

initial state of the particles [122].

Evacuate

Tightly packed particles

Loosely packed particles Boundary Layer >0

T=0

Figure 2.2: The concept behind jamming actuators as the internal cavity is evacuated. 7 is the shear
force between particles.

Active actuators for FEAs generally take the form of collinear or parallel actuators
that work in partnership or opposition to each other to modify the bending and stiffness

of the actuators [123—125]. Whilst these are not able to achieve the considerable increase
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in force output that is demonstrated by jamming actuators, they do not require additional
components and are therefore simpler to fabricate. Additionally, through the manipulation
of each independent chamber, various control schemes can be achieved to diversify the
application of the actuator. Further down the line, this diversity has the potential to enable
different behaviours in the soft hand’s fingers, for example, increasing the force output
or stiffening a straight finger. The control schemes are presented within the contributed

paper and discussed further in Sec. 2.5.

2.4 Contributed manuscript

The manuscript in this chapter was published in the proceedings of TAROS 2021. It
utilises pneumatic actuation, multi-material 3D printing, and parallel actuation to create a
monolithic variable stiffness actuator with multiple output control capabilities [126]. The
main contribution is the ability to exploit variable stiffness for increased force output and
multiple control modes in a monolithic body without requiring a complicated fabrication
methodology, ensuring repeatability between samples. This work provides the basis for the

actuation and fabrication methodologies used for the soft hand.
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Design of a Multimaterial 3D-printed Soft
Actuator with Bi-directional Variable Stiffness *

Oliver Shorthose!, Liang He®, Alessandro Albini', and Perla Maiolino®

Oxford Robotics Institute, University of Oxford, Oxford OX1 2JD, UK
{ollies,liang,ale,perla}@robots.ox.ac.uk
https://ori.ox.ac.uk/

Abstract. A multi-material 3D printed soft actuator is presented that
uses symmetrical, parallel chambers to achieve bi-directional variable
stiffness. Many recent soft robotic solutions involve multi-stage fabri-
cation, provide variable stiffness in only one direction or lack a means
of reliably controlling the actuator stiffness. The use of multi-material
3D printing means complex monolithic designs can be produced without
the need for further fabrication steps. We demonstrate that this allows
for a high degree of repeatability between actuators and the ability to
introduce different control behaviours into a single body. By indepen-
dently varying the pressure in two parallel chambers, two control modes
are proposed: complementary and antagonistic. We show that the actu-
ator is able to tune its force output. The differential control significantly
increases force output with controllable stiffness enabled within a safe,
low-pressure range (< 20 kPa). Experimental characterisations in an-
gular range, repeatability between printed models, hysteresis, absolute
maximum force, and beam stiffness are presented. The proposed design
demonstrated a maximum bending angle of 102.6°, maximum output
force 2.17N, and maximum beam stiffness 0.96mN m?.

1 Introduction

Soft and compliant materials have been increasingly implemented into robotics
research in the last decade. These soft robots have shown benefits over their rigid
counterparts with regards to higher levels of safety and the ability to adapt to
unknown environments or tasks [1,2]. However, the compliance of the materials
and non-linear behaviour limit precise position control and the force that can be
applied to the environment [1,3].

Various research works have proposed solutions to solve the above issues. In
particular, to increase the force that can be applied, variable stiffness actuators
have been proposed based on several methods [4,5]. These solutions, based on
composite materials, introduce challenges in the actuator fabrication and control
because they require the integration of extra systems into the soft actuators.
In contrast, antagonistic pneumatic actuators, composed of parallel chambers,

* We gratefully acknowledge support by EPSRC Programme Grant 'From Sensing to
Collaboration’ (EP/V000748/1)
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) Adaptor — VeroCyan — Rigid

1
2) Chambers - Shore35 — Flexible
3) End Plate - VeroCyan — Rigid o 9 9

Scale 25mm d

Fig. 1: Left: The multi-material actuator bent in both directions and at the neu-
tral position. P1 and P2 are the independently applied driving pressures. #; is
the output angle. Right: Section view of the actuator showing the two chambers
and the different regions utilising multi-material fabrication. Geometric proper-
ties are presented in mm: r; = 2.75; t; = 1.2, to = 1.5;dy = 4.5; do = 3; L1 =
48; Ly = 5; H = 31.

achieve variable stiffness behaviour whilst avoiding the need for extra internal
parts [6-8]. Many of these designs excel in one-directional bending stiffening to
improve force output but are limited in having a one-sided active region [8,9].
Bi-directional variable stiffness actuators have successfully improved the bending
performance with a larger workspace [6]. However, fabricating multiple chambers
in the actuator is challenging with moulding and casting methods, where multiple
stages of assembly or lost-wax casting are typically needed [6,10].

Recent advances in soft material 3D printing have provided an effective solu-
tion to quickly fabricate soft actuators precisely with high repeatability [11-13].
Compared to conventional silicone moulding methods, actuators fabricated via
3D printing can also have higher design freedom. Complex internal geometries
that can optimise the bending motions can be introduced into the design [14,15].
Furthermore, recent advances in additive manufacturing have provided the abil-
ity to use multi-material printing. By introducing a variety of materials into a
fully-integrated monolithic actuator, designs can be extended to exploit complex
material behaviours [9,16].

In this work, we present the design of a multi-material 3D printed soft mono-
lithic actuator which incorporates parallel symmetrical chambers to achieve bi-
directional variable stiffness. The actuator is experimentally characterised to
demonstrate its performance improvements compared to the state of the art.
Fig. 1 shows the printed actuator in both neutral and bent poses. The two
parallel chambers can be actuated independently with two modes: complemen-
tary and antagonistic. Complementary control is the method of applying pos-
itive pressure to one chamber whilst exerting negative pressure in the other,
and antagonistic control applies the same pressure in both chambers. Currently
available 3D printed soft materials are still limited in the range of elongation
at break compared to conventional silicone polymers. For instance, Ecoflex 00-
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30 (Smooth-on [17]) has elongation at failure of 900% compared to Agilus 30
(Stratasys [18]), which exhibits a range of 220-270%. This limitation implies
that 3D printed bending actuators are more prone to failure when only driven
with positive pressures. To address this issue, we have proposed the two control
modes, which increase the actuator workspace and force output while main-
taining the capability of tunable stiffness. Crinkles are also integrated into the
design to mitigate the limited material elongation where structual compliance is
explored predominantly instead of material compliance.

2 Design and Fabrication of the Actuator

The actuator consists of two parallel bellow-shaped flexible chambers connected
by a common midlayer. By regulating the pressure variation between the two
chambers, bidirectional bending motions with tunable stiffness can be achieved.
The design utilises novel 3D printing technology to maximize the ease and preci-
sion of fabrication and significantly reduces the time between design-fabrication
cycles. Fig. 1 shows the schematics of the actuator with design specifications in
the chambers, end plate, and base attachment.

The design consists of two expanding chambers bonded to an inextensible
central layer. The compliant region expands to enforce a bending motion about
the central layer with the increase of driving pressure. A bellows shape design has
been incorporated to reduce the chamber’s strain during expansion and facilitate
easy extension/contraction of the chambers [19]. The Shore 35 Agilus/VeroCyan
blend was used in the fabrication of the actuator to ensure maximum compli-
ance. The bellow structure design further reduces the stress concentration on the
material during the inflation, where a smaller principal strain is required for the
material during bending. When the bellows expand, there is little tensile stress
induced in the material compared to a design without bellows [13].

The parallel chambers enable variable stiffness control of the actuator with-
out requiring the addition of granules or extra internal layers through antagonis-
tic behaviour. Furthermore, a higher force output than a single-sided chamber
(with the same driving pressure) can be achieved through complementary con-
trol behaviour. The end plate is designed to be rigid (VeroCyan) to prevent
ballooning at the end which wouldn’t contribute to the curvature of the body
and would increase local bending strains. The surface area between the end
plate and chambers was maximised to reduce warping or delamination at multi-
material interfaces. Similarly to the end plate, the base is designed to be rigid
to prevent unfavourable displacements when pressurised.

The relationship between bending angle, stiffness and pressure cannot simply
be presented in analytical form and so optimum parameters have to be deter-
mined through simulation. A parametric analysis was run in CAD to determine
the optimum geometry for the chambers. The thickness of the chamber and the
inner radius of the crinkle were identified as critical parameters governing the
bending behaviour of the actuator and were applied to a grid search optimisation
algorithm. The body’s principal stresses and tip displacement were allocated as
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the key metrics. An internal pressure of 10kPa was applied to the model whilst
the thickness of the material was varied between 1mm and 3mm, and the in-
ner radius of the crinkle pattern was varied between 1.5mm and 2.75mm. These
ranges were chosen to satisfy printing constraints for minimum feature size, and
to ensure the overall length of the actuator was less than 50mm.The optimised
design parameters are illustrated in Fig 1. The normalised simulated results of
the displacement and stress were weighted towards prioritising the maximisa-
tion of the displacement over minimising the stress at a weighting ratio 5:4. The
difference of the weighted values was minimised to find the optimal combina-
tion of thickness and inner radius, which was found when the chamber thickness
was 1.2mm and the inner radius was 2.75mm. The overall length of the cham-
bers is 48mm, the height is 31mm, and the weight is 35g. The central layer was
empirically set to be 1.5mm.

Polyjet technology (Stratasys J735 printer) was used for multi-material print-
ing of the actuator (VeroCyan and Agilus30). VeroCyan is a rigid plastic that
has a quoted tensile strength of 50-65MPa and Shore hardness 83-86D. Agilus30
is a compliant and rubber-like material, which has a quoted tensile strength of
2.1-2.6MPa and a Shore hardness of 30A.

3 Control Setup

In this section, the performance of the proposed actuator was physically tested
as the bending angle versus driving pressure, hysteresis, and the effect of in-
creased force output and tunable stiffness via complementary and antagonistic
control. To evaluate differences in the printed actuators’ performance, a total of
3 actuators were tested under identical experimental conditions. The actuators
were tested 5 times for each test category with time between each test of more

Ll
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Fig. 2: Control architecture for one chamber of the soft actuator. The Arduino
controls the pumps and valves, responding to real-time pressure values from the
pressure sensor. The data from the Arduino and webcam is stored and post-
processed to plot.
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than 5 minutes to allow any residual strain energy to fully dissipate. Chambers A
and B are indicated in Fig. 1 and used interchangeably between tests to validate
the bi-directionality.

The actuator was controlled by an Arduino. The pneumatic setup used one
Delaman air pump, four Yosoo1210 solenoid valves, and one Panasonic ADP5101
pressure sensor per chamber. The pressures were sampled at 50Hz. A 30Hz HD
Webcam was used to acquire a video stream for angle detection. The setup
is shown in Figs. 2 and 3. For the actuator characterisation, closed-loop PI
(proportional-integral) control was used to compare the internal pressure value
against a target value. The output of the PI control governed a pulse-width
modulated (PWM) pump input, and the inflate and deflate valves. The angle of
the actuator was acquired by identifying black markers down the centre of the
actuator (shown in Fig. 1) and fitting them to a circular profile using a constant
curvature approximation.

Webcam

Actuator

Tubing to pumps

. X

d)

Actuator Force
Deflection 2cm

Force
Fixed
displacement

Weight Scale

Fig.3: (a) Experimental setup: the webcam is used for angle acquisition. (b) A
circular profile is fitted to identify markers from the webcam stream to determine
the angle, 6;. (¢) Complementary force test: the actuator is attached to a weight
and inflated/deflated to change the force output. (d) Antagonistic stiffness test:
the deflection was set at 2mm as the chambers were inflated and the force was
recorded. #> indicates the angle used in the small angle approximation.

4 Testing

Pressure versus Angle This test is used to evaluate the repeatability of the
actuators’ performance. Using PI control, Chamber A was inflated at a contin-
uous rate of 0.5kPa/sec to a maximum target pressure of 16kPa with Chamber
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B maintained at atmospheric pressure. Although the chamber was empirically
found to withstand pressures up to 22.3kPa, the targeted range was chosen to be
0-16kPa. This is to examine mid-range performance without risking breaking the
actuator. Fig. 4 shows the results for a single chamber being actuated. Across
all 15 tests for the 3 actuators, the single chamber actuation test shows that, at
the target pressure of 16kPa, the mean angle is 44.8°, with a standard deviation
of 1.3°. This translates to only a 2.9% variation compared to the full range of
the test, which validates the repeatability of the fabrication method. It is also
worth noting that the actuator requires lower pressures than other comparable
designs [7,9,13].

50 Angle vs Pressure for Actuator 1 50 Angle vs Pressure, Mean of all Tests
P

y 40
g g

2 £ 30
° °
2 2

< <2
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0

0 5 10 15 20 0 5 10 15 20
Pressure / kPa Pressure / kPa

Fig. 4: Result of the single chamber pressure versus angle test. (a) 5 tests on one
actuator. (b) average of 15 tests across 3 actuators.

Hysteresis The amount of hysteresis in a design can complicate the control
of the system by adding a reliance on the historic behaviour of the actuator. The
tests were undertaken by increasing the pressure in Chamber A by 0.5kPa/sec
with PI control up to 16kPa target, holding the pressure steady for 2 seconds,
and then decreasing the pressure by the same rate until the actuator returned
to the neutral pose. Fig. 5 is shown with the lower curve indicating the inflation
sequence and the higher curve indicating the deflation sequence. The amount
of hysteresis is presented as the percentage difference between the area under
the curves for the increasing and decreasing pressure cycles. This value was
calculated to be 24.7%.

Complementary/Antagonistic control Using two parallel chambers, the
force output and beam stiffness of the actuator can be tuned. The force output
was tested for both complementary and antagonistic control.

The actuator’s performance (Complementary control) with respect to stiff-
ness variation was tested in terms of the actuator’s maximum force. In this
regard, a thread was wound around the end plate of the actuator and attached
to digital weight with displacement constrained. By measuring the change in
weight on a set of scales, the exerted force was deduced (Fig. 3c). For each
change in pressure, the pressure was held constant for 5 seconds to ensure a
static force was recorded. Chamber A was inflated to a maximum pressure of
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Fig. 5: Hysteresis test results. The pressure was increased/decreased at 0.5kPa/s
for the inflation and deflation phases. 16kPa was the maximum targeted pressure
in Chamber A before deflation. (a) 5 tests on one actuator. (b) average of 15
tests across 3 actuators.

Table 1: Complementary/Antagonistic control
Chamber A

Positive Pressure|Negative Pressure

Positive Pressure | Antagonistic Complementary

Negative Pressure| Complementary Antagonistic

Chamber B

20kPa to achieve a bent position and provide a reference force before Chamber
B was depressurised to increase the force output. The depressurisation was done
in 5 decrements between 0 and -22.5kPa.

The actuators’ resistance to deflection (Antagonistic control) was tested by
enforcing a tip deflection, pressurising the chambers, and measuring the imposed
lateral force as shown in Fig. 3d. The tip was deflected by 2mm to ensure that
the force being applied is normal to the end of the actuator under a small
angle approximation (sin @ = ). The chambers were equally pressurised in 2kPa
increments up to 20kPa with 5 seconds wait to ensure static force acquisition.
Classical beam theory was applied to calculate the beam stiffness of the actuator
at each pressure increment. The actuator was approximated to be a cantilever,
fixed at one end, with stiffness k = 3E1/L?. By applying this to Hooke’s law,
the beam stiffness (FT) was deduced.

To acquire a maximum force output for the actuator that can be used for
benchmarking the actuator within the literature, Chamber A was pressurised to
20kPa and Chamber B was completely evacuated before the force measurement
was made.

When only one chamber was actuated, the force output was 0.56N. The
complementary variable force plot (Fig. 6b) shows that the design is able to
increase the output force linearly by 1.56N by reducing the pressure in Chamber
B. This behaviour provides an overall maximum force output of 2.17N. The
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antagonistic variable force plot (Fig. 6a) demonstrates that the beam stiffness of
the actuator can be increased by 0.64mN m?, which corresponds to more than a
300% increase. Whilst this is a low absolute stiffness output, it is comparable to
similar work at a considerably lower pressure and validates the use of the control
modes to improve the force and output of the actuator [6].

=z

Antagonistic (b) Complementary

-

15

Mean 4 Mean
Standard Deviation / Standard Deviation
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) ~ ® ©
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Input Pressure / kPa Input Pressure / kPa

Fig. 6: (a) Result of the antagonistic actuator force test. Both chambers were in-
flated simultaneously from 0-20kPa in 2kPa increments. (b) Result of the comple-
mentary control force test. Chamber A was pressurised to 20kPa before starting
this test and the presented data is the difference in force recorded as Chamber
B was depressurised from 0 to -22.5kPa in 5kPa increments.

Effect of stiffness variation on angle The effect of independently varying
the pressure in the parallel chambers leads to a change in the output angle. To
enact precise position control, it is important to understand the extent of this
effect for the complementary control mode. Chamber A was inflated to a sin-
gle target pressure, the valves were closed, and then Chamber B was deflated.
The target pressure in Chamber A was set at 13kPa and the target pressure
in Chamber B was set at -10kPa. Both target pressures were, again, chosen to
demonstrate the mid-range performance. The test was then used to determine
a value for the maximum angle of the actuators, which can be used for eas-
ily benchmarking the design within the literature, by inflating Chamber A to
22.5kPa and deflating Chamber B to -20kPa.

The results are presented in Fig. 7 with a common x-axis to indicate the
timing for the test. The test presents the effect of the change of stiffness on
the actuator’s angle. By actuating the second chamber, the angle is increased
from 33.1° to 85.7° over the pressure change of -10kPa. This indicates that the
stiffness variation has a significant effect on the output angle. This variation can
be accounted for by mapping the pressure in each chamber to the output angle.
The mean maximum angle across 15 samples is 85.5°, with a standard deviation
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of 2.9°. This corresponds to a 3.4% variation compared to the full range of the
test, which further demonstrates the repeatability of the fabrication process.
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Fig. 7: Results of the two chamber pressure versus angle test. (a) Pressure in
Chamber A. (b) Pressure in Chamber B. The rise times are calculated as: t1:
1.5 sec, t2: 1.9 sec. The pressure in Chamber A continues to drop over time as
the volume is affected by the contraction in Chamber B. (¢) Angle subtended
by the actuator.

The maximum values of the actuators’ input pressure, force, and angle are
-25 to 22.3 kPa, 2.17 N, and 102.6°, respectively. The maximum pressure value
was acquired by applying pressure until the actuator failed; the minimum pres-
sure was determined by completely evacuating the actuator; the force and angle
measurements were taken at slightly lower pressure values than the extremes
(-24.5kPa and 22kPa) and measured in accordance with Fig. 3b and c.

5 Conclusion

This paper presents a multi-material 3D printed soft monolithic actuator that
incorporates parallel symmetrical bellow chambers to implement bi-directional
variable stiffness. Complementary and antagonistic control modes were proposed
and implemented in the design while the two chambers can work collaboratively
with either positive pressure or negative pressure. For pneumatic actuators that
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operate in the low-pressure region (< 20 kPa), output force and bending angle
performance is always a challenge. Compared to actuators that can only be
actuated in a single mode with either positive or negative pressure, the presented
design achieves higher output force, larger bending angle, or tunable stiffness
without the need to increase the driving pressure.

3D printing rather than silicone moulding introduces quicker prototyping,
better reproducibility, and stronger interfacial bonds to the actuator. The test
results confirm the high level of reproducibility with low deviation between test
results. The actuator was fully physically characterised under two-chamber PI
control. The results show that the proposed complementary and antagonistic
control method is promising for future work in bi-directional bending actuators.
The key metrics to take from the studies are: maximum angle of curvature 102.6°;
maximum output force 2.17N; controlled force variability 1.56N; and maximum
beam stiffness 0.96mN m?. With the proposed complementary/antagonistic con-
trol modes, this design achieves a higher output force and comparable bending
angles to the similar designs [6,13] at a fraction of the driving pressure.

Future work plans to further explore the potential of this actuator design
and investigate the possible applications in grasping and in-hand manipulation.
The authors will investigate variations on this preliminary design: increasing the
stiffness to improve force output; adding modularity; scaling down the size of
the actuator; and adding tactile sensing as a means of feedback.

Supplementary video: https://youtu.be/F-ANfUWEOXY
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2.5 Supporting Information

This section provides further information about the parametric study that was used to
determine the design parameters for the actuator in the contributed manuscript, and the
multiple control modes that are possible with the parallel symmetric design. The detail for

both was not included in the original manuscript due to space constraints.

Parametric Study The contributed manuscript presents a design study formulated to
determine the optimum design parameters for the actuator using the material properties
determined in Sec. 2.2.2. The thickness of the actuator and the radius of the crinkle were
chosen as governing parameters for the actuator behaviour. The internal pressure is -10kPa in
chamber A and +10kPa in chamber B. Fig. 1 in the contributed paper shows the cross-section
of the actuator with the indicated parameters and the result of the simulation with the final
version of the actuator is shown in Fig. 2.3.

To simplify the simulation, the actuator adaptor was omitted and symmetry was exploited
through the actuator. The cross-section used for the simulations can be seen in Fig. 1 of the
contributed manuscript. Doing this reduces the number of nodes requiring solving through
the FEM process, speeding up the process considerably. The adaptor was replaced with
a fixed fixture which prevents any movement in the x, y, or z directions at this end of the
actuator and the second half of the actuator was replaced with a symmetry fixture which
mirrors the body and fixtures about the central plane. A bonded global contact was enforced
which prevents relative displacement at the interfaces between bodies in the study.

The results of the design study are shown in Fig. 2.4. As can be seen in Fig. 2.4a, the
output displacement increases with crinkle radius but reduces with chamber wall thickness.
This trend isn’t particularly of note because crinkles with larger radii will more readily flatten

to enforce displacement and, when the chamber walls are thickened, they will provide greater
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Figure 2.3: FEA of the actuator with the parameters used in the parametric study. The Von Mises
stress is presented here to highlight the stress concentrations around the midlayer.

resistance to extension. For the stress analysis, only the stress in the chambers is examined,
rather than the rigid end pieces because the failure stress in the two materials used is greater
than an order of magnitude different and so it can be safely adjudged that the rigid end
pieces will not fail (see Appendix Table Al for more detailed information). In Fig. 2.4b,
the data demonstrate that wall thickness has a much less significant effect on the Von Mises
stress than the radius of the crinkles. The reason for this trend can be found in Fig. 2.3,
where the high-stress concentration regions can be found at the intersection of the mid-layer
and the sides. The thickness of the material does not affect this because the stress is not
through-thickness, rather it is concentrated in these ’soft hinge’ regions. The crinkle radius,
however, does affect the peak stress because the effective moment about the bending point
increases with the crinkle radius. In other words, the force applied to enforce bending is
further from the soft ‘joint’ region and therefore greater stress is imparted. It can be seen in

both Figs. 2.4a and 2.4b that when the crinkle radius reaches 3mm, there is significant noise
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in the results. This is largely due to well-known meshing limitations in Solidworks when
calculating results of soft materials with large deformations. However, up to this point, the
results are consistent and the trends are clear to be used in informing design choices.

