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Summary

To operate in unstructured settings, robots require control strategies that effectively respond
to temporal changes in their environment. Grasping a moving object greatly increases the
demands placed on the robot's sensory, computation and actuation systems. There has
been a tendency in previous research to use control strategies that require the robot to
achieve a near-perfect interception of the object. This has typically been achieved within
controlled laboratory settings that have access to advanced motion-tracking exocentric
sensing, powerful computational systems, and highly-accurate robotic actuators. The same
accuracy is considerably more difficult to achieve in a real-world application. Additionally,
there is a gap in the existing research literature on gripper control strategies for grasping
moving objects. Where grasping moving objects has been studied previously, it has been
common for researchers to simplify the grasping problem by replacing the gripper with a

net or basket.

The aim of this project was to explore how adaptive grasping motions, informed by real-
time tactile feedback, can improve grasp robustness when grasping moving objects. It was
hypothesised that an adaptive grasping motion, based on real-time tactile sensor feedback,
could mitigate the effects of errors in the interception of a ball by a robotic gripper, resulting

in a more robust control strategy for grasping moving objects.

First, an experimental methodology was developed to enable a systematic examination of a
gripper's ability to grasp a moving object under a range of grasping conditions, including:
the grasp initiation time, the initial position of gripper-object contact, and the object speed.
The procedure involved a two-finger gripper tasked with grasping a ball rolling toward it
on a horizontal plane using a power grasp. Simplifying the grasping problem in this way,
using a two-dimensional task and eliminating the effect of object orientations, ensured a
high level of repeatability and enabled individual aspects of the grasping conditions to be

examined in isolation.

A virtual environment was developed to test the performance of a two-finger gripper grasp-
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ing a moving object in simulation. The performance of two grasping strategies were evalu-
ated. The first strategy was a proxy to existing approaches that rely solely on an estimation
of a position and time at which the gripper can attempt to grasp the ball. The second
strategy was a reactive control strategy, which initiated the grasp when the ball made con-
tact with the fingers, monitored the position of the ball during the grasp, and adapted the
gripper's motion accordingly. This adaptive motion was implemented by creating a set of
simple heuristics which determined how to act based on tactile sensing. Testing revealed
that the reactive grasping strategy outperformed its predictive counterpart, achieving an
average grasping success rate of 58% compared to 36% across the same range of grasping

conditions.

Next, to verify that the results from simulation translate to the real-world, a physical
experimental apparatus was created and tests were performed using the same predictive and
reactive strategies. During experiments with the physical testing rig, the reactive control
strategy achieves a grasping success rate of 80% while the predictive controller achieved a
success rate of 71%. This dropped to 70% and 51% for grasp timings which were offset
from the optimum by just 5ms and 10ms respectively. Results of both simulated and real-
world testing demonstrate the additional grasp robustness achieved by an adaptive grasping
motion, informed by real-time sensor data. Despite the observed performance improvement,
the heuristic-based implementation of the reactive control strategy was observed to possess

inherent limitations.

Finally, to optimise the performance and overcome these limitations, an additional reac-
tive control strategy, which relied on a neural network agent, was developed. The agent
was trained, first using supervised learning, then in simulation using reinforcement learning.
The model was deployed on the real-world gripper and its performance quantified in accor-
dance with the same methods used in previous experiments. Results show that, of the two
proposed, reactive strategies, the neural network based strategy, utilising a learned adap-
tive motion, outperformed its heuristic-based counterpart. It achieved an average grasping

success rate of 90% across the same range of grasping conditions.
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Reactive grasping motions, informed by tactile sensing, were shown to improve grasp robust-
ness to inaccurate object interceptions. This thesis presents foundational research regarding
this type of novel, adaptive grasping strategy demonstrating a significant improvement to
a robot’s ability to grasp moving objects in unstructured environments and enables exciting

new applications in this field.
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Glossary

Actuator

A device that causes a machine or other device to move.

Degrees of Freedom (DoF)
The number of specific, defined modes in which a mechanical device or system can move.
Therefore also the number of independent parameters which describe its

configuration.

Manipulator
A robotic system, similar to a human arm, which consists of multiple links and joints and

is used to position an end-effector such that it can achieve some task.

End-effector
The mechanism at the end of a robot manipulator tasked with interacting with the

environment in some way

Gripper
A subset of end-effector, a gripper is a robotic system which is capable of grasping

objects

Prehensor

Similar to gripper, a prehensor is part of a robotic system which grasps

Occlusion
A condition whereby an object of interest in not in line of sight of the robots image

Sensors.

Morphology

Refers to the form or structure of the robot

Embodiment

The realisation of a robotic system
Pose
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A vector describing the position and orientation of one coordinate frame relative to

another

Exocentric sensor

A robotic sensor which is place in the robot’s environment

Egocentric sensor

A robotic sensor which is placed on-board the robot.

Proprioceptive sensing
A type of robotic sensing which specifically refers to measurements taken of the robot’s

environment

Exteroceptive sensing
A type of robotic sensing which specifically refers to measurements taken of the robot’s

internal state

Underactuation
Type of actuation system where the number of degrees of freedom of the robotic system

is greater than the number of actuators

Phalanx
Part of a robotic finger, refers to a single link in the kinematic chain that makes up a

robotic finger

Autonomous

Exclusively controlled by the robot, without human input

Kinematics
Describes the way in which a robot system moves, without consideration of its mass or

the forces acting upon it

Anthropomorphic
A system which takes a similar form to a human. In the context of grasping often used to

refer to robotic grippers which have similar kinematics to a human hand
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1 | Introduction

Advances in robotic technology have enabled robots to be increasingly effective in a
growing range of applications, increasing the ubiquity of the technology. Having already
been revolutionary for automation in industrial applications, the capability of robotics has
grown such that their usefulness has transcended applications in traditional manufacturing
plants and factory assembly lines. Furthermore, there is demand to continue to improve

robotic technologies and to apply robotics in new environments.

A major hurdle in the current state of the art of robotics is performing effectively in
unstructured environments. Even relatively primitive robotic platforms perform well in
highly-structured environments, where the structured nature of the environment can be
leveraged to reduce the complexity of the task. Robots which work in less structured
environments, like homes, shops, and even in flexible manufacturing settings, require
much more complex control strategies. In order for a robot to be effective in a wider
range of settings, new methods must be developed which increase their flexibility and

adaptability and enable them to operate under dynamic, less structured conditions.

One area where this transition to more unstructured and dynamic environments is
particularly challenging is grasping. Grasping is an essential function of robot platforms in
a wide range of applications, extending the robot's ability beyond sensing and navigating
its environment to include the ability to interact with its environment. In a controlled
environment grasping a known object, in a known location and favorable orientation, is
relatively simple. In contrast, a robot operating in unstructured or semi-structured

environments needs to be able to grasp a wide range of previously unseen objects in a
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wide range of possible positions and orientations. Finally, it is naive to assume that target
objects will be static and remain static throughout the interaction. This thesis outlines
research which specifically examines the autonomous robotic grasping of dynamic

objects.

1.1 Motivation and Challenges

There has been a lot of research interest in improving grasp robustness in unstructured
environments [1]. Prior research has focused on tasks involving changing lighting [2],
objects which the robot is unfamiliar with [3], and in settings with occlusions [4, 5],
relatively little research has addressed the fundamental aspects of grasping moving objects.
Despite the lack of attention which this task has received from the research community,
the ability of a robot to interact with objects in motion greatly increases the applicability
of robotic technology. This is true both in industrial settings, such as on assembly lines
where the emergence of flexible manufacturing has driven major improvements in
productivity, as well as in nontraditional robotic settings, such as homes, hospitals, and

logistics where new applications for mobile manipulators are emerging.

Current state-of-the-art grasping approaches for grasping moving objects have broadly
followed the same approach, whereby the robot tracks the objects trajectory, predicts an
appropriate interception position and time, moves its end-effector to that interception
point, and attempts to grasp the object at that interception time using an predefined
grasping motion. This predictive approach has shown some noteworthy results [6, 7],
however, there are several issues that limit the applicability of these methods to real-world
use-cases. One major contributor to the limitations of this approach is the heavy reliance
on far-field, vision sensing to provide a gripper-object intercept position and time. Prior
examples have been achieved almost exclusively in a laboratory setting where lighting,
occlusion, and other environmental conditions were tightly controlled. Furthermore,
gaining the required accuracy at the point of interception often necessitates the use of

distributed motion tracking hardware which requires an existing infrastructure of sensors,
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is costly and rarely practical in everyday settings. Finally, the high bandwidth, and the
complex modeling and control required to accurately track, model, predict and intercept

the object using vision sensing requires high computational effort.

These issues, among others explored in the following chapters, limit the usefulness of
current approaches. Platforms with limited computational power, relying solely on
on-board sensing, and operating in unstructured, unknown environments are at a
significant disadvantage when relying solely on vision sensing and predictive strategies
when grasping moving objects. Moreover, the potential contribution of other types of

sensing and adaptive grasping motions remains under explored.

1.2 Research Objectives

The aim of this project is to explore how adaptive grasping motions, informed by real-time
tactile feedback, can improve grasp robustness when grasping moving objects. Achieving
this goal necessitates the development of tools and procedures, which quantify the
performance of multiple different control strategies for grasping a moving object under a
range of grasping conditions. Insights gained by exploring the performance of traditional
strategies under non-ideal conditions, can be used to develop strategies which leverage
real-time, tactile feedback to create reactive control strategies which adapt their grasping

motion during an attempted grasp.

It is hypothesised that an adaptive grasping motion, based on real-time tactile
sensor feedback, could mitigate the effects of errors in the interception of a
ball by a robotic gripper, resulting in a more robust control strategy for

grasping moving objects.

An experimental methodology is developed, which enables a systematic examination of
the performance of different grasping strategies under a range of interception conditions.
Simplifying the grasping problem allows the effect of specific parameters of the
interception conditions to be examined. This includes reducing the problem from a

three-dimensional to a two-dimensional problem, and removing the effect of object

3
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orientation by using a spherical object. Using this methodology, the performance of a
proposed strategy can be quantified and compared to the benchmark performance of the
traditional strategy, thereby highlighting the associated strengths and weaknesses of such
an approach. Finally, the suitability of machine learning techniques was explored and a
machine learning agent developed, trained and tested. The performance of this machine
learning control strategy was compared to the performance of the previously proposed

reactive control strategy and the traditional control strategy.

In summary, the objectives of this thesis are to:

e Develop an experimental methodology to systematically quantify the performance of

grasping strategies under a range of grasping conditions.

e Develop a simulated robotic gripper and testing environment capable of

implementing the aforementioned methodology.

e Design and manufacture a robotic gripper and testing apparatus to replicate the

simulated testing in the real-world utilising the same experimental methodology.

e Explore the performance of traditional control strategies and examine their

robustness to different grasping conditions.

e Propose and explore strategies which leverage tactile sensor feedback to create

adaptive grasping motions which react to grasping conditions in real-time.

e Analyse the performance of reactive control strategies and compare their

performance to that of traditional control strategies.

e Design and develop a control strategy based on a machine learning agent and train
that agent to create an optimised adaptive grasping motion based on real-time

tactile sensor feedback.

e Quantify the performance of the machine learning agent compared to other control

strategies.
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1.3 Research scope

The task of autonomously grasping a moving object with a robotic platform, is a complex
and multifacated problem. The traditional approach to tackling this challenge can be
represented as five stages, as illustrated in Figure 1.1. Though improvements in grasping
performance may be achieved through innovation in any of these stages, this research has
focused on the control strategies used in the final stage, ‘Intercepting the object’. This
aspect of the problem has been under-explored and is subsequently an area with high

potential for achieving performance improvements.

Object
Localisation

'

Trajectory
Modeling

'

Identifying an
interception point

'

Moving to the
interception point

'

Intercepting the object

{Grasping] \ Batting ] [Capturing}

Figure 1.1: Flow chart outlining the stages taken by a robot autonomously interacting with
a dynamic object

1.4 Contributions

This thesis contributes to the field in several discrete ways, including:

1. The deign, realisation and validation of an experimental procedure which

systematically quantifies the performance a control strategy for autonomously
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grasping moving objects under a range of grasping conditions.

. The development of a simulated testing environment in the robotics simulator
Gazebo, which has been shown to provide accurate simulation of a gripper grasping
a moving object. This simulated environment is capable of quantifying the
performance of a grasping strategy under a range of grasping conditions and

training a neural network which is suitable for deployment on a real-world gripper.

. A real-world robotic gripper and testing apparatus which can systematically quantify
the performance of different grasping strategies under a range of grasping

conditions.

. The characterisation of a traditional control strategy for grasping moving objects,
specifically examining the effect of object speed, position of the initial contact

between gripper and object, and grasp timing.

. The proposal of a heuristic based reactive control strategy which leverages real-time
tactile feedback to create an adaptive grasping motion, and has been shown to
mitigate the effects of errors likely to occur in real-world conditions. Furthermore, it
effective when executed on a computationally constrained device and is not subject
to sources of error common to vision sensing, i.e. occlusion, poor lighting

conditions, etc.

. Evidence of the contribution tactile sensing can make to the task of grasping moving
objects, in particular to providing low latency, low bandwidth, local sensor data

which can be used to adapt the grasping motion leading to more robust grasping.

. Demonstration of the suitability of machine learning techniques to this task. This is
achieved by demonstrating a neural network capable of achieving adaptive grasping

behaviour, and high grasping performance on a real-world gripper.
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1.5 Overview

The remainder of this thesis is structured as follows. Chapter 2 details relevant, existing
research, this includes but is not limited to robotic grippers, robotic sensing, grasping
moving objects, robotic simulation, and machine learning. Chapter 3 develops an
experimental methodology which can systematically examine and quantify the
performance of gripper grasping a moving object under a range of grasping conditions.
Chapter 4 describes a simulated gripper and environment, as well as a series of tests
conducted in simulation which quantify and compare the performance of a traditional and
a reactive control strategy. Chapter 5 outlines a series of experiments conducted in the
real-world. This includes the design and fabrication of the gripper used for testing
thoughout this research, as well testing which compares the performance of a
heuristic-based reactive grasping strategy and a predictive grasping strategy deployed in
the real-world. Chapter 6 examines the suitability of a neural network, trained using
machine learning techniques, to the task of generating an adaptive grasping motion from
real-time, tactile sensor feedback. Finally, chapter 7 summarises and draws conclusions

from the work presented as well as identifying areas for future work.
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2 | Literature Review

This chapter examines and discusses existing research and techniques regarding
autonomous interactions with dynamic objects. It is divided into six sections. The first
section examines the current approach taken to interacting with dynamic objects, and
contextualises the research in this thesis within that process. Next, existing robotic
grippers, discussing characteristics such as their morphology, design and actuation
systems. Robotic sensing is addressed next, specifically focusing on tactile and joint
position sensing. The gripper and sensing sections provide the background information
necessary to understand the robotic systems which are central to this research.
Furthermore, it will help the reader to understand many of the design decisions, both
gripper design and experimental design, taken during the course of this research. Having
established the typical approach to interacting with moving objects and the state of the
art in existing robotic gripper and sensing systems, the next section will present and
categorise a comprehensive list of examples of robots which have been tasked with
autonomously interacting with dynamic objects. The penultimate subject addressed in
this literature review is machine learning techniques, specifically those which have been
shown to be effective in robotic grasping applications. Finally the use of simulation in

robotics research is discussed with reference to examples from the literature.

2.1 Interacting with a dynamic object

This section will explore the manner in which robots typically interact with moving

objects. The approach taken can be divided into five stages, shown in Figure 1.1. The

9
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remainder of this section will examine these five stages more closely.

2.1.1 Vision sensing detects and localises the object

The requirement to track the far-field trajectory of the moving object is common to all
examples of interacting with moving objects. This is achieved using a range of image
systems including combinations of monocular cameras producing stereo images

[8, 9, 10, 11, 12, 13, 14, 15], structured light cameras [16, 17], and specialized motion
capture hardware [7, 18, 19, 20, 21, 22]. These systems are discussed in Section

2.3.2

A reliance on vision sensing is evident from the prior art, however this technique has many
practical limitations and in particular is difficult to implement in unstructured
environments, where issues such as occlusion and poor lighting conditions come to the
fore. A reliance on exocentric sensing, i.e. sensors placed in the environment, is also
evident. A significant drawback of this is the need for an existing infrastructure of sensors,
which is not feasible in many environments. This indicates that the performance of
current state of the art methods would degrade significantly when applied to exclusively

egocentric sensing, i.e. on-board sensors, operating in unstructured environments [7].

2.1.2 Modeling and estimating object trajectory

Intercepting a moving object fundamentally requires some prediction of the future state of
the object. In the case of a ball which is thrown to a robot by a human, a common
example in prior research [6, 14, 17|, the future path of the ball must be extrapolated
from sensor data in real time so the robot can intercept it, see Figure 2.1. The simplest
way this has been done in the past is to fit a parabola to observed ball positions and
assume the object will follow a parabolic path [12, 23, 24]. Depending upon the
properties of the thrown object this prediction might prove sufficient, though more
accurate models also consider the effect of air resistance [6, 7, 8, 14, 18, 25] and the

Magnus effect [26]. A theoretical analysis of the effects of drag on spherical objects [25],

10
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showed that two models (one assuming no drag and one accounting for air resistance)
which model a soft ball thrown through the air (initial velocity of 7m/s at a 45° angle)
result in end positions which are 1 meter apart. In practical applications it is not always
possible to know parameters like the dimensions and the mass of an object, which is a

significant source of error when estimating the appropriate point of interception.

Other than attempting to directly model the physics of the object trajectory, there are
several examples which attempt to learn the behaviour of the object, these approaches
include genetic programming [10], neural networks [27], and k-nearest neighbours [9].

Objects which bounce or otherwise interact with the environment before the grasp add
additional complexity to modeling the trajectory. These are discussed in more detail in

other publications [28].

Figure 2.1: lIllustration of Rollin Justin predicting the future trajectory of two balls simul-
taneously [6]

2.1.3 Identifying an appropriate interception point

In theory, a robot can choose to attempt to intercept the object at any point along the
object's trajectory which intersects the reachable volume of the robot. Early research
adopted a very simple approaches and choose the point along the objects trajectory which
was closest to the robot base [29] or closest to the initial position of the hand [24]. Other

examples added additional constraints to the choice of an interception point, including

11
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requiring a manipulability parameter to be above a certain threshold [19], or specifying an
allowable interception region which is not too close and not too far away from the robot
[25]. Some examples have limited the interception point selection to a plane by first
defining a desired interception height [8, 15, 23] or an interception window in front of the
robot [12]. From these the interception point is where the object’s trajectory is at the
target height or in the interception window. More recent work has combined the tasks of
selecting an appropriate interception, calculating a catch configuration and generating a
path of the robotic manipulator into a single, nonlinear optimization problem with
nonlinear constraints. This accounts for joint position and acceleration limits, as well as

geometrical limits to avoid self collision and work cell limits [6, 14].

2.1.4 Moving the end-effector to the interception point

The end-effector must reach the estimated interception position before the object passes
this point and the opportunity to intercept is missed. A common implementation uses the
estimated interception position and time to calculate the necessary joint movement using
inverse kinematics [7]. Machine learning methods have also been applied to this. Inverse
dynamics learning has been used to achieve the high speed manipulator motion necessary
for ball catching [18]. This process is also prone to inducing errors in the interception. A
robotic manipulator and gripper are typically long, open kinematic chains. Small errors in
the joint angles can propagate through the chain leading to a larger error in the position

of the end effector.

2.1.5 Intercepting the object

The final stage of interacting with a moving object is intercepting the object. Intercepting
a moving object is any interaction which involves physical contact between the object and
robot end effector. This can take several forms, including batting, hitting, capturing and
grasping. A hitting and batting style interception is the simplest type of interception, a
specialised robot end effector contacts the object in order to effect its trajectory in some

way, then allowing the motion of the object to continue. Capturing a dynamic object is
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more complex in that it attempts to bring the object under control, the end result should
be zero relative motion between the robot end effector and the object. Examples of
capturing stops short of grasping the object. This research is specifically concerned with
grasping the object during the interception. Grasping in this context refers to actuating a

robotic gripper during the interception of a moving object to secure the object.

An important consideration is when to initiate the grasping motion. The predominate way
used to determining grasp timing is to use the relative positions of the object and
end-effector. The grasp is either triggered when the distance between gripper and object
drops below a tuned threshold [23, 28, 29, 30, 31], or using object tracking and prediction
methods to estimate a ‘catch frame' [14, 32|, i.e. a point in time at which the object will
be in a graspable position. Existing research has explored how the distance between
gripper and object can enable a coupled dynamic systems approach where the joint

positions of the gripper are coupled to the ‘distance to gripper’ metric [33].

Examples from the literature use predictive control strategies to achieve a successful
grasp. A predictive control strategy relies solely on the estimated interception position and
time, moving the gripper into position and executing a predefined gripper closing motion
at the estimated time. From the gripper controller’s perspective this strategy is entirely
predictive as estimates of object trajectory and joint position from the previous stages are
utilised to formulate the gripper action rather than real time sensing of the object position
during the grasp. Though predictive strategies have shown some noteworthy results [6, 7],
several issues limit the applicability of these methods to real-world, unstructured settings.
Firstly, results have been achieved in a laboratory setting where lighting and other
environmental conditions were tightly controlled to optimise the performance of vision
sensors. Secondly, performance has relied almost exclusively on the use of exocentric
motion capture sensors, and are subject to all of the associated disadvantages previously
discussed. Besides potential errors in sensing, modeling the future trajectory of the object
and choosing an appropriate interception point is also challenging. Unknown object
properties, inaccurate models and the demands of rapidly computing complex optimisation

problems can all contribute to errors in the estimated interception position and time.
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Even assuming perfect estimation of an interception point, rapidly moving the end
effector to that position while controlling its precise location is difficult. The aggregation
of these errors in sensing, modeling and actuation leads to misalignment between the
actual and optimum interception. A predictive control strategy has no mechanism to
attempt to mitigate the effects of these errors, and there is a lack of research which

addresses grasping motions which attempt to adapt to these errors.