The optimum design parameters for the actuator were calculated by first normalising the

stress and displacement data to allow for direct comparison and applied to the formula:

p= argmax (5-x—4-0) 2.1)

Where x is the greatest displacement and o is the greatest stress in the chambers of the
actuator. The stress term is negative since the goal is to minimise it. Fig. 2.4c shows each of

the normalised datapoints with the value that maximises this equation highlighted.

Control Schemes The actuator in [126] is capable of three separate modes of control:

1. Single chamber actuation, where only one chamber is pressurised and the other is left
open to the atmosphere. This mode is used to generate a single direction of actuation,

either extension or contraction.

2. Complementary control, where both chambers are pressurised in opposite polarities.

This mode is used to increase both the force and output angle of the actuator.

3. Antagonistic control, where both chambers are pressurised in the same polarity. This

mode 1s used to increase the stiffness of the actuator.

The three modes are shown in Fig. 2.5. Using the complementary control increases
the force and output angle of the actuator; this could be applied to a gripper capable of
lifting heavier objects or in exploration capacity where the increased output angle enables an
improved range of motion. In the other control scheme, the antagonistic control increases the

stiffness of the actuator; by modulating the stiffness of the actuator and attaching exteroceptive
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Figure 2.4: (a) Displacement results of the parametric study (b) Stress results of the parametric study
(c) Normalised values of the displacement and stress results with the chosen configuration highlighted.

sensing, material or friction detection can be enabled by detecting the vibration frequencies

as the actuator is dragged along a surface.

Further discussion points over the process used to fit the shape of the actuator have

been added to Appendix A.2.
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Extension

Single Chamber Actuation Complementary Control Antagonistic

Figure 2.5: Three control modes for the bi-directional actuator. (a) Single chamber actuation. (b)
Complementary control, to increase force and angle output. (c) Antagonistic control, to increase beam
stiffness.

2.6 Limitations and Further Work

Force output The primary limitation of the presented actuator is its force output. Whilst
using complementary control facilitated a near four-fold increase in the force output, the
maximum output was still only 2.17N. This is comparable with other pneumatically actuated
work in the literature but low compared to actuators with alternate actuation methodologies.
An obvious next step, in this regard, would be to use different materials from the printer
portfolio or to consider a different method of achieving variable stiffness such as particle
jamming through the core. However, both of these methods would likely reduce the range
of motion, which is paramount for the kinematic range of the actuation towards the design

of the fingers in the next chapter.

Reliability With regard to the reliability, as indicated in Sec. 2.2.2, the materials provided
by the polyjet printer can demonstrate high variability depending on the conditions they
are printed in and stored in. The effect of that is they can be unpredictable if not handled

identically between specimens. During the work, it was found empirically that some samples
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would perforate at lower pressures if left in direct light for too long or in the cleaning solution.
For the actuators presented in the contributed paper, they were produced and stored identically
which is reflected in the results. This performance variability is a problem that is not with the
actuator itself but with the nascent materials. Essentially, the materials are not yet ready for
use in a general production environment with long-term variable storage conditions but the
techniques developed in this chapter show great promise for future applications for 3D printed
photopolymers. Therefore, as material science continues to develop, it can be expected that
the reliability of similarly fabricated actuators will improve.

With the risk of actuator failure in mind, actuators with small perforations were found to
still be able to function successfully under vacuum actuation since the failure mechanism/hole
tends to close in this configuration. This discovery was used to inform the design of the joints

presented in the following chapters and chose to use only single-chamber actuation.

Uniform vs. Multi-Segment Actuation The presented actuator shows promise towards
being used as a uniformly actuated finger in the design of the hand. Indeed, in follow-up
work, a simple three-finger gripper was designed for use in a pick-and-place task with simple
open-close control and a diverse range of objects. However, uniform actuators are limited to
being able only to present a power grasp, with poor performance when trying to execute a
precision grip [40, 127]. This has been shown to limit the range and size of objects that can
be grasped by a gripper. Therefore, for the design of the hand, multi-segment fingers were
chosen to facilitate the pinch grasp. This is discussed in more detail in the next chapter, in

combination with the requirements posed by the GRASP taxonomy posed by Feix et al. [128].
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Soft Hand Design

As humans, we use our hands from a young age to explore the world around us. They
facilitate complex and wide-ranging interactions with the environment, from grasping and
manipulating objects to sensing and interpreting a plethora of stimuli [129]. However,
this combination of dexterous actuation and a highly sensitive nervous system presents an
intricate design challenge for engineers to replicate [19]. This chapter takes the actuation and
fabrication methodologies developed in the previous chapter and apply them to the design
of a soft robotic hand. The compliance afforded by pneumatic actuation is combined with
the kinematics of the human hand to achieve human-like dexterity in grasping and simplify
fabrication relative to comparable works by using multi-material 3D printing. An active palm
is included to increase the range of motion of the thumb and achieve thumb opposability, a
key feature of human grasping [61]. Furthermore, the work looks to embed distributed tactile

sensing into the body of the hand to enable exteroceptive sensing across the entire surface.
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Sec. 3.1 discusses the grasp taxonomies that have been developed to understand the
dexterity of the human hand and how they have been applied to the design of anthropomorphic
robotic hands. Then, a discussion is presented over how soft materials can be used to simplify
the required control whilst demonstrating strong performance in grasping challenges. Sec. 3.2
explores the role of sensing for informed interactions between soft robotic end-effectors and
the environment. The paper that was published in RA-L 2022 and presented at ICRA 2022 is
presented in Sec. 3.3. Sec. 3.4 provides further information over the kinematic analysis that
was undertaken before finishing with a discussion of the limitations of the hand and proposed

modifications for the future application towards object identification in Sec. 3.5.

3.1 Anthropomorphic Robotic Hands

Solutions to the formidable task of designing anthropomorphic hands have ranged widely,
culminating in applications across a host of fields, ranging from prosthetics to industrial
manipulation and, more recently, human-robot interaction [25, 27, 130]. However, to date,
most examples are designed to be applied to a single application and the versatility of the
human hand is yet to be realised. This is largely due to traditional solutions attempting to
control each of the DOFs explicitly, leading to highly complex control schemes that are
prohibitively difficult to generalise [131].

In order to achieve human-like grasping and manipulation, it is first necessary to
comprehend the behaviour and movement of the hand. With its 21 DOFs, the hand is
capable of presenting a wide range of postures, requiring detailed analysis into those most
implemented [9]. Classification of these is made challenging by the innumerable permutations
of individual finger poses. Therefore, simplification and reduction to the most commonly
used grasps have been presented by work done by Feix et al. [128]. The authors reviewed

previously proposed taxonomies and filtered them down to 33 unique prehensile grasps
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that are then grouped according to the type of grasp (power, precision or intermediate) and
the use of the thumb in the grasp (adducted or abducted). The set of grasps provides a
baseline dexterity for designers to target when working towards anthropomorphic dexterity.
By extension, the role of the thumb in grasping has been extensively researched both in the
context of human grasping and in robotic biomimetic grasping [132]. The evidence clearly
indicates that the adduction-abduction behaviour of the thumb contributes significantly
to successful grasping and in-hand manipulation. Commonly, this behaviour in robots is
measured through application to the Kapandji opposition test to compare it with the human
range of motion [60]. The work takes the dexterity of the thumb as a paramount requirement
for the design of the hand in this work and this is reflected in the contributed paper in Sec. 3.3.

Developing upon the Feix Taxonomy and Kapandji opposition test has resulted in an
array of promising and impressive anthropomorphic hands with highly dexterous capabilities.
However, as reported by Piazza et al. [27], when applied to benchmarking competitions
such as the Amazon Picking Challenge [133], DARPA Robotics Challenge [134] or the
Robotic Grasping and Manipulation Competition [135], solutions with simplified control
and designs performed best. Indeed, although a high level of dexterity can offer certain
advantages, when aiming for generalisability, as is the case in these competitions, adaptability
and simplification is often found to be more desirable. In this regard, the inclusion of soft
materials into hands has achieved that goal with previous designs successfully grasping a
wide range of objects with just simple control schemes [42, 136—139]

This work draws inspiration from the dexterity and extensive range of motion achieved
by human hands and combine it with the adaptability afforded by soft joints to design a soft
robotic hand. Through this combination, it is possible to produce a soft hand that is capable
of grasping a wide range of objects. This design allows for versatile control, offering the
option of a simple underactuated scheme or a more complex one, where each DOF can be

individually controlled if desired. This soft robotic hand serves as the foundation for the
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subsequent chapters in this thesis, whereby the hand is applied to object identification tasks.

3.2 Tactile Sensing Methodologies

Sensing most commonly applied to robotic hands can be broken down into proprioception and
exteroception. Proprioception, or kinaesthesia, refers to the means of sensing that provides
an understanding of the agent’s pose and movement at any given time. It can also be used to
monitor internal forces applied through the body of the agent whereas exteroception refers to
sensing that provides information about stimuli external to the agent. This work explores
the application of both sensing methodologies and their role in the context of grasping and,

ultimately, how they can be applied towards object identification in Chaps. 4 & 5.

3.2.1 Proprioception

Humans rely on proprioception, sometimes known as the "sixth sense," consciously and
subconsciously to monitor and update their body position and motion [140]. Analogously,
robotic solutions leverage proprioceptive sensing for state estimation during object and
environmental interactions. For traditional robots, the joint angles and torques are often
provided by positional encoders and torque sensors that are placed at the discrete joints of
the robot [131]. For the purpose of grasping diverse objects, this data is essential (often in
combination with exteroceptive sensing) in order to inform control schemes for successful
grasping and avoidance of damage to the object [23, 141].

Some designs within Soft Robotics have exploited proprioception to inform structural
reconstruction, object identification, grasp stability estimation, and surface feature identifi-
cation [142—-146]. Whilst proprioception is significantly more difficult with Soft Robotics
because of the near infinite DOFs within soft actuators, it has been achieved through a

range of flex sensors such as using conductive fluids, stretchable strain sensors, capacitive
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sensors, waveguides or other methodologies [41]. However, the integration of these sensors
often jeopardises the softness or range of motion of the actuator [146], and, within object
identification, proprioception is limited in the range of objects that can be identified beyond

discriminating between sizes and stiffnesses within a similar object class [147]

3.2.2 Exteroception

Exteroception provides us with the means to perceive the surrounding environment, whether
that is the weight of an object, the smell of a perfume, or myriad other stimuli. For robotic
agents, sight and touch specifically are of paramount importance for informed interactions
both initially when predicting what interaction to expect and subsequently interpreting an
incident contact. This work focusses on utilising sensing to enhance the capabilities of
the hand toward in-hand object identification and therefore visual exteroception is out

of the scope of the work.

In particular, this project explores sensing solutions that can maintain the softness that has
been achieved in the actuation phase of design as detailed in Sec. 3.1 to ensure compliance in
the grasp whilst forming the foundation of sensing for object detection. Within the paradigm
of exteroceptive sensing, softness at the point of contact enables greater surface area between
the parties, increasing the force distribution to improve safety in contact, increase friction in
the grasp and facilitate greater sensor stimulation [41, 148]. Previous solutions have achieved
this through two main methods: soft skins and discrete sensors (distributed and localised).

Soft skins are comprised of a thin layer that can be wrapped around intricate geometries
and achieve contact detection through sensors that are distributed across the layer [149].
These skins are designed to be lightweight, flexible, and often elastic so they can conform to
the shape of the host body without restricting movement or adding bulkiness [150]. Most

commonly, the sensors within the skin are barometric, resistive, capacitive, magnetic or
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optical. They have demonstrated strong performance in the context of large-area tactile
sensing applied to anthropomorphic hands and robotic grippers [23, 151, 152]. However,
soft skins require the integration of additional components onto the body of the hand,
complicating fabrication, and their thin structure is liable to damage through repeated or
forceful contacts [41]. Therefore, with the goal of simplifying fabrication for repeatable
production, the decision was made to explore sensors that can be embedded within the hand
or individually attached to mitigate the potential tearing of or damage to the skins.

Sensors placed on or embedded within the hand are often localised, whereby they are
placed in the fingertips for detection during pinch grasping, or they can be distributed around
the hand to provide a wider scope of contact between the object and environment. Tip
detection has been used successfully in closed-loop force control and rudimentary shape
detection [138, 153-156]. However, it is limited to a small area of sensing that requires
specific object placement for successful operation. Conversely, using distributed sensing
allows for contact detection across a larger area, enabling both precision and power grasping,
but increases the complexity of both the fabrication and the signal processing [42, 43, 50].
In this work, the primary target is the application of grasping a wide range of objects from
any pose and, therefore, being able to acquire tactile data and thus detect salient features
across the entire hand is desirable.

For the purpose of undertaking grasping and manipulation tasks, twinning the incoming
tactile stimulus and the outgoing planned action has been shown to be beneficial for successful
interactions [3]. This is known as sensory-motor coordination (SMC) and involves the
close integration of input, processing and output. Rather than relying on an explicit
mapping between input and output, SMC allows the user to embody that mapping and
significantly reduce the complexity of the control model [157, 158]. Furthermore, by
physically coordinating the contact detection with the subsequent reaction actuation, a

synergistic relationship is created whereby the input-output inherently affect each other
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directly; for humans, this relationship is learned through development to achieve simplified
control for in-hand manipulation [16]. Within the context of soft robotic hands, SMC can be
achieved most effectively by situating the sensors and actuators in proximity to one another,
and by embedding the sensors within the body of the agent rather than integrating separate
systems [159, 160]. By distributing the sensors around the body of the hand, the distance
between each sensor and its corresponding closest actuators can be further reduced, which
will enhance the hand’s ability for manipulating objects in future work.

Through this analysis of the potentials and limitations across proprioception and ex-
teroception, the decision was made to design embedded, distributed, pneumatic, tactile
sensing into the hand in this work. By exploiting a multi-material monolithic design for
the distributed sensors, the sensory system is coupled closely with the output actuation for
close sensory-motor coordination. Furthermore, by using pneumatic sensing, the softness
of the grasping contact is maintained with simple fabrication, whilst being able to detect

contact across the entire surface.

3.3 Contributed Manuscript

The contributed manuscript in this chapter was published in the Robotics and Automation
Letters 2022 and presented at ICRA 2022. The paper takes the findings from this chapter
and uses multi-material 3D printing to achieve a highly repeatable design that exploits an
active palm and vacuum actuation to emulate the human range of motion in the hand to fulfil
the Feix grasp taxonomy and Kapandji thumb opposition task, and demonstrate adaptive
grasping. Integrated distributed tactile sensing is implemented to achieve exteroception
across the entire surface of the hand [161].

Erratum: In Section IV B (4) of the published version of the paper, it states “100 cycles

have been isolated to show the detail of the test’s results in Fig. 8”. This is misplaced and
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should be in Section IV B (3). The figure represents the Dynamic Sensor Output rather

than the Dynamic Finger Output.
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Design of a 3D-Printed Soft Robotic Hand With
Integrated Distributed Tactile Sensing

Oliver Shorthose
Liang He

Abstract—Humans rely on distributed tactile sensing in their
hands to achieve robust and dexterous manipulation of delicate
objects. Soft robotic hands have received increased attention in
recent years due to their adaptability to unknown objects and
safe interactions with the environment. However, the integration
of distributed sensing in soft robotic hands is lacking. This is
largely due to the complexity in the integration of soft sensing
solutions with the hands. This letter proposes a novel soft robotic
hand that incorporates an active palm and distributed pneumatic
tactile sensing in both the fingers and the palm. Multi-material
3D printing allows the tactile sensors to be directly printed on the
hand, whereas conventional tactile approaches require the sensors
to be attached as part of multiple fabrication procedures. Active
degrees of freedom are introduced in the palm to achieve increased
dexterity. The proposed hand successfully performed 32 of the 33
Feix taxonomy grasps and all 11 Kapandji thumb opposition poses.

Index Terms—Soft robot applications, soft sensors and actuators,
multifingered hands, additive manufacturing.

1. INTRODUCTION

ESEARCH into soft robotics has increased over the

last decade introducing soft, compliant materials to im-
prove the safety and adaptability of robotic designs. The
compliance allows for interaction with objects that vary in
geometry and stiffness without requiring sophisticated con-
trol strategies. Specifically, robotic hands have received am-
ple focus due to the interest in combining anthropomorphism
with soft materials to achieve safe interaction and human-like
dexterity [1]-[3].

Unlike many robotic hands that focus solely on finger and
thumb actuation, humans use the degrees of freedom (DOFs)
in the palm to achieve a wide range of grasp poses [4]. The
adaptability of the human palm and the flexibility in creating
contact configurations also increases the ability to ensure a
robust grasp through uncertainty. This is compounded by the
utilisation of passive compliance to interact with more diverse
environments and establish greater dexterity [5]. Recently, soft
robotic hand designs have been presented that incorporate active
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palms and passive compliance to improve their dexterity in
manipulation [6]-[8]. Specifically, by mimicking the kinematics
and softness of the human hand and implementing extra DOFs
in the palm, soft robotic hands can interact with a wider variety
of objects and achieve safer in-hand manipulation. For example,
in [6], the authors proposed a 3 finger soft gripper with an active
palm. The active palm allows the gripper to successfully grasp a
wide variety of objects with different geometries and stiffnesses.
Furthermore, the gripper compliance enables robust grasping
with simple open-loop control. A soft humanoid hand with
an active palm was proposed in [7]. The design demonstrated
high compliance whilst grasping, thus avoiding damaging the
grasped objects. Additionally, it was shown to be capable of
performing a high number of different grasps from the Feix
taxonomy [4]. In [8], the soft robotic hand design is inspired
by a human hand model and it is composed of 26 independent
DOF. The authors showed the possibility of achieving highly
dexterous in-hand manipulation tasks. However, although the
compliance of the hand has been successfully shown to be a key
feature in achieving safe interaction with objects, these solutions
lack a means of tactile sensing feedback to properly regulate
the contact forces applied to the object and undertake precise
in-hand manipulation [9]-[11]. Therefore, a lot of effort has
been dedicated to the development of solutions providing soft
robots with exteroceptive sensing [12].

In particular, tactile sensing has been shown to be essential in
partnership with soft robotic hands or grippers to achieve safe
and delicate object grasping and manipulation [9], [13]-[15].

For example, in [7] tactile sensors were integrated in the tips
of a soft prosthetic hand enabling closed loop control of the
grasping force. In [15] authors proposed a novel soft sensor that
can be integrated on the tips of existing grippers to sense contact
forces and the curvature of objects in their grasp. A monolithic
soft robotic finger with an embedded tactile sensor in the tip was
presented in [14]. In this solution, a soft pneumatic chamber
was directly 3D-printed on the finger to detect tactile forces.
The letter presented in [10] proposed a novel soft fingertip with
embedded air cavities that can be used as a sensing element and
actively change the shape of the fingertip, thus achieving a ro-
bust grasp while manipulating delicate objects. Although, these
solutions have demonstrated the benefits of introducing tactile
feedback to a soft gripper or finger, they allow to retrieve lumped
contact information only. A more complete spatial information
of the contact events can be attained from a distributed sensing
network.

2377-3766 © 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
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Fig. 1. The proposed soft hand with the active palm and distributed tactile
sensing. (a) The soft robotic hand grasping a sphere. The sensing regions and
joints consist of 3D printed air chambers. (b) The corresponding sensor output
from the distributed pneumatic sensing. In this visualisation, the color is related
to the detected change in internal pressure.

In particular, [16] provided distributed contact sensing capa-
bilities on the fingers of a pneumatically actuated soft hand. An
array of 4 flexible piezoresistive force sensors was integrated on
each finger. The contact data were then used to train a neural
network to classify a set of different grasping poses. Beyond the
sensorisation of the fingers, [17] extended soft tactile sensing
capabilities to the palm of a Shadow Hand (Shadow Robot Com-
pany, U.K.). Distributed contact sensing measurements were
then exploited to classify objects’ properties while performing
in-hand manipulation. However, this integration cannot be easily
performed on soft hands. Additionally, although [16] and [17]
showed the advantages of having a soft tactile sensing array in
manipulation tasks, they still rely on an a posteriori integration
procedure required to embed tactile sensors onto an existing
hand. This can increase the risk of human error in the fabrication
process or reduce the durability of the system.

The contribution of this letter is the novel design of a multi-
material 3D printed soft robotic hand with an active palm, fully
integrated with distributed tactile sensing capabilities. Fig. 1
shows the proposed hand. It contains 18 tactile sensing regions,
consisting of 3D printed soft chambers. The soft pneumatic
joints achieve controllable actuation for the active degrees of
freedom. This is combined with passive compliance provided
by the soft material to demonstrate successfully 32 out of the 33
required Feix taxonomy poses and all of the Kapandji opposition
test poses. The designs proposed in [6]-[8] rely on silicone
casting, thus requiring multi-step fabrication. Conversely, our
design is monolithic and can therefore be fully 3D printed
without requiring further integration of the parts, simplifying
the fabrication of the hand. The solutions provided in [7], [10],
[14], [15] have successfully integrated soft tactile sensors on
robotic grippers or hands, however the sensing is limited to
fingertips. Our design utilises distributed sensing to provide
information over the contact locations and pressures applied on
the hand. Additionally, by incorporating soft pneumatic pads, the
design integrates an inherent compliance, allowing for greater
adaptability to objects. The range of motion of each finger as
well as the maximum grasping force have been characterised.
Furthermore, the Feix Taxonomy and Kapandji Score [4], [18]
have been evaluated to benchmark the dexterity of the whole
hand.
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The structure of the letter is as follows: Section II presents the
design of the hand; Section III details the fabrication process;
Section IV reports the experiments performed to characterise the
system; The result of the Feix Taxonomy and Kapandji Score
are reported in Section V; the Conclusion follows.

II. HAND DESIGN AND ACTUATION

The soft robotic hand is designed to attain dexterity com-
parable to a human hand in the fingers and palm. The hand
incorporates the following design features: 1) soft actuation of
the palm to increase the workspace of the thumb, 2) full coverage
of the hand with soft pads to increase its adaptability and safety in
grasping, 3) distributed sensing of the surface to provide tactile
information of the object-hand interaction.

A. Palm and Hand Design

The geometry of the hand is designed based on human hand
anatomy. The palm is introduced so that the soft thumb can
reach the same places on the hand as a human thumb can, and
the fingers have a comparable range of motion.