2.2 Existing robotic grippers

The review of existing robotic grippers outlined in this chapter provides foundational
knowledge to the project. An examination of these grippers informed the design and
manufacture of the gripper developed for this research, described further in later

chapters.

There is a large and diverse range of robotic grippers, currently in use both in research
and industry. These grippers vary hugely, from simplistic to complex, and from general
purpose to specialised embodiments for specific, niche applications. It would be difficult
to complete a comprehensive review of all available grippers, instead this list has been
tailored to a representative list of the most relevant examples. More extensive reviews of
existing robotic grippers have been conducted by other researchers and typically focus on
a specific gripper type, application or technology. For example, literature reviews have
been conducted on dexterous hands [34], on parallel, two-finger, industrial grippers

[35, 36], soft manipulators and grippers [37], anthropomorphic hands [38], underactuation

[39], and grasping in the context of agricultural applications [40].

This section will discuss grippers under several different categorisations. These groupings
are commonly used to describe grippers [41], however due to the complex nature of these

robotic systems it is possible for grippers to fall into more than one category.
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Low degree of freedom prehensors

These are the simplest type of gripper available and include examples like the 2F-85
model by RobotlQ [42], the RG2 gripper by Omron [43], and the end effector on the
KUKA youBot [44]. These are shown in Figure 2.2. Their low complexity and large
application range make this type of gripper very common in industrial settings where the
environment and task are highly structured. A common embodiment of this type of
gripper is the pincer gripper, which uses two opposing fingers to apply a clamping force
onto the object. It is common to further reduce the complexity by using coupled joints or
by using one static finger and one actuated finger. They require low control complexity
but are inherently limited and can encounter problems if the object is too large, heavy or

irregularly shaped.

Figure 2.2: Sample of existing low prehensor grippers, (a) Robotiq 2F-85 [42] (b) OnRobot
RG2 [43] (c) Kuka youBot platform [44]
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3-finger grippers

As the name suggests, these robotic grippers have three fingers. Popular robotic grippers
which fall into this category include the Schunk SDH gripper [45], the Barrett Hand [46],
and the RobotlQ 3-Finger Adaptive Robotic Gripper [47]. These are shown in Figure 2.3.
Due to the larger number of fingers, and therefore DoF, the complexity, both mechanical
and control, is higher for these grippers compared to their lower DoF prehensor
counterparts. However, the number of grasp configurations which are possible also
increases. These grippers have more potential as general purpose robotic grippers which

could operate effectively in an unstructured environment.

0
SROBOTIQ
mj\ b /"
e
20 )

(c)

Figure 2.3: Examples of existing 3 fingered robotic grippers (a) Schunk SDH [45] (b)
Barrett Hand [48] (c) Robotiq 3-finger adaptive gripper [47]

Anthropomorphic robotic hands

Anthropomorphic robotic hands have the essential characteristic that they are similar to
the human hand and include examples such as the DLR Hand Il [49], the Allegro hand
[50, 51], the Shadow Hand [52, 53], and the Schunk SVH platform [54, 55]. As well as

16
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the grippers implemented on the Twendy One [56], iCub [57], and James [58] robotic

platforms.

Gripper morphologies which are similar to that of a human hand tend to operate well in
unstructured environments [38, 54]. This can be attributed to the fact that the human
hand is an excellent general purpose tool, but also because many of the unstructured
environments which we wish robots to operate in tend to have been designed for humans.
They are therefore generally well suited to robotic grippers which are of a similar size,
shape, and dexterity to a human hand. There are other motivations to use an
anthropomorphic gripper also. Their similarity aesthetically to a human hand makes them
very desirable for prosthetics and they are advantageous for applications where a gripper is
tele-operated by a human since joint angles can be mapped directly from one to the other

[38].

A disadvantage of the anthropomorphic gripper is their complexity, exceeding that of the
previously examined categories. This extends to their mechanical design, which must

accommodate typically tens of degrees of freedom (DoF) in a compact assembly, as well
as the sensing and control requirements. Furthermore, the additional complexity impacts

the cost and reliability of the gripper.
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Figure 2.4: Sample of existing anthropomorphic robotic grippers. (a) DLR-Hand-Il [59]
(b) Allegro Hand [60] (c) Shadow Hand [61] (d) Schunk SVH [62] (e) TWENDY ONE
[63] (f) iCub [64] (g) James [58]
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Soft robotic hands

Soft robotic grippers distinguish themselves through the use of compliant materials in the
place of rigid links, as used in traditional robotic grippers. Examples include particle
jamming grippers [65], the OctoGripper [66], and the RBO Hand 2 [67]. These examples
can be seen in Figure 2.5. The introduction of soft, compliant components into the
design required a completely different set of control principles. This can lead to simpler
control, and higher adaptability though this often comes at the cost of dexterity. Common
applications of this type of gripper include handling fragile objects, and human robot
interaction, where the soft materials help ensure the safety of the human. The high levels
of inherent compliance as well and the actuation mechanisms which are typical slow
relative to other types of gripper tend to make soft robotic grippers unsuitable for

grasping moving objects.

Figure 2.5: Examples of existing soft robotic grippers. (a) Particle jamming gripper [65]
(b) OctoGripper [66] (c) RBO Hand 2 [67]
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Vacuum Gripper

Vacuum Grippers are common and in certain applications can be highly effective, while
limited, in the range of objects they can effectively interact with [68, 69]. Team Delft,
winners of the 2016 Amazon Picking Challange, used a hybrid pincer and vacuum gripper
[70]. An example of a commercially available vacuum gripper is the VGC10 platform from

OnRobot [71], shown in Figure 2.6

Figure 2.6: Example of an existing commercially available vacuum gripper

2.2.1 Underactuated robotic grippers

Underactuation is a popular technique used to actuate grippers. It is typically used for a
few reasons, it reduces the number of actuators necessary to control the gripper, it
simplifies the control problem and it can take advantage of the systems natural dynamic

behaviour.

Underactuation refers to when the gripper has more joints or DoF than actuators. A more
formal definition can be constructed starting from Newton's laws of motion. Newton's
second law F' = ma implies that the acceleration of an object can be described by a
second order function i.e. if the position and velocity of an object is known as well as the
forces acting on it, its acceleration can be calculated. Equation 2.1 shows the general

form for a second order dynamic system [72].

q = f(QJ q‘? u? t) (2'1)
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where:
u is the control vector q is a vector describing the robot’s position
t is time g is a vector describing the robot’s velocity

For most robots, this becomes

(j: fl(%@ﬂ +f2<Q7d7t)u (22)

From this definition, the system is said to be underactuated if

rank|[fa(q, 4,t)] < dim[q] (2.3)

The result of this is that a single actuator is used to actuate more than one joint, thereby
coupling their movement. The popularity of this technique can be seen in Table 2.1 where

the technical specifications of some of the aforementioned grippers is tabulated.

Although this gives a useful summary of popular robotic grippers, direct comparison in
this way is difficult and there are several caveats to be aware of when using this table.

Some of the differences between these grippers include:

e The mechanism by which the joints are coupled, ranging from simple gears to novel,

patented mechanisms

e The choice and placement of actuators. Some grippers emphasise the importance of
integrating the motors into the gripper while others place the motors in the wrist or

elsewhere on the robot

e The number of degrees of freedom (DoF). Several of the grippers are part of a
larger manipulator or robotic system and therefore the wrist joints are a
fundamental part of the gripper system, while others isolate the gripper and require
integration into a separate robotic system, resulting in a lower stated number of

DoF but in reality have very similar gripper dexterity.
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Name Fingers | Joints | Actuators | Underact. | Example of Use
Sky 5 5 Unknown Yes [17]

GIFU Hand 11l 5 20 16 Yes [73, 74]
DLR-Hand-II 4 13 13 No [6, 14, 49]
TWENDY ONE 4 16 13 Yes [56, 75, 76]
Allegro Hand 4 16 16 No [7, 22, 51, 77, 78]
iCub 5 19 9 Yes [7, 79]

Schunk SDH 3 7 7 No [16]

Barrett 3 7 4 Yes [80, 81]

Shadow 5 24 20 Yes [53, 82, 83, 84, 85, 86, 87]
Schunk SVH 5 20 9 Yes [55]

Obrero 3 11 8 Yes [88, 89, 90]

Table 2.1: Existing Gripper Technical Specifications

2.3 Sensing for robotic grippers

Many examples of robotic platforms autonomously interacting with dynamics objects seen
in the literature exclusively rely on vision sensing and so the potential contribution of
other types of sensing modalities to this task remains underexplored. This section
examines several different types of common sensing on robotic grippers and aims to give

the reader the necessary background to understand the context of this research.

This section will focus specifically on aspects of robotic sensing which are most relevant
to this research and is broken into four sections. First, a review of the joint angle sensing
is presented. Next vision sensing is examined, this includes a review of the different
mechanisms used in vision sensing and examples of when vision sensing has been
previously used in robotic grasping. Next, tactile sensing is addressed, including common
techniques used to in tactile sensors and examples of tactile sensing in research are given.
The final part of this section discusses visuotactile systems, discussing instances in prior
research where the combination of vision and tactile sensing have been used

effectively.

2.3.1 Joint angle sensing

Joint sensing is an example of proprioceptive sensing, enabling the robot to monitor the

position of each of its joints and thereby extrapolate its own pose in space. It is an
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essential component in the accurate control of any gripper. There are two mechanisms

which are commonly used to measure joint angles, these are described below.

Potentiometers

Potentiometers are a commonly used tool for collecting joint angle data [49, 56, 88].
Potentiometers consist of a resistive element with a wiper that moves along it and is
connected to the output of the sensor. The resistance between one end of the resistive
element and the wiper therefore changes as the wiper moves. This can readily be
converted to a voltage for data acquisition. For rotary potentiometers the output
resistance is determined by the relative orientation of an internal shaft to the rest of the
sensor. By coupling this internal shaft to a joint, the joint angle can be measured. A draw
back of this type of joint sensor is that the potentiometer will have some maximum and
minimum resistance which it can achieve and is therefore unsuitable for measuring
continuous rotation. In reality potentiometers either have a finite angle of rotation or
have a discontinuity in their resistance at some angle. This is generally not a problem for
robotic grippers or manipulator joints which also tend to have a finite joint angle range

and do not require continuous rotation.

Encoders

Encoders measure relative rotation between two parts of a robotic system. Absolute
encoders measure the angle in absolute terms while incremental encoders monitor the
relative movement. There are several different mechanisms which are used to achieve this
including optical, mechanical and magnetic. Absolute encoders are more commonly used
on grippers [45, 50] since it is the absolute position which is necessary to calculate the
position of the gripper, however there are examples of the use of incremental encoders in
grippers [57]. Magnetic encoders are particularly common because of the contactless
nature of their implementation [46, 52, 57, 73]. The relative orientation of two parts of
the robotic system are monitored by attaching a magnet to one and a Hall effect sensor to

the other. The measured magnetic field is dependant on their relative orientations and the
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position of the joint can be inferred.