Similar to the human hand, the fingers are actuated at the
metacarpophalangeal (MCP), proximal interphalangeal (PIP),
and distal interphalangeal (DIP) joints, as shown by the actuator
regions in Fig. 2. The desired bending range of each joint was
determined by examining the mean value of the functional range
of motion for the human finger joints [19]. This value was found
to be 74°. To simplify the design process, this target was chosen
to be identical for each joint.

The thumb was actuated at the scaphotrapeziotrapezoidal
(STT), MCP, and interphalangeal (IP) joints. The desired bend-
ing angles were similarly deduced from a comparison to the
human range of motion: STT abduction 42°; MCP flexion 53°;
IP flexion 80° [20].

The positions of the MCP joints of each finger were de-
termined from hand anatomy, taking the joint positions of an
average human male [21]. Human fingers have a natural splay,
with approximately 6° between the index and middle finger, 5°
between middle and ring finger, and 10° between the ring and
little finger. These angles were also incorporated into the design.
To simplify the overall design, the fingers’ joint lengths were
constrained to be the same. The overall length of each finger
was targeted at the average length of the average human male
middle finger (93 mm) [21].

Although the hand is soft, the integration of bone sections
and compliant joints leads to a predictable motion of the hand
that can be approximated as a set of joints, interconnected by
rigid links. With the simplified kinematics, the angle of actuation
between the base of the palm and the STT joint, and the axial
rotation of the thumb are identified. The angle between the
thumb and the base of the palm was determined to be 20°, and
the axial rotation of the thumb is 30°. This configuration allows
the thumb to come into contact with each fingertip, thereby
demonstrating the design’s dexterity.
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(Left): Human hand for scale and to indicate where each joint is; (Middle): CAD model of the soft robotic hand. The different regions are indicated in the

legend with their respective Shore A hardness as follows: Blue, actuator, Shore A60; Green, sensing region, Shore A40; Grey, base/bones, Shore A95; Blue-grey,
compliant region, Shore A35; (Right): The 3D printed hand. The total weight of the hand is 135 g, the height is 190 mm and the width is 175 mm.
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Fig. 3. Cross-section of the finger. The different regions are indicated in the
legend. P is the internal pressure on the soft pneumatic sensors and AP
indicates the flow of air to evacuate the chambers. The dimensions are presented
inmm: t; = 1.25; t5 = 1.5; ¢35 = 1.0; 61 = 100°; 65 = 75°.

B. Actuation

The fingers have three identical joints, the MCP, PIP and
DIP, which can be independently actuated by applying negative
pressure to each one of the M-shaped chambers (see Fig. 3).
Vacuum actuation was chosen to achieve the required bending
angle (74°) over a small region, which allows the kinematic
simplification of discrete joints to be validated. Additionally,
vacuum actuation was chosen over positive-pressure actuation
to reduce the tensile stresses induced in the chambers [22].

Fig. 3 shows a cross-section through the finger, highlighting
the different materials and geometries in the design. The design
takes inspiration from an origami folding structure and uses a
rigid centre support to prevent the chamber from collapsing [23].
The width and height of the fingers were chosen to fit roughly
to the same size of a human finger (20 mm).

The thumb and palm joints use the same M-shape design as
the fingers. This simplifies the design process and reduces the
necessary characterisation.

The fingers were simulated with Finite Element Modelling
(FEM) in Ansys software (Ansys, Inc., USA) to validate geom-
etry and design. Static structural tests were carried out using
a Neo-Hookean hyperelastic model. The material properties of
the Stratasys Digital Materials for the simulation were found
in [24]. The shear modulus was computed as G = £

PIgE) where
v)
FE is the Young’s modulus and v is the Poisson’s ratio.

1) To evaluate the material in the joints’ performance under
pressurisation, a negative pressure was applied to the in-
terior surfaces whilst one of the bone pieces had a fixed
boundary condition applied. The negative pressure was
set at 10 kPa as a mid-range target that would not cause
material failure. The bending angle was taken as the angle
between the two bone pieces either side of the joint and
was compared between materials.

2) To ensure the finger would not deflect under self-weight,
gravity was applied over the body without any other exter-
nal forces. The tip deflection was recorded for each joint
material.

As aresult of the simulations, Shore A60 Vero/Agilus blend
was selected to fabricate the joints (tensile strength 3.5-4.5 MPa,
elongation at break 150-170%). Further details about the mate-
rials are also introduced in the Section III. Furthermore, the
addition of the central support was simulated. Fig. 4 shows the
simulated joint with and without the central support. Without
the central support the joint flattened, not causing any bending
motion, whereas the central support enforced a bending motion
around the centre of the joint as desired.

C. Distributed Tactile Sensing

Pneumatic chambers are chosen as the tactile sensing method-
ology in the hand design due to the inherent sensor softness,
and ease of integration with single-batch 3D printing [10],
[14]. In this respect, the sensors are designed as air-filled soft
membranes that are raised 4 mm from the surface of the fingers
and palm, with 1.5 mm thickness and material stiffness of Shore
A40 hardness. The pneumatic sensing units are distributed over
the whole hand to capture the contact information of the entire
surface area. The softness of the sensing skin provides additional
adaptability and safety to the grasp.

In each finger, three soft sensing units cover the bone regions
between each joint to ensure that the sensors are not affected as
the finger bends (Fig. 3). In the palm, the regions were selected
by assessing the most commonly used regions in the human hand
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Fig. 4. A comparison of the FEM study: (a) without the central support; (b)
with the support. It can be noticed that rigid support in the centre prevents the
chamber from collapsing in the undesired direction and supports the bending
motion.

for object manipulation [25]. The regions identified are the base
of the thumb, and the region below the pinky finger, whereas the
central region is used less frequently. The soft sensor above the
STT joint is integrated as part of the active palm sensing region.
In total, 18 independent sensing regions are introduced to the
hand. The detailed distribution is shown in the green regions in
Fig. 2.

III. MATERIALS AND FABRICATION

The soft robotic hand is 3D printed using multi-material
polyjet technology (J735, Stratasys Ltd, USA). This allows for
monolithic integration of the soft sensing regions and the stiffer
bone structures. For this design, a combination of Vero, a rigid
plastic, and Agilus30, a rubber-like soft plastic was used [24].
By changing the proportions of the two materials in a blend,
the shore hardness of the material can be controlled (ShoreA
[30,35,40,50,60,70,85,95]) [24].

The palm and thumb are printed monolithically, whilst the
fingers are printed separately and attached via a simple slot
connection. This allows for easy replacement of the fingers
should they be damaged without having to reprint the entire
hand. After printing, the support material is removed by placing
the printed piece in a chemical bath (GEMINI SSR-550) filled
with chemical support removal solution (0.02 kg/L. Sodium
Hydroxide and 0.01 kg/L Sodium Metasilicate).

The materials of each region are indicated in Fig. 2. The
material of the joints was chosen to be Shore A60 after the
simulation as detailed in Section II. The main body was chosen
to be Shore A95 to provide a small amount of compliance whilst
providing sufficient strength to support the weight of the fingers
and objects. The sensors are Shore A40 to allow for a greater
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Fig.5. Control architecture for the soft hand. The Arduino controls the stepper
motors, responding to real-time pressure values from the pressure sensors. The
data from the Arduino and webcam is stored and post-processed to plot.

degree of compliance whilst not failing under the applied load
to compress the sensors.

IV. SYSTEM CHARACTERISATION

This section describes the experimental characterisation of
the proposed design. In particular, we focused on the charac-
terisation of 1) the range of motion of the fingers in relation
to the pressure applied, 2) the output of the pressure sensors in
relation to the applied force, 3) the overall grip strength of the
hand where both the fingers and palm are involved in a grasping
configuration.

A. Experimental Setup

A closed loop PID control executed on an Arduino board was
used to set the desired pressure to actuate the joints. Each joint
in the hand is connected using identical length tubes of 1 mm
internal diameter (ID) to a pressure sensor (ADP5101) mounted
on a PCB, remote from the hand, and connected to the Arduino
board which samples the sensors’ output at 50 Hz. The Arduino
is also responsible for driving a set of stepper motors (Nema
17 Step with A4988 driver) actuating pneumatic syringes as
depicted in Fig. 5. This sets the internal pressure of the joints
as desired. The number of stepper motors and syringes required
is dependant on the number of DOFs being controlled in any
particular application. The pneumatic chambers corresponding
to tactile sensing elements were also connected via 1 mm ID
tubing to 18 different ADP5S1A11 pressure sensors and the
measurements were sampled at 20 Hz using an Arduino.

B. Testing and Results

1) Range of Motion: The fingers’ range of motion was tested
pseudo-statically by applying negative pressure to the chambers
at 5 kPa decrements until full actuation was achieved. The
three joints in the finger were actuated concurrently. At each
decrement, the pressure was held constant for 15 seconds to
reduce any effect of hysteresis. The angle of the joints was
recorded through a webcam using image acquisition software,
MATLAB image acquisition toolbox, identifying markers at each
joint and plotting the angle between them. Each characterisation
test was repeated 5 times for 3 different printed models to test
the repeatibility of the fabrication process. Between tests, the
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Fig.6. (a) Results of the range of motion tests for the fingers. The fingers were
actuated in 5 kPa decrementing pressure intervals and held for 15 seconds to
ensure quasi-static conditions. The angle, 6 presented is the angle between the
first and last digits in the finger. (b) Range of motion for each finger. The yellow
point cloud indicates the final position that the tip can reach depending on the
application of pressure in each joint. The black line indicates the outline of the
workspace that was observed experimentally.

bodies were returned to a neutral position for 1 minute to allow
any residual stresses to dissipate.

Fig. 6 (a) displays the results of the fingers’ range of motion.
The average maximum bending angle of the individual joints
was 70.0°. The average maximum angle between the first and
last joints was 186.3°. The joints’ output angles is slightly lower
than the target angle of 74° discussed in Section II. However, as
shown in the next Section, this does not compromise the whole
hand dexterity while performing the Feix and Kapandji tests.

A comparison of the simulated workspace against the real
finger’s workspace is presented in Fig. 6 (b). The simulated
workspace is extrapolated from the kinematic simulation by
examining the output position of the finger tip at each proposed
output angle. Similarly, the real workspace is composed of the
tip position at each angle recorded from the range of motion test.
As shown, the workspaces have a considerable overlap, with a
2.7% difference in terms of areas between the simulated and real
workspace.

2) Static Sensor Output: The output of the sensors, with
respect to the force applied, was characterised by bringing a
load cell into contact with the sensor and reading the pressure
output. As shown in Fig. 7, the load cell was connected to a
flat plate that ensured the whole surface area was depressed.
The load was held constant for 15 seconds to allow transient
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Fig. 7. Results of the static sensor output test. A load cell was brought into
contact with the three finger sensing chambers and held statically for 15 seconds
before being removed between tests. The displacement was increased by 0.5 mm
between tests. Each data point indicates the values read at the 0.5 mm increments.

variations to dissipate. The force was increased by displacing the
sensors further in 0.5 mm increments and was removed from the
sensor surface between increments. The load cell was mounted
on a 3-axis Shibaura BA-III cartesian robot. This procedure
was repeated 6 times for each chamber on the fingers and three
printed specimens were tested. The plot shown in Fig. 7 shows
the result of the characterisation. The mean standard deviation
across the 30 experiments in the case of the pressure readings
was 0.19 kPa. The mean standard deviation for the force readings
was 0.09 N instead.

3) Dynamic Sensor Output: To test the sensors’ dynamic
response and durability, a 0.167 Hz cyclic load was applied to the
sensors with 0.5 s pause at the top and bottom of the stroke. The
load was applied with the same flat plate used in the static sensor
output test, mounted on the Shibaura BA-III cartesian robot. The
plate depressed the sensor by 3 mm repeatedly for 1,000 cycles.
The small depression was chosen to ensure the material stayed
within the linear elastic region. The sensitivity was analysed as
the pressure delta over the force delta. The mean was found to be
2.31 kPa/N; the standard deviation was 0.012 kPa/N; the relative
variation across the 1000 cycles was 1%.

4) Dynamic Finger Output: To test the fingers’ response to
cyclic actuation and durability, they were repeatedly actuated
500 times over 3 hours. A syringe was connected to a stepper mo-
tor and actuated to increase and decrease the volume of air in the
joints by 10 ml. The syringe paused for 7 seconds between tests
to ensure the finger was static and residual stresses had subsided.
The peak-to-peak pressure is analysed to assess whether any
leakages developed or if the material had significantly softened.
The mean peak-to-peak pressure was 54.85 kPa, the standard
deviation was 0.55 kPa and the greatest difference between two
cycles was 2.03 kPa. 100 cycles have been isolated to show the
detail of the test’s results in Fig. 8.

5) Sensor Hysteresis: To evaluate the amount of hysteresis
exhibited by the pressure chambers, a 0.167 Hz sinusoidal load
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Fig. 8. Results of the dynamic sensor output test. A load cell was cyclically

brought into contact with the three finger sensing chambers at 0.167 Hz. A pause
of 0.5 seconds was introduced at the top and bottom of each stroke. The maxima
and minima are highlighted.
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Fig. 9. Results of hysteresis cyclic test. The load cell was depressed and
released by 3 mm repeatedly at 0.167 Hz for 20 cycles. The lines show the
mean of the increasing and decreasing cycles respectively with the point of
maximum difference highlighted.

was applied for 20 cycles. The hardware was the same as for the
cyclic sensor output test and the sensor was similarly depressed
by 3 mm repeatedly but for 20 cycles. The result is displayed
in Fig. 9. The maximum difference at a single applied force
value was 3.82 kPa, equating to 54% of the maximum recorded
pressure.

6) Grip Strength: The grip strength was characterised sim-
ilarly to the work presented in [16]. In order to validate the
combined strength of the fingers and palm, the hand’s grip
strength was tested by gripping a cylinder that was mounted
to a load cell. In this test, the joints’ chambers were connected
to each other in the same actuation system (a single syringe
as in Fig. 5). The hand was actuated by controlling the overall
pressure to -35 kPa in order to grasp the cylinder and to test the
maximum grip strength.

The cylinder was then raised at 5 mm/sec until the grasp
slipped and the force was reduced. The output of the load cell
was recorded throughout and Fig. 10 shows the physical setup
for this test. This procedure was repeated 6 times. The load cell is
connected to a Shibaura BA-III cartesian which ensures a steady
vertical motion. The results of the grip strength test are shown
in Fig. 10 with the profile indicating how the force in the load
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Fig. 10. Results of the grasp strength tests. (a) Physical setup for the grasp
strength test. The frame and load cell are connected to a Shibaura BA-IIT
Cartesian robot. (b) Graph of the grasp strength test’s results. The pressure was
decreased to -35 kPa as the hand came into contact with the frame. The frame
was then raised at 5 mm/sec until the the grasp slipped.

cell varies as the grasping frame is raised. The peak indicates the
mean maximum grip force among all the 6 experiments, which
was found to be 6.42 N with a standard deviation of 0.29 N.

V. HAND DEXTERITY VALIDATION
A. Feix Taxonomy

The goal of this Section is to validate the kinematic of the
hand and its passive compliance by evaluating its performance
on the Feix taxonomy poses and the Kapandji opposition test
poses.

The Feix taxonomy is a set of 33 grasp poses that aims to
encompass the dexterity of the human hand. The tests were un-
dertaken by analysing the relevant DOFs to actuate, the amount
of actuation for each DOF, and the objects required to validate the
grasp. The object was then placed in the hand and grasped for 30
seconds to ensure stability was achieved. The hand successfully
displayed 32 of the 33 grasps, with pose 27, the quadpod, being
unsuccessful (see Fig. 11). The pose was categorised as a failure
because it could not entirely grasp at the finger tip pads and
required the side of the distal joint of the fourth finger to support
the object. In future designs of the hand, this failure will be
addressed by adding controlled splay to the fingers by increasing
the number of DOFs in the MCP of the fingers.

Fig. 11 shows a selection of the grasps that demonstrate:
precision grasps (6, 19 and 20), power grasps (4, 10 and 31),
a side grasp (16) and the use of passive compliance to achieve a
grasp (23). The full list of images representing all the 33 grasps
configuration can be found in the attached video, provided as a
supplementary material.

B. Kapandji Test

The Kapandji test originates from assessing a patients thumb
opposition and ability to reach different regions of the hand
and fingers. There are 11 points that need to be reached to
achieve the full score. As with the Feix tests, the relevant DOFs
were actuated until the desired points were brought into contact.
The position was then maintained for 30 seconds to validate
controlled motion.
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A selection of the 33 completed grasps from the Feix taxonomy tests used as a dexterity benchmark. Each pose was held for 30 seconds to verify stability.

These poses have been selected for presentation as they demonstrate the widest range of grasps in the taxonomy.
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Fig. 12.

Results of the Kapandji tests. The thumb was brought into contact with each assigned position on the hand in accordance with the Kapandji thumb

opposition test. Each position was held for 30 seconds. The magenta dots indicate the points of contact between the thumb and rest of the hand. The colored regions

show the DOFs that are active in each pose.

The hand achieved all 11 of the opposition poses. Therefore,
this experiment validates the human-like dexterity of the soft
hand. The results are presented in Fig. 12 and demonstrate that
the thumb opposition is similar to a human hand.

VI. CONCLUSION

In this letter, we have presented the design of an anthropo-
morphic soft robotic hand with distributed tactile sensing. The
hand is 3D printed using polyjet technology to simplify the
manufacturing process and allow for monolithic multi-material

integration. The tactile sensors are designed as compliant pneu-
matic chambers embedded into the surface.

The finger joints’ were characterised and display an average
maximum output angle of 70° per joint. The workspace of
the fingers is presented with close similarity to a simulated
workspace based on a human finger’s range of motion.

The whole hand was characterised with a grasping strength
test, the Feix Taxonomy test, and the Kapandji Score test. The
maximum grasping force was found to be 6.42 N and the hand
could achieve 32 of the 33 requisite poses for the Feix test and
all of the poses in the Kapandji test.
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In future iterations of the hand, the failed Feix taxonomy pose
will be addressed by considering the splaying motion of the hand
as an extra DOF.

As shown in Fig. 1 the distributed tactile sensing system al-
lows for the monitoring of contact pressures applied by the hand
during the interaction with objects. This opens the possibility
for further extension of the work exploiting closed loop control
algorithms to achieve dexterous in-hand manipulation and fine
control of the contact forces. A simple demonstration of the
response of the tactile system is included in the video provided
as supplementary material.
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3.4 Supporting Information

3.4.1 Hand Kinematics

In order to validate the kinematics of the proposed hand design before the physical design
was formulated, a MATLAB simulation was developed. This was done by simulating discrete
joints and rigid links with positions determined by the average hand proportions presented by
Ingram et al. [59]. The ROM of the joints was then controlled through sliders that allowed
us to verify whether the hand could indeed reach the proposed positions required by the

Kapandji Thumb Opposition test [60]. Further detail is provided in Appendix B.1.

3.5 Limitations and Future Work

Force output The primary limitation of the hand in its current state is the grasping
force output is only 6.42N, which limits the wider application of the hand. Whilst the
design of the hand allows it to conform to a wide range of objects and grasp them for
object identification, the force output is currently not sufficient to lift heavier objects. The
reasoning for this is that, once the joints are fully evacuated, the force output is limited
by the strength of the joints’ materials.

As explored in Sec. 2.3 there are a number of methods of exploiting variable stiffness
to increase soft actuators’ force output. One of the key facets in the design of the soft hand
presented in this work is the simplicity of fabrication for ease of repeatable production. In
this regard, many of the methodologies presented would be unsuitable, since they require
the further integration of parts onto the 3D-printed body. This introduces the risk of human
error in fabrication and therefore variation between specimens. Therefore, future work could

propose the exploration of particle or layer jamming across the W-joints which can be printed
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within the original monolithic design [162-164]. Comparable works have shown force
increases of up to 8 times and thus jamming shows great promise as a means of improving
the strength of the hand. For the scope of the work in this thesis, the output force of the
hand was sufficient to grasp the desired objects and stimulate sensory responses for the

identification tasks and therefore was not the priority for this work.

Sensing surface area Another limitation of this design iteration is the limited sensing
surface area. Further empirical examination of the methods of grasping objects indicates
that the sides of the fingers are commonly in contact with the objects but there is no sensor
coverage in these regions. Two examples of this are shown in Fig. 3.1 where the objects are
held in a stable grasp but without contacting a sensor pad. To address this limitation, the

sensing capabilities were extended to the sides of the fingers in the following chapter.

Figure 3.1: Two examples of grasping from the Feix taxonomy in [161], where a stable grasp is
achieved but without contacting a sensor pad. This informed the extension of the sensing to the sides
of the fingers in the following chapter.
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Multi-Grasp Tactile Object Identification

Humans combine vision and touch seamlessly to determine how to interact with objects [165].
Ordinarily, we see an object and begin planning an interaction policy with it before using
our hands to reinforce and update that primary policy [166]. However, in many cases,
such as an unsighted classification task, visual identification is unsuitable. When presented
with this challenge, we as humans will use the multiple receptors in the skin to distinguish
blindly between objects based on their specific properties such as material, geometry, surface
features, and friction [5]. Our ability to simplify the task of object exploration is greatly
facilitated by the morphological computation developed through evolution [2]. This allows
us to conform naturally to the shape of the objects we are exploring, leveraging synergies
in our muscles and compliance in our skin and soft tissues [6, 7, 10]. To further enhance
discrimination between objects, we employ multiple touches and grasps, isolating salient

features and identifying similarities [14, 15, 167]. This chapter seeks to take inspiration
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from how humans implement compliance and multiple grasps to approach tactile object
identification and achieve high-accuracy discrimination.

Sec. 4.1 presents previously implemented solutions to tactile object identification for
both traditional and soft robotic end-effectors and explore how taking multiple contacts and
grasps can improve identification accuracy. Sec. 4.2 then reviews how machine learning
techniques can be applied to tactile achieve object identification in the presence of highly

non-linear relationships.

4.1 Tactile Object Recognition

Being able to recognise objects enables tailored control methods for grasping and manipu-
lation, leveraging upon knowledge of their specific properties. Whilst research into object
identification has generally focussed on using vision to detect and identify an object before
planning an appropriate grasping strategy, it cannot be deployed in conditions with occluded
or variable light conditions and requires perspective for sizing the object in a real scene [168].
Furthermore, vision is unable to detect intrinsic object properties such as weight, stiffness,
surface features, or even specific heat capacity [169]. In this regard, the sense of touch is
essential for being able to discriminate between these characteristics [24].