2.3.2 Visual sensing in robotic grasping

Vision sensing is the most popular sensing modality used in grasping. It provides high
fidelity data about the object and the environment remotely and without physical
interaction. The popularity of vision sensing is clearly visible when examining examples of
robots autonomously grasping moving objects. All examples examined later in this
chapter (see Section 2.4) use vision sensing in some capacity. Though the contribution of
vision sensing to the task of grasping moving objects is invaluable, there are some
fundamental issues with relying solely on vision sensing, particularly when operating in

unstructured environments, which this research attempts to address.

Image sensing can be broken into two different categories; two-dimensional (2D) and
three-dimensional (3D). Both collect images of the environment while 3D sensing adds
depth data. Furthermore, both types of sensing have been used in prior examples of

robots interacting with dynamic objects.

The simplest implementations involve using combinations of multiple 2D, monocular
cameras to produce stereo images. This techniques, known as "stereo pairs", operate
using the same mechanism as the human eyes. A pair of traditional 2D image sensors are
placed a known distance apart. Using the differences between the two images collected
and basic geometric calculations, depth information can be inferred. Stereo pairs have
been used to enable the Rollin Justin platform to grasp two balls which are similtaneously
tossed to it [6], to guide a 6 DoF arm to catch balls thrown from 4m away in a cup [12],
to track a workpiece on a conveyor belt [13], and examine the kinematically optimal way
to catch a ball using a DLR-LWR-III robotic manipulator and DLR-Hand-II robotic gripper
[14].

Researchers have also tracked the motion of moving objects using one or more 3D vision
sensors, such as structured light cameras [16, 17]. Structured light cameras project IR

light patterns of a known structure onto the environment and extract depth information
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from how the patterns interfere with the scene. This mechanism is used in commercial
depth cameras like the Microsoft Kinect and Asus Xtion [41]. In a study by
Cuevas-Velasquez et al., the researchers achieve dynamic object tracking under partial
occlusions using four structured light cameras to track the far-field motion of the object

of the object and a robot-mounted stereo camera to track the near-field motion [5].

The most sophisticated object tracking setups have used specialised motion capture
hardware, designed specifically to track the motion of objects moving in 3D space. For
example the Optitrack motion capture system from Natural Point [91]. The Optitrack
system has been used enable the KUKA LBR [IWA, 7 degree of freedom robot arm and
Allegro Gripper to catch fast moving objects by matching the velocity vector of the object
to reduce the relative speed between gripper and object [22]. It has also been used to
enable the KUKA LWR 4+ and Allegro Gripper to catch irregular objects which been
tossed toward them [7]. Similar motion capture systems have been used in several existing
examples of robots autonomously grasping moving objects [7, 20, 21, 22]. While these
systems boast the greatest accuracy and reliability, they are expensive and require a

complex environment setup.

There are several limitations to the current approach of applying image sensing to the

task of grasping moving objects. These are:

e Large quantities of sensor data
One such challenge is the large quantities of data which it generates. This data
puts enormous pressure on the system’s bandwidth and the computational systems
which must transport and process this data. Though this is considered a major

strength of vision sensing in some applications, this is a huge problem in others.

e High latency
The impact the large quantities of sensor data are amplified when the task is time
critical, as is the case while grasping moving objects. It can be difficult to read from
the sensor, process the image data, and act quickly enough in these applications.

This is particularly true if the robotic platform is computationally constrained.
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e Occlusion
Occlusion is another well documented challenge associated with vision sensing. This
refers to situations in which vision sensing proves to be ineffective because there is

an obstacle between the sensor and the target object.

e Sensitivity to lighting conditions
Image sensing is also sensitive to lighting conditions with many implementations
struggling to remain consistent under different lighting conditions. Poor lighting
conditions can significantly limit the usefulness of vision sensing, in particular in an

unstructured environment [4, 92].

e Image sensor placement
The placement of image sensors in prior examples of grasping moving objects should
not be overlooked. To the best knowledge of the author, only one study has
accomplished this task using exclusively egocentric sensing, where the only sensors
used to track the moving object were located on-board the robot [6]. With few
exceptions, object tracking has been achieved primarily by using an arrangement of
cameras in the area surrounding the robot. By using exocentric camera systems
more accurate localisation, tracking, and modeling of the objects trajectory can be
achieved. This setup and the associated high levels of accuracy can not be achieved

in unstructured, real-world conditions.

2.3.3 Tactile sensing in robotic grasping

Tactile sensing refers to the robot’s ability to detect contact between the robot and an
object. Research has found a high reliance, by humans, on a "sense of touch" for many
common tasks [93, 94]. Roboticists have long thought that robots could benefit from
“sense of touch" in the same way as humans. Tactile sensing has the potential to provide
a deeper understanding of the nature of the interaction between robot and objects would

allow them to better understand and control their interactions in the real world.

Tactile sensing is used in a wide variety of tasks and is particularly effective in tackling
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uncertainty arising from unstructured environments. Applied to robotic grasping it can
help a system infer information about an object’s properties like size, shape, weight,
compliance, texture and temperature [78, 87, 95, 96, 97, 98, 99]. This is essential for
detecting slip between gripper and object [83, 100, 101, 102, 103], and can also be used
to inform and control robotic motion, referred to as tactile servoing [104, 105, 106]. It is
therefore useful, not only in grasping tasks [107, 108, 109] but also in object exploration
[106, 110, 111, 112], object classification [76, 77, 85, 87, 97, 113], object localisation
[95, 114], assessing grasp stability [115, 116, 117] and in-hand manipulation

[75, 86].

To date, examples of robots autonomously interacting with dynamic objects have relied
heavily on vision sensing, requiring highly accurate object tracking, optimum conditions
and often external sensors. Tactile sensing offers real-time, low bandwidth, localised
information about the position of the ball which could potentially enable an adaptive

grasping strategy. This potential has yet to be explored.

Despite widespread agreement in the robotics community that tactile sensing is essential
for robots operating in unstructured environments [1, 95, 118], there is no one sensor or
sensing mechanism which meets the needs of the wide range of robotic applications which
use tactile sensing. This has led to an enormous range of existing sensors, each developed
to met a niche application while compromising elsewhere. Several detailed reviews have
been produced which document the types and applications of tactile sensing for robotics
[118, 119, 120, 121, 122]. What follows is a summary of the most pertinent tactile

technologies to this work

Magnetic

Tactile sensing based on magnets utilises a magnetic field, measured by a Hall effect
sensor to determine information about contact between robot and object[123]. Typically
in a Hall effect based tactile sensor the position of a magnet relative to a Hall effect
sensor is in some way related to the current state of contact between the robot and an

object. By inferring details about the nature of contact, i.e. location, force, etc. from the
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strength of the magnetic field to achieve sensitive manipulation, whereby the gripper is
able to find, reach and grasp unknown objects using only tactile sensing [90].
Furthermore, some Hall effect sensors can read the magnetic field strength in multiple
axes [124]. This additional functionality enabled an Allegro robotic hand equipped with
the uSkin tactile sensor to estimate the weight of objects by lifting them [78]. Using the
tactile sensing to detect forces tangential to the surface as well as normal forces also
enables the sensors to be used to detect and prevent slip. This can be demonstrated on a

prosthetic hand using magnetic tactile sensing to grasp deformable objects [102].

The aforementioned uSkin is a particularly popular implementation of this type of tactile
sensing and has been applied to several grippers, including the end-effector of a Sawyer
robot [125], the iCub gripper [57], and the Allegro hand [50, 126] aa shown in Figure

2.7.

Figure 2.7: uSkin curved product offered by xelarobotics, specifically designed to be used
as the fingertip for the Allegro robot hand [127]. (a) shows a rendering of the sensor and
(b) shows a photo of uSkin deployed on the gripper

Resistive tactile sensors

Resistive tactile sensing relies on materials whose resistive properties varies with applied
force or pressure. Prior literature demonstrates several ways this can be used. A pressure
conductive rubber was used to create a sensor which was able to achieve complex in-hand
manipulation in the form of pen-spinning with a three fingered robotic hand [128].
Another example demonstrated object classification through stiffness estimation by using

a piezoresistive fabric layer surrounding by two conductive layers [85].
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Resistive tactile sensors can be implemented using strain gauges, force-sensing resistors,
pressure conductive elastomer and pressure sensitive ink [122], and has been used to
develop tactile sensors for a range of advanced robotic systems

[85, 103, 128, 129, 130].

A subset of this type of tactile sensing which has gained traction in recent years is
tunneling effect tactile sensors [120, 131]. These sensors rely on quantum tunneling
composites, which are polymeric materials containing conductive nanoparticles.
Compressive loads cause the volume of the insulating polymer to decrease and the
localised density of nanoparticles to increase. Under the compressive load a tunneling
conduction mechanism reduces the resistance of the material, enabling it to be used as a
tactile device. This was one of the mechanisms used for tactile sensing on the Shadow

robot hand [84].

Capacitive tactile sensors

Capacitive tactile sensing uses the physical phenomenon that the potential different
between two conductors, separated by an dielectric, is dependant on the distance between
them and the overlapping surface area. By using a soft, elastic material as an insulator
between two conductors the capacitance will reflect the deformation of the elastic
insulator and allow the robot to infer information about nature of contact with an object.
This type of tactile sensor has proven very popular since they are easy to manufacture,
can be created in very small sizes, and can be used to create high resolution sensing
arrays. Their popularity is evident in the range of grippers they have been applied to
including the fingertips of the robot iCub[79], the parallel jaw gripper on the PR2
robot[132], the Barrett Hand, and TWENDY-ONE [122]. There are also numerous
commercially available capacitive sensors targeted at applications in robotics [133, 134].
Each of these examples use capacitive sensing to achieve high resolution tactile
information with 12, 22, 96 and 241 sensing elements or sensitive zones for the iCub,

PR2, Barrett and TWENDY-ONE grippers respectively.
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Pressure tactile sensors

Pressure tactile sensors operate by using a barometric sensor to measure the pressure of a
deformable material, usually rubber. The measured pressure of the material is proportional
to the force exerted upon it through contact with an object. This is the principle used by

the TakkTile tactile sensor [135], implemented on the ReFlex robot hand [136].