Touch has been applied to object recognition in a variety of ways using the exteroceptive
and proprioceptive sensing methodologies identified in Sec. 3.2. Most commonly, rigid-
bodied end-effectors equipped with an array of tactile sensors are used to grasp an object,
either with a set maximum applied force, or with sensory feedback to inform a control
scheme over the contact dynamics and end-effector positioning [23, 26, 170]. However,
these control schemes are not trivial and incorrect application can easily lead to damaging
the object. In this regard, solutions with soft joints and surfaces have been deployed to

ensure inherent safety in the contact, whilst simplifying the control required to conform to
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the object’s geometry [41, 171]. Furthermore, softness in sensing at the point of contact
allows for greater surface area in contact with the object and can be used to affect and
shape the perception of the contact [31, 48].

Many approaches to soft tactile object recognition have used soft sensors placed at the
tips of either rigid-bodied or soft grippers and grant detection over a small surface area,
sometimes in conjunction with proprioceptive sensing [46, 49, 156]. Whilst these can enable
high-resolution feature detection, they are limited to precision grasping and require specific
object placement within the hand to identify the object successfully. Conversely, distributing
the sensing over the entire hand allows for grasping in a variety of postures, as well as
increasing the likelihood of sensor stimulation in any given grasp [23, 149]. However, whilst
distributed sensing can mitigate the inherent locality of information provided by tactile
sensing to an extent, it is still common to miss salient object features if only single grasps
are deployed for identification [50, 51].

To increase the likelihood of detecting salient features and to improve the classification
accuracy, multiple grasps can be taken of a single object [49]. Following the definitions
from Liu et al. [26], taking multiple grasps to inform object identification can be viewed as
either an active, semi-active or passive exploratory procedure. The choice between the type
of procedure governs whether the object is presented to the hand, the hand approaches the
object which is fixed in place, or the hand explores the object autonomously. Naturally, the
complexity of the control scheme required for active exploration with grasping compared
to semi-active or passive is far greater. By implementing one of these schemes and taking
multiple grasps from different poses, the classification method becomes less reliant on
the specific presentation of the object to hand as has been commonly used in previous
solutions [146, 147, 172].

The work in this chapter modified the distributed sensing from the previous chapter

to increase the surface area as detailed in Sec. 3.5 to increase the surface area by a factor
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of 3.7. This significantly increased the likelihood of sensor-object contact during a grasp,
thereby maximising the information attained from each grasp. The compliant nature of the
hand is used, both in actuation and sensing to enable morphological computation in the
contact with the object. This comes in the form of inherent conformability to the shape of
the object without an explicit complex control scheme and data acquisition that is shaped by
the morphology of the sensors. A semi-active exploration methodology is used whilst data
is recorded from the sensors around the hand. Details of the modifications to the hand are

covered in the contributed paper and further in the discussion section of this chapter.

4.2 Data Processing and Classification

Contact between a sensorised end-effector and an object intrinsically leads to the emergence
of salient patterns between the taxels of the end-effector. To distinguish between these patterns
in the data, machine learning techniques have been deployed to classify objects [63, 65].
These include standard ML classification techniques such as SVM, random forest, decision
tree, naive Bayes or similar. For example, Homberg et al. [146] used a Bayesian framework
and K-nearest neighbours (KNN) to classify objects based on either an enveloping or a
pinch grasp of each object; Pannen et al. [50] and Yan et al. [147] compared KNN, decision
trees and SVM performances on tactile data acquired from simple grasps of a set of objects;
and Ma et al. [156] grasped 10 different stiffness objects from a single pose and applied a
Random Forest classifier to distinguish between them. However, all of these approaches
exploited a restricted set of object poses, which simplifies the task significantly by reducing
the variation in sensing data between samples of the same object. In this regard, the proposed
ML classifiers have limitations when confronted with higher complexity data, such as in the
case of unknown object pose, greater noise in detection, higher dimensionality data (from

greater distribution, multi-modality, or higher resolution), or more object classes [173—175].
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To deal with the limitations that exist when classifying higher complexity data, neural
networks have been devised. Due to the local spatial relationships that exist between
stimulated tactile sensors in a grasp, CNNs can be used to extract features from the tactile
data to classify the object [45, 69, 176]. Specifically, CNN autoencoders and encoder-
decoder (ED) architectures, which have been successfully applied to visual salient object
detection [177], can be deployed to identify the emergent patterns in tactile data [51]. These
work by taking high dimensional input data and reducing the dimensionality with feature
extraction using encoders such as ResNet, VGGNet, or Inception [178—180]. This lower-
dimension latent representation is then decoded back into the original high dimensional space
and the reconstruction loss is input to an optimiser to train the network. The reconstruction
loss is most often the mean-squared error or cross-entropy between the input and output
data from the network. Extracting the latent representation and applying the standard ML
classifiers listed above allows for accurate object classification. The general structure for
an ED architecture is provided in the contributed paper. The work that has been presented
thus far has focussed on using a single grasp of an object to extract features and classify
the object. However, this work seeks to take inspiration from the human approach of tactile
object identification whereby multiple grasps are taken to build up a representation of the
object and the inter-grasp relationships are important for recognition. This requires a network
that can extract features from between grasps.

This work implements an ED architecture to extract the features from taking multiple
grasps of a set of objects. The network is designed such that features can be extracted across
the full set of grasps rather than just from a single grasp as has been presented in prior work.
The silhouette score is calculated in the latent space to quantify the geometric separation
between object clusters and include that in the loss function to enforce greater separation
for ease of classification. A set of standard ML classifiers are compared in the latent space

data to distinguish between the presented objects [181].
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4.3 Contributed Paper

The contributed manuscript in this chapter was presented at the Robosoft Conference in
2023. It details the modifications made to the soft hand from Chap. 3 to improve grasping
kinematics and increase the sensing surface area. The paper presents the application of the
soft hand towards a multi-grasp object identification task, where the use of multiple grasps
facilitates higher accuracy classification. The compliance in the hand is used to significantly
simplify the task with respect to a traditional robotic hand that would require a complex
control scheme. The grasps’ tactile data is processed through an encoder-decoder architecture
for low-dimensional latent space extraction and classification. The dependency on grasp

order is also decoupled at the input by augmenting the data sequence [182].
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EDAMS: An Encoder-Decoder Architecture for Multi-grasp Soft Sensing
Object Recognition

Oliver Shorthose!, Alessandro Albini, Luca Scimeca, Liang He and Perla Maiolino

Abstract— The use of tactile sensing exhibits benefits over
visual detection as it can be deployed in occluded environ-
ments and can provide deeper information about an object’s
material properties. Soft hands have increasingly been used
for tactile object identification, providing a high degree of
adaptability without requiring complex control schemes. In
this work, we propose a framework for identifying a range
of objects in any pose by exploiting the compliance of a soft
hand equipped with distributed tactile sensing. We propose
EDAMS, an Encoder-Decoder Architecture for Multi-grasp
Soft sensing and an ad-hoc data structure capable of en-
coding information on multiple grasps, while decoupling the
dependency on the pose order. We train the model to map the
high-dimensional multi-grasp tactile sensor data into a lower-
dimensional latent space capable of achieving the geometrical
separation of each object class, and enabling accurate object
classification. We provide an empirical analysis of the benefit
of multi-grasp perception for object identification, and show
its impact on the separation of the objects in sensor space.
Notably, we find the classification accuracy to change widely
across the number of grasps, ranging from 47.0% for a single
grasp, to 99.9% for 10 grasps.

Index Terms— Soft robotic hands, object identification,
tactile sensing

I. INTRODUCTION

Object recognition stands as one of the most funda-
mental capabilities for autonomous robots, leading to suc-
cessful grasping and manipulation. Beyond the widespread
vision-based methods for object recognition, tactile sensing
has the potential to provide additional information about
the physical properties of objects like surface features,
friction, and stiffness [1]-[5]. It can also be utilised in
unstructured environments with variable lighting condi-
tions, transparent objects and occlusions [6]. Due to their
potential, tactile-based and hybrid methods have seen a
rapid development in recent years for object recognition
[71, I8].

The majority of works in the relevant literature make
use of rigid end-effectors equipped with tactile sensors
to perform object recognition. However, these grippers
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Fig. 1. Overview of the proposed model. Sensor data is recorded
from multiple grasps of objects and fed into the EDAMS architecture.
Classification is made on the low-dimensional clusters from the bottleneck
of the encoder-decoder.

Sensor Response

require complex control schemes to manipulate different
types of objects and to guarantee accurate and safe interac-
tion [9], [10]. On the other hand, due to their compliance,
soft end-effectors can adapt to, and manipulate, a wide
range of objects using simpler control strategies [11]-
[13]. In this respect, several works have exploited the
compliance of soft grippers to perform object recognition
using proprioceptive sensing [2], [14] or a combination of
proprioceptive and tactile sensors [15], [16] with simple
open loop control. Indeed, the compliance allows the grasp
configuration to adapt passively to the shape and stiffness
of the objects, generating a different tactile response.
While the aforementioned works only grasp objects from
a single posture, different approaches leverage the dexterity
provided by an anthropomorphic hand to grasp objects in
different orientations, achieving object recognition that is
robust to pose uncertainty [17], [18]. For example, the
work proposed in [17] combined flex and force sensors
to discriminate between 10 different classes of objects,
providing variation between the object poses when being
grasped. In [18], a high resolution tactile sensor was
integrated on a soft robot hand to be exploited for ob-
ject recognition. The authors show that a high number
of tactile sensors is fundamental in recognising object
features successfully and the performance of a recognition
system rapidly drops when the spatial resolution decreases.
Whilst these works show the possibility of performing
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object recognition from multi-modal feedback, or from
high resolution tactile sensing using a single grasp, they
require different types of sensors and flexible PCBs to be
embedded in the soft body, thus increasing the complexity
of the fabrication and affecting the durability and compli-
ance of the system.

Soft pneumatic tactile sensors can be exploited and
embedded to provide tactile feedback, without affecting
the overall compliance of the body [19]. Despite this, fab-
rication methods currently only allow pneumatic sensors
with low spatial resolution to be equipped on soft robots,
where the information acquired from a single hand grasp
may be inadequate for accurate object identification. In
addition, tactile sensors can only capture local information
leading to discriminative ambiguities. As a consequence,
we argue that multiple contacts are often required to
perform accurate object recognition via the sense of touch.

This paper addresses the problem of performing tactile
object recognition from multiple grasping postures using a
soft hand equipped only with pneumatic tactile sensors.
This is achieved by using multi-grasp tactile informa-
tion and employing an Encoder-Decoder Architecture for
Multi-grasp Soft sensing (EDAMS) to map the information
into a low-dimensional latent space, while enforcing the
geometrical separation of different objects [20]. We em-
pirically analysed how the accuracy increases in relation
to the number of grasps, further stressing the importance
of multi-grasp sensory information for tactile object dis-
crimination.

In this paper, we improve on the hand-design from [21]
to increase the contact sensing area and the conformability
when grasping. The compliance and kinematics provided
by the hand allow for a wide range of objects to be
grasped in different orientations without complex control
schemes. The objects are chosen from commonly used
objects with different features such as a range of stiffness
and geometries.

To summarise, the main contribution of this paper is a
data structure and learning architecture capable of decou-
pling the dependency of the grasp pose sequences from
sensor data, as well as learning a low level embedding that
enforces meaningful geometric separation within object
subsets in sensory space (EDAMS). The paper is structured
as follows: Section II details the updated design and control
scheme of the hand; Section III describes the experimental
setup and the data collection procedure. The testing and
analysis of the object identification task are presented in
Section IV; Section V provides the conclusion of our work
and the future direction.
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Version from [20] Updated Version

Fig. 2. Comparison of the soft hand presented in [21] (left) against the
modified version (right).

Grasp 1
sz 0.?4 0.:73 m
O.iZ 0.63

Fig. 3. Structure of the sample Xp. Tactile responses corresponding to
grasps from different postures are laid on separate rows, forming a matrix
of multi-grasp sensor data. R is the number of grasps in the sample, and
M is the number of sensors in the hand.

II. METHODOLOGY
A. Hand Design

The soft anthropomorphic hand’s design was first pre-
sented in [21] and is shown in Fig. 2. The hand uses
vacuum actuated W-joints to achieve human-like dexterity
as demonstrated by the Feix taxonomy and Kapandji thumb
opposition tests [22], [23]. Up to 15 degrees of freedom
(DOFs) can be independently actuated, but to simplify the
control for this work, the whole hand was underactuated
as a single DOF.

Multi-material 3D printing is utilised to manufacture
the hand and to achieve a fully integrated design which
includes 19 pneumatic tactile sensors distributed on the fin-
gers and the palm. Specifically, digital materials obtained
from a combination of Agilus©, a compliant, rubber-like
material, and VeroCyan®©, a rigid plastic, are used in differ-
ent proportions to achieve different shore hardness across
the hand. In this respect, the soft joints are made from
ShoreA 60, the pneumatic sensor chambers from ShoreA
35 and the structural part of the hand from ShoreA 95. The
material proportions are available from the manufacturer.

The passive adaptability of the hand to the shape of
the objects is crucial in generating the different sensor
responses and simplifying the inference process for the
object recognition task. Thus, several changes have been
made to the original hand design presented in [21]:
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The surface area of the sensors has been increased
to cover the sides of each finger and the finger tips.
This was introduced to ensure that there was contact
between the objects and sensors in all poses.

The lengths of each finger phalanx have been scaled
to mimic the respective distances between joints
in the human hand [24]. Specifically, shortening
the medial phalanx reduces the contact area of the
central sensor, but it increases the surface area of
its neighbouring sensors and improves the grasping
around objects.

The scaphotrapeziotrapezoidal (STT) joint was ro-
tated 10° out of the plane of the palm. In the
previous design, we observed that the opposition
of the thumb was not into the plane of the hand
when the STT joint was actuated. The hand could
satisfy the Feix and Kapandji tests as desired, but its
grasping strength was limited by this. The increased
angle was introduced to ensure the thumb grasps
objects into the plane of the hand, increasing the
stability of the grasp.

1)

2)

3)

Fig 2 shows how the above modifications to the original
design allow the hand to achieve greater conformability
and improves the tactile sensors’ response (with respect
to the number of sensors in contact with the object and
higher sensor values). Moreover, we performed a new
characterisation of the sensors’ responses with respect
to applied forces, by following the same procedure ex-
plained in [21]. The results of the characterisation tests
are presented in the supplementary video attached to the
manuscript. The tactile sensor responses are linear in the
applied displacement range and show good repeatability
across three 3D printed fingers.

B. Model Architecture and Learning

In this Section we first explain how we organised the
individual samples and the dataset to: (i) capture the

Silhouette Relu
Object labels, ¥; ———p| Score L
Yis

Architecture of the EDAMS Encoder-Decoder Model. u; is the bottleneck data to be classified.

Adam
optimiser

3 p
19x1 DeConv
32 layers

6
Relu 1x8 DeConv

64 layers 1
Relu 1510 DeConv

1 layer

information of multiple grasp poses; (ii) make the clas-
sification robust to different sequences of grasping poses;
(iii) evaluate the effect of the number of grasps on the
classification accuracy. Finally, we describe the structure of
the EDAMS model and the training procedure to ensure the
separation of objects in the low-dimensional embedding.

1) Dataset Structure: We devise a data-structure that
is suitable for learning, and that enables the decoupling of
the sequence of the order of grasp poses in the data during
learning. For each single grasp, we encode the tactile
sensor responses as a 1D vector € RM | where M is the
number of sensors. We then form a matrix Xp € REXM
with {1,..., P} and P the total recorded dataset size,
containing the responses of the tactile system to R different
grasping postures of the same object, repeated 30 times
(Fig. 3).

Since the grasp data in Xp follows the grasp pose se-
quence recorded during experiments, there would normally
be a data dependency with respect to the order of the
grasps and the object’s identity. At the dataset level, we
decouple this dependency with data augmentation. In par-
ticular we defined new samples X;, with ¢ = {1,... N},
by randomly permuting, K = 100 times, the rows of
each Xp. In our case P = 210 (see Section III), thus,
the total number of samples in the augmented dataset is
N = P x K = 21000.

To evaluate how the number of grasps affects object
recognition, we replaced the respective number of lower
rows in each sample X; with zeros to simulate 1, 3, 5 and
7 grasps and retrained the model. These number of grasps
were chosen to be equally distributed up to 10 grasps.

2) Encoder-Decoder Model: We developed an Encoder-
Decoder Architecture for Multi-grasp Soft sensing
(EDAMS) to be able to identify features of the grasp data,
and produce a (meaningful) lower dimensional latent space
that can subsequently be used to classify objects. In the en-
coder, three convolutional layers with batch normalisation
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and ReLu activation were implemented as shown in Fig. 4.
The first convolutional layer contains 1 x M weight filters
and can thus read the data from a single grasp at once, then
stride across the row dimension to read all other grasps.
This design, together with the data structure previously
described, allows the model to learn sensor adjacency rules
within the column dimension, but not the row dimension,
thus achieving a decoupling of the order of grasps at the
model level. This is followed by stacked convolution and
reshape layers for the embedding, and de-convolutions for
decoding (Fig. 4).

3) Low-Dimensional Embedding Isolation: For the pur-
pose of our experiments, we wish to learn a low level em-
bedding which enforces meaningful geometrical separation
within object subsets in sensory space.

Let X; be a general tactile data matrix, as previously de-
fined. As per encoder-decoder literature we wish to encode
X; into a subspace u;, and then reconstruct the matrix
into X’; while enforcing reconstruction consistency. We
implement a simple mean squared error (MSE) consistency
loss of the form:

Noxi—x)?2 N (X - D(E(X)))?
LC:Z( = ):Z( ](V( )

M

i

where E and D are respectively the encoder and decoder
networks, and u/; = E(X;). We enforce a geometrical
separation between each object class within the u subspace
by adding a differentiable implementation of the Silhouette
Score within our function [25]. The Silhouette Score for
any object class is given by:

a—b
= 2
max (a, b) @
where a is the average intra-cluster distance, and b is the
average inter-cluster distance to the closest object class in
the projected space [25], [26]. Finally, we train our model
on a loss of the form:

L=Lc—~vLs 3

where the hyper-parameter vy can modulate the model’s
pressure to find a sub-space enforcing geometrical object
class separation. We use a vanilla Adam optimiser to
handle the training dynamics [27], and choose to stop
training when either Ls; >= 0.99 on the validation set
(suggesting high cluster separation), or when there was
no validation loss improvement for more than 100 epochs
(early stopping). We further set u to be three-dimensional,
to allow for easy plotting and evaluation. We find this low-
dimensional sub-space to suffice in representing our set of
objects.
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Fig. 5. The selection of objects used for the identification tasks. The
figure reports the dimensions in mm: H, height; W, width; L, length;
D, max. diameter; d, min. diameter. The objects are presented in the
orientation used for data acquisition.
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Fig. 6. Learning process for the EDAMS architecture. (a) The loss
function is a summation of the MSE reconstruction loss and the silhouette
score loss. (b) Silhouette score relating to the geometric cluster separation
in the bottleneck.

III. DATA COLLECTION

The proposed method was validated in a tactile identifi-
cation task based on 7 different objects, shown in Fig. 5.
They were chosen by considering daily-use objects or
shapes, similar to [15]-[18], [28]. In particular, we selected
close variants of the YCB dataset [29]. The cylinder
and cube are rigid, the bottle, cards and cup are semi-
rigid, and the sponge is compliant. The soft hand was
connected to a Franka Emika robot, controlled to move
the end-effector to different grasping postures. The hand
was actuated by connecting each of the 15 joints to a single
negative pressure supply. This supply was provided by a
compressor, regulated using an analog pressure regulator
(SMC IRV20-C10). When negative pressure is applied to
the joints, the fingers bend as characterised in [21]. Two
solenoid valves (Yosoo1210) were used to control whether
the hand was connected to the pressure source or the
atmosphere. The soft tactile pads were connected to 19
pressure sensors (ADP51A11 with 1-bit in 10 of noise) via
Imm diameter tubing and wired to the Arduino through a
multiplexer (74HC4051) and recorded at 10Hz.

The objects were fixed in front of the robot using a
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Fig. 7. Results on the test set by increasing the number of grasps (a) Object clusters from the bottleneck region in the encoder-decoder architecture.
Increasing the number of grasps allows for greater separation between clusters and for the higher numbers of grasps, the datapoints are stacked in
the same position. (b) Confusion matrices for the object classification. The classifier used for each number of grasps is detailed in Table I. The true

values are on the y-axis and the predicted values are on the x-axis.

stand to establish a repeatable stationary position. The data
sample Xp € R1O¥19 was collected by grasping in 10
different postures. The grasp poses were manually chosen
to approach each object from all directions and to cover
its entire shape. Fig. 3 shows two of the 10 grasps for the

cup. The procedure to collect each Xp consisted of the
following steps:

1) Approach the object from an initial remote position.
2) Once the hand is in contact with the object, control
the solenoid valves to reduce the pressure to -50kPa,
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thus closing the hand around the object.

3) Hold the hand held in stationary contact with the
object for 30 seconds. The final sensor reading from
the steady state is then collected.

4) The pressure is released and the hand is removed
back to a remote position.

5) Repeat the above procedure for the 10 different
grasping postures.

This procedure was repeated 30 times for each of the 7
objects, therefore P = 210. To ensure variation between
grasping postures, we added random noise (up to 10mm) to
the X, y and z directions of the grasping posture. The sensor
data from each sensor were normalised by the maximum
value recorded across all tests for that specific sensor.

The dataset was split 80%-10%-10% for the purposes
of training, validation and testing respectively and then
augmented as described in Section II. It must be noted
that the data splitting was performed before the data
augmentation to ensure no grasps at validation/test time
were observed at training time.

A video showing the data collection procedure is pro-
vided as supplementary material.

IV. RESULTS AND DISCUSSIONS

The EDAMS model was trained with the datasets de-
scribed in the previous Section. We used the validation
dataset containing all 10 grasps to tune the model’s hyper-
parameters, and empirically set v = 0.015. We then
fixate those hyper-parameters and re-train the network
from scratch for each dataset of different grasps. Fig. 6
shows the training process for the model with the training
and validation losses, along with the values of L.

After training, the model can map any high-dimensional
sensor matrix X; into its corresponding embedding u;. The
classification process takes less than a second for each
set of grasps. For R < 10 grasps, a random selection
of the 10 recorded grasps were chosen without replace-
ment to ensure the same grasp pose was not repeated
in a sample. Fig. 7(a) shows the clusters resulted from
mapping the test set into its latent space representation,
across the different number of grasps considered. In order
to determine the maximum classification capability for
each number of grasps, we compared simple classifiers
to perform object recognition in the projected u space:
linear support vector machine (SVM), decision tree (DT),
random forest (RF), and k-Nearest-Neighbours (k-NN.)
For the classifiers, from Python’s sci-kit learn, we used
GridSearchCV over common ranges of each of their hyper-
parameters and used a StratifiedKFolds cross-validator for
the final model selection with 4 folds. We report the best
performing models for each number of grasps in Table I.

As shown in Table I, by increasing the number of
grasps, we observe an increase in L, suggesting an
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N grasps Ls Acc % Classifier Parameters
10 0.995 99.9 Linear SVM C =0.001
7 0.581 87.6 k-NN k=9, weighted
5 0.547 83.2 Linear SVM C=0.01
3 0.275 70.0 Linear SVM C=0.1
1 0.014 47.0 Decision tree Depth = 11

TABLE 1. Silhouette score and mean classification accuracy computed
on the test sets. For each number of grasps we reported the models and
corresponding hyper-parameters that best performed on the validation

sets.

increased ability for the trained embedded model to appro-
priately encode the information belonging to each object
class, and achieve higher object class separation. In turn,
that allows even simple classifiers to achieve increasingly
more accurate object classification, doubling the perfor-
mance from 47% to 99.9%. A more detailed view showing
the separation of clusters in the low dimensional space is
shown in Fig. 7(a).

Fig. 7(b) shows the confusion matrices for each number
of grasps: the cube was most commonly misclassified as
the deck of cards. The misclassification is likely due to
local geometric similarities between the objects, consider-
ing the geometric profiles of the largest side of the cards
compared with each of the cube’s sides. The cause of the
misclassification can also be traced back to the embedding.
In Fig. 7(a), in fact, the representation in 3D u space of
both the cube and the cards is overlapping across all num-
ber of grasps, only achieving some degree of separation at
10 grasps. We further observe how single grasps are indeed
largely unreliable (Table I). In Fig. 7(b) we observe that
beyond the misclassification between the cube and deck
of cards, under the sensory system of a single grasp, other
objects show a high degree of misclassification. This is for
example the case for the bottle, misclassified as an apple
~ 48% of the times, and the cylinder, misclassified as an
apple = 25% of the times. These objects, in fact, present
similar local curvature information, leading to perceptual
ambiguities hindering accurate tactile-based object recog-
nition, and supporting our initial hypothesis. Finally, we
observe how, although the deck of cards and the sponge
are similar in geometry, the identification is capable of
reliably distinguishing the two apart, suggesting success in
this framework for discriminating between object stiffness.

V. CONCLUSION

This paper presents a framework to perform tactile
object classification with a soft robotic hand and dis-
tributed tactile sensing by combining information from
multiple grasps. We implemented a data pre-processing
and encoder-decoder learning architecture to allow for
accurate embedding and identification of objects without



4. Multi-Grasp Tactile Object ldentification

reliance on the grasp pose sequence. Notably, we use
a weighted silhouette score-based loss to find a low-
dimensional encoding of the sensor data promoting the
geometric separation of the objects. We applied machine
learning classifiers to the encoded data in order to classify
the objects and we showed the importance of multi-grasp
sensory perception for object discrimination.

Future work will look to incorporate a Bayesian frame-
work to instruct the hand where to grasp to confirm prior
beliefs in the classification of a grasped object. This will
reduce the number of grasps that are required to achieve a
high classification accuracy, without restricting the ability
to discern objects from any pose.
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4.4 Supporting Information

Object characteristics As stated in the paper, the objects were chosen to be close com-
parisons to objects found in the YCB dataset [183]. However, in addition to the geometries
that are provided, the stiffness of each object varies too. To give additional detail on those

without a full physical characterisation:

1. The apple is a plastic replica with a foam core to allow for longevity of experimental
trials without having to replace the specimen. The foam core provides a comparable
level of stiffness to a standard ripe apple. A bolt is glued into place for the connection

to the rigid stand.

2. The bottle is a standard 500ml soft drink bottle that was emptied. The empty bottle
has lower stiffness when grasped compared to a full bottle. A plate was attached to the

base of the bottle in order to attach it to the rigid stand.

3. The cards are a simple deck of cards with a hole in the base to attach to the rigid stand.

The casing is made of thin cardboard and the pack was identified whilst full of cards.

4. The cube is a hollow FDM 3D printed geometric shape. Therefore, in comparison with
the strength of the hand, it can be viewed as incompressible. A through-hole is added

to the bottom to affix a bolt to the rigid stand.

5. The cup is an empty takeaway 340ml coffee cup with a cardboard sleeve and disposable

plastic lid. A through-hole is added to the bottom to affix a bolt to the rigid stand.

6. The cylinder is a rigid plastic tube which was assumed to be of infinite length and
therefore the ends were not explored by the hand. It that had a baseplate rigidly attached

to be bolted to the rigid stand.
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7. The sponge is a standard kitchen sponge for washing dishes with a scouring face. The
stiffness is considerably lower than the other objects. A cavity was hollowed out to

glue in a bolt for attachment to the rigid stand.

Data collection procedure The procedure of taking grasps is detailed within the paper
and involves approaching the objects from positions that were pseudo-randomly chosen to
cover the entire surface area of the object that wasn’t in contact with the rigid stand. The
hand was connected to a Panda Arm to allow for a suitable range of motion and the set of
positions, together with the geometric noise that was added enabled the hand to contact the

objects from all angles. Fig. 4.1 shows the procedure for the apple object.

Approach Object Contact Object  Grasp Object Release Pressure

Figure 4.1: The process of approaching the object from a new position, contacting it, and grasping,
before releasing it and moving to a new position. The sensor response throughout is shown in the
inlays and the steady state value (c) is processed by the EDAMS network.

Dataset collection and overfitting A factor that limits the application of machine learning
to tactile identification is the time required to collect datasets. This is especially prevalent with
soft hands where the actuation methodologies are generally slower than traditional robots [88].
The effect of this is that the scale of a dataset that is used in visual object identification is
not necessarily feasible for tactile identification. Small training datasets can easily lead to

overfitting in a trained network or poor generalisability [184]. Therefore, when designing
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networks and training them, it is even more important to implement measures that prevent
overfitting such as dropout layers, batch normalisation, and not overcomplicating the network
with depth or number of nodes [185, 186]. Furthermore, modulating the data with noise and
other perturbations can help to increase the robustness of the network against overfitting [187].

For the EDAMS network, dropout layers, batch normalisation and modulating the data

with normally distributed noise were tested. The work found that:

1. Whilst dropout layers reduced overfitting, they also reduced the overall accuracy of the

network at all number of input grasps.

2. Batch normalisation both reduced overfitting and sped up the training time of the

network whilst maintaining performance in the accuracy.

3. Modulating the data with noise slightly reduced the training accuracy of the model
(< 5% accuracy loss) but improved the generalisability of the network considerably

with higher accuracy in the testing data.

As a result of these findings, batch normalisation was implemented at each layer and

added noise in the form:

X ~ . ¥ (0, 6%) (4.1)

Here, o is directly proportional to the original recorded sensor value with a scaling
factor of 0.15. Empirically, this was found to reduce the overfitting of the network whilst

closely retaining the accuracy of the model.

Latent space dimensionality In EDAMS, the data is encoded to 3 dimensions in the latent
space. This size was empirically determined through comparison of the classifier performance

and the processing time taken to learn the ML classifiers. Reducing the dimensionality to
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fewer than 3 dimensions resulted in a significant loss of classification accuracy where the
training process was unable to achieve geometric separation. Increasing the dimensionality to
4 or greater did not provide accuracy improvements and slowed the processing considerably
such that training and classification was prohibitively slow. Additionally, in some instances,
overfitting was observed. Finally, 3 dimensions allows for easy visualisation as shown

in Fig. 7a of the contributed paper.

4.5 Limitations and Future Work

Dataset size As indicated in Sec. 4.4, the size of the dataset can cause problems in the
quality of the results produced by neural networks applied to tactile object identification.
Ideally, more data would be taken to mitigate this further than the solutions proposed.
However, further data collection is limited by the reliability of the materials in long-term
deployment. Empirically, small perforations were observed in the joints after ~ 500 cycles
of finger-object contact. Due to the careful design of the finger, and use of vacuum actuation,
data acquisition could continue for a further ~ 100 cycles before the perforations affected
the hand’s closure and data acquisition. To address this, two solutions are proposed:

First, the reliability of the finger joints is to be enhanced. As shown in Sec. IV B
of the contributed paper in Chap. 3, an unloaded finger demonstrated repeatable output
for over 1000 cycles. To improve the reliability of the loaded finger, inspiration can be
taken from the solution proposed in Sec. 3.5, introducing variable stiffness to increase the
overall force output of the finger. By using the original joint solely for positioning and
employing variable stiffness for force enhancement, the force through the original joint
can be reduced, extending its longevity.

Secondly, an automated failure detection system can be implemented to minimise human

intervention, which slows down the data acquisition process. Leak detection, commonly
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used in fluidic systems, can be utilised for this purpose. In this regard, a feedback system
could be set up that monitors the actuation pressure. If the pressure drops below that required
for complete closure of the finger, the user could be notified to fix or replace the finger.
This would mitigate the need for human monitoring, allowing for longer periods of data
acquisition and therefore larger datasets over time.

Future work should seek to include more objects in the dataset to demonstrate further the
performance of the system and isolate any shortcomings of the method. However, for the
number of objects successfully identified, which suitably demonstrate the performance of
the system with regard to adaptability in grasping and accuracy of identification, the dataset
was found to be sufficiently large with the factors included in the previous section. However,
as the hand explores more objects, the proposed enhancements will become essential to

facilitate the acquisition of larger datasets and achieve improved identification performance.

Grasp number dependency Secondly, whilst the EDAMS architecture allows for the
identification of objects using a range of grasp numbers, for each one, a different network had
to be trained to achieve the highest classification accuracy. This requires the user to pre-select
how many grasps they require before applying the network to the task. Additionally, only
{1,3,5,7,10} grasps could be input to the network. This is a significant limitation on the
flexibility of the network and it is not possible to input more than 10 grasps which may
be required for higher accuracy classification. In order to progress towards the human-
like identification methodology of taking subsequent grasps until sufficient confidence is
achieved, an incremental model is required that can process tactile data from any number
of grasps. Indeed, future work seeks to be able to use the information gained from the
previous grasps to inform and influence future prediction outputs. The work presented in
the following chapter facilitates this and leverages upon sequentially inputting grasps to

allow for open-ended data collection and classification.
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Bayesian Framework for Open-Ended

Object Identification

The previous chapter demonstrated a successful method of integrating information gained
from multiple grasps to inform higher accuracy object identification. The motivation was
based upon the haptic approach that humans take to identify objects, whereby multiple
touches and grasps from around the entire surface of an object are used to build up a
representation of the object. However, the great difference is the ability to continue taking
grasps until the user is sufficiently confident in the classification output. This works both to
allow infinite grasps if the system is unable to classify the object, and to stop taking grasps
early if it converges to a solution quickly, saving valuable data collection time. This chapter
develops upon the success of EDAMS and takes greater inspiration from the biological,

human methodology to formulate an open-ended identification process. Additionally, a 2D
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embedding is implemented within the model to allow for 2D convolutions, in an analogy

to highly successful visual identification.

5.1 Recurrent Neural Networks

RNNs were first postulated in 1982 by J.J. Hopfield [188] and are most commonly used for
tasks involving sequentially input data such as speech recognition or video classification [66].
The key feature that enables RNNss is the ability to retain information from previous network
passes and establish dependencies between sequential inputs, applying the same processes to
each input. This allows for temporal frame and data tracking for inputs that are intrinsically
linked, such as object tracking within videos [189]. Recently, they have also been proposed
for object recognition in an image, where the recurrence allows for detection of ‘context’

in the scene [190].

In contrast to CNNs and other FFNNs that process a single input to produce an output,
RNNSs consider a sequence of inputs that influence the final output [191]. In this final work,
the objective is to establish a Bayesian framework where the classification output from the pre-
vious grasp (the SoftMax output) can influence the subsequent grasp’s output. Therefore, the
decision was made to implement an RNN structure, since it can sequentially process multiple

grasps and implement the ‘context’ of previous grasps to affect subsequent classification.

To validate the effects of the recursive layers in this network, the work looks at a measure
of the attention that is being paid by the output to both the recursive layers and the new grasp
data being input. This allows for understanding over whether the network output is being
influenced more by one or the other data inputs. It was achieved by analysing the salience,

which is detailed in the Saliency Computation section of the paper.
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5.2 Feature Extraction from a 2D Embedding

Convolutional layers are used ubiquitously for feature extraction across many applications,
from image classification to computer vision and segmentation [66, 192]. They demonstrate
extraordinary power and are generally simple to apply to a given problem. Whilst CNNs are
most commonly used in visual object identification, as presented in Sec. 4.2, they have also
been used for tactile object identification due to the analogous spatial relationships that can
be extracted [64, 176]. In Sec. 4.3, a 1x19 convolutional layer is used first to extract features
from between tactile sensor data values and then a 10x1 layer is used to extract features from
between the grasps for a particular exploration sequence. In this follow-up work, the approach
is changed to consider the inter-grasp relationships through the recursions of the network and,
to extract the spatial relationships within the grasp data; the data is first embedded into a 2D

space using a fully-connected layer before being passed through a 2D convolutional layer.

5.3 Contributed Paper

The contributed paper in this chapter has been submitted to Science Advances and is currently
under review. It details the new approach to processing multi-grasp tactile data, taking
inspiration from the human approach of using compliance in the grasp to conform naturally to
objects’ geometry and increase the sensor contact. The tactile response is shaped accordingly.
Subsequent grasps are taken until sufficient confidence is attained in the output prediction.
The predictions from previous grasps are concatenated to influence the subsequent predictions
in a Bayesian framework called ROSE-Net. This facilitates an open-ended identification
process with no theoretical limit to the number of grasps that can be considered in the
classification process. The paper also postulates how using a multi-grasp procedure mitigates

low-resolution sensing and the network can be modified to facilitate fault tolerance. The
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2D embedding and recursive layer are analysed and an online identification framework is
formulated to allow for continued data collection until a sufficient classification belief is
achieved. Additionally, a transfer learning scheme is implemented to allow for efficient

retraining on additional data.
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Tactile object identification is a fundamental human skill, underlying several
core aspects of human intelligence. Humans display a range of remarkable
haptic skills, enabled by the synergistic interactions of the somatosensory sys-
tem with higher-level cognitive processes. In contrast, robotics’ haptic sensing
solutions have historically lacked the ability to achieve human-level perceptive
capabilities, lacking in both the sensory system and its cognitive digital coun-
terpart. In this work, we leverage the success of the fields of Soft Robotics and
Deep Learning to show how a soft robotic hand equipped with low-resolution
tactile sensing can be used to accurately identify a diverse set of objects. We let
human cognitive studies inform our solution, including the ability to integrate
multi-grasp information without reliance on the sequence of tactile interac-

tions, or the generally unknown object pose. The proposed study exploits the
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synergy between the adaptability of the soft hand and the multi-grasp identifi-
cation strategy. In particular, we developed ROSE-Net, a neural network that
leverages multiple grasps to enable accurate pose-invariant object recognition.
We show that multi-grasp haptic discrimination solutions are desirable, and
can lead to a significant increase in performance (up to 20% observed). The
versatility and adaptability of this approach are also tested in two scenarios:
one, a learning transfer scenario, where we observe ROSE-Net’s ability to gen-
eralise to a diverse set of experiments with minimal retraining; two, in a fault
tolerance scenario, where performance is retained over the loss of up to 15%
of the sensing units. Finally, we test our framework in an online discrimina-
tion task, where this approach is shown to naturally require additional grasps

only for hard-to-classify objects.

Introduction

Object discrimination, the ability to differentiate and recognise different objects, plays a cru-
cial role in human intelligence. This cognitive ability enables us to perceive, categorise, and
understand the world around us, forming the basis for higher-level cognitive processes such
as perception, learning, memory, reasoning, problem-solving, and adaptive behaviour (7, 2).
Indeed, this ability is not limited to visual discrimination but rather extends to other sensory
modalities, such as haptics (3). The sense of touch allows us to interact dynamically with our
environment, distinguish objects by their unique physical properties, and provide a far more
comprehensive perceptual repertoire (4, 5).

Human tactile object identification is a complex process, whereby facilitated by our own
cognitive abilities, we exploit our somatosensory system to successfully discriminate between

objects. In particular, the softness and compliance of the human hand allows for ease of adap-
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tation to a wide and diverse set of objects’ shapes and surfaces, achieving safe and effective
grasping and manipulation (6). The hand’s morphology and articulation determine the scope
of possible object interactions and exploration strategies. These factors influence the mode and
dynamics of surface contacts and the number of subsequent actions required to gather tactile
evidence (7). Through sensory-motor coordinated action, then, humans strategically regulate
the contact with the objects to trigger the receptors uniquely for each object under scrutiny (8).
A variety of high-density mechanoreceptors in the skin aid these explorations, and allow us to
discriminate across fine tactile features (9). Here, the body’s morphology can act as a computa-
tional resource, shaping the patterns observed in the sensory response, and ultimately simplify-
ing the subsequent inference process (10, 11).

Although the importance of tactile object recognition has been widely recognised by the
robotics research community (/2, 13), solutions have been limited in their application. His-
torically, the majority of approaches have been based on rigid-bodied end-effectors, featuring
embedded sensors often capable of capturing dense information at the contact location. Aided
by the use of machine learning techniques, this has fueled an abundance of solutions for accurate
tactile object classification both from a single (usually for simple or small objects) (/4—16), or
multiple (often for larger or more complex objects) (/7-20) tactile object interactions. However,
the rigidity of both the end-effector and the sensing system classically introduce the need for
complex control schemes to grasp objects of different geometries, sizes and stiffness (/3,21,22).

The paradigm of embodied intelligence has since garnered increased attention, taking inspi-
ration from how biological organisms utilise the morphology of their bodies to simplify oth-
erwise complex tasks (23—25). Through the design and careful selection of materials, robotic
grippers and hands can make use of passive compliance and synergies to acquire the ability
to naturally conform to the geometry of different objects without the need for complex con-

trol schemes (26-29). These advantages have since fuelled a plethora of studies on the use of
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soft hands for object recognition. For example, proprioceptive and exteroceptive solutions have
been proposed to distinguish successfully between different surface profiles and objects even
with simple open loop grasp controls (30-33).

While the application of embodied intelligence can simplify the required control, the current
methods of fabrication have notoriously made it difficult to integrate tactile sensors whilst re-
taining compliance and the high spatial resolution required to capture complex object features.
As a consequence, tactile sensors with low spatial resolution usually limit the recognition task
to a low number of objects with simple geometric features (34, 35). Recent work featuring the
integration of flexible skin made from piezoresistive fabric showed promise in the integration
of high spatial density sensors into soft end-effectors, but also notably reduced the compliance
of the actuation (36). Other approaches have instead focused on multimodal sensing solu-
tions (37—40) to address the problem of low spatial resolution. In particular, (37-39) combined
force or tactile sensors with flex sensors, while (40) explored a vision-augmented solution.

Although these systems have shown to be applicable to recognize objects with complex
shapes and to be robust to different orientations (similarly to the case of rigid grippers em-
bedding high-resolution tactile sensors), they require either additional sensor integration on the
robot (thus affecting its compliance), or make use of external sensing units, such as cameras,
which may be unfeasible in unstructured environments. To minimise the impact of sensor inte-
gration on the compliance of the soft sensing unit, work in (4/) and (42) have instead explored
the integration of soft pneumatic sensors, showcasing improved robot hand adaptability, pas-
sive compliance and versatility in grasping tasks. This, however, comes at the expense of a low
spatial resolution, being a limiting factor when attempting the recognition of complex objects.

In this article, we formulate, simplify and solve a multi-grasp identification scenario where
effective object recognition is enabled by the synergistic interaction of several aspects. For

one, the softness of the robot hand, provides adaptation capabilities and directly influences the
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sensor response. Second, exploration via multiple grasps, allows for the incremental integration
of information about different features of the same objects. We hypothesise that this aspect is
crucial to overcome the problem posed by the low sensor resolution, and is complementary to
morphological adaptation.

We exploit the synergy between the adaptability of the soft hand and the multi-grasp iden-
tification strategy to achieve effective and accurate object recognition of complex objects with
low-resolution tactile sensors. We achieve this with simpler control than rigid robot hands, and
even ensure the solution is tolerant to sensor faults. We validate our approach using a pneumat-
ically actuated soft hand equipped with distributed low-resolution pneumatic tactile sensors,
whose morphology was aimed at achieving compliance of the palm, with similar kinematics
of the human hand (42). We propose a Recurrent cOnvolutional Spatial Embedding Network
(ROSE-Net), a novel deep-learning architecture (Fig. 1), enabling multi-grasp tactile object
recognition. We design ROSE-Net’s architecture to embody several core aspects of our explo-
ration, including the ability to integrate tactile information incrementally, with no theoretical
limit on the number of interactions with the objects, or their order, and the arrangement of its
architecture to allow for spatially meaningful information structure to arise from the experi-
ments. We also ensure the system is functional without any explicit knowledge of the relative
pose of the object to the sensing system. Furthermore, we directly compare our work with the
method presented in (43) overcoming its limitations on the fixed and predetermined number
of grasps required to recognize the objects, its classification performance and fault tolerance
capabilities.

In summary, we show that the proposed framework can:

* Meaningfully use multi-grasp tactile information to achieve accurate object classifica-
tion with low-resolution sensors. Results presented in Section Accurate Multi-Grasp

Discrimination and compared with (43);

5



5. Bayesian Framework for Open-Ended Object Identification 92

* Internally facilitate the structuring of tactile information arising from the object interac-

tions, in Section Emergence of Information Structure.

* Integrate multi-grasp information incrementally, thus relying both on prior knowledge
from past interactions, and novel evidence from new grasp, in Section Incremental Inte-

gration of Tactile Information

* Adapt to changing environments and achieve fast adaptation with minimal re-training in

Section Adaptability and Transfer Learning

* Perform confidence-based sparse tactile explorations, where additional grasps are per-
formed on an object until a satisfactory level of discriminative certainty is reached, in

Section Sparse Incremental Interactions.

* Showcase sensor-fault robustness capabilities, in Section Robustness and Fault Toler-

ance.