()

Figure 2.8: TakkTile pressure based tactile sensors by the Soft Robotics Toolkit, (a) shows
the sensor itself [137], (b) the sensor implemented on the ReFlex robotic gripper [136]

Optical tactile sensors

Optical tactile sensors use the properties of reflected light to infer information about
contact between sensor and object. There are several ways this can be achieved, using the
wavelength reflected from a Bragg grating to determine the applied strain is one such
means [138]. The Kinotex sensor offers an alternative implementation [139]. The intensity
of light, interacting with an optical cavity, is monitored. The volume of the cavity is
dependant upon contact forces which proportionally effect the sampled light intensity
[140]. A third example is the OptoForce tactile sensor [141] which has been implemented
on the RobotlQ three fingered gripper and used to detect slip in deformable objects [142].
This principle is also used to implement tactile sensing on the DEXMART hand

[143]
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Vision-based tactile sensors

These sensors aim to leverage the advancements and benefits of vision sensing and
vision-algorithms to deliver high resolution, robust, inexpensive tactile sensing [110, 122].
Although techniques vary, the underlying principle is that an image sensor and vision
algorithm will monitor the displacement of markers on the sensor surface caused by
contact with an object [144, 145, 146]. From this, information about the contact can be
inferred. There are several examples of tactile sensors which use this technique, these
include the TacTip [106, 146], GelSight [145, 147], GelSlim [95] and FingerVision [144].
The TacTip sensor aimed to create a step-change in the resolution possible with a tactile
sensor and was tested on a IRB 120, ABB Robotics manipulator [146]. Later the same
sensor, manipulator combination was used for edge perception and contour following
[106]. The GelSight has been implemented on the Baxter robot hand and used for precise
object localisation within the grasp [148] as well as informing regrasping policies [147].
The FingerVision sensor was first demonstrated on a Baxter robot tasked with chopping

fruit and vegetables [144]

Using proximity sensors as tactile sensor

Proximity sensing offers a mechanism which is subtly different to the other types outlined
above, in that it is possible to sense the object without contact. There are several
examples of proximity sensing being used as tactile sensing where zero distance to the
object is assumed to be contact [21]. For the most part these types of tactile sensors have
used time of flight, capacitive and optical mechanisms to approximate the distance to the
object. These methods often suffer from a lack of accuracy, long measurement times and
sensitivity to the surface properties of the target object. Significant progress has been
made in this area using a principle based on analysing the phase shift of a reflected
modulated light signals [149] which has recently been miniaturised and applied to a

robotic gripper [150]
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2.3.4 \Visuotactile sensing in robotic grasping

On-board, real-time processing of multi-sensory data has been identified as a way to
tackle many challenges associated with implementing robots in unstructured environments
[1] and has been shown to be effective in a range of applications [108, 112, 147]. Prior
research has shown progress though the combination of vision and tactile sensing

[41, 81, 128]. It has been used to monitor the relationship between gripper and grasped
object, e.g. during a drilling operation [151]. A combination of force, vision and tactile
sensors has been used to tackle uncertainty in grasping static objects [92, 152] and was
popular in several grasping challenges and competitions [41]. In fact there has been an
explosion in recent years in research aiming to use machine learning techniques to process
a combination of vision and tactile sensor data to complete a range of goals, including
assessing grasp stability [153], inferring information about the objects surface properties
[97], informing and improving a reattempted grasp of a static object [109], and to improve
a robot’s ability to identify and recognise unknown objects [77, 95]. These examples have
all been concerned with static objects or objects where there is no relative movement
between gripper and target object. A visuotactile sensing system has previously been used

to aid in the grasping of moving objects [21], this is discussed more in the next section.

2.4 Examples of interactions with dynamic objects

Interacting with a dynamic object presents a significant challenge above that already
presented by the interaction with static objects. The dynamic nature of the object
increases the demands placed on sensing, computation and actuation systems. Despite
these challenges, it has long been a topic of research in robotics with foundational work
being conducted in the early 1990s [24, 154]. Since then, examples in research include but
are not limited to robots playing games [155, 156, 157], catching tennis rackets [7],

catching balls [6, 17, 22], batting [26, 158, 159] and juggling [23, 154, 160].
A novel analysis of the problem space is proposed in this section, where examples from the
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literature of robots autonomously interacting with dynamic objects are plotted along two
axes. The task complexity axis, ranging from simple to complex, rates the challenge level
of completing the task outlined in the example with a robotic system. An important
consideration for this axis is the structured or unstructured nature of the environment.
Structured environments can leverage factors such as controlled lighting, lack of foreign
objects moving through the area, sensor placement in the environment, etc. Structured
interaction with the object is also considered in the task complexity. Examples where the
degree of manipulation necessary is reduced have a lower task complexity. The second
axis is an object axis, ranging from simple to complex. This describes the type of object
which is grasped, including factors such as the shape of the object, whether an accurate
model of the object is available, if the robot has previously interacted with the object, if
the object has a regular weight distribution, etc. These examples are discussed below and

are subsequently mapped onto these axis, is shown in Fig 2.9.

By applying the examples found in the literature to this framework several groupings
within the problem space emerge. These groupings, which are discussed in more detail
below, are; 1) where the object is on a conveyor belt, 2) hitting or batting an object, 3)

capturing a ball, 4) grasping a ball and 5) grasping an irregular object.

2.4.1 Examples where the object is on a conveyor belt

This group occupies the area of the problem space where the environment is highly
structured but object complexity can range from simple to complex. In examples of
objects on a conveyor belt the environment is considered to be highly structured because
the object’'s geometry, position, velocity and pose are known to a high degree of accuracy.
Furthermore, the movement of the conveyor itself is designed to ensure that the robot can
effectively interact with the moving object. Simply tracking the movement of the
conveyor belt with a robotic manipulator can simplify the problem to a quasi-static
problem, albeit a time-critical one. The object in these examples can range from the
simplest of objects, i.e. a sphere, to objects with complex geometries which the robot has

never encountered before.
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Figure 2.9: Sample of existing research of autonomous interaction between robot and
dynamic object, mapped based on object complexity and the nature of the environemnt

Examples in prior research which fall into this category include research by Navarro, et al.,
where a KR5arc (KUKA) robotic manipulator and a Schunk SDH2 gripper dynamically
interacts with previously unknown objects by tracking, synchronizing to the objects
motion and using template matching to leverage experience from previously grasped
objects [16]. Research by Luo et al. developed eye-in-hand vision sensing on a 7 DoF
robotic manipulator to achieve tracking and fetching tasks for a known object [13].
Finally, Y. Suzuki, et al. demonstrated a system which used a proximity sensor embedded
in the palm of the gripper to adjust the grasp to arbitrary perturbations in the trajectory

of a spherical object on the conveyor belt [32].
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2.4.2 Hitting or batting an object

Robots playing sports is the most common application which requires hitting or batting
encountered in the literature. This includes playing table tennis [157, 158, 161, 162],
baseball [159], ice hockey [156] and air hockey [163]. These applications present a more
unstructured environment relative to the conveyor belt examples discussed above. The
object motion is less constrained and the velocity is higher. This greatly increases the
demands on sensing, computation and actuation systems which have significantly less
time to detect, model, predict, and intercept the object. Despite these difficulties, these
applications require a relatively simple interaction with the object, simply hitting or
batting it. Since these examples are often presented in the form of a game or sport the
robot can leverage a semi structured environment due to the constraints of the game, for
example in a game of table tennis the ball will bounce once on the robot's side of the
table before it must be hit back, limiting the potential ball trajectories. Furthermore, the
objects in these examples are typically very simple. The most common examples are a
ball, like a ping pong ball [157], or a disk, like an ice hockey puck [156]. Both of which
have the advantage of presenting the same problem regardless of pose and moves in easily

predictable trajectories.

2.4.3 Capturing a ball

This group of examples are often a simplification of the task of grasping a dynamic ball.
This simplification is achieved by ignoring the motion of the gripper and focusing on some
other research question. For example it is common to assume a successful grasp if the end
effector comes within an arbitrarily defined range of the path of the object [5, 30, 164].
Alternatively, the problem can be simplified by replacing the role of the gripper with
objects like baskets [12, 15], foam rims [17], cups [11, 18], bowls [19], nets [8, 9],
magnets [165], and kitchen funnels [23]. This greatly increases the acceptable margin of
error in both the estimate of the point of interception and the necessary precision of the

actuation system.
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2.4.4 Grasping a ball

These examples are similar to the previous two categories in that the test object is a ball,
however they use a traditional robotic gripper which is actuated during the interception to
attempt to secure the ball. A particularly notable example from the literature uses a 12
DOF, four fingered, DLR-Hand-II gripper, attached to a 7 DOF, DLR-LWR-IIl arm to
intercept and grasp a ball which has been thrown by a human [14]. This research was
later expanded to use two instances of the same hardware attached to the Rollin Justin
platform to simultaneously catch two balls, one in each hand, using only on-board sensing
[6]. Several examples from prior research also examined if a robot can catch a faster
moving object by matching the objects speed to reduce the relative velocity between the
two [30, 166]. One instance in which this technique was used, a seven DoF KUKA LBR
[IWA robot arm, equipped with a sixteen DoF Allegro hand was able to grasp a flying

object [22].

2.4.5 Grasping an irregular object

The final grouping which emerged by mapping examples in this way is catching irregular
objects. In comparison to the groups previous discussed this represents the most difficult
task for a robot to achieve. Since the object is irregular, not only is the trajectory taken
by the object harder to model and predict but the robot must model and predict the
changing pose of the target object, identify a time in the future at which the object has a
position within the manipulators graspable range and a pose which is suitable for an

attempted grasp.

One particularly relevant example from the literature presents a robot and grasping
strategy capable of grasping irregular objects, both in shape and weight distribution,
which are tossed to it by a human. In this example a programming-by-demonstration
approach is used and a methodology proposed which probabilistically searches for and
finds feasible catching configurations [7]. A possible further complication is grasping soft,

delicate or deformable objects. There are many applications where excessive forces applied
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to the object, common when grasping moving objects due to the need to rapidly close the
gripper, might damage the target object. Prior research has examined how to grasp soft
objects while minimising deformation [21]. In this example they used a combination of
tactile and vision sensing to adapt the grasping motion in order to minimise contact
forces, allowing the robot to autonomously grasp a dropped marshmallow and a paper
balloon without damaging either. This focus on grasping fragile objects so as not to
damage them is not unique and research has also explored how a robotic system might
catch raw eggs [167]. Finally adaptation of the grasping motion of a gripper to tackle
spatial errors has also been examined [20]. In that research, a gripper grasped a falling
object using a vision system to adapt the grasping motion so as to deflect the object to a

more favorable grasping position.

2.4.6 Limitations of current approaches

The above summary and discussion of previous examples of robots autonomously
interacting with dynamic objects represents, to the best knowledge of the author, the
most comprehensive review of its type to date. Analysing the field in this way has

highlighted several shortcomings of prior research.

There is a clear tendency to conduct research in an application-driven manner. The vast
majority of the examples given above begin with the goal of developing a robotic platform
which can achieve a set goal, i.e. play catch with park visitors [17], play table tennis
[157], catch irregular objects [7], etc. This application driven approach leads to methods
and findings which work for niche applications but are often limited in their contribution
to the field as a whole. There is a need for research which systematically examines the

challenges inherently associated with grasping moving objects.

The effect of the environmental conditions is often overlooked. It in very common to
demonstrate a robot’s abilities in a lab, and to underestimate the advantages that those
optimum conditions provide. Lab conditions offer an existing infrastructure of sensors in

the environment, often in the form of an advanced motion capture system, lighting
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conditions which are optimal, and eliminates the possibility of occlusion. The result of this
is that there is a lack of research addressing the issues which arise when interacting with

moving objects under real-world, non-optimum conditions.