Results

Inspired by the field of embodied intelligence, we aspire to achieve a framework whereby the
soft sensory system and the object-classifying processes harmoniously interact to shape and
interpret the sensory stimuli arising from object contacts. In this regard, we devised a tactile
object discrimination scenario comparative to the work in (43). Seven objects with varied di-
mensions, geometries, and stiffness were selected (detail provided in Supp. Fig. S2). A soft
vacuum-actuated hand with 19 distributed pneumatic tactile sensing units was used to grasp
the objects from 10 different orientations (42). For each grasp, the tactile sensor readings are

proportional to the variation in pressure sensed by the distributed pneumatic sensors in the hand

(Fig. 1).
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In general, we formulate a Bayesian-like framework whereby the belief distribution over the
candidate classes, which determines the object class prediction, depends on both a prior class
belief distribution, and new object tactile evidence. We consider an initial uniform prior, and
update the running posterior incrementally as new tactile evidence is gathered. We approximate
this belief distribution with ROSE-Net, a recurrent convolutional neural network designed to
appropriately integrate data from consecutive grasps into a meaningful belief distribution across
all objects. Further implementation details can be found in the Bayesian Belief Updates and
Network Design methods sections.

Fig. 1c depicts ROSE-Net’s architecture. The model has been designed with several key
elements. First, the incoming tactile evidence is processed by a fully connected (FC) layer and
reshaped into a 2-dimensional matrix of hidden units; these are further processed by two convo-
lutional blocks. A detailed explanation of the architecture and inference process can be found
in the Methods Section. ROSE-Net can be sequentially queried, combining the tactile evidence
in input with its running inference (prior) to make a prediction, and thus it presents no theoret-
ical limitations on the number of individual grasps to be processed. We discuss architectural

inductive biases due to fading memory in the Discussion and Conclusion.

Accurate Multi-Grasp Discrimination

The ability to integrate information from several object contacts is a fundamental skill in tactile
object discrimination. Given the non-symmetric nature of many objects, as well as the limited
reach and conformity of the sensory system, several partial contacts are in fact often necessary
for accurate object discrimination. We first wish to test the ability of our framework to perform
accurate multi-grasp object discrimination.

To do this, grasp experiments were performed with objects pertaining to the categories of

{Apple, Bottle, Cards (pack), Cube, Cup, Cylinder, Sponge} (Fig. S2). The objects were
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chosen to comply with the YCB dataset (44), with slight variations to introduce additional
diversity in object geometries and stiffness. Specifically, the sponge and cards were chosen to
test the discrimination performance between similarly shaped objects with different stiffness.

To provide a repeatable testing procedure, the objects were affixed to a rigid metal support
and approached from 10 different orientations ensuring maximum surface coverage. The setup
is shown in Fig. 1b. For each grasp, 10mm of equally distributed positional variation in the X,
y, and z directions was introduced to ensure robust invariance in object identification network
performance with respect to relative pose. A static reading of the pressure for each of the 19
pneumatic sensors on the hand was recorded after 30 seconds of closing the hand around the
object. Each set of 10 object grasps was repeated 7' = 30 times for each of the 7 objects,
constituting a total of 2100 dataset entries of sequential data. For training, any number from
1 to 10 grasps, as well as grasp order, were randomly sampled, significantly increasing the
possible observable combinations. This, in turn, induced grasp order invariance by the model.

To train ROSE-Net, a 60% train, 20% validation, and 20% test ratio was used for the grasp
data. The model was trained with CrossEntropyLoss on the output of the final processed grasp
entry in a sequence of 12 grasps, and the training dynamics were controlled by a vanilla Adam
optimiser, with a learning rate of le~* (45). Early stopping was implemented to halt training
when there was no improvement in the validation loss for over 30 epochs.

Fig. 2 reports the classification confusion matrices when the network performs inference by
using one, two and three consecutive grasps. First, we observe a monotonic increase in classi-
fication accuracy with an increasing number of consecutive grasps per object. This increasing
accuracy indicates its ability to integrate multi-grasp information, highlighting the significance
of multi-grasp prediction for precise soft object classification. From Fig. 2 we also observe
single-grasp uncertainties across several objects explicable by both curvature and dimension

geometric profiles. On classification errors induced by similar curvature profiles, we observe
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# grasps Acc (%) Acc (43) (%)
1 88.75 47.07
2 98.33 -

3 99.27 69.96
4 99.38 -
5 100.0 83.24
6 99.90 -
7 100.0 87.64
8 99.79 -
9 100.0 -
10 100.0 99.95

Table 1: Mean classification accuracy across all objects while increasing the number of grasps.
The values in bold indicate the higher accuracy between this work and the previously presented
work.

single-grasp recognition on the ‘apple’ mistaken for the ‘bottle’ 5% of the times, the ‘bottle’
confused as the ‘cylinder’ 5% of the times (or vice-versa 4.2%), and the ‘cards’ mistaken as
the cube 7.5% of the times. On misclassifications of dimensionally similar objects, we observe
the ‘apple’ mistaken for a ‘cube’ 7.5% of the time (and vice-verse 5.8%), and, like before, the
‘bottle’ vs the ‘cylinder’ and the ‘cards’ vs the ‘cube’ with likewise similar dimensional pro-
files. As the number of grasps increases, the majority of the confusion is overcome through
the integration of multi-grasp additional object information. Interestingly, we observe an al-
most complete disappearance of dimensionally-induced sample misclassification, while some
curvature-induced confusions still remain (Fig. 2).

We compare the performance of ROSE-Net against our previous model, EDAMS (43), show-
casing several shortcomings. First, EDAMS successfully demonstrated multi-grasp object iden-
tification capabilities but the integration of tactile evidence was not incremental, and the num-
ber of grasps had to be pre-determined. Second, the model would only be able to process
the pre-determined number of grasps and needed re-training for any new application requiring

additional tactile evidence. Finally, EDAMS performance was limited when few grasp tactile
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information was available.

Table 1 reports the classification accuracy by the number of grasps used for inference. As
before, as the number of grasps increases, so does the accuracy of the classifier - from 88.75% at
1 grasp to 100% at 5 grasps and beyond. Observing the performance of ROSE-Net, we infer how
the data collection process is intrinsically noisy, reflecting real-world grasp settings. Occasion-
ally, the inclusion of additional, noisy, evidence may induce slight fluctuations in performance,
which can be mitigated by collecting additional evidence. Comparing the two models, we ob-
serve higher classification accuracies for all numbers of grasps. Most significantly, ROSE-Net
is capable of outperforming EDAMS by over 40% accuracy with single grasp object classifica-
tion and almost 30% after 3 grasps. In general, the collection of additional tactile evidence is a
time costly process which is greatly reduced by requiring less exploration. This is achieved by
optimised integration of multi-grasp predictions for accurate classification after relatively fewer
hand-object interactions. Finally, ROSE-Net can be trained once and tested on any number of
grasps, as opposed to EDAMS, which suffers from costly retraining in each instance and can

only be deployed on 1, 3, 5, 7 or 10 grasps.

Emergence of Information Structure

One of the focal design elements in ROSE-Net is the spatial layout of the hidden units prior
to the recurrent blocks in the architecture (Fig. 1c). Making an analogy to pixel adjacency in
images, the spatial adjacency of tactile elements in a sensor presents meaningful information
that can be extremely relevant for accurate classification. Enabled by the sensory rich nature
of the contact dynamics arising from the object grasps, we hypothesise that the convolutional
inductive bias of the forward blocks, together with the 2D arrangement of the hidden units after
the first layer, can naturally lead to a meaningful 2D spatial embedding of the tactile features

in the input. We test this hypothesis by observing ROSE-Net’s 2-dimensional embedding layer

10
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as a grey-scale image. To compute a measure of information content we employ the notion of
entropy and refer the reader to the details of this computation in the Spatially Meaningful 2D
Embedding Section.

Fig. 3a shows the average entropy level across the validation data while training ROSE-Net,
where lower values of entropy are associated with higher information content (46). We observe
a largely monotonic drop in entropy over epochs, showcasing an increase in 2-dimensional
information contained within the spatial embedding units.

The model is qualitatively tested before and after training, to visualise the activation patterns
that maximise the belief distribution skew towards a particular object. To achieve this, we
loosely follow the gradient-based optimisation process in (47), and optimise a 2D embedding
layer input which maximally activates the network’s output with respect to each class in turn.
The optimisation is performed both at the beginning and at the end of the ROSE-Net training
routine.

Fig. 3b reports the embedding layer activation patterns that maximise the prediction for each
class, both before (top row) and after (bottom row) training. Corroborating the results in Fig. 3a,
we observe random and sharp gradients for each of the patterns representing the objects before
training (where the entropy of the embedded layer is highest). After training, distinguished
patterns of activation across objects are visible. More importantly, the smooth edges in the
bottom half of the images in Fig. 3b suggest a high degree of spatial correlation between a pixel
and its neighbours, as induced by the inductive bias in the convolutional blocks. Quantitatively,

this is shown further in the low entropy levels in Fig. 3a for the corresponding epoch.

Incremental Integration of Tactile Information

As multiple object contacts are often necessary to form a more comprehensive understanding of

an object’s physical characteristics, the exact number of grasps is usually known and depends

11
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on several factors, including the similarities of the objects under scrutiny, their local surface
features, and the order of the contact locations (41, 42). We devise our framework to mimic
human tactile identification and execute multiple grasps incrementally until a satisfactory level
of discriminative certainty is reached (5). To achieve this, we design ROSE-Net recursively,
concatenating the output of the previous inferred classification beliefs with the output of the
convolutions to manifest the Bayesian inference process described. We also ensure minimal
cross-dependencies by only combining the embedding with the recurrent information after it
has been processed by the convolutional blocks.

Given ROSE-Net’s design then, the classification belief of our model for each grasp re-
lies on the combination of two factors: first, the new grasp tactile evidence; and second, the
prior beliefs, uniformly initialised and then recursively aggregated via iteratively performing
predictions on the previous grasp tactile data. We analyse the amount by which ROSE-Net, on
average, relies on each of the inputs while making predictions. We investigate a measure of
attention by the pre-trained ROSE-Net model on either the new tactile data, or the prior belief,
during prediction. We perform this analysis by computing a saliency map of the inputs with
respect to the output, following the work in (48). For additional implementation details, we
refer the reader to the Spatially Meaningful 2D Embedding Section.

Fig. 4 shows the normalised Expected saliency of the network outputs with respect to (a)
the new grasp being input, and (b) the recurrent input, across sequential grasps. In line with our
Bayesian expectations, for the first grasps, the network relies more often on the new evidence for
its classification (Fig. 4). As the number of processed grasps increases and the network belief
becomes more salient, the network indicates a tendency to rely increasingly on its prior beliefs
when several grasps have been processed. Moreover, we observe a plateau in the increase of
the importance of the prior after 4 to 5 grasps, suggesting the ability for new evidence to be

integrated even after a steady belief state is reached.

12
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Adaptability and Transfer Learning

Humans have the ability to learn quickly and adapt their discriminative capabilities to new and
unknown tactile discrimination tasks. We investigate a similar scenario whereby the previously
learned solutions by our framework are adapted and tested in a novel discriminative scenario,
where a new control strategy is used to grasp the objects. To achieve this, we perform additional
grasps whereby each object is grasped from 10 new, random, previously unseen poses. A new
hand was printed to ensure the model can generalise against specimen variation. Each pose was
repeated 10 times with the same positional noise that was added in the initial data acquisition,
split and pre-processed similarly to the first batch of grasps experiments.

We fine-tune the pre-trained ROSE-Net model with the new set of data while avoiding catas-
trophic forgetting by randomly combining an equally abundant subset from the previous set of
experiments for both training and validation batches. Fig. 5 reports the validation loss and
accuracy dynamics during fine-tuning, and compares them to the same when fully re-training
ROSE-Net on the same data. In the figure, we observe that fine-tuning our pre-trained ROSE-
Net allows for fast retraining and performance convergence, reaching top discrimination per-
formance within 75 fine-tuning epochs, as opposed to over 350 epochs for retraining. The
results suggest ROSE-Net can extract generalisable features for grasp prediction with limited
data availability and training, only requiring small adjustments for domain adaptation. Table 2
shows the final grasp-specific accuracy of the fine-tuned model on the new set of data, as com-
pared to the initial results. The results show comparable performance to our initial results, with
increasing accuracy over additional grasps. The fast convergence and final results indicate the
potency of fine-tuning ROSE-Net for domain transfer within variations in both end-effector and

grasp strategy.

13
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# grasps Original Model Acc (%) Fine-tuned Model Acc. (%)
1 91.41 88.75
2 97.66 98.33
3 98.26 99.27
4 100.0 99.38
5-10 100.0 100.0

Table 2: Mean classification accuracy across all objects while increasing the number of grasps
for the model fine-tuning. The data from the newly acquired grasps was randomly combined
with the originally acquired data.

Sparse Incremental Interactions

When instantaneous differentiation amongst objects is not possible, tactile manipulation and
discrimination can often be a costly process, involving several physical interactions with the
object under scrutiny. The complexity of the tactile discrimination task and the ensuing in-
teractions depend on several factors, including the similarity of the objects under scrutiny, the
complexity of their features (size, shape, texture etc.) and several other factors besides. Ide-
ally, interactions should be sparse, and further object inspections should be executed only when
strictly necessary.

In robotics, tactile information is likewise a costly process, both in terms of data acquisi-
tion time as well as end-effector stress (49, 50). By taking advantage of the Bayesian belief
framework proposed, we investigate the ability of our model to motivate further experimental
interactions between the robot and the objects to classify. Here, the robot can halt the process
of gathering additional tactile evidence on a particular object when the classification belief for
a class candidate reaches a desired confidence threshold. We analyse this process with our fine-
tuned model and the newly acquired grasp data (Transfer Learning Section). We monitor the
maximum belief and halt data acquisition when ROSE-Net attributes over 99% of its output
prediction to any one particular object.

Fig. 6a shows the average belief in each of the objects as the number of grasps increases.

14
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The number of bars indicates the greatest number of grasps required to reach the 99% belief
threshold. As the figure shows, this number varies across objects, where hard-to-classify objects
would require additional grasps for accurate prediction. The robot, for example, can classify the
deck of cards reliably after just one grasp, whereas the cup requires at most 5 grasps. Fig. 6b
shows ROSE-Net’s belief progression while classifying the cup across 5 grasps. In the figure,
we observe how the model can re-adjust an erroneous classification by integrating multi-grasp
information, and finally correct its belief state towards the class under scrutiny. For complete-

ness, a selection of belief sequences for each object is provided in Supplementary Section B.

Robustness and Fault Tolerance

From temporary tissue damage to cognitive impairment, several occurrences can negatively
impact humans’ ability to perceive and process information from all the mechanoreceptors in
our hands. however, when under impediments, even up to digit amputation, humans mostly
still retain the ability to adapt and resume discriminative performance in tactile discrimination
tasks (51).

We investigate the ability of a robot to perform reliably within a fault-tolerant scenario,
where we enforce random sensor drops fault at test time. To achieve this, we re-train ROSE-
Net on the original data, incorporating a simulation of sensor failure by randomly zeroing a
subset of sensors between 0 and N; during training. We perform a hyper-parameter search at
train time, assessing values of /V; that would induce fault tolerance without affecting the model
performance. Supplementary Fig. S4 shows the hyper-parameter search results. We pick the
saddle point at N; = 3 offering the best ratio between performance retention and the number of
dropped sensors.

We analysed the fault tolerance in two ways: first, we allocated a set number of sensors to be

randomly zeroed at test time, and examined the effect on each object’s classification accuracy;
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secondly, we specifically zeroed each sensor in turn to examine the significance of each sensor
in the model.

Fig. 7a shows the results of zeroing different numbers of sensors on the classification ac-
curacy of each object by ROSE-Net. We compared the fault-tolerant ROSE-Net model (con-
tinuous line) with the original trained version (dotted line). Each line represents the accuracy
of the models as a random increasing number of sensors (from O to 9) are zeroed out. Perfor-
mance beyond 9 blocked sensors was found to be trivially poor and the original model had poor
performance across all numbers of drops. From the results, we observe that the fault-tolerant
ROSE-Net model is capable of performing accurate object discrimination (accuracy greater
than 80%) when up to 3 sensors are dropped. Fault-tolerant object classification also depended
on the object features. Objects with relatively ‘simple’ shape profiles, such as the ‘cylinder’,
the ‘sponge’ and the ‘apple’, could be reliably classified with increased sensor faults, while
more complex objects, like the ‘cup’, showed skewed performance drops. The fault-tolerant
ROSE-Net outperforms the original trained model across all sensor faults larger than one, while
achieving comparable performance, and at times under-performing, when no sensor faults are
induced. These results indicate how the sensor drop re-training may function as a regularizer
for the model. Finally, Fig. 7b shows the effect of blocking individual sensors. As can be seen,
blocking the sensors in the ring finger and at the base of the index finger have the greatest ef-
fect on classification. From this, we can infer that they are triggered the most in grasping each
object, which can be used to inform future sensor design choices.

Generally, we observe that the model shows robustness against faulty sensors with a max-
imum of 8.0% accuracy drop between full coverage and any single blocked sensor. These
results showcase the ability of ROSE-Net to be able to be robust against reduced sensor num-
bers. However, high-resolution sensing remains of paramount importance for top performance,

and significantly so for objects with complex geometries.
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Discussion

Tactile object identification in real-world settings is a complex task which requires highly adap-
tive and accurate solutions. Humans display an impressive array of synergistic factors, which
all contribute to the extraordinary ability to perform accurate object recognition in various set-
tings. Amongst these, the intrinsic compliance of the joints and skin of the hand, as well as the
cognitive capability of integrating multiple distinct partial views of an object are predominant.

In this work, we investigate the ability of a robotic system to display several of these ca-
pabilities, and propose a framework exploiting a soft robotic hand to achieve highly accurate
tactile object identification by compositionally integrating multi-grasp tactile information. We
perform the experiments on an anthropomorphic hand with soft pneumatic actuation and dis-
tributed sensing, which facilitates the multi-grasp object identification task by significantly sim-
plifying the control scheme. This is akin to human haptic identification, where the explicit con-
trol schemes for grasping and manipulation are simplified and complemented by softness and
synergies, allowing for greater adaptation to the object being examined (6).

The framework proposed leverages an ad-hoc Recurrent Convolutional Neural Network-
based architecture, ROSE-Net, designed to approximate a Bayesian framework whereby a robot
can iteratively improve its running belief distribution over object identities by additional tactile
evidence. This is showcased on a tactile object identification task of seven objects with varying
geometries, sizes and stiffness.

Comparison with previous work has shown that ROSE-Net boasts excellent single-shot,
as well as multi-grasp, inference performance, bypassing similar models, such as EDAMS, on a
comparable tactile object identification task. ROSE-Net achieves this by encoding the tactile in-
formation on a 2-dimensional embedding, which is later integrated, via model recurrence, with

the running inference on the object under scrutiny. We show that the 2-dimensional embedding
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is indeed capable of retaining 2D information, as suggested by the decreased 2D entropy during
model training. On the other hand, the impact of the recursive nature of the model was stud-
ied by comparing the average saliency magnitude of the model with respect to both its tactile
inputs and recurrent layer. The input saliency is known to correlate with the areas in the in-
put space that the model is attending to more closely while making a prediction. We observe
the salience of the recursive layer increasing over the first four grasps and thereon reaching a
plateau. The increase is a strong indication of the ability of ROSE-Net to give more weight to
the prior beliefs after several observations, while the plateau is desirable to be able to question
the current beliefs when additional evidence deviates largely from prior beliefs over consecutive
new observations. A limitation of the current framework, however, also lies with the architec-
tural inductive recursive bias. In fact, recurrent neural networks are known to suffer from fading
memory, due to their limited mnemonic ability over longer sequences of output. In this context,
ROSE-Net’s prior, although compositionally built on previous tactile information, is likely to be
predominantly affected by the last several object grasps, while mostly not retaining information
from longer sequences.

In real-world settings, it is oftentimes the case that the task objective or sensor output range
varies, ultimately leading to a dramatic domain shift over time. For example, material hysteresis
can cause shifts in sensor value ranges, leading to significant differences in sensor outputs over
time. Similarly, a change in the interaction regime by the robot with the object (e.g. directional
force, orientation, dynamic interaction) can produce a diverse range of tactile information that
is often hard to replicate and generalise over. For machine learning solutions to the object
identification problem, pre-trained models face the dire consequences of this shift, causing large
drops in performance. By training regime design, we have developed our framework to be able
to perform accurate object identification despite the order of tactile information observed at

input. More importantly, the ability to adapt to a shifting distribution is an important topic in
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the active learning community. Re-training a model is an expensive process, which initiates with
time-consuming and costly data-gathering procedures, as well as compute-power and compute-
time requirements. Transfer learning is a desirable technique aimed at re-adjusting the internal
weights of a working pre-trained model to re-align the model with the distributional shift in the
data. To achieve appropriate fine-tuning, the model needs to be able to encode generalisable data
processing procedures, which can be re-adjusted successfully for the shifted distribution with
minimal retraining. We perform additional experiments with both sensor specimen variation
and unseen tactile grasp procedures in mind, and observe the ability of ROSE-Net to adapt
to distributional shifts induced by the variations. We observe that our model is capable of
resuming ideal object identification performance with little additional training, avoiding the
need for expensive re-training procedures.

Finally, for deployable solutions, tolerance to distributional shifts induced by the loss of
sensing units is of paramount importance. With fault tolerance in mind, we show how a simple
shift in the training regime of ROSE-Net can induce the model to maintain its performance
when up to 20% of the hand’s sensors are inactive. In line with previous work, we observe a
significant drop in performance when the number of sensing units falls beneath tolerable levels.
Interestingly, we observe these levels to vary by the object, whereby objects with more complex

geometrical features generally necessitate higher sensor resolution for accurate discrimination.

Materials and Methods

Hand Design: The soft robotic hand is an improved version of the work in (42), with the rel-
evant changes detailed in (43). Fifteen vacuum-actuated W-joints are integrated monolithically
into the hand to achieve similar DOFs to humans. The hand is designed to combine human-like
dexterity with the adaptability afforded by softness in the joints. This adaptability is paramount

to being able to conform to diverse geometries without an explicit, complex control scheme.
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The joints were underactuated together using a single internal actuation pressure to simplify
the control and exploit the compliance of the design. A compressor and analogue pressure
(SMC IRV20-C10) regulator provided a negative pressure source at -75kPa, connected to each
joint. Two solenoid valves (Yosoo1210) were used to control whether to open or close the hand.
The joints’ behaviour is characterised in (42).

To achieve distributed tactile sensing, 19 soft pneumatic tactile pads were arranged around
the fingers and palm. The sensors’ soft design further increased the conformity of the hand to
the surface profile in contact with the objects. 19 pressure sensors (ADP51A1) were connected
to the soft tactile pads via 1/mm internal diameter tubing to ensure the electronics were separate
from the main body of the hand.

Through the use of multi-material 3D printing, the fingers and palm can easily be reproduced

to a high degree of repeatability.

Learning Framework: In order to emulate the human ability to integrate multiple object
contacts incrementally, we formulate a multi-grasp Bayesian classification framework whereby
a model can use incoming grasp evidence to update and additively improve its classification be-
liefs. We also aim to reformulate the object recognition task proposed in (43), while augmenting
the framework to improve on its shortcomings. First, we wish to train a single inference model
for any number of grasps in input. This allows the robot to collect data until a satisfactory
classification belief threshold has been reached. Secondly, we wish to remove any theoretical
upper limits on the number of grasps used, thus enabling focused data collection, as informed

by increasingly more accurate classification.
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Bayesian Belief Updates: Let z(!) be the tactile data generated from the i*" grasp of an un-

known object. In short, we wish to formulate a predictive scenario where

) _ {UH(O, 1) i=0

. . 1
P(C |29, T6-D) >0 )

where I'¥) is the belief distribution over object classes at the i*” grasp and C is the object class.
Initially, the beliefs are drawn from an /7 -dimensional uniform distribution over all classes. As
grasp evidence is collected, however, the inferred distribution is computed conditionally on the
current grasp data 29 and a prior, which in this case corresponds to the running inferred class

distribution, =Y. At any grasp, we can thus retrieve the most likely predicted class by
el = argmazx @ 2)

Here, we wish to approximate this inference process by a DNN architecture. We do so by

designing ROSE-Net, a Recurrent cOnvolutional Spatial Embedding Network.

Network Design: Recurrent neural networks have been widely used in several tasks, includ-
ing speech synthesis & recognition, translation, image recognition, and last but not least object
identification (52, 53). For this application, we build an ad-hoc output-to-input recurrent archi-
tecture, ROSE-Net, which, by the nature of its recursive design, can fit the sequential inference
process described in Eq. 1. The RCNN ROSE-Net architecture is shown in Fig. Ic.

The model presents a few key elements:

1. The incoming tactile evidence is processed by an FC layer and reshaped into an 8x8 2-
dimensional matrix of hidden units; these are further processed by two blocks of convolu-
tional layers with batch normalisation and ReLLU activation layers. Analogous to vision,
the adjacency of tactile elements (akin to pixel adjacency) presents spatially pertinent

features which may be relevant for accurate classification. Without the need for sensor
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spatial calibration, we wish to design a model capable of learning spatially meaningful
embeddings via end-to-end training. We hypothesise that the 2D spatial arrangement and
the subsequent convolutional layers push the network towards embedding 2D solutions
that present recurring 2D spatial patterns which are recognisable by sliding convolutions.

We test this hypothesis in the Spatially meaningful 2D embedding Section.

2. We concatenate the network output on the previous inferred classification beliefs with the

output of the convolution, to manifest the Bayesian inference process described in Eq.1.

3. We ensure the network is modular, with minimal cross-dependencies. For example, we
ensure the convolutional embedding learns to embed spatial evidence based only on the
new evidence and is otherwise uninhibited by historical beliefs. The final FC feed-
forward layers, instead, join the historical beliefs and the new information to generate

new beliefs.

Thus, we train the network to fit the recurrent inference process:

P(C|20,107) = (3)

G(z™,Ux(0,1)) i=1
G(z®, P(C | 201, TE2)) > 1

where G is the approximate conditional inference process computed by ROSE-Net.
Spatially meaningful 2D embedding

2D Entropy Computation: For a general array of values z, we can compute the entropy as

H(z) == pla;) log(w;r) (4)
jk
where p(x ;) is the probability of value z;, in position j, k. For a 2D array, we seek a measure

proportional to the complexity contained in a given 2D neighbourhood. We compute this as the
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expectation of the entropy for a 2D array neighbourhood, thus:
1
E[H(z)] = N Z Zp(arctan(ojk)) log p(arctan(o,y)) 5)
n  jk

where N is the number of n neighbourhoods in the array, and (o) is the jk™ element in the
2D embedding layer. We use the arctan to bound the possible array values to [-1, 1]. We define
the neighbourhood by a structuring element. To compare the information content appropriately
with the network’s downstream components, we use a square 3 by 3 filter element, akin to the

dimension of the convolutional filters in the downstream convolutional blocks.

2D Embedding Layer Optimisation: Let G(z(?, '?~Y)) be the function computed by ROSE-
Net, estimating a belief distribution from both history and the tactile information in (). We can
define a function G’(0, I'~1) by discarding the first FC layer in ROSE-Net. G’ computes a

belief distribution directly from the 2-dimensional embedding layer. We can randomly generate

ACE(G'(o/,L'(i=1)) ¢)
do’

an 8x8 vector o' and compute Ao = , where CE is the Cross-Entropy Loss
between the output and an object class ¢ of choice. we can use Ao to perturb the values in o’
into an array that evaluates to the object class of choice c. We use Stochastic Gradient Descent
(SGD) with a learning rate of 1le — 5 on a batch of 1000 randomly generated 8x8 arrays, to find

an optimised 2-dimensional embed layer for each of the object classes. This method has been

successful in generating preferred visual input in several DNNs (47).

Saliency Computation: We follow the saliency computation devised in (48), corresponding
to the simple computation of inputs x gradients, and shown to be successful in identifying the

input pixels attended to by DNNs when making predictions. For ROSE-Net, we can compute

_ ,I'(Z) (‘)G(I(i)71"(i*1))

the expected saliency for the grasp () as Saliency(z®) o)

) and the saliency

23



5. Bayesian Framework for Open-Ended Object Identification 110

F(Z_l) BG(Q;(”,F(Z*D)

for the belief prior as Saliency(T(~Y) = LT

. We compute these measures for

each object and each number of grasps, and average the saliency values over the test data.
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Figure 1: (a) The multi-material hand, modified from (42). It can be monolithically 3D-printed
and contains 15 actuating chambers and 19 pneumatic tactile sensors. (c) Data acquisition
experimental setup and overview of the model, leading to the classification of the objects based
on tactile grasp data and prior belief distributions. (d) ROSE-Net network architecture.
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Figure 3: (a) Entropy of the 2D embed layer during ROSE-Net training. (b) Excited 2D spatial
embeddings for the network at first (top row) and last training epoch (bottom row).
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Figure 4: (a) scaled cumulative saliency of the input image when performing predictions over
10 consequent grasps. (b) scaled cumulative saliency of the recurrent input when performing
predictions over 10 consequent grasps.
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Figure 5: (a) Validation loss and (b) validation accuracy of ROSE-Net when re-trained from
random weights, or fine-tuned after transfer learning.
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Figure 6: (a) Average belief at each number of grasps for the objects. No further grasps were
taken once the 99% threshold was reached. The belief was taken as the output of the Softmax
operator. (b) Example progression of the belief distribution when classifying the cup across 5
grasps exemplifying the benefit of multi-grasp classification.
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drop caused by blocking each specific sensor.
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Supplementary Methods

Data Structure Formation

The array X is formed of the individual grasps taken from different poses on the object in
question. The array has a width of M, the number of sensors, which is 19 for this particular
soft robotic hand. The array height is R and ROSE-Net is designed such that R has no limit and
may increase until the belief in the classification is sufficiently high.

The order of the grasps is permuted during the learning process to prevent any reliance in
the model on the grasp sequence.

Robot arm
Grasp 1
011023 ...092] — w0 B
o ) x2[0.450.82 ...0.19] ~— - RS
£ : Grasp 2 g 0 - N> |

xR[0.28 0.01 ...0.77]

Y .
M Pneumatic

tactile sensors

Figure 1: Structure of the sample array X.
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Figure 2: (a) Training and validation losses for the model learning (b) Classification accuracy
for the model. The dashed line indicates the epoch with the lowest validation loss.
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Object Selection

124

The objects were chosen as small variants upon the YCB object set (36).A variety of shapes,
sizes and stiffness were selected to validate both the conformability of the soft hand and the
ability to discriminate across a range of parameters. The results in the Accurate Multi-Grasp
Prediction Section present mild confusion between objects based on curvature and dimension
but that diminishes as the number of grasps increases. Fig. 3 shows each object with its respec-
tive dimensions. The apple was approximated to be spherical. To investigate the discrimination
performance between objects with different stiffness, the sponge was also included in this set.

Cup
H120 D90 d60

Apple
D70

Cube
H60 W60 L60

H240 D65 d30

Cards
H105 W20 L65

Cylinder
H225 D35

|

J

Sponge
H90 W40 L65

Figure 3: Objects used for the identification with corresponding dimensions in millimetres. H,

height; D, largest diameter; d, smallest diameter; W, width; L, length.
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Supplementary Results

Sensor Fault Training

We trained the model to be resilient to fault tolerance. To achieve this, we selectively retrain
the model to randomly mask out up to /V; sensors, where with higher values of N; we have on
average a higher number of simulated sensor faults. We perform a grid search to find a viable
value for N,. Fig. 4 shows the average accuracy and loss for each number of simulated faulty
sensors during the hyper-parameter search in training. From the figure, we observe a significant
drop in performance by all objects after the loss of more than 3 sensors. We thus choose N; = 3
for the purpose of our experiments.

-100

-90

-80

-70

-60

aCcuracy

-50

-40

0 2 4 6 8
max. # of sensors dropped

Figure 4: Hyper-parameter search to train ROSE-net for robustness to sensor faults. As in-
creasing sensors are dropped out, the validation set classification accuracy drops whilst the loss
increases.

Confusion Matrices

Confusion matrices are useful in classification analysis to portray which objects have been mis-
classified as each other. In Fig.2, we showed the confusion matrices for the first three grasps but
here in Fig. 5 we provide the complete results for up to 10 grasps. 100% accuracy was achieved
for the first time after 5 grasps, and beyond that, there is reliably > 99% accuracy.
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Belief Distributions

The belief distributions are taken as the SoftMax output from the ROSE-Net. The distribution
is fed back into the model to provide our Bayesian framework.

In the online learning scenario depicted in the Belief-driven Data Collection and Object
Classification Section, we halt the acquisition of additional grasp data once the belief of ROSE-
Net with respect to any of the object is greater than 99%. Fig. 6 shows a set of example pro-
gressions of the belief distribution as more grasps are taken. Each subfigure relates to one
grasping sequence. We observe a progression variation between objects and see how the initial
belief uncertainty can often be ruled out with subsequent grasps. The cube and cup are prime
examples of this, where there is initial confusion with the apple but after 3 grasps, the correct
classification emerges.

The final subfigure, ‘Cylinder Indecision’ is included to demonstrate why a high belief
threshold is essential for this framework. Initially, in this grasp sequence, the belief reaches
96% for the wrong object, but we continue to take grasps until the 99% threshold is reached,
which, in this instance, only occurs once the correct object has been identified.



5. Bayesian Framework for Open-Ended Object Identification

apple

bottle

cards

cube

True Class

cup

cylinder

sponge

apple

bottle

cards

cube

True Class

cup

cylinder

sponge

apple

bottle

cards

cube

True Class

cup

cylinder

sponge

apple

bottle

cards

cube

True Class

o
2
s

cylinder

sponge

apple

bottle

8
H
B

cube

True Class

cup

cylinder

sponge

0.8%

5.8%

0.8%

1.7%

2.5%

apple

0.0%

0.0%

0.0%

0.0%

0.0%

apple

100.0%

0.0%

0.0%

0.0%

0.0%

0.0%

apple

100.0%

0.0%

0.0%

0.0%

0.0%

0.0%

apple

100.0%

0.0%

0.0%

0.0%

0.0%

0.0%

apple

0.8%

4.2%

0.8%

4.2%

0.0%

bottle

0.8%

0.0%

0.0%

0.0%

bottle

0.0%

0.0%

0.0%

0.0%

0.0%

bottle

0.0%

0.0%

0.0%

0.0%

0.0%

bottle

0.0%

0.0%

0.0%

0.0%

0.0%

bottle

1 Grasp

25% 75% 42% 1.7%
00% 42% 00% 5.0%

7.5%

1.7% 3.3%

0.0% 2.5%

42% 1.7% [ELEE

08% 1.7% 0.0%

08% 0.8% 0.0% 0.0%

cards cube  cup  cylinder
Predicted Class
3 Grasps

0.0% 0.0% 0.0% 0.0%
0.0% 0.0% 0.0% 0.8%

08% 0.0% 0.0%

0.0%

0.0% 0.0%

0.0% 0.0%

00% 0.0% 0.0% EIVERGZ

0.0% 0.0% 0.0% 0.0%

cards cube  cup cylinder
Predicted Class
5 Grasps

0.0% 0.0% 0.0% 0.0%

00% 0.0% 0.0% 0.0%

QXY 0.0% 0.0% 0.0%

(X} 100.0% 0.0%

0.0% 0.0% [EIKEZ

0.0% 0.0% 0.0%

0.0% 0.0% 0.0% 0.0%

cards cube  cup  cylinder
Predicted Class
7 Grasps

0.0% 0.0% 0.0% 0.0%

0.0% 0.0% 0.0%

0.0%

0.0% 0.0%

QOOKRZY 0.0%  0.0%

0.0% 0.0%

00% 0.0% 0.0% EIeRG

00% 0.0% 00% 0.0%

cards cube  cup  cylinder
Predicted Class
9 Grasps

0.0% 0.0% 0.0% 0.0%
0.0% 0.0% 0.0% 0.0%

0.0%

0.0% 0.0%

100.0%

0.0% 0.0% 0.0%

0.0% 0.0%
00% 0.0% 0.0%
0.0% 0.0% 0.0% 0.0%

cards cube  cup  cylinder
Predicted Class

100.0%

0.0%

0.0%

0.0%

0.0%

1.7%

sponge

0.0%

0.0%

0.0%

0.0%

0.0%

sponge

0.0%

0.0%

0.0%

0.0%

0.0%

sponge.

0.0%

0.0%

0.0%

0.0%

0.0%

sponge

0.0%

0.0%

0.0%

0.0%

0.0%

sponge

True Class

True Class

True Class

True Class

True Class

apple

bottle

cards

cube

cup

cylinder

sponge

apple

bottle

cards

cube

cup

cylinder

sponge

apple

bottle

cards

cube

cup

cylinder

sponge

apple

bottle

cards

cube

cup

cylinder

sponge

apple

bottle

cards

cube

cup

cylinder

sponge

0.0%

0.8%

0.0%

0.0%

0.0%

apple

98.3%

0.0%

0.0%

0.0%

0.0%

0.0%

apple

100.0%

0.0%

0.0%

0.0%

0.0%

0.0%

apple

100.0%

0.0%

0.0%

0.0%

0.0%

0.0%

apple

100.0%

0.0%

0.0%

0.0%

0.0%

0.0%

0.0%

apple

0.0%

3.3%

0.0%

0.0%

0.0%

bottle

100.0%

0.0%

0.0%

0.8%

0.8%

bottle

0.0%

0.0%

0.0%

0.0%

0.0%

bottle

0.0%

0.0%

0.0%

0.8%

0.0%

bottle

100.0%

0.0%

0.0%

0.0%

0.0%

0.0%

bottle

2 Grasps
0.0% 00% 0.0%

0.0% 0.0% 0.0%

1.7%

0.8%
0.0%

0.8% 0.0%

0.0% 0.0% 0.0%

0.0% 0.0% 0.0%

cards cube  cup
Predicted Class

4 Grasps

0.0% 0.0% 0.0%

0.0% 0.0% 0.0%

ELKP 0.0% 1.7%

100.0% [OR7Y

0.0%

0.0% 0.0%

00% 0.0% 0.0%

0.0% 0.0% 0.0%

cards  cube  cup
Predicted Class

6 Grasps

0.0% 0.0% 0.0%

0.0% 0.0% 0.0%

0.0% 0.8%

0.0% QUG 0.0%

0.0% 0.0%

0.0% 0.0% 0.0%
0.0% 0.0% 0.0%

cards cube  cup
Predicted Class
8 Grasps

0.0% 0.0% 0.0%
0.0% 0.0% 0.0%

0.0%

0.8%

100.0%

0.0% 0.0%

0.0% 0.0% [loeX7

0.0% 0.0% 0.0%

00% 0.0% 0.0%

cards cube  cup
Predicted Class

10 Grasps

0.0% 0.0% 0.0%
0.0% 0.0% 0.0%

0.0%

100.0% 0.0%

100.0%

0.0% 0.0%

0.0% 0.0%
0.0% 0.0% 0.0%
0.0% 0.0% 0.0%

cards cube  cup
Predicted Class

0.0%

0.8%

0.0%

0.0%

0.0%

o

100.0%

0.0%

cylinder

0.0%

0.0%

0.0%

0.0%

0.0%

0.0%

cylinder

0.0%

0.0%

0.0%

0.0%

0.0%

0.0%

cylinder

0.0%

0.0%

0.0%

0.0%

0.0%

99.2%

0.0%

cylinder

0.0%

0.0%

0.0%

0.0%

0.0%

100.0%

0.0%

cylinder

0.0%

0.0%

0.0%

0.0%

0.0%

0.0%

sponge

0.0%

0.0%

0.0%

0.0%

0.0%

sponge

0.0%

0.0%

0.0%

0.0%

0.0%

sponge

0.0%

0.0%

0.0%

0.0%

0.0%

sponge

0.0%

0.0%

0.0%

0.0%

0.0%

sponge

127

Figure 5: Confusion matrices for each number of grasp. The darker shading represents higher
classification accuracy.
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5.4 Limitations and Future Work

Bayesian Hand Guidance For the data acquisition process in the previous two chapters,
the hand was guided to pre-set positions that were specifically chosen for each object to cover
the entire surface area. Noise was then added to those positions to increase the robustness of
the system to positional variation. From this, it can reliably be said that the dataset contains
data from any pose that may be required in a grasping scenario but, when classifying that
data, the pose geometry that has been used is not recorded. As a result, it is impossible to

track the information gain or entropy reduction from each particular pose.

The effect of this is that grasps may be taken from regions with little distinguishing
information rather than poses that distinguish strongly between objects from similar classes.
For example, to distinguish between the cards and the cube, one set of faces is geomet-
rically very similar, whereas others differ far more. If the system was to target the more
easily differentiable faces, it would likely achieve a higher classification accuracy at a

low number of grasps.

By extension, a framework could be set up whereby the expected information gain
is calculated from each pose and, based on that, subsequent poses are targeted that are
expected to provide the most information. The framework could either be based on 1-vs-all
differentiation, to maximise the information gained for the predicted object against all others,
or 1-vs-1, where the maximum difference between the current predicted object and the closest
neighbour is targeted. Either of these would allow for a more efficient data collection process

and would likely lead to a higher classification accuracy at a lower number of grasps.
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Belief Volatility In some classification sequences, there is volatility in the belief output
of the network as multiple grasps are taken. For example in Fig. 5.1, the network alternates
from 92.4% belief in the classification of the apple to 98.7% belief in the cylinder. Whilst
this example has eventually resulted in the correct classification, such volatility can lead to
unpredictable or unreliable belief distribution sequences and subsequently worse performance.
A potential solution to this would be to investigate using an LSTM or GRU structure to control
how much of the previous memory is propagated through to the future passes. Alternatively,
a bespoke solution could be formulated that weights the previous memory based on the
detected volatility, or allows for initial volatility whilst there is uncertainty over the object,

to begin with, but favours stabilisation over time.

. . " 1
Cylinder indecision 99.9% 1
[}
I
1
c
S Grasp 4 :
5 98.7%
Qo 1
— 1
+J
0 !
@) Grasp 3 :
Y— I
Q I
9 |92.4% :
o 4% 6.5% |, Grasp2
I
|
96.3% \
1.1% ' Grasp1l

apble bottle cards cube cdp cylihder spohge

Figure 5.1: Indecision in the process of identifying a cylinder. After 1 and 2 grasps, the network
classified it as an apple before converging to the correct classification afterwards.
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Conclusion

Whilst the capabilities of robots have increased remarkably in recent decades, there
are still many tasks that humans undertake that robots have yet to achieve. Typically, this
is because traditional robotic designs approach these tasks with complex control schemes,
aiming to centrally and explicitly compute an agent’s body dynamics. Soft Robotics seeks to
simplify the approach towards these tasks by distributing the required computation throughout
and into the agent’s morphology to allow for more intuitive interactions with the environment.
This use of morphological computation represents a paradigm shift in the approach to robotic
design to take greater inspiration from the natural world around and to implement softness
in actuation and sensing. Through this paradigm shift, roboticists are able to design agents
that naturally conform to the world around them for greater adaptability in contact and shape

the information that is acquired through that contact.
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This thesis approaches the overall task of using Soft Robotic principles to formulate,
simplify and achieve a multi-grasp object identification task. The task was broken down into
two questions to be answered: Chapters 2 and 3 answer the first question of how softness
can be implemented into the actuation and sensing of a robotic hand to facilitate highly
adaptive grasping, allowing us to grasp a wide range of objects without requiring explicit
dexterous control; chapters 4 and 5 answer the second question of how the morphological
computation of that hand can be exploited to simplify a multi-grasp object identification task,
whilst implementing bespoke neural networks to process data across those multiple grasps.

Chap. 2 considers the actuation and fabrication methodologies that have facilitated the
rapid increase in Soft Robotics research and would be used in the subsequent hand design.
Pneumatic actuation was applied to the design of a 3D-printed bi-directional actuator that
features parallel symmetrical chambers. Multimaterial 3D printing was used to enable
rapid and repeatable fabrication of samples, incorporating multiple material behaviours
within a single body. The pneumatic actuation in the parallel chambers is used to enable
variable stiffness and multiple control modes for the deployment into different scenarios
depending on the desired application.

The concepts and designs explored in Chap. 2 were then applied to the design of a soft
robotic hand in Chap. 3. Taking inspiration from the kinematics and DOFs of the human
hand, the chapter details the design that combines the dexterity of a high number of DOFs
with the adaptability provided by vacuum-actuated soft joints which was validated by the
Feix taxonomy and Kapandji thumb opposition tasks. Additionally, distributed tactile sensing
was used to provide contact feedback across the entire surface of the hand.

Chap. 4 leverages on the softness and adaptability of the hand to formulate a pose-
invariant multi-grasp object recognition task. The compliance of the hand allowed us to
grasp each object with a simple open-loop control scheme whilst conforming naturally to

the respective geometries. The distributed sensing was used to acquire tactile data from
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each grasp to be processed by the EDAMS model, which extracted patterns both within the
grasps and between grasps. The classification accuracy increased in accordance with the
number of grasps being considered, validating taking inspiration from the human approach
of taking multiple contacts to identify unsighted objects.

The success of the object identification posed in Chap. 4 was extended in Chap. 5.
The previously acquired data was applied to a novel architecture that targeted the strategy
employed by humans to grasp and identify objects. The novel architecture allowed for open-
ended data collection and processing until a satisfactory classification belief was achieved.
The 2D embedding and recursive layer facilitated high accuracy classification after just a
few grasps in comparison with the EDAMS architecture.