2.5 Machine learning techniques in robotics

Machine learning refers to a collection of techniques in which a computer uses sample
data to learn how to act, as opposed to following explicit rules as defined by a human
programmer. Since its initial conception in the 1950s, machine learning techniques have
become increasingly effective, particularly in recent decades as many of the initial barriers
to its success are overcome. Namely, access to massive amounts of training data due to
the emergence of the internet and the additional complexity of the models made possible

by access to larger amounts of computing power.

Machine learning has long been an area of interest in robotics [168]. A complete review of
robotics literature which discusses machine learning techniques would be vast and is
outside the scope of this thesis. For a more holistic review of machine learning there are
several review papers available. These are typically divided into literature focused on
specific techniques or applications, such as deep learning [169], robotic grasping [170],

autonomous driving [171], and multi-agent systems [172] to name a few.

Machine learning techniques are particularly popular for their ability to perform effectively
in unstructured environments. A well-trained, machine learning model will generalise and
adapt well to situations which are outside of its training data. This is not the case for
explicitly programmed algorithms which can only follow explicit instructions and can act
unexpectedly in new situations. In the field of robotics, machine learning has been applied
to a wide range of applications. Examples include perception in soft robotics [173],
human emotion recognition [174], fruit recognition [175], playing table tennis [176] and
even underwater robotics [177]. In robotic grasping, it has been used in pose estimation
[2], grasp planning [178], grasp stability estimation [153], in-hand manipulation [75, 179]

and for tackling occlusion [4] amongst others. Machine learning techniques are also
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commonly applied to tactile sensor data, it has been used for tactile servoing [105], tactile
surface perception [96, 97], grasp stability assessment using tactile sensors [107, 153], and
tactile edge following [110]. It has also been used to identify objects from the tactile data

collected while grasping [76, 77, 95].

The remainder of this section discusses machine learning under two headings and aims to
give the reader a background in machine learning techniques and give more specific
examples of how they have been leveraged in prior research. First, models and agents are
discussed. These are the mechanisms which when correctly trained will map inputs to
appropriate outputs. Next, learning is addressed. This is the process which uses

experience to train a model how it should act.

2.5.1 Models and agents

The first aspect of machine learning which we will discuss are models and agents. These
are mechanisms which take inputs and are trained to map them to desirable outputs.
These are more commonly referred to as models though they are often called agents in
reinforcement learning applications. There are a vast range of these, each with its own

advantages and disadvantages for specific applications.

Traditional machine learning models

Random forest is a decision tree technique which uses labeled datasets to ‘learn’ a series
of 'if then’ style statements which can be used for classification and regression tasks. This
technique was used to determine the robustness of a parallel-jaw grasp using a tactile
information at two contact points [180]. In this example there was a massive (7500x)
speed improvement over the more traditional Monte Carlo technique used previously for

this application.

The K-nearest neighbour (kNN) and support vector machines (SVM) techniques have
been successfully used to enable a robot to grasp a moving object. They are used to make

an initial guess for the optimised robotic trajectory parameters, taking the initial velocity
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of the ball as an input, and enabling online optimisation of the robot motion [30]. kNN is
a technique which compares an unseen input to a dataset of labeled examples. The
output is determined from which data points the input is ‘closest to’ in the feature space
[9]. SVM is a linear classifier which aims to find a hyperplane in the feature space which

maximises the separation between different classes.

There are many other options for models which have not been covered, including hidden

Markov models, logistic regression, and AdaBoost [117].

Artificial neural networks

An ANN is a concept inspired by the function of biological neurons in the brain. Made up
of a collection of interconnected nodes or ‘neurons’, an ANN takes an input, passes it
through one or more layers of neurons to determine an output. Individually, each neuron
takes one or more input and applies some simple function to produce an output. Using
this technique, a large number of connected neurons allows a neural network to
approximate very complex functions. Each neuron input has an associated weight value.
The behaviour of the neural network is ‘trained’ to the desirable behaviour by modifying

these weights.

There are many different types of neural networks, this section will discuss the most
common, and give examples of when they were used in robotic grasping. The most basic
is a Feed Forward Neural Network (FFNN). In this case a set of input neurons feed data
forward, either directly to an output through a set of weights or to a hidden layer of
neurons which transform the information further before passing it to the output. This
technique was able to predict the initial position and velocity of a ball thrown by a human

by analysing the throwers motion [164].

The next type of ANN which is discussed are deep neural networks (DNN). An ANN is
considered ‘deep’ when it has more than two layers of neurons, see Figure 2.10. The
increased depth of the network massively increase its ability to model complexity. This has

been used to great effect in many applications including in-hand manipulation where an
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ANN used tactile sensing from a TWENDY-ONE robot (see Figure 2.4e) to accomplish
in-hand manipulation, and was shown to be capable of adapting to previously unseen
objects [75]. ANNs have also been used to achieve object recognition based on tactile
sensor data during a power grasp. [76] and to infer the surface properties of an object

[97].

Figure 2.10: lllustration of the difference between (a) shallow neural networks (SNN) and
(b) deep neural networks (DNN)

Particularly popular in image processing applications are convolutional neural networks
(CNN). Due to the complex nature of the image recognition problem, a model with a
large learning capacity is necessary in order to be able to identify features in images. The
success of CNNs when tackling image processing problems has been attributed to the
structure of the network makes “strong and mostly correct” [181] assumptions about the
nature of images. Furthermore, it has a lower number of neuron connections relative to
other network architectures of a similar size making it considerable easier to train. In the
sphere of robotic grasping, CNNs have been used to process dense tactile information,
leveraging the same relative position information which makes them so effective for
processing images. This has been demonstrated to be effective in reconstructing object
shape by touch using the GelSlim optical tactile sensor [95], and the uSkin tactile sensor

applied to the Allegro robot hand [77] (see Figure 2.7).

There are several other types of ANNs, which are not discussed here, which have been
applied to robotics including recurrent neural networks (RNN) [85, 173], and spiking

neural network (SNN) [55].

The performance of a neural network can be highly dependant, not only upon the type of

network you use, i.e. CNN vs DNN vs RNN, but also network parameters such as depth,
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number of neurons per layer, activation functions between layers, etc. For this reason
there are number of predefined network architectures which have been found to be
effective and are now commonly used for a variety of tasks. These include AlexNet

[181, 182], and ResNets [4, 183], LeNet [184], VGG [185], and Inception [186].

2.5.2 Learning

Next we will discuss learning. Learning is a technique which is used to train a model or
agent (see Section 2.5.1) such that it performs the necessary transformation to its inputs
in order to achieve the desired outputs. There are a variety of methods which are used to

achieve this, the most common and relevant will be outlined in this section.

Supervised learning

Supervised learning (SL) is one of the most common forms of machine learning and relies
on prelabeled input-output pairs. A common example used is training a neural network for
image recognition of hand-written digits. To achieve this a prelabeled dataset is necessary,
which includes images of handwritten digits, and a categorical label associated with each
image indicating which digit from 0-9 is in the image. This is an example of such as
dataset [187]. Supervised learning inputs the image to the model, observes the output
and compares it to the label, which acts as a ground truth. The difference between the
model output and target output is used to determine how the model can be modified.
The goal of which is to minimise the difference between the model output and the target
output. This process, repeated many times can train a model to conduct the desired
transformation from input vector to output vector, in this example from image to

category.

In the context of robotic grasping, SL is a popular tool. One example from the prior
literature uses SL to train a model, an SVM classifier, using synthetically generated data
to estimate grasp stability from tactile sensors on the Barrett robotic hand [107]. Another
example involved training a random forest model and a deep neural network to estimate

the robustness of a parallel-jaw grasp [180].
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Unsupervised learning

Unsupervised learning does not use labeled data sets, instead it is used to examine and
extract relationships in data. There is no target value or category, instead unsupervised
learning performs clustering and density analyses of features in the feature space. In the
context of robotics this increases autonomy by removing the need to label data and allows
the robot to learn through experience in the absence of human intervention. This has
been applied to the problem of autonomous tactile surface perception whereby an agent
was able to classify, with very high accuracy, a collection of different surfaces without the

need for labeling or specifying the number of categories [96].

Reinforcement learning

A technique which has been gaining in popularity in recent years is reinforcement learning
(RL). RL is used to train a model, sometimes called an agent in RL, through trial and
error. Markov decision processes are the basis of RL techniques, formally described as a
tuple (S, A, P, R), where S and A represent the state and action space respectively. P
represents the state transition probability model, i.e. how likely the system is to transition
from one state to another. Finally R represents the reward function, this the mechanism
by which specific behaviours are encouraged. The agent explores its environment by
observing some state S, samples an action from the possible actions A, and then the
environment moves to a new state according to P. The agent receives some reward R
associated with the sampled action, positive reward for desirable behaviours, i.e. winning
the game, scoring a point or grasping the ball, and zero or negative reward otherwise. The
goal of the agent is to learn some policy 7(Sr, Ar) which maps observations about the
state to actions so as to maximise the accumulated rewards. In this way the agent learns
by exploring the environment, i.e. sampling different actions, and having its performance

evaluated via the reward mechanism.

A number of examples in the prior art have demonstrated the effectiveness of RL

techniques in robotic grasping. This includes research which used Q-learning to train the
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Baxter robotic platform in the Gazebo simulation environment. In this research the robot
successful learned a grasp policy which increased grasping accuracy [188]. Furthermore,
research by Hoof et al. shows the ReFlex robot hand learning in-hand manipulation skills

which generalise to previously unseen objects [179].

Policy gradients

A particularly popular technique used in RL is policy gradients (PG). In PG, the policy is
parameterised and a gradient vector calculated to update the parameters so as to
maximise the reward. In this technique the agent operates in an environment, takes inputs
and produces an output which is mapped to an action. For each input-output pair, an
action is sampled (pseudo-randomly as opposed to greedily) and executed. Unlike
Q-learning, where the value function or quality function is used to estimate and assign the
expected reward, the future rewards which will be attributed to the sampled action is not
yet know. Instead the episode is run until the end and outcome observed. It is at this
point where the rewards associated with each action can be calculated and rewarded. A
gradient vector is calculated enabling each parameter, i.e. weight in a neural network, to
be modified such that positive rewards will be more likely in the future. The agent can be
trained by repeating this process for a large number of episodes, giving positive rewards
when the sampled action produces the desired behaviour and negative rewards when it

does not.

Deep learning

Deep learning is not an alternative to the examples of learning given above, but instead
refers to the techniques which are used in addition to the above techniques to train deep
neural networks. Whereas supervised, unsupervised or reinforcement learning techniques
determines how a neural network is trained, deep learning provides the tools with which to
manipulate the network weights so as to produce the desired effect. Deep learning has
shown state-of-the-art performance when compared to traditional machine learning

approaches in many machine learning applications including, computer vision [175],
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speech recognition [189], robotics and control [190], among others [169].