Each chapter within this thesis closes by highlighting future work either for improvement
of the hand’s design, or the performance of the object identification. Notably, these include:
increasing the output grasping force; improving the reliability of the materials used whilst
retaining the ease and repeatability of fabrication; increasing the dataset size, augmenting the
dataset and exploring more objects; implementing a Bayesian framework for choosing the
next grasp pose based on predicted information gain; and reducing the volatility in the belief
distribution of ROSE-Net. However, whilst these potential directions have been identified,
the hand designed in this thesis has shown strong performance in the overall scope of this

work, which was to formulate, simplify and achieve a multi-grasp object identification task.
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Appendix to Chapter 2

A.1 Material Characterisation

Material characterisation was undertaken to assess the mechanical properties of the materials
used in the fabrication of the soft hand. The materials used were the digital materials provided
by the Stratasys J735 printer. The materials were tested in accordance with ASTM D638-14
[193] using an Instron Universal Testing Machine. The strain rate was set at lmm/mm - min
and the setup is shown in Fig. Ala. The test specimen geometry is shown in Fig. A1b and the
stress/strain results of the testing are shown in Figure A2. The calculated Young’s modulus for
each material was significantly lower than the values provided by the manufacturer [109-111]
but comparable with similar work in the literature [107, 113]. The tensile stress was generally
lower and the strain at break was higher than the quoted values. These values were then

used to inform the simulations presented in Chap. 2.
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Figure A1: (a) Setup of the Instron Universal Testing Machine for tensile testing. (b) Dogbone
dimensions used in material characterisation in accordance with ASTM D638-14.
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In Fig. A2 and Tables. A1 & A2, ‘long’ refers to the test pieces printed longitudinally to
the print head direction; ‘tran’ refers to the pieces printed transverse to the print head direction.
The difference between those reflect what was presented from the literature in Sec. 2.2.2
and those printed longitudinally generally have a higher tensile strength than those printed
transverse. The entries for pure Vero in Fig. A2 have been excluded because they populate a

different Shore scale of hardness, but the tabulated values can be found in Table Al.

Stress-Strain Plot for Digital materials

7.00E+06

6.00E+06 Shore95 Tran
Shore95 Long

= = =Shore85 Tran
5.00E+06

Shore85 Long

= = =Shore70 Tran

4.00E+06 Shore70 Long

= = =Shore60 Tran

Stress/Pa

Shore60 Long

3.00E+06 = = =Shore50 Tran

Shore50 Long

2.00E406 = = =5Shore40 Tran

Shored0 Long

= = =Shore 35 Tran
1.00E+06

Shore35SLong
Agilus30Tran

Agilus30Long

0.00E+00

0.00 0.50 1.00 1.50 2.00 2.50 3.00
Strain/e

Figure A2: Results of the tensile testing of the digital materials provided by the Stratasys J735 Printer.
A blend of VeroCyan and Agilus30 were used in each sample.
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Quoted Tensile Measured Tensile
Material Orientation
Strength (MPa)  Strength (MPa)
VeroCyan Tran 58.0 51.6
VeroCyan Long 58.0 52.3
Shore95 Tran 12.0 6.52
Shore95 Long 12.0 6.90
Shore85 Tran 8.0 4.62
Shore85 Long 8.0 4.52
Shore70 Tran 5.0 1.70
Shore70 Long 5.0 2.31
Shore60 Tran 4.0 1.40
Shore60 Long 4.0 1.62
Shore50 Tran 3.5 1.13
Shore50 Long 3.5 1.30
Shore40 Tran 3.0 1.11
Shore40 Long 3.0 1.20
Shore35 Tran 2.9 0.95
Shore35 Long 2.9 0.99
Agilus30 Tran 2.7 1.08
Agilus30 Long 2.7 0.92

Table A1l
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Quoted Strain Measured Strain
Material Orientation
at Break (mm/mm) at Break (mm/mm)
VeroCyan Tran 0.2 0.85
VeroCyan Long 0.2 0.10
Shore95 Tran 0.6 0.99
Shore95 Long 0.6 0.70
Shore85 Tran 0.8 1.44
Shore85 Long 0.8 1.27
Shore70 Tran 1.3 1.56
Shore70 Long 1.3 1.52
Shore60 Tran 1.6 2.33
Shore60 Long 1.6 2.03
Shore50 Tran 1.9 2.33
Shore50 Long 1.9 2.49
Shore40 Tran 2.0 2.70
Shore40 Long 2.0 2.56
Shore35 Tran 2.1 2.65
Shore35 Long 2.1 2.84
Agilus30 Tran 2.5 2.96
Agilus30 Long 2.5 2.93

Table A2
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A.2 Identification of the Actuator Shape

As briefly discussed in [126], the actuated shape of the actuator is approximated to be
circular. The shape was identified through the use of snapshots taken from a webcam. The
identification process is shown in Fig. A3. First, the RGB channels are respectively isolated
from the snapshot and the darkest regions were identified to provide a binary image. The
"dark’ region is calibrated by selecting a threshold in the lighting conditions that isolates
the markers without including the background or supports. The AND logical operator is
applied to the three channel images to return only the darkest areas. This combined image
is then filtered to fill in small holes and regions that arise from noise using the disc-shaped
structuring element for the imclose function in MATLAB’s Image Processing Toolbox and
then imfill to remove any further outlying regions. The largest N regions in the image are
then identified using the bwareafilt. The centroids of these regions are calculated and fit to a
circular shape using the method proposed by Pratt [194]. By calculating the angle subtended

between the first and last markers, we acquire the output angle of the actuator.
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(a) Input Image (b) Dark Red (c) Dark Green

(d) Dark Blue (e) Combined Dark Regions

Figure A3: The process of identifying the shape of the actuator. (a) A snapshot is taken by the affixed
webcam. (b-d) The darkest regions of the RGB channels are isolated and converted to binary images.
(e) The binary images are combined using the logical AND function. (f) The combined image is
filtered to remove noise and small regions then the centroids of each region are calculated and fit to a
circular shape.

MATLAB Code for Shape Detection

The code for fitting a circular shape to the actuator is presented below and CircleFitByPratt

is taken from [195]:

function [angle] = IdentifyByColourAndCurvature (cam)
rgb = snapshot (camera);
threshold = 75; 7%Calibrated threshold for the lighting

conditions
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%» Identify the darkest patches of each colour channel
with lower threshold for the red and green channels,

which are generally noisier

darkRed = rgb(:,:,1)<(threshold-15);
darkGreen = rgb(:,:,2)<(threshold-15);
darkBlue = rgb(:,:,3)<threshold;

%» Black spots will be the combined dark patches of each
channel

darkSpots = darkRed & darkBlue & darkGreen;

%» Fill in small holes that have appeared

se = strel('disk',3, 0);
BW = imclose (darkSpots,hse);
BW = imfill (BW, 'holes');

%» Isolate 4 largest regions (the 4 drawn on dots)

BW = bwareafilt(BW, 4, 'largest');

%» Find the boundaries of the dots and sort them by
their y location

[B,L,N,A] = bwboundaries (BW, 'noholes');

boundaryCentroids = zeros(length(B) ,2);

for k=1:length(B)

boundaryCentroids (k,:) = [mean(B{k}(:,1));
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end

mean (B{k}(:,2))7];
end
if size(boundaryCentroids) >1
boundaryCentroids = sortrows (boundaryCentroids) ;
Par = CircleFitByPratt (boundaryCentroids);
angle = Par (4);
else
return

end

%» Code to view the identified regions to produce Fig.A3

figure;

subplot (2,3,1); imshow(rgb)

subplot (2,3,2); imshow(darkRed) ;

subplot (2,3,3); imshow(darkGreen) ;

subplot (2,3,4); imshow(darkBlue) ;

subplot (2,3,5); imshow(darkSpots);

% Plot the identified regions and the fitted circle

subplot (2,3,6); hold on;

plotCircle (Par,boundaryCentroids (1,:) ,boundaryCentroids
(end, :));

plot (boundaryCentroids (:,2) ,boundaryCentroids(:,1), " 'ow'

, 'MarkerSize',6, 'LineWidth',3);
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function plotCircle(params,topDot,bottomDot)
hextract variables from the inputs - centre and radius

of circle

yCentre = params (1) ;

xCentre params (2) ;

r = params (3);

Jmake lines from the centroid to the top and bottom
boundaries found

topLine = [linspace(topDot (1) ,yCentre);linspace(topDot
(2) ,xCentre)]';

bottomLine = [linspace(bottomDot (1) ,yCentre);linspace(

bottomDot (2) ,xCentre)]';

ang=0:0.01:2*pi;

xp=r*cos (ang) ;

yp=r*sin(ang) ;

plot (xCentre+xp,yCentre+yp, 'Color','b', 'LineWidth' ,4);
%[0.3010 0.9 0.9]

plot (topLine(:,2) ,topLine(:,1),'Color','b', 'LineWidth’
,4); % [0.3010 0.9 0.9]

plot (bottomLine (:,2) ,bottomLine(:,1),'Color','b","
LineWidth',4); %[0.3010 0.9 0.9]

end



Appendices to Chapter 3

B.1 Soft Hand Kinematics

In Sec. 3.1, we introduced the design of a soft hand based on human-like kinematics and soft-
material-enabled adaptability. The kinematics of the hand were primarily taken from sources
such as [59, 196] and provided us with the target joint ranges for each finger. We simplified
this model to target at least 74° for each joint. In addition, we wanted to examine the range of
motion of with active DOFs in the STT and MCP joints of the thumb to achieve the requisite
poses of the Kapandji thumb opposition test and the benefits afforded to grasping through
this ROM [132]. In order to simulate this motion in the context of a hand, we designed a
rigid bodied kinematic model that can be seen in Fig. A4. This model was formulated in

MATLAB, and allowed us to validate the proposed ROM of each of the hand’s joints.

The Kapandji test requires that we can touch each fingertip and then each joint in the pinky
finger. It is used in neurology to test the opposition and reposition of the mobility of the thumb
in the case of nervous damage or otherwise. Within robotics, it is commonly used to provide
a good indication of the dexterity of the hand. Fig. A4 shows the simulated workspace with
the thumb reaching each of the fingertips under each respective configuration. Successfully
contacting each requisite position allowed us to proceed with designing the joints to achieve

those angles. The realised version of each of these poses is presented in the paper in Sec. 3.3.
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Figure A4: Kinematic foundations of the soft hand in the context of the Kapandji thumb opposition
test. (a) Index finger. (b) Middle finger. (c) Ring finger. (d) Pinky finger.

MATLAB Code for Hand Kinematics

The code used to simulate and present the kinematics in MATLAB is presented below. The

joint angles were taken from [59, 196]:

f = figure;
hboxAxes =

axesl = axes(

ActivePositionProperty',

view (3)

hplot joint paths

hplot (J1)
hold on
Xyz =

gca;

xyz.YLim =

[-50;

200] ;

uix.HBox ('Parent',f,'Spacing',3);

'"Parent',hboxAxes, '

'outerposition'

)
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xyz.XLim [-50; 200];

[-50; 200];

Xyz.ZLim
xyz.XLabel.String = 'x position (mm)"';
xyz.YLabel.String = 'y position (mm)';

xyz.ZLabel.String = 'z position (mm)';

%0n the right side of the panel, add a VBox that hosts

sliders with boxes that update their angles
vboxSlidel = uix.VBox('Parent',hboxAxes,'Spacing',10);
tl = uicontrol('style','edit', 'Parent',vboxSlidel,"

Position',[10,60,40,40]);

pl uipanel (vboxSlidel);

hi

uicontrol (pl, 'Style', 'slider',...

'String', 'MCP Flexion',...

"Min',0, "Max ' ,87, ...

"Position', [20 20 250 20],...

"Callback' ,{@sul}) ;

set(tl,'String',strcat('Finger Angle = ','0"'))

funl = @(~,e)set(tl,'String',strcat('Finger Angle = ',

num2str (get(e.AffectedObject, 'Value'))));

addlistener (hl, 'Value', 'PostSet',funl);

t2 = uicontrol('style','edit', 'Parent',vboxSlidel,"
Position',[10,60,40,40]);

p2 = uipanel(vboxSlidel);
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h2 = uicontrol(p2,'Style', 'slider',...
'String', 'Thumb Flexion',...
"Min',0, 'Max',b3, ...
"Position', [20 20 250 20],...
'Callback',{@su2});
set (t2, 'String',strcat('Thumb Flexion = ','0"'))
fun2 = @(~,e)set(t2,'String',strcat('Thumb Flexion = ',
num2str (get(e.AffectedObject, 'Value'))));

addlistener (h2, 'Value', 'PostSet',fun?2);

t3 = uicontrol('style','edit', 'Parent',vboxSlidel,"

Position',[10,60,40,40]);

p3 = uipanel (vboxSlidel);
h3 = uicontrol (p3,'Style', 'slider',...
'String', 'Thumb Abduction',...
"Min',0, 'Max',42, ...
"Position', [20 20 250 20],...
'Callback',{@su2});
set (t3,'String',strcat (' Thumb Abduction = ','0"'))

fun3 = @(~,e)set(t3,'String',strcat('Thumb Abduction =
',num2str (get (e.AffectedObject, 'Value'))));

addlistener (h3, 'Value', 'PostSet',fun3);

%» Scale the various GUI elements to improve

presentation



References 175

f.Position = [488 342 800 420];

set ( hboxAxes, 'Widths', [-3 300]);

set ( vboxSlidel, 'Heights', [ 45 45 45 45 45 45 1);
sectionlength = 35;

theta = linspace(0,2*pi,360);

s sin(theta) ;

c cos (theta) ;
global jointsA
global thumb

global fingerA
global fingerB
global fingerC

global fingerD

% Ji: MCP, J2: PIP, J3: DIP, J4: end of finger
% Setup the possible configurations of each joint
position for all values of theta.
% jointsA.Jn defines where each joint will be under the
given value of theta
jointsA = struct('J1',[],"'J2',[]1,'J3"',01,'J4",[1);

for k = 1:size(theta,2)/3

jointsA.J1(:,k) [0;0];

jointsA.J2(:,k) [ jointsA.J1(1,k) + c(k)x*

sectionlength;



References 176

jointsA.J1(2,k) + s(k)*xsectionLengthl];
jointsA.J3(:,k) = [ jointsA.J2(1,k) + c(2%k)x*
sectionlength;
jointsA.J2(2,k) + s(2xk)*sectionLengthl];
jointsA.J4(:,k) = [ jointsA.J3(1,k) + c(3x*k)*(
sectionLength) ;
jointsA.J3(2,k) + s(3xk)*(sectionlLength)];

end

guidata(hl, jointsA)

% Set the starting pose as Odegrees (index 1)

% pos is input to index from jointsA which angle will
be chosen for each joint

% baseFinger is the standard curved finger oriented at
the origin. It is then translated and rotated to

each finger's position in the moveFinger function

pos = 1;
baseFinger = findLines (pos, jointsA);
[fingerA,fingerB,fingerC,fingerD] = moveFingers(

baseFinger) ;

thumb = moveThumb (baseFinger) ;

% Plot bars with circles at the joints

plotFingers (fingerA ,fingerB,fingerC,fingerD)
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plotThumb (thumb)

plotPalm ()

function val = sul(hl,~)

% This is the callback function for the first
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slider. It defines how the fingers will each be

bent, given the position of the slider
global thumb
global fingerA
global fingerB
global fingerC

global fingerD

val get(hl, 'Value');

val round (val) +1;

jointsA = guidata(hl);

baseFinger = findLines(val, jointsA);
[fingerA ,fingerB,fingerC,fingerD] = moveFingers(

baseFinger) ;

% Remove the old lines and re-plot

lines = hl.Parent.Parent.Parent.Children(2).
Children;

delete(lines)

plotFingers (fingerA,fingerB,fingerC,fingerD)
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plotThumb (thumb)

plotPalm ()
end
function val = su2(h2,h3,~)

% This is the callback function for the second and
third sliders. It defines how the thumb will be
flexed and abducted, given the position of the
sliders

global thumb

global fingerA

global fingerB

global fingerC

global fingerD

hcheck if the gui is activated or it is trying to
read the other sliders and reach the 'Source' if
needed
if strcmp(h2.String,'Thumb Flexion')%isprop(h3, '
Source ')
val = get(h2, 'Value');
jointsA = guidata(h2);
rot = get(h3.Source.Parent.Parent.Children(1).
Children, 'Value');
hjointsB = guidata(h3.Source.Parent.Parent.

Children (1) .Children) ;
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elseif strcmp(h2.String, ' Thumb Abduction')
rot = get(h2, 'Value');
hjointsB = guidata(h2);
val = get(h3.Source.Parent.Parent.Children(3).
Children, 'Value');
jointsA = guidata(h3.Source.Parent.Parent.

Children(3) .Children) ;

end
val = round(val)+1;
rot = round(rot)+1;

baseThumb = findLines(val, jointsA);

thumb = abductThumb (baseThumb,rot) ;

thumb = moveThumb (thumb) ;

lines = h2.Parent.Parent.Parent.Children(2).
Children;

delete(lines)
plotThumb (thumb)
plotFingers (fingerA ,fingerB,fingerC,fingerD)
plotPalm ()
end
function bar = findLines(pos, joints)
hForm the links by connecting each joint and then

form it as a single array
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end

barl = [zeros(1,100);linspace(joints

joints.J2(1,pos));

linspace(joints.J1(2,pos), joints.

bar2 = [zeros(1,100);linspace(joints.

joints.J3(1,pos));
linspace(joints.J2(2,pos), joints
bar3 = [zeros(1,100);linspace(joints

joints.J4(1,pos));

linspace(joints.J3(2,pos), joints.

bar = [barl,bar2,bar3];

180

.J1(1,pos),

J2(2,pos))];

J2(1,pos),

.J3(2,pos))];

.J3(1,pos),

J4(2,pos))];

function [fingerA,fingerB,fingerC,fingerD] =

moveFingers (oldFinger)

%» Translate the fingers based on the
finger

% Finger A translation

transA [1,62,0];

angleA 21/180%*pi;

original

fingerA = transFing(oldFinger, transA, anglel);

% Finger B translation

transB [20,72,0];

angleB pi/18;

fingerB = transFing(oldFinger, transB, angleB);
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% Finger C translation

[40,82,0];

transC

angleC 6/180*pi;

fingerC = transFing(oldFinger, transC, angleC);

% Finger D translation

transD [60,84,0];

angleD = 0;

fingerD = transFing(oldFinger, transD, angleD);
end
function thumb = moveThumb (baseFinger)

%» The base of the thumb is taken at the Oy but

translated 50x. The angle of opposition is 35deg

transT = [50,0,0];
angleT = -35/180%pi;
baseThumb = baseFinger;

thumb = [ baseThumb(1,:)*cos(angleT) - baseThumb
(2,:)*sin(angleT) + transT(1l);...
baseThumb (2,:)*cos (angleT) + baseThumb(l,:)*
sin(angleT) + transT(2);...
baseThumb (3,:) + transT(3)];
end

function thumb = abductThumb (baseFinger ,rot)

transT [0,0,0];

angleT rot/360%2%pi;
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baseThumb = baseFinger;
thumb = [ baseThumb(1l,:)*cos(angleT) - baseThumb
(3,:)*sin(angleT) + transT(1l);...
baseThumb(2,:) + transT(2);...
baseThumb (3,:) *cos (angleT) + baseThumb(1l,:)*sin
(angleT)+ transT(3)];
end

function plotFingers(fingerA,fingerB,fingerC,fingerD)

plot3(fingerA(1,:),fingerA(2,:),fingerA(3,:),'k","
LineWidth',1lw)
for fing=1:2
plot3(fingerA(1,fing*100) ,fingerA(2,fing*100),
fingerA(3,fing=*100), 'ok")

end

plot3(fingerB(1,:),fingerB(2,:),fingerB(3,:),'g"',"
LineWidth',1lw)
for fing=1:2
plot3(fingerB(1,fing=*100) ,fingerB(2,fing*100),
fingerB(3,fing*100), 'ok"')

end
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plot3(fingerC(1,:),fingerC(2,:),fingerC(3,:),'b","'
LineWidth',1lw)
for fing=1:2
plot3(fingerC(1,fing=*100) ,fingerC(2,fing*100),
fingerC(3,fing*100), 'ok")

end

plot3(fingerD(1,:),fingerD(2,:),fingerD(3,:),'r"',"'
LineWidth',1lw)
for fing=1:2
plot3(fingerD(1,fing*100) ,fingerD(2,fing*100),
fingerD(3,fing*100), 'ok"')
end
end
function plotThumb (thumb)
lw =2;
plot3(thumb(1l,:),thumb(2,:),thumb(3,:),'c',"
LineWidth',1lw)
for fing=1:2
plot3(thumb(1,fing*100) ,thumb(2,fing*100) ,thumb
(3,fing*100), 'ok"')
end
end

function newFinger = transFing(oldFinger, trans, angle)
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%» Translate and rotate the finger based on the
original finger

newFinger = [ oldFinger (1,:)*cos(angle) -
oldFinger (2,:)*sin(angle) + trans(1l);...

oldFinger (2,:)*cos(angle) + oldFinger (1,:)*sin(
angle) + trans(2);...
0ldFinger (3,:) + trans(3)];
end
function plotPalm()

% The main palm area does not move with the
position of the sliders so does not require
callback

global thumb

global fingerA

global fingerB

global fingerC

global fingerD

origin = [0;0;0];

lu = 2;

pinkyBase = fingerA(:,1);
ringBase = fingerB(:,1);

middleBase = fingerC(:,1);

indexBase fingerD(:,1);

thumbBase thumb (:,1);
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end
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palm = [origin, pinkyBase, ringBase, middleBase,
indexBase, thumbBase, origin];

plot3(palm(l,:),palm(2,:),palm(3,:),"'-k', 'LineWidth
'lw)

plot ([pinkyBase (1) ,ringBase (1)], [pinkyBase (2),
ringBase(2)],'-k','LineWidth',1lw)

plot ([ringBase (1) ,middleBase(1)],[ringBase(2),
middleBase (2)],'-k', 'LineWidth',1lw)

plot ([middleBase (1) ,indexBase(1)],[middleBase (2),
indexBase(2)],'-k','LineWidth',1lw)

plot ([indexBase (1) ,thumbBase (1)],[indexBase (2),
thumbBase (2)],'-k','LineWidth',1lw)

plot ([indexBase (1) ,thumbBase (1) ], [indexBase (2),

thumbBase (2)],'-k','LineWidth ', 1lw)
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