An essential aspect of deep learning is back-propagation. Back-propagation is an
algorithm which is used to manipulate a neural network so as to encourage or discourage
a particular behaviour. It does this by calculating the gradient vector, i.e. the effect each
weight in the network has on the output, which can then be used to train the network.
For example in supervised learning, an error is calculated by comparing the network
output to the target output and this error minimised by modifying each weight in the
direction which will reduce the error. The final goal being, to have the weights converge

onto values which minimise the error.

Transfer learning

Transfer learning refers to taking a model which has already been trained in one
environment, application or dataset and using some or all of it as a starting point for
training a model or agent for a related environment, application or dataset. This can be a
very powerful technique and significantly reduce the amount of training data and training
cycles required. Examples of this can be seen in robotics where transfer learning was
applied to a model trained for material classification to create a model for the related task
of haptic classification, massively reducing the cost of creating a haptic classification

model from scratch [97].

Synthetic data

Synthetic data is a common way of combating the need for large amounts of training data
[2, 153]. Synthetic data refers to data which is artificially created rather than collected
from real world events. For example it can be generated from simulation or extrapolated
from existing data. It is a powerful tool, enabling training to be conducted for
applications which would otherwise be very costly or potentially impossible. It is also
prone to several common errors. Synthetic data can be a good approximation of real
world data but is often no substitute for the real thing. Furthermore synthetic data can

often lead to overfitting, where by the trained model performs well on the data generated
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by the model but then struggles when the model is implemented in the real world. There
are many examples of synthetic data being used in robotics, including data generated for

pose estimation during grasping [2].

Existing robotic grasping datasets

One tool which can be used to tackle the need for huge amounts of training data is to use
existing datasets. These are enormous collections of data points for the purpose of
machine learning applications and are often shared publicly for the research community to
use. The advantage of these is the easy access to large amounts of training data, however
they are limited to the data type which has been collected as well as the categories
assigned, the labels applied, and the chosen format. These may not perfectly align with

the target application.

The most well-known datasets like MNIST [187] and ImageNet [191] are typically for
image processing applications, however datasets also exist for robotic grasping
applications. Some include a mix of synthetic and real world data such as Dex-Net [192]
while others like the Google Grasp Dataset [190] conducted 800,000 grasping attempts in
the real world, running between six and fourteen robots over the course of two months,
this can be seen in Figure 2.11. Dex-Net was designed to estimate the probability of
success for a parallel plate gripper grasp while the Google Grasp Dataset recorded
monocular camera images during grasps to infer information about the spatial relationship
between gripper and camera. This type of data generation is not unique [182], but is
incredibly costly and difficult to conduct for every application. Another dataset relevant to
robotic grasping is the Cornell Grasping Dataset, which contains 885 images of 240
graspable objects each labeled with a graspable rectangle. This allows the training of
parallel plate grippers to identify potential strategies of grasping an object [193]. A
dataset which includes both tactile and vision sensor data is the THU dataset, this was
collected to assess grasp stability with the Barrett hand [194]. One of the issues with
relying on existing datasets for training, that the data available may not be useful for your

application, is particularly apparent when examining the datasets available in the robotic
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grasping space. There is a large amount of data for pincer and suction grippers, however
there is a lack of data for grippers of other morphologies. Due to the limitations of using
existing datasets, simulation is often used to generate sufficient data and is discussed in

the following section

Figure 2.11: Large scale data collection setup used to create the Google Grasp Dataset
[190]. 14 robots collected 800,000 grasp attempts

2.6 Robotic grasping in simulation

Simulation has long been a tool used in robotics, its popularity can be attributed to the
fact that it is faster and less resource intensive than real-world testing with a physical
robot [157, 164, 166]. The applications of simulation to the field of robotics can broadly

be categorised into three categories, planning, learning and experimentation.

The use of a simulation as a planning step refers to a robotic system using its current
model of the world to simulate a set of proposed actions to attempt to predict the
outcome [195]. By predicting a likely outcome in this way the robot can make an

informed decision about how to proceed.

Simulation as a tool for machine learning has become increasingly popular in recent years
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[196]. With the rising popularity and potential of machine learning techniques in robotics,
the problem of the lack of training data [153, 197] and the difficulty of running large
amounts of training cycles in the real world came to the fore [188, 198]. A common
response to this issue is the use of simulation, both to generate synthetic data [2, 30] and
to enable off-line, simulated training which can achieve a large number of training cycles
with relative ease [188]. An example of this is the robotic platform Baxter which used
reinforcement learning, executed both in simulation and in the real-world, to learn a

grasping policy [188], this is shown in Figure 2.12.

It is also common to create simulations to test hypothesis at significantly lower expense
and time commitment than would be required to achieve the same experiment in the real
world [3, 30, 82, 92, 153, 188, 199, 200]. An example of this is the simulated testing
conducted on the iCub robotic platform which used simulation to first learn the dynamic
behaviour of irregularly shaped objects and then tasked a simulated iCub platform with

catching a hammer and a tennis racket [7]. This simulation is shown in Figure 2.13.

Figure 2.12: A simulated and real-world Baxter robot learning to grasp using reinforcement
learning. The simulation is conducted using the Gazebo robotic simulator

Though popular, simulation is inherently limited by how accurate it can be made.
Furthermore, when attempting to achieve greater levels of accuracy in simulation it is
often a case of receiving diminishing returns on investment. Commonly cited problems

with simulation include, but are not limited to, object deformation [1, 86, 201], cluttered
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environments resulting in multi-contact systems [199], and a “reality gap" between
simulated and real-world sensor data [2]. Although there are common methods used to
tackle these shortcomings, for example domain randomisation [197], artificially induced
sensor noise [82], etc., it is essential to understand the limitations of simulation accuracy.
For this reason it is common to conduct simulated and real world testing in parallel

[86, 165, 188, 198, 199, 200]. In this way the advantages of simulation can be leveraged
while also using the real world experiments to examine the accuracy of the simulation and

verify the results.

There are a wide range of simulation tools available for robotic applications. The most
commonly used physics engines used are the Open Dynamics Engine (ODE), Bullet,
MuJoCo [202], Newton and Vortex. Each of these operate in slightly different ways and
the context dictates the most appropriate tool to use. While it is possible to develop
robotics simulations using these physics engines directly [199] or even without a physics
engine by simulating the relevant contact and constraints manually [200], most
researchers choose to reduce the development difficulty by using a robotics simulator or
framework. These provide tools such as visualisation, robotic models, common robotics
algorithm implementations (such as forwards and inverse kinematics) and commonly used
sensors like tactile and image sensing. This massively reduces the skill level and time
required to produce useful simulations. These include V-Rep [203], PyRep [204], Gazebo
[205], RobWorkSim [201], Grasplt [206] and Webots [207]. These simulators typically
vary slightly by specilising in a particular area of robotics research. Some, like Gazebo, are
general purpose while others focus on robotic learning or grasping and manipulation, like

PyRep and Grasplt respectively.
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Figure 2.13: Robotics simulator evaluating iCub'’s ability to grasp a moving object

2.7 Summary

Research on robotic grasping of moving objects dates back to the 1990s [154] and there
are numerous examples of robots interacting with moving objects. Examples include
picking objects from a conveyor belt, batting, juggling, grasping, and catching. An
application-centric focus in prior research has led to a lack of research which uses
systematic techniques to examine issues inherent to the problem of grasping dynamic
objects. This thesis proposes an experimental methodology which defines the grasping
conditions in terms of distinct parameters, thereby allowing a systematic examination of
the performance of difference grasping strategies across a range of grasping

conditions.

Prior research has neglected to address the effect of real world grasping conditions,
instead conducting demonstrations in ideal, laboratory conditions. Many of the examples
discussed rely on highly accurate interceptions of the moving object by the robot. The
level of accuracy required to achieve a successful interaction is often difficult or impossible
to achieve under real-world conditions. There is need to conduct foundational research
which examines the effect of non-optimum interceptions caused by real-world conditions,
and to create strategies which mitigate the negative effects of a non-optimum

interception. This thesis conducts testing on a range of control strategies while
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systematically inducing interception errors in a controlled and repeatably way. In this way,
a strategy's suitability for deployment under real-world conditions can be examined by

quantifying its robustness to errors which are common under these conditions.

Tracking the far-field trajectory of an object is a fundamental part of autonomously
interacting with a dynamic object. To date, this has been achieved by using an
arrangement of cameras in the area surrounding the robot. This approach must contend
with the limitations of relying solely on vision systems. Sensing the near-field position of
the object relative to the gripper has received little attention in the literature. Despite the
effectiveness of tactile sensing in other applications, and in particular in unstructured
environments, the potential contribution of tactile sensing to track the near-field position
of the object while grasping moving objects remains under explored. This thesis proposes,
implements and tests a reactive control strategy which leverages real-time tactile sensor
data to create adaptive grasping motions which attempt to mitigate the negative effects

of grasping under real-world conditions.

Figure 1.1 shows an overview of the process of interacting with a dynamic objects, broken
into five steps. There is a lack of existing research which focuses specifically on optimising
the grasping aspect of the fifth step, intercepting the object. This deals with the role
played by the gripper while grasping moving objects, which has to date been under
estimated and under researched. The majority of examples simplify or eliminate the role
of the gripper by using baskets, nets or other devices. The small subset of research which
do accomplish grasping of a dynamic object with a traditional robotic gripper use
predefined gripper closing motions and extensive parameter tuning. The potential
contribution of a grasping motion which can adapt to the position of the ball in real-time,
during the grasp, is yet unexplored. This thesis demonstrates two controllers which
include adaptive grasping motions, the first adapts by following a set of heuristics and the

second learns an adaptive motion using machine learning techniques.

Machine learning has been shown to a highly effective tool in robotic grasping. It is

particularly attractive for its ability to adapt to previously unseen circumstances making it
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an effective solution in unstructured environments. This suggests that machine learning
techniques could be high suitable for the task of grasping moving object and in particular
as a tool to leverage tactile sensor feedback and realise the adaptive grasping motion
discussed previously. This thesis proposes, trains and deploys a control strategy which
uses a neural network trained using machine learning techniques. The performance of this
strategy is quantified across a range of grasping conditions and compared to the
performance of a heuristic-based, reactive control strategy and a traditional, predictive

control strategy.
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The limitations of existing research have been discussed in previous chapters. The need to
explore strategies which leverage alternative types of sensing and adaptive grasping
motions has emerged. Any proposed strategy which leverages these techniques will need
to be systematically tested and its performance quantified and compared to a traditional
control strategy. This chapter aims to develop a methodology which can quantify and
compare the performance of different control strategies under a range of grasping
conditions. This methodology is broken into three categories. First the experimental
methodology is addressed. Next, the statistical methods used are outlined, enabling an
objective analysis of the results obtained. Finally, the control strategies are outlined.
These are a traditional control strategy common in the prior art and a novel, reactive

control strategy.

3.1 Experimental methodology

This experimental methodology has several key objectives. The methodology should:

e Quantify the performance. To quantify the performance of a gripper while
grasping a moving object, the gripper must attempt a grasp, and each attempt
deemed a successful or failed grasp. This methodology must define a success

criterion to determine the outcome of each attempted grasp.

e Compare control strategies. The performance of different strategies should be
isolated, quantified, and compared. This methodology must ensure that the

differences in observed performance are solely due to the control strategy used, and
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not impacted or limited in some other way.

e Test under a range of grasping conditions. The suitability of a grasping
strategy for deployment in an unstructured environment can be better understood
by systematically quantifying its performance under a range of grasping conditions.
This experimental methodology must identify key parameters of the grasping

conditions and include mechanisms which vary these in a repeatable way.

To address these requirements, an experiment was formulated where a robotic gripper
repeatedly attempts to grasping a rolling ball. The ball is moving toward the gripper,
along a horizontal plane, where the position of initial gripper-ball contact, the timing of
grasp initiation and the object speed is systematically varied from test to test. These key
parameters of the grasping conditions are discussed further, later in this section. A
successful grasp is defined as one which can support the entire weight of the object, in the

absence of external forces, for a time period of five seconds.

By conducting multiple tests, each with a binary outcome, a grasping success rate which
reflects the performance of the gripper can be calculated from Equation 3.1. Each
strategy is implemented using the same computational resources, sensor interface and
actuator mechanisms. This ensures that the computational power and control
mechanisms available to each strategy is consistent and does not advantage one strategy
over another. Finally, by systematically varying key parameters of the grasping conditions,
and conducting multiple tests for each set of conditions the performance of each strategy

under a range of grasping conditions can be quantified.

number of successful grasps

(3.1)

rasping success rate =
grasprng number of attempted grasps

A key aspect of this methodology is varying the key parameters of the grasping
conditions. Existing literature was used to identify key factors which affect the success of
grasping moving objects under real-world conditions. These were used to describe the
grasping conditions as three distinct parameters. Traditional strategies typically rely on

estimating an appropriate point for the robotic gripper to intercept the object and
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attempting to move the gripper into that position in time to grasp the object.
Imperfections in sensing, processing and execution, will result in some interception errors
between the attempted grasp and the optimum grasp. These can be represented under
two categories; a) as a positional error, i.e. an offset between the center of the gripper
and the position of initial contact between gripper and object (see Figure 3.1), and b) as
a temporal error, i.e. the time difference between the optimal time to initiate the grasp
and the actual time the grasp is initiated. A positional error and temporal error are the
first two parameters used to describe the grasping conditions while the final parameter is

the speed of the target object.

This experimental methodology provides a highly repeatably way to address the
requirements identified, while keeping the required apparatus simple and inexpensive. The

subsections below isolate and discuss key components of this apparatus.

Offset

Figure 3.1: Offset between gripper-object contact point and gripper centre, representing
positional error in the interception of a moving object by a gripper

3.1.1 Gripper morphology chosen for testing

It was important that the results and associated conclusions can be extrapolated to a wide
range of robotic grippers. The test gripper should not benefit from features only present
on a small subset of grippers. Guided by this, the kinematics of individual fingers are
based on the kinematics of a human finger. The popularity of bio-inspired designs in

existing robotics grippers ensures that results are applicable to a wide range of grippers.
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Furthermore, the chosen gripper morphology should: be capable of grasping a moving ball
using a power grasp, maintain the simplicity of the experiment and maximise

repeatibility.

Therefore, a two-finger gripper, with fingers in opposition to each other, is chosen as the
gripper’'s morphology.. Each finger should have three DoF and similar dimensions to a
human finger. At this point, it is appropriate to define some terminology which is used
when discussing the gripper. The left finger is defined as the finger which when viewed
from behind the gripper, i.e. the gripper between the observer and the object, is on the
left (see Figure 3.2). Furthermore, terminology used when discussing the human finger is
also commonly used when discussing robotic fingers with similar characteristics. This
research continues this practice and refers to each phalanx as the proximal, middle and
distal phalanges and the joints as the metacarpal phalangeal joint (MP), the proximal
interphalangeal joint (PIP) and distal interphalangeal joint (DIP), in order from gripper

center to fingertip, see Figure 3.2.

Left Finger Right Finger

Distal
Phalanx

Distal
Interphalangeal
Joint (DP)

Middle
Phalanx

Proximal
Interphalangeal
Joint (PIP)

Metacarpal
Phalangeal Joint
(MP)

Proximal
Phalanx

Figure 3.2: Diagram of gripper morphology, including labels which are used to refer to the
different fingers, phalanges and joints

3.1.2 Choice of test object

The object shape chosen in this experimental methodology is a sphere. The choice of a

spherical object simplifies the grasping problem by eliminating the effect of object
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orientation and allowing the experiment to isolate and examine the effects of interception
errors, object speed and control strategy. This strategy of eliminating orientation as a
variable to focus other factors is common in the prior art [9, 14, 15]. Furthermore, a
spherical object has the additional advantage of simplifying the mechanism used to set the
object in motion during an experiment. A sphere can be set in motion, its path accurately

controlled, and its speed varied, using a simple inclined track.

3.1.3 Positional interception error

A key parameter of the grasping conditions tested is the positional error. This is the

distance between the optimum and actual position of initial gripper-object contact.

Existing techniques overlook challenges associated with deploying robotic systems in
unstructured environments, thereby limiting the portability of the demonstrated
functionality. Positional errors are a critical hurdle to grasping a moving object in an
unstructured environment. By isolating and examining the effect of positional interception
errors, a better understanding of their impact on grasp success can be achieved. This has
the potential to inform the development of strategies which can achieve successful grasps
despite the presence of these errors, thereby creating strategies more suitable for

deployment in unstructured environments.

Identifying the optimum interception position

The chosen definition of the optimum interception position in this research is the one
which is most robust to deviations from that position. This may not necessarily correspond
to the point which yields the highest grasping success rate, but is appropriate given the
focus of this research on robustness to errors and operation under non-ideal conditions.
The symmetrical nature of the gripper strongly suggests that this can be assumed to be

the center of the gripper, though this assumption should be verified empirically.
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Induce offsets from the optimum position

Testing is then conducted at a range of offsets from this optimum to examine the effect
of positional errors in the interception. The simplification of the problem to grasping a
sphere on a horizontal plane allows this error to be induced in a highly repeatable and
accurate way by simply controlling the relative positions of the track and gripper,

illustrated in Figure 3.3.
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Figure 3.3: lllustration of the positional offset, (a) no induced positional offset, (b) a small
induced positional offset (c) a large induced positional offset

3.1.4 Timing of grasp initiation

The second parameter which describes the grasping conditions, and as such is an

independent test variable, is the time of grasp initiation.

Prior examples of robotic platforms autonomously grasping dynamic objects rely on
manual tuning a grasp initiation time based on the position of the object. This approach
enables grippers to achieve successful grasps under a limited range of conditions, i.e.
similar object speeds, sizes, etc, but lacks the flexibility to adapt to a wider range of

conditions. Isolating and examining the effect of grasp initiation time is essential to better
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understand its impact on grasp performance and how to adapt the grasp initiation time to

different grasping conditions.

Identifying the optimum grasp initiation time

Unlike the positional error where the geometry of the gripper and 2D nature of the
experiment enable an assumption of what the optimum interception position is, the
optimum grasp initiation time is much more difficult to identify. Before applying this
experimental methodology to a robotic system, the optimum time to initiate the grasp,

for that system, must first be determined empirically.

Induce offsets from the optimum grasp initiation time

Offsets from optimum can be introduced to examine the effect of temporal errors in the
grasp interception. The simplified nature of the grasp and the highly controlled nature of
the path taken by the object allows for highly accurate tracking of the object as it
approaches the gripper. This makes testing a range of grasp timings in a repeatable way

relatively simple.

3.2 Velocity of the test object

The third and final parameter describing the grasping conditions is the object velocity.
The velocity vector of the test object can be broken into two components, the object
speed and the angle of incidence. This methodology does not consider the effect of
changes to the angle of incidence, instead all testing is conduced with a velocity vector

which is 90° to the gripper, as shown in Figure 3.4.

The speed of the moving object is a critical aspect of the grasping conditions. Higher
object speeds reduce the size of the window of time which the object is in the gripper’s
graspable region. Furthermore, higher object speeds have more kinetic energy changing
how the object and gripper interact during impact. This includes the deformation

experienced by the gripper and the angle of the rebounding object. Previous examples of
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Figure 3.4: lllustration of the angle of incidence, which is constant at 90° for each test

robots grasping moving objects are often application focused. They tend to demonstrate
the successful completion of a predefined task by the robot, i.e. a robot grasping an
object thrown from a particular range or a robot juggling two balls. The result of this is
the robot only has to deal with a small range of object speeds and the control strategy
employed can be tuned specifically for those needs. A robot which must operate
effectively in dynamic environments must be able to adapt to a larger range of object
speeds. Furthermore, this application focused approach lacks a systematic examination of
the effect of speed and results in a lack of understanding of the role it plays when grasping

moving objects. Testing is therefore conducted at a range of object speeds.

3.3 Statistical analysis

Chi-square tests of independence are used to compare the results of testing on different
control strategies. This is chosen as an appropriate technique since chi-squared tests are
intended to be used when the variables being studied are categorical. This application has
two categorical variables, each attempted grasp has an associated control strategy, i.e.

predictive or reactive, and an associated outcome, i.e. successful grasp or failed

grasp.

Chi-squared tests of independence estimate the likelihood that two categorical variables
are significantly related or independent and is based on comparing the expected and

observed frequencies for a particular categorical variable. In the context of the testing
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conducted during this research, the null hypothesis is that there is no relationship between
control strategy and grasping success rate. Assuming the null hypothesis is true, the
expected frequency of successful grasps for each strategy is calculated. This is then
compared to the observed frequency to determine if the null hypothesis should be rejected
or not. Thus indicating, if there is a relationship between control strategy and grasping
success rate. An aspect of the chi-square test worth nothing is that it only examines
independence and does not indicate the direction of the relationship, i.e. if the control
strategy had a positive or negative impact on performance. If the chi-square test rejects
the null hypothesis then the observed grasping success rates can be used to determine the

direction of the effect of the control strategy.

The statistical analysis employed in this thesis use a version of the chi-squared test which
includes Yate's correction for continuity. This correction technique aims to compensate
for a false assumption in the original form of the chi-squared test, that the expected
frequencies calculated during the chi-squared test can be represented as a continuous
distribution. This correction is commonly used in situations where the expected frequency
can be lower than five. This technique comes with its own drawbacks and can tend to
over-correct. That said, the error associated with this version of the chi-square test tends
to cause larger p-values, resulting in a conservative conclusion, i.e. concluding that the
control strategy and grasping success rate are not significantly related when in fact they

might be.

3.4 Strategies for grasping moving objects

Several control strategies for grasping moving objects are developed and compared. First,
a control strategy which is representative of approaches seen in the literature is developed
and deployed on a robotic gripper. This acts as a benchmark to which the performance of
alternative strategies are compared. Next, a reactive strategy which is capable of adapting
its grasping motion based on real-time tactile sensor data, is developed and deployed.

These control strategies, called the predictive and reactive strategies respectively, are the
